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Abstract

The present work attempts to progress in the definition of a procedure for maintain the
prediction  model performance of a NIR based onion grading line operating at the industry.
This task is quite difficult to achieve as the selection is made in an industrial environment
and the onions for classification are highly heterogeneous and evolves during seasons
because the breeding process for soluble solids content (SSC).
During operation at the industry (seasons 2004-2008), significant deviations from the initial
behaviour and a reduction of prediction performance were observed.
A non supervised analysis of the spectral database (more than1,000,000 spectra from onion
bulbs) was made in order to evaluate the global performance during seasons (Ortiz-
Cañavate, Moya-González et al. 2010). The application of the multivariate control statistics
defined in this previous study to the calibration data sets will determine whether the
performance will be improved by its use or additional calibration transfer procedures are
needed.
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Introduction

A NIR grading line developed by the Physical Properties Laboratory-Advanced Technologies
in Agro-Food (LPF-TAG) for industrial use is running at the industry for 6 years now.
Analysis of the global database with more than one million measurements was performed in
order to identify in-control measurements for the calibration set (Ortiz-Cañavate, Moya-
González et al. 2010). Individuals forming the calibration set will be selected from in-control
measurements with external reference, trying to show cultivar evolution trough seasons.
The main drawback the use of Near Infrared Spectroscopy (NIRS) in the industry is linked to
its lack of robustness in calibration models when dealing with slight variations in
experimental conditions (Zeaiter, Roger et al. 2004). One of the main sources of variation
affecting model robustness is the effect of biological variability (Peirs, Tirry et al. 2003).
Construction of the calibration data set is essential for robustness in order to be
representative for future measurements. Covering the possible variation range is
complicated when planning an industrial application and a no possible task when dealing
with breeding lines.
In many NIR applications there is a limitation in the transfer of predictive models between
seasons due to poor validation performance. The accuracy of the models increases when
including more variability in the calibration set, though when atypical data are included the
effect is opposite.
Monitoring the model performance and identifying outliers by multivariate statistical process
control (MSPC) and pre-processing methods applied on a 1 million measurements database
may help for further application of calibration transfer techniques (Barreiro, Chauchard et al.
2005)
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Material and Methods

Multivariate statistical process control (MSPC) statistics, Q and T2, were calculated for a
representative sample of seasons 2004 to 2008. Season 2004 was taken as a reference of
standard operation thus defining a PCA subspace where spectra will be projected. A spectral
pre-processing method consisting in the application of the Savitzky-Golay and SNV-Detrend
algorithms was tested against raw spectra. The pre-processing demonstrate to be useful in
the elimination of variance not related to the variable of interest as it increases the number of
in control spectra for all the seasons tested. The application of the pre-processing method
results in a reduction of the variance to over 50 ppm of the original variance.
The same pre-processing method was applied to the calibration data sets of 2004 (813
spectra) and 2005 (1628 spectra) seasons finding that all the calibration sets were identified
as out of control spectra, although the pre-processed calibration spectra matched with the in
control typology defined by the spectral shape. So, a procedure had to be proposed as to
overcome this issue.

Results

The pre-processing method was applied to the calibration data sets of 2004 (813 spectra)
and 2005 (1628 spectra) seasons and after were projected on a previous defined PCA
space. All the calibration spectra were identified as out of control, although the pre-
processed calibration spectra matched with the in control spectral shape. For this reason,
the spectra were pruned after pre-processing to eliminate the range over 1400 nm. The
range removed is a highly noisy region not identified as informative for SSC. As it can be
seen in Fig 1, the vertical blue lines determine the wavelengths used by the MLR off-line
model used for SSC prediction. The highest wavelength used is 1284 nm. The pruned range
does not contain any of the wavelengths used for SSC estimation by the original MLR model
that uses wavelengths from 894 nm to 1284 nm. Fig 1 shows the 2005 calibration spectra
pre-processed in green, presenting the same shape as the in control spectra (plotted in blue)
and clearly different from the out of control spectra (plotted in red) from the original data set
used to define the PCA space.

Fig 1: Out of control (red) and in control (blue) spectra for the 2004 dataset used for PCA. 2005
calibration spectra (green).
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A colour-scaled image representing the residuals for the 2005 calibration data set by
wavelength is shown at Fig. 2. The main contribution to the residuals occur beyond the 200th

channel that correspond to 1514 nm wavelength. This noisy part of the spectra is not used
for SSC estimation and thus could be eliminated.

Fig 2: colour-scaled mesh representing the residuals for the 2005 calibration data set by wavelength

Pruning the spectra after pre-processing to eliminate the range over 1400 nm allows the
identification of in control and out of control spectra for both calibration sets. Once eliminated
this noisy range, the in control spectra for the Q and T2 values were determined for the 2004
and 2005 calibration data sets for the Q an T2 warning (95% confidence) and action (99%
confidence) limits. The confidence limits fixed for the Q and T2 statistics determine the
number of spectra classified in each class. Table 1 shows the classification for each season
and confidence limits. The convenience of the selection using this statistics will be tested by
comparison of the PLS model performance under external validation.

2004 calibration set 2005 calibration set
Q & T2 confidence limits 99% 95% 99% 95%

Out of control spectra 204 216 475 790
In control spectra 609 597 1153 838

Table 1: Number of in-control and out-of-control spectra for each calibration set and confidence limit

The performance of the MLR model built from off-line data in 2002 is very poor when tested
on the calibration datasets. In spite of this poor performance on-line, this model has been
used at the industry with minimum changes during five seasons, and it has revealed its
capacity in a mass selection program where a huge number of bulbs were selected each
season. As a result of the mass breeding program, dry matter content of onions has
increased by 3% over the past six years. The original range being narrowed through the
breeding program may be on the basis of the poor performance. As it can be shown in Table
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2, the MLR model does not improve its performance when out of control spectra (for 99%
confidence limits) were removed. This result can also be shown at Fig 3 representing the
validation of the MLR off-line model with the 2004 calibration set.

2004 calibration set 2005 calibration set
R2 SEP R2 SEP

All spectra 0.0590 1.1412 0.1023 1.7974
In-control spectra (for
99% confidence limits
for T2&Q)

0.0394 1.4180 0.0905 1.5781

Table 2: MLR off-line model predictive ability for 2004 and 2005 calibration sets

Fig 3: Validation of the MLR off-line model with the 2004 calibration set.

For better evaluation of the effect of out-of-control spectra removing, a full validation PLS
test was performed over 2004 and 2005 calibration datasets maintaining and removing the
out of control spectra for 99% confidence limits. In both cases, the number of latent variables
(lv) selected is high (17 and 22 for 2004 and 2005 sets respectively).
When building PLS models based on all the spectra of the calibration datasets it is shown
that acceptable predictive ability is achieved for each dataset. However there is a remarkable
worsening when applied to other season. The results of PLS model performance under full
validation (built from the complete calibration sets) are shown in Table 3.

CALIBRATION
SET

VALIDATION SET
2004 2005

R2 SEP R2 SEP
2004 0.6514 1.2455 0.0433 6.3109
2005 0.3170 2.2064 0.5872 1.2381
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Table 3: Performance of the PLS models under full validation for all spectra in each calibration set
Fig 4 shows the SSC prediction results for the 2004 and 2005 calibration sets under internal
validation while Fig 5 shows the PLS model built from the 2005 calibration set validated with
the 2004 calibration set.
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Fig 4: PLS model for SSC internal validation (PLS model built from the complete calibration sets)
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Fig 5: PLS model for SSC (2005) internal validation (red) and external validation with 2004 data
(green). (Both PLS models built from the complete calibration sets)
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The construction of PLS models from the in-control spectra of the calibration datasets shows
the same acceptable predictive ability as for the whole calibration dataset but the worsening
when applied to other season is even more evident. The results of PLS model performance
under full validation (built from the in-control spectra of the calibration sets) are shown in
Table 4. In all cases the PLS models were built from the in-control spectra of the calibration
datasets (with a 99% confidence limits for the Q and T2 limits)

CALIBRATION
SET

VALIDATION SET
2004 2005

R2 SEP R2 SEP
2004 0.6602 1.2302 0.0595 5.8700
2005 0.2750 3.8693 0.5715 1.2646

Table 4: Performance of the PLS models under full validation for in-control spectra (99% confidence
limits) in each calibration set

Fig 6 shows the PLS model built from the 2005 calibration set validated with the 2004
calibration set. In all cases the PLS models were built from the in-control spectra of the
calibration datasets (with a 99% confidence limits for the Q and T2 limits).
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Fig 6: PLS model for SSC (2005) internal validation (red) and external validation with 2004 data
(green). (Both PLS models built from the in-control spectra from calibration sets)

Although selection of in-control spectra shows to be not useful for the calibration set, its
application in the validation set allows the elimination of outliers thus improving validation.
This statement is supported by Fig 7 where it can be shown how PLS model built from the
2005 calibration set and external validation with the in-control spectra for 2004 calibration set
improves the results obtained previously.
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Fig 7: PLS model for SSC (2005) internal validation (red circles) using all 2005 calibration spectra and
external validation with 2004 data (pink stars) using 2004 in-control calibration spectra.

Discussion
This study shows that the MSPC statistics determined in a previous work for outlier detection
and system diagnosis do not improve the model results when applied to the calibration
datasets for 2004 and 2005 seasons. Its application causes especially poor performance
when transferring the model from one season to other. However, selection of in-control
spectra seems to be useful to avoid the inclusion of outliers in external validation
This fact could be related to the elimination of variance related to the variable of interest and
so the pre-processing method and the MSPC statistics, its calculation and control limits
should be revised and optimised for achieve better results.
When applying full validation for the PLS models it is clearly shown that te better results
correspond to the model using the 2005 data for the calibration. The 2005 calibration data
set contains more individuals and measurements taken at different temperatures. The
temperature has been revealed as an important factor affecting NIR measurements and
thus, the study of its effect in our case seems to be paramount for the achievement of better
prediction models transferable among seasons.
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