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These Proceedings of the NIR 2015 conference contain a collection of contributions, effectively pre-
sented in the conference as posters or oral communications, whose authors decided to use the tradi-
tional media of the meeting to publicize their work. 
The Proceedings volume was published only in the electronic format accessible for download through 
the web, registered in the Issn, with all contributions having their doI reference number.
It also represents, in our opinion, a clear division regarding previous conferences for what the number 
of works submitted for publication in the Proceedings was significantly greater than in this occasion. 
The causes can be traced back perhaps in the recurrent concerns about self-plagiarism (as a similar 
work could, in the past, be submitted to a specialized periodic) and the real value of the Proceedings, 
considering its availability to the scientific and technical communities, when compared to a traditional 
specialized periodic.
The readers may notice small inconsistencies, despite our efforts, among the format of the works, 
mainly related to the graphics quality. These inconsistencies were considered by the editors not to 
jeopardize either the understanding of the work, or the access to the relevant works cited by the au-
thors.
notwithstanding, the collection of works found in this Proceedings is very representative of the modern 
developments and applications of near Infrared spectroscopy and should provide to the readers a 
clear vision of the state-of-the-art in nIr spectroscopy.
Finally, the editors wish to acknowledge the assistance of Mr. gledson Emidio José for helping in re-
viewing and formatting the manuscripts.

Campinas 10th February 2017

Celio Pasquini
Maria Fernanda Pimentel 
Claudete Fernandes Pereira
Teresa Cristina bezerra saldanha
Ivo Milton raimundo Jr.
Jarbas José rodrigues rohwedder
solange Cadore

 EdITors InTroduCTIon
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INtroductIoN
In the last years, the use of UV-curable printing inks and varnishes increased rapidly. The processing and appli-

cation properties of their printed layers strongly depend on the final conversion that is achieved during irradiation. 

The conversion, in turn, is influenced by various technical parameters and ambient conditions1. Unfortunately, 

only some of them can be easily controlled in technical curing processes. Hence, in order to avoid a negative ef-

fect of an insufficient conversion on the properties of the layers, an efficient process control based on continuous 

monitoring of the conversion is necessary.

Another important parameter in printing technology is the coating weight, which can be only determined for print-

ing inks with standard colors so far (by color density measurements). For in-line monitoring of the coating weight 

of clear printing varnishes and inks with special colors, an alternative method is required.

This study deals with the development of analytical methods for in-line monitoring of these parameters during 

the printing process in an offset press that are based on NIR reflection spectroscopy. The evaluation of these 

methods under technical printing conditions was carried out at a large-scale sheet-fed offset printing press.

MatErIalS aNd MEthodS
NIR spectra were recorded in reflection mode with a process analyzer system (uniSPEC2.2S; LLA Instruments, 

Berlin, Germany). The spectrometer is based on a holographic grating and a thermoelectrically cooled InGaAs 

photo- diode array detector with 512 pixels covering a range from 1100 to 2200 nm. A special reflection probe 

head was developed for installation in the delivery unit of a sheet-fed offset printing press. Calibration and ex-

ternal validation measurements in the lab were carried out against a flat metal reflector, which simulates the 

situation at the mounting position in the printing machine. In order to prevent direct reflection of the probe light 

into the optical system, the probe head was mounted at an angle of 9° between its optical axis and the surface 

normal of the paper sheets.

NIR spectra for calibration were recorded directly after UV curing by taking a total of 1500 accumulations whilst 

the printed sample was moved through the probe beam in order to average the spectrum across the complete 

surface of the sample. Typically, ten average spectra per sample were recorded. Moreover, reference values for 

the conversion and the coating weight were determined by FTIR/ATR spectroscopy or gravimetry, respectively.

NIR reflection spectroscopy was used for in-line monitoring of printing processes. In particular, it was shown that 

the conversion in layers of UV-cured printing inks can be determined directly in the printing press. Ink layers were 

printed with a coating weight of ~1.2 g m-2 and irradiated with different UV doses. Another parameter that was 

monitored by this method is the coating weight (corresponding to the thickness) of printed layers. Quantitative 

analysis of the spectral data was carried out with calibration models based on the partial least squares (PLS) 

algorithm after optimization of the models with respect to RMSEP and R². In-line monitoring tests were performed 

at a large-scale sheet fed offset printing press at line speeds between 45 and 180 m min-1 in order to evaluate 

the predicting performance  of the calibration models under real process conditions. In case of the conversion, 

the prediction error (RMSEP) was about 4...5 %, whereas it was found to be less than 200 mg m-2 for the in-line 

monitoring of the coating weight.

KEYWORDS: Printed Layers, Chemical Conversion, Coating Weight, In-line Monitoring, Process Control

IN-LINE MONITORING OF PRINTING PROCESSES
bY NIR REFLECTION SPECTROSCOPY
T. scherzer1*, g. Mirschel1, o. daikos1, K. Heymann1 
C. steckert2, b. genest3, C.  sommere3

1 leibniz Institute of Surface Modification, Chemical Department, Permoserstr. 15, D-04318 Leipzig, Germany
2 lla Instruments gmbH, Justus-von-liebig-str. 9, d-12489 berlin, germany
3 saxonian Institute for the Printing Industry (sId), Mommsenstr. 2, d 04329 leipzig, germany
Corresponding author: tom.scherzer@iom-leipzig.de
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All investigations were carried out with a series of UV-curable offset printing inks (UVALUX; Zeller + Gmelin, 

Eislingen, Germany). The present paper focuses on data obtained for the magenta ink.

Calibration samples were prepared by printing the ink on 135 g m-2 white paper or 60 µm opaque polyethylene 

(PE) foil, respectively, using a laboratory-scale printing machine (Printability Tester; IGT Reprotest, Amsterdam, 

The Ne- therlands). The coating weight of layers intended for a variation of the conversion was ~1.2 g m-2 (color 

density 1.7), whereas samples in a range from 0.5 to 2.5 g m-2 were printed for the determination of the coating 

weight. All  samples were irradiated under nitrogen in a UV curing unit equipped with a medium-pressure mer-

cury lamp (100 W cm-1, uv-technik meyer, Ortenberg, Germany). For the preparation of samples with a broad 

range of different conver- sions required for calibration, they were cured with different doses by variation of the 

UV intensity and the line speed.

In-line monitoring was carried out at a sheet-fed offset printing machine (Speedmaster CD 74; Heidelberger 

Druck- maschinen, Heidelberg, Germany). The press was equipped with two medium-pressure mercury lamps 

(180 W cm-1). The NIR probe head was mounted in the delivery unit of the press after the UV lamps. Great care 

was bestowed on its correct alignment in order to achieve an exact match of its mounting in the laboratory and 

at the printing machine.

In order to obtain printed layers with different conversions, the UV dose was varied by systematic changes of the 

intensity of the UV lamps or the printing speed. The latter was varied between 3000 and 12000 sheets h-1 (cor-

responding to 45 to 180 m min-1). The thickness of the layers was varied by changing the settings of the press. 

After any change of the printing parameters, in-line monitoring did not start before a steady-state of the process 

was achieved. An optical sensor that detected the front edge of the printed sheet triggered the recording of the 

NIR spectra. Spectra were recorded at a sampling rate of 30 NIR spectra s-1. After each in-line monitoring trial, 

random samples were taken, and their conversion or coating weight was determined off-line.

rESultS aNd dIScuSSIoN
In order to develop a PLS model for the calibration of the NIR spectra to the acrylate conversion, printed layers 

with conversions in the range from 58 to almost 100 % were prepared. After recording of the spectra, they were 

divided into a calibration (188) and a validation set (158 spectra). Both sets contained spectra of samples from 

the whole conversion range. The PLS models were optimized by application of different pre-processing meth-

ods such as normalization, baseline correction, linear tilt, and derivatives to the spectral data (individually or in 

combination). Internal validation of the PLS models was carried out by the test set method. Parameters such 

as the root mean square error of prediction (RMSEP), the standard error of prediction (SEP), the bias, and the 

coefficient of determination (R²) were calculated for each calibration model. The model with the lowest RMSEP 

and the highest R² was chosen for further analysis. For magenta ink layers, normalization of the NIR spectra was 

found to result in the best model. The PLS regression of this calibration model is shown in Fig. 1.

 

 

In the next step, an external validation of the model was carried out by predicting the conversion of independent 

samples, which had been prepared and characterized in the same way like the samples used for the calibration 

process. The correlation between the predicted and the reference values (FTIR) was quite good, that is, the 

RMSEP was found to be about 4.7 %.

Figure 1. PLS calibration model for the acrylate conver-
sion in magenta ink layers printed on paper

Figure 2. In-line monitoring of the conversion at the sheet-
fed offset printing press. Continuous lines stand for values 
determined off-line after printing.

DOI: 10.17648/nIr-2015-31693
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The prediction performance of the PLS calibration model under real printing conditions was tested in in-line 

mo- nitoring trials at the sheet-fed offset printing press. Ink layers with different conversions were obtained by 

variation of the UV dose, whereas the thickness of the layers was kept constant. Printing was carried out at a line 

speed of 3000 sheets h-1. The irradiance of the UV lamp system was stepwise increased from 50 to 100 % of its 

maximum power (maximum radiant exposure: 365 mJ cm-2). NIR spectra were collected after achieving steady-

state conditions of the press. For each value of the UV dose, spectra from about 20 sheets were recorded. The 

conversion was determined by use of the calibration model shown in Fig. 1. All values obtained for the same 

sheet (~10…11 spectra/sheet at this line speed and with a sheet width of 60 cm) were averaged. Results are 

summarized in Fig. 2. Each change of the relative intensity is marked by an arrow. The conversion of control 

samples determined off-line by FTIR/ATR spectro- scopy after the end of the printing trial is given for comparison.

The predicted values clearly show the increase of the acrylate conversion in the printed layers with increasing 

UV dose. Despite the very low thickness of the ink layers (~1.2 g m-2), a close correlation between predicted and 

refer- ence values was observed. RMSEP was determined to be about 4.8 %, which is only slightly higher than 

the value that was obtained in the external validation in the laboratory. Similar results were also found for printed 

layers with  the other colors (yellow, cyan, black; RMSEP=4.5 to 5.5 %) as well as for clear printing varnishes 

(RMSEP=4 %) 1,2.

Moreover, the influence of the printing speed on the prediction of the conversion was studied. Of course, this 

leads to changes of the UV dose and consequently of the conversion. However, it does not have a significant 

effect on the prediction of the conversion, i.e. the scattering of the spectral data does not increase with increas-

ing line speed1.

With a similar approach, the coating weight, which is preferred in printing technology to the thickness since it can 

be determined easier and with higher precision, can be monitored by NIR reflection spectroscopy. The typical 

color density for the printing of magenta ink is about 1.7, which roughly corresponds to a coating weight of ~1.2 g 

m-2. In order to cover a sufficient range for in-line monitoring, samples with coating weights from 0.5 to 2.5 g m-2 

were prepared using the Printability Tester. They were UV-cured at a dose leading to complete conversion of the 

ink. The actual coating weights after printing and curing were determined by gravimetry.

As an example, we present here data of printed layers on opaque polyethylene film. NIR spectra were recorded 

for the calibration process. PLS models were built up using different pre-processing methods that were applied to 

the spectra. Tab. 1 shows the parameters of some of the models. The optimum model was obtained by baseline 

correc- tion of the spectra. The regression line based on this model is shown in Fig. 3.

 

 

Figure 3. PLS calibration model for the coating weight of 
magenta ink layers printed on opaque PE foil.

Figure 4. Prediction of the coating weight of independ- 
ent test samples.

table 1. Parameters of PLS calibration models for the coating weight with different spectral pre-treatments.

Pre-Processing Spectral range, 
nm Factors rMSEP, 

g m-2
SEP, 
g m-2

Bias, 
g m-2 r²

Normalization 1520-1854 4 0.154 0.150 0.034 0.957
Multiple scatter correction 1520-1854 6 0.085 0.080 0.029 0.960

1st Derivative 1520-1854 6 0.071 0.065 0.028 0.977
Baseline correction 1520-1854 6 0.069 0.060 0.033 0.987

DOI: 10.17648/nIr-2015-31693
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The performance of this model was evaluated by an external validation. The coating weight of independent sam-

ples was predicted from their NIR spectra. Results are summarized in Fig. 4. Remarkably, RMSEP was found to 

be as  low as 76 mg m-2. Similar values for RMSEP (i.e. in the order of about 70 to 120 mg m-2) were also found 

for other sy- stems, that is, UV-curable inks with various colors and clear varnishes, respectively, on different 

substrates such as paper and various polymer films (PE, PET, etc.). The prediction errors in in-line monitoring 

experiments at the offset printing press are typically slightly higher than those obtained in the corresponding 

external validation in the labora- tory. Depending on the specific system under investigation, they usually range 

from about 120 to 200 mg m-2 3,4.

In addition to UV-curable inks, other systems such as conventional oil-based inks and varnishes and water-

based dispersion varnishes have been studied as well5. Moreover, the effect of various substrates and ink for-

mulations   on the precision of the predictions was investigated3,4. Furthermore, the gloss of the layers was found 

to have a significant effect on the prediction of the coating weight. The NIR method outlined here is based on a 

reflection spectroscopy. Therefore, it is obvious that the surface morphology of the printed layers (including their 

roughness) has a strong impact on the scattering behavior of the samples and consequently on the prediction 

performance of the chemometric models. In order to overcome problems arising from different gloss levels of the 

printed layers, the degree of gloss was included in the PLS models. This approach led to a very high precision of 

the predictions of the coating weight of layers with any degree of gloss6.

coNcluSIoN

In this study, methods for in-line characterization of the conversion and the thickness of thin printed layers of 

UV- curable inks and varnishes were developed, which are based on NIR reflection spectroscopy. Layers were 

printed on various substrates (paper, polymer films) with coating weights between about 0.8 and 3 g m-2 (predic-

tion of the conversion; all systems included in this study) or 0.5 and 7 g m-2 (prediction of the coating weight). 

Spectra for calibration were recorded with setups that simulate the specific mounting conditions in the printing 

press. During in-line monitoring, it was demonstrated that the conversion in printed layers can be determined 

with a precision of ~4 to 5 % at printing speeds at least up to 180 m min-1. Moreover, the coating weights of 

UV-curable inks and varnishes were determined with prediction errors (RMSEP) between 0.12 and 0.2 g m-2 

depending on the specific ink and substrate. The printing speed was found to have no significant influence on 

the precision of the measurements. Moreover, data predicted in-line show an excellent correlation with reference 

values obtained off-line by FTIR spectroscopy or gravimetry.
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INtroductIoN

Inorganic-organic hybrid polymers are widely applied for high grade coatings, adhesives and planarization layers 

in various areas of applications. Common precursors are functionalized alkoxysilanes. Generally, the preparation 

of such networks proceeds via a combined hydrolysis/condensation reaction in a sol-gel process and consecu-

tive curing, which adjusts the inorganic Si-O-Si network for optimal material properties. In this study, an alkoxysi-

lane functionalized with methacrylate groups was used as precursor, which polymerizes in a UV-induced reaction 

leading to an organic subnetwork.

After application of the partially condensed alkoxysilanes, further condensation of the remaining silanol groups to 

Si- O-Si bonds occurs. Each Si atom in the MEMO precursor can form 0, 1, 2 or 3 Si-O-Si units (species termed 

as T0, T1, T2 and T3, see Scheme 1). The statistical distribution of Ti species is a measure for the current state of 

the condensation reaction and consequently an essential parameter required for control of the curing process. 

In this paper, we introduce a novel analytical method for monitoring the state of the formation of the inorganic 

network, which has the potential for in-line monitoring of technical deposition processes. 29Si NMR spectroscopy 

is the only technique that is able to directly determine the concentration of the different Ti structures. However, 

it is obvious that this method is inapplicable for direct process control. Rather, there is a need for a cost-efficient 

and fast alternative. In this study, it was tested if NIR spectroscopy was suitable to predict the ratio of Ti species 

in thin siloxane layers.

Although NIR spectroscopy is primarily suited for the characterization of organic materials containing C-H, O-H, 

or N-H bonds, it was demonstrated in a preceding paper1 that the thickness of silica layers can be measured with 

this method as well. The layers with a thickness in the submicrometer range had been prepared by photoinduced 

oxidative conversion of silazane precursors2. During deposition of such layers in a pilot-scale roll-to-roll process 

at web speeds up to 10 m min-1, the thickness in the range of ~100 nm was monitored in-line with an error of 

about 20 %3.

The degree of condensation in thin alkoxysilane layers was monitored by NIR reflection spectroscopy in com-
bination with chemometric approaches. In particular, the state of the formation of the inorganic si-o-si network 
in layers from partially condensed 3-methacryloxypropyltrimethoxysilane (MEMo) batches was analyzed. ref-
erence data were obtained by inverse gated 29Si NMR spectroscopy. The relative amounts of the different Ti 
species (i.e. structures with different numbers of Si-O-Si units per Si atom) were used for the calibration of the 
PLS2 models. The alkoxy- silane batches were applied to a polyethylene naphthalate film with a thickness of 
about 2 g m-2 in a printing process. The relative amounts of the Ti species in the layers were predicted from their 
nIr spectra with a rMsEP being less than 3 %. Considering the error of the reference data (4 %), the overall 
error was 5 %. Moreover, the coating weight of the siloxane layers was determined with a similar method using 
a Pls1 calibration model and gravimetry as reference method (prediction error ~0.3 g m-2). both methods are 
potentially suitable for in-line process control during the deposition of such layers to polymer films.

KEYWORDS: alkoxysilanes, silica Coatings, degree of Condensation, 29si nMr spectroscopy, Coating Weight Introduction
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MatErIalS aNd MEthodS

The precursor 3-methacryloxypropyltrimethoxysilane (Dynasylan MEMO) was purchased from Evonik Industries 

(Hanau, Germany) and used as received. 22 siloxane batches with different degrees of condensation were 

prepared in a procedure described elsewhere4. They were analyzed by high-resolution 1H NMR and 29Si NMR 

spectroscopy using a Bruker Avance-600 II+ spectrometer. The percentages of the various Ti species that were 

required as reference values for the calibration of the NIR spectra were determined by signal integration4.

  

Calibration samples were made by printing the different siloxane batches on a 100 μm polyethylene naphthalate 

(PEN) film using a laboratory-scale printing machine (Printability Tester; IGT Reprotest, Amsterdam, The Nether- 

lands). Each batch was printed in quadruplicate. For UV curing, 3 wt% Irgacure 1173 (BASF, Ludwigshafen, 

Germany) was added as a photoinitiator. Layers intended for calibration of the NIR spectra to the degree of 

condensation were applied with a coating weight of (2.20 ± 0.05) g m-2, whereas samples for calibration to the 

coating weight were prepared with a range from 2.5 to 5.5 g m-2. All samples were irradiated under nitrogen in 

a UV curing unit equipped with a medium-pressure mercury lamp (100 W cm-1, uv-technik meyer, Ortenberg, 

Germany). The coating weight was determined by gravimetry.

NIR spectra were recorded in reflection mode with a process analyzer system (uniSPEC2.2S; LLA Instruments, 

Berlin, Germany) consisting of a spectrometer unit and a separate probe head. The spectrometer is based on a 

holographic grating and a thermoelectrically cooled InGaAs photodiode array detector with 512 pixels covering a 

range from 1100 to 2220 nm. NIR spectra were taken in transflection mode using a ceramic reflector. A diffuser 

plate in front of the probe head suppressed interferences, which occur in optically high-grade films.

NIR spectra for calibration were recorded immediately after UV curing by taking a total of 1500 accumulations 

whilst the printed strip was moved through the probe beam in order to average the spectrum across the complete 

surface of the sample. For each sample, ten average spectra per sample were recorded. All calibrations were 

based on the PLS algorithm using the test set method for internal validation. Whereas the calibration models for 

the degree of condensation were based on the PLS2 algorithm, common PLS1 approaches were used for the 

prediction of the coating weight.

rESultS aNd dIScuSSIoN

Siloxane batches with quite different Ti ratios were prepared, which represent a broad range of intermediate 

states of the condensation reaction. Experimental details of each batch as well as the corresponding ratios of Ti 

derived from the NMR data are outlined elsewhere4. After printing and UV curing, NIR spectra of the layers were 

recorded.

For calibration, the spectra were split in equal parts into a calibration and a validation set. Both sets contained 

the spectra of two samples of each siloxane batch and therefore from the whole conversion range. The calcu-

lated PLS models were optimized by optional limitation of the spectral range as well as by application of various 

pre-processing methods such as normalization, baseline correction, linear tilt, derivatives, etc., which were used 

either individually or in combination. Internal validation of the models was carried out by the test set method. For 

each parameter Ti, the root mean square error of prediction (RMSEP), the standard error of prediction (SEP), the 

bias, and R2 as a measure of the explained variance in the spectra were calculated separately. The model with 

the lowest RMSEP and the highest R2 value was chosen for further analysis. The optimum model developed in 

this study was based on normalization of the spectra and application of the first derivative, and the spectral range 

was set to 1135 to 2217 nm. The calibration curves of this model are given in Fig. 1.

Scheme 1. Ti species with different numbers of Si−O−Si bonds per Si atom and the corresponding 29Si chemical shift regions
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It is obvious that the data points are quite unevenly distributed over the range of relative Ti concentrations cov-

ered by the calibration model. In particular, the regions with moderate concentrations (i.e. between 10 and 35 

to 45 %) are underrepresented for T1 and T3. However, this is due to the chemical complexity of the system and 

strong interdependencies between the various reactions, which proceed with different rate constants.

The developed PLS2 model was used to determine the degree of condensation in thin layers of independent 

samples. These samples were prepared separately and analyzed in a similar manner like the calibration sam-

ples. The contents of all Ti species were predicted simultaneously from the NIR spectra of the printed layers. The 

results are summarized in Fig. 2.

 

 

For each degree of condensation (i.e. for all Ti species), a close correlation between the values predicted from 

the NIR spectra and the reference data derived from 29Si NMR measurements was found. The RMSEP errors 

resulting from the NIR data were determined to be 2.9 % for T1 and T2 and 2.5 % for T3 (these errors refer to the 

percentages of the Ti species, i.e. they are not relative errors). However, for the determination of the total error of 

the measurements, the error of the reference data has to be considered. The measurement error of the values 

derived from 29Si NMR spectra is 4 %, which results in an overall error of 5 %. These results clearly demonstrate 

that quantitative data on the progress of the condensation reaction in thin layers of siloxanes can be determined 

by NIR reflection spectroscopy after previous calibration of the method with NMR data.

In addition to the prediction of the state of the formation of the Si-O-Si network, the coating weight of the layers 

on PEN film was determined. NIR spectra of siloxane layers with different coating weights in the range from 2.5 

to 5.5 g m-2 were recorded directly after UV curing. Reference data were determined by gravimetry. The spectral 

data were divided in a calibration and a validation set each of them containing the spectra of 16 samples. Several 

calibration models based on the PLS algorithm were built up by application of various spectral pre-treatments. 

Finally, application of the first derivative to the spectra was found to result in the model with the lowest RMSEP 

and SEP (both 0.23 g m-2) and the highest R2 (0.98).

The prediction capability of this model was tested with a series of independent samples. Their coating weight was 

predicted from the NIR spectra. RMSEP was found to be only about 0.3 g m-2 4. This error clearly reveals the high 

precision of the data that can be determined from NIR spectra in spite of the very low thickness and the largely 

inorganic character of the layers. Consequently, this spectroscopic approach cannot only be used for quantitative 
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determination of the degree of condensation, but it is also suited for the prediction of the coating weight of thin 

siloxane layers on polymer film.

coNcluSIoN

NIR reflection spectroscopy was demonstrated to be suited for monitoring of material properties and other pa-

rameters of thin siloxane layers. The degree of condensation state of the developing Si-O-Si network (expressed 

in terms of the relative concentrations of the Ti species) in UV-cured alkoxysilane-based layers with a thickness of 

only about 2 g m-2 was predicted after calibration of the method with data obtained from inverse gated 29Si NMR 

spectroscopy. The overall error comprising the measurements by both NIR and NMR spectroscopy was found 

to be 5 %. Moreover, the coating weight of siloxane layers was determined by a similar approach in the range 

from 2.5 to 5.5 g m-2 with a prediction error 0.3 g m-2. Both methods are potentially applicable for in-line process 

control during the deposition and cure of such layers on polymer films.
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MatErIalS aNd MEthodS

A standard sorting machine of the type UniSort PR (belt width 2.00 m, conveyor velocity 3.00 m/s, dual jet 

blow-off valves 64, air pressure 8 bar, air consumption 2.0 Nm³/min, and electrical power 12 kW) from RTT 

Steinert has been expanded with special guide shafts for the suppression of turbulent air flows on the conveyor 

belt. A hyperspectral camera bridge (called RTT-HSI 

2.2, Fig. 1) has been used as support for the opti-

cal sensor. The main device parameter of the optical 

sensor (HSI- camera) can be listed as follows: spec-

tral range: 1.2 – 2.2 µm (alternatively 0.9 – 1.7 µm); 

sensor semiconductor material: InGaAs; pixels in 

full frame: 320 x 256; pixel resolution: 4.4 nm/pixel; 

information depth: 14 bit; frame rate: 330 fps at full 

resolution; data interface: Gigabit Ethernet; internal 

data processing: Xilinx Spartan 3 FPGA; and power

consumption: < 9 W.

Prior to real time experiments a spectra data base has been generated off-line, that includes spectra of all hereby 

relevant kinds of chemical plastics film compositions. The data base was created with two different optical de-

vices: RTT-HSI 2.2 with a focal plane array (256 spectral channels) as semiconductor sensor and MicroNIRTM 

2200 from JDSU with a linear detector array (128 spectral channels) 3,10, respectively. The reason to use two 

instruments is that measured NIR spectra are device-dependent, as is well-known, due to varying degrees of 

noise characteristic, resolution and other causes4. Regarding to RTT-HSI 2.2 and MicroNIRTM 2200 even the 

dispersive elements are different (diffraction grating resp. thin-film linear variable filter). These serious differ-

ences in spectrometer design are a good basis for assessing the materials classification routines.

Plastics films are widespread products, used by the packaging sector in form of bags or protective foils, which 

need  to be properly managed when they reach their end of life phase in order to protect the environment and 

save valuable resources. The majority of film polymers are thermoplastics and melting and moulding them again 

is an attractive way for their effective recycling. However, the incompatibility among families of organic polymers 

is a big obstacle, because lacking the uniformity as low as 1 % lowers the value of recycled polymers appreciably. 

Thus, as any other plastics waste they must be classified and sorted in groups with the same chemical composi-

tion before recycling. But, due to their large area and low thickness, that cause low weigh and flexible pieces, 

they are more difficult to sort in contrast to the most industrial sorting tasks. In addition to classical methods of 

plastics sorting (manual, sink-float, selective dissolution, electrostatic - to name only the most important), these 

industrial operations are increasingly supported by optical sensor technology, especially NIR-Hyperspectral-

Imaging (NIR-HSI) 8,12. In the present study the possibilities and limitations of industrial NIR-HSI-based film sorter 

equipment are discussed.

KEYWORDS: plastics film waste recycling, sensor based sorting, NIR-Hyperspectral-Imaging
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Figure 1: Hyperspectral Camera Bridge (RTT-HSI-2.2)
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Of particular interest were the so-called bio-plastics films because of their above-average growth on market. Sets 

of different conventional films (LDPE/LLDPE), bio-plastics films (starch, PLA) and oxo-degradable films (oxo-

PE) were collected and spectrographically measured for the development of robust classification procedures. 

The results were adopted into the on-line Hyperspectral-Imager of industrial scale (RTT-HSI 2.2). Then a larger 

number of sorting experiments were carried out. The details of the sorting trails are not subject of the present 

contribution since they  are mainly of technical nature. Only the spectrometric aspects are mentioned in the result 

discussions. The main problems when sorting films are, in addition to the material handling and transportation, 

the material overlapping and the between clustering. For the decomposition of information RTTs proprietary 

software was used.

The most widespread classification method used in chemometrics is partial least squares discriminant analysis 

(PLS- DA). Increasingly also nonlinear methods such as ANN (Artificial Neural Networks2, 9) and SVM (Support 

Vector Machines7,17) are used, especially for the so-called Chemical-Imaging. In the study on hand the focus with 

regard to classification was set on PLS-DA.

PLS-DA includes a partial least squares regression of a set Y of binary variables describing the categories of a 

categorical variable (here types of plastics films) on a set X of predictor variables (here wavelength-dependent 

intensity of NIR reflection)11. Partial least squares models are based on principal components (eigenvectors of 

the covariance matrix) of both the independent data X and the dependent data Y. The central idea is to calculate 

the principal component scores of the X and the Y data matrix and to set up a regression model by using the 

scores (and not the original, not rotated data) by predominant retention of correlation between Y and X15,5. This 

technique is especially suited to deal with a much larger number of predictor variables than observation numbers 

and with multicollinearity, two of the main problems encountered when analyzing data of NIR reflection spectra 

(regarding to plastics sorting tasks particular multicollinearity).

Identification of spectra is a task similar to pattern recognition. The base is a library of patterns. For the investi-

gations on hand a set of representative samples of plastics films, collected by GAIKER, was used. On the one 

hand, it was a mix of different sized films made of conventional polymers derived from fossil sources (Fig. 2) and 

on the other hand, it was made of bio-plastics and plastics including oxo-degradable additives (Fig. 3).

Figure 3: Samples of selected bio- and oxo-degradable plastics films

Figure 2: Samples of selected post-consumer PE plastics films
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rESultS aNd dIScuSSIoN

NIr spectra of plastics films and classification

The NIR spectra of plastics films include higher levels of noise (Fig. 4, MicroNIRTM 2200 spectra) compared to 

similar rigid plastics used for bottles, bowls, peelings and such “solid” articles. This is caused mainly by the very 

low material thickness and high structural flexibility. Perturbation factors such as light interferences, specular 

reflections or modulations seriously influence the online measurements on plastics films in an industrial environ-

ment for waste sorting. The problems are similar to the recognition and sorting of transparent thin walled plastics 

flakes. The low material thickness leads to complicated light paths, which are so far not entirely understood.

The film colour does not matter as in the case of all other plastics. Only black films (Fig. 2, left) are undetect-

able by NIR-Hyperspectral-Imaging, if the black colour is based on carbon black. Pigment based black films are 

detectable.

To cope with the recognition, special attention is to lie to the data pre-treatment. In addition to data smoothing by 

Savitzky-Golay-Filters (Fig. 5), suitable vector normalization must be found. As evidenced by Fig. 6, the interest-

ing wavelength range for almost all here considered plastics film is about between 1.45 µm and 1.7 µm. The in 

Fig. 6 represented VIP (Variable Importance in the Projection16,13,1) is namely a weighted sum of squares of the 

PLS weights, which takes into account the explained variance of each PLS dimension. A VIP score less than 

one points to a variable (wavelength) with low impact on the results of recognition. The “greater than one” rule is 

generally used as a criterion for variable selection because the average of squared VIP scores is equal to one.

3.2 Film overlapping

The material overlapping represents - in addition to the material moving and handling - one of the biggest 

challenges in automatic sorting of plastics film waste (Fig. 7). Due to the low material thickness, the light can 

Figure 4: Raw spectra set just black-white normalized 
(10 randomly chosen examples)

Figure 5: Savitzky-Golay smoothed mean spectra

Figure 6: VIP of spectral channels for PLS-DA
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penetrate several layers. As a result, so-called mixed spectra are measured, that cannot be associated with any 

class of materials in  the spectra library. It is usually associated with a class “unknown” and thus the film will be 

separated in the fraction of unwanted materials. As a result, much of “good” materials are lost. For demonstra-

tion a hyperspectral image (Fig. 8, spectral range 1.0 – 1.7 µm) of an overlapped area of LDPE and Ecovio® was 

taken. Ecovio® is according to European standard EN 13432 a compostable plastic and consists of the biode-

gradable BASF plastics Ecoflex® (chemically speaking, Ecoflex® is a polyester based on petrochemicals, it is 

likely a drop-in 14) and of polylactic acid (PLA).

 

The chemical image (Fig. 8) reveals clearly three large, connected areas – the Ecovio® film area, the LDPE film 

area and the overlapped area, respectively. From Fig. 9 it can be concluded that the spectra from the mixed area 

in this example are closer to the LDPE spectra. Under the assumption that any non-linear effects occur when 

mixing of  light, a mixing coefficient “p” (0 <= p <= 1) can be calculated:

Smix = p * S1  + (1 - p) * S2

“S” is the symbol for spectrum, “p” is now to be selected in that way, that “Smix” has the greatest correlation to 

the real measured mix-spectra. For the example hyperspectral image (Fig. 8) “p” can be estimated as 0.75 (Fig. 

10, right, the red curve is “Smix”, the black curve is the target mix-spectra, almost completely covered by the red 

Figure 7: Original Picture Figure 8: Chemical Image

Figure 9: Mean spectra of the three areas and accentuation of the four dominating PE bands ac-
cording to Huth, 1998.
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curve).

The nearly same result is reached, if a PLS-DA model is used in prediction mode with Secovio® and SLDPE as 

train spectra. Thus, all information is available to detect also overlapping entities by means of chemometrics and 

digital image processing.

coNcluSIoNS

NIR-Hyperspectral-Imaging is a powerful tool for optical characterization and sorting of plastics film waste. In 

con- junction with digital image processing and discriminant analysis, the method allows automatic sorting in 

real time under industrial conditions. Black plastics films are undetectable regarding chemical composition with 

NIR-HSI when the black is caused by carbon black. For detection of surface areas with overlapped transpar-

ent plastics films PLS- DA can be used in prediction mode to determine the percentage composition of the light 

source area.
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INtroductIoN

Fresh salmon is extremely perishable and deserves much attention during low temperature storage, which is one 

of the primary methods to maintain fish freshness. Due to the large amount of polyunsaturated fatty acid in fish 

lipids, salmon is highly susceptible to undergoing lipid oxidation during cold storage. Thiobarbituric acid (TBA) 

test, which is based on spectrophotometric quantitation of the pink MDA-TBA complex, has been widely used 

to measure MDA in food products and biological samples. In spite of its relatively precise result, this method 

is normally time-consuming, labor-intensive and requires a large amount of hazardous analytical reagents and 

chemical solvents1. Therefore, it is necessary and useful for rapid and accurate evaluation of lipid oxidation in 

salmon and salmon products.

Recently, hyperspectral imaging (HSI) technique has emerged as a state-of-the-art tool to non-invasively and 

rapidly assess and control food quality2. By integrating both spectroscopic and imaging techniques in one sys-

tem, hyperspectral imaging is able to generate a spatial map of spectral variation. Therefore, it is a powerful 

extension of traditional analytical techniques to study the distribution of different quality attributes in one sample, 

resulting in many successful applications in the quality control of many food products. The objectives in our study 

were (1) to build hyperspectral imaging (900-1,700 nm) calibration models to simultaneously predict TBA value 

and pH changes in Atlantic salmon (Salmo salar) fillets during cold storage; (2) to identify effective wavelengths 

for these two parameters; (3) and to generate distribution maps of TBA value in salmon fillets during storage.

MatErIalS aNd MEthodS

In this study, a total of 150 fresh Atlantic salmon (Salmon Salar) fillets were prepared and randomly divided into 

five groups subjected to cold storage for 0,3,6,9 and 12 days in a refrigerator. Spectral images of the prepared 

samples were acquired in the reflectance mode by employing a laboratory-based pushbroom hyperspectral 

imaging system (900-1,700 nm) as described by Wu et al. (2012)3. After scanned by hyperspectral imaging 

This study investigated the potential of applying hyperspectral imaging technology (900-1,700 nm) to determine 

the thiobarbituric acid (TBA) value and pH for monitoring and evaluation of lipid oxidation in Atlantic salmon 

(Salmo salar) fillets during cold storage. The partial least square regression (PLSR) calibration models were 

built with full spectral region and showed good performance for simultaneously predicting TBA value and pH 

with root-mean-square errors of prediction (RMSEP) of 2.369 µmol MDA/kg fish and 0.0709, respectively. Two 

simplified stepwise-multiple linear regression (MLR) models for pH and TBA value were built and compared us-

ing the selected 10 and 18 most important wavelengths. The optimized MLR model for pH showed a little better 

performance with correlation coefficients of 0.830 and RMSEP of 0.0483. Meanwhile, the optimized MLR model 

for TBA value yielded satisfactory results with correlation coefficients of 0.921 and RMSEP of 2.081 µmol MDA/

kg flesh, which was used to visualize the TBA values distribution in fish fillets. The overall results confirmed the 

capability of near-infrared hyperspectral imaging as a rapid and non- invasive technique to monitor lipid oxidation 

in salmon fillets.

KEYWORDS: Hyperspectral imaging, TBA value, pH, variable selection
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machine, the reference values of pH and TBA were immediately determined. The pH value was evaluated by a 

benchtop pH meter (Orion 520Aplus, US), after which TBA value was determined according to the procedure 

described by Vyncke (1970)4 with some modifications.

After image acquisition and reflectance calibration, regions of interest (ROIs) with a rectangle shape within hy-

perspectral images were identified.  The  spectra of  all pixels within ROIs were then extracted and averaged    to

represente each sample fillet. The spectral data were arranged in spectral matrix (X) where the columns of this 

matrix represented the wavelengths (180 variables) and the rows represented the samples (150). Meanwhile, 

particle analysis, which is the operation to identify particle-like areas based on different spatial properties in an 

image and quantify the identified particles’ characteristics such as their area, shape and pixel values, was ap-

plied to extract spectra of the white stripes. This procedure was accomplished in the MIA_Toolbox of Matlab 7.7 

R2008b software.

Prior to data modelling, extended multiplicative scatter correction (EMSC) was applied as a pre-processing 

method to reduce many undesired effects in sample measurements. To extract a representative calibration set 

from a pool of real samples, the classic Kennard-Stone (KS) algorithm5 was used to automatically split all sam-

ples into calibration and validation subsets. In addition, cross-validation methods were employed to validate the 

models. Forward stepwise-MLR variable selection method6 was employed to choose the most effective wave-

lengths that contribute most in different quality parameters of the salmon samples. The prediction efficiency of 

the calibration model was evaluated by means of correlation coefficients of cross-validation (rCV), and prediction 

(rP), and root mean square errors of cross-validation (RMSECV), and prediction (RMSEP). Generally speaking, 

a good prediction model should have high rCV, and rP, low RMSECV and RMSEP and a small absolute difference 

between RMSECV and RMSEP6.

rESultS aNd dIScuSSIoN

The averaged spectral data extracted from the pixels within the ROIs in the 900-1,700 nm spectral range during 

different cold storage days are shown in Fig. 1. As can been seen, the spectral reflectance curves of salmon 

samples were are quite smooth with similar trends across the whole tested wavelength region. However, major 

differences in the magnitudes of spectral reflectance value can also be indicated. This was mainly ascribed to the 

variations of chemical compositions of fish muscle induced possibly by microbial spoilage and enzyme activity 

during cold storage. Fresh samples (Day 0 and 3) with low TBA values had lower reflectance, while the higher 

reflectance was found in the samples with high TBA values.

In this study, the calibration models were developed based on the calibration set by applying PLSR to establish 

the quantitative relationship between the matrix (X) with the extracted reflectance spectral data within full spec-

tral range (180 independent wavelength variables) and the column vector (Y) with one of their corresponding de-

pendent variables (pH or TBA value). Afterwards, a new set of samples was used to validate the predictive ability 
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R
efl

ec
ta

nc
e

Figure 1. Mean spectral features of the salmon samples during storage.
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of the developed model. The statistical results of calibration and prediction models are presented in Table 1.

The PLSR calibration models were built with full spectral region and showed good performance for simultane-

ously predicting TBA value and pH with root-mean-square errors of prediction (RMSEP) of 2.369 µmol MDA/kg 

fish and 0.071, respectively. Meanwhile, prediction of pH was less satisfactory, for which rcv, and rP were 0.753, 

and 0.796, respectively. The absolute differences between RMSECV and RMSEP were only 0.47 and 0.005 for 

TBA  value and pH, respectively, showing that the PLSR models were not overfitted and had a good robust fea-

ture. The quantitative relationship between predicted and measured values of TBA and pH values are presented 

in Fig. 2(a) and Fig. 2(b), respectively. The achieved models confirmed the suitability of using HSI technique to 

assess oxidative degradation of Atlantic salmon during cold storage in a non-destructive manner.

As shown in Table 2, application of particle analysis to extract spectra from white stripes has improved the 

performance of TBA value prediction by increasing RMSEP of 0.853 to 0.861 µmol MDA/kg fish. Two simplified 

MLR models for pH and TBA value were built and compared using the selected 10 and 18 most important wave-

lengths. The optimized MLR model for pH showed a little better performance with correlation coefficients of 0.830 

and RMSEP of 0.0483. Meanwhile, the optimized MLR model for TBA value yielded satisfactory results with 

correlation coefficients of 0.921 and RMSEP of 2.081 µmol MDA/kg flesh, which was used to visualize the TBA 

values distribution (Fig. 3) in fish fillets. The distribution maps showed that there was a general trend of increment 

in overall TBA values from storage day 0 to 12. In addition, it was also observed that the distribution density of 

TBA value was non-uniform and asymmetric. For instance, the ventral section displaying more intensified red 

color were more inclined to lipid oxidation compared with the dorsal part of the fillet. In brief, this visualization 

of TBA value distribution has successfully provided dynamic changes of lipid oxidation and freshness loss of 

salmon fillet during cold storage.

 

table 1. Model performance for predicting TBA values and pH.

Figure 2. Comparison of PLSR models using the whole spectral range, (a) TBA value and (b) pH.
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coNcluSIoN

The results from this work confirmed that near-infrared hyperspectral imaging technique is suitable for the de-

termination of TBA values and pH to monitor lipid oxidation and evaluate fish freshness. When particle analysis 

was applied to extract the spectra only from white stripes, the performance of resulting models was enhanced. 

18 and 10 wavelengths were selected as important wavelengths for TBA value and pH prediction, respectively. 

The reduced stepwise-MLR model was chosen and successfully transferred to generate the distribution maps 

of TBA values, which were used to interpret the dynamic oxidative change and freshness loss of salmon fillets 

during cold storage.
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Figure 3. Distribution maps of TBA value in salmon fillet during cold storage. (a) Original image of sample fish; (b) TBA= 
8.491 µmol MDA/kg, 0 day storage, (c) TBA= 10.456 µmol MDA/kg, 3 days storage; (d) TBA= 11.249 µmol MDA/kg, 6 days 
storage; (e) TBA= 12.157 µmol MDA/kg, 9 days storage; (f) TBA= 16.297 µmol MDA/kg, 12 days storage.
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INtroductIoN
Handheld diode array based SWNIR instruments are being used in field assessment of attributes of tree fruit. 

Sampling statistics dictate that for a population with a (typical) standard deviation of 1.5 % fruit total soluble 

solids (TSS) at 95% confidence interval with a margin of error of 0.2%, at least 225 fruit should be sampled, an 

application suited to a rapid non-destructive method such as NIRS. Unfortunately, field users tend to place less 

emphasis on instrument maintenance, so understanding of performance issues is important. The performance 

over time of a visible-shortwave near infrared spectrophotometer used in estimation of fruit attributes will depend 

on several factors, including aging of the light source, and ambient temperature of lamp and detector system.1 

Changes in the detector can include changes in relative spectral sensitivity, wavelength drift and degradation of 

detector signal to noise ratio. For example, Greensill et al.2 demonstrated that for the application of assessment 

of sucrose concentration of aqueous solutions on cellulose fibre, model performance was decreased if wave-

length resolution decreased beyond approximately 10 nm (FWHM) and repeatability decreased below approx. 

0.1 mA (assessed as SD of repeated measures of a white reference, relative to that reference). Change in either 

detector or lamp response will impact the output of a predictive model of fruit attributes, primarily in terms of 

bias.3, 4 However, while change in ambient temperature is known to affect halogen lamp output, but in practice 

spectral quality is not affected sufficiently to impact TSS model predictions, and ageing of a halogen lamp is also 

not associated with changes in light quality, at least until near lamp failure.3, 5 Increasing temperature also af-

fects silicon photodiode  photo-response  (becoming more sensitive to longer wavelengths), and also increases 

thermal noise.

Other instrument changes may also occur over time, affecting performance, e.g. probe alignment and wave-

length. The effect of small (sub nm) change in wavelength calibration of a diode array unit can be very dramatic 

in terms performance of a TSS model. These authors reported that a drift of 0.03 nm over 150 days and 0.1 nm 

over a year period for Zeiss MMS1 diode array spectrometers. Instrument drift, as mentioned in a white paper 

from the NIR instrument manufacturer Foss (http://goo.gl/gwxa4C), is a well-established performance issue for  

NIR spectrometers.6

Model performance across years may thus be impacted by change in instrument characteristics. The objective 

of this study was to assess the impact of SWNIR instrument aging on spectral quality and its implication to apple 

predictive model performance over a period of several years.

There is a trend to take instrumentation from the laboratory to the field, e.g. spectrophotometers are commer-

cially available for in field assessment of attributes of fruit on tree. Unfortunately, field users tend to place less 

emphasis on instrument maintenance, so understanding performance issues is important. Deterioration of lamp 

output quality over time and degradation of detector signal to noise ratio are issues associated with aging of an 

instrument. To document the effect of instrument aging on SWNIRS based fruit quality prediction, an experiment 

was conducted with several handheld PDA based spectrophotometers, with repeated spectra of a reference 

PFTE (Teflon) tile, and spectra of 20 apple fruit acquired at yearly intervals. Fruit total soluble solids (TSS) was 

also assessed, and used in development of a partial least squares regression (PLSR) models. The repeatability 

of each instrument was assessed as the standard deviation of absorbance of repeated measures of a reference, 

typically around 0.2 mAbs. Instrument changes were identified in performance and in PCA plots, but perfor-

mance (apple TSS model) was not related to instrument repeatability.

KEYWORDS: apple, repeatability, partial least squares regression, spectrometer, total soluble solid
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MatErIalS aNd MEthodS

The change in repeatability of three Nirvana handheld SWNIR spectrophotometers (Unit 05, 16 and 18) (In-

tegrated Spectronics, Sydney; note this company is no longer trading, but the successor instrument F750 is 

available from Felix Instruments, Camas, USA) was assessed over three years, following periods of intensive 

field use each year. This instrumentation contains a Zeiss MMS1 spectrometer and a halogen lamp in a “shadow 

probe” interactance geometry7. Spectra (n=20) of a PTFE tile and from 24 ripened fruit, twice from each side, 

were collected once per year over three years. TSS was assessed of juice extracted from a tissue core to 1 cm 

depth from the same spot where spectra were collected, using a temperature compensated refractometer (Bell-

ingham and Stanley RFM320).

Apple and PTFE white tile spectra were manipulated to produce interpolated (to 3 nm steps) absorbance and 

second derivative (Savitsky-Golay, second order, 4 data points each side) (id2A) spectra. Partial least squares 

regression (PLSR) models for TSS assessment were developed using mean centred second derivative absorb-

ance data in the wavelength range 732-936 nm. These tasks were conducted using script written in Matlab2014a 

(MathWorks Inc., Natick, USA) using PLS toolbox 7.5.1 (Eigenvector Research Inc., Wenatchee, USA). Principle 

component analysis (PCA) was undertaken using The Unscrambler (v10.3, Camo, Norway). Full cross validation 

method was used for PLSR model cross validation.

rESultS aNd dIScuSSIoN

The spectra of the PTFE tile presents an absorbance ‘feature’ in the visible region. The instrumentation uses 

an internal gold plated shutter as an internal reference with every sample measured. Absorbance spectra of the 

PTFE (white) tile differed between instruments in the region 400-500 nm. This result is consistent with differ-

ences in the internal gold reference between units, with gold being a good reflector on infrared wavelengths, but 

absorbing in the visible region. The PTFE spectra also varied across years for unit 05, inferring change in the 

gold reference.

The standard deviation (SD) of 20 repeated PFTE absorbance spectra was used as a measure of instrument 

repeatability, with typical values for the region between 600 and 900 nm being less than 0.2 mAbs units (Table 

1), comparable to the criterion (0.1 mAbs; above which model performance decreased) established for the Zeiss 

MMS1 module of for assessment of sucrose solutions on cellulose). Instrument repeatability was generally con-

sistent over time (Table 1); however a poorer repeatability was recorded in 2010 for unit 5.

A PCA plot, weighted to wavelengths below 500 nm, of absorbance spectra of PFTE from three instruments over 

three years demonstrated spread with a given instrument in PC-1 (Figure 1). The spread in PC-2 between units 

was reduced in PCA plots of second derivative absorbance data, as expected for removal of baseline shifts in 

the absorbance spectra. The wavelengths loading for PC-2 also featured wavelengths below 500 nm. This is 

consistent with the observed difference in the white reference spectra for this unit. These differences between 

units and years are ascribed to differences in the gold coating of the reference shutter. PCA of second derivative 

absorbance apple spectra showed little spread between units and years.

Predictive model performance for apple TSS was comparable to other reports in the literature (e.g. typical   RM-

SECV 0.6 %TSS). Whilst performance varied between years, this performance was neither correlated to unit 

repeatability nor was a trend with time apparent (Table 1). For example, in 2013 unit 16 produced an apple TSS 

model superior to the other two units, but recorded the poorest instrument repeatability (SD of 3.5 mA). Thus 

all units were operating with repeatability values (up to 3.5 mAbs) that were adequate to the task of apple TSS 

prediction.

Lu and McLure8 reported that full spectrum calibration methods such as PLSR does surprisingly well in prediction 

of   a three component mixture even with the presence of 99% noise (CV 0.17). They also reported that for PLSR 

of a natural product attribute (nicotine in tobacco), prediction error became poor only when noise was >30% 

(CV of 0.05). Thus while signal-to-noise ratio is important, its impact must investigated in context of an applica-

tion. This conclusion is consistent with the observed poor relationship between white tile repeatability and apple 

model performance, at least for repeatability to 3.5 mAbs.
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Figure 1. PCA score plot of (a) Absorbance white tile spectra, (b) D2A white tile spectra and (c) D2A apple spectra from three 
instruments over three years.

DOI:  10.17648/nIr-2015-34141



     22
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

table 1. Table 1. Apple TSS model (based on id2A spectra over 729-975 nm) from three units over a time period of 3 years. 
Values in bold highlight the unit with best repeatability and apple model performance in each year. Apple TSS SD  was 1.75, 
1.53 and 1.51 in the years 2011, 2012 and 2013, respectively.

Year unit White    tile Sd Pcs r2cv rMSEcV Sdr

2011 5 0.219 7 0.91 0.521 3.36

16 0.613 7 0.87 0.625 2.80

18 0.198 6 0.90 0.540 3.24

2012 5 0.185 9 0.79 0.713 2.15

16 0.416 9 0.83 0.633 2.42

18 0.256 8 0.84 0.608 2.52

2013 5 0.121 5 0.84 0.610 2.48

16 3.523 5 0.82 0.640 2.36

18 0.188 7 0.86 0.566 2.67

2011-12 5 - 8 0.85 0.636 2.59

16 - 8 0.84 0.666 2.48

18 - 8 0.88 0.564 2.93

coNcluSIoN

No evidence for a consistent decrease in apple TSS calibration performance was found, indicating instruments 

were stable over the period of experimentation, despite extensive field use under tropical conditions. White tile 

repeatability varied between instruments and years but it was not a good indicator of apple model performance.

Instrument updating with spectra collected over years had a satisfactory prediction within same instrument. The 

variation in units was mostly at the visible region, and attention should be given to stabilising the reference.
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INtroductIoN
The use of wood outdoor is widespread in various applications from ancient times. Nowadays, untreated wooden 

are frequently utilized as cladding in modern buildings. To ensure optimal choices of wood species, and increas-

ing demand for a better understanding of the deterioration mechanisms of wood during the outdoor exposure is 

necessary. Wood subjected to weathering is degraded by various envi-

ronmental agents such as solar radiation, cyclic wetting, atmospheric 

temperature and relative humidity changes, environmental pollutants 

and certain micro- organisms. The characteristic grey patina visible af-

ter few months of exposures is mostly caused by photodegradation of 

lignin in middle lamella by UV radiation1. The elements of facades made 

of wooden often present a non-uniform degradation patterns such as 

shown in Fig. 1. Various architectonical solutions and different degrada-

tion of wood species are the main reasons for heterogeneous appear-

ance.

Near infrared spectroscopy and hyperspectral imaging are perfect scientific tools for rapid and non-destructive 

characterization of wood surfaces2,3,4. The great advantage of both techniques is the possibility of determining 

both chemical and physical properties of a large number of samples.

The goal of this work was to assess the degradation of weathering and to model its kinetics on the base of thin 

wood samples exposed outdoors by means of NIR hyperspectral imaging. The work is part of the pan-European 

Round Robin experiment established within the COST Action FP1006.

Untreated wooden surfaces degrade when exposed to varying doses of natural weathering. In this study thin 

wood samples were exposed outdoors for time intervals from 0 to 28 days. The collected samples were then im-

aged with hyperspectral camera in NIR wavelengths in transmission mode to study degradation effects. Spectra 

of earlywood and latewood were extracted from the hyperspectral images using a PCA based masking algorithm. 

The degradation were modelled with a rating determined from a PLS regression model of the spectra. A PLS 

prediction of R2 = 0.798 was obtained using solar radiation as response value when half of the data set was 

used for calibration and the other half as independent test set. The results from the study is a first step towards 

a weather dose model determined by temperature and moisture content on the wooden surface in addition to 

the solar radiation.

KEYWORDS: hyperspectral imaging, transmission, wood weathering, degradation kinetic
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Figure 1. Unevenly weather exposed
 wooden surface
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MatErIalS aNd MEthodS

Experimental samples were prepared from one piece of Norway spruce wood (Picea abies) on a slicing planner 

(Marunaka) to a thickness of ~100µm, and a surface of 30mm x 35mm. Sets of 12 samples were exposed out-

doors at 18 different locations with identical setup. One sample was collected from the set after 0, 1, 2, 4, 7, 9, 

11, 14, 17, 21, 24 and 28 days of weathering. Hyperspectral images in NIR wavelengths (1000 – 2500 nm) were 

obtained from the samples with a linescan camera (Specim, SWIR). The hyperspectral image acquisition was 

carried out in transmission mode using a custom setup; backside illumination with halogen lamps below a semi 

opaque glass plate, and another transparent glass plate transmitting NIR radiation above the samples. A set of 

samples and the hyperspectral imaging setup for transmission mode is shown in Fig. 2.

The images were analysed to study the evolution of earlywood and latewood as a function of weather degra-

dation doses by using PLS regression techniques and PLS-DA classification. MATLAB (Mathworks) and PLS 

Toolbox (Eigenvector) were used as software platforms.

Figure 2: Left: Twelve samples exposed for 0 days (upper left) to 28 days (lower right). Middle: Hyperspectral imaging setup 
in transmittance mode: Right: Screen output from the scanning of the samples.

rESultS aNd dIScuSSIoN

Spectra corresponding to the earlywood and latewood zones of samples at varying degradation stages were 

extracted from hyperspectral images using a PCA based masking procedure. Changes in the spectra were as-

sessed separately (for early- and latewood) due to significant differences to the morphological, chemical and 

physical structures of these woody constituents.

 

   

Figure 3. Segmentation of early and latewood. Left: Hyperspectral image of one sample at 960nm (left), PCA – 1st score image 
(middle), mask from PCA for segmentation. Right : PCA score plot for 48 mean spectra of earlywood and latewood.

The deterioration progress due to weathering was modelled by means of a custom algorithm based on PLS and 

considering mean spectra from early- and latewood for each sample. The PLS model has been established for 

two extreme samples exposed for 0 and 28 days. The reference values of the degradation index were 0 and 1000 

respectively. The model was then applied to predict the degradation indexes for all the other mean spectra. It 

was expected that the degradation progress was be strongly related to UV radiation. Therefore, a separate PLS 

model was also performed with the cumulated direct solar radiation on the model predictor.

The differences in solar radiation as noticed in San Michele (Italy) in the four directions (North, East, South and 

West) are shown in Fig. 4. The amount of solar radiation on a wooden surface in these directions was simulated 
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using the technique described in 5. The PLS regression results for modeling the solar radiation on the base of 

earlywood spectra of 48 samples collected from that location are summarized in Fig. 4. Spectra from half of the 

samples were used to calibrate the model and the other half was used as independent test set to model valida-

tion. Determination coefficients R2 = 0.969 and R2 = 0.798 were obtained on the calibration and validation data 

sets respectively. It was concluded that the degradation is clearly correlated to the solar radiation, however, a 

total weather dose including temperature and moisture on the surface should also be taken into account in order 

to improve the model. It was in agreement with the state-of-the-art knowledge assuming that kinetics of wood 

weathering depends on UV radiation but also on the moisture and temperature conditions6.

Figure 4. Left: Cumulated solar radiation in the four directions at San Michele, Italy. Right: Measured and predicted cumulative 
solar radiation on the San Michele wood samples based on the latewood spectra.

coNcluSIoN

NIR hyperspectral imaging in transmission mode was successfully applied to analyse the short term weathering 

process of very thin samples of wood. The hyperspectral imaging allowed us to segment spectra of earlywood 

and latewood which makes it possible to model the weathering kinetics independently for both constituents. The 

results presented will be utilized together with other complementary multi-sensory measurements within the 

Round Robin experiment to develop a weather-dose model of the degradation of the wooden surfaces. Such 

models will be used to simulate the future performance wooden surfaces exposed to varying doses of natural 

weathering.
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INtroductIoN
The rapid improvement and development of chemical imaging instruments combined with publication of the Food 

and Drug Administration guidelines for Process Analytical Technology (PAT) in 20011, has increased the interest 

in pharmaceutical applications of Chemical Imaging (CI) techniques, as a tool for enhancing drug quality and 

controlling manufacturing processes.

The emergence of chemical imaging technology has gifted spectroscopy an additional dimension. Chemical 

imaging systems complement chemical identification by acquiring spatially located spectra that enable visualiza-

tion of chemical compound distributions2. Where, a complete spectrum is acquired at each and every pixel of the 

image, and then subsequently analyzed to generate distribution and concentration maps of sample’s ingredients.

Predicting ingredients concentrations in samples as well as developing distribution maps for those ingredients 

require applying different multi-way chemometrics models. The aim of this paper is to give a review on different 

multi-way algorithms and undergo a comparative study for their application in analyzing Raman chemical images 

for pharmaceutical ointments.

This study is divided into 7 sections. Sections 2 and 3 give an overview on different two-way and three-way mod-

els. Section 4 demonstrates the preprocessing algorithms applied, while the experiment and the detailed steps 

of performing the study were demonstrated under section 5. The results of the study together with comparison of 

different models are reported in section 6. The last section, 7, is the conclusion of the paper.

Raman chemical imaging (Raman-CI), as an evolving chemical imaging technique, becomes of major interest to 

pharmaceutical manufacturer. Raman-CI is used as a tool for enhancing drug quality and controlling manufac-

turing processes. In Raman-CI sample measurement generates a hyperspectral data cube that exhibits Raman 

spectrum for every pixel in the image. As such; preprocessing algorithm, to neutralize the effect of noise; as well 

as different multi-way data analysis models are of great importance to Raman-CI analysis. The aim of this study 

was to compare the prediction ability of different multi-way regression methods. Three two-way regression mod-

els and three three- way models are compared. The two-way models discussed in this study are; Classical Least 

Squares Regression (CLS); Partial Least Squares Regression (PLS); and Principal Component Regression 

(PCR). While, the three-way regression models discussed in this paper are; Parallel Factor Analysis (PARAFAC); 

Tucker3; and Tucker2 models. Each of these models was evaluated using four different preprocessing methods. 

The study is carried out using concentration gradient of an API in ointment base. The hyperspectral images were 

captured using Raman Chemical Imaging instrument. The study shows that the two-way models appear to have 

superior performance over multi-way models, where PLS and CLS showed significantly higher prediction ability 

than other models.

KEYWORDS: Hyperspectral Imaging, Raman Imaging, Multi-way Analysis, Pre-processing Algorithms.
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two way models

In the two-way models applied on chemical image tensor of size (M×N×K), the tensor is unfolded using the first 

mode tensor unfolding creating a matrix of dimension MN × K. Where the rows represent objects and the col-

umns   represent variables (wavenumbers). For the purpose of creating models that can predict concentration 

of components (analytes) in a sample mixture using the chemical image unfolded tensor, a two-way regression 

model should be developed. A two-way regression model correlates specific features in the data matrix of the 

training set with the known concentrations of components in the samples of the data matrix. The regression  

model  then generates optimized parameters that regress the concentration to the values of the selected vari-

ables. These parameters are then used to predict the concentrations of components in unknown future samples.

In this study, a comparison for the implementation of three two-way regression models will be carried out. These 

models are: a) Classical Least Square (CLS), it assumes that the values of the regressands are the weighted 

sum of linearly independent signals of the components of the sample mixture, In this case, CLS assumes that 

there are no interactions among components of the mixture, which is not the case in most situations3; b) Princi-
pal Component Regression (PCR), the general goal of linear regression models is to find regression coefficient 

matrix Q of size (K ×F) where, K is the Raman shift wavenumbers and F is the number of analytes in a sample 

mixture, Q is then used for the prediction of specific features of future samples (predict concentration of analytes 

in our case), in addition, in order to apply PCR the X matrix is decomposed first into a set of linearly uncorrelated 

variables called principal components, in a process called Principal Component Analysis (PCA), however, The 

PCR model suffers from the fact that in some cases the retained principal components may not correlate the de-

pendent variable (concentration) Y to the independent ones, leading to errors in the prediction model; c) Partial 
Least Square Regression (PLSR), it overcomes PCR problem by finding components that can fit X and in the 

same time predict Y efficiently. This can be achieved through regressing Y on the partial least square regression 

components.4

Multi-way models
Multi-way models can be seen as extension to the two-way decomposition models discussed above. Multi-way 

models involve 3-order tensors or higher, where the number of modes (dimensions) are higher than two. As in 

two- way models, multi-way models of a tensor X with size (M × N × K) decompose into a structural part and 

noise part E. The structural part can be seen as the product of the first mode sample scores A of size (M × R) and 

a loading matrix P. R being the number of components in the model, while the composition of P differs according 

to the model. The Equations below explains the relations between three-way models according to the previously 

mentioned concept5.

Kiers explained the multi-way model’s hierarchical relation, where Tucker2 model is a constraint version of 

Tucker1; Tucker3 is constraint version of Tucker2; and PARAFAC is a constraint version of Tucker3 6. The more 

the constraint the model is, the poorer the model in fitting the data for the same number of components, but 

on the other hand, constraint models can describe the data with fewer number of components than the less 

constraint models4. These extended regression versions of these multi-way models uses Mode A to related the 

hyperspectral image tensor to the concentration Y matrix, as mode A summarizes the information of the differ-

ences between the samples4.

Preprocessing Methods
Bocklitz, et al. published a study on the best preprocessing routine that should be applied on Raman spectra to 

ensure that quantitative models perform efficiently. They stated that Raman fingerprint information could be dis-

torted by other contributions like; a) fluorescence background; b) Gaussian noise, originated from uncorrelated 
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processes and intense background; c) cosmic spikes, originated from high energy particles hitting the charged-

coupled device CCD of the Raman detector.7

Selecting the proper preprocessing methods could neutralize the aforementioned noise sources. This preproc-

essing methods range from background effect neutralization (smoothing) to response scaling. In this study four 

different preprocessing algorithms are applied and the performance of each regression model using each of 

these preprocessing algorithms is assessed. These algorithms are: a) Max-Min Normalization, which is a scaling 

algorithm that maintains the relative amplitude of responses at each variable; b) Savitzky-Golay  Smoothing  fil-

ter,  which belongs to a group of smoothing algorithms that tends to neutralize background noise, Savitzky-Golay 

algorithm involves two main parameters, the polynomial order and the smoothing window8; c) Standard Normal 

Variate (SNV), which belongs to the group of normalization algorithms9; and d) First Derivative, it is simply com-

puted by subtracting responses of particular wavenumbers according to a predefined smoothing window.

 

MatErIalS aNd MEthodS

The experiment was done using Perkin Elmer RamanStation 400F Chemical Imaging instrument. (Incident Ra-

diation: 30 mW laser beam of a monochromatic NIR radiation of 765 nm; Spectral Range of Raman Shift: 200-

3,270 cm-1  with Spectral Resolution of 4 cm-1; Pixel size: 500 microns. Image size: 8 × 8 Pixels). As such, the 

data generated in  a single hyperspectral image is in the form of third order tensor of dimension (8×8×770).

The API selected for this study is Paracetamol due to its strong Raman bands. Where, a total of 9 preparations 

were prepared with the API concentration varies between 0.5% w/w and 40% w/w. 8 portions of each preparation 

were scanned (32 scans per pixel) as per the settings stated above, i.e. a total of 72 samples were scanned in 

addition to   8 pure Paracetamol powder samples and 8 pure ointment base samples.

The samples are divided into three sets: Training Set used to build different models, Validation Set to validate 

models performance and Testing Set for assessing the predictive ability of those models.

The study is carried out in five major steps: A) Data Preparation (tensor unfolding); B) Detection and removal of 

outliers; C) Preprocessing the data to get rid of noise and baseline shifts; D) Design, Apply and validate three 

2-way and three 3-way regression models; and E) Compare the performance of all models.

Therefore, the preprocessed tensors (hyperspectral images) are used to build and validate the 6 regression 

models included in this study. The steps of designing, applying and validating these models include: a) Deciding 

model parameters (convergence criteria, iterations, etc.); b) The training set is used for building each model; 

and for selecting the best model parameters based on Cross-Validation (leave one out) routine that achieve the 

minimal  Root Mean Squared Error (RMSE) and maximal Correlation Coefficient (R) between predicted and 

target concentration; c) Different diagnostic graphs are used to assess different models and allow selection of 

proper parameters; and d) Model validation is carried out to assess the model’s Accuracy, Sensitivity, Selectivity 

and Robustness (Accuracy is assessed using the Validation Set, while, Model Robustness, Reproducibility and 

Accuracy are assessed using the testing set).

Figure 1: Data Preparation step: a) for 2-way models; and b) for 3-way models.
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rESultS aNd dIScuSSIoN

a) data Preparation: Hyperspectral images obtained by Raman-CI technique are three dimensional data ten-

sors. Where, each image X is of size (M × N × K). Thus in the data preparation step, samples images are re-

shaped as seen in Figure 1. Where, for 2-way Models, individual hyperspectral image of a sample H of size (M 

× N × K) is reshaped to a matrix of size (MN × K). Matrices of all images are then vectorized through averaging 

the rows to form (1 × K) vectors. All vectors are then arranged into 2-order tensor X of size (L × K). The new ten-

sor dimensions represent samples and wavenumbers (Figure 1.a). While, for 3-way Models: sample’s tensor is 

reshaped to a matrix of size (1 × MN × K). Matrices of all images are then arranged in a 3-order tensor X of size 

(L × MN × K). The new tensor dimensions represent; samples, location and wavenumbers.

B) outlier detection: Presence of extreme outliers may adversely affect the quality of the created models. In 

this paper, the detection of outliers depends on two combined algorithms, the Sample Leverage and Sample’s Z-

Score: a) Leverage (which can be viewed as Squared Mahalanobis Distance as well) is a measure of the degree 

by which an  object  influences  the  model10.  Leverage  is  calculated  as  h = diag[ X (X’ X)-1 X ] .  The  leverage   

values  range  from  0  (no  influence)  to  1  (Full  influence);  b)  The  Z-value  test  computes  the  number  of 

standard  deviations  by  which  a  sample  varies  from  the  mean.  An  implicit  assumption  is  that  the  data  is  

modeled     from a normal distribution, thus  in  cases  where  mean  and  standard  deviation  of  the  distribution  

can  be  accurately estimated  then  a  sample  with  Z-score  ≥  3  is  considered  an  outlier  anomaly11.  How-

ever,  in  this  study  as  the  number   of   samples   are relatively small, then the outlier Z-score threshold is set 

at a lower value. Figure 2 shows Outliers Detection 3D plot, where Z- scores of all samples are plotted against 

the samples leverage. Red marks represent outlier samples that exceed a threshold of 1.3 standard deviations 

and 0.7 of leverage.

Figure 2: Outliers Detection 3D plot.

c) data Preprocessing: Sample Data is preprocessed to get rid of noise and baseline shifts. In this study, four 

different preprocessing techniques were applied Min-Max Normalization, SNV, Savitzky-Golay and First Deriva-

tive. For Savitzky-Golay algorithm, the polynomial order is chosen to be 3 and the smoothing window is 19 as 

seen in Figure 3a, while for First Derivative, the smoothing window is set to 5. Figure 3b shows that first derivative 

algorithm succeeded in neutralizing the baseline drift.

Figure 3: a) Savitzky-Golay Filter (3,19).                                       b) First Derivative with a window size of 5.
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d) design, apply and Validate different Models: Three 2-way Models were applied, a) CLS: The experiment 

was carried out in two parts. In the first part, the concentration matrix that was introduced to the CLS algorithm 

had only the API concentration; while in the second part, the 2 components (Paracetamol and the base) were 

introduced; b) PCR: PCA is performed on the training tensor, then the number of PC’s to be retained is decided 

using Two-Way F- Test at 10% level to determine if the reduced eigenvalue (spanned variance) for the jth PC is 

significantly greater in magnitude than all other PC’s (eigenvectors), the concentration matrix is then regressed 

on the sample scores of the training set and the regression coefficient matrix Q is computed; c) PLSR: The 

weights w of the X matrix was optimized to obtain the components that maximize the covariance between the 

obtained components matrix T and the dependent variables matrix Y, the proper number of PLS components was 

determined, using Leave-One-Out Cross Validation.

In addition, three 3-way models were applied: a) PARAFAC-Regression: the proper number of components 

in the model was determined using Core Consistency Diagnostic (CORCONDIA), however, By examining the 

third mode Loading Plot of the PARAFC model it was noticed the similarity between first PARAFAC third mode-

component and the Raman spectra of the pure ointment base; however, the second component doesn’t look so 

much similar to spectra of pure Paracetamol. Then, by examining the residuals plot for the same mode, struc-

tured noise similar to part of the Paracetamol spectra is distinct. As such, the variance in Paracetamol spectra 

is not totally spanned by a two-component model; indicating that Paracetamol spectra should be represented 

by more than one component,  as such, 3-components PARAFAC model was selected; b) Tucker3-Regression: 

The proper number of components for the three-mode Tucker3 was selected using the Scree Plot, where the 

percent of explained variance is plotted  against the total number of components (the sum of the three mode 

components; P, Q, and R), the best model that spans most variance was created by 13 components in the form of 

6,4,3, i.e., the first mode A representing the sample scores will be of size (L × 6), with L is the number of samples 

in the set; the second mode B that represents the location will have a size (MN × 4), with MN is the total number 

of pixels in an image; while, the third mode C, that reflects the Raman spectrum, will be of size (K × 3), with K is 

the number of Raman shift wavenumbers, ; b) Tucker2-Regression: Tucker2 model is similar to Tucker3; with the 

exception that one of the three modes is kept intact without reduction. In this study, the second mode B that rep-

resents the location is retained intact. The proper number of components for the other two modes is determined 

using the Scree Plot in a similar manner to that explained under Tucker3 section.

E) compare Models: Table 1 presents the best results obtained by all algorithms. The table shows that the two-

way PLSR achieved the best performance in all data sets. PLSR achieved RMSE of not more than 2.5, which is 

considered a highly successful result, bearing in mind that the sample sets contain sample of very low concentra-

tions. Other two-way models achieved considerable good results as compared to those obtained by PLSR. CLS 

achieved the second best results in the Validation set. The accuracy of CLS depends both on the preprocessing 

method applied as well as the number of regressands (API and the Ointment Base) presented to it.

For the three-way models, PARAFAC-Regression achieved good results close enough to that achieved by PLSR. 

While both Tucker models achieved, by far, the worst results in the study with RMSE exceeding 8.

Regarding the preprocessing methods, both Savitzky-Golay and First Derivative algorithms seem to achieve 

good results with different models. As both algorithm tends to neutralize the effect of baseline drift and back-

ground noise in the original data matrices.
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coNcluSIoN
This paper aims at giving insight on the algorithm and the steps used to apply different regression models and 

different preprocessing algorithms for the analysis of Raman chemical images. Six regression models and four 

preprocessing algorithm were discussed in this paper. The study explained different methods and plots used to 

optimize model parameters, as well as, preprocessing algorithms to neutralize the noise in the Raman spectra. 

The study suggests that, for Raman chemical images of low concentrations, the two-way model PLSR is the 

algorithm of choice. PLSR achieved better results than all of the three-way models, specially the Tucker models. 

PARAFAC  model has achieved relatively good prediction performance. On the other hand, CLS demonstrated 

the second best performance. Since, CLS does not require a training data set for calibration, therefore, CLS 

could be a good alternative for PLSR. Both Savitzky-Golay and First Derivative preprocessing algorithms had 

significantly improved the prediction ability of different models.
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table 1. API prediction results obtained by All Algorithms. The best algorithm in term of prediction accuracy for each 
sample sets is set in bold blue.

data Set algorithm Parameters Preprocessing rMSE r

Va
lid

at
io

n
CLS 2 components SVG (3,19) 3.81 0.96
PCR 2 Components None 3.62 0.96

PLSR 15 components 1st Derv. (5) 2.61 0.99
PARAFAC 3 Components SVG (3,19) 3.25 0.96
Tucker3 [6,4,3] Model SNV 8.37 0.91
Tucker2 [3,3] Model None 7.84 0.96

te
st

in
g

CLS 2 components SVG (3,19) 2.95 0.98
PCR 2 Components None 3.87 0.97

PLSR 15 components Norm. 2.57 0.98
PARAFAC 3 Components SVG (3,19) 4.12 0.98
Tucker3 [6,4,3] Model 1st Derv. 10.4 0.93
Tucker2 [3,3] Model None 9.61 0.97
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INtroductIoN

Fruit consumption is no longer merely a result of taste and personal preference, but is being a concern of 

health due to the fruit nutrients content1. Fruits and fruit-based products are increasingly becoming a significant 

component of the human diet worldwide and are associated with reduced risks of some types of cancer and 

cardiovascular diseases2. These beneficial properties appears to be related to antioxidants, mainly carotenoids. 

Even though human body does not synthetize carotenoids, they are ubiquitous and contribute to a number of 

biochemical processes balancing the oxidative stress of cells3. Chemically, they are a group of pigments, varying 

from yellow to red in colour, characterized by a C40 carbon chain highly unsaturated4. Lycopene exhibit the high-

est antioxidant activity and singlet oxygen quenching ability of all dietary carotenoids5. Alongside of tomatoes, 

which has been extensively studied as source of lycopene6,7, watermelon has moved up to the front of the line 

in recent research studies because the mean lycopene concentration of watermelon (37-122 mg/kg, depending 

on ripening stage and temperature during crop growth) is about 40% higher than the year-round mean for raw 

tomato (25-90 mg/kg). Moreover, in watermelon, lycopene is the most abundant (84-97%) carotenoid8.

Due to the increasing popularity of lycopene as one of the important nutraceuticals for use in food and nutritional 

supplements, there is a great interest in developing lycopene rich products and using lycopene from watermelon. 

It requires adequate measurement methods. Available assays are based on chromatography or UV-Vis spectros-

copy, both starting with extraction of lycopene from samples in hazardous organic solvents, and are time con-

suming, tedious and destructive9. The application of analytical techniques rapid, solvent-free and easily usable 

in the field and in food processing industries would present an enormous advantage over the conventional wet 

chemistry-based approaches. NIR spectroscopy allied to multivariate calibration techniques fulfills all the above 

The major interest of carotenoids is related to their antioxidant action in the organism. A great interest has re-

cently been focused on lycopene and β-carotene. Red flesh watermelon is, together with tomato skin, the main 

food sources of lycopene as the most abundant carotenoid. The use of NIRS in the post harvesting stage has 

permitted to rapidly quantify lycopene, β-carotene content and total soluble solids (TSS) of single intact fruits. 

135 samples were picked up in the period of 2013-2015. Fruits were submitted to NIR radiation while transport-

ing along the conveyor belt system in stationary and in movement, and at different positions on the belt.

800 spectra from 100 samples were collected as calibration set in the 900-1700 nm interval using an on-line 

diode array NIR instrument (NIROnLine, Buchi, Switzerland. Calibration models were performed using PLS re-

gression on pretreated spectra (derivatives and SNV) in the ranges 2.65-151.75 mg/kg (lycopene) and 0.19-9.39 

mg/kg (β-carotene) and 5.3-13.7% (soluble solids). External validation were carried out with 35 samples and on 

35 spectra. The PLS models for intact watermelon could predict lycopene concentration with R2 of 0.877 and 

SECV of 15.68 mg/kg, β-carotene concentration with R2 of 0.822 and SECV of 0.81 mg/kg and TSS with R2 of 

0.836 and SECV of 0.8%. External validation have confirmed predictive ability with R2 of 0.805 and RMSEP of 

16.19 mg/kg for lycopene, with R2 of 0.737 and RMSEP of 0.96 mg/kg for β-carotene and with R2 of 0.707 and 

RMSEP of 1.4%.

KEYWORDS: watermelon, lycopene, β-carotene, carotenoids, NIR spectroscopy
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requirements10. NIR spectroscopy has already been applied to non-destructive determination of lycopene in to-

mato pulp and skin11. Despite difficulties due to the optical thickness of rind and high water content (typically 90% 

w/w), NIR diffuse reflectance method has been also successfully used to predict total sugar content in water-

melon, as total soluble solids (TSS)12. However, to our knowledge, there is no published data on the quantitative 

determination of lycopene and β-carotene based on NIR spectroscopy in intact watermelon. Therefore, the main 

objective of this study was to assess the application of NIR spectroscopy for predicting the content of lycopene 

and β-carotene, simultaneously estimating also the total soluble solids (TTS). Based on the results obtained, NIR 

was used on-line for watermelons selection while passing on the conveyor belt before packing. The final aim was 

to provide an important issue for agri-food product valorization using NIR technology.

MatErIalS aNd MEthodS

Watermelon fruit samples

The watermelon (Citrullus lanatus) cultivar MINIROSSA®, selected as having high carotenoids content, has 

been used for all the experimental work. MINIROSSA® has characterized by small size (diameter, 100-150 mm) 

and very thin and striped green rind (<0.5 mm). All fruits were grown in open field in the same area (North-East 

of Italy) under a Mediterranean climate during 3 campaigns from 2013 to 2015. Fruits were harvested on multiple 

harvest dates from late June to mid Septemper of every year at dates according to the maturity stage for each 

one. No standardized index for watermelon ripening is available, so field ripeness was usually judged by thump-

ing the rind, giving an unavoidable margin of error. During 2013, 40 samples were picked up corresponding to 

100% grade of ripening, whilst in 2014 60 samples were samples, 12 for each of the 5 ripening stage: 50% (com-

pletely unripe), 80% (almost ripe) 100% (ripe), 110% (just overripe) and 130% (completely overripe). In 2015, 

other 35 fruits were sampled at randomly different grades of ripening from the field.

A total of 135 samples were used for development and external validation of regression models for each pa-

rameter od interest (lycopene, β-carotene e TSS). 100 samples were used for the calibration set, 35 for external 

validation set. Lycopene concentration varied from 2.65 and 151.75 mg/kg of fresh pulp, β-carotene concentra-

tion from 0.19 to 9.39 mg/kg of fresh pulp and TSS concentration from 5.3 to 13.7%. In the other new 35 samples 

for external validation, concentration intervals of 7.0- 141.2 mg/kg, 2.00-11.6 mg/kg and 8.8-13.2% for lycopene, 

β-carotene and TTS respectively, was found.

Spectral measurement

The reflectance spectra of intact watermelon were collected with a NIR On-Line® X-One (Buchi, Switzerland), 

equipped with diode array detector and tungsten-halogen dual lamp. The selected wavelength range used was 

from 900 to 1700 nm, with a measuring time of 10 milliseconds and a reading every 10 nm, for a total of 80 read-

ings per sampled area. Whole watermelons were placed on the belt in such a way that the distance between the 

light window and the fruit rind was 40 mm. In 2013 sample campaign, each fruit was submitted to light beam at 

two different positions on the stationary belt, obtaining 80 spectra. In 2014 each fruit was sampled on moving belt 

at different speed rate (3-4-5 fruits/sec) and at 4 different positions, in order to simulate when fruits randomly fall 

down on the belt from the collecting containers, obtaining 720 spectra. Finally, in 2015, for each of 35 fruits while 

passing on the belt at random position one spectrum was collected.

data analysis

Partial least squares (PLS) regression were computed on the calibration set of 800 spectra using SX-Plus soft-

ware (Buchi, Switzerland). Spectra were previously pre-treated with 1st derivative and SNV. Model performance 

was determined using the blockwise cross-validation approach making a leave-out representing 20% of the 

sample, and evaluated by means of coefficient of determination (R2), standard error of calibration (SEC) and 

standard error of cross- validation (SECV). Outliers’ analysis was performed by the software using Mahalanobis 

distance criterion. External validation was performed comparing NIR predicted data and reference data with Mi-

crosoft Excel® 2010 and calculating coefficient of determination (R2) and the root mean square error of prediction 

(RMSEP) as reported by Martens, 200113.
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reference assays

Carotenoids concentration in watermelon fresh pulp was determined after extraction in chloroform by means of 

reversed phase HPLC (Jasco, Japan) method14. Total soluble solid content was obtained as refractometric Brix 

Degree measurement.

rESultS aNd dIScuSSIoN

Original spectra are shown in Figure 1(A) and 1(B). Baseline offset of the spectra in 2014 could be due to the 

effect of movement at the different speed rate, whilst in 2013 spectra were collected on stationary belt. The score 

plot (Figure 1(C)) has evidenced the presence of two clusters based on year of sampling. It’s worthwhile noting 

that inside the 2014 group, a separated sub-cluster corresponding to overripe samples (130%) can be clearly 

recognized. Spectra were surely influenced by the completely different physical-chemical characteristics of over-

ripe watermelons in comparison with the other ripening stages.

Figure 1. Original spectra of intact watermelon collected in 2013 (A) and 2014 (B) and calibration set scores plot (C).

Since spectra were collected on fresh fruit, they are dominated by a large absorption of water at around 1460 nm, 

owing to the first O-H overtone and O-H combination band, respectively (15). Typically, spectra of fresh materi-

als do not allow an easy visual interpretation, because of the presence of several interferences. Nevertheless, 

wavelengths regions of the spectra that evidenced the highest correlation are in the ranges 900-1050 and 1400-

1500 nm corresponding to 2nd and 1st overtone of O-H bonds of sugars and water, and in the ranges 1100-1250, 

1300-1350 and 1650-1700 nm, corresponding to 3rd overtone, combo bands and 1st overtone respectively, of 

C-H bonds of carotenoids. PLS models for calibration of the three parameters of interest are shown in Figure 2.

Figure 2. Calibration and cross validation curves for lycopene (A), b-carotene (B) and TSS (C). Red and blue samples are 
outliers. They are visualized but excluded from the models.

For lycopene and β-carotene, data from 2013 and 2014 are almost completely separated in 2 different parts of 

the curves, in particular samples harvested in 2013 had meanly lower concentration values than samples har-

vested in 2014, due to the different climate condition between the two years. In fact, carotenoids concentration 

in watermelon is strongly dependent on rainfall frequency and external temperature16. 2013 was characterized 

by particularly warm and dry weather, contrary to 2014, which will be mentioned in Italy as one of the colder and 

humid summer for decades. Differently from carotenoids TSS data are completely mixed up. TSS, which could 

be approximated to sugars content, depends on ripening stage rather than on climate conditions.

(A) (B) (C)

(A) (B) (C)

DOI: 10.17648/nIr-2015-34177



     35
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

External validation plots were depicted in Figure 3.

Figure 3. External validation plot for lycopene (A), β-carotene (B) and TSS (C).

Performance was evaluated plotting NIR predicted data and reference analysis for lycopene, β-carotene and 

TSS of 35 randomly harvested samples and based on single spectrum acquired when fruits pass on the convey-

or belt. RMSEP values could be considered quite satisfactory, even though improvable, because in all the three 

cases it corresponds to errors about or below 20%. A summary of statistical results of calibration, cross-validation 

and external validation are reported in Table 1.

coNcluSIoN

Application of NIR on-line in the postharvest watermelon processing represents a significant step forward in 

improving quality of products. Characterizing carotenoids content and TSS as sugars index for each intact fruit 

could permit to farmers to valorize the nutritional value of fruits and so increasing consumer’s awareness on 

beneficial effects on health deriving from fresh products consumption in human diet.
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table 1. Statistics of calibration, cross-validation and external validation results for intact watermelons.

lycopene (mg/kg) β-carotene (mg/kg) ttS (%)

CAL EXT VAL CAL EXT VAL CAL EXT VAL

#sample 100 35 100 35 100 35
range 2.65-151.75 7.00-141.23 0.19-9.39 2.00-11.68 5.3-13.7 8.8-13.2

#spectra 759 35 735 35 754 35
r2 0.877 - 0.822 - 0.836 -

SEc 14.8 - 0.75 - 0.7 -
r2cV 0.756 - 0.810 - 0.820 -
SEcV 15.7 - 0.81 - 0.8 -

r2 - 0.805 - 0.737 - 0.707
rMSEP - 16.2 - 0.98 - 1.4
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INtroductIoN

Arabica and Robusta are the two main coffee species used in the preparation of commercial beverages, both 

alone  or in blends. Since Arabica coffee is more expensive and of better quality than Robusta, the availability of 

fast analytical methods for noninvasive monitoring of the raw materials is extremely important in order to correctly 

discriminate the two coffee species and to prevent adulterations

Hyperspectral imaging (HSI) has showed a great potential for rapid and non-destructive inspection of several 

food matrices1. Despite many advantages of this technique, the implementation of HSI for real-time monitoring 

systems is currently limited by the high costs of hyperspectral cameras and by the data handling issues related 

to the huge amount of data contained in each hyperspectral image2. For these reasons, spectral feature selection 

is commonly performed on hyperspectral data in order to select few key wavelengths to be used for the imple-

mentation of cheaper and faster multispectral imaging systems3.

However, transferring the outcomes of variable selection performed on hyperspectral data to filter-based imag-

ing systems is not straightforward. In fact, in the case of multispectral imaging each pixel only contains discrete 

diffuse reflectance values measured on each selected spectral interval and not a continuum spectrum. On the 

other hand, the limited number of multispectral channels limits the use of pre-processing and poses the difficulty 

of finding additional descriptors by calculating quantities derived from the outputs of the different channels and 

accounting for linear and non-linear relationships between spectral channels.

In this context, the present work aims at investigating the feasibility of implementing a classification model for 

filter-based multispectral data in order to discriminate Arabica and Robusta green coffee, starting from the results 

of a variables selection/classification model calculated on hyperspectral data. In particular, we focused on two 

different aspects: the selection of proper descriptors, i.e. combinations of channels, involved in the classification 

and the use  of a representative training set.

Due to high costs and data handling issues, hyperspectral imaging is not easily implementable for real-time non-

invasive applications. Spectral feature selection performed on hyperspectral data allows identifying key wave-

lengths for the development of cheaper and faster multispectral systems. The present work aims at  investigat-

ing the issues related to the development of a multispectral imaging system, starting from variable selection 

performed with hyperspectral systems. Firstly, sparse Partial Least Squares-Discriminant Analysis (sPLS-DA) 

was applied to hyperspectral data in order to select the relevant spectral regions involved in the classification of 

Arabica and Robusta green coffee. Afterwards, four bandpass filters matching these regions were considered in 

order to simulate multispectral data used to calculate multivariate classification models. The proper definition of 

the training set and the selection of the most relevant combinations between spectral channels allowed reaching 

classification performances similar to those obtained with the hyperspectral data.

KEYWORDS: Arabica and Robusta green coffee; Sparse methods; NIR hyperspectral imaging; 
                       Multispectral imaging; Variable selection.
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MatErIalS aNd MEthodS

In this study, 33 different green coffee batches (18 of Robusta and 15 of Arabica coffee) were considered, each  

batch corresponding to 60 kg of green coffee beans. From each batch, a representative amount of 500 g of 

beans was sampled and, from this amount, 12 hyperspectral images were acquired obtaining a dataset com-

posed of 396 images (= 12 images × 33 batches).

The hyperspectral images were acquired using a desktop NIR Spectral Scanner (DV Optic) embedding a Specim 

N17E reflectance imaging spectrometer, coupled to a Xenics XEVA 2608 camera (320 × 256 pixels) and covering 

the 955-1700 nm spectral range with a spectral resolution of 5 nm.

Before further analysis, the hyperspectral images were preprocessed using an internal calibration in order to 

reduce the variability among images over time, and the pixel related to the background were removed from each 

image. More details about image preprocessing of this dataset can be found in Calvini et al. 20154.

The 33 coffee batches were randomly divided into 24 training batches (288 images), containing 11 Arabica and 

13 Robusta coffee batches, and in 9 test batches (108 images), containing 4 Arabica and 5 Robusta coffee 

batches. The hyperspectral images of the samples belonging to the training batches were used to constitute two 

different training sets: Average Spectra (AS) training set, obtained by calculating the average spectra from each 

image of the training batches, and Random Spectra (RS) training set, obtained by randomly selecting 50 spectra 

from each image of the training batches. Since each hyperspectral image is composed of tens of thousands pixel 

spectra, AS and RS training sets denote two different strategies used to build a reduced but still representative 

training set from the huge amount of data contained in the images. In particular, AS training set is built under the 

assumption that the average spectrum is representative of the whole image (thus losing the information related 

to spatial variability), while RS training set allows reducing data size and also accounting for spatial variability 

within each image.

The hyperspectral images of the test batches were used to calculate a test set of average spectra from each 

image, for the evaluation of the classification performances at the image level, i.e. considering each image on 

the whole. In addition, two images of the test samples, one of Arabica coffee and one of Robusta coffee, were 

merged together in order to create a test image used to evaluate the classification models also at the pixel level, 

i.e. evaluating the class assignment of each single pixel.

Firstly, Partial Least Squared Discriminant Analysis (PLS-DA) and sparse PLS-DA (sPLS-DA)5 were applied to 

AS training set in order to perform classification and, for sPLS-DA, variable selection. The average spectra were 

preprocessed using Standard Normal Variate coupled with first derivative and mean center.

Subsequently, starting from the results of the variable selection/classification model calculated on hyperspectral 

data, 4 commercially available bandpass filters were considered (1150 nm, 1200 nm, 1250 nm, 1400 nm) as 

those  showing the best match with the selected regions. The hyperspectral datasets were then converted into 

multispectral data in order to estimate the reflectance values that would be obtained using the considered filters. 

To this aim, the Gaussian-shaped profile of each filter was calculated from the filter properties (filter width at half 

maximum and percentage of transmission) provided by the commercial house. This profile was multiplied by the 

reflectance spectra measured with the hyperspectral system and the sum of the obtained values was calculated. 

In this manner, the hyperspectral data including 150 variables were transformed into multispectral data including 

4 variables, where each variable is the reflectance value of a given multispectral channel (R1150, R1200, R1250, 

R1400). Furthermore, additional descriptors derived from the four reflectance values were also calculated, in 

order to consider linear and non-linear relationships between the spectral channels. In particular, the squared 

reflectance value of each channel and differences, ratios, products and sums between couples of channels were 

calculated. The resulting datasets were composed of 32 variables: four reflectance values of the filters and the 

additional descriptors. Classification was performed using both PLS-DA and sPLS-DA; the latter one was used 

in order to identify the most relevant descriptors. In this case, the classification models were built using both AS 

training set and RS training set, and the data were autoscaled before the analysis.

For both hyperspectral and multispectral data, cross validation was used in order to select the proper number of  

latent variables (LVs) and, for sPLS-DA, the number of variables to keep for each component. In particular, con-
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tiguous block cross-validation was performed using 4 deletion groups, where each block contained the average 

spectra (for AS training set) or randomly selected spectra (for RS training set) of all the replicated and repeated 

images of 6 batches. The classification performances of the models were evaluated in terms of classification 

efficiency4. Figure 1 shows the procedure followed in this study, from variable selection on hyperspectral data to 

the selection of proper conditions for the simulated multispectral system.

 

 

 

rESultS aNd dIScuSSIoN

Considering variable selection performed on hyperspectral data, different sPLS-DA models were calculated test-

ing  all the combinations between a number of latent variables ranging from 1 to 7 and a number of selected 

variables for each sLV ranging from 5 to 150. Based on the values of classification efficiency estimated in in 

cross-validation, the optimal conditions were reached with 2 LVs and 10 variables for each component. This situ-

ation corresponds to a sparse regression vector with 20 non-zero variables out of 150.

Compared to PLS-DA, sPLS-DA allowed obtaining a more parsimonious model with similar classification per-

formances (Table 1, Hyperspectral Data). In particular, for both PLS-DA and sPLS-DA an efficiency value equal 

to 100% was obtained in prediction on the test set, while sPLS-DA was slightly less performing at the pixel level 

prediction since the sparse model turned out to be more sensitive to the round shape of the beans.

The regions selected on the sparse loading vectors are related to the aromatic (1143 nm) and aliphatic (1195–

1225 nm) C-H second overtone and to the O-H first overtone of aromatic (1410 nm) and aliphatic (1420) alco-

hols. The chemical relevance of these spectral regions in the classification of Arabica and Robusta green coffee 

was also confirmed by the results obtained with other sparse-based methods applied to the same dataset4. The 

sparse loading vectors are reported in Figure 2 together with the spectra belonging to AS training set. Further-

more, in the same figure, the yellow bars indicate the spectral regions covered by the band-pass filters selected 

considering the results of sPLS-DA variable selection/classification model.

As far as the analysis of the multispectral data is concerned, different sPLS-DA models were tested on both AS 

and RS training sets considering all the combinations between a number of LVs from 1 up to 5 and a number of 

selected variables for each component ranging from 2 to 32. Also in this case classification efficiency in cross 

Figure 1. Key steps for transferring results from hy-
perspectral to multispectral imaging systems.

Figure 2. AS training set coloured according to coffee species, plot-
ted together with the sparse loading vectors of the sPLS-DA model; 
the yellow bars correspond to  the spectral regions covered by the 
filters.

table 1. Classification results obtained from PLS-DA and sPLS-DA applied to hyperspectral and multispectral data

hyperspectral data Multispectral data

PlS-da sPlS-da
PlS-da sPlS-da

aS tr. set rS tr. set aS tr. set rS tr. set

# var 150 20 32 32 4 4

# lVs 3 2 3 3 2 2

EFFcal 100.0 99.4 100.0 80.3 99.6 78.4

EFFcV 97.8 99.3 99.3 78.7 97.3 78.0

EFFtESt 100.0 100.0 97.5 100.0 98.3 100.0

EFFIMG 85.0 80.2 71.1 71.0 69.5 83.9
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validation  was considered in order to tune the model parameters; for both the training sets the proper condi-

tions were chosen in correspondence to 2 LVs and 2 variables for each component, obtaining regression vectors 

with 4 selected variables. In particular, both sparse models converged to the selection of the three descriptors 

with the highest absolute values of the corresponding regression coefficients: R1250-R1200, R1400-R1200 and 

R1200-R1250. Moreover, R1400-R1250 and R1400-R1150 were selected in the sparse models built on AS and 

RS training sets, respectively.

Generally, compared to the PLS-DA model calculated considering all the 32 variables, the selection of the most 

relevant descriptors led to a significant increase of the classification performances in prediction, in particular 

for the model calculated using RS training set. Indeed, despite lower performances in calibration and cross-

validation, RS training set led to higher efficiency values in prediction both for the test set and for the test image. 

In particular, an efficiency value equal to 100% was obtained when the sparse model built with RS training set 

was used for the prediction of the test set at the image level (Table 1, Multispectral Data).

Figure 3 shows the differences in the prediction of the test image between the sPLS-DA model calculated on 

hyperspectral data and the best sPLS-DA model calculated on multispectral data (i.e., the sPLS-DA model cal-

culated from RS training set). The majority of the beans is correctly classified (white colour) in both cases even 

if one bean of Robusta coffee is always misclassified. Interestingly, the model calculated on hyperspectral data 

performed better for Arabica coffee, while the model calculated on multispectral data allowed to better classify 

Robusta coffee. In both cases the misclassifications are generally due to the round shape of the beans or to the 

presence of the centre cut.

Figure 3. Differences between predictions of the test image obtained with the best sPLS-DA models calculated using hyper-
spectral and multispectral data.

coNcluSIoNS
The proposed approach investigates the issues related to the development of a multispectral imaging system 

starting from the outcome of spectral feature selection achieved on hyperspectral systems.

The performed simulations allowed to systematically evaluate also linear and non-linear relationships between 

spectral channels, in addition to the single reflectance values of the filters. 

In this manner, the combination of properly selected descriptors and the use of a representative training set al-

lowed obtaining satisfactory results in the classification of Arabica and Robusta green coffee, with performances 

comparable to those obtained using the hyperspectral data both at the image level and at the pixel level.

In general, the proposed approach allows assessing the actual potential of a multispectral imaging system before 

the system itself is built.
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INtroductIoN

Biosensors are devices for the detection and examination of biological samples. Most of these devices utilize a 

biological recognition element to attach the target to the sensing area. Rapid and sensitive detection of the target 

analytes is facilitated by the sample influencing the measured variable (such as light or electric current). Impor-

tantly, biosensors have attracted substantial interest arising from the need of a rapid, simple, and sensitive analy-

sis. A fiber optic biosensor extended to operate with NIR spectroscopy comprises a tapered fiber, which serves 

as the transduction element. Reflections at the fiber’s core outer surface create an evanescent field immediately  

surrounding the fiber taper. As the taper’s surface is coated with a bioactive layer, the target is attached, and the 

evanescent field penetrates into the sample. This phenomenon assigns to FOB unique properties in terms of 

selectivity because the measuring light passes solely through the sample. However, the portion of the light that 

contributes to the evanescent field is usually negligible, which causes high demands on be put on the detecting 

device. For the signal amplification, the Fiber Loop Ring Down Spectroscopy technique was exploited. Generally, 

this method is based on multiple passage of light though the sample, and its main advantage consists in that it 

reduces the sensitivity to light source fluctuations.

Recent advances in optics, lasers, and optical fiber technology have massively bolstered the interest in fiber 

optic sensors. At present, the main activities within the investigation of such sensors are biomedical  and  chemi-

cal research, environmental monitoring, and industrial control. A substantial amount of benefits render fiber optic 

sensors a very attractive instrument for biosensing and microbiology. In the latter field, the development of  a  

reliable technique for rapid bacterial identification without the lengthy sample preparation is still a challenging 

task. The  fusion of the fiber optic biosensing (FOB) technology and NIR spectroscopy thus constitutes a major 

prerequisite for the development of a unique device with extremely high sensitivity and selectivity, which could 

be a perfect means to distinguish between bacterial species.

The presented paper discusses the possibilities and limits of NIR spectroscopy within bacterial identification. 

The spectra of three common food pathogens (Escherichia Coli, Listeria, and Salmonella) were acquired, and 

the chemical composition of these bacteria was examined via the diffuse reflectance technique. The acquired 

data were then processed using a standard chemometric method (PLS-DA). The correct classification rate cor-

responds to 98% on a limited dataset. Based on the obtained results, a novel NIR-FOB was proposed.

Even though the initial experiments point to overall applicability of the NIR approach in bacterial identification, 

classical NIR spectroscopy does not appear to be a sufficiently sensitive measurement technique for the given 

purpose. The proposed NIR-FOB, with cavity-enhanced sensitivity, can overcome these limitations and indicate 

new directions in microbiology, immunology, and other related areas where liquid sample analysis is required.

KEYWORDS: bacterial identification; biosensor; optical fiber.
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MatErIalS aNd MEthodS

In order to confirm the suitability of NIR spectroscopy for bacterial discrimination, three different bacterial strains 

were measured (Listeria ivanovii, Escherichia coli, Salmonella). For correct calibration of the model, all factors 

affecting the spectra (the growth stage, growth media, bacteria concentration, and effect of water) must be 

eliminated. The proposed procedure suppresses all these effects and enables us to acquire pure spectra of the 

bacterial cells. The experiment involves the following stages or aspects:

• Double rinsing of the bacterial solution to eliminate the influence of the growth medium;

• Securing the same optical density (measured at 600nm) to maintain the same bacteria concentration;

• Filtering and dehydration to remove the water;

• All the measurements were performed via the reflectance technique with an integrating sphere.

Before classification, the acquired spectra were further treated by means of two relevant methods. To enhance 

the spectra resolution, the Savizky-Golay 1st derivate procedure was used; then, because the scattering of light 

prevents direct evaluation, we also applied Extended Multiplicative Scatter Correction (EMSC).

For the actual verification of the possibilities of NIR spectroscopy, pure spectra of the bacteria were measured 

and classified using common classifiers. The Leave-One-Label-Out Cross Validation (LOLO-CV) scheme was 

used to facilitate proper validation of the models. Each labeled group comprises spectra from one inoculum, and 

the correct classification rate was calculated to be 98%. Given the results, we may claim that NIR spectroscopy 

is capable of distinguishing between the three bacterial strains if all the above-mentioned factors are respected, 

with a sufficient number of cells presented on the filter (aprox. 1010 cells). The biosensor is subsequently de-

signed according to the results from this initial measurement.

Figure 1. The NIR spectra of the bacteria.

In order to increase the selectivity, an evanescent field-based sensor is proposed. The measuring light propa-

gates in the fiber core; in the exposed part of the fiber, core’s boundary conditions enable an evanescent field that 

penetrates into the surrounding media. This part of the fiber is coated with a layer that facilities cell attachment 

(poly-l-lysine), and because the light penetrates into the attached bacterial cell, attenuation by cellular compo-

nents can be detected and a spectrum of one or several bacterial cells compiled.

The amplitude of the electrical evanescent field (E) decays exponentially according to the following formula:

 

here dp represents the penetration depth given by

 

where λo is the wavelength of the contributed light and η1, η2, represent the reflection index of the fiber core and 

cladding. The incident angle of a ray is expressed as θ. 

 

The electrical field amplitude decays depending on the wavelength are shown in Fig 2.
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Figure 2. The evanescent field intensity.

The quantity of light contributing to the evanescent field in the examined multimode optical fiber is expressed by 

eq.  3, where is an energy fraction of the j-th mode, and N indicates the number of supported modes that can be 

calculated for the V-number of the fiber:

 

Absorbance A of the sensing fiber can be calculated from the previous equations as

 

where α  is the absorption coefficient of the analyte, and l is the length of sensing fiber.

The calculated bacterial cell absorbance measured in the evanescent field is approx. 2x10-4 (a silica multimode 

fiber with the core radius of 105um and wavelength of 1550nm). This result remains behind the sensitivity of 

current  simple InGaAs photodetectors. The attenuation caused by one (or a few) bacterial cells is negligible 

because only a small portion of the present light contributes to the creation of the evanescent field. To promote 

signal enhancement, we applied the Fiber Loop Ring Down Spectroscopy (FL-CRDS) technique; the elements 

and merits of this method are shown in Fig 3. A short light pulse is introduced through the fiber coupler into the 

fiber loop; the light pulse is trapped in the loop and passes through the transducer (and sample) repeatedly. 

Then, a small fraction of the light is guided to a photodetector, where a decrease of the light intensity is observed. 

According to the speed of the decrease, the absorption coefficient of the bacterial cell is calculated (eq. 5); here, 

t is the time, L represents the fiber loop length, Ts denotes the transmittance of the sensor, and expresses the 

absorption of the sample and the fiber. The actual equation is as follows:

 

Figure 3. The Fiber Loop Ring Down technique.
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Fig. 4 indicates the output waveforms of the sensor with and without the bacteria attached. The model param-

eters are listed below:

• Fiber loop length: 50m

• Excess loss: -0.4576dB

• Reflective index of the core: 1,457

• Fiber loss: 10-3dB/m

• Bacterial cell absorbance at 1550nm: 2x10-2 (100 cells attached)

Figure 4. The output intensity waveforms of FL-CRDS.

Although direct measurement of the light loss caused by the bacteria is impossible with basic InGaAs amplified 

photodetectors, the light intensity decrease can be observed and the absorption coefficient of the bacteria sub-

sequently computed by FL-CRDS. Using the current instrumentation, the interval of 1us can be easily measured.

coNcluSIoN
According to the acquired results, NIR spectra can be employed to distinguish between three different patho-

gens, which virtually proves the suitability of NIR spectroscopy for basic bacterial classification. In the presented 

experiment, the correct bacterial classification rate is 98% (PLS-DA). However, to improve the potential of this 

technique, the selectivity and sensitivity must be improved. The proposed sensor based on evanescent sensing 

satisfies these requirements.
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INtroductIoN

Silicon photodiode array (PDA) detectors are used in high speed, low cost applications, for applications that 

require use of the Herschel region of the spectrum. Matching of instrument optics will minimise the software cor-

rection required in the calibration transfer process, however, in practice photodiode spectrometers vary in both 

photometric response and wavelength accuracy, and thus calibration models tend to be spectrometer specific. 

The photometric response of PDA units varies by wavelength, but is very linear, such that absorbance pre-

treatment should correct for photometric response differences between instruments.

Blanco et al.1 recognised that the issue of wavelength calibration differences between units is of more importance 

than that of photometric response differences for diode array (UV-Vis) spectrometers, in contrast to the situation 

for scanning monochromator (NIR) spectrometers, although instrument wavelength drift is a known issue for NIR 

spectrometers (e.g. white paper from the NIR instrument manufacturer Foss, http://goo.gl/gwxa4C)2. Wavelength 

calibration of a diode array spectrometer will depend on the stability of the optical bench (e.g. with respect to 

thermal expansion of materials). A drift of 0.03 nm over 150 days and 0.1 nm over a year period was reported 

for Zeiss MMS1 diode array spectrometers, and the effect of a sub nm change in wavelength calibration in terms 

of performance of a total soluble solids (TSS) model was noted to be significant3. A drift of up to 0.3 nm and a 

change  in FWHM of the 912 nm HgAr peak from 13.04 to 13.13 nm was reported for the Zeiss MMS1 subject to 

a temperature range from 4 to 45oC 4.

Wavelength assignments of five Zeiss MMS1 spectrometers were assessed using a Mercury-Argon calibration  

source and compared to the “manufacturer assigned” wavelengths. New pixel wavelength assignments were 

generated for the 695 – 1014 nm range. The third order polynomial coefficients provided in the Zeiss specifica-

tion sheet for pixel to wavelength conversion across the whole spectrum in an error of up to 2.3 nm for the wave-

length range used in the partial least squares (PLS) regressions on total soluble solids (TSS). Second derivative  

absorbance spectra were acquired of apples using an spectrophotometers based on the MSS1 engine, operated 

using an interactance optical geometry. Regression models for fruit TSS developed on the master unit  were 

iteratively tested against the unaltered and transformed spectra of the instrument’s slave units, using the original 

and new wavelength calibration. Transfer methods of piecewise direct standardisation (PDS), the difference 

spectrum adjustment (DSA) method of Saranwong and Kawano, model updating (MU), and the combination of 

the transfer methods with MU were tested.

When using the newly assigned wavelengths, the performance of the models for each unit improved, for both 

unchanged and PDS transformed spectra, in terms of standard error of prediction (SEP). The SEP improved 

as  much as 0.24 SEP for the unchanged spectra. In every case, the new wavelengths and PDS combination 

performed better (RMSEP, SEP and Bias), than PDS with the original wavelengths. The bias evident in the trans-

ferred models may be dealt with using simple slope and bias correction.

KEYWORDS: calibration transfer, instrument standardisation, chemometrics, 

        partial least squares regression, silicon photodiode array.
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The current study documents the impact of wavelength accuracy on performance of transfer routines for the port-

ing of partial least squares (PLS) regression models between instruments, for the application of TSS estimation 

of intact (apple) fruit.

MatErIalS aNd MEthodS

The photometric responses of four Zeiss MMS1 spectrometers (S/N 301726, 301729, 023104, 023126) were 

assessed using a stabilized Mikropack Halogen Light Source HL-2000-HP (Mikropack GmbH., Ostfildern, Ger-

many) (S/N 200332) source with combinations of eight optical crown glass metallic neutral density filters (New-

port Corporation, Irvine, U.S.A.), giving between 91.2 and 3.2 % transmittance, and bandpass spectral filters 

(Andover Corporation, Salem, NH, U.S.A.). Instrument response (ADCC) was linear over the range assessed.  

Given this  linear response, absorbance pre-treatment should correct for photometric response differences be-

tween instruments.

Wavelength assignments of five MMS1 spectrometers (serial numbers (S/N) 301726, 301729, 023103, 023104, 

023126) were assessed using a HgAr calibration source (HG-1, Ocean Optics Inc, Dunedin, FL, U.S.A.). Spec-

tra were interpolated to 0.1 pm and NIST wavelengths5 were compared to the peaks using the manufacturer 

assigned pixel-to-wavelength fit. New pixel-to-wavelength assignments were generated for the 695 – 1014 nm 

range using a fourth order polynomial fit to wavelength peaks.

Spectra were acquired of 88 apples using an InSight unit (MAF Oceania, Bacchus Marsh, Australia), with two 

spectra acquired from each of two sides of the fruit (i.e. 352 spectra), using three MMS1 units. Subsets of these 

spectra were used for calibration (spectra of 53 fruit, mean TSS of 12.60 and SD of 1.95 % w/v), validation (spec-

tra of 20 fruit, mean TSS of 12.83 and SD of 1.56 % w/v) and transfer (spectra of 15 fruit, mean TSS of 12.68 and 

SD of 2.34 % w/v). Also, spectra of 59 apples were collected on each of four Nirvana (integrated Spectronics, 

Sydney, Australia) handheld units. Four spectra were collected from two locations on each of 29 fruit and, at a 

later date an independent apple population, five spectra at two different sites on a group of 30 apples. Subsets 

of the spectra were used for calibration (spectra of 39 fruit, mean TSS of 14.45 and SD of 1.64 % w/v), validation 

(spectra of 10 fruit, mean TSS of 14.35 and SD of 1.76 % w/v) and transfer (spectra of 10 fruit, mean TSS of 

14.68 and SD of 1.93 % w/v).

For each instrument type, second derivative absorbance based PLS regression models for fruit TSS were devel-

oped on each unit and were iteratively tested against the unaltered and transformed spectra of the other units, 

using the original and new wavelength calibration. Transfer methods of piecewise direct standardisation (PDS), 

the difference spectrum adjustment (DSA) method of Saranwong and Kawano6, model updating (MU), and the 

combination of DSA with MU were tested.

PLS regression models were developed using MATLab R2014a (MathWorks Inc., Natick, USA) with PLS toolbox 

7.3 (Eigenvector Research Inc., Wenatchee, USA), using mean centred second derivative absorbance data 

interpolated to 3 nm steps, and the wavelength range 732-936 nm.

rESultS aNd dIScuSSIoN

The third order polynomial coefficients provided in the Zeiss test certificate for pixel to wavelength conversion 

across the whole spectrum showed an error of up to 2.3 nm for the wavelength range used in the PLS regres-

sions.
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Figure 1. HgAr lamp spectra based on Zeiss wavelength calibration coefficients (solid) and wavelength coefficients based on 
a new 4th order polynomial fit with unit 301729. The actual peak locations, as expected from the NIST literature, is shown as 
circles.

calibration transfer – Insight – apple tSS

The performance of a model created on one unit and used in prediction of spectra collected on another unit, 

was improved by use of the new wavelength assignments and further improved with use of calibration transfer 

methods (PDS, MU & DSA). The results were comparable to that of models developed directly on the slave 

instruments (Table 1).

calibration transfer – Nirvana/F750 – apple tSS

The new wavelength assignments also improved transfer results between the Nirvana units (Table 2). The DSA 

method removed bias, and combined with new wavelengths and model updating, gave results comparable to the 

performance of the master instrument and to models directly developed on the slave instruments. Considering 

only 10 fruit were used, this is an easy method to transfer calibrations and allows for models to be easily updated 

for seasonal changes. PDS did perform marginally better in some cases, but DSA+MU is preferred due to ease 

of implementation.

table 1.  Apple TSS prediction statistics for model transfer of master (123) to slaves 126 and 729, with wavelength cor-
rection. Master model statistics: R2=0.927, SEP=0.636, bias =0.600.

Slave
Manufacturer wavelength assignment New 4th order wavelength assignment

direct PdS Mu dSa dSa
+ Mu direct PdS Mu dSa dSa

+ Mu

126
r2 0.931 0.94 0.925 0.931 0.932 0.943 0.942 0.940 0.943 0.941

SEP 0.891 0.613 0.731 0.891 0.787 0.714 0.593 0.657 0.714 0.666

Bias -3.694 -0.021 -0.193 -0.051 -0.063 -0.362 -0.026 -0.111 -0.063 -0.079

729
r2 0.933 0.933 0.921 0.933 0.936 0.933 0.934 0.901 0.933 0.940

SEP 0.952 0.629 0.774 0.952 0.755 0.783 0.609 0.768 0.783 0.637

Bias -1.635 0.112 -0.135 0.115 0.052 3.546 0.114 0.086 0.110 0.055
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coNcluSIoN

Improvement of wavelength assignment significantly decreased bias and SEP prediction values. Remaining bias 

could be calculated from assessment of non-fruit samples on master and slave, although further investigation 

is required. For units of the same model PDA, DSA combined with MU and new wavelength assignments gave 

results comparable to the performance of the master instrument and to models directly developed on the slave 

instruments.
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INtroductIoN
In food companies, quality monitoring is of very high importance. Hyperspectral imaging can be an important 

tool in automating this process. As it combines spectral and spatial information, it is very useful to look for quality 

properties that are not visible with normal (RGB) machine vision1. A good example of this are defects like scars or 

pinholes in vine tomatoes. However, to be able to correctly use the hyperspectral data, the hypercubes should be 

segmented into objects before quality analysis can be performed on individual objects. In case of tomatoes, to-

mato flesh, stalk and background should be classified correctly before the quality can be accurately determined. 

Two approaches have been proposed for this: in unsupervised segmentation, the algorithm clusters the pixels in 

groups with similar spectra2. As this method is not supervised, it might find groups which are the result of spectral 

variation which is not related to the objects of interest. Moreover, these methods are very computationally inten-

sive as they have to evaluate the similarity (distance) for all possible combinations of pixels. This makes these 

methods unsuitable for in-line use. To avoid these issues, supervised methods have been proposed2. However, 

these methods require a representative training set with pixel spectra for which the corresponding object class 

has been defined. Such a training set is typically created by letting an expensive human expert manually indicate 

which part of the hypercube belongs to which object class. This makes this method very labor intensive and 

prone to human error as the contrast between the different objects in the images on which the human expert 

manually labels the pixels may be rather low. To tackle these disadvantages a new semi-supervised algorithm 

is proposed which combines the ease of use of the unsupervised segmentation algorithms with the focus and 

computational efficiency of the supervised segmentation algorithms. The goal of the algorithm is to build seg-

mentation models capable of dividing a hypercube in its different object classes without the need for expensive 

human experts and to be fast enough to be applicable in-line on a sorting line. 

Hyperspectral imaging has a large potential for automated quality inspection in the food industry. However, the 

adoption of this technology is hampered by the time needed for building calibration algorithms by experts each 

time a new product (species, cultivar,..) has to be handled. This hinders a flexible change between products 

which most food companies desire. As a result, many of them prefer to rely on a subjective human inspection. 

Accordingly, this research focuses on the development of a semi-supervised training method allowing an opera-

tor without knowledge of hyperspectral imaging to train the system in an easy and intuitive way to recognize 

objects in a hypercube.

The developed algorithm works in three steps: The first step concerns unsupervised segmentation of a training 

image. The second step is the building of a supervised segmentation model based on the spectra selected from 

the groups in the first step. To conclude, a training phase is applied to improve the segmentation results. This 

method has been tested on hyperspectral data of two cultivars of vine tomatoes with a variable ripeness. The 

achieved results are very promising. Only 2 hypercubes in the training phase of the algorithm were needed to 

correctly segment 97% of the pixels in the hypercubes of 5 new vine tomatoes. The average used time to seg-

ment the images was reduced with a factor 17.5 compared to applying the unsupervised classification methods 

on each individual hypercube, while the training phase was intuitive and easy as no manual labelling of the im-

ages was needed.

KEYWORDS: Hyperspectral imaging, segmentation, machine learning, vine tomatoes
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MatErIalS aNd MEthodS

1. Classification algorithm

The developed classification algorithm is schematically illustrated in Figure 1. As a case study the segmenta-

tion of vine tomatoes in background, stalk and tomato flesh is chosen. The first step is the measurement of vine 

tomatoes using a Vis-NIR hyperspectral imager (a). Next, the user decides how many different object classes 

are present in the image (b). This number is used for examining the performance of three different unsupervised 

segmentation algorithms, namely k-means clustering, hierarchical clustering and Gaussian Mixture Models (c). 

The best result of this unsupervised segmentation is then selected by the user (d). When the unsupervised 

segmentation algorithms perform poorly, according to the user, the unsupervised segmentation is searching for 

an extra object class. This is repeated until a satisfactory segmentation of the objects has been reached, where 

it is accepted that one object may be split in two different groups. The final classification model is then used to 

select the most interesting spectra for each object. In the case that an object had been split in two groups, these 

are both assigned to the same class. These spectra form the training set on which a supervised segmentation 

algorithm is trained (e). This supervised segmentation model is then applied to 5 independent measurements 

(f) of new samples and for every segmentation, the user decides if the segmentation is acceptable. If the seg-

mentation was sufficiently accurate for all 5 test samples, the segmentation algorithm is implemented for in-line 

application (g). However, if the supervised segmentation was, according to the user, not accurate enough for one 

of the 5 test samples, the corresponding hypercube is reprocessed starting from the unsupervised segmentation 

algorithms and the correctly segmented hypercube for this test sample is used to augment the training set and 

build a new supervised classifier.

Figure 1. Overview of the segmentation algorithm. The blue arrows indicate a bad unsupervised or supervised classification, 
while the green arrow indicates a good unsupervised segmentation.

The first important step in the algorithm is the unsupervised classification of the hypercube. Three, often used, 

classification algorithms have been investigated. The first algorithm is k-means clustering applied on preproc-

essed spectra. It is an iterative method searching for the chosen number of cluster centers. Every spectrum is 

classified according to the nearest cluster center. Each time a new spectrum has been classified, the mean of 

each cluster is recalculated. This is repeated until there is no change anymore, or until 100 iterations have been 

performed3,2. The squared Euclidean distance, applied on the original variables, has been used as distance 

measure. Four repetitions of the algorithm are conducted, using different cluster centers to start with, to reduce 

the chance of finding suboptimal results. The second classification algorithm investigated is the use of agglom-

erative hierarchical clustering2. This technique assigns every spectrum to a different cluster and combines simi-

lar clusters until the wished number of clusters has been found. The method has been applied on the principal 

component scores which explain more than 1% of the present variance in the dataset. A method to minimize the 

within-cluster sums of squares, Ward’s method, has been used to decide on the similarity between clusters 4. Fi-

nally, multivariate Gaussian Mixture Models (GMM) based on the Expectation- Maximization algorithm were also 

used to segment the hypercubes. The Expectation-step (E-step) involves the estimation of a probability density 
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function over the missing data, in this case the cluster where a pixel belongs to. The Maximization-step (M-step) 

consists of a re-estimation of the model parameters by using these results. This is repeated until convergence 

of the results5. A Gaussian mixture distribution has been fitted to the data. The efficiency of these unsupervised 

techniques has been compared. A supervisor decided if the segmentation of each hypercube was accurate 

based on a comparison between the segmented image and an RGB image, which was simulated based on the 

hyperspectral images.

The next step in the algorithm is a classification of new data in a supervised way which requires a training set 

covering the relevant spectral variation. As hypercubes contain many pixel spectra which are very similar, it is 

better to select only a subset of the spectra for the training set. In this research, five spectra per object class were 

selected using the Kennard-Stone selection algorithm6 with Euclidean distance calculated from the scores values 

for the first 3 principal components of the data. Prior to applying the Kennard-Stone algorithm, the 1 % most 

extreme spectra (largest Euclidean distance from the median spectrum for each object class) were removed to 

avoid that erroneous spectra (outliers) would dominate the training set. Three different supervised classification 

techniques were evaluated: The first is Support Vector Machines (SVM)7 based on the principal components of 

the data that explain at least 1% of the total present variation in the training set. A binary SVM classifier using 

a Gaussian kernel was built for each object class. The second technique investigated is Partial Least Squares-

Discriminant Analysis (PLS-DA)8, which is a technique based on PLS regression to classfiy groups in a dataset. 

Three latent variables were used. Lastly, Soft Independent Modeling of Class Analogy (SIMCA) was investi-

gated9. This technique conducts a PCA analysis on each object class and keeps the first 3 principal components, 

describing more than 95 % of the present variance in each class. Afterwards, when a new spectrum is shown 

to the algorithm, the algorithm will search for the smallest distance between the new spectrum and each object 

class. These techniques were compared based on the acquired accuracy and the time needed to classify every 

pixel in the hypercube. The achieved accuracy is quantified by comparing the result of the supervised segmenta-

tion with the result of a correct unsupervised segmentation of the same hypercube, the total number of correctly 

segmented pixels is divided by the total number of pixels in the image to calculate the accuracy.

The last step is the evaluation phase. In this phase, a supervisor should decide based on the results of the se-

lected segmentation model on 5 test hypercubes if the segmentation is acceptable. When this segmentation was 

not acceptable, the corresponding hypercube was processed using the complete algorithm, starting from the 

unsupervised segmentation. The spectra selected after this unsupervised segmentation are added to the exist-

ing training set. To investigate the added value of the evaluation phase in the algorithm, the effect of using two 

training images in the training set on classification accuracy and time needed to segment a hypercube of vine 

tomatoes is compared with the use of only one training image.

2. Samples

During this research, vine tomatoes (Solanum lycopersicum) were used to test the efficiency of the algorithm. In 

June 2014, 36 vines of the cultivar Merlice were harvested at ‘Proefstation voor de groenteteelt’ (Sint-Katelijne-

Waver, Belgium), and in August 2014, 36 vines of the cultivar Prunus were harvested at ‘Proefcentrum Hoog-

straten’ (Hoogstraten, Belgium). Every harvest period, tomatoes in three ripeness stages were selected, namely 

unripe, commercial harvest and overripe. The tomatoes of every ripeness stage were divided in four groups and 

every group was measured at a different day, to obtain a dataset covering all relevant variability. Group 1 was 

measured at day 0 (= day of harvest), group 2 at day 3, group 3 at day 7 and group 4 at day 10. The tomatoes 

were stored in a fridge at a constant temperature of 18 °C and a relative humidity of 80 %. Every truss of toma-

toes was measured once.
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3. hyperspectral imaging

In this research, a line-scan hyperspectral imaging system (Figure 2) was used. A linear translation stage (Franke 

GmbH, Aalen, Germany) moves the samples under the line scan hyperspectral camera system consisting of a 

VisNIR lens with a focal length of 17 mm (CM120 BK15 COMPACT, Schneider Kreuznach, Bad Kreuznach, 

Germany), a spectrograph (Imspector V10, Spectral Imaging Ltd., Oulu, Finland) and a 12 bit monochrome 

CCD camera (TXG14NIR, Baumer, Frauenfeld, Switzerland). The camera is sensitive for light with a wavelength 

between 400 nm and 1000 nm. The illumination consists of 4 DC-halogen lamps (Decostar Alu 35, OSRAM, 

Munichn Germany) with a diffuser (TSG-LEGB, Knight Optical Ltd., Kent, United Kingdom) mounted in front and 

placed in an arc-shape around the translation stage to obtain a uniform illumination.

Figure 2. The hyperspectral setup showing the hyperspectral camera, the translation stage and the illumination

A pc was used to control the linear translation stage and the camera (Labview version 9.0, National Instruments 

Corporation, Austin, TX, USA). The exposure time was optimized for tomatoes at 35 ms. White and dark refer-

ences were measured every day. The relative reflectance in a pixel was calculated as described by Wallays et 

al. (2009). With every step of the translation stage, the camera takes one image, containing spatial and spectral 

information in the field-of-view of the camera. These images are combined using Matlab forming a hypercube 

containing as well spatial as spectral information. To reduce the size of the data, the images were binned by 

a factor 4, resulting in a spatial resolution of 0.8 mm and a spectral resolution of 2.56 nm. All the spectra were 

preprocessed using a Savitzky-Golay filtering10 with a window width of 15 points (38.4 nm), a second order poly-

nomial and a first derivative. The developed algorithm was elaborated in Matlab (version 8.4.0, The Mathworks 

Inc., Nattick, MI, USA) using the statistics and machine learning toolbox and combined with the PLS-Toolbox 

(version 8.0, Eigenvector Research Inc., Manson, WA, USA) on a desktop pc (Intell® CoreTM i5, CPU: 2.8GHz, 

RAM: 6GB).

rESultS aNd dIScuSSIoN

In Table 1, the results of the unsupervised segmentation are summarized. K-means clustering achieved the best 

results, providing a correct segmentation of 83.33 % of the investigated hypercubes (from the entire data set in 

background, stalk and tomato flesh). Hierarchical clustering and multivariate Gaussian mixture models achieved 

considerably lower correct classification rates. However, they showed added value to the k-means clustering as 

the number of correctly segmented images increases if all three methods are used compared to only k-means 

clustering.

The results achieved for the unsupervised segmentation methods were used to select the 5 most informative 

pixel spectra for each object class in the image based on the Kennard-Stone selection algorithm. These spectra 

were then used to build a supervised model that was validated on 5 different hypercubes. The results are sum-

marized in Table 2. It is clear that, when using only one training image, PLS-DA gives the best accuracy, while 

table 1. Results of the three unsupervised segmentation techniques on the vine tomato data. 

k-means clustering hierarchical clustering GMM total

Result (%) 83.33 55.56 38.89 86.11
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using the least amount of time to process one hypercube. When adding a second training image, PLS-DA still 

gives the best result, with a correct classification rate of 97 % at pixel level. This indicates that the algorithm is 

able to cope with tomatoes of very different ripeness and of different cultivars by building only one supervised 

model, showing the flexibility of the algorithm. As it only needs 0.52 s to process one hypercube in Matlab, it is 

fast enough for use in in-line quality sorting of vine tomatoes.

coNcluSIoN

A semi-supervised segmentation algorithm has been elaborated to classify the pixels in a hyperspectral image 

into the different object classes. To illustrate the performance of this algorithm, a dataset of vine tomatoes was 

recorded, and the performance of the algorithm in segmenting the hypercubes in background, stalk and tomato 

flesh was investigated. When applying the algorithm to this dataset a correct classification rate of 97 % was 

achieved. The time needed to segment one hypercube is 0.52 s, which makes it very suitable for use in a sorting 

line where products should be sorted based on quality.
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INtroductIoN

Carbonaceous particulate matter, usually classified into two categories, organic carbon (OC) and elemental car-

bon (EC), constitutes a significant fraction of the atmospheric aerosol1, which in recent years has gained increas-

ing attention due to its influence on global warming, visibility degradation, and human health2. Interestingly, the 

OC mixture can be of both primary (emitted directly into the atmosphere) and secondary origin (formed through 

atmosphere physical and chemical reactions)3, comprising compounds like polycyclic aromatic hydrocarbons, 

known for their potential to induce carcinogenic and mutagenic effects. In contrast, EC is essentially a primary 

pollutant generated from incomplete combustion processes4, which does not undergo chemical transformations. 

Therefore, it is essential to know which fraction of EC and OC are emitted to the atmosphere in order to effec-

tively implement air pollution mitigation strategies.

Thermal-optical analysis methods has been widely used for the determination of OC and EC in aerosol samples5. 

Among these, thermal-optical transmission (TOT) is one of the most common used approaches6. This analysis 

involves the destructive measurement of the filters employed for collecting the suspended particles, which is 

time consuming even when only a small portion of the filters is analyzed. Therefore, fast and accurate methods 

for analysis of carbonaceous aerosols are needed in order to investigate their distribution and dynamics for air 

quality monitoring purposes. In this sense, near infrared spectroscopy coupled with a hyperspectral detector 

(HSI-NIR) together with the proper multivariate data analysis comes as alternative.

Hyperspectral imaging is a non-invasively technique which has been extensively applied on remote sensing for 

environmental monitoring7. In this sense, the applications of hyperspectral imaging to monitor natural resources, 

vegetation and surface water, have been widely tested8. However, to the best of our knowledge, no other studies 

have been focused on monitoring aerosol chemical parameters from hyperspectral data.

The aim of this work is to establish a methodology for OC and EC monitoring in atmospheric particulate matter 

fusing the power of HIS-NIR and multivariate data analysis, being validated with the standard reference method 

of TOT analysis. 

Quantitative determination of atmospheric organic carbon (OC) and elemental carbon (EC), is of utmost rel-

evance in environmental chemistry due to its influence on global warming, visibility degradation, and human 

health. Thermal-optical transmission (TOT) is the most common analytical method used, but it is destructive, 

time consuming and only a small portion of the samples is analyzed. Therefore, near infrared spectroscopy 

coupled with a hyperspectral detector (HSI-NIR) together with the proper multivariate data analysis comes as 

strong alternative.

This works aims at establishing a methodology for the monitoring of OC and EC in atmospheric particulate matter 

fusing HSI-NIR and multivariate data analysis, being validated with TOT analysis. In this sense, the PLS regres-

sion models developed showed a strong correlation between the HSI-NIR information and the TOT technique: 

R2> 0.820 for EC model and R2>0.857 for OC model. This demonstrates the feasibility of using HSI-NIR for 

quantitative assessment of carbonaceous particulate matter in air pollution monitoring.

KEYWORDS: elemental carbon, organic carbon, HSI-NIR, atmospheric monitoring, chemometrics
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MatErIalS aNd MEthodS

Sampling site. Carbonaceous aerosol samples were collected at the School of Engineering of Bilbao, Bilbao 

City, Spain (longitude 2°56′56.24′′W, latitude 43°15′44.86′′N). This site is located in an urban area near the city ́s 

central bus station and a traffic dense highway.

aerosol samples. PM10 and PM2.5 aerosol samples were captured onto 47 mm diameter quartz-fiber filters 

(Whatman International Ltd., England), by using a low-volume sampling system (Derenda LVS3.1 sampler, Ber-

lin, Germany) at a flow rate of 2.3 m3 h-1. A total of 12 samples were taken in labor and weekend days: 2, 6 and 

10 h average samples for PM10 samples; 4, 8 and 12 h average samples for PM2.5 samples. Also three blank 

filters (0 h sampling) were taken as field (2) and laboratory (1) blanks.

analysis. The filters were analyzed for OC and EC using a laboratory OCEC analyzer (Sunset Laboratory Inc.) 

with a multistep temperature programme9. HSI-NIR measurements were taken using the UmBio inspector (Um-

Bio AS, Sweeden). The pixel resolution was set to 300 μm; while the spectral wavelength range was 1000–2700 

nm.

Modeling methods. Principal component analysis (PCA) and Partial Least Squares (PLS) methods were ap-

plied and implemented in Matlab (v.7.0, The Mathworks, MA, USA) by using the PLS Toolbox 7.9.5 (Eigenvector 

Research Inc., Wenatchee, WA).

rESultS aNd dIScuSSIoN
First, a PCA model was performed as exploratory analysis to study the spectral variability of the filters under 

study. The Standard Normal Variate (SNV) and mean center were used as preprocessing methods applied to the 

spectra. As a result, the total variance explained by the two PCs was higher than 97%, highlighting that the PC1 

explained almost all the variance (92.51%). This PC was shown to be highly correlated to the aerosol concentra-

tion as it can be observed in Figure 1.

Second, PLS regression was used to generate the calibration models from the filters hyperspectral data by using 

the reference values obtained from TOT analysis. This multivariate calibration method will allow us for a quantita-

tive determination of the both carbonaceous aerosol fractions (EC and OC) from the filters spectral signatures. In 

this sense, the appropriate selection of spectral ranges as well as adequate data treatment of the spectroscopic 

information was implemented in order to enhance the quality of the prediction models, as shown in Table 1.
   

         

Figure 1. PCA model of the hypercube. Score surfaces of 
the PC1 (top left) and PC2 (top right) and the corresponding 
loadings (bottom).

table 1. PLS regression models parameters

Model Number of lVs range (nm) Preprocessing

Ec 1 Full (1000-2700 nm) SNV + Smoothing
oc 6 1600 – 2200 nm SNV + First Derivative

DOI: 10.17648/nIr-2015-34194 



     56
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

Thus, PLS-1 regression models with 6 latent variables (OC) and 1 latent variables (EC) were built, where Figure 

3 and Figure 4 show the quality of the PLS models obtained for the different carbonaceous fractions. The per-

formance of each calibration model was assessed through the coefficient of determination (R2), the Root Mean 

Square Error of Cross-Validation (RMSECV) (calculated based on the leave-one-out algorithm), the Root Mean 

Square Error of Calibration (RMSEC), the Calibration Bias and the Cross-Validation (CV) Bias.

In general, the PLSR models performed considerably well, showing high correlation coefficients (R2>0.82) and 

low calibration errors between the mean spectra of each filter and the corresponding reference value measured 

for the elemental (EC) and organic carbon (OC).

coNcluSIoNS

The PCA model on particulate filters measurements demonstrated that HSI-NIR can be a reliable, fast and non- 

destructive method to monitor atmospheric particulate matter trends. This was corroborated by the PLS models 

developed for quantification of OC and EC, which showed a strong correlation between the HSI-NIR information 

and the TOT technique, demonstrating the feasibility of using HSI-NIR for quantitative purposes in air pollution 

monitoring.
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Figure 2. PLS regression model for atmospheric el-
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Figure 3. PLS regression model for atmospheric or-
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INtroductIoN

The recently presented Dexter et al. (2008)1 threshold (ratio of clay to organic carbon (OC) of 10 kg/kg-1) is a 

good indicator for numerous soil functional properties. For soils with a clay/OC < 10, non-complexed OC is avail-

able for soil structure buildup and important biophysical functions. Soils with clay/OC > 10 have critically high 

clay to OC ratio and reduced functionality which may cause reduced aggregate stability and potentially have a 

negative effect on yields of agricultural crops.

Conventional analysis of OC and clay are costly and time consuming, thus an alternative method to quantify OC, 

clay or clay/OC ratio directly would be valuable. Visible near infrared spectroscopy (vis-NIRS) is a cost-effective 

analytical method which has been applied to soil analysis since the mid-1990’s. The absorption in the vis region 

are associated with minerals containing iron (realted to clay due to metal-OH bend) and with organic matter (due 

to color)2. The NIR region is dominated by bonds characteristic of both organic and inorganic matter. Thus, there 

is a rational for using vis-NIRS to OC and clay estimation. Here, for the first time the feasibility of using vis-NIRS 

to predict clay/OC ratio by utilizing Partial Least Squares regression (PLSR) was tested.

MatErIalS aNd MEthodS

Soil samples originated from two agricultural fields (Silstrup and Sørvad) in north-western and western Denmark 

(Fig. 1). In Silstrup, 65 topsoil samples were collected on a 15 m grid. In order to select representative locations 

for soil sampling in Sørvad, a conditioned Latin Hypercube sampling (cLHs) strategy was applied. The use of 

cLHs in digital soil mapping was suggested by Minasny et al. (2006)3.

The recently presented Dexter et al. (2008) threshold (ratio of clay to organic carbon (OC) of 10 kg/kg-1) is a 

good indicator for soil functional properties. However, the conventional analysis of OC and clay are costly and 

time consuming, thus an alternative method to quantify OC, clay or clay/OC ratio directly would be valuable. Vis-

ible near infrared spectroscopy (vis-NIRS) is a cost-effective method for soil analysis and was tested here for the 

prediction of clay/OC ratio. Soil samples from two agricultural fields in Denmark (N=115) were analyzed. Partial 

Least Squares regression (full cross-validation) was performed on 80% randomly selected samples to correlate 

soil spectra with OC, clay and clay/OC. The robustness of calibration models was tested on the remaining 20% 

of the samples. The soil from the two study sites vary greatly presenting clay/OC ratio between 1.20 and 10.43. 

Successful calibration results for OC, clay and clay/OC ratio were generated. The OC content was predicted with 

a RMSEP of 0.23%, R2 of 0.96, whereas the prediction of clay resulted in RMSEP=0.94%, and R2=0.94. The 

most successful predictive ability reported was of the clay/OC ratio (RMSEP=0.42, and Rz=0.97) with the most 

important absorption bands related to both clay minerals (1421, 1910 and 2206 nm – OH bonds and 429, 720 

nm – Fe oxides) and organic carbon (1730, 2160 nm and 2310 nm). The results of this study show that vis-NIRS 

can provide very successful and direct determination of Dexter index on a field scale through its correlation to 

both OC and clay.

KEYWORDS: NIRS, soil quality, clay/organic carbon ratio
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This method ensures a full coverage of the range of each variable by maximally stratifying the marginal distribu-

tion. It can represent the complicated nature of a landscape variation well. cLHs sampling was based on the 

electrical conductivity (EC) data available for this field and terrain attributes4. In total 50 samples were collected 

at this site (Fig. 1).

Figure 1. Location of the study sites. 

Collected soil samples analyzed with the conventional laboratory methods for soil texture and organic carbon 

(OC). Soil texture was determined by a combination of wet-sieving and hydrometer methods. Soil organic car-

bon was determined on a FLASH 2000 organic elemental analyzer coupled to a thermal conductivity detector 

(Thermo Fisher Scientific, Walthman, MA, USA).

Spectral measurements were conducted on air dried and 2 mm sieved soils using vis-NIR (400-2500 nm) spec-

trometer DS2500 (Foss, HIllerød, Denmark). Approximately 40 g of soil were placed in a sample holder which 

rotated seven times during the analysis. At each position four spectra were collected and averaged into one 

representative spectrum per sample.

Partial Least Squares regression (full cross-validation) was performed on 80% randomly selected samples to 

correlate soil spectra with OC, clay and clay/OC. The precision and robustness of calibration models was tested 

on the remaining 20% of the samples and evaluated using: root mean square error of prediction (RMSEP); R2; 

and a ratio of performance to inter-quartile range (RPIQ). Analysis of regression coefficients was also performed.

rESultS aNd dIScuSSIoN

The soil from the two study sites vary from very sandy (90% sand) to clayey (24% clay) and from lower (1.5% 

OC) to high in OC content (>6%), giving clay/OC ratio between 1.20 and 10.43 (Table 1).
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Where: cal: calibration data set; val: validation data set; OC: organic carbon; SD: standard deviation; 

             Q1: the first inter- quartile; Q3: the third inter-quartile

Successful calibration and validation results for OC, clay and clay/OC ratio were generated (Table 2 and Fig. 

2). The prediction of clay resulted in RMSEP=0.9%, R2=0.94, and a high RPIQ (7). The highest values of the 

regression coefficient in the clay model were located at 541 and 640 nm (Fe oxides) and at 1412, 1910 and 2208 

nm (OH bond) (Fig. 2).

Where: cal: calibration data set; val: validation data set; OC: organic carbon; RMSECV: room mean square error 

of calibration; RMSEP: root mean square of prediction; RPIQ: Q1-Q3/RMSEP; LV’s: number of latent variables

The OC content was predicted with a RMSEP of 0.2%, R2 of 0.96 and RPIQ of 5. The important wavebands 

were related to soil organic matter (780, 1727, 2311 and 2330 nm), Fe oxides (442, 490, 560 nm) and OH bonds 

(1908 and 2208 nm) (Fig. 2). The most successful predictive ability reported was interestingly of the clay/OC ratio

(RMSEP=0.4, R2=0.97, RPIQ=11). The most important absorption bands were related to both clay minerals 

(1421, 1910 and 2206 nm – OH bonds and 429, 720 nm – Fe oxides) and organic carbon (1730, 2160 nm and 

2310 nm) (Fig. 2).

table 1. General statistics for the calibration and the validation datasets

clay (%) oc (%) clay/oc

cal. (N=92) val. (N=23) cal. (N=92) val. (N=23) cal. (N=92) val. (N=23)

Mean 13.6 12.1 2.8 2.6 5.9 5.6

Max 24.9 18.5 6.3 7.5 10.2 10.4

Min 5.9 5.6 1.6 1.7 1.6 1.2

Sd 3.9 4.4 1.4 1.4 2.8 2.9

Skewness -0.3 -0.1 1.3 2.7 -0.3 0.04

Kurtosis 0.2 -1.5 0.1 7.4 -1.5 -1.4

Median 14.8 14.3 2.0 2.1 7.2 6.9

Q1 10.6 8.5 1.9 1.9 2.8 3.3

Q3 16.2 15.2 3.2 2.4 8.1 7.8

table 1. The results of Partial Least Squares regression for clay, OC and Dexter n.

clay (%) oc (%) clay/oc

cal. (N=92) val. (N=23) cal. (N=92) val. (N=23) cal. (N=92) val. (N=23)

rMSEcV/ rMSEP 1.2 0.9 0.3 0.2 0.5 0.4

r2 0.91 0.94 0.94 0.96 0.97 0.97

rPIQ 6 7 4 5 11 11

lVs 6 - 8 - 6 -

Q3 16.2 15.2 3.2 2.4 8.1 7.8
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Figure 2. Regression coefficients from clay, OC and clay/OC ratio PLSR models.

coNcluSIoN

The results of this study show that vis-NIRS can provide very successful and direct determination of clay/OC 

ratio on a field scale through its correlation to both OC and clay. Further studies across different soil types will 

be conducted.
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INtroductIoN

Certain apple cultivars are prone to development of internal flesh browning after prolonged storage in controlled 

atmosphere (CA) storage, rendering consignments unacceptable to the market. The syndrome is believed to 

result from membrane disruption, with oxidation of polyphenols normally localised to the vacuole to the brown 

compound, quinone, or its insoluble polymer, melanin1. The disorder is associated with varieties with lower inter-

cellular space content but incidence severity is influenced by both pre and postharvest factors, and their interac-

tion2. The incidence of the disorder can therefore be erratic3.

Fruit retailers set a specification of <2% of fruit affected by these ‘major defects’ in the given consignment. This 

market pressure creates demand for a technology capable of detection of the disorder in fruit, allowing for sorting 

to remove defect fruit. A number of methods has been proposed for detection of internal defects in fruit, including 

X ray imaging4, magnetic resonance imaging (MRI)5, near infrared spectroscopy (NIR)6 and time resolved spec-

troscopy (TRS)7. Visible-shortwave NIR spectroscopy has potential for detecting and sorting internal browning 

in apple8,9, with previous reports considering use of indices based on ratio or difference of absorbance at two 

wavelengths, or based on partial least square (PLS) regression using a visible-SWNIR region. However, this ap-

plication is suited to a discriminant analysis, with accept/reject grading. In the current study, we compare a PLS 

based model to a number of discriminant techniques.

MatErIalS aNd MEthodS
Fruit

Apple cv. Pink LadyTM grown in Stanthorpe, Queensland, Australia were harvested at commercial maturity 

in April 2013, stored for 24 weeks in an atmosphere of 1-2% O2 and 4-5% CO2 concentration, transported to 

Rockhampton, Queensland at 25 oC and then stored for another 8 weeks at 4 oC. Fruit temperature was raised 

to 25 oC for 6 h before spectra were acquired. Three independent populations of fruit with a total of 227 fruit 

(71 good and 156 defect) were used. Population 1(90 fruit; 31 good and 59 defect), was used for calibration 

model development. Population 2 and 3 (60 fruit; 12 good and 48 defect, and 77 fruit, 28 good and 49 defect, 

respectively), were used in testing of the developed models. Four spectra were acquired per fruit, at equidistant 

positions around the fruit equator.

Visible – short wave near infrared spectroscopy (Vis-SWNIR) has been suggested for detection of internal de-

fects such as internal flesh browning in pome fruits like apple and pear. A 5 point scale visual score was used as 

a reference assessment method. Fruit spectra were acquired using a MMS1 spectrometer in a partial transmit-

tance configuration and pre-processed using averaging, multiple scatter correction or standard normal variate. 

Partial least squares regression and classification tools were trialed. Prediction statistics for PLSR models of 

around (r2p= 0.75, RMSEP= 0.21 were achieved. Sorting of defect from acceptable fruit was based on a thresh-

old prediction value of 2.49. This result was compared to that achieved using a straight discriminant analysis in-

volving K Nearest neighbours (KNN), Partial Least Square Discriminant Analysis (PLS-DA), Linear Discriminant 

Analysis (LDA), Support Vector Machine (SVM) and multinomial logistic regression methods. Prediction results 

were similar for all methods, except for a poor result with SIMCA. The technique is recommended for commercial 

sorting of apple fruit with internal browning.

KEYWORDS: fruit defects, classification, spectra
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Instrumentation

An in-house instrumentation named Internal Defect Detection, IDD0 (Fig. 1), employing a partial transmission 

optical geometry with a 300W halogen lamp and a MMS 1 photo-diode array spectrometer (302-1150 nm; with 

the 500-975 nm region used in models) operated with an integration time of 1000 ms;

Figure 1. Schematic diagram of IDD0 instrumentation, Lamp power supply (1), Fan power supply (2), Power switches (3,4) 
Fans (5), Lamp (6), Adjustable shutter (7) Fruit sample (8), Heat sink (9), Lens assembly (10), Fibre optic of spectrometer (11), 
Analog to digital converter (12) and Computer (13) for data acquisition and processing.

reference method
Visual browning score

A panel of scorers was trained in the score assignment for the severity of defect as visible in a transverse equato-

rial cut of the fruit, using a 5 point scale, where scorers were assisted by a reference pictorial chart (Fig. 2.). The 

average value of all scorers was used.

Figure 2. Cut surfaces of apple with diffuse internal browning symptoms in increasing order of browning intensity from left to 

right, with visual score ratings of 1 to 5, respectively.

data analysis

Data analysis was carried out by using Excel (Microsoft, USA), The Unscrambler 10.3 (Camo, Norway) and MAT-

Lab R2014a (Mathworks Inc., Natick, USA) with PLS toolbox 7.3 (Eigenvector Research Inc. Wenatchee, USA)

 

rESultS aNd dIScuSSIoN

Spectral features and regression results

Fruit absorbance spectra is characterized by features associated with anthocyanin at around 550 nm, chlorophyll 

at around 665 nm and water at 730, 840 and 950 nm. Average absorbance values were higher for defect relative 

to sound fruit at wavelengths less than 730 nm for the IDD0 spectra (Fig. 3). The higher absorbance values in this 

region may represent absorption of light by the polyphenols associated with browning. The strongest correlation 
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between absorbance at a single wavelength and defect intensity was achieved around 590 nm. PLSR mod-

els were developed using 500-975 nm with visual score as a reference parameter (R2=0.83, RMSECV=0.62). 

Smooth regression coefficients were obtained for the region 500-975 nm. The PLSR model gave strong weight-

ing to absorbance at 670, 710 and 900 nm.

Figure 3. Average absorption spectra of good and defect fruit, and the difference spectra (A), correlation coefficients for the 
univariate correlation of absorbance at a given wavelength and visual score (B) and the regression coefficients of a PLS model 
(C) from a mixed population of 1 and 2.

Classification

A PLSR model developed using population 1 was used in prediction of populations 1 and 2, with r2p = 0.66 and 

0.85, and RMSEP = 0.83 and 1.27, respectively. Use a threshold value of 2.49, fruit were classified into good and 

defect groups, with classification errors detailed in Table 1.

Discrimination of sound fruit from defect based on spectral information was trialed using several classification 

algorithms, including partial least square discriminant analysis (PLSDA), linear discriminant analysis (LDA), k-

nearest neighborhood (k-NN), Soft Independent Modelling of Class Analogy (SIMCA), Support Vector Machine 

Classification (SVM) and logistic regression (LR). Comparable results were obtained with most of classification 

algorithms, except for SIMCA, which yielded a poorer result. Discriminant procedures such as SVM, logistic re-

gression and PLS-DA outperformed the PLSR with threshold approach (for prediction set 2)(Table 1).
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table 1. Classification of good and defect fruit in calibration and in prediction of independent sets using absorbance spectra 
collected at 500-975 nm against a reference assessment of visual score. TPR is true positive rate, TNR is true negative rate. 
Accuracy (Accu.) is mean of TPR and TNR, false discovery rate (FDR) is [FP/(TP+FP)] Units are in percentage.

coNcluSIoN

Internal diffuse browning in apple developing during controlled atmosphere storage is a problem that has likely 

been exacerbated by recent breeding programs focussed on improved crispness in the eating experience. In 

line sorting to remove affected fruit, to meet retailer specifications of <2% affected fruit, is a desirable to avoid 

rejection of whole consignments. Another possibility is monitoring of a number of ‘sentinel’ fruit within the con-

trolled atmosphere storage to detect the onset of the disorder. Near infrared spectroscopy using a partial or full 

transmission geometry over the wavelength range 500-975 nm is recommended for detection of the internal flesh 

browning using a PLS –DA classification method.

acknowledgments
Authors are thankful to MAF Roda, France for use of equipment and farmers of Queensland, Australia for fruit 

samples.

references
1. Hatoum, D.; Annaratone, C.; Hertog, M.L.A.T.M.; Geeraerd, A. H.; Nicolai, B.M. Postharvest Biology and Tech-

nology, 2014, 96, 33-41.

2. Castro, E.; Barrett, D.M.; Jobling, J.; Mitcham, E.J. Postharvest Biology and Technology, 2008, 48, 182-191.

3. James, H.J.; Jobling, H.J. Postharvest Biology and Technology, 2009, 53, 36-42.

4. Herremans, E.; Melado-Herreros, A.; Defraeye, T.; Verlinden, B.; Hertog, M.; Verboven, P.; Val, J.; Fernández- 

Valle, M.E.; Bongaers, E.; Estrade, P.; Wevers, M.; Barreiro, P.; Nicolaï, B.M. Postharvest Biology and Technol-

ogy, 2014, 87, 42-50.

5. Gonzalez, J.J.; Valle, R.C.; Bobroff, S.; Biasi, W.V.; Mitcham, E.J.; McCarthy, M.J. Postharvest Biology and 

Technology, 2001, 22, 179-188.

6. Upchurch, B.L.; Throop, J.A.; Aneshansley, D.J. Postharvest Biology and Technology, 1997, 10, 15-19.

7. Vanoli, M.; Rizzolo, A.; Grassi, M.; Spinelli, L.; Verlinden, B.E.; Torricelli, A. Postharvest Biology and

Technology, 2014, 91, 112-121.

8. Clark, C.J.; McGlone, V.A.; Jordan, R.B. Postharvest Biology and Technology, 2003, 28, 87-96.

9. McGlone, V.A.; Martinsen, P.J.; Clark, C.J.; Jordan, R.B. Postharvest Biology and Technology, 2005, 37,142- 

151.

DOI: 10.17648/nIr-2015-34209 



     65
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

INtroductIoN

Hyperspectral imaging (HSI) is a non-destructive technique to explore surfaces in more detail than single point 

spectroscopy. Each pixel of a hyperspectral image, usually highly correlated to its neighbours, contains the 

spectrum of that specific position. Thus, the hyperspectral image contains both spatial and spectral information 

of a sample. The data are organized in three-dimensional blocks, called hypercubes. Many devices for acquiring 

hyperspectral images have been manufactured and there is an increasing interest for improving the data analy-

sis techniques applied to such complex datasets1. Despite being one of the main advantages of hyperspectral 

systems, the large datasets routinely encountered in HSI, can complicate the extraction of useful information 

since much of the information obtained is redundant2. Multivariate data analysis, or Chemometrics, is a suitable 

approach to reduce the dimensionality of the data while retaining the most useful spectral information. A useful 

methodology that can reduce the data dimension is the variable selection. In variable selection wavelengths that 

would be most influential on product quality evaluation are selected, removing the wavelengths that have no or 

low discrimination power. In this way, the data dimension is reduced while preserving the most useful informa-

tion3.The variables selected depend on the behaviour of spectral responses under modification of the samples 

and on differences among them.

Hyperspectral imaging (HSI) is a powerful analytical tool but the large amount of data typically generated dur-

ing HSI acquisition can limit subsequent industrial applications. In order to extract the relevant information, it 

is possible to adapt the classical chemometric techniques for the identification of key wavelengths for a given 

quality control issue. This would allow the development of multispectral devices, intended for specific product 

control. Acerola is a typical Brazilian fruit that at the initial stages of ripening is green, changing to yellow-reddish 

colour and finally to purple when it is completely ripened. Due to its high moisture content, a rapid deterioration 

is commonly observed on ripening. This work is focused on the changes in post-harvest quality of Acerola fruits, 

with the aim of developing an easy way to visualize the global fruit status during ripening. An investigation of 20 

samples for five consecutive days was carried out to highlight the most important wavelengths that characterized 

the maturity/senescence process of the Acerola fruit, investigating the evolution of acerolas mean spectra during 

time. The three wavelengths selected were 1883 nm, 1407 nm and 1136 nm, related to absorption and overtones 

of OH and CH bonds. Grey scale images at these selected wavelengths were combined to provide a false RGB 

image that allowed evaluation of the ripening process in a rapid and non-destructive manner. These results will 

facilitate the development of a low cost multispectral imaging system characterized by a simple image based 

output that could improve quality monitoring of acerola.

KEYWORDS: hyperspectral. Acerola, Malpighia emarginata, wavelengths selection, ripeness
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Fruit quality is defined by a series of external characteristics that make the product more or less attractive to the 

consumer, including suitability to be eaten as fresh or stored for reasonable period without deterioration4. Fruit 

quality could be considered as a multivariate concept encompassing the physical, physiological, nutritional, and 

pathological attributes that affect shelf life3. The ripe phenotype is the  summation of biochemical and physi-

ological changes that occur at the terminal stage of fruit development, rendering it edible and desirable to seed-

dispersing animals. These changes, although variable among species, generally include modification of cell wall 

ultrastructure and texture, conversion of starch to sugars, increased susceptibility  to post-harvest pathogens, 

alterations in pigment biosynthesis and accumulation, and heightened levels of flavour and aromatic volatiles5. 

Nowadays, fruit are managed manually or automatically on the basis of external quality features but the high 

risk of human error in the classification process has been underlined as one of the most important drawbacks 

that machine vision can help preventing6. Vision systems for fruit sorting were traditionally based on video cam-

eras working in the visible wavelength range, limited to obtain information on the external aspect like colour or 

damages presence. More information about sample composition might be obtained by computer vision, which 

can acquire a set of optimised monochromatic images at few selected wavelengths, and can make possible 

to estimate or discover features, difficult to uncover with traditional vision systems like dry matter, total soluble 

solids and acidity7. The use of NIR spectroscopic information and hyperspectral imaging as a non-destructive 

measurements of quality attributes has been implemented only recently in the post-harvest field (https://www.

tomra.com/en; http://www.aweta.nl/it).

Acerola (Malpighia emarginata, Junco cultivar) is a fruit native to Central America and Northern South America, 

with some of the largest plantings occurring in Brazil, and it has recently been introduced in subtropical areas 

throughout the world, including Southeast Asia, India and South America. The plant provides flowers and fruits  

at different stages and, consequently, long fruiting periods are observed during the year. The fruit presents a 

short postharvest shelf-life (2 to 3 days) at room temperature8. The ripening process of acerola fruit involves a 

succession of complex biochemical reactions including starch hydrolysis, conversion of chloroplasts into chro-

moplasts with the transformation of chlorophyll and the production of carotenoids, anthocyanins, phenolics and 

volatile compounds that result in a colour change9. It has been increasingly recognized that in addition to vitamin 

C acerola contains other functional constituents such as carotenes, thiamine, riboflavin, niacin, proteins, and 

mineral salts, mainly iron, calcium and phosphorus which are beneficial to human health10. For these reasons 

Acerola is considered a super-fruit, nevertheless research on this Brazilian fruit is very limited and it has not yet 

been studied using non-destructive techniques for quality estimation. Furthermore, its biochemical evolution is 

not completely known and its perishability is very rapid, preventing the export of the fresh fruit. Table 1 shows the 

chemical composition of unripe and ripe acerolas.

The aim of this work is to lay the foundation for the development of a multispectral camera for the quality evalu-

ation of acerola fruit at different ripeness stages. This overarching aim was achieved by meeting two specific 

objectives:

(1) to evaluate the differences in hyperspectral images of acerolas at different maturity stages for the selection 

of useful wavelengths; 

(2) to develop a simple imaged based approach to allow global, rapid and non-destructive evaluation of the ma-

turity/senescence degree of acerolas.
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Table 1:Chemical composition of acerola juices at different stages of maturity (Righeto, 2005)

MatErIalS aNd MEthodS

Hyperspectral images of 20 acerolas were acquired for 5 consecutive days, giving a total of 100 images. The 

fruits were selectedat different initial ripeness degrees, based on the colour of the peel, and were stored at room 

temperature (25 ±2°C). According to literature, green was chosen as the initial stage, yellow as the middle and 

red  as the last stage of maturity8. A SisuChema Hyperspectral Imaging System (900 - 2500 nm) was used, 

equipped with a 50 mm lens with a minimum spatial resolution of 150 μm. One of the main aspects to be taken 

into account is the spherical shape of acerolas. In this case, two problems arise: the presence of bright  spots 

caused by the reflection of light and the progressive darkness of the borders, both caused by the effect of Lam-

bert’s cosine law7 To elaborate the huge amount of data and try to overcome the light artefacts, a chemometric 

approach was applied. A binary mask was first created to produce an image containing only the fruit, avoiding 

any interference from the background. For this task, the image at the wavelength in which the fruit appeared 

opaque, compared with the background, and can be segmented easily by simple  thresholding, was selected 

(1111 nm). The spectra of the fruit (without background) were pre-processed using automatic baseline correction 

(SNV) and multiplicative scatter correction (MSC) and then the data were smoothed (Savitzky-Golay smoothing, 

11 points) and mean centred. Other pre-processing treatments, such as first and second derivatives were tested, 

but the results were not improved; no outliers, dead pixels or spikes were detected in the hyperspectral images. 

An investigation of the change in acerolas mean spectra during time was carried out to highlight the most impor-

tant three wavelengths that characterized the ripeness process of the acerola fruit. This was done by subtracting 

the mean spectrum at day 1 from all subsequent mean spectra, for a given fruit. Consequently, for each fruit, the 

images at the three wavelengths with the widest variation along time, were plotted in grey scale and combined to 

make a false RGB image allowing an intuitive understanding of the qualitative status of each fruit.

rESultS

Figure 2 shows the mean spectra of all the fruits analysed during the five days shelf life. Simple visual approach-

es to evaluate the changes in spectra were not satisfactory since did not highlight remarkable differences. For 

this reason, the mean spectrum of each fruit at day 1 was subtracted from all subsequent images of the same 

fruit (day 2, 3, 4,  5), to identify the main changes, as shown in Figure 2,. As it can be seen in the right part of 

figure 2, the spectrum of the intially less ripe acerola does not change much during time, while from the image of 

the initially more ripe acerola (that in five days became senescent) it is possible to highlight the most important 

three wavelengths that characterized the acerola spectra. The three wavelengths, that appear to exhibit consist-

ent and large changes with time, were 1883 nm, due to the second overtone of the C═O double bond, 1407 nm, 
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the absorption band of the CH first overtone combination and first OH overtone, and 1136 nm characterized by 

the second overtone of CH bond. It difficult to interpret why these bands are changing with ripening due to the 

biochemical complexity of the ripening process that as previously said, has not been widely studied. To describe 

acerola using these most informative wavelengths, a RGB false image was created using the selected wave-

lengths as the red, green and blue channel.

Figure 2: mean spectra of all the fruits analysed during the five days shelf life with a zoom on acerola number 1 

and acerola number 20

As an example, the false colour images of the less ripe acerola number 1, and the more ripe , acerola number 

20, (that in five days passed from ripe to overripe), are presented in Figure 3 allowing monitoring of the ripening/

senescence process. It is evident that the changes of the peel colour in acerola number 1 during ripening  are 

not well represented in the false images while the senescence/degradation, which occurs on acerola number 20, 

is well-highlighted (figure 3).

Figure 3: Image of acerola 2 and acerola 20 at those selected wavelengths were combined to produce an RGB 

false image that was fallowed during 5 days

dIScuSSIoN aNd coNcluSIoN

The methodological approach for the wavelengths selection allowed the initial aim to be reached: the evaluation 

of Acerola post-harvest quality during ripening/senescence process, in a view of developing a simple multi-

spectral device for qualitative evaluation. During the work, unexpected variability of the acerola NIR profile was 

highlighted during time. In fact, a colour change from green to red, which is considered as a ripeness evolution 

index, does not correspond to a modification of the fruit composition, commonly reflected in NIR spectra. Spec-

tral modification, that allowed variable selection, appears more evident when acerola colour turns from red to 

purple-brown during the degradation process of the fruit. As a matter of fact, the distinction between ripening 

and senescence has never been finely drawn13 so the phenomena that we highlighted with the hyperspectral 

approach could be defined as overripe or initial stage of senescence. Due to the poor knowledge about acerola, 

a step back is necessary in order to well delineate the biochemical evolution during ripening. First of all, it will 
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be important to focus on ethylene production and cellular respiration defining if acerola could be classified as a 

climacteric fruit. So far, there is no evidence in literature, but if acerola could be considered a climacteric fruit, 

like banana, apple and mango, it could be harvested unripe and easily exported to other countries. This will be 

of paramount importance and will widely increase the potential market of this super-fruit.
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INtroductIoN

The supercontinuum laser combines the broad spectral range of a lamp with the collimated beam of a laser. 

These properties might prove to be an advantage when measuring on small samples, gases or remote sensing. 

Single seed analysis, is one area that could benefit from the high brightness of the laser. So far, single seed 

transmission measurements have mainly been performed in the wavelength region below 1100 nm because 

of the increased absorbance at longer wavelengths. In some situations it could be beneficial to use longer 

wavelengths because of  the possibility to get information from the first overtone region (1400-1800 nm) or 

the combination tone region (1900-2500 nm). One example is the measurement of β-glucan in barley which is 

not well predicted from the wavelength region below 1100 nm,1 whereas long-wavelength near-infrared (NIR) 

measurements from 2260-2380 nm in reflectance mode have shown information on the level of β-glucan.2 The 

content of β-glucan is important in beer production because a high content can result in clogging of filters and the 

generation of “grandma’s cough” precipitation in the final beer. β-glucans have also received attention because 

of their health promoting properties such as their stabilizing effect on the blood glucose level and the lowering of 

serum cholesterol.3

The aim of the present study was to investigate the potential of a supercontinuum laser as the light source in 

a long-wavelength NIR spectrometer applied to the barley endosperm in the transmission mode. The spectral 

region from 2260-2380 nm was used and it was the goal to interpret which chemical constituents contributed to 

the absorbance in this region.4

MatErIalS aNd MEthodS
The NIR instrumental setup is depicted in Figure 1. It consisted in the supercontinuum source (NKT Photonics), 

a scanning-grating monochromator and a PbSe detector. The supercontinuum source is a pulsed source, and 

these pulses have intensity variations across the spectrum. It was therefore necessary to perform a pulse-to-

pulse normalization with the signal from a second detector which only measured pulse variations without the 

sample. The size of the laser beam reaching the sample was 0.1 mm x 0.5 mm. A rotating sample holder was 

The supercontinuum laser is a new type of laser which has the spatially coherent beam as seen in traditional 

lasers, but unlike these lasers, the supercontinuum laser has a broad, continuous spectrum. It is therefore pos-

sible to measure a broad spectrum from very small samples. An experimental spectrometer was built, containing 

a scanning- grating monochromator, a PbSe detector and the supercontinuum light source. Previous studies on 

barley seeds by near-infrared spectroscopy in reflection mode revealed an information rich area from 2260-2380 

nm. In the present study, it was the goal to investigate the potential of the supercontinuum laser applied to barley 

seeds in transmission mode in the region 2260-2380 nm and to explore the chemical information obtained. One 

mm slices from 350 barley seeds from five barley genotypes were measured through the endosperm. To add 

chemical interpretation, oils from the same five barley genotypes were measured from 2003-2497 nm. The qual-

ity of the obtained spectra showed a good signal-to-noise ratio after applying a pulse-to-pulse normalization of 

the supercontinuum light. The spectra showed information on C-H vibrations from starch and β-glucan.

KEYWORDS: Near-infrared transmission spectroscopy; NIT; Supercontinuum laser; Food; Barley.
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produced which could automatically present 36 barley slices in one run. The five barley oils together with a nujol 

mineral oil and a sunflower oil was measured in a quartz cuvette with a 1 mm path-length. Each spectrum for a 

barley slice or oil measurement took 60 seconds.

Figure 1. The supercontinuum light exits a fiber and is guided by off-axis parabolic mirrors (PM) and silver mirrors (M) into the 
scanning-grating monochromator. The light that exits the monochromator is then focused by a plano-convex CaF2 lens (L1) 
onto the sample. PbSe detectors are placed behind the sample (D1) and the back-reflection of the L1 lens (D2). The second 
detector was used for pulse-to-pulse normalization.

A custom-made barley slicer shown in Figure 2a was produced in order to make precise and fast one mm slices 

from 350 grains (70 of each of five barley genotypes). As seen from Figure 2b the cut was made from the center 

of the grain which contains the endosperm. Four out of the five barley genotypes were mutants with low starch 

and high β-glucan content (lys5.f, lys5.g, lys16 and lys95) and the last genotype was a normal barley (Bomi).

Figure 2. (a) The barley slicer. (b) The knives of the barley slicer were tilted to position the angle of the bevel perpendicular on 
the seed. This was done to increase the precision of the slice thickness and ease the collection of the slices.

The barley oils were extracted with 100 % hexane by Pressurized Solvent Extractor (PSE), ASE200® from Di-

onex (Sunny-vale, CA).

Reference measurements on moisture, β-glucan, starch, protein and lipid content were performed for each bar-

ley genotype by measuring on flour prepared from bulk samples.

The absorbance was calculated with air as the background for the barley slices and an empty cuvette for the oil 

measurements. The absorbance spectra were preprocessed as second derivative spectra (Savitzky Golay, 2. 

degree polynomial, window size 7).
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rESultS aNd dIScuSSIoN

Figure 3 shows the content of moisture, β-glucan, starch, protein and lipid for each barley genotype. The highest 

variation was found in the content of starch and β-glucan which corresponded to findings in previous studies.5

Figure 3. The content of moisture, β-glucan, starch, protein and lipid in the five barley genotypes.

The second derivative of the spectra of barley endosperm in Figure 4a showed absorbance bands (depicted as 

valleys) at 2287 nm, 2311 nm, 2325 nm and 2349 nm. The covarygram shown in Figure 4b shows the correlation 

between the absorbance at each wavelength and the content of moisture, β-glucan, starch, protein and lipid. 

Since an increased absorbance is shown as a valley in the second derivative spectrum then a Pearson correla-

tion coefficient of -1 will in this case mean that the absorbance and reference measure are positively correlated. 

It can therefore be seen that the starch and moisture content has a positive correlation with the wavelengths at 

2287 nm and 2325 nm. Whereas the content of lipid, protein and β-glucan is positively correlated with the ab-

sorbance bands at 2311 nm and 2349 nm.

Figure 4. (a) Average second derivative spectrum for each barley genotype. (b) The second derivative spectrum shown to-

gether with the Pearson correlation coefficient calculated between each wavelength and the content of moisture, β-glucan, 

starch, protein and lipid.

The spectra of barley endosperm were compared with the oil spectra in order to investigate the influence from 

lipids. In Figure 5 the absorbance bands of barley and sunflower oil have their valley minimum at slightly lower 

wavelengths compared to the mineral oil. So the barley and sunflower oils have absorbance bands at 2312 nm 

and 2351 nm, and the mineral oil has absorbance bands at 2313 nm and 2352 nm. Since the absorbance bands 
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of the oils are placed very close to the absorbance bands in the spectra of barley endosperm it is possible that 

C-H vibrations from either lipids, proteins or β-glucans can absorb in this region. However, since the endosperm 

contains more starch and β-glucan, and less lipid and protein compared to the average content in the whole 

seed then it is more likely that the endosperm spectra contain information of starch at 2287 nm and 2325 nm 

and information on β-glucan at 2311nm and 2349 nm.6,7 This interpretation is in agreement with the assignment 

in the literature.8-10

Figure 5. (a) Raw averaged oil spectra. (b) Second derivative oil spectra.

coNcluSIoN

It was possible to apply a supercontinuum laser in NIR transmission measurements in the region from 2260-2380 

nm of one mm barley endosperm. This proof-of-concept opens the possibility to go further and measure on whole 

seeds. This technology could potentially be used in fast and non-destructive measurements of β-glucans and 

perhaps even more inferior compounds in intact seeds with regard to quality sorting or in plant breeding.
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INtroductIoN

Currently, one of the main targets in the agrofood sector is to determine product quality in a non-destructive, 

contactless manner. By doing so, the determination of fruit maturity could give valuable information on the time 

of harvest (pre-harvest), the storage potential (post-harvest) and eventually on the consumer satisfaction. For 

apples, the estimation of the optimal harvest window still relies on the monitoring of several (destructive) param-

eters like firmness, starch index, soluble solids content (SSC), acidity, size and background color, in comparison 

to historical records. In addition, optical measurement techniques like Vis/NIR spectroscopy, hyperspectral imag-

ing, spatially resolved spectroscopy and time resolved spectroscopy have been shown to be valuable tools for 

the quality determination of different types of fruits1.

Optical measurement techniques rely on the interaction of photons with the product of interest. A photon which 

enters the material can either be absorbed by the molecular bonds, or scattered due to mismatches in the refrac-

tive index within the product. In this way, the absorption will relate to the chemical properties of the product, while 

the amount of scattering relates to the physical (micro)structure2. Optical measurements performed on the intact 

apple obtain information of photons which have travelled through both the skin and flesh tissue. As a result, the 

signals measured by these techniques are related to both the absorption and scattering of two different layers 

of the material. This complicates the construction of robust calibration models when relating the optical signals 

to specific quality parameters. Therefore, by looking at the evolution of the absorption and scattering properties 

during the apple maturation process separately, more fundamental knowledge on which parameters cause the 

observed differences in measured optical signals can be obtained.

As a result, the main objective in this study was to characterize apple skin and flesh samples using a double in-

tegrating sphere (DIS) setup in combination with a reliable measurement of the unscattered transmittance (UT). 

As such, both the bulk scattering coefficient and anisotropy factor can be accurately determined. Furthermore, 

the evolution during pre-harvest maturation is followed, allowing to monitor changes of the bulk optical properties 

(BOP) during maturation.

A double integrating spheres setup in combination with an unscattered transmittance setup was used for the opti-

cal characterization of both apple skin and flesh. Braeburn, Kanzi and Greenstar apples were studied during the 

maturation period from 45 days before to 17 days after the moment of commercial harvest. After measuring the 

total reflectance/transmittance and the unscattered transmittance, the bulk optical properties were determined 

using the Inverse Adding-Doubling routine. During maturation, a significant increase in the anthocyanin absorp-

tion in the skin of the bicolored cultivars was noticed. Around harvest, the skin chlorophyll absorption at 680 nm 

showed values up to 20 cm-1 for Greenstar apples, while much lower values were seen in the apple flesh. In 

the apple skin, no clear changes in the absorption by chlorophyll were noticed during maturation, with only an 

increase in the absorption at 680 nm for Braeburn. A decrease was seen in the chlorophyll absorption in the ap-

ple flesh of Kanzi and Greenstar. It was found that the bulk scattering coefficients of the apple skin were higher 

compared to those of apple flesh. Also the anisotropy factor was larger for the skin tissue, pointing to a more 

forward directed scattering. The scattering in the skin increased in two cultivars during maturation, while the scat-

tering coefficient of the apple flesh decreased for all cultivars. No clear changes were noticed in the anisotropy 

factor during maturation. Physiological changes like cell growth and the formation of a cuticle/wax layer on the 

skin, could explain the evolutions seen in the scattering properties.

KEYWORDS: Apple maturation, Double Integrating Spheres, Absorption, Scattering, Anisotropy factor
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MatErIalS aNd MEthodS

Apples of the cultivars Braeburn, Kanzi (both bicolored) and Greenstar (green cultivar) were collected during the 

2014 season in Belgium over a timespan ranging from 45 days before to 17 days after the moment of commercial 

harvest. Every week, 5 apples per cultivar were harvested in the mid-section of the tree, resulting in a total of 50 

Braeburn apples, 35 Kanzi apples and 40 Greenstar apples. Of these apple cultivars, both the apple skin and 

flesh were optically measured on the sun exposed side (blush side). To obtain the apple skin, a slice of 6 mm in 

thickness was cut from the apple. The remaining fruit flesh was scraped off using a scalpel, so only the apple skin 

remained. These skins were cut into discs of 30 mm in diameter and placed in a custom made glass cuvette, con-

sisting of two parallel 1.1 mm thick glass plates (Borofloat33, Schott, Germany) separated by a 0.55 mm spacer. 

However, the obtained apple skin samples are typically thinner than 0.55 mm. For this reason, demineralized 

water was added to prevent dehydration, to remove any unwanted air bubbles and to reduce the refractive index 

mismatches at the boundaries between the glass plates and the sample. The apple flesh samples were obtained 

by slicing the apple at the same place where the apple skin sample was taken. These slices were again loaded 

in the glass cuvette after which demineralized water was added.

After sample preparation, the cuvette was placed in-between two Infragold® coated integrating spheres (RT-

060-IG, Labsphere Inc., North Sutton, USA) to measure the total reflectance (MR) and total transmittance (MT). 

A different measurement path allowed to measure the unscattered transmittance (MU)3. As a light source, a 

supercontinuum laser (SC450-4, Fianium Ltd., Southampton, UK) with a total output power of 4 W and a spectral 

broadening over the range 450-2400 nm was used. By combining this laser light source with a monochromator 

(Oriel Cornerstone 260 ¼ m, Newport, Irvine, USA), a monochrome tunable light beam was obtained. In the cur-

rent research, a wavelength range from 500 nm to 1850 nm was used, with an interval step of 5 nm. For all meas-

urements – DIS, UT and reference – a combination of a Si detector (PDA100A, Thorlabs Inc., New Jersey, USA) 

and a one-stage Peltier-cooled extended- InGaAS detector (PDA10DT-EC, Thorlabs Inc., New Jersey, USA) was 

used. All the detectors were read by a data acquisition card (NI PCI-6251, National Instruments Corporation, 

Texas, USA), while the measurement procedure (control of laser, monochromator,…) was programmed in Lab-

View 8.5 (National Instruments Corporation, Austin, TX, USA). An overview of the entire setup used is given in 3.

After measuring MR, MT and MU using the DIS and UT measurements, the BOP were estimated by the inverse 

adding doubling (IAD) program developed and optimized by Prahl et al. (1993)4. For apple, a refractive index 

close to the one of water was expected as it is the most important chemical component of apple tissue. The 

wavelength dependent real refractive index of water from Hale & Querry (1973)5 was used and a wavelength-

independent constant was added, based on the findings by Saeys et al. (2008)6, who used a refractive index of 

1.37 at 589.3 nm for both apple skin and flesh. After the calculation of the BOP values, a correction had to be 

performed to account for the thickness of the used sample and the absorption by the additional water layer, as 

the samples were not filling the entire cuvette space. The mean thickness of the apple skin was 0.21 mm, 0.29 

mm and 0.22 mm for Braeburn, Kanzi and Greenstar, respectively. The apple flesh samples had a thickness of 

around 0.5 mm. Knowing these thicknesses, a correction was made using the assumption that two layers were 

present in the cuvette: a sample layer and a water layer.

rESultS aNd dIScuSSIoN

absorption properties

The absorption peak of anthocyanin in the skin, centred around 550 nm, increased towards the moment of har-

vest (and afterwards) in the bicolored apple cultivars Braeburn and Kanzi (Figure 1a). A large standard deviation 

was noticed, mainly caused by the high anthocyanin variation in the apple skin. The Greenstar cultivar shows a 

lower variation, as no changes in the anthocyanin concentration occur. The absorption coefficient for both Brae-

burn and Kanzi increased significantly (p<0.01) and, as expected, no increase in the anthocyanin absorption was 

seen in the green cultivar Greenstar.
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The evolution of the absorption coefficient at 680 nm, corresponding to the main absorption peak of chlorophyll a, 

was monitored as well. In the apple skin, only a significant change was found for Braeburn samples (p<0.01). An 

increasing trend was noticed, while literature suggests a decrease of the chlorophyll concentration during matu-

ration. The chlorophyll absorption in the apple flesh shows a significant downwards trend (p<0.05) in both Kanzi 

and Greenstar (Figure 1b), indicating a decrease in the chlorophyll concentration of the fruit flesh. Braeburn also 

shows this downwards trend, but however, the observed trend was not statistically significant (p = 0.0664). This 

can probably be explained by the large variation on the measured absorption coefficient values.

Figure 1. (a) Skin absorption coefficient at 550 nm (Anthocyanin) during maturation; (b) Flesh absorption coefficient at 680 nm 
(Chlorophyll) during maturation. The error bars indicate the standard deviation.

Scattering properties

In Figure 2, the trends in the scattering coefficient µs at 850 nm are illustrated for both the apple skin (Figure 2a) 

and apple flesh (Figure 2b).

Figure 2. Scattering coefficient at 850 nm during maturation for both (a) the skin and (b) the flesh of three apple cultivars. The 
error bars indicate the standard deviation.

In Figure 2a, an upward trend in the skin’s scattering coefficient with maturation can be observed, while a down-

ward trend is observed in Figure 2b for the apple flesh. All these trends are significant (p<0.05), except for the 

one of Greenstar skin. Moreover, the scattering by the Greenstar skin first increases, while around harvest, the 

values start to decrease.

All the cultivars show a strong significant (p<0.01) downward trend for the apple flesh. A possible explanation for 

this can be found in the apple development. During the first stage of development, the cells are rapidly dividing 

while the actual size of the apple does not change much. However, during maturation, the cell division stops after 

which the newly differentiated cells start growing7–8. The scattering inside the apple is related to the scattering 

particles present, such as cell walls, air pores and cellular content (e.g. vacuoles, starch granules, chloroplasts)9. 

The number of these particles per volume unit will go down as the cells are growing, while at the same time less 

cell walls and air pores will be encountered by the light per volume. Both these evolutions could possibly explain 
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the decreasing scattering coefficient. Moreover, due to the depolymerization of polysaccharides (like pectin), 

also the cell wall structure will weaken.

In the skin, a similar evolution is observed compared to the fruit flesh, where during development the cell division 

ceases, followed by a stage of elongation and flattening of the cells during maturation. However, in contrast to 

the cortex cells, the epidermal cells excrete a waxy, cutinous material during this elongation stage7. In a study 

performed by Solovchenko & Merzlyak (2003), the cuticle layer (cutin and wax layer) of apples was found to 

have a significant scattering effect, which showed as a monotonous increase of the cuticular optical density in 

the 500 nm to 800 nm wavelength range10. This could probably be the reason for the observed increase in the 

apple skin µs.

Furthermore, a high overall anisotropy factor g was noticed in both apple skin and flesh, with values around 0.97 

and 0.93 at 800 nm for the skin and flesh, respectively. However, no consistent evolutions in the anisotropy fac-

tor during maturation could be observed for the apple skin and flesh for any of the cultivars. Only a significant 

change (p<0.01) for the apple skin of Braeburn apples was observed. These results suggest that the main scat-

tering particles remain nearly constant in size.

coNcluSIoN

The bulk optical properties of apple skin and flesh samples were estimated during maturation, using a double 

integrating spheres setup in combination with a measurement of the unscattered transmittance. During matura-

tion, a significant increase in the absorption by anthocyanin was seen in the skin of the bicolored cultivars. The 

absorption at 680 nm, corresponding to the absorption peak of chlorophyll a, showed no clear changes in the 

apple skin during maturation. However, a significant decrease was noticed in the absorption peak of chlorophyll 

for apple flesh both in Kanzi and Greenstar. Both the skin and flesh were found to be highly forward scattering, 

with respective anisotropy factors at 800 nm of 0.97 and 0.93. During maturation, all cultivars showed a decrease 

in the scattering coefficient of the apple flesh, while it increased in the apple skin of the Kanzi and Greenstar 

cultivars. It was suggested that the observed changes in the scattering of both skin and flesh may be attributed 

to the physiological changes in cell size during maturation, changing the concentration of encountered scattering 

particles, and to the formation of a cuticle/wax layer on the skin. While clear changes were seen in the scattering, 

the anisotropy factor only changed in the skin of Braeburn apples. This shows that the geometry of the scattering 

particles nearly stays constant during maturation.

In the pursuit of developing novel optical measurement techniques, the obtained results can be used to un-

derstand the light propagation in apple tissue, for both the apple skin and flesh, and to study the differences of 

these properties between cultivars. Light propagation modelling using the obtained BOP values in simulations 

can prove to be valuable in the development and optimization of both optical sensors and data processing tech-

niques11.
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INtroductIoN

This paper describes four useful applications of NIRS using the spectra information without the need for refer-

ence analysis or calibration. Sample cells and instruments may differ from one another in spectral characteristics 

and precision.

a. Operators are advised to buy more than one cell, and determine whether differences occur among cells in the 

absorbance recorded from the same material. For determination of sample cell consistency 10 scans are made 

of the material with cleaning and re-loading of each cell between scans. The standard deviation (SD) and coef-

ficient of variance (CV) of the absorbance or reflectance data are calculated at one high and one low wavelength 

point.

B. Operators are advised to determine whether differences occur among instruments when a network is to be 

established. For determination of instrument:instrument variance the same procedure can be used. The mate-

rial is scanned 10 times on all of the instruments to be used in a network, using a single sample cell, and the 

standard deviation (SD) and coefficient of variance (CV) of the absorbance or reflectance data are calculated at 

one high and one low wavelength point.

c. Operations such as flour mills and feed mills need to know the efficiency of blending flour streams or feed 

ingredients before packaging and delivery. The efficiency of mixing/blending can be determined by using NIRS 

spectral data with no chemical analysis. The efficiency of mixing and/or blending can be determined simply and 

quickly by using NIRS spectral data with no chemical analysis.

MatErIalS aNd MEthodS

For the first two applications all that is needed is a well-blended sample of the material for which the instrument 

is to be used.

1. For determination of sample cell consistency: 10 scans are made of the material with cleaning and re-

loading of each cell between scans. Following the 10th scan the sample is left in the cell and scanned a further 

9 times. The standard deviation (SD) and coefficient of variance (CV) of the absorbance or reflectance data are 

calculated at one high and one low wavelength point. Wavelengths 1210 and 2230 nm (8264 and 4484 cm-1) 

The poster describes four useful types of application of NIRS that can be accomplished without the need for 

calibration. Methods are described for all four. Excellent spectral precision is essential to successful application 

of NIRS. This can be affected by minute differences among instruments of the same make and type. The sec-

ond source of variance lies in differences among sample cells used to present the sample. The paper describes 

the methods of determination of these two sources of variance. Efficient blending in operations such as animal 

feed manufacture or flour milling is an important part of quality control. The third and fourth applications are the 

determination of blending efficiency, using spectral data, again with no calibration. For determination of blending-

efficiency, the components of mixtures were placed into an industrial blender. The blender was activated, and 

after 5 seconds 10 samples were taken. The blender was then activated for the full blending-time and another set 

of 10 samples taken. Both sets of samples were scanned, and the SD of the spectra data computed.

For the blending efficiency study, the SD of the absorbance of the 5-second-blended samples was up to 7 times 

higher than that of the fully blended samples. The same procedure can be used in a flour mill to determine the 

efficiency of blending mill-streams. Similar differences were observed in blending a set of 8 flour streams, using 

the same procedure. This technique enables operators to recognize when mixes are fully-blended quickly and 

with no need for reference data.

APPLICATIONS OF NEAR-INFRA-RED SPECTROSCOPY 
(NIRS) WIThOuT CALIbRATION 
Phil Williams
PdK Projects, Inc. nanaimo, bC, Canada
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are suggested. The SD of the spectral data for the first 10 scans includes variance induced by cell-loading, and 

provides a measure of reproducibility. The SD of the spectral data for the second set of 10 scans eliminates the 

loading error, and gives the repeatability of the instrument on the same cell. Typical results are given in Table 1. 

The repeatability is the precision with which the instrument scans the sample with no interference by re-loading 

the sample. The material was air-dried soil, ground to pass a 2.0 mm sieve. The spectral precision will be af-

fected by the type of material and its physical make-up.

Table 2 shows differences in spectral precision among 5 sample cells. Although the absolute mean absorbance 

value for cell # 1 was clearly different from that of the other 4 cells, the reproducibility and repeatability of all 5 

cells were similar.

Table 3 shows the results of a calibration based on a single cell that is used to predict data from a test set derived 

from scans from 5 cells

table 3. Sample cell:sample cell variability in calibration statistics

calibration r2 rMSEP rPd

cell #1 0.578 2.41 1.56
cell #2 0.894 0.21 3.12
cell #3 0.863 1.40 2.79
cell #4 0.856 1.37 2.72
cell #5 0.875 1.32 2.87

all 5 cells 0.894 1.18 3.00

table 1. Typical absorbance values at two wavelength points

Scan #

Wavelength cm-1

8264 (1210 nm) 4484 (2230 nm)

re-load re-scan re-load re-scan

 1/10* 0.5643 0.5576 0.5697 0.5600
2/11 0.5737 0.5581 0.5804 0.5605
3/12 0.5651 0.5589 0.5699 0.5608
4/13 0.5679 0.5581 0.5722 0.5605
5/14 0.5613 0.5581 0.5640 0.5601
6/15 0.5690 0.5578 0.5737 0.5598
7/16 0.5640 0.5583 0.5672 0.5605

8/17 0.5723 0.5584 0.5790 0.5602
9/18 0.5690 0.5589 0.5735 0.5607
10/19 0.5576 0.5589 0.5600 0.5609
Mean 0.56442 0.55831 0.57096 0.5604

Sd 0.00493 0.000465 0.00628 0.000362
cV % 0.871 0.083 1.099 0.065

* Following the 10th scan the sample is re-scanned 9 more times to determine repeatability

table 2. Sample cell:sample cell variability in absorbance

Statistic cell #1 cell #2 cell #3 cell #4 cell #5

abspn. 1210 nm* 0.5223 0.5184 0.5177 0.5184 0.5179
cV % repr. 0.509 0.770 0.624 0.398 0.630
cV % rpt. 0.058 0.066 0.070 0.043 0.055

abspn. 2230 nm 0.5744 0.5697 0.5691 0.5696 0.5696
cV % repr. 0.587 0.583 0.579 0.394 0.611
cV % rpt. 0.061 0.054 0.060 0.046 0.056

*Mean of 10 scans of prominent absorption bands in soil; CV Repr.: reproducibility; CV Rpt.: repeatability
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2. For determination of instrument: instrument variance the same procedure can be used. The material is 

scanned 10 times on all of the instruments to be used in a network, using a single sample cell, and the standard 

deviation (SD) and coefficient of variance (CV) of the absorbance or reflectance data are calculated at one high 

and one low wavelength point. Figure 1 shows differences in the spectra recorded by 4 instruments of the same 

make and model when scanning the same sample:

 

Figure 1. Differences in average spectra among 4 NIRS instruments

Table 4 shows biases incurred from results of a calibration based on a single instrument that is used to predict 

data from a test set derived from scans from 4 instruments. The data were recorded from the analysis of liquid 

manure.

3. Determination of blending efficiency in feed mills. Animal feeds usually contain several ingredients, most 

of which differ considerably from each other in physical characteristics. Because of major differences in size and 

texture in their original form, these are all ground in a hammer mill before mixing, but still vary widely in their 

spectral signatures. For determination of blending-efficiency, the ingredients of a commercial feed mix were 

placed into an industrial blender. The blender was activated, and after 5 seconds 10 samples were taken. The 

blender was then activated for the full blending-time (5 minutes) and a second set of 10 samples taken. Both 

sets of samples were scanned, and the SD of the spectral data computed for both series of samples. Figure 2 

shows the dramatic reduction in CV, in a dairy cattle total mixed ration (TMR) as a result of efficient mixing. The 

upper line shows the CV in spectral data across the spectrum after 5 seconds of mixing and the lower line shows 

the CV after full mixing. The reduction in the variance in spectral data was dramatic, and gives the operator the 

ability to determine the efficiency of mixing/blending within a few minutes, and with no need for laboratory or 

chemical analysis.

table 4. Influence of Instrument-to-instrument variability on biases in kg/1000l

calibration constit. Instr. #1 Instr. #2 Instr. #3 Instr. #4 average

Instr. No. 3 only N 0.13* 0.21 0.47 -0.20 0.250
P -0.29 0.63 0.44 0.00 0.340

Instr. 1 + 3 N 0.37 -0.06 0.17 -0.14 0.185
P -0.21 0.01 -0.34 -0.05 0.157

all 4 instruments N 0.01 -0.17 -0.04 -0.16 0.082
P -0.26 0.10 0.10 -0.12 0.145

*  Bias data units are Kg/m3; Instr. = instrument
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Figure 2. Influence of blending on absorbance

4. Determination of blending efficiency in flour mills. Flour mills that offer patent flours for domestic use 

usually prepare these by removing part of the 1st and 2nd middlings streams, which are brightest in colour and 

lowest in ash and protein content. The remaining streams are blended to produce bakers’ flour, which is often 

delivered in bulk. In order to ensure that the bulk of the flour meets specifications the blended flour has to be 

analyzed. The efficiency of blending is critical, and can be tested in a manner analogous to the feed mill opera-

tion described above using absorbance data without the need for reference data or calibration. Table 5 shows 

the influence of blending mill-streams on the spectral data of wheat flour at two wavelength points. For brevity, 

only 5 replicates are shown. The variance in the log 1/R of the unblended series at both 1410 and 2306 nm was 

about 7 times higher than that of the blended series. Monitoring the variance in log 1/R provides a simple and 

effective estimate of the efficiency of blending. Operators can arrive at a CV that indicates efficient blending by 

experience.

coNcluSIoNS
Four examples are given of useful practical applications that use the absorbance data, with no calibration. Other 

applications include discriminant (classification) analysis, which can also be achieved without calibration, al-

though sufficient samples must be assembled to represent all classes or groups effectively.

table 5.  Changes in precision of Log 1/R values as a result of blending flour

replicate log 1/r 1210 nm log 1/r 2230 nm

1a* 0.3376 0.5318
1b 0.3364 0.5316
2a 0.3344 0.5277
2b 0.3369 0.5325
3a 0.3373 0.5329
3b 0.3369 0.5322
4a 0.3425 0.5423
4b 0.3376 0.5336
5a 0.3362 0.5303
5b 0.3371 0.5328

SDa 0.00301 0.00555
Mean log 1/Ra 0.3376 0.5330

CVa 0.892 1.042
SDb 0.000432 0.00074

Mean log 1/Rb 0.3370 0.5325
CVb 0.128 0.139

Ratio CVa/CVb 6.97 7.50
*Series a samples were unblended; series b samples were thoroughly blended.

CV of Dry TMR
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INtroductIoN
Over the last thirty years there has been a strong transformation of the concept of food nutrition; in fact, while in 

the past foods were considered almost exclusively as factors essential for the development and the body growth, 

it is today recognized them have a key role in determining the quality of life. The concept of functional foods went 

so developing to improve the health and well-being. Cereals, as basic components of the Mediterranean diet, 

may play an important role in modern society as raw materials for functional foods, as they contain some regula-

tory components of important vital functions, such as fiber, antioxidants, phytosterols, etc.. Tocols, commonly 

known as “Vitamin E”, chemically constituted by two groups of compounds (tocotrienols and tocopherols) each of 

which comprises four homologous (α-, β-,γ-,δ-), are among the most important micronutrients with nutraceutical 

properties in rice. Italy accounts for 50% of the European production of rice with about 1,551,272 tons of paddy 

rice produced on a cultivated area of 235 052 ha as reported in the Italian Annual Report on rice production at 

www.enterisi.it. The domestic consumption of rice, which consumes about a third of the national production, 

is oriented towards historical rice varieties used for traditional “risotto” (such as Carnaroli, Arborio, Baldo and 

Roma). At the present, Italian rice varieties show a shortage of assessments that enable their enhancement. 

NIR spectroscopy applied for evaluating macro- and micro-component in food and biological systems can have 

a chance as fast and reliable technique for Italian rice characterization both in terms of quality and content of 

health components. In particular Aquaphotomics1, a radically new scientific approach, can be useful for that 

goal. As a new “omics”, Aquaphotomics can afford an opportunity to substitute highly expensive “Genomics”, 

“Proteomics” and, especially, “Metabolomics” for better understanding of biological systems. Biotechnology and 

Food technology, disciplines that meet diverse processes where biological systems and living organisms are 

Italy accounts for 50% of the European production of rice with about 1,551,272 tons of paddy rice produced on a 

cultivated area of 235 052 ha. Italian rice, however, shows a shortage of assessments that enable its enhance-

ment, both in terms of quality and content of health components. The purpose of this study was to evaluate the 

content of tocopherols, in different rice varieties currently grown and to monitor its content with rapid technique to 

support genetic improvement actions. The influence of tocopherols content on water absorption spectra was also 

investigated by Aquaphotomics approach to verify its suitability in highlighting water changes in the presence of 

micro-lipo compounds in biosystems. Spectra of about 60 ground flour samples were collected, in duplicate, in 

reflectance mode in the range of 4000-10000 cm-1  by a NIRFlex N500 spectrometer (Büchi Italia srl, Italy -  4 

cm-1  resolution; 64 scans). The Total Tocopherols Content (TTC) was measured by HLPC. The calibration mod-

els were calculated with PLS regression using PLSToolbox (Eigenvector, WA, USA). The model performances 

(autoscaling; 4 LV) were: RMSEC=0.836, RMSECV=0.888 and RMSEP=0.699 and an RPD of 3.47. Pre-treated 

spectra (MSC + 2nd derivative) were grouped in 4 classes related to the TTC. The corresponding Aquagram 

showed a quite regular decreasing of water absorption bands in the NIR region from 1300 to 1550 nm in cor-

respondence of TTC increasing. The explanation was found considering the different chemical nature of water 

and tocopherols and their low hydrophilicity.

KEYWORDS: NIR spectroscopy, tocopherols, rice, Aquaphotomics

RELATIONShIP bETWEEN RICE TOCOPhEROLS 
CONTENT AND WATER AbSORPTION
IN NEAR INFRARED REGION
T. M.P. Cattaneo1,*, g. Cortellino1, s. barzaghi 2
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used, are the areas with major applicability of Aquaphotomics, including qualitative and quantitative analysis for 

diverse objectives, biomaterials production, and classification of individuals for breeding programs in agricultural 

sciences 2-4. Diverse advantages of Aquaphotomics techniques such as speed, minimal sample preparation and 

its non-destructive character are enhanced when multivariate analysis is applied on the spectra 5-7; thus, chemi-

cal components of complex samples as biological samples can be evaluated by diverse multivariate calibration 

methods and this is also one of the most important advantage of this technique in the future. In this contest, 

the aim of this study was firstly to evaluate the content of tocopherols in different Italian rice varieties and to 

determine their content with NIRS to support genetic improvement actions. The Aquaphotomics concept1 was 

then applied to prove, trough the variations in water absorbance spectra, the suitability of this new approach, in 

characterizing Italian rice varieties on the basis of their tocopherols content.

MatErIalS aNd MEthodS

About 50 flour samples obtained by grinding were analyzed, in duplicate, in reflectance mode in the range of 

4000-10000 cm-1 by a NIRFlex N500 spectrometer (Büchi Italia srl, Italy) with a resolution of 4 cm-1, each spec-

trum was the result of 64 scans. The α-, γ- and δ-tocopherols content (Total Tocopherols Content=TTC) of the 

same samples was measured by HLPC 8. The calibration models were calculated using TTC values, after con-

verting the spectra in absorbance. Partial Least Squares (PLS) regression with venetian blind cross validation 

was applied, using PLSToolbox (Eigenvector, WA, USA). The raw spectra were also pre-treated applying MSC, 

and grouped in 4  classes related to the TTC (very low: < 0.5 ppm; low: >0.5 <4.0 ppm; high: >4.0 <6.0 ppm; very 

high: >6.0 <10 ppm: different colours were associated to TTC amount in Figure 2). The corresponding Aquagram 
9 was then built.

rESultS aNd dIScuSSIoN

Table 1 reports the TTC content of the analyzed rice samples, expressed as ppm (mg/kg), obtained by HPLC8.

The model performances for TTC content, obtained after the autoscaling of spectra and using 4 LV, were: RM-

SEC=0.836, RMSECV=0.888 and RMSEP=0.699. An RPD of 3.47 was found. The value of RPD index, defined  

as the ratio of the standard error in prediction and the standard deviation of the reference values, allowed the 

acceptability of TTC calibration for routine analyses10.

The obtained results showed good prospects in the use of NIR technology in supporting the genetic improvement 

programs of Italian rice.

table 1. TTC content in brown and white rice samples.

ttc (mg/kg)

Brown rice

average 5.047
min 2.871
max 6.862

# 23

White rice

average 0.406
min 0.112
max 1.861

# 27

DOI: 10.17648/nIr-2015-34305



     85
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

Figure 1 shows the collected spectra in the whole NIR range after MSC pre-treatment and absorbance conver-

sion.

Figure 1. MSC pre-treated spectra of the whole set of Italian rice samples.

This NIR zone was used to study changes in water absorption between 1340 and 1520 nm, applying the Aqua-

photomics theory1.  Distribution of free and bonded water molecules can be highlighted, respectively on the  right 

and left side of the diagram reported in Figure 2, named Aquagram9.

The spectra of rice samples were divided in four groups on the basis of their TTC content, as reported in “Materi-

als and Methods” section. The graphic representation showed a quite regular decreasing of water absorption 

bands in the NIR region from 1340 to 1520 nm in correspondence of an increasing in TTC. TTC concentration 

higher than 4.0 ppm didn’t seem to have further significant influence on water NIR response.

Studying the presence of TTC in rice throughout water absorption changes, suggested the possibility to identify 

rice varieties with high TTC content, with high nutraceutical power for human consumption, in a fast and reliable 

way. These outcomes could be ascribable to the different chemical nature of water and tocopherols and their 

hydrophobicity: the higher the TTC content the lower the water absorbance at the same wavelengths

Figure 2. Aquagram showing the relationship between water absorption and TTC content.
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coNcluSIoN

The obtained results allowed the improvement of information concerning the content of tocopherols in different 

rice varieties currently grown in Italy. Despite the low content of tocopherols in rice, NIR spectroscopy has proven  

suitable to monitor, for routine scope, TTC content so as to suggest its use in supporting actions of genetic im-

provement.

The Aquaphotomics approach was found to be highly informative when applied for evaluating the presence of 

nutraceutical micro-compounds, such as total tocopherols in rice flours. The information provided can support, 

also in this field of applications, the use of Aquaphotomics as suitable tool in explaining and monitoring the evolu-

tion of bio-systems through the study of water absorption pattern.
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INtroductIoN

The quality of colloid systems, such as suspensions and emulsions, is determined by the chemical composition 

of the medium and dispersed particles, as well as the physical characteristics of the particles. The particle size 

distribution (PSD) and volume fraction of particles (VF) have an important effect on the product properties such 

as viscosity1, perception of creaminess of food emulsions2, etc. Therefore, PSD monitoring during production 

and storage of these colloids could promote early detection of an altering product quality. Optical measurements 

such as Vis/NIR spectroscopy have already found their way to the food industry for (on-line) process monitoring 

on a variety of products3, but the number of studies aiming at PSD monitoring is still very limited.

For PSD estimation, the link between particle size and light scattering can be used instead of e.g. light absorp-

tion. In case of spherical particles, the relationship between bulk scattering properties (scattering coefficient 

μs, anisotropy factor g) and particle size is described by Mie theory. In case of a known PSD, the bulk optical 

properties and light propagation can be simulated, as was shown by Aernouts et al. for polydisperse systems4, 5, 6.

However, in most cases the inverse problem is of interest, to derive the PSD from non-destructive optical meas-

urements. In literature, inverse PSD estimations are often starting from simulated or measured optical den-

sity7,8,9. It is an ill-posed problem that needs regularization to select the solution that corresponds to a physically 

possible PSD and is consistent with literature knowledge. Depending on the assumptions about PSD shape, 

estimation methods can be divided in shape dependent and shape independent methods. The former assume a 

parametrized distribution form, while the latter impose conditions to the smoothness of the PSD8.

In this study, both a shape dependent and a shape independent estimation method are elaborated. Their perfor-

mance in estimating the PSD and volume fraction of milk fat globules in raw and homogenized milk based on the 

measured Vis/NIR bulk scattering coefficient profile is evaluated.

The size of colloidal particles is an important quality characteristic of emulsions and suspensions as it is related 

to the stability and the general perception of the product. To monitor this physical quality property during produc-

tion or storage, a measurement technique is required which can quantify the particle size distribution (PSD) in 

a rapid and non-destructive way. As such colloidal particles typically have a different refractive index than the 

surrounding medium, they scatter light. Therefore, the possibility to estimate the PSD and volume fraction of 

scattering particles from measured Vis/NIR scattering coefficient profiles was investigated in this study. Both a 

shape dependent and a shape independent PSD estimation method were elaborated and applied to estimate 

the PSD of the fat globules in milk. The shape dependent method approximates the PSD by a probability den-

sity function (e.g. Weibull). In case of a correct choice of the probability density function, this method results in 

good and robust estimations. In case of the shape independent method, the PSD is approximated by a weighted 

combination of B-splines. This provides extra flexibility, but can result in oscillations and artefact peaks in the 

estimated PSD if the regularization in not sufficient.

KEYWORDS: particle size distribution, light scattering, Vis/NIR spectroscopy, emulsions
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MatErIalS aNd MEthodS

Milk samples, PSD measurements and bulk optical properties

Two raw bulk milk samples were divided into subsamples and ultrasonically homogenized for respectively 0 s, 

120 s, 1200 s for sample 15, and 0 s, 30 s, 60 s, 120 s, 240 s, 480 s, 960 s for sample 2. Reference particle size 

distribution measurements were made with the laser diffraction technique (Mastersizer 3000, Malvern, UK). The 

contribution of casein micelles to the measured PSD was identified as the first mode of the bimodal PSD of raw 

milk. To obtain the PSD of only milk fat, this PSD of casein was subtracted from both raw and homogenized 

samples5. Before optical measurements, all samples were 3-fold diluted. A double integrating spheres (DIS) and 

unscattered transmission set-up was used to measure the total reflectance, total transmittance and unscattered 

transmittance in the wavelength range of 0.55-1.8 μm. Bulk optical properties were calculated following the 

Adding-Doubling routine10. A more elaborate description of the sample treatment and measurement methods 

can be found in 5.

Shape dependent PSD estimation

In the shape dependent PSD estimation method, the PSD was assumed to be well approximated by a 2-param-

eter probability density distribution (e.g. a gamma distribution, or Weibull distribution for raw milk)11. The distribu-

tion parameters and the volume fraction of scattering particles were estimated by minimizing the sum of squared 

relative errors between the measured μs profile and the μs profile simulated for the estimated PSD.

The upper and lower boundary of the volume fraction milk fat were respectively 0.5 and 4 % v/v, which covers 

a wide range of possible fat contents in 3 fold diluted samples, given the 98% confidence interval for milk fat 

content in undiluted milk is 2.82-6.21 % v/v12. The PSD estimation was made on the scattering coefficient at the 

wavelengths 0.6-0.75 μm with step size 0.01 μm. This subset of wavelengths in the Vis region was determined 

by trial and error.

Shape independent PSD estimation

In the shape independent PSD estimation method, the PSD was approximated by a weighted sum of B-splines. 

The B-spline basis consisted of 30 B-splines of 4th order, equidistantly spaced on a logarithmic scale over the 

range of possible particle radii of 0-10 μm. By directly fitting the splines to the measured PSD, it was ensured that 

the number of splines was sufficiently high to capture the curvature of the PSD, but not too high as this would 

result in artificial oscillations in the solution7. The spline weights were determined to satisfy the following inverse 

equation8:

This means that in case of error-free measurements, the scattering coefficient profile of the weighted sum of 

B- splines should be equal to the measured scattering coefficient profile μs(λ). After discretization, the resulting 

system of equations was solved by non-negative least squares with Tikhonov regularization13,14 .

The non-negativity constraint on the spline weights avoids negative values in the final estimated PSD, as this 

would be physically impossible. The regularization term contains the regularization parameter γ and regulariza-

tion matrix L. The matrix L is a discrete representation of the second derivative and penalizes non-smoothness. 

The parameter γ determines the strength of this penalty. Its value was determined by minimizing the V-curve 

criterion15.
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An estimate of the volume fraction of scattering particles was calculated from the spline weights. The PSD esti-

mation was made on the scattering properties from 0.55-1.8 μm wavelength with a step size of 0.01 μm.

rESultS aNd dIScuSSIoN

Shape dependent PSD estimation

In the shape dependent estimation, a gamma probability density function was assumed since it was able to make 

an acceptable fit to the PSD of both raw and homogenized samples. This monomodal function was a good fit 

for the raw samples and samples homogenized for more than 120 s (Figure 1b). The more bimodal shape of the 

samples homogenized for 30-120 s could not be fully captured. For example, the estimated PSD of the sample 

’30 s’ lacks the first mode, but estimates the second mode quite well. The first mode at small particle radii results 

from the increase in small globules due to homogenization of the fat fraction. It might also contain a residual 

effect of the casein peak in case of a suboptimal removal of casein from the total milk PSD. To improve the es-

timates of bimodal PSD’s, a combination of two probability density functions could be tested, e.g. two gamma 

distributions.

If the scattering coefficient is considered at all wavelengths (0.55-1.8 μm), only the PSD of the raw sample could 

be estimated acceptably. In all other cases, the estimated PSD was a poor fit to the measured PSD and the 

estimated volume fraction equalled the upper or lower boundary value. When using the scatter coefficient profile 

for a subset of 16 wavelengths (0.6-0.75 μm), all PSD estimation improved and the estimated volume faction no 

longer equalled a boundary value. This indicates that considering more wavelengths in the inverse estimation 

does not necessarily result in better estimations, as mentioned by Riefler & Wriedt7.

The estimated volume fraction of milk fat showed realistic values (1.36-2.19 % v/v). In theory, the value should 

be equal for all samples since homogenization has no effect on the total fat content of a sample. However, it was 

observed that the estimated volume fraction increased with increasing degree of homogenization.

     

Figure 1. Measured (full lines) and estimated (dotted lines) scattering coefficient profile (a) and volume based particle size 
distribution (b) of raw and homogenized milk samples. Shape dependent estimation was made assuming a gamma distribu-
tion and the wavelength range of 0.6-0.75 μm.

Shape independent PSD estimation

In the shape independent method, the estimated PSD is a weighted combination of B-splines. The increased 

freedom in possible shapes compared to the shape dependent estimation should, in theory, be able to produce 

better fits. However, the extra flexibility might introduce artefacts e.g. oscillations or extra peaks14. This is il-

lustrated in Figure 2b. For the raw milk sample, the position and width of the PSD are well-estimated, but an 

additional peak is introduced at large particle radii. For the ‘480 s’ sample, the PSD shape was well-estimated, 

except for a slight underestimation of the PSD width. For more bimodal PSD’s, samples ’30 s’ and ‘60 s’ in Figure 

2, the first mode was either ignored or underestimated, while a small extra mode at large radii appeared. It should 

be mentioned that in all cases the μs profile of the estimated PSD gave an almost perfect fit to the measured μs 

profile (Figure 2a).

DOI: 10.17648/nIr-2015-34306 



     90
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

Figure 2. Measured (full lines) and estimated (dotted lines) scattering coefficient profile (a) and volume based particle size 
distribution (b) of raw and homogenized milk samples. Shape independent estimation was made using wavelengths of 0.55-
1.8 μm.

Estimates for the volume fraction of fat varied from 1.45 to 3.46 % v/v and increased with increasing degree of 

homogenization. This is possibly related to the tendency of the estimated PSD to underestimate the amount of 

small particles and overestimate the amount of large particles. As the particle volume, and thereby the volume 

fraction of fat, is proportional to the 3th power of the particle radius, the overestimation of large particles can 

significantly influence the estimated total amount of fat in the sample. Since light scattering by small particles in-

creases with decreasing wavelength, inclusion of measurements in the UV-Vis wavelength region might increase 

the contribution of small particles to the μs profile and thereby decrease the underestimation of their presence.

Differences between the estimated and measured PSD may be attributed to inaccuracy of the used refractive 

indices. Other possible sources are measurement errors in the optical and PSD measurements and changes 

in the sample in the time between those measurement. During this time, clusters may have formed which have 

influenced the scattering spectrum, while they are not present in the measured PSD. This might explain the extra 

peaks at large particle radii present in several estimated PSD’s for the shape independent method. Finally, a 

suboptimal choice of the regularization parameter in the shape independent method may also have resulted in 

artefacts, while the gamma distribution used in the shape dependent method might be unable to perfectly fit the 

measured PSD.

coNcluSIoN

Two methods have been elaborated for estimation of the PSD of colloidal samples from the bulk scattering 

coefficient profile: a shape dependent and a shape independent method. Both approaches have been applied 

to estimate the PSD and volume fraction fat of milk samples with a varying degree of homogenization. The 

bulk scattering coefficient profiles were calculated from double integrating sphere and unscattered transmission 

measurements with the inverse Adding-Doubling routine. The shape dependent PSD estimation was found to 

produce good results if the assumed probability density function provides a good approximation of the measured 

PSD. The shape independent estimation method on the other hand is more flexible with respect to the shape of 

the PSD, but was found to easily create artefacts. Therefore, it can be concluded that the shape independent 

method can provide a flexible tool for PSD estimation from Vis/NIR scattering profiles if the number of B-splines 

in the functional basis and the regularization are well-chosen. Estimated volume fractions of scatterers were in 

the correct range, but showed some homogenization dependency. The proposed inverse estimation forms an 

important step towards fast non-destructive optical methods for (on-line) determination of microphysical quality 

of emulsions and suspensions based on bulk optical properties.
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INtroductIoN
Ricotta cheese whey (RCW) is obtained from the production of a typical Italian cheese named “Ricotta” which is  

made by heating the acidified whey to at least 90°C for a few minutes, in order to cause a heat-induced coagula-

tion of whey proteins, that are separated by mechanical means and drained in perforated moulds1.

RCW is the residual liquid, that still has some nutritional value consisting of few proteins and peptides, a strong 

organic content, especially due to lactose and high saline concentration.

RCW-fruit based beverages are a novel type of healthy drinks, in which the nutritional components of fruit are 

combined with proteins and minerals of the dairy RCW by-product. Some effort have been already done to pro-

duce whey based beverages2,3, but to our knowledge RCW has never been considered as an ingredient in the 

formulation of fruit-based nutritional drinks. Moreover, varying the fruit component as well as the type of techno-

logical process to obtain Ricotta cheese from whey, different functional properties can be achieved.

This work aimed at verifying the ability of a diode array microNIR in discriminating RCW-fruit based beverages 

prepared from four types of clear juices (pear, strawberry, blueberry, apple) and two RCWs, considering as tech-

nological factors the proportion of RCW to fruit juice, the influence of the pasteurization step and the RCW type.

MatErIal aNd MEthodS
Beverages were prepared from concentrated clear juices (strawberry, apple, pear, blueberry, and 50:50 apple - 

blueberry mixture -MIX-) diluted with tap water to 16.6 % soluble solids content and RCW (two kinds of whey, C  

and S) in different proportions (80:20, 70:30, 60:40) in order to obtain beverages standardized at 14% of soluble 

solids content4. After packing in 125-mL glass bottles, beverages were pasteurized in autoclave, and then kept 

for 15 days on open shelf at 20°C prior to analysis. NIR spectra were recorded by a diode array microNIR (Mi-

Ricotta cheese whey (RCW)-fruit based beverages are a novel type of healthy drinks, in which the nutritional 

components of fruit are combined with proteins and minerals of the dairy RCW by-product. Varying the fruit 

component as well as the type of technological process to obtain ricotta cheese from whey, different functional 

properties can be achieved. This work aimed at verifying the ability of a diode array microNIR to discriminate this  

type of functional drinks according to formulation and technological factors. NIR spectra (transmittance mode, 

900-1280nm range) were measured on beverages after mixing, and after pasteurization, transformed in absorb-

ance, pretreated using Savitsky-Golay first derivative followed by Normalization, and then processed by PLS_

Toolbox software. PCA analysis allowed to separate the RCW based beverages according to different features:  

PC-1 (82.66%) distinguished blueberry and strawberry -20% RCW based bevarages from pear and apple-based 

ones; PC-2 (13.30%) had negative scores for pear and apple -20% RCW based bevarages and positive for 

strawberry and apple-blueberry 50:50 mixture-based (MIX) ones, with the latter drink having the highest score. 

PC-3 (3.17%) distinguished the 20% RCW apple beverage from pear, strawberry and MIX-based ones. PC-1 

distinguished also beverages according to RCW percentage, showing decreasing values as RCW% increased in 

both raw and past apple-based drinks, and an increasing values in raw MIX-based drink, and decreasing values 

in past MIX-based drinks. The RCW type (from cow or ewe milk) used in the formulation was distinguished by 

PC-2 and PC-3 for apple- based formulations, and by all the three functions for MIX-based drinks.

KEYWORDS: Fruit-based beverage, Ricotta cheese whey, NIR spectroscopy
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croNIR1700 VIAVI, Diessechem Instrument, Italy) over the range 900-1280 nm in transmittance mode, using a 

1-cm light path cuvette. Measurements were carried out on beverages after mixing (raw), and after pasteuriza-

tion (past). NIR  spectra were transformed in absorbance, pretreated using Savitsky-Golay first derivative (15 

points, polynomial 2) followed by Normalization, and then processed by PLS Toolbox (Eigenvector Research, 

Inc., USA) software. The PCA analysis was performed and scores of first three Principal Components were sub-

mitted to multifactor analysis of variance and means were compared by Tukey’s test using Statgraphics ver 5.1 

(Manugistics, USA).

rESultS aNd dIScuSSIoN
The PCA analysis allowed to separate the RCW based beverages according to different features (Fig.1). Using 

PCA analysis on pretreated absorbance spectra from 900 to 1280 nm three principal components (PC) were 

considered.

Figure 1: Score plot: a) PC1 vs PC2 ; b) PC1 vs PC3. Ap=RCW with apple juice; Pe= RCW with pear juice; Bl= RCW with 
blueberry juice; St= RCW with strawberry juice; Mix = RCW with apple-blueberry 50:50 mix

PC-1, explaining 82.66% of total variance, distinguished blueberry and strawberry beverages from pear and ap-

ple- based drinks, PC-2, which explained 13.30% of total variance, showed positive values mainly for strawberry 

and MIX, whereas no evident separation of juices was noticed on the PC-3, which explained 3.17% of total vari-

ance.

Multifactor ANOVA performed on PC scores of beverages formulations prepared with 20% C RCW highlighted 

the significant effect (P-value<0.001) of the type of juice on PC scores of all the three functions (Fig.2), whereas 

there was a significant juice×pasteurization interaction (P-value<0.001) for PC-1 and PC-3 (Fig.3). PC-1 showed 

the highest score for apple-based drinks and the lowest for strawberry-based ones, and decreased with thermal 

treatment in all formulations, except for MIX-based drink which showed an increase; PC-2 had negative scores 

for pear and apple- RCW based drinks and positive for strawberry and MIX-based ones, with the latter drink hav-

ing the highest score. PC-3 distinguished the RCW apple beverage from pear, strawberry and MIX-based ones.

Figure 2: ANOVA results on PC scores of beverages formulations prepared with 20% C RCW for the main effect juice type. 
Means with different letters are statistically different (95 % Tukey’s test).

a) b)
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Figure 3: ANOVA results on PC scores of beverages formulations prepared with 20% C RCW for the juice×pasteurization 
interaction. Only significant effects are reported. Bars refer to standard error of the mean.

Figure 4: ANOVA results on PC scores of apple and 50:50 apple-blueberry mixture formulations prepared with 20, 30 and 
40% C RCW for the RCW%×juice×pasteurization interaction. Only significant effects are reported. Bars refer to standard error 
of the mean

Furthermore, multifactor ANOVA performed on PC scores of apple- and MIX-based drink formulations prepared 

with 20, 30 and 40% C RCW underlined that for PC-1 and PC-3 scores all the technological features considered, 

i.e. juice type, thermal treatment and RCW proportion, significantly interacted (P-value<0.001) in determining the 

spectral features of this type of drinks (Fig.4). The best separation among samples was obtained considering 

PC-1, which showed decreasing values as RCW% increased in both raw and past apple-based drinks, and an 

increasing values in raw MIX-based drink, and decreasing values in past MIX-based drinks. Significant differ-

ences among samples were found considering the PC-3 too, but only for beverages before thermal treatment.

Figure 5: ANOVA results on PC scores of apple and 50:50 apple-blueberry mixture formulations prepared with 30% RCW for 
the RCW type×juice interaction (C= whey from cow milk, S= whey from ewe milk). Means with different letters are statistically 
different (95 % Tukey’s test).
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Considering the PC scores of apple- and MIX-based drink formulations prepared with 30% RCW obtained from 

cow (C) and ewe (S) milk (Fig.5) it is evident the different influence of the RCW type on the spectral features of 

the apple-based drinks in comparison to the MIX-based ones. For apple-based formulations, different scores 

between the two types of RCW were found only for PC-2 and PC-3, while for MIX-based drinks the scores of all 

the three functions were different between the two types of RCW.

The loading plot of the PC analysis (Fig.6) shows that the separation of beverages was due to the absorption of 

the second overtone OH stretching (peaks around 1000 nm), which were negative on PC-2 and positive PC-3 

loadings, and to the second (around 1200 nm) and third (around 930 nm) overtone CH methylene stretching. 

Moreover on the PC1 the separation of beverages was also due to the CH aromatic stretching second overtone 

absorption (around 1143 nm)5.

Figure 6: Loading plot

coNcluSIoN
Our results indicate that chemometric analysis applied to the NIR spectra was able to discriminate RCW-based 

beverages not only according to their formulation (type of juice used, RCW to juice proportion) but also for the 

type of RCW and the processing step (raw and after pasteurization).
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INTRODUCTION

Boreal and arctic terrestrial ecosystems are central to the climate change debate, because future warming is 

expected to be disproportionate as compared to world averages. Likewise, greenhouse gas (GHG) emissions 

from terrestrial ecosystems exposed to climate warming are expected to be the largest in the arctic zone. Artic 

agriculture, in the form of cultivated grasslands, is a unique and economically relevant feature of Northern Nor-

way (e.g. Finnmark Province). In the MeadoWarm project (“Warming of Arctic Meadow under Pollution Stress: 

Effects and Potential Adaptation”, funded by the Research Council of Norway, 2013-2016) we are conducting an 

ecosystem warming experiment on a meadow at Eastern Finnmark.

Figure 1. Image and overview of the experimental field of the heated and non heated plots.

Boreal and arctic terrestrial ecosystems are central to the climate change debate, because future warming is 

expected to be disproportionate as compared to world averages. Likewise, greenhouse gas (GHG) emissions 

from terrestrial ecosystems exposed to climate warming are expected to be the largest in the arctic zone. Artic 

agriculture, in the form of cultivated grasslands, is a unique and economically relevant feature of Northern Nor-

way (e.g. Finnmark Province). In the MeadoWarm project (“Warming of Arctic Meadow under Pollution Stress: 

Effects and Potential Adaptation”, funded by the Research Council of Norway, 2013-2016) we are conducting an 

ecosystem warming experiment on a meadow at Eastern Finnmark.

The experiment was established during summer 2013 by ploughing and reseeding the site with a mixture of 

common meadow grasses (Phleum pratense, Festuca pratensis L., Poa pratensis L.) and clovers (Trifolium 

pratense L., Trifolium repens L). The experiment features 10 circular plots with 3.6 m diameter (see Fig. 1). Five 

of the plots are warmed with infrared heaters and five are non-warmed control plots. The experimental design is 

a randomized split plot design, where each of the warmed plots is continuously heated to be 3 °C warmer than 

its’ non-warmed pair plot, and half of each main plot is amended with biochar to study its potent for mitigating the 

anticipated warming effects.

KEYWordS: hyperspectral imaging, NDVI measurements, climate
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MatErIalS aNd MEthodS

The selected vegetation frames in each of the plots were also monitored two to three times per week with an 

NDVI (Normalized Differential Vegetation Index1) camera during the growth season. The camera was a Can-

on700 (maxmax.com) rebuild such that the blue channels records light in NIR 800 to 900 nm, the green channel 

records in the visible green light and the red channel in the visible red light (see Fig. 2). A white reference calibra-

tion plate was included in all the images in order to correct for different light conditions between the images so 

that a time series of the NDVI in the plots could be obtained.

Hyperspectral images in VIS/NIR (4000-1000 nm) and NIR wavelengths (1000 – 1700 nm) were obtained from 

the samples with a linescan camera (Specim, Oulu Finland) and NEO (Norsk Elektrooptikk) respectively in Au-

gust 2015. The hyperspectral images of whole plots were obtained by mounting the hyperspectral camera to a 

rotation stage  and attaching these to a lift. The images were obtained approximately 12m above the ground. 

Hyperspectral close up images of selected vegetation frames in the plot were obtained by mounting the cam-

era on a custom made device (see Fig. 3). A white reference calibration plate was included in all the images. A 

narrow band modification of the traditional NDVI, the Red Edge Normalized Vegetetation Index (RENDVI) was 

computed from the hyperspectral camera using the formula (λ750-λ705)/ (λ750±λ705)2,3 where λ750 and λ705 

indicate the reflected signal at 750 nm and 705 nm.

Figure 3: Hyperspectral imaging of the whole plot from lift (12 m above round) and of selected 
vegetation frames from close range.

Figure 2: Left: An NDVI image of the vegetation frame in plot 1. The white reference plate can 
be seen as well as a ruler to indicate the length of the frame to be studied. Right : Response 
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rESultS aNd dIScuSSIoN

Time series of NDVI of the vegetation frames were produced by calibrating the images from the rebuild NDVI  

camera. The 9 first images for plot 1 are shown in Fig. 4, clearly showing the vegetation growth in the period 

from May 20th until June 12th. The mean values for each time step are shown in Fig. 5 for the heated (plotted 

in red colour) and non heated (blue colour) plots. Also shown are the values for the fraction of area (in %) within 

the frame where the NDVI > 0.45, i.e., areas with green plants. Both plots shows the growth increase from the 

start of the growth on May 20th until June 12th. There are no significant difference in the NDVI index between the 

heated and non heated plots. The mean value of the Narrow band RENDVI computed from the hyperspectral 

images are shown for all the 20 plots in Fig. 6. This is a snapshot in time for the RENDVI and also here there are 

no significant difference between the heated and non heated plots.

Figure 4. NDVI photos of Plot 1 at different dates in 2015.

Figure 5. Time series of mean NDVI (left) and fraction of area with NDVI > 0.45 (right). The heated plots are in red and 

the non heated plots are in blue.

Figure 6. Narrow band RENDVI of all the 20 plots obtained on 24/08/15. The overview of heated and non heated plots 

are shown in Fig. 1.
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coNcluSIoN

Time series of broad band NDVI could be produced by calibrating images from a rebuild NDVI camera. Hyper-

spectral imaging also yields narrow band vegetation indices. No significant difference could be detected in the 

time series NDVI, nor in the narrow band RENDVI snapshot between heated and non heated plots from the pre-

liminary results of this warming experiment in the Arctic. The results agree with yield measurement from harvests 

of the plots, showing no significant differences between heated and non heated plots. Future work will be to aim 

at discriminating individual species in the plots from spectral signatures in the hyperspectral images.
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INtroductIoN
In Reunion Island, 38% of electricity is produced from renewable energies, including 10 % from bagasse (fibrous 

matter remaining after sugarcane crushing). Policy makers wish to increase the part of renewable energies up 

to 50% in 2020 by developing different types of sustainable energy including biomass. SYPECAR project aims 

to determine potential production of energy cane in Reunion conditions. The starting assumption of the project 

is that the energy is generated by combustion of cane grown on marginal lands. The analytic part of the project 

aims to determine the cane properties and in particular the energetic potential of cane biomass (kJ/kg using 

NIRS on whole fresh cane.

Energy cane is not a specific phenotype and conversely the name “energy cane” gathers very diverse pheno-

types from “high sugar-low fiber” to “low sugar-high fiber”1. Consequently, composition has to be determined: 

moisture, fiber, dry matter of juice, sugar and ash content and, in the end, the energetic potential of cane is 

evaluated by Net Calorific Value. The Net Calorific Value (NCV) represents the theoretical amount of recoverable 

energy held inside a unit mass of cane. Its direct measurement is long, difficult and expensive. Thus NCV is as-

sessed by indirect methods using moisture content, dry content of juice and ash content.

The characterization of energy cane is mutli-analysis. Thanks to NIRS technology, this chracterization on whole 

fresh energy cane could be done in few operations : shredding cane, mixing and NIR measurement. That is why 

a NIRS device attached whith a semi-automatic cane presentation system were set up. 

MatErIalS aNd MEthodS

The present study has been done on the full database including 476 NIRS spectra collected in 2014 and 2015. 

The dataset was first cleaned of outlying or suspicious spectra to develop reliable prediction equations. The 

database was constituted of 21 varieties of sugar cane: 12 varieties from genetic widening of eRcane collec-

Sypecar is a project carried out by Cirad which aims at studying high fiber cane for energetic valorization. One 

component of this project deals with fast and easy assessment of raw material using a semi-automatic Near 

Infra-Red Spectroscopy (NIRS) device (CPS instrument from Bruker based on Matrix F) dedicated to fresh cane 

analysis. Wet chemistry characterization consists in shredding stalk cane sample, pressing the resulting pulp in 

a hydraulic press and collecting plug and juice obtained. Then plug is weighed for determination of fibre content 

(fibre% cane) while juice is filtered for determination of dry content (known as brix) and sugar content (known 

as pol). Those information were collected for high fiber cane and were completed by moisture content (MC) and 

Net Calorific Value (NCV). A calibration per component was developed. They were based on around 330 sam-

ples dataset from heterogeneous samples of the project Sypecar, including different varieties, two locations and 

varying ages. The predictions exhibited reliable results, since the coefficients of determination (R2) of regres-

sions between predicted and observed values exceeded 0.9 for all traits and Ratio Performance to Deviation 

(RPD=Standard deviation/standard deviation of residuals) were higher than 4. The performances for the two 

constituents of interest were promising: The fiber calibration SEP was 1.22%, with a R2 equal to 0,96 and the 

NCV SEP was 147 kj/kg, NCV minimum and maximum values were respectively 188 and 5022 Kj/Kg, with a SD 

equal to 1209 Kj/Kg.

KEYWORDS: Fiber cane, Net calorific value, FT-NIR Cane presentation system.
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tion, 6 multi- purpose cultivars from Barbados and 3 commercial varieties. The 21 varieties were cultivated on 

two different pedoclimatic sites: Bérive in the south part of the island (altitude 670m, andosol, pluvial zone and 

average temperature 18°c) and La Mare in the north part (altitude 70m, ferralitic soil, irrigated zone and average 

temperature 24°C). Sampling was done at different ages of the plant: 10, 12, 14 months at Bérive and 8, 10, 12, 

14 and 15 months at la Mare. On average, 3 samples were done per varieties and age modalities for each site.

The day after harvest whole fresh sugar canes were analyzed for their NIR spectrum using the Cane Presenta-

tion System (CPS, fig. 1) from Bruker (Bruker Optik GmbH, Ettlingen, Germany). To do this, about 5 to 10 kg 

of whole fresh cane were shredded using a Dedini D2500 II (Dedini, Piracicaba, SP, Brazil), then the pulp was 

introduced in the CPS and analysed. CPS system is an automatic start/stop system with a conveyor belt, based 

on a Bruker Matrix FTNIR, the wavelength range is 4000 to 12000 cm-1, the spectral resolution was 32 cm-1. Im-

mediatly after NIR analysis, the pulp was analysed in the laboratory for the determination of water content (WC) 
2, Dry content of juice (DCJ) and sugar content of juice (SCJ) (Method ICUMSA GS 7-31 2013), Fiber content 

(FC) based on Berding’s formula3 and Net Calorific Value (NCV) using Wienese formula4. Statistical analyses 

and calibration development were performed using Opus 7.0 software (Bruker Optik GmbH, Ettlingen, Germany) 

and XLstat software (Addinsoft, Paris, France).

The descriptive statistics of the constituents analyzed are reported in table1. The experimental design with a 

large panel of varieties and highly contrasting growing conditions ensured a wide range for each constituent of 

interest. So, water content ranged from 57,4% to 85,3% and SCJ from 0,01% to 16,8%, that is to say from fiber 

cane to sugar cane. The result of this was that NCV values were representative of the variability with NCV values 

ranged from 469 Kj/Kg to more than 5000 Kj/Kg.

table 1. Descriptive statistics of the different constituents analyzed in the laboratory

Figure 1: Cane Presentation System (CPS, Bruker)

Figure 2: Histograms of NCV and Fiber content values.
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The distributions of the values for each parameter were Gaussian; however FC and NCV distribution were 

slightly bimodal due to the varieties and site effects (fig. 2).

The raw near infrared spectra were meanly characterized by the water absorbance bands (combination and 

harmonic bands), the second derivative spectrum of log(1/R) highlighted absorption bands around 1469 nm (N-

H, stretching) and 2406 nm (C-H stretching and C=O combination bands). A principal component analysis was 

done on second derivative of the whole spectrum corrected for light scattering (SNVD correction). The scatter 

plot of samples scores for the two first PCs clearly showed two groups corresponding to the two sites (fig. 3). No 

sample was considerate as outlier according to Hotelling T2 distances.

This repartition was meanly due to water content and Fiber content which were significantly different for each 

site. The loadings associated to PC1 and PC2 clearly demonstrated it (data not shown) with high coefficients 

associated to water absorption bands.

The calibrations were developing using two sets of samples: calibration and validation. The validation set was 

constituted by random selection of 130 samples with the constraint that the percentage of samples per age and 

site modalities was similar to the whole data set one. The remaining 346 samples were used for calibration. Cali-

bration parameters were optimized for the number of PLS terms, wavelength segment and spectrum pretreat-

ments. The best combination of those parameters was chosen according to the optimum SECV and R2 values. 

The calibrations parameters are reported in table 2. Calibrations were done using PLS regression.

Figure 3: Scatter plots of samples scores for the two first PCs of 
PCA done on second derivative of NIR spectra.

table 2. Calibration parameters.

constituent N Mean Sd range SEc r² SEcV terms t outliers

DCJ 323 7.02 2.54 3.44_15.42 0.49 0.96 0.56 5 18

FC 323 20.59 4.67 11.62-29.49 0.94 0.96 1.02 7 18

WC 327 72.50 6.51 57.44-85.30 0.56 0.99 0.65 7 16

SCJ 286 5.14 3.76 0.01-16.85 0.52 0.98 0.62 8 6

NCV 109 2802 1251 469-4864 100 0.99 168 6 4
Terms: number of PLS terms, t outliers: number of samples removed of the calibration set according to t test

table 3. Validation parameters.

constituent N Mean Sd SEP Bias r² slope SEl rPd

DCJ 127 7.54 2.45 0.56 0.06 0.952 1.007 0.07 4.4

FC 126 21.68 4.29 1.22 -0.01 0.891 0.999 0.37 3.5

WC 127 70.85 6.21 0.76 0.00 0.985 0.989 0.30 8.1

SCJ 116 6.46 4.00 0.65 -0.02 0.974 0.974 0.12 6.2

NCV 44 3309 1257 147 -10.26 0.985 0.989 111 8.6
RPD: SD/SEP, SEL: standard error of laboratory

DOI: 10.17648/nIr-2015-34335 



     103
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

The standard errors of prediction (SEP) were estimated by predicting the validation set (table 3). The SEP are 3 

to 8 times higher than the SEL depending of the constituent, however the NIR accuracy is very satisfactory and 

allows a fine varietal selection and a monitoring of the energy potential. The RPD Values observed are much 

higher than 3, in particular for the determination of water content and NCV.

The scatter plots of the predicted values versus the laboratory values for both data sets : calibration and valida-

tion confirm the potential of NIR to analyse whole fresh sugar cane, the predictions are close to actual values 

for the whole range of values. This was especially relevant for WC and dry content of juice (figure 4), the predic-

tion of these two parameters will be an efficient help for energy and selection programs. By calculation NCV is 

highly correlated to water content, the direct prediction of the calculated values was efficient, but in details the 

b coefficients of the NCV equation were highly noisly (data not shown) while WC b coefficients were sharp and 

well defined according to water absorption bands. However, an accurate prediction of WC allows an accurate 

estimation of NCV. The calibration for fiber content was less performant, however this calibration associated to 

the Dry content of juice and sugar content of juice equations will allow a high throughput screening of sugar cane 

varieties.

coNcluSIoN

The large genetic diversity and the highly different growing sites insure a well representative spectral data base, 

from fiber cane to sugar cane. The at line CPS-Matrix Bruker system demonstrated its efficiency and easy to 

handle for measurement of whole fresh cane. The models developed for the different parameters of sugar cane 

qualification presented high level of performances and will be applied as routine analysis as support of breeding 

and energy programs.

Regarding the time require to perform reference analysis, even for WC, the level of accuracy reached using the 

CPS, will improve the efficiency of the selection program. The NIR analysis of fresh cane for WC, fiber and NCV 

will greatly help the developpement of energy programs based on a selection of canes with high NCV potential.

The calibration for water content determination was highly efficient (RPD=8.1, SEP=0.77%) with a wide range 

(57%  to 85%), the next step will be to adapt this calibration for monitoring cut canes during sun drying in the 

fields in order to catch the optimum WC corresponding to NCV optimum.
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INtroductIoN

Today, rapid analysis for wine can be done with simple-to use analytical instruments and sample adjustments. 

The latest applications in the industry contemplate on-line analysis of wines obtained from other fruits than 

grapes, using instruments like the OenoFoss wine analyzer. When using this technology for new product devel-

opment, the construction of local calibrations is necessary.

A first stage in the wine routine analysis includes the measurement of the main components of taste in a fruit 

juice. These are: sugars (expressed as TSS, glucose, fructose and glucose) and acids (expressed as total acids, 

malic acid, and pH) that are two of the main quality parameters that determine taste in a fruit juice1. A juice is 

perceived as sweet or sour depending on how much its TSS/total acids proportion varies2. The challenge is then 

to find those fruit cultivars or juice blends that can achieve the perfect balance between sugars, acids and aroma.

The Danish cold-climate apple juices are particularly interesting to the wine industry, because of their moderate 

sugar values and high acid levels dominated by malic acid. Combined with a broad range of local cultivar specific 

aroma profiles3,4, wines can be produced with high complexity and well balanced taste5.

Previous studies have looked at sugars and acidity predictions of single cultivar sets6 and prediction of firmness7. 

In the present paper, we study the relationships between a sample set made up with juices of 27 local apple cul-

tivars, their main quality components with focus on sugars (total soluble solids (TSS), sucrose, fructose, glucose, 

malic acid and total acids (TA), as well as their ability to produce calibration models in the MID-NIR region from 

4000 to 7330 cm-1 and in the MID-IR region 1235 to 3997 cm-1.

Sample variability,MID- NIR and MID-IR calibration model performances were explored in a set of 27 different 

apple juices intended for wine production, using FTIR technology through a OenoFossTM wine analyzer. Unique 

cultivars with distinctive characteristics were observed with Principal component analysis (PCA), which explained 

the 63.9% of the sample variation (PC1 and PC2). The main quality traits consisted of: total soluble solids (TSS), 

sucrose, fructose, glucose, total acids, pH and malic acid. The PLS calibrations results for each trait were: TSS 

(SD= 1,06; R2MID-IR/NIR= 0.70/0.04; RMSECVMID IR/NIR=0.58/1.05), total acids (SD= 1.38; R2MID-IR/NIR= 

0.84/0.42; RMSECVMID IR/NIR=0.55/1.03), Glucose (SD=3.18; R2MID-IR/NIR= 0,75/0.26; RMSECVMID IR/

NIR=1,59/2.76), Sucrose (SD=10.34; R2MID- IR/NIR= 0.54/0.11; RMSECVMID IR/NIR=6.92/13.39) and Fruc-

tose (SD=14.44; R2MID-IR/NIR= 0,62/0.38; RMSECVMID IR/NIR=9.20/11.20). This study was the first attempt 

to understand how the variability of the reference data would affect the construction of local calibrations for apple 

juices and it was possible to construct MID-NIR as well as MID- IR calibration models for organic sugars and 

acids. The importance of the data structure was discussed and further improvements suggested.

KEYWORDS: TSS, acidity, fructose, glucose, sucrose, local calibrations.
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MatErIalS aNd MEthodS

27 mid to late season Danish apple cultivars were harvested at commercial maturity in September 2014, at the 

research facility, Pometum, Copenhagen University. They were stored at 4oC in cold rooms for approximately one 

month. Before juicing, the ripen cultivars were taken out to room temperature (20oC) for a few hours. The fruits 

were milled and juiced in a 20 L hydro press (Speidel, Germany). Immediately, 50 ml samples of each cultivar 

were collected and frozen at -18o C for 1-2 months.

Before laboratory analysis, the samples were thawed slowly in a fridge at 10oC for 24 hours. After centrifugation 

for 5 minutes at 4000 rpm, the clear supernatant was used for analysis. Total soluble solids (TSS) were meas-

ured with a portable calibrated brix meter (Metler Toledo ‘Quick brix 60’). Total titratable acidity (TA) was meas-

ured by a Titrino (719 S Titrino Metrohm) titrating with 0,1 N NaOH to pH 8,1. Results were expressed in %Brix 

and grams of malic acid (most abundant acid in apple juices) per liter of apple juice (g/l).

Fructose, sucrose, glucose and malic acid (g/l) were determined by Ion-Chromatography according to Liu et al8. 

2015. 1 ml of sample was filtered through a 45µm filter and diluted 50 times with demineralized water before IC 

analysis. All the samples and standards were injected four times.

The mid-near infrared range (4000 - 7330 cm-1) and Mid infrared MID-IR (1235 to 3997 cm-1) of each sample was 

measured on a OenoFoss™ (FOSS, Hillerød, Denmark). 0,6ml of clear juice sample was used. The spectral 

resolution was 4 cm-1 and the data was recorded as absorbance. The total number of data points per spectrum 

was 864. All samples were analyzed in duplicates and the models were obtained from their averaged values (one 

spectrum per juice cultivar).

Mean center, (MSC) and Autoscale pre-processing techniques, in the X and Y matrix respectively, were per-

formed prior the calculation of PCA Principal Components Analysis and PLS (Principal least square) models. The 

reference data for sugars, acids in the juice samples were inspected using PCA. The spectrum was then included 

and modelled using PLS regression. Full Cross validation was used for the calculation of all the PLS calibration 

models. The models were calculated in LatentixTM software (Version 2.12. Copenhagen, Denmark). Descriptive 

statistics of the quality data were calculated in Excel 2010.

rESultS aNd dIScuSSIoN 

Quality data

The mean values of the 27 samples were: for TSS 11% Brix, Glucose= 9.21 g/l, Fructose=58.0 g/l, Sucrose = 

32.2 g/l, TA=7.4g/l and Malic Acid=9.60g/l. These values are together with the ranges given in Table 1. Cultivars 

such as ‘Fynsk udvalg VI’, ‘Bedstefars æble’ or ‘Dronning Louise’ had over 12% Brix and TA between 6.8 and 

7.2 g/l, while ‘Pinova’ (Germany) and ‘Golden Delicious’ (Italy), are reported with 9-15 and 13.3% Brix and TA of 

only 5,2 and 7.5 g/l respectively9,10.

Most of the cultivars showed malic acid levels over 8 g/l, which are in the high end as compared with other apple 

juices from southern European regions7. However, in a study from Campo et al. 200411, Basque Country, Spain, 

a wide range from 2.8 to 17 g/l  was reported.

In addition, the content of individual sugars showed pronounced variation. For example ‘Ørdings æble’ had the 

lowest fructose concentration, with only 23 g/l and ‘Blankholm’ had the highest 83,3 g/l. These proportions are 

similar to the literature 9,7.

On the other hand, none of the parameters showed a perfect normal distribution. The effects of the data structure 

on the multivariate models development are presented in the following sections.

Spectral data

Figure 1 illustrates the MID-IR and NIR spectra from 1235 to 7330 cm-1 for all the juice samples. Moderated to 

strong absorbance peaks are observed at 4035, 4545, 4819 and 6840 cm-1. Also a noisy region is visible be-

tween 4120 and 4772 cm-1. A previous study from Rambla et al. 199712, detected strongest differences between 

the individual organic sugars in the spectral regions between 4877 and 4348 cm-1 (2050 and 2300nm). The 
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structural similarity of sucrose to its counter parts fructose and glucose, makes their spectral response separa-

tion complicated. In addition, absorption bands around 6840 cm-1  have been attributed to water absorption8 and 

sometimes they are not included in juice calibration models. We included them in our study.

Juice Samples and spectral responses

The PCA plot in figure 2 shows the variability among the different apple juices. PC1 and PC2 described 63,9 

% of the total variation in the samples. The loading and score plots show that the amount of individual organic 

sugars and acids is cultivar dependent. For example, the cultivars ‘Pilehave’ and ‘Tagesminde æble’ (21, 24) 

were high in TA, whereas cultivar 20, ‘Nørregårds æble’, the lowest acidity. PC2 displays the relative quality of 

single cultivars related mostly to glucose and fructose. This is the case for cultivars 27 and 18, which were low in 

glucose and fructose, and cultivars 4,5,8 and 11 high. From a juice making point of view, the PCA plot in Figure 

2 can also be used for selection of apple cultivars with desired sugars and acid profiles.

Figure 1. MID-IR and NIR spectra obtained from N=27 Danish apple juices

Figure 2. PCA Score (apple cultivars) and Loading plot (reference quality parameters) for the 27 apple juices.
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PlS calibration model results

As discussed before, the apple juice set provided reference parameters with different skewness in their distribu-

tion histograms and generally, did not follow a normal distribution (data not shown). The performance of each 

parameter in two PLS calibration model with NIR and MID-IR spectra is shown in Table 1. Better model perfor-

mances for all parameters were obtained using the full MID-IR region (1235-3997 cm-1) than the full NIR region 

(4000 to 7330 cm-1). Additionally, it appears that a high range on a reference parameter or normal distributed 

values do not necessarily result in highly robust calibration models. But the relative spread of data points within 

a parameter (SD) seems to be a reasonable indicator of model performance, when combined with proper bands. 

Muresan et al. 201513 showed evidences of improved calibration models from less cultivars (N=3), and higher 

sample number (N=36), which had a narrower spread of data than our set (Fructose SD=4.09/our=14.44; Glu-

cose SD= 1.09/our=3.17; Sucrose SD= 1.18/our=10.34), and using band regions between 900 to 1500cm-1 and 

650 to 1200cm-1, for the PLS analysis. They also used a more elaborated pre-treatment and band selection, for 

each parameter such as: elimination of noisy bands, selection of the appropriate pre-treatment for spectra, raw 

data and its combinations.

The results for TA and TSS, which SD were 1.38 and 1.06 respectively, showed the highest model performance 

in the MID-IR region, but for the NIR region TSS had the lowest, together with malic acid in terms of R2 and 

RMSECV (see table 1). Glucose as compared with TA followed a similar pattern on regards to NIR but lower 

performance than in the MID-IR region. In contrast with most samples, fructose, that followed a normal-like 

distribution of data, performed worse than glucose and better than sucrose in the MID-IR region. Moreover, the 

omission of  the ‘noisy’ part of the spectra did not improved the performance of the model, on the contrary, the 

higher performance results obtained by using the whole spectra, suggested that important information is also 

stored in the irregular portion of the spectra.

Optimal results were obtained selecting fewer bands in both regions (FTIR calibration software FOSS, version 

3.0.1, 2014, data not shown). This suggest that local calibration models can be obtained in small apple juice sets 

(less than 28 Samples) as long as the within-sample distribution is similar as the one we report and the juices 

have similar quality characteristics as the data set presented.

The results in table 1 provide only a hint of the validation models in the future. The number of samples to be 

used in such models requires further investigation. Since the modelling for malic acid, sucrose and fructose was 

difficult, additional band sampling, other modelling strategies and more modelling time are required in order to 

obtain satisfactory results, as different studies have reported14-16. Apart from this, the accuracy of the reference 

method used might also influence the overall results of the calibration models. The TA for example, uses data 

coming from a simple analytical method (end point titration), which generally provides superior data, which in ap-

ple juice is also quite specific as malic acid is strongly dominant (>98%). In contrast TSS measurements are also 

a technically simple and robust measurement, however usually highly unspecific as it accounts for everything 

that is soluble in the juice.

table 1. PLS calibration model results of a set of 27 apple juices using the NIR and MID-IR region of the spectra.
The numbers in parenthesis () represent the difference between high and low ranges.

Parameter tSS Glucose Frutose Sucrose total acids Malic acid

N 27 27 27 27 27 27

Range 8.8-13.5(4.7) 4.1-17.8(13.7) 22.9-83.3(60,4) 0.7-53.4(52.7) 5-10.7 (5.7) 6.3-14.4  (8.1)

SD* 1.06 3.18 14.44 10.34 1.38 1.91

NIr region (4000 to 7330 cm-1)

#PCs 2 2 2 1 6 2

RMSECV 1.05 2.76 11.20 13.39 1.03 2.39

R2 0.04 0.26 0.38 0.11 0.42 0.03

MId-Ir region  (1235 to  3997 cm-1)

#PCs 2 6 6 5 5 2

RMSECV 0.58 1.59 9.20 6.92 0.55 1.69

R2 0.70 0.75 0.62 0.54 0.84 0.21
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coNcluSIoN

It was possible to construct NIR calibration models for organic sugars and acids, from a small apple juice set, 

based on the full near infrared region available at an Oenofoss winescan. Calibration models in this region had 

lower quality than those in the MID-IR region. The relevant information was better described at the MID-IR spec-

tral region, from 1235 to 3997 cm-1. Taking into account that a small set of only 27 samples was used, the results 

presented are quite satisfactory for some of the parameters.

It is important to look not only at distribution histograms, but also at the spread of data points (SD), the accuracy 

of the reference method and the quality of the spectra, to have an initial idea of the data quality for multivariate 

calibration models. The multivariate statistics presented, however, provide only a hint of the performance of 

prediction models in the validation stage, where, using different number of samples, the full performance of the 

model prediction performance can be evaluated.

Additional samples covering a broader range of sugars and acids concentrations, with similar data spread as the 

best models presented in this study, and the combination of NIR plus MID-IR regions, may greatly improve the 

overall calibrations performance and provide robust prediction models. This is being further investigated. The 

models presented must be used as a first attempt only. The differences in chemistry of the individual juice sample 

not included in this study (e.g. ammonia, amino N, potassium, density, colors, etc.) may have also influenced the 

performance of the NIR calibration models. More research is required in this aspect.
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INtroductIoN

Pork fat is major constituent of many processed meat products. The quality of these products is largely depend-

ing on oxidative stability and consistency of the fat, which in turn are mainly determined by the fatty acid composi-

tion of the adipose tissues. Oxidative stability is mainly determined by the amount of polyunsaturated fatty acids 

(PUFA), while consistency largely depends on the amount of saturated fatty acids (SFA)1. It is well known that the 

fatty acid composition of pig adipose tissue can be influenced considerably by the lipid composition of the feed. 

Nevertheless, high heritabilities described for the proportion of monounsaturated fatty acids (MUFA) and PUFA 

in pig adipose 2-4 suggest that genetic factors, controlling e.g. fat synthesis and endogenous desaturation of fatty 

acids, also may largely influence the fatty acid composition. Therefore breeding for a favorable pig fat composi-

tion would basically be feasible. However, estimating genetic parameters and breeding values in order to select 

those animals with desired traits would require large records of phenotypic data and therefore highly efficient 

methods to measure the fatty acid composition in high numbers of animals. It has been shown previously that the 

fatty acid composition of pig backfat can be reliably predicted by using a NIR-fibre optic probe5.

MatErIalS aNd MEthodS
In the pig performance test of the Swiss pig breeding program, meat quality traits are routinely measured in more 

than 3500 testing animals per year. For this purpose a sample of the m. longissimus dorsi together with the  over-

laying backfat is taken in the region of the 4th and 3rd last rib of the left carcass sides and brought to the SUISAG 

laboratory. For the fat quality analyses the backfat was separated from the meat, and the rind (skin) was carefully 

removed from the outer layer of the backfat. NIR Scans were taken with a FT-NIR spectrometer (NIRFlex N-500, 

Buechi, Flawil, Switzerland) using a fiber optic probe (FOP) at ambient temperature directly at the surface of the 

adipose tissue from samples of 191 animals, selected to cover the complete range of backfat thickness observed 

in the animals fattened at the performance testing station.

Pork fat is a major constituent of many processed meat products. The quality of which is fairly depending on 

oxidative stability and consistency of the fat, which in turn is mainly determined by its fatty acid composition. The 

fatty acid composition is influenced not only by the lipid composition of the feed, but also by genetic factors. To be 

able to make use of genetic effects and to select animals with the desired traits, a high thruput method is required 

in order to measure the fatty acid composition in large numbers of animals. It has been shown previously that 

the fatty acid composition of pig backfat can be reliably predicted by using a NIR-fibre optic probe. As reference 

method for calibration and validation, gaschromatographic fatty acid analysis of the backfat of 191 animals was 

performed. The coefficients of determination and the standard error of prediction in an independent data set were 

0.92, 0.76, 0.92 and 0.62, 0.67, 0.49 % points for the proportion of saturated (SFA), monounsaturated (MUFA) 

and polyunsaturated (PUFA) fatty acids, respectively. This rapid method was applied at the backfat of 1964 pigs 

in the pig performance testing station at Sempach, Switzerland. Despite all the pigs receiving the same feed, 

the proportion of SFA, MUFA, and PUFA varied widely. Based on this dataset, medium to high heritabilities were 

estimated for these traits. These results indicate a high potential for modifying the fatty acid composition of pig 

adipose tissue by means of breeding.

KEYWORDS: Pork fat, fatty acid composition, NIR estimation, breeding, heritability
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The reference method comprised extraction of the fat using hexane and consecutive trans-esterification of the 

fatty acids to fatty acid methylesters (FAME) using 2n methanolic KOH. The FAME were separated and quanti-

fied using a GC-2010 plus (Shimadzu, Rheinach, Switzerland) equipped with a Supelcowax-10TM column and 

a flame ionization detector. The proportions of the different FAME were calculated as peak area relative to the 

total area of all peaks. They were grouped into FAME with saturated, monounsaturated, and polyunsaturated 

fatty acids.

Calibrations were developed using the NIRCal software (NIRCal 5.5, Buechi, Flawil, Switzerland) applying the 

PLS method. Two thirds of the samples were assigned to the calibration set, one third to the validation set. First 

derivatives (Buhler Chemical Analytic Package BCAP 5 points, 1st Savitzky-Golay 9 points) and normalization 

(standard normal variate or full multiplicative scatter correction MSC full) proved to be the most suitable pretreat-

ments.

Heritabilities and genetic correlations for the fatty acid traits SFA, MUFA, PUFA were estimated using REML-

animal model methodology using the software VCE 6.0.2.

This rapid method was applied at the backfat of 1964 pigs in the pig performance testing station at Sempach, 

Switzerland. Despite all the pigs receiving the same feed, the proportion of SFA, MUFA, and PUFA showed a 

large variation form 31.3-43.3, 43.9-53.3, and 8.7-19.1 % respectively (Table 3). These animals were orginated 

from 299 boars with a mean of 6.6 progeny of each boar providing a good dataset for the estimation of popula-

tion parameters.

rESultS aNd dIScuSSIoN

With the described method calibrations with coefficients of determination of about 0.92 and standard errors of 

prediction of 0.49 and 0.62 could be achieved for PUFA and SFA, respectively (Table 2). A satisfactory ratio per-

formance deviation (RPDp=SD/SEP) of 4.7 and 3.7 respectively was reached, which is above to the value of 3, 

pointing to the fact that the prediction can be rated as acceptable for screening purposes6. The predictions for 

MUFA however were less precise. This confirms earlier findings, indicating that MUFA can not be predicted by 

NIR as precise as PUFA or SFA 7,8. Major quality features of the fat are oxidative stability and consistency. Oxida-

tive stability is mainly determined by the proportion of PUFA while consistency mainly depends on the amount 

of SFA1. Therefore these two types of fatty acids are most important in terms of technological aspects of pig fat 

quality.

table 1. Range and mean proportion of fattty acid types in the samples used for
 calibration and validation

SFa% MuFa% PuFa%

Mean 38.4 48.4 13.1

Minimum 31.8 44.9 9.1

Maximum 43.8 52.4 19.5

Standard-deviation 2.3 1.4 2.3

No. of animals 191 191 191

table 2. Characteristics of the NIR-calibrations for the proportion of saturated (SFA), monounsaturated (MUFA) and 
polyunsaturated fatty acids (PUFA) in the outer layer of pig backfat.

r²c r²v SEE SEP Bias rEPp

SFa (%) 0.96 0.92 0.52 0.62 -0.06 3.7

MuFa (%) 0.83 0.76 0.63 0.67 0.02 2.1

PuFa (%) 0.94 0.92 0.43 0.49 0.02 4.7
SEE – standard error of the estimation; r2c –coefficient of determination Calibration, 
r2v –coefficient of determination Validation; 
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Based on this data, heritabilities of the proportion of these fatty acid types in backfat were estimated and found 

to be in a medium range with 0.43, 0.42, and 0.49 (Table 3) for the three fatty acid types (SFA, MUFA, PUFA). 

Sellier et al., 2010 found similar heritabilities for PUFA, for MUFA and SFA slightly higher values. Schwörer et al. 

calculated 1988 explicit higher heritabilities. Gjerlaug-Enger et al., 2011a and Fernandez et al., 2003, showed 

similar heritabilities. While Fernandez and Gjerlaug-Enger are based on NIRS, the other studies are based on 

gas chromatographic analyses.

These results indicate a high potential for modifying the fatty acid composition of pig adipose tissue by means of 

breeding. However, the unfavorable relationship between PUFA and lean meat content (Table 3) limits breeding 

progress.

The developed NIRS FOP-method is currently applied as routine method in the pig performance testing station 

at Sempach in order to estimate breeding values for the fat quality of boars employed at the artificial insemina-

tion station.

coNcluSIoN
The developed high thruput NIRS-method proved to be a suitable tool to measure the fatty acid composition in 

large numbers of animals as a base for modifying the fatty acid composition of pig adipose tissue by means of 

breeding.
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INtroductIoN

Intramuscular fat content (IMF), the fat within the lean muscle tissue, is correlated with the eating quality of meat1. 

Once it exceeds an amount of about 2 to 2.5 % it becomes visible as marbling and therefore also is an important 

visual criterion of meat quality2. In the Swiss pig breeding scheme, animals are selected also according to IMF, 

which requires the determination of total IMF (visible and non-visible).

For this purpose, a quantifiable measurement of IMF is obtained by homogenizing a defined piece of meat, 

and analysing a sample using near infrared spectroscopy. However, this method still is laborious and does not 

provide any information on the coarseness or spatial distribution of the intramuscular fat. It therefore is also not 

applicable in an industrial routine process to sort meat cuts according to their IMF or marbling.

Hyperspectral imaging is an analysis technique that combines spectroscopy and imaging, thus providing  both 

chemical and spatial information at the same time. Through the use of a hyperspectral camera, an image can be 

collected of a sample in a few seconds, where each pixel in the collected image contains a spectrum represent-

ing its light absorbing properties. By applying multivariate data analysis methods like PLS, a calibration model 

can be obtained from the hyperspectral image that can be used to measure chemical content, for example fat %, 

in each pixel of the collected image.

The aim of this study was to examine the ability of a NIR hyperspectral imaging method to predict IMF by just 

scanning the surface of a meat slice, which would speed up the analysis, reduce the expenditure of work, and 

could provide further information on the spatial distribution and thus visual appearance of the IMF.

The intramuscular fat content (IMF) is an important indicator of the eating quality of meat and its visible part, 

known as marbling, is an important visual characteristic. IMF, therefore, is currently determined in the pig per-

formance tests of the Swiss pig breeding program using a NIRS method which requires homogenization of the 

meat. The aim of this investigation was to examine the ability of a NIR hyperspectral imaging method to predict 

IMF by just scanning the surface of a meat slice, which would speed up the analysis and reduce the expenditure 

of work. For this purpose slices of the loin muscle from 76 pigs with an IMF ranging from 0.77 to 5.24 % IMF 

were scanned with a SWIR (Shortwave Infrared) hyperspectral camera (Specim). The calibration set consisted 

of 60 samples; 16 samples served as independent validation set (1.9±0.8 %). With the Calibration an R2=0.92 

and RMSE=0.21 % was obtained. The validation gave an R2V=0.95 and RMSEP=0.24 %, indicating that hyper-

spectral imaging can be used as a fast and accurate method to determine the average IMF in pork. Ongoing work 

aims to determine coarseness and spatial distribution of the IMF based on the hyperspectral images.

KEYWORDS: hyperspectral imaging, intramuscular fat, marbling, pork
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MatErIalS aNd MEthodS

For this study a SWIR (Shortwave Infrared) hyperspectral camera (Specim) was used, spectral range 1000 – 

2500 nm, 320 spatial pixels and 256 spectral bands. A field of view of 200 mm was used giving an image with a 

pixel size of 0.625 mm/pixel. Both sides of 3 cm thick slices of the loin muscle (m. long. dorsi) from 76 pigs with 

an IMF ranging from 0.77 to 5.24 % IMF were scanned. The images were analysed and a calibration model was 

developed using the mean spectra of each side. Mean centering and SNV (Standard Normal Variate) transfor-

mation were applied as pre-treatment followed by PLS. All data analysis was done using the Evince Image and 

Breeze software (Prediktera).  The training (calibration) set consisted of 60 samples with IMF values covering 

the range from 0.77 to 5.24 % (mean ± standard deviation: 2.1±0.8 % IMF). To validate the calibration, the IMF of 

16 independent samples ranging from 0.82 to 3.71 % IMF (1.9±0.8 %) was predicted using the calibration. The 

predicted results were compared to the actual reference values, which were measured using an existing NIRS 

method (NIRFlex N-500, Büchi, Flawil, Switzerland) based on homogenized pork and Soxtec extraction with 

petrolether (R2V=0.98 and RMSEP=0.12 %).

rESultS aNd dIScuSSIoN

A calibration model for IMF with an R2=0.92, Q2=0.91 and RMSE=0.21 % was obtained (Fig. 1). The validation 

gave an R2V=0.95 and RMSEP=0.24 %, indicating that hyperspectral imaging can be used to accurately deter-

mine the average content of IMF in an intact slice of pork respectively at the surface of a meat cut. The precision 

of this method seems to be slightly lower compared to the measurement in homogenized meat (R2V: 0.95 vs. 

0.98, RMSEP: 0.24 vs. 0.12 %) but it is faster as well as far less laborious and destructive. Thus, this method has 

the potential to be applied under industrial conditions e.g. in a meat cutting plant. Regarding its use for breeding 

purposes, where high precision of the determination of the individual phenotypic characteristics is required, the 

benefit of a fast determination (and thus the possibility to measure more samples) has to be balanced against 

a slightly lower precision, possibly resulting in slightly lower heritability and accuracy of the breeding values 

derived. However, it may be speculated that a higher precision of the imaging method could be achieved when 

more samples with an IMF>4 % would be included in a calibration data set.

A further advantage of the imaging method is the potential to provide information about the visual appearance of 

the IMF, which is an important factor influencing the purchase decision of consumers at the point of sale. For this 

purpose, the calibration based on the mean spectra was used to predict the IMF for each pixel. Applying image 

analysis algorithms on the recorded hyperspectral data gave an indication of coarseness and spatial distribu-

tion of the IMF (Fig. 2). This information, combined with the determined level of IMF, would provide an objective, 

fast and easy method for grading the marbling in meat cuts. As an even distribution of small IMF inclusions is 

probably most desirable, it would be interesting to define appropriate characteristics and to examine genetic pa-

rameters of such traits as well as the potential to improve those by means of animal breeding. For this purpose, 

however, samples of a couple of hundred animals have to be measured in future projects.

Figure 1. Correlation of the IMF prediction in the calibration (♦) and validation (●) data sets.
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coNcluSIoN

Hyperspectral imaging (Near infrared camera) has the potential of being used as a new and fast, easy and ob-

jective method for grading the marbling in meat. This method would be of interest for the meat industry which 

then could use this for quality control and optimizing the breeding process. Further work is needed to establish 

a method to determine coarseness and spatial distribution of IMF, its relevance for consumers purchase deci-

sions, and the genetic parameters of these traits in order to judge possibility and usefulness of breeding pigs for 

an optimal marbling.
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Figure 2. Hyperspectral image of a slice of pork loin showing the predicted intramuscular fat content for 
each pixel and indicating the coarseness and spatial distribution of the intramuscular fat
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INtroductIoN

As a general rule, NIR spectroscopy requires reliable chemometrical classifiers or predictors. Classifiers are 

used for qualitative applications, predictors for quantitative applications. The reliability of the implemented (e.g. 

statistical) method must be proven by validation against the respective target application. For many applications 

this validation procedure must be well documented and exactly reproducible. Especially for qualitative analyses 

the resulting disproportionate effort to create and maintain validated and well documented chemometrical clas-

sifiers often limits the use of the method. This is particularly true for classifiers basing on several hundreds of 

thousands of NIR spectra which have to be updated and extended regularly.

We have developed an automated infrastructure to create and maintain classifier modules which can be used 

to identify a wide range of pharmaceutical substances. These modules contain multiple chemometrical models, 

basing on different types of spectral data. This includes 310 000 NIR spectra of solids, measured in diffuse re-

flection, and 90 000 NIR transflectance spectra of semisolids and fluids. This large collection of spectral data is 

used for calibration and validation of the particular chemometrical models, and the complete classifier module 

respectively. The results of the very time-consuming validation procedure are summarised in an automatically 

generated, revision safe PDF document which typically comprises up to several thousand pages. The accuracy 

and integrity of this documentation is essential for pharmaceutical applications.

Problem

Creating and maintaining valid chemometrical classifiers is a time consuming and often underestimated process 

which potentially limits a wider use of NIR spectroscopy. Especially qualitative classification applications re-

quire the management of spectral and administrative information regarding hundreds or thousands of samples, 

batches and substances.

To realise continuous, reliable and professional maintenance of a chemometrical application it is necessary to 

define a precise workflow. The following aspects have to be considered:
• Information management: supplier, batch, certificates, reports...

• Data acquisition: sample spectra, reference spectra...

• Data processing: quality assurance, spectra correction

• Chemometrical evaluation: order reduction, outlier analysis...

• Classifier development: implementation, compilation...

• Validation: proof of method’s validity 

• Test: software/compatibility test, final check...

• Documentation: development logs, validation documents

We developed and implemented an infrastructure to create and maintain chemometrical classifiers for identifica-

tion of more than 1000 substances. The information associated with the classifier module and its classifications 

(substances, batches, samples) are managed in a database. The underlying process for module definition and 

module creation results in a complex workflow. This workflow has been implemented as platform-independent 

software infrastructure. It is currently running on a Linux-based server system, realising an overall processing 

time of about 72h for a classifier module consisting of multiple large chemometrical models.

KEYWORDS: NIR, chemometrical classifier, validation, infrastructure, automation
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For a current classifier for pharmaceutical application this results in the following workflow (Figure 1):

The result is a rather complex process, containing several very different and often parallel tasks which vary from 

hours to months in processing time.

All tasks must be reliably tracked, finished and well documented. The resulting software module (classifier) must 

be reproducible and its development must be fully traceable at any time in the future.

approach

Since commercially available chemometrical software primarily addresses to developers and to a lesser ex-

tend to production environments, we decided to implement a custom software infrastructure from scratch. Core 

components of this infrastructure are small but flexible command line tools which can be combined arbitrarily. 

These tools realise well defined data interfaces for input and output and are self-contained and thereby easy to 

maintain. Using scripting languages like shell scripts very complex procedures can be implemented and easily 

extended with this approach. The following section describes an extensive sample application basing on this 

approach. The realised infrastructure has been designed to create, evaluate, validate and document chemo-

metrical classifiers for pharmaceutical applications, which are updated and released regularly. The implemented 

infrastructure consists of the following components:

Chemometrical Information Database (CID) is a MySQL-based issue and information management system. It 

comprises two main modules (Figure 2):

Figure 1 . Process of data acquisition for the chemometrical classifier
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Data input is possible concurrently for multiple users and classifier modules. Plausibility of user input is checked 

against a predefined set of rules. An arbitrary version of this data structures can be combined and define a 

versioned set of text or XML based parameter files. These parameter files are designed to control the Chemo-

metrical Toolchain.

Chemometrical Toolchain (Figure 3) 

is a set of platform independent command line programs which are optimised for multi-core computer hardware 

systems:

Figure 2. Two modules of the chemometrical information database (CID)

• Issue tracking: tasks, problems, improvements...

• Information management: substance, sample level...

• Change management: who, when, what...

• Traceability: test reports, analysis certificates…

  

• Model definition: calibration, algorithms,  

  parameters...

• Validation definition: spectra, samples...

• Change management: who, when, what...

• Release management: parameter sets,  

  changelogs…

 

Figure 3. Chemometrical toolchain for creating a documented and validated chemometrical classifier
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• correctiontool: quality assurance and correction of spectra

 • bad spectrum detection (e.g. methodological errors)

 • correction of probe influence and device influence

• pcagenerator: control of parameter file and model creation

 • additional plausibility checks of substance structure and model structure information

 • generation of parameter files

• pcatool: principal component analysis

 • actor analysis (calculation of loadings, scores...)

 • self-validation

• pcaanalyzer: model evaluation

 • calculation of statistical properties (distances, covariances...)

 • (pre-) cross-validation of models

• pcamanager: classifier module generation

 • encryption of model files, access management

 • software module compilation (classification software, classification models)

• validationtool: classifier software module validation

 • validation procedure at user API level (software, chemometrical models in combination)

• reportingtool: creation of validation reports and documentation

 • detailed PDF documents per substance class

This infrastructure is currently running on an eight-core Linux server, equipped with 32GB of memory and 8TB 

storage space. The typical release cycle for updated classifier modules is one to two months. Computation 

time for one complete run (without spectrum acquisition and model definition) is about 45 hours. The result is a 

software module (Microsoft Windows installer), which contains complete validation documentation and can be 

shipped as is.

coNcluSIoN aNd outlooK

We developed and implemented an infrastructure which allows us to create and maintain chemometrical clas-

sifiers using an inline process. All production steps are well documented and can be reproduced accurately or 

with well- defined variations. The underlying toolchain allows efficient adaptions for new algorithms or even new 

fields of application like quantification.
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INtroductIoN
Human pressure on the soil has now reached the extent to which vital ecosystem services, such as food and 

fiber production or buffering against increases in greenhouse gas concentrations are at risk. Soil Organic Carbon 

(SOC) is recognized as one of the key soil properties reflecting the state of the soil resource. SOC represents 

a significant fraction of the total amount of carbon involved in the global carbon cycle.1 However, a quantitative 

estimation of the exact amount, the spatial distribution and the temporal change is still difficult and requires 

an intensive sampling strategy. Estimates for the size of the carbon reservoir in mineral soils range from 1115 

to 2200 pg in soil profile, the Intergovernmental Panel on Climate Change (IPCC) estimates the total size on 

1750±250 pg.2  The interest in determination of soil organic carbon  content is now reniewed.3  SOC represents 

one of the major pools in the global C cycle. Therefore, small changes in SOC stocks cause an important CO2 

fluxes between terrestrial ecosystems and the atmosphere. Determination of SOC content is an important part 

of research to examine the fluxes. Current technologies to determine SOC depend on two categories of tech-

nologies often described as “intensive” and “non-intensive”. Conventional soil chemical measurements are slow, 

costly and usually generate unwanted waste and destruction of original samples. The development and practice 

of soil carbon sequestration has created a need for better measurement techniques to quantify soil organic car-

bon across a range of scales. Assessments at regional and  national  scales  are  critical  for  global  carbon  ac-

counting  and  policy  development.4 On the other hand, assessments ot the project and field scale are critical for 

developing and evaluating management practices that sequester carbon reliably and economically. Specifically, 

the researchers may desire to know how various soils or locations within a field respond to treatments. Thus it is 

necessary to characterize within field variability with inexpensive and reliable ways. Modern technological devel-

Vibrational spectroscopy techniques are extremely well suited to be used as portable or handheld. Their sim-

plicity, speed, selectivity, and ability make them ideal to be used outside the lab. In this work the potential of 

NIR spectroscopy using portable instrumentation to determine chemical compounds was evaluated for studying 

some Mediterranean soils from Sardinia (Italy). Forty-five soil samples were collected in three different areas (a; 

b; c) of Sardinia (Italy): a) in the North-Eastern Sardinia (Typic Dystroxerept); b) in the west-coast of Sardinia 

(Psammentic Palexeralfs); c) in the North-Western Sardinia (calcareous clay-loam).

A microNIR 1700 spectrometer (Diessechem Srl, Italy) was used in reflectance mode (900 to 1600 nm, 50 scans;  

125 reading points). PCA applied to the whole set of spectra allowed the discrimination among the three different 

soils. PLSR in cross validation was used to calculate models for quantitatively determination of the organic C 

and the total N contents, found to vary according to the kind of soils. The organic C content was well predicted 

(R2 0.849) using first derivative as pretreatment (7 LV), total N content was calibrated using 2nd derivative as 

pretreatment and  5 LV (R2=0.743).

The use of portable NIR instrumentation to fast measure N and C contents in different soils is not widely diffused 

in Italy. The identification of soil type in desertification areas suggest useful tools for the analysis of soil charac-

teristics and classification to better understand “in loco” how to proceed with dedicated actions.

KEYWORDS: NIRS, reflectance, soil, portable instrumentation
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opments in positioning, sensing, and control systems have opened a new era in which many traditional agricul-

tural practices are being left behind. Hence, high-throughput and cost-effective methods of SOC analysis should 

be developed to support the implementation of effective soil inventories and production of digital soil maps at the 

continental scale from which the state of the SOC can be determined in a consistent manner. Replacing them 

are ‘precision farming’ techniques that manage variability within  a field by applying agronomic inputs in the right 

place, at the right time, and in the right quantity to reduce the environmental impact of crop production. Visible 

and near-infrared spectroscopy (NIRS) has emerged  as one  of these techniques, enabling the rapid and non-

destructive analytical correlation of diffusely reflected NIR radiation with chemical and physical properties of soil 

components. A large number of papers have shown the advantage of using NIRS combined with pedometrics 

or soil science, or the application of mathematical and statistical methods for the study of the distribution and 

genesis of soils, mainly for the quantification of soil parameters. However the diversity of mineral composition 

of the soils and the weak content level of organic matter make their detection and quantification by NIRS a real 

challenge. Reflectance spectroscopy is a promising, nondestructive technique for rapid analysis of  soil physi-

cal and chemical properties to fulfill these requirements. Numerous laboratory studies have demonstrated the 

effectiveness of NIRS in performing quantitative analysis of soils, including soil C.5 Vibrational spectroscopy 

techniques are extremely well suited to be used as portable or handheld. Their simplicity, speed, selectivity, and 

ability to operate without sample preparation make them ideal to be used outside the lab in more difficult environ-

ments. Recent evidence supports using visible-near infrared reflectance spectroscopy for sensing soil quality; 

advantages include low-cost, non destructive, rapid analysis that retains high analytical accuracy for numerous 

soil performance measures. Research has primarily targeted agricultural applications (precision agriculture, per-

formance diagnostics), but implications for assessing ecological systems are equally significant.6 In this work 

the potential of reflectance spectroscopy using portable instrumentation to determine chemical compounds was 

evaluated for studying some Mediterranean soils from Sardinia (Italy).

MatErIalS aNd MEthodS
Forty-five soil samples were collected in three different land uses (a; b; c) of Sardinia (Italy):

a) a Mediterranean agro-silvo-pastoral system, located in the North-Eastern Sardinia at Berchidda (40° 47’ 0” N 

09° 10’ 0” E) at 320 m above sea level. The soil of the area developed from a granite and was classified as Typic 

Dystroxerept. Soil texture in the Ap horizon is sandy loam with average pH of 5.7.

b) an intensive forage system for dairy cattle, located in a Nitrate Vulnerable Zone in the district of Arborea, 

(39°47’ N 8°33’ E, 3 m a.s.l.) on the west-coast of Sardinia. The soil was classified as Psammentic Palexeralfs. 

In the Ap horizon (0-45 cm), the soil of the experimental field had a sandy texture (97% sand) with pH 6.3;

c) an artichoke organic cropping system located in an experimental farm of the Agriculture Faculty of the Univer-

sity of Sassari at Ottava (Sassari) in the North-Western Sardinia at 225 m above sea level (40° 46’ 31’’ N 8° 29’ 

22’’ E). The soil was a calcareous clay-loam with pH 7.7.

The soil samples were oven-dried at 40°C and sieved at 2 mm to remove skeletal particles, large roots and 

organic debris. The C and N contents in the soil samples were determined using an elemental analyser (LECO 

CHN 628, LECO  Italy Srl, 20060  Cassina  De’  Pecchi,  Milan,  Italy). Prior to TOC measurements, carbonates       

were systematically removed by HCl acid treatment. Spectra of soil samples were collected in  duplicates using  

a microNIR 1700 spectrometer (Diessechem Srl, Milan, Italy) in reflectance mode over the range 900 to 1600 

nm, (50 scans; 125 reading points).

Prior to performing the statistical analyses, spectral bands that were insensitive or influenced by artifacts pro-

duced  by the spectrometer were removed.7 The following pre-processing techniques, commonly used in soil 

spectroscopy, were tested for the enhancement of spectral features: i) transformation of reflectance (R) spectra 

in log (1/R), to improve linearity; ii) spectral normalization using multiplicative spectral correction (MSC), to cor-

rect for light scattering variations in reflectance spectroscopy8; iii) random noise reduction and signal to noise 

ratio (SNR) improvement  using the Savitzky–Golay filter9; iv) spectral resolution enhancement and background 

effect elimination with first derivative and mean-center function applications.7 This transformation procedure 

generally intensifies the absorption characteristics indicative of soils properties, and diminishes variation among 

spectra.10 Multivariate data analysis was performed using PLS_Toolbox (Eigenvector research Inc., USA). PCA 
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was calculated applying a Savitzsky Golay 1st derivative, 15-point pretreatment on the spectra and a venetian 

blind cross-validation (9-data split) was used. Raw spectra were then pretreated applying a Savitzsky Golay 2nd 

derivative, 15 points. Partial Least Squares (PLS) regression11 with venetian blind cross validation was used to 

calculate models in order to quantitatively determine the SOC and the SN contents. A test set was used for an 

independent validation of the established PLSR models.

rESultS aNd dIScuSSIoN
These samples had a wide range of soil characteristics due to variations in land use, vegetation cover and spe-

cific climatic conditions which indicates the presence of significant differences in the soils characteristics (Fig. 1a, 

b, c). The average of C contents (g kg-1) in the 0-20 cm soil depth in the different land uses were: 29.19; 13.71; 

15.16 respectively for agro-silvo-pastoral area, intensive forage system and artichoke organic cropping system. 

Instead the average of N contents (g kg-1) in the soil samples were: 1.98 at Berchidda (a), 1.25 at Arborea (b) 

and 1.44 at Ottava (c).

The reflectance spectra collected showed similar profiles. All the spectra have three large absorption peaks in 

the NIR region around 1400 nm (Fig.2), which corresponded with the highest absorbance peaks obtained testing 

soil by Chang and Laird12 and Fidencio et al.13, and some few small peaks in the region between 1000~1100 nm.

The organic C content was better predicted (R2 0.849) using first derivative as pretreatment (7 LV), than total N 

content calibrated using 2nd derivative as pretreatment and 5 LV (R2 0.743), as shown in Figs. 3-4. Data repre-

sented in Fig. 5, showed a very good ability to discriminate between groups, and the variability explained by the 

first two components is over 88%. In this model, two samples were eliminated as outliers. The obtained results 

were very similar to those reported in literature under laboratory measurement condition14-17.

Figure 1. a) Agro-silvo-pastoral system; b) Intensive forage system; c) Artichoke organic cropping system.

Figure 2. NIR spectra of analyzed soil 
samples

Figure 3. SOC content prediction Figure 4. SN content prediction

Figure 5. PCA of analyzed soil samples Figure 6. PC 2 loadings representation
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Differences in soils profiles were well highlighted in the graph of Fig. 6, where the PC2 loadings allowed the 

identification of 8 bands characterizing the profile of the three different soils. In particular these bands seemed 

to be associated with the following vibrational groups: 927 (Hydrocarbons -Aliphatic), 989 (Phenolic OH ), 1026 

(Aromatic amines), 1051 (Hydrogen Bonding), 1075 (- OH combination band with water), 1348 (Hydrocarbons 

Aliphatic), 1379 (CH - Methyl), 1447 o CH aromatic o NH aromatic / 1448 NH aromatic) , 1459 (NH amide urea 

o OH intramolecularly band) 1676 (– ketones) according to literature.18 A greater number of observations, can 

definitely confirm the NIR potential in this field of applications.

coNcluSIoN
The use of portable NIR instrumentation to fast measure N and C contents in different soils is not widely diffused 

in Italy. This new possibility to identify the kind of soil in desertification areas suggest high prediction power useful 

for rapid and non destructive analysis of soil characteristics and classification to better understand “in loco” how 

to proceed with dedicated actions. In addition, areas with low SOC were identified and mapped, thus facilitating 

the development of remediation strategies in terms of application of fertilization environmental protection and 

method for modeling soil properties with great potential for diagnosing the nutrient deficiency, assessing the risk 

of soil parameters on the environment.

acknowledgments
The. work was supported by a Grant financed by RAS (Regione Autonoma della Sardegna, POR Sardegna FSE 

2007-2013 L.R. 7/2007 - “Promozione della ricerca scientifica e dell’innovazione tecnologica in Sardegna”) and 

Master&back programme.

references
1. Manzoni, S.; Porporato, A. Soil Biol. Biochem., 2009, 41, 1355-1379.

2. IPCC. In: Climate Change 2001: The Third Assessment Report of the Intergovernmental Panel on Climate 

Change, Houghton, J.T. et al. (Eds.), Cambridge University Press, Cambridge (UK), 2001, p. 944.

3. Mura, S.; Greppi, G.F.; Irudayaraj, J. In: Nanotechnology and Plant Sciences, Siddiqui, M.H. et al. (Eds.), 

Springer International Publishing, Switzerland, 2015, 125-151.

4. FAO  (Food  and  Agricultural  Organisation),  1998.  World  Reference  Base  for  Soil  Resources.  Food      and

Agricultural Organization of the United Nations, Rome.

5. Christy, C.D. Computers and Electronics in Agriculture, 2008, 61(1)10-19.

6. Genot, V.; Colinet, G.; Bock, L.; Vanvyve, D.; Reusen, Y.; Dardenne, P. Journal of Near   Infrared Spectroscopy,

2011, 19, 117-138.

7. Viscarra Rossel, R.A.; Walvoort, D.J.J.; McBratney, A.B.; Janik, L.J.; Skjemstad, J.O. Geoderma, 2006, 131, 

59– 75.

8. Geladi, P.; Kowalski, B.R. Analytica Chimica Acta, 1986, 185, 1–17.

9.Savitzky, A.; Golay, M.J.E. Analytical Chemistry, 1964, 36, 1627-1639.

10. Volkan Bilgili, A.; van Es, H.M.; Akbas, F.; Durak, A.; Hively W.D. Journal of Arid Environments, 2010, 74, 

229– 238.

11. Cozzolino, D.; Moron, A. Journal of Agricultural Science, 2003, 140, 65–71. 12. Chang, C.W.; Laird, D.A. Soil 

Science, 2002, 167 (2), 110–116.

13. Fidencio, P.H.; Poppi, R.J.; de Andrade, J.C.; Cartella, H. Communications in Soil Science and Plant Analy-

sis, 2002, 33, 1607–1615.

14. Shepherd, K. D.; Walsh, M. G. Soil Sci. Soc. Am. J., 2002, 66, 988–998.

15. Cohen, M.J.; Prenger, J.P.; DeBusk, W.F. Journal of Environmental Quality, 2005, 34, 1422-1434.

16. Mouazen, A.M.; De Baerdemaeker, J.; Ramon, H. Journal of Near Infrared Spectroscopy, 2006, 14 (3), 189-

199.

17. Viscarra Rossel, R.A.; Behrens, T. Geoderma, 2010, 158, 46-54.

18.Workman, J , Weyer, L Pratical guide to interpretative near infrared spectroscopy 2008 CRC Press.

DOI: 10.17648/nIr-2015-35277



     123
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

INtroductIoN

One of the key ecosystem services administered by trees is the provision of shade and cooling. Considerable 

efforts have been made to quantify these services to understand the energy-saving benefits of trees and other 

vegetation1,2. Urban areas provide potentially hostile conditions for trees, due to high impervious cover, poor soil 

conditions and changed radiation regime. In the built environment, trees may also be exposed to low vapour 

pressure deficits, anthropogenic heat sources, high wind speeds due to canyon effects, and higher ambient 

temperatures that contribute to a dynamic plant response3. These urban specific conditions result in variation 

between tree parameters (like above ground biomass and leaf area) of open grown trees and forest trees of the 

same species4,5. Since the capacity to dissipate thermal energy depends on morphological and physiological 

features as well as water availability and wind intensity6, the cooling potential and capacity for heat and drought 

tolerance varies on an inter- and intra-species level7. Empirical evidence, however, on structure, morphology, 

and ecophysiology of urban trees (especially species specific) is relatively scarce. This short study was carried 

out to identify potential differences in reflectance of leaf samples due to hemispherical influence and sample 

location on the tree. The results will inform methodological choices for spectral sampling of trees to further the 

understanding of the radiative properties of urban trees.

MatErIalS aNd MEthodS

Adolescent trees (~6m height) were sampled on the Whiteknights Campus, University of Reading, and corre-

sponding dendrological information (Diameter at breast height (DBH), Height, Crown Spread, GPS data) record-

ed. Three  trees, one Yellow Buckeye (Aesuclus flava) labelled A and two Paper Birch (Betula cordifolia) labelled 

B and C, were sampled on three consecutive afternoons (29.09.2015 – 01.10.2015). Each canopy was divided 

into four upper and lower sectors corresponding to cardinal direction (Figure 1). Out of each sector an inner and 

outer branch were sampled with three visually healthy leaves, washed (distilled water), dried and weighed before 

spectral analysis  being carried out within 30 minutes of collection. Five measurements of reflectance spectra 

were taken on the  abaxial and adaxial side of each leaf using Spectral Evolutions SM-2500 spectrometer with 

leaf clip (0.4 – 2.5 μm), automatic integration time of 20 ms, and 10 scans to average. A digital camera (Samsung 

ST30) mounted on a laboratory stand was used to take equal distance and angle pictures of each sample. Two 

80 Watts light sources were used to minimize shading effects.

Three adolescent open grown urban trees have been analysed for variation in percent canopy reflectance.

The experimental design segregated each canopy into eight blocks aimed at distinguishing between cardinal di-

rections, upper and lower as well as inner or outer location of leaf samples in a canopy. Spectral reflectance data 

from 0.4 to 2.5 μm was taken and analysed for significant differences between the blocks. Variation in percentage 

reflectance was measurable and found to be significant in statistical analysis depending on locus.

KEYWORDS: Urban trees, Species variation, Leaf reflectance, Hemispherical influence, Tree canopy
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The mean of the five spectral readings for each upper leaf side was used for further analysis. Gausman and Al-

len (1973) proposed seven representative wavelengths, 550 nm (green reflectance peak), 650 nm (chlorophyll 

absorbance peak), 850 nm (infrared reflectance plateau), 1450 nm (water absorption band I), 1650 nm (peak 

after water absorption band I), 1950 nm (water absorption band II) and 2200 nm (peak after band II). These were 

adopted for this study. Noise in spectral measurement below 400 nm set the lower threshold for data analysis; 

carried out using Statgraphics XVII by Statpoint Technologies, Inc.

rESultS aNd dIScuSSIoN

To determine whether a significant difference at 5% significance level (p=0.05) exists in the reflectance values of 

A, B, and C, the data were normalised using the mean for all species and across the whole spectrum. A variance 

check showed non-significance between same species standard deviations of Betula cordifolia (B, C), but p << 

0.05 between Aesculus flava (A) and each Betula cordifolia, highlighting an interspecies variation (Table 1). Two 

sample comparison (t-test) returned a significant difference in means for A vs B (p=0.000) and no significance 

for B vs C (p=0.243). Given the non-significant difference between B and C an analyses based on species i.e. 

A against B and C combined would be possible but rejected to allow for identification of borderline significant 

reflectance values. As a result data were analysed separated by individual trees.

ANOVA for reflectance by waveband was carried out for the datasets indicating a statistically significant dif-

ference (p=0.00) between the means of the seven wavebands. A total of seven outliers were identified at 650 

nm, 1450 nm and 1950 nm. Out of these, five were associated with A and one with B and C each. As these 

wavebands correspond to chlorophyll and water absorption bands these outliers suggest a species and/or plant 

health related influence9. Visual inspection of the outlying sample pictures show slight leaf colouration changes 

compared to the rest of the sample set indicating a physiological cause that cannot be further investigated visu-

ally. The outliers were subsequently removed in the analysis of the three influenced wavebands. Given the wider 

focus on radiative properties of trees, special interest was paid to the near infrared (NIR) reflectance plateau at 

850 nm. At this waveband, A shows the highest average reflection at 53.26 %, on average 0.73 % more than B 

and C. This means A absorbs less in the NIR, which could be an expression of species difference in leaf strategy. 

Average leaf area for A is 41.98 cm2, B = 24.91 cm2 and C = 28.68 cm2. Whilst bigger leaves provide a better 

photosynthesis capacity it is beneficial to such leaves to absorb less light in the non-photosynthetically active 

spectrum to ease the heat burden10.

Comparison between top and bottom sections of each tree canopy showed a statistically significant difference 

between the means of upper canopy and lower canopy samples at 1650 nm (p = 0.0130) as well as 2200 nm (p 

= 0.0038) for A. These reflection peaks are outside the corresponding water absorption bands at 1450 nm and 

1950 nm, indicating variance based on species specific cellulose/lignin content. When disaggregated for each 

individual tree, no significant difference between top and bottom canopy reflectance at 1650 nm could be identi-

Figure 1: Eight sampling blocks per tree, cardinal direction for upper (light green) and lower (dark green) canopy. 
Samples considered inner (near trunk) canopy and outer canopy in magnified block.

table 1. Standard deviation, F-Ratio and P-Value for species comparison.

comparison σ 1 σ 2 F-ratio P-Value

Sample A / Sample B 0.10729 0.0887952 1.45994 0.0006

Sample A / Sample C 0.10729 0.0833022 1.65883 0

Sample B / Sample C 0.0887952 0.0833022 1.13623 0.243
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fied for B and C, supporting this explanation. At 2200 nm only samples from specimen B displayed significance 

with p = 0.0381. This could indicate stress effects due to heavy metal pollution10 for B, but has not been tested in 

this study. Incidence of higher reflection was more frequent in samples from the lower canopy across all wave-

bands with an exception at the chlorophyll absorption band 650 nm. Here, samples from the top half of each tree 

showed a higher reflectance and subsequently less absorption. This is to be expected, as shade acclimatised 

leaves contain relatively more chlorophyll to counter balance a photosynthetically unfavourable chlorophyll-a to 

chlorophyll-b ratio11. Full spectrum canopy reflectance for A showed on average +0.24 % for the upper canopy 

samples and –0.220 % for the lower canopy. Values for B were +0.13 % and –0.13 % as well as +/- 0.33 % for 

C, all values in relation to whole canopy average reflection. Distribution testing returned average kurtosis values 

of -9.7 for each block, outside the expected range of +/- 2 for normal distribution; performing a non-parametric 

Kruskal-Wallis test on sample medians demonstrated samples in different blocks cannot be considered equiva-

lent (p=0.00). Since significance was implied, a post hoc multi-comparison with Bonferroni correction was ap-

plied to identify blocks significantly different from each other. Each block combination was tested pairwise. Out of 

28 block pairings per tree, eight were significantly different at the 95.0% confidence level for A, seven for B, and 

six for C. All six or 21.43% of significant sample pairings for C were between upper and lower blocks, as opposed 

to A and B with four (14.29%) such pairings in the upper block and four respectively three in the upper to lower 

comparison (Table 2). Sample pictures from C gave no indication why this effect is visible. Klich (2000)11 studied 

leaf variation in Elaeagnus angustifolia (Russian olive), suggesting effects due to environmental gradients but 

given the difference in climatic zones an application to this study’s findings would be speculative. Lower canopy 

blocks proved to be statistically equivalent to each other emphasizing light intensity effects on upper canopy 

leaves13.

Comparison of inner to outer leaves within and against each other returned highest incidence of significant dif-

ference for A, B and C at the interlocus comparison. For C, 32 out of a total of 38 significance incidents belonged 

to this category. A and B displayed highest values in the inner leaves versus outer leaves category with 20 out 

of 37 for A and 26 out of 43 for B (Table 3). Intra comparison for inner and outer leaves shows smaller incidence 

values indicating a locus dependence. This effect is likely related to light intensity and biochemical effects i.e. 

‘sun’ versus ‘shade’ leaves (Jones, 2013; Barton, 2001).

To assess the impact of cardinal direction, all significant block pairings were ranked by number of occurrence for 

each block and between inner and outer leaf location due to the higher rates of difference between those leaves 

(Table 4). For all trees, block 1 IN, facing N.E returned the highest number of incidence of significant pairings. For 

tree A, Block A1 IN was highlighted 11 times out of 37 occurrences of significant differences, B1 IN 7 times, and 

C1 IN 10 times. For outer samples, block A2 OUT (facing S.E) and B3 OUT (facing S.W) had highest frequency 

with 4 significant pairings each. As indicated by the previous findings, C did not have significantly different pair-

ings and no similar relationship to cardinal direction can be identified.

table 2. Number and percentage of significantly different upper and lower block pairings out of 28 possibilities.

tree / combination uP / uP uP / loW loW / loW total

A 4 14.29% 4 14.29% 0 0.00% 8 28.57%

B 4 14.29% 3 10.71% 0 0.00% 7 25.00%

C 0 0.00% 6 21.43% 0 0.00% 6 21.43%

table 3. Number and percentage of significantly different inner and outer block pairings out of 120 combinations.

tree / combination IN / IN IN / out out / out total

A 10 8.33% 20 16.67% 7 5.83% 37 30.83%

B 6 5.00% 26 21.67% 11 9.17% 43 35.83%

C 6 5.00% 32 26.67% 0 0.00% 38 31.67%
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Reflectance differences in relation to whole canopy reflectance between the blocks are generally small ranging  

from +2.47 % to –2.24 % (range = 4.71 %). Table 5 shows percent reflectance difference from average canopy 

reflectance by tree, block and cardinal direction, upper or lower as well as inner and outer canopy.

Even though absolute values of percent reflectance are small, the differences are found to be statistically signifi-

cant. It is important to note that other factors will play a potentially bigger role on result variation. Leaf physiologi-

cal characteristics change not only with a diurnal cycle but also over the course of the seasons (Jones, 2013). 

This temporal variation needs to be explored to truly inform methodological choices. A potential outcome would 

be a reflectance variation parameter to adjust data depending on time and locus of sampling. Increasing sample 

size combined with extending the spectral sampling into the mid-infrared region will help to improve the robust-

ness of the findings in this short study. Given the findings, leaf location and tree orientation should be recorded 

as valuable parameters for post sample harvest analysis.

coNcluSIoN

A variation in percent leaf reflectance is measurable and comparisons between the blocks show statistically 

significant deviations within a 95% confidence interval. For this dataset, N.E facing inner canopy leaves show 

highest incidence of difference. These can be attributed to factors like chlorophyll, cellulose or lignin content due 

to their shade adaptation. Outer leaf samples show higher difference facing S.E and S.W respectively likely due 

to light intensity impacts. The spectral information supplemented by the wavelengths suggested by Gausman 

and Allen (1973) have proven useful to explain outliers and should be retained in further experimental setups 

as a fast method to support data analysis. Results suggest leaf reflectance up to 2.5 μm varies significantly with 

cardinal direction and sample locus. It is, therefore, necessary to adopt a sampling design that observes these 

findings for wavelengths up to 2,500 nm. Use of octants for such profiling will be useful to produce canopy spec-

tral maps. A similar study should be repeated for wavelengths in the near- to mid-infrared region to check for 

similar influence on those wavebands.
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table 4. Locus of highest per tree frequency of difference with absolute value, percentage and cardinal direction.

a B c

Locus ∑ % Direction Locus ∑ % Direction Locus ∑ % Direction

A1 IN 11 29.73 NE UP B1 IN 7 16.28 NE UP C1 IN 10 26.32 NE UP

A2 4 10.81 SE UP B3 4 9.30 SW UP n.a. 0 0 n.a.

table 5: Reflectance difference in % per block for each tree with locus and cardinal direction. Light green highlights 
upper canopy, dark green indicates lower canopy.

tree/Block 1 NE 2 SE 3 SW 4 NW 5 NE 6 SE 7 SW 8 NW

A
IN 2.4730527 0.9620475 -0.5973735 1.1128279 0.1829755 -0.8027637 -0.4449069 -1.5011647

OUT -0.0483188 -1.5393014 -0.7776057 0.1998305 -0.7164677 0.5603878 1.0235857 -0.0868053

B
IN 1.8060609 -0.9074178 0.0509663 1.0659125 0.830945 0.3369672 0.2058526 0.3706334

OUT -0.2858501 0.3920301 1.1427541 -2.2447316 -0.9229859 -1.2980055 -0.6948414 0.1517102

C
IN 1.440871 0.8113571 1.4178957 0.6138028 0.3435203 -0.1904697 0.082318 1.028815

OUT -0.5521308 -0.210307 -0.7003126 -0.184688 -0.7383716 -1.3538716 -1.1825661 -0.6258625
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12. Klich, Marıá G., 2000,’ Leaf variations in Elaeagnus angustifolia related to environmental heterogeneity’, 

Environmental  and Experimental Botany, Volume 44, Issue 3

13. Wilson, D & Cooper, J.P. 1969,’Effect of light intensity during growth on leaf anatomy and subsequent light 

saturated photosynthesis among contrasting lolium genotypes’, New Phytologist, Volume 68, Issue 4

DOI: 10.17648/nIr-2015-35452



     128
PROCEEDINGS OF THE 17TH INTERNATIONAL CONFERENCE ON NEAR INFRARED SPECTROSCOPY
FOZ DO IGUASSU BRAZIL 18-23 OCTOBER 2015 

INtroductIoN

The NIRS technology was conceived by Karl H. Norris in the early 1960s, who was working at the USDA centre 

at Beltsville, MD. By using a computer Karl believed that the plethora of absorbers in the near-infrared region of 

the electro-magnetic spectrum could be harnessed to predict composition, and other parameters of agricultural 

materials. He designed an instrument to demonstrate this concept, using it to predict the moisture content of 

commercial wheat flour. Other papers followed. The industry was reluctant to accept this new “black box” tech-

nique at that time, but Karl can truly be said to be the father of what has become a very large family.

Serious operations usually have a need, but often require a stimulus to get them going. In the mid-to-late 1960s 

the stimulus came from outside Canada. Australia, the USA and Russia all started to offer milling-grade wheat at 

guaranteed protein content. Canada had always marketed their milling-quality wheat on the basis of grade, and 

was not offering wheat at guaranteed protein content. From year to year the grade and processing quality were 

consistent, but there was considerable variation in the protein content of cargoes (Table 1).

During 1969 the decision was made by the Canadian Wheat Board (CWB) to offer the top two grades of Cana-

dian Hard Red Spring wheat at guaranteed protein levels. The Canadian Grain Commission (CGC) undertook 

the determination of protein content. I was appointed the Chemist-in-charge of Protein-testing operations in 

February, 1970. Prior to Protein Segregation Canadian hard red spring (CWRS) wheat had become recognized 

world-wide by the milling and baking industries as consistently among the highest quality of wheat in the world 

for milling and baking. Because the wheat had always been marketed on the basis of grade, all purchasers of the 

wheat accepted its consistent quality, but could not verify the grade, which was based on density (test weight) 

and visual characteristics. But most flour mills operated, or had access to a laboratory capable of testing wheat 

for protein content by the standard Kjeldahl method, which gave them the opportunity to verify the integrity of 

their purchases. So overnight protein content became a critical factor in quality assurance, and the CGC Kjel-

dahl laboratories had to accept the responsibility for upholding over 60 years of integrity in quality assurance for 

Canadian grains by ensuring accuracy.

The paper will describe the saga of the first few years of the application of near-

infrared spectroscopy (NIRS) at the industrial level from its very humble beginnings. 

It will not contain anything as complicated as chemometrics. It will be written the way 

that I talk, and the way that I am.

hOW DID IT ALL START?
Phil Williams
PdK Projects, Inc., 5072 Vista View Crescent, nanaimo, b.C. Canada V9V 1l6
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table 1. Influence of controlled segregation on cargo protein content

Statistic 1969* 1970* 1973

Grade 1CWRS 2CWRS 1CWRS 2CWRS 1CWRS 2CWRS

Mean 13.67 13.31 13.67 13.30 13.66 13.66

SD 0.323 0.391 0.322 0.396 0.118 0.118

High 14.4 14.0 14.4 14.0 13.9 13.9

Low 12.7 12.3 12.7 12.3 13.5 13.5
*Simulated, based on re-distribution of grades in 1970; segregation began in 1971.
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Prior to segregation, the annual volume of wheat protein-testing at the CGC had been about 43,000 samples. 

Segregation, based on separate binning of individual car-loads, would increase this volume to over 500,000. 

At that time the CGC Grain Research Laboratory (GRL) used the Gunning-Arnold (back-titration) option of the 

Kjeldahl test Because of the cumbersome nature of the back-titration process, and the consequent requirement 

of large volumes of standardized NaOH, together with the need to measure precisely 25 cc of standard sulphu-

ric acid into the distillation flasks, I introduced the Winkler modification of the Kjeldahl. test. This eliminated the 

need for large volumes of standardized NaOH, as well as the need to protect the NaOH from contact with the 

air. The Winkler method involves distillation of the ammonia into saturated boric acid, followed by direct titration 

of the ammonia against standard sulphuric acid. Provided that there is enough boric acid present to accommo-

date all of the liberated ammonia there is no need to measure the volume of boric acid accurately, which saves 

considerable time and eliminates a source of error. By the year 1972, The CGC established Kjeldahl laborato-

ries in Calgary, Thunder Bay and Winnipeg. The Calgary and Thunder Bay labs had a throughput of 480 tests 

(samples) per shift, using 4 technicians. The Winnipeg laboratory had a throughput of 960 tests per shift, using 

8 technicians, possibly the biggest macro-Kjeldahl laboratory in the world at that time. In the crop year 1972-

1973, the 3 CGC Kjeldahl laboratories jointly completed over 623,000 tests. The precision was monitored with 

a check sample of whole-grain wheat that came through the mail as a normal primary elevator sample, so that 

the laboratory could not recognize it as a check sample. The standard error (SE) per test over the year among  

the 3 laboratories was 0.18%, including sub-sampling and sample preparation errors. The SE per test for the 3 

individual laboratories was 0.112-0.115. The small bias of ± 0.1%, that fluctuated among the labs over the year, 

raised the overall SE to 0.18. The combination of the volume of over 623,000 samples, allied with the overall SE 

of 0.18 would possibly qualify for a Guinness record for protein testing of wheat! This level of precision was to 

form the foundation stone upon which applied NIR spectroscopy was built.

The method used 800-ml Kjeldahl flasks and a 1.00 g sample, weighed to a precision of 0.001 g. The sulphuric 

acid was standardized to 0.12525 N, so that 1 mL=1.0% protein (N x 5.7). All protein results were corrected 

to 13.5% moisture content. Innovations included use of National Instrument Company Filomatic dispensers to 

pump boric acid solution, dilution water, and 40% NaOH solution, and development of a non-toxic catalyst, based 

on titanium oxide and cupric sulphate to replace the very toxic mercuric oxide. The new catalyst was supplied in 

bulk and included 1% coarse pumice powder to replace “boiling stones”.

A feasibility study was carried out in the crop year 1970-1971. 2000 cars (22 trains) were assigned to 2 terminal 

elevators in Thunder Bay, Ontario. Each time a car was loaded at a primary elevator, a sample was sent by mail 

in a colour-coded envelope to Winnipeg, where it was tested for protein content by the CGC/GRL Kjeldahl labo-

ratory. The results were telexed (for the project) to the Thunder Bay CGC office. When the trains arrived at the 2 

terminals the wheat was binned on the basis of the Primary protein result. The wheat was also sampled by the 

official CGC automated method at the time of official unload at the elevators. The Unload samples were sent to 

Winnipeg and tested by the same Kjeldahl laboratory.

The coefficient of correlation between the Primary and Unload samples of the same car-loads ranged between 

0.85-0.90 (r- squared between 0.72-0.81). This was considered to be adequate, but not fully satisfactory. Both 

series of samples were tested by the same Kjeldahl laboratory in Winnipeg, which was operating at a SE per test 

of 0.12-0.15. So it was considered that the main reason for discrepancies between the two series of results had 

to lie in the different methods of sampling. The official unload samples were taken using automated Woodside 

samplers at the terminals. The primary samples were usually hand- sampled, and sometimes cars arrived with 

no primary samples having been submitted. It was obviously necessary to test the car-loads at the time of unload 

at the terminal. It took about 4 minutes to unload 50 tonnes at the terminal. The Kjeldahl test took about 2 hours, 

so an alternative, and much faster test was needed. Late in September, 1971 I heard of a miracle instrument 

that would do a protein test in 10 seconds, with an accuracy of 0.1%. The instrument was made by a company 

called Neotec, somewhere in the eastern USA. I called all of the area codes in that area, and found Neotec in 
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Rockville, MD, and phoned the company. The call was answered by Dom Genovese, who relayed my call to the 

President of Neotec, Bob Rosenthal. I think that Bob was in California. He called me back within the hour. This 

was the beginning of a beautiful friendship.

I advised my director that we should investigate the instrument, which was called the Grain Quality Analyzer 

(GQA). He was invited to see the GQA at a meeting in Toronto, and gave me the OK to acquire one. So in No-

vember 1971, I signed the requisition for what was probably the first NIR instrument ever purchased commer-

cially in the world. The price was $7,200, so the boss had to OK it! The GQA arrived in my laboratory on February 

2 1972, a memorable day indeed. The temperature was -36oC, so we didn’t turn it on until the next morning! My 

director was in my lab by 08.00, and we watched Mr. Peter Boyko, supervisor of the midnight shift of the Kjeldahl 

laboratory, perform what was possibly the first ever NIRS test for wheat protein content on a commercial instru-

ment.

 

All samples had to be ground. The Udy Cyclone grinder gave the best results for the NIRS testing. The instrument 

used three rotating filters. Wavelength selection was based on “pulse-points”, selected by Neotec engineers. The 

sample was loaded into a sample cell of about 8 cm in diameter, viewed from above. When the sample drawer 

was opened the instrument scanned a  teflon standard, mounted at the back of the drawer. Calibrations were 

carried out by MLR, using the 3 wavelengths (pulse-points) of the instrument. Mathematical pre-treatment was 

called “delta log1/R”, a precursor of first derivative. The time per test was about 90 seconds, including grinding 

time. The first standard error of prediction (SEP) was 0.27%. We believed that the SEP and the time per test 

would be satisfactory for testing at the terminal elevators.

Within 2 weeks I found that the GQA was very sensitive to temperature. When I started to work with in GQA I 

wouldn’t have even qualified as a novice! I had never even heard of near-infrared spectroscopy until September, 

1971, nor had I heard of Karl Norris, whom I first met in November 1973. I had no-one to talk to about NIRS, 

except Mr. Don Webster, Neotec’s chief engineer, who was not overjoyed to hear bad news! Neotec engineers 

addressed the temperature issue by controlling the temperature of the PbS detectors. But during the next few 

months the GQA broke down every few weeks, which called for re-calibration. Neotec  sent up Mr. Harold Moyer, 

a “fix-it” engineer. We got to know Harold quite well during that first year. My director was so disillusioned with 

my weekly GQA reports that he wrote Bob a formal letter saying that he wanted me to quit working with it. Bob 

called me, and I said that I really needed the technology, and would keep on working at it, as long as they would 

keep on working with me! Bob trusted me, and was a true pioneer.

At the AACC annual conference in St. Louis, September 1973 I gave what was probably the first ever paper on 

industrial-scale application of NIRS1. The data in Table 2 were taken from that talk:

Figure 1. The Neotec GQA , 1972
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To enable us to advance to the elevator stage, Neotec loaned us 3 GQAs in the fall of 1973 to start working at the 

terminals in Thunder Bay. In the first day all 3 broke down, so Harold Moyer had his first visit to Thunder Bay! In 

November that year Bob invited my Director and me to Rockville to discuss the possibility of an instrument that 

would do 10 tests a minute. I said that it would be no good to us, at which my boss exploded! I pointed out that 

we wouldn’t be able to load cells fast enough to keep up with the instrument if it was designed the same way as 

the GQA. But if they could invert the system so that the sample was scanned from below we would design a tray 

that held 10 cells, and we would be able to keep up with it. Neotec agreed, and designed the instrument by March 

31, 1974. The Automated Digital Analyzer (ADA) was conceived and a new era was born.

The ADA was the first NIR instrument that allowed the operator to optimize the wavelengths, by changing the 

pulse-points. It was also the first NIR instrument to be controlled by a digital, as distinct from an analogue, com-

puter. It didn’t break down in 6 months of work, which taught us that the main flaw in the previous GQAs could 

be traced to their analogue computer. This enabled Neotec to identify and eliminate the computer problem, and 

led to the development of the next generation of Neotec GQAs.

But another development was to have a profound impact. In May 1975, the Corning Glass company changed 

their system for making 800 ml Kjeldahl flasks. Breakage increased to the extent that I couldn’t budget flask 

purchase fast enough to maintain throughput of over 1000 samples per day. But every sample (up to over 1000 

per day) had also been analyzed by the ADA for nearly a year. The weekly statistics from all of the 18 terminal 

elevators looked good. So overnight I changed the protein segregation operation from Kjeldahl to NIRS, using 

the ADA. I couldn’t, and didn’t tell anyone. Everything continued to look good, so as of August 1, 1975, the guar-

anteed protein content of Canada’s multi-billion dollar wheat industry was controlled by NIRS.

The door had been opened, and other groups entered the field. DICKEY-john had developed the GAC (Grain  

Analysis Computer), using 6 filters and log 1/R with no pre-treatment. In 1974, Technicon Industrial Systems 

Figure 2. The ADA. Note the archaic computer in 
the background! The ADA worked for 18 years and 
completed over 11 million tests, including protein and 
moisture contents

table 2. Accuracy of IRS analysis as compared to standard analytical procedures

constit. Barley oats Wheat (cWrS)
NIrS Standard SEP NIrS Standard SEP NIrS Standard SEP

oil - - - 5.91 6.04 0.47 - - -

Protein 12.52 12.50 0.35 12.40 12.38 0.47 13.61 13.63 0.22

Moisture 7.11 7.08 0.12 7.47 7.50 0.17 9.0 8.8 0.28

Soybean rapeseed (canola) Flour (all types)
oil 17.5 17.5 0.21 44.9 45.7 0.56 - - -

Protein 41.7 41.6 0.50 24.5 24.3 0.75 11.01 11.04 0.23

Moisture 6.3 6.5 0.15 5.1 4.8 0.22 13.0 13.0 0.30

low 12.7 12.3 12.7 12.3 13.5 13.5
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became associated with DICKEY-john, their engineers John Judge and later Ed Stark introduced major changes 

to the GAC, re-named the InfraAlyzer. In 1978 DICKEY-john introduced their up-dated version of the GAC, the 

InstaLab, which is still marketed. Dr. Fred McClure from North Carolina State, and particularly Dr. John Shenk, 

from Penn. State had developed computerized spectrometers and software for work in the NIRS field. Sadly 

both of these NIRS giants have since left us. John Shenk was a forage man, and working with USDA scientists, 

including Woody Barton, developed the first NIRS network, using an instrument developed by Technicon. They 

took NIRS into the field, in 1976, visiting farms to test forage with the instrument in a van.

I was fortunate, and blessed, to spend the year from November 1976-November 1977 working with Karl in 

Beltsville MD. During that year we studied the two most important variables in application of NIRS to protein 

and moisture-testing of ground hard wheat, those of particle size and moisture content. I designed the experi-

ments, assembled, scanned all of the samples, and developed the calibrations. Karl developed first and second 

derivative software, and the concept of Quotient Mathematics. We also examined Kubelka-Munck pre-treatment 

of spectral data obtained from his Cary spectrometer. Four different grinders were used. Moisture content was 

determined by using AACC Approved Method 44-15.01. All samples were prepared and analyzed at the Grain 

Research Laboratory, Winnipeg using the CGC/GRL Kjeldahl laboratory. We found that, using first derivative with 

quotient mathematics we were able to obtain and maintain SEP values of 0.25-0.27 over an enormous range 

of particle size and moisture content in ground wheat. Neotec engineers, with the assistance of Dr. Ron Moen, 

incorporated the algorithm in their GQA 31-EL.This enabled Neotec to secure a contract with the USDA FGIS for 

delivery of 100 instruments.

1978 saw the introduction of the Neotec/Pacific Scientific model 6350. the first computerized spectrometer of-

fered commercially. It operated over a wavelength range of 1100-2500nm, and enabled the use of derivatives, 

and optimization of the wavelength range. This extended the scope of testing from constituents, such as protein, 

fat/oil and moisture to amino acids and fatty acids, and functionality factors, such as texture. It was driven by the 

precursor of NSAS software. The first ever purchaser, in 1978, of a computerized spectrophotometer, was Dr. 

Karoly Kaffka, of Budapest, Hungary. Karoly was a fine man, an excellent scientist, and an inspiration. It was at a 

conference organized by him in Budapest in 1986 where the ICNIRS was inaugurated, and that meeting became 

the first of what has been a long series of International NIRS conferences, including this one.

Technicon soon followed suit with their InfraAlyzer Model 500, largely designed by Dr. Ed Stark. A new com-

pany, LT-Industries, was formed by Izaac and Aviva Landa. LT Industries introduced their Quantum series of 

computerized spectrometers, and the 1970s was a keynote decade for NIRS! Whole-grain NIRS analyzers were 

introduced first by Trebor Industries in 1980, and later, in 1987 by Tecator, with their excellent Infratec series. 

In 1984, Dr. Harald Martens introduced partial least squares (PLS) regression at the second International Dif-

fuse Reflectance Conference at Wilson College, Chambersburg, PA. Up until that time all calibrations had been 

achieved using various versions of multiple linear regression. PLS regression revolutionized calibration. And that 

my friends, is a concise history of the early days of NIRS application in industry.

Back in 1989 the Canadian Grain Commission wanted to know the relative contributions of Karl and myself to our 

joint papers and the monograph that we complied in 1987. My boss showed me his response to their request. In 

his last paragraph Karl had said ”Dr. Williams’ contribution was to take the technology from the laboratory to the 

industry. Without his work this would have taken many years, and may never have happened”.

“There is nothing more difficult in its introduction, more hazardous in its undertaking, and more uncertain in its 

success than to take the lead in the development of a new way of things”. (N. Machiavelli, Il Principe).
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INtroductIoN
Safety, traceability and quality of products, as major attributes and objectives for feed and food regulations, re-

quire the harmonization and integration of controls through all stages of the production process. This framework 

pushes competent bodies and agri-food system stakeholders to design and put in place mechanisms so that 

safety hazards and quality deviations can be efficiently monitored and avoided. From this point of view, the need 

for programs performing surveillance of products and methodologies ensuring regulatory compliance is critical, 

especially  regarding the upstream part of the chain, where evaluation of incoming bulk products involves both 

implementation difficulties and making crucial decisions. In this context, sampling plays a key role concerning 

food and feed  materials characterization, risk assessment and safety evaluations, since if the sampled material 

does not allow to make valid inferences with respect to the entire lot, the ensuing steps, including analysis, are 

futile.

The principles of the Theory of Sampling (TOS) are reference, for instance, on how to obtain samples from the 

original material reaching representativeness and minimizing sampling errors. However, there are still important 

issues to be solved regarding sampling performance, making complementary approaches to analyse and assess 

commodities in a more efficient and cost-effective manner necessary. In this regard, near-infrared spectroscopy 

has proven to be an ideal technology providing rapid and reliable analytical determinations in a broad range of 

materials (whether they are homogeneous or heterogeneous). Moreover, unlike the current procedures, NIR 

analysis for sampling purposes enables to get many more measurements from a bulk sample, with a result 

for each sampling point rather than a single result for a combined sample. This means being able to use such 

measurements to implement models supporting the inference of the spatial distribution of key attributes in raw 

materials. As a consequence, this laboratory study aims at evaluating sampling strategies in bulk lots of cereals 

through exploiting the extra spatial information that the analytical approach based on NIRS achieves.

Bulk raw materials evaluation at reception is an essential step that deserves particular attention, not only be-

cause of the importance of preventing problems beyond this stage, but also because involves a number of chal-

lenges to overcome, such as the need to design and implement efficient control plans to tackle it. Near-infrared 

spectroscopy (NIRS) offers the possibility of analysing bulk products, such as feed ingredients, performing rapid 

measurements in a cost-effective way, making it a key tool for this purpose. Furthermore, the ability of this 

technology to provide a result for each sampling point represents the opportunity to rethink existing sampling 

approaches and investigate  how the extra spatial information achieved by NIRS could be exploited. As a first 

step in this direction, this laboratory research investigated the sampling and measurement by NIRS of mixtures 

of wheat and barley grains with varying degrees of homogeneity. The spectral data were used to predict wheat 

percentages at each measuring point. After this, the development of a routine, using these NIR predictions as an 

input, allowed to produce continuous maps for each lot and evaluate three sampling strategies. The Root Mean 

Square Error of Prediction (RMSEP) was calculated so as to assess the performance of the model in each case 

regarding the prediction of unsampled points.

KEYWORDS: NIRS; sampling protocols; monitoring of bulk products; feed materials inspection
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MatErIalS aNd MEthodS
A set of twelve lots of mixtures of wheat (W) and barley (B) grains were prepared for analysis and evaluation. 

Every lot contained a total of 18 kg of grain, two of them were pure samples of wheat and barley (100W|0B and   

0W|100B, respectively) with the rest being mixtures of both cereals in varying percentages (90W|10B, 75W|25B, 

50W|50B, 25W|75B and 10W|90B). For each sort of grain proportion, two different mixing times were selected (5 

and 15 minutes) and performed by means of a V type mixing machine (Figure 1a).

A Corona 45 VIS+NIR (Carl Zeiss, Inc.) diode array spectrometer was used to measure reflectance spectra from 

380 to 1690 nm, with a sampling interval of 2 nm. All spectra were recorded using CORA software version 3.2.2 

(Carl Zeiss, Inc.), with an integration time of 50 ms. The viewing window of the instrument is 7 cm in diameter, 

which means an irradiated area of 38.5 cm2. Chemometric analysis and mathematical procedures were per-

formed with WINISI II software version 1.5 (Infrasoft International) and The Unscrambler software version 9.0 

(CAMO AS).

Each lot was placed into a NIR transparent glass box, with the dimensions of 0.5 x 0.35 m and a depth of 0.3 

m, for analysis. The measurements were made over a grid of 20 sampling points per lot and always carried out 

in the same order (Figure 1b). The equipment was located under the box and acquired spectra through its base 

with a fixed distance of 13 mm to the bottom surface of the sample (Figure 1c).

NIR calibration equations were developed so as to use the spectral data for the prediction of wheat percentage 

at each measuring site of the grid. Subsequently, NIR predictions served as an input for the implementation of a 

routine in R, version 3.2.0 (R Project), which provided trend surfaces by least-squares from a polynomial inter-

polation. Finally, three different sampling procedures were tested on the basis of the implemented spatial model.

Figure 1. (a) V type mixing machine. (b) Grid of measurements per lot. (c) Lot inside the glass box and Corona 45.
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rESultS aNd dIScuSSIoN
The calibration equations developed from a 2,5,5,1 derivative (the first digit is the number of the derivative, the 

second is the gap over which the derivative is calculated, the third is number of data points in a running average 

or smoothing, and the fourth is the second smoothing) showed the best statistics (determination coefficient of 

cross- validation, R2, 0.984; standard error of calibration, SEC, 4.269; standard error of cross-validation, SECV, 

4.877). This model was used to obtain NIR predictions of wheat percentage for every sampled lot and each de-

gree of homogeneity achieved by a different mixing time (Figure 2).

Three sampling protocols were carried out for evaluation through selection of sampled locations within the grid 

of measurements. Continuous maps were produced for the three strategies, using the spatial model developed, 

from NIR predictions related to the set of selected points in each case. All measured locations were used as the 

input data for the model in the first sampling plan. This also served the purpose of providing a benchmark against 

which the rest of sampling procedures could be compared. On the other hand, the second strategy was based 

on a random selection of 75 per cent of points, while for the third protocol, a set of 50 per cent of points from the 

existing grid was randomly selected to be the input for the fitting model. The spatial distributions obtained for 

every sampling procedure and degree of homogeneity are reported in Figure 3, where it can be noted that the 

locations of the selected sampling points are marked in each case.

Figure 2. NIR predictions of wheat percentage at all sampling points and both mixing times, 5 (left) and 15 (right) minutes, for 
the test 75W|25B.

Figure 3. Trend surfaces for the test 75W|25B from three different sampling procedures: (a) 100%. (b) 75%. (c) 50%.
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From a visual examination of the surfaces it can be inferred that the implemented interpolation method together 

with more intensive sampling protocols led to better outcomes. As Figure 3 illustrates, the model managed to 

explain reasonably well the spatial distribution of the target variable according to the NIR predictions, particularly 

when all sampled locations were selected. Nevertheless, it can also be noticed that the contour lines inevitably 

become less accurate and increase their equidistances as the sampling density decreases.

In order to measure and assess how well the model predicted unsampled points and accounted for the spatial 

distribution for each sampling strategy, the Root Mean Square Error of Prediction (RMSEP) was calculated over 

the entire data set in each case. Finally, it was found that RMSEP was 6% for the first protocol, significantly 

smaller than its value for the second (11%) and the third (18%) strategies. This indicated a declining performance 

of the spatial model in the description of the spatial distribution as the number of points became lower and the 

spatial distance between each other increased.

coNcluSIoN
The present study addresses, on a laboratory scale, the evaluation of different sampling strategies in bulk lots of 

mixtures of wheat and barley grains. The methodology proposed is based on making inferences about the spatial 

distribution of wheat percentage from NIR spectroscopy predicted values obtained for each sampling point. The 

results showed the continuous maps achieved by the model for all sampling procedures and each tested mixing 

time. The implemented algorithm proved successful in distinguishing between the two degrees of homogeneity, 

achieving promising results with more intensive sampling protocols. This suggests that NIR spectroscopy and 

tools dealing with spatial estimations at unsampled points complement each other well, as together they would 

allow to increase the density of sampling, strengthening sampling representativeness, and also, evaluate prod-

ucts prior to their entry into the production chain, which would be not only a powerful tool for decision-support 

systems but also a valuable  source of feedback for redesigning fit-for-purpose sampling schemes.
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INtroductIoN
Large poaceae such as sorghum, millet or sugarcane are widely cultivated in tropical areas, where their by-

products (stems, straw, etc.) are often used for animal feeding. These products also have a potential as energy 

source or as organic matter source in soils.

In order to optimize the use of these biomass sources, it is important to characterize their chemical composition, 

degradability and/or nutritional value. For routine analysis of such resources, NIRS is a powerful analytical tool. 

Specific NIR calibrations exist for the most important species (e.g. whole crop maize, Cozzolino et al., 2001). By-

products and less common species have a potential of use in some contexts but we often lack robust calibrations 

to characterize them. This study was designed to evaluate the possibility of predicting less common samples 

from a database gathering various species.

MatErIalS aNd MEthodS
Samples
A calibration database was created by gathering spectra from various large poaceae species: sorghum, millet, 

sugarcane, maize, Guinea grass (Panicum maximum), elephant grass (Pennisetum purpureum), miscanthus 

(Miscanthus sp.) from various tropical countries and from France. The samples (750) mainly concerned crop 

by-products or residues, or plants harvested at maturity (miscanthus).

analytical parameters
The analytical parameters measured were: Dry matter (DM, 103°C), total minerals (ASH, 550°C), crude protein 

(CP, Kjeldahl; NF EN ISO 5983-2), Van Soest fiber fractions (NDF, ADF, ADL; Van Soest et al., 1991), in vitro dry 

matter digestibility determined by pepsine-cellulase method (IVDMD; Aufrère et al., 2007).

This study tested strategies for the prediction by NIRS of the chemical composition and nutritive value of large 

poaceae (sorghum, millet, sugarcane, miscanthus etc.). The main objective was to evaluate the possibility of 

prediction of samples when no specific calibration is available because the plant part of the species is not com-

mon enough.

The first strategy was to build a global calibration gathering several species. With a database of 750 samples 

from 8 species or plant parts, the precision of the models was close to the values usually recorded in single-

species calibrations.

The second strategy was to test extrapolation capacity by removing one species from the previous database and 

validate on this species. The results depended on the species and on the parameters: while good results were 

obtained for protein content in most cases, results were less precise for more aggregative criteria (fibre, digest-

ibility) particularly when removing species with extreme (high of low) values.

KEYWORDS: Chemical composition, Extrapolation, Crop residues, Near Infrared Spectroscopy
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NIrS and calibration

Spectra were collected on dried and ground samples (1mm sieve) on a FOSS Nirsystem 5000 spectrometer  

(FOSSLaurel, MD, USA) in reflectance mode. Spectra were collected in duplicate in standard circular cups with 

quartz window (diameter 3.7cm) and averaged. A mathematical pretreatment was applied to spectra: second 

derivative, detrending and normalization (SNV). Calibration was performed with PLS regression, using the MPLS 

procedure in WINISI software. Cross-validation was performed on four subgroups selected at random.

The first approach was to test a general calibration including all species. A validation subset was created by 

choosing randomly 100 samples and calibrating with the 650 remaining samples. Calibration performance was 

evaluated by R², standard error of calibration (SEC), cross validation (SECV). Prediction of the 100 validation 

samples led to the standard error of prediction (SEP), and the bias and slope of the regression between pre-

dicted and measured  values. RPD was defined as the ratio between SD of the population and the SEP.

The second approach was to remove all the samples from one species (or plant part) from the calibration data-

base and to use them as validation for equation derived from all other samples, in order to test an extrapolation 

capacity. This procedure was done successively for all the species.

rESultS aNd dIScuSSIoN

The statistical distance (Mahalanobis distance between groups) between the species showed a relatively ho-

mogenous cluster between sorghum, sugarcane, maize and millet. Miscanthus was clearly separated but it was 

closer from sugarcane than from maize and sorghum. Elephant grass, harvested at a less advanced stage, was 

closer from maize or millet than from sorghum or miscanthus.

First approach – global calibration

Calibration on the multi-species databases (Table 1) led to SECV values close to usual value for the same con-

stituents in plant databases (e.g. Sabatier et al., 2012, Garcia and Cozzolino, 2006). The RPD values were quite 

high for NDF, ADF or IVDMD thanks to the high variability of the database. However the SEP values were higher 

than SECV values (ratio 1.2 to 1.8) showing that the calibrations were still not completely robust despite the large 

number of samples in the database.

These results indicate that for samples of the same nature as present in the database, composition can be pre-

dicted with an acceptable accuracy.

Second approach – leave one species out

Extrapolation success depended on the block (species or plant part) used for validation, and on the analytical 

parameter considered.

Prediction of CP content (Figure 1a) was generally good, even in extrapolation, with SEP varying between 0.5% 

and 1.5% across the species. For some species (e.g. Panicum) a significant bias was observed. The regression 

derived from all samples was CPnir=0.93*CPlab+0.14 (R²=0.93) with a RMSE of 0.96, close to the SEP found 

in the global calibration (Table 1).

Table 1. Calibration statistics on the global (multispecies) calibration database
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More aggregative criteria such as NDF or IVDMD had higher SEP values when validating with some of the data-

sets, especially sorghum or sugarcane. In the case of IVDMD the overall regression was satisfactory (R²=0.86,  

slope=0.91) but within some of the groups the slopes were significantly different from 1. This was particularly well 

seen in Miscanthus (slope=2.48; bias=1.8) which is an extreme for low IVDMD values. Calibration for ADL was 

less precise, as it is generally the case, and significant biases were observed in some of the groups.

Although this was not the objective of the current study, “local” calibration strategies, based on the closest neigh-

bors of the sample to be predicted, could be tested for extrapolation in this type of databases (Berzaghi et al., 

2000).

coNcluSIoN

On a practical point of view, the trial showed that there is some extrapolation capacity in the “large poaceae” 

dataset, allowing to estimate the composition of samples from species not present in the calibration database 

(e.g. giant reed). Inclusion of a limited number of samples from an additional species in the database allows pre-

dicting samples from this species with a general database without requiring the development of a new specific 

database. This is particularly useful for less studied species for which no calibration is available.
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Figure 1. Results of extrapolation prediction for CP, NDF, ADL and IVDMD. Each species is predicted with an equation 
built without this species
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INtroductIoN
Seaweeds as sea lettuce (Ulva sp.) are common on French seashore. In some conditions they can even become 

invasive and cause environmental problems. Their valorization in animal feeding would be valuable, but it is 

limited by their low protein content (around 10%DM). In the framework of studies on protein enrichment of algae, 

there was  a need for tools for monitoring the kinetics of protein accretion when cultivated in fertilized waters. 

Non-destructive direct measurement by NIRS on fresh samples was tested to evaluate the potential of this tool. 

In addition, NIRS measurements were also performed in the laboratory on dried samples to evaluate NIRS for 

more precise measurements.

MatErIalS aNd MEthodS

Algae were collected in the coastal ponds around Palavas (southern France) and cultivated in three different 

culture conditions in sea water tanks. The first culture condition consisted in three 3 m2 tanks with stagnant water 

and Nitrogen (as NH4Cl) and phosphorus (as KH2PO4) inputs. The second culture condition consisted in two 12 

m2 tanks with turbulent water and the same fertilizers plus CO2 gas and iron gluconate. The third culture condi-

tion consisted in three 3 m2 tanks with stagnant water and no fertilization (control treatment). The water depth 

was 0.5 m in all the tanks. They were sampled at least once a week over three months, leading to a total of 213 

samples. Samples were rinsed with freshwater and excess water was removed in a spinner (1200 RPM for 5 

minutes) of a washing machine.

NIR spectra on fresh spin-dried samples were collected in reflectance mode with a Labspec Pro spectrom-

eter (ASD, Boulder, CO, USA), with a High Intensity Contact Probe (spot diameter 10 mm). Each sample was 

scanned 20 times and spectra were averaged. Samples were then oven-dried (55°C) and ground (1mm sieve). 

Dry matter content (DM55 at 55°C and DM at 103°C), total nitrogen (N, Kjeldahl method, NF EN ISO 5983-2) 

and total minerals (ash, 550°C) were determined in the laboratory. Spectra on dried and ground samples were 

collected on a NIRSYSTEM 6500 (Foss, Silver Spring, MD, USA), in duplicate in standard circular cups (diam-

eter 3.75cm) and averaged. All calibrations were performed with mPLS procedures in WinISI software. Several 

mathematical pretreatments of spectra were tested to identify the most adequate. A validation was performed 

by randomly removing 25 samples before calibrating, and applying the calibrations obtained on these samples.

 

Invasive sea lettuce (Ulva sp.) could be valorized in fish feeding insofar as protein content is increased. Direct 

NIRS measurement on fresh seaweed was tested as tool for monitoring protein enrichment of algae in different 

cultivation conditions. Spectra were collected on fresh spin-dried samples of algae with an ASD Labspec Pro 

spectrometer. The results of NIRS calibrations for dry matter (DM), total nitrogen (N) and total minerals (ash) on 

fresh samples led robust calibrations with SEP and R2 values of 1.08% and 0.93 for DM, 0.49%DM and 0.95 for 

N, 2.45%DM and 0.74 for ash. In order to compare calibration precision, calibrations were also developed on 

dried samples spectra collected on Foss NIRSYSTEM 6500 spectrometer. This study showed the interest of di-

rect NIRS measurement as tool to daily monitoring the enrichment of algae (especially the protein content based 

on the N content) and its potential for decisions on harvest when N concentration reach a plateau.
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rESultS aNd dIScuSSIoN

The chemical composition showed that the average N content was 5.19%DM and varied widely (range 1.11- 

8.48% DM, SD=1.40%). N content was related to treatment and culture duration. DM55 content was 19.0%TM 

on average (range 10.7%-33.0%) and ash content was 19.6%DM on average (range 10.3-36.1%DM).

Calibration regression between measured and predicted values of nitrogen content obtained on fresh samples 

is shown on Figure 1. NIRS calibrations developed on fresh samples (Table 1) led to SECV and RPDcv (=SD/

SECV) values of 1.24% and 3.3 for DM55, 2.67%DM and 1.7 for ash and 0.40%DM and 4.0 for N respectively. 

Validation showed that DM55, ash and N calibrations were robust since SEP values (1.08%, 2.45%DM and 

0.49%DM respectively) were close to SECV. However, calibration for ash was less precise and less robust than 

for DM55 and N as indicated by SECV and SEP quite high compared to SEC values.

As expected, calibration for N on dried samples was more precise than on fresh samples, with SEP values of 

0.23%DM and 0.49%DM in dry and fresh samples respectively. Ash was also better calibrated on dry samples 

but the SEP was still high (nearly 3%DM) and RPD=3.3 (Table 1). Calibration for nitrogen on dried samples was 

comparable to those obtained by Bastianelli et al. (2010) on poultry excreta in the same range of nitrogen content 

and by Hay et al. (2010) on brown alga (Sargassum) with high R2 val of 0.99, 0.95 and 0.98 respectively.

Figure 1. Calibration of total nitrogen (%DM) on fresh Ulva (left) and dried Ulva (right)

table 1. Calibration statistics Dry matter, Ash and Nitrogen content for fresh and dried Ulva sp. samples.

N: number of samples in calibration; SD: standard deviation; SEC: standard error of calibration; R2cal: coefficient 
of determination of calibration; SECV: standard error of cross validation; R2cv: coefficient of determination of 
cross validation; RPDcv = SD/SECV; SEP: standard error of prediction; R2val: coefficient of determination of 
validation. Bias, slope: regression between measured and predicted values.
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Direct measurement and prediction on fresh samples was applied to monitor the evolution of the protein content 

of Ulva in different culture conditions. The objective was to raise the nutritive value of the Ulva meal towards 

its inclusion in fish feed. Figure 2 shows that mean protein content (predicted nitrogen x 5.0) increased from 

15%DM to 35% DM after 15 days with ammonia and phosphate fertilization. When carbon supplementation 

was applied in addition to nitrogen and phosphate, the protein content of the Ulva was lower, around 25%DM 

whereas it slightly decreased in the control culture condition. The lower protein gain in the 2nd culture condition 

was likely due to a higher biomass increase, which diluted protein in additional polysaccharides.

coNcluSIoN

The results obtained allow a routine use of NIRS on fresh samples to monitor dry matter and nitrogen content 

of algae during cultivation for N enrichment. This is a useful tool since there is no use keeping the algae in cul-

tivation as soon as they reach a plateau of N concentration around 7%DM. This level corresponds to a protein 

content around 35% DM considering protein/nitrogen ratio of 5.0 instead of 5.63 due to the possible presence of 

non-protein nitrogen.
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Figure 2. Kinetics of the nitrogen enrichment of Ulva. based on the predictions issued from dry samples.
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INtroductIoN
The International Olive Council (IOC) has defined standards that can be applied to all the olive oils and olive-

pomace oils that are the object of international trade. The IOC recognizes three categories of Virgin olive oils 

(Extra Virgin, Virgin, and Lampante)1. Extra Virgin and Virgin Olive Oils (EVOO and VOO) are the most expen-

sive and health promoting of all the categories of olive oils, while Lampante Olive Oil (LOO) is intended for refin-

ing or for technical use, not being possible its direct use for human consumption. Despite of the huge amount 

of efforts invested in research about methods for determining quality, purity and authenticity of Virgin Olive oils 

and that international standards are used in official inspections by the different producers and importer countries, 

the adulteration of Extra Virgin Olive oil with other low grade oils remains a major international problem and of 

enormous media impact. The main reason for recurrent fraud episodes is that inspection bodies are lacking of 

a suitable and affordable methodology that can help to increase significantly the number of samples inspected 

per year, providing more evidences than now and exhaustive analytical control is carried out on a large volume 

of Olive oils traded at world level. In that sense, NIRS technology could be one of the approaches best suited to 

these requirements.

MatErIalS aNd MEthodS
Samples
A total of 299 samples of olive oil from different categories, Extra Virgin Olive Oil (EVOO) (N=189) and Lampante 

Olive Oil (LOO) (N=110) classified according to the Regulation (EU) No 1348/20132, were used in this work.

Samples were received in dark green bottles of 250 ml capacity and were storage at 5oC and 85% relative humid-

ity. Prior to the NIR analysis, olive oil samples were left at the laboratory temperature in order to allow the sample 

temperature to stabilize.

 

NIR spectroscopy has been used as a non destructive analytical technique to classify the different classes of 

Olive Oils attached to the official method named “Panel Test”. In particular, the present work is aimed to evaluate 

the potential of the NIR spectroscopy for the discrimination between extra virgin and lampante olive oils. A total 

of 299 olive oil samples, all of them provided by official inspectors, were used. 189 samples were authenticated 

by inspectors as Extra Virgin Olive Oil, and 110 samples as Lampante Olive Oil. For collecting NIR spectra, the 

FNS- 6500 SY-II scanning monochromator (spectral range 400-2500 nm) was used. Samples were scanned us-

ing a folded-transmission gold reflector cup, diameter 3.75 cm, with a pathlength of 0.1 mm, in the transflectance 

mode. Discriminant models were constructed to classify olive oils by category, using PLS discriminant analysis 

(PLS-DA). The best models developed correctly classified 92.86% of the samples as EVOO and 80.00% as 

LOO. The results obtained demonstrate that NIRS technology could be a first-line screening analytical method 

for inspection laboratories which latter on will only need to analyze for the most costly and destructive official 

methods, the samples detected as “uncertain”.

KEYWordS: NIR Spectroscopy; Olive Oil; Categorization; Authentication; Adulteration.
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Spectra collection
Spectra were collected in transflectance mode (log (1/R)) using a Foss NIRSystems 6500 SY-II (FNS-II) scan-

ning monochromator (FOSS NIRSystems, Silver Spring, MD, USA). A folded-transmission gold reflector cup, 

diameter 3.75 cm, with a pathlength of 0.1 mm was used. This instrument operates in the 400-2500 nm range, 

with a 2nm scanning interval. Two spectral measurements were made on each sample and these were averaged 

to provide a mean spectrum. NIR spectra data were collected using the WinISI II software package version 1.50 

(Infrasoft International, Port Matilda, PA, USA).

NIRS classification models
Discriminant models were constructed to classify the olive oil samples by category, using PLS discriminant analy-

sis (PLS-DA) for supervised classification3. Specifically, the PLS2 algorithm was applied, using the “Discriminant 

Equations” option in the WinISI II software.

Prior to developing the PLS2-DA models, the CENTER algorithm was applied to calculate the centre of the popu-

lation and the distance of samples (spectra) from that centre in a n-dimensional space, using the Mahalanobis 

distance (GH); samples with a GH greater than 3 were considered outliers or anomalous spectra and were 

eliminated.

The discriminant model was obtained using the Standard Normal Variate (SNV) and Detrending (DT) for scatter 

correction. Furthermore, four derivative mathematical treatments were tested in the development of NIR models 

(1,5,5,1; 2,5,5,1; 1,10,5,1; 2,10,5,1).

The precision of the model obtained was evaluated using the percentage of correctly-classified samples.

rESultS aNd dIScuSSIoN
Spectral features
Typical log (1/R) spectra for both categories, Extra Virgin Olive Oil and Lampante Olive Oil, together with the 

most relevant absorption bands are shown in Figure 1. It can be observed that the shape of the spectra in both 

categories is very similar.

In the visible region of the spectrum, absorbance spectra measured on both categories show peaks occurring 

at positions (420-460 nm and 668 nm) respectively, these are indicative of the presence of red pigments (carot-

enoids and anthocyanins) and of abundant chlorophyll. Strong absorption by chlorophyll a was evident at 680 

nm, with a shoulder at 630 nm due to absorption by chlorophyll b4. In addition, red pigments (carotenoids and 

anthocyanins) have a typical absorption band in the 490-550 nm region of the visible spectrum.5

Figure 1. Typical log (1/R) spectra for Extra Virgin and Lampante Olive Oils.
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In the NIR region, the main absorption peaks are observed at 1208, 1400, 1724, 1760, 2144, 2308, 2348 and 

2382 nm. The bands at 1208 nm correspond to a weak second overtone due to C-H stretching vibration, whereas 

at 1400, 1724 and 1760 nm are assigned to C-H stretch first overtones of the methyl, methylene and ethylene 

groups. Moreover, bands at 2144 are related to the absorption by N-H bands while at 2308, 2348 y 2382 nm are 

combinations involving C-H stretching with other vibrational modes.6-9

discrimination between EVoo and loo
The training set of 299 samples of olive oil available for this study was built with 140 and 75 EVOO and LOO 

samples, respectively.

The most accurate discriminant model (Table 1) was obtained using the first derivative (1,5,5,1) of log (1/R) with 

scatter correction (SNV and DT).

As shown in Table 1, 130 out of the 140 samples (92.86%) in the EVOO category and 60 out of the 75 samples 

(80%) in the LOO category were correctly classified.

In the model developed using PLS2, a discrimination value of between 1 and 2 was assigned to each sample for 

each class (EVOO vs LOO); thus, the sum of the two call values should equal 3. A value of 2 perfectly reflects 

membership of a given class; so the value for non-membership of the other class must be 1; a value of 1.5 for 

both classes means that assignment could go either way.10 Several authors11,12 recommend taking 1.5 as the 

cut-off value for classification using the discriminant strategy, i.e. a value above 1.5 signifies membership of the 

class in question, while a value of below 1.5 signifies non-membership of that class. Figure 2 shows discriminant 

variable values for the training set samples assigning a value of 2.0 to the EVOO.

As Figure 2 shows, the ten misclassified EVOO samples displayed values below 1.5, indicating discriminant vari-

able values of close to 1.0 for the LOO and thus classified as Lampante Olive Oil. The fifteen misclassified LOO 

samples displayed values over the cut-off limit of 1.5 and were thus classified as EVOO.

table 1. Classification results for the training set during the development of Model “1,5,5,1”.

Figure 2. Discriminant Variable Values for the training set get used to discriminate between EVOO and LOO.
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coNcluSIoN
The results obtained demonstrate that NIRS technology provides a non-destructive means of screening for in-

spection laboratories allowing a larger number of samples to be tested. Only “uncertain” samples may then be 

analysed using more sophisticated – though slower and more costly – official methods.
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