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Near infrared spectroscopy for
classification of Iberian pig carcasses
using an artificial neural network
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Artificial neural networks (ANNs) have demonstrated their usefulness in near infrared (NIR) reflection and
transmittance spectroscopy for quantitative prediction. The new approach presented here considers the use of
ANNSs for qualitative classification. Four forms of neural networks (a competitive network using the learning
vector quantisation, LVQ learning rule; a backpropagation network using the extended delta-bar-delta, EDBD
rule; a network with direct random search, DRS; and a simple competitive linear network, CL) have been tested
for classification of 118 fat samples from Iberian pig carcasses into three different price groups. An ANN using
the LVQ learning rule has been found to be the best in terms of classification error size. The classification ability
of the LVQ network has been evaluated against discriminant analysis, one of the most used methods for NIR
spectroscopic qualitative analysis.

Keywords:Artificial neural network, discriminant analysis, near infrared spectroscopy, qualitative analysis,
Iberian pig.

Introduction methods is that they are time-consuminglester-
haus and ReevBsompared three forms of neural
Over the Iqs_t _few years the number _Of Ioaperﬁwetworks, back-propagation networks (BPN), delta-
devoted to artificial neural networks has increased,, . qalta networks (DBD) and extended delta-bar-
significantly in the fielt_j of near infrared (NIR) 4gjta (EDBD) and they found that DBD and EDBD
reflectance and transmittance spectroscopy. ANN$,athods produced very similar results; the EDBD

have been used to find non-linear relationships bernethods, however, required fewer training itera-
tween NIR reflectance and transmittance spectrafigns saving time on the training phase, which could
data and analyte concentratibrf. Most of these take days for BPN and DBD methods.

papers have been focused on determining whether \while ANNs have been used for quantitative NIR
ANNSs could improve upon the traditional calibra- analysis a limited amount of work has been carried
tion methods (stepwise regression, principal comout on their use for NIR qualitative measurement.
ponent regression and partial least squares) and tfRrevious work at the Animal Production Depart-
results are quite diverse. It is true that most of thanent (University of Cérdob&f has shown that
published examples show ANNs to be superiordiscriminant analysis using PCA scores from NIR
However, it remains to be seen how much the addettansmission spectra of Iberian pig fat is more ap-
complexity of an ANN is worth, in general. From a propriate to routine use for the classification of
practical point of view, one drawback with ANN Iberian hams in industrial quality assurance than

© NIR Publications 1994, ISSN 0967-0335



178 NIR Spectroscopy for Classification of Iberian Pig Carcasses

other traditional methods such as gas chromatograzeural networks, but for any approach of extracting
phy. knowledge from data (Zupan and Gastetgeif no
The objective of the present work is to evaluateclear criterion exists, the training set can be chosen
the potential of ANNs as a method for classifyingat random. ISI software provides an excellent op-
ham from Iberian pigs into different quality catego- portunity to select the most representative set of
ries. The classification ability is evaluated againstsamples from a file of available spectra, by using
discriminant analysis. only the spectral data. The algorithm SELECT
(Shenk and Westerhau®)?included in ISI soft-

. ware, was designed to eliminate samples with simi-
Material and methods lar spectra from a file of spectra. Singular value
Samples decomposition is used to calculate the eigenvalues

and principal components for the spectral data. SE-
One hundred and eighteen fat samples were COLECT computes a suggested number of PCAs by
lected from Iberian pig carcasses belonging to thre@ounting the number of eigenvalues greater than the
different experimental groups: Gl (pigs fed with gverage eigenvalue divided by the square root of the
acorns plus low amounts of a feed compound), Glhumber of samples. Each spectrum is first trans-
(pigs fed with acorns plus medium amounts of aformed by a (1,10,5) derivative, where the first
feed compound) and GlII (pigs fed only with feed number in parenthesis is the order of the derivative,
compounds). the second number is the segment length in data
points over which the derivative was taken, and the
Sample preparation and NIR analyses third is the number of data points in a running
average smooth. The program calculates a stand-
ardisedH (Mahalanobis) distance between all pairs
order to remain liquid. of samples based on eigenvectors. A minimum dis-

A scanning monochromator (NIRSystems 6250)tance is used such that if the distance between two
was used to measure NIR transmission spectra copPectrais less than thg minimum d|stan¢¢(0.6),
sisting of 700 datapoints at 2 nm intervals fromone ofthe spectrais eliminated. The algorithm starts
1100 to 2498 nm. The analysis was carried out by’Y identifying the spectrum that had the most neigh-
using a hand-made bronze sample holder. One ml ouring spectra closer than the minimum distance.
fat was placed between two quartz glasses having Ehed sgectr:um 1S retalnhed and I'ts ne|gnbours .d.|s—
path length of 1 mm. To reduce the effect of instru-car4€¢: The process then evaluates all remaining

ment noise, each spectrum was recorded after th%amples to identify the sample that has the most

average reading of 32 scans per sample. One Singpeeighbours. Once again that sample is retained and

spectrum was recorded for each sample. NIR sped'ES .nelghbours d|scar_ded_. Th'§ process continues
until no samples remain with neighbours closer than

tral data were manipulated using the ISI software o ;
package'® the minimum d|.stance.
The application of the SELECT program to the
. . original set of 118 spectra computed a suggested
Training and test set selection number of 12 principal components to represent all
Two measures are traditionally used to determinehe information in the spectrum. A total of 64 sam-
the quality of a given classification model. The first ples were selected by SELECT as a training set and
is to evaluate the percentage of correctly (or incorthe remaining 54 samples were used as a test set.
rectly) classified samples (objects) from a training
set used to build the classification model. The sec- .
ond is evaluating the percentage of correctly (ors'[at's'['ca-I analyses
incorrectly) classified samples in a test set which Linear discriminant analysis was performed us-
was not used for training. The selection of the training the PROC DISCRIM procedure of the SAS
ing set is one of the more critical steps, not only forsoftware packag& Neural networks development

Frozen fat samples were defrosted in a micro
wave oven and then stored in an oven iC3Hh
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was accomplished using the simulation package N gyz
Neural Networks Professional 1. Twelve PCA d =vvi—x=§z(w”—xj)zg
scores from the NIR data, as chosen by the SELECT =1 B
program, were used as quantitative variables foand the winning unit adjusts its weight vector ac-
linear discriminant analysis and as input to the neteording to:
works. Four different types of artificial neural net-
works were explored for the purpose of '_§N+}\1(X—W), if thewinningunitisinthecorrect class
classification: a competitive network using the W _QN-M(X-W), if winningunitisNOT in the correct class
learning vector quantisation LVQ learning rdfet’
a back-propagation network using the extendedwhereA; andA; are coefficients set by the user. This
bar-delta EDBD learning rul® a learning algo- simple form of the LVQ algorithm suffers from the
rithm without derivatives DRS and a simple defect that some units tend to win too often while
competitive linear network CE° others never win. To avoid this defect@nscience

In this paper, the authors use the percentage ahechanism was suggested by DeSithwhen a
samples incorrectly classified as a criterion to tesunit wins too often it develops a guilty conscience
the performance of the discriminant analysis andand penalises itself for having won too often. This
artificial neural network models. variant of the basic algorithm is called LVQ1. The

A detailed description of the algorithms used fordistance is Computed as the sum of two terms:
each network is outside of the scope of this paper,

so the reader is referred to the references given for di=d+b

each network. However, since we found the LVQne pias termpy;, is a function of the guilty con-
network to be the best in terms of classificationgience of each unit, and is calculated according to:
error, a short description of its structure and learn-

ing algorithm is given below for readers who are bi =Bd; . (1-Np)

unfamiliar with that design.
where

d; .. is the maximum distance without bias,
B is a constant which decreases as the training

progresses,

LVQ network pi estimates the unit win frequency, it is the
The LVQ network was originally suggested by ~ 9uilty conscience,

Kohonen!® An LVQ network consists of an input N is the number of units per class,

layer, a Kohonen layer, which learns and performs o i i )

the classification, and an output layer that produce¥"_'th the original Eucllde_an distance and the b_|ased
the output following the classification made by the distance, LVQ1 determines both a global winner
Kohonen layer (KL). The basic idea of the training with the former and an in-class winner with the
is as follows. latter. The in-class winner is moved toward the input

The distance of the input vector to each unit inPattern according to the following:
the KL is computed, and the nearest unit is declared
to be the winner. If the winner unit is in the class of , _ BV+M.(x~w), if thein - classwinnerisalsotheglobal winner
the input vector, it is moved towards it; on the other Emmz(x—w), if thein — classwinner iSNOT theglobal winner
hand, if the winning unit belongs to another class,
it is moved away from the input vector. This is While the global winner is moved away form the
referred to asepulsion input vector according to:

In the basic LVQ learning, Euclidean distance is
used. So the distance between the input pattern,
and the weight vector of thieth unit, w;, is com-
puted as follows: Finally, the conscience;, of each unitis computed:

W =w = na(x = w),
if the global winner is NOT in the correct class.
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H1-a)p, ifiiSNOT thein - classwinner However, no further improvement has been
= achieved with the LVQ?2 rule. The parameters of the
learning process were modified following the
There is another variant of the LVQ algorithm, theschedule of Table 1.

LVQ2 algorithm. It is used for refining a model
obtained with the LVQ or LVQ1 learning processes. . .
LVQ2 is limited to cases in which the winning unit Results and discussion

is in the wrong class and the second best unit is in Classification problems can be attempted with
the right one. A further limitation is that the training different neural networks design and learning
vector must be near the midpoint of the line joiningstrategies. The first step taken in the present study
these two units. Then the winning wrong unit iswas to compare the performance of four different
moved away from the input vector and the secondetworks: a competitive network using the learning
best unit is moved toward it. In this way the proce-vector quantisation LVQ learning rule, a back-
dure refines the boundary between the regiongropagation network using the extended-bar-delta

P ﬁl—a) p, +a, if iisthein — classwinner

where the misclassifications are occurring. EDBD learning rule, a learning algorithm without
The wining unitwi, and the second best umik, derivatives DRS, and a simple competitive linear
update their weight vectors as follows: network CL. The training set was used to set-up the
, parameters and structure for each network (Table 2).

Wi =Wy = Na(X = W) We have carried out an optimisation of the main

W= W + (X — W) parameters of the netwqufs, such as numbgr 0.f hid-
den units, learning coefficient and data scaling in an
if X is near to W +w,)/2. Nearness requires that  heuristic way.
lies between the two planes perpendicular to the line  The results shown in Table 3 and Figure 1 make
joining w; andw, and passing through the points: it clear that the best choice is the competitive net-
(Wi +wp) work trained with the LVQ algorithm, even though
2 the structure of this network is slightly more com-
wherey is thenearnessoefficient, and is fixed by plicated than the structure of the EDBD one, the
the user. second best net. The LVQ network has 45 units (12
In our training process we have used the LVQlinput units, 30 hidden units and three output units)
learning rule for the first 3000 iterations, and thenwhile the EDBD has only 25 units (12 input units,
we have proceeded with the LVQ2 learning rule.10 hidden units and three output units).

Ty(w, —wy),

Table 1. Training parameters schedule.

Iterations
Parameter 0-999 1000-1999 2000-2999 3000-3999 4000-9999

N 0.06 0.02 0.02 0.03 0.01

ns 0.05 0.02 0.02 — —

Ns 0.04 0.02 0.02 — —

a 0.001 0.001 0.001 — —

B 1.0 0.3 0.1 — —

y — — — 0.1 0.3
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Table 2. Parameters of the networks.

Parameter LVQ EDBD DRS CL
Learning coefficient 0.06 0.09 — 0.20
Momentum 0.00 0.10 — 0.20
Hidden units 30 10 20 20
Transfer functions Linear Sigmoid Sigmoid Linear
Input ranges [-1, 1] [-1, 1] [-1, 1] [-1, 1]
Output ranges [0, 1] [0, 1] [0, 1] [0, 1]

8 _earning coefficient and momentum are meaningless in the DRS network. This network has two parame-
ters, the initial value of the self-adjusting variance that controls the size of the random steps taken in the

weight spacedp = 0.125), and the weight bound valwe,(x = 15.0).

However, the LVQ net can be considered simplerpoted. In the LVQ learning process, the classifica-
since its learning algorithm needs less computation error rises from its minimum when the training
tional effort and its memory requirements are farprocess passes 2000 iterations. The classification
less. It can be seen from Figure 1 that the LVQerror attained during testing (Table 3) with the LVQ
network achieved the better results in the shorterlgorithm was three times less (3.64%) than that
time. Moreover, the effect of overfitting should be obtained with the EDBD algorithm (10.91%), and

% error
40
30

DRS (x 10)

CL

20

EDBD
10

LVQ

. s 4 s 6 1 s 9 10

Iterations (x 1000)
Figure 1. Number of iterations and classification errors during testing.
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Table 3. Comparison of the four networks.

NIR Spectroscopy for Classification of Iberian Pig Carcasses

Network Training errct Testing errof Iterations
LvVQ 0.00% 3.64% 2000
EDBD 0.00% 10.91% 10000
DRS 0.00% 14.55% 85000
CL 13.85% 20.00% 1000

3Percentage of samples incorrectly classified in the training set
bPercentage of samples incorrectly classified in the testing set.

was reached with five less learning steps. The numeompounds and the other two (I, I) fed mainly with
ber of iterations in Table 3 and Figure 1 represenfacorns.
the total number of patterns presented to the net- A number of parameters could have been of in-
work until convergence was reached. It is considfluence in the results obtained (e.g. number of in-
ered that the convergence has been achieved wherts, the size and structure of the training set etc.).
the classification error is gradually reduced to aHowever, during the present work we deliberately
minimum and then it stops or increases (Figure 1)wished to minimise such variation sources. The
Finally, the performance of the LVQ ANN model SELECT algorithm has been proven previously to
was compared with that of a linear discriminantbe very useful in choosing representative samples
analysis (LDA) model. Table 4 summarises the perfrom a large population which then can be used as
formance of the LDA and ANN models on a test seta calibration set for linear regression NIR model-
and demonstrates the important aspects of thiing.}>2! The preliminary results obtained in the
study. The performance of the LVQ neural networkpresent work demonstrate that SELECT could also
was better than that of the LDA model. The classi-be of valuable help in selecting samples for the
fication errors on the testing set were 3.6% andraining and design of neural networks.
12.96%, respectively, for LVQ and LDA models. Itis important to highlight that, in addition to its
This means that only two samples were wronglybetter results, the network proposed is extremely
classified by the LVQ model against seven samplesimple, so it can work very quickly, even in real
wrongly classified by the LDA model. time. Slightly more complicated networks could
One hundred percent of the samples from groupeduce the overall error. Work is in progress to apply
Il were correctly classified by using both LDA and a pedagogical pattern selection strat&gyhere the
LVQ models. Eighty-four percent and 80% of sam-patterns are presented to the network with different
ples from groups | and II, respectively, were classi-probabilities, depending on the problems found by
fied correctly by the DLA model. However, the use the network in learning them, and in second order
of the LVQ neural network allowed a better dis- algorithms?3:24
crimination giving 96% (group |) and 93.3% (group
I) of samples correctly classified (Table 4). An .
important point is that the LVQ neural network Conclusion
produces a model on which no samples from groups The results presented in this paper demonstrate
I or Il were misclassified into group Ill. These that the artificial neural network investigated here
results are very important for the Iberian pork in-could be used for qualitative analysis of Iberian pig
dustry because of the important differences in pricegnams giving a lower error of misclassification than
between pigs from group Il fed mainly with feed a linear discriminant model.
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Table 4. Comparison between discriminant analysis and LVQ network.
Linear discriminant analysis LVQ network
Belong to Classified as Belong to Classified as
class Gl Gl Glll class Gl Gll Glll
Gl 21 3 1 Gl 24 1 0
(84.0%) (12.0%) (4.0%) (96.0%) (4.0%) (0.0%)
Gll 3 12 0 Gll 1 14 0
(20.0%) (80.0%) (0.0%) (6.7%) (93.3%) (0.0%)
Glll 0 0 14 Gl 0 0 14
(0.0%) (0.0%) (100.0%) (0.0%) (0.0%) (100.0%)

However, we can not conclude that neural net-
works are preferred to other methods in the general
case. We have proved that in this particular case thé.
results are clearly better than those obtained with
LDA. The results encourage further effort in the 5.
application of neural networks to NIR spectroscopic
gualitative measurement. 6.
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