
2 202228

intelligent systems | интелигентни системи

Сравнителна оценка на способността 
за предсказване на PLS и RBF ANN 
калибрационни техники, приложени  
за SW-NIR данни за месо

Г. Гергов1, Дж. Круз2, Е. Кирилова1

A Comparative Evaluation of the Predictive Ability of PLS  
and RBF ANN Calibration Techniques Applied to SW-NIR  
Meat Data

G. Gergov1, J. Cruz2, E. Kirilova1

1 Bulgarian Academy of Sciences, Institute of Chemical Engineering, Acad. Georgi Bonchev St., Bl. 103, 1113 Sofia, Bulgaria,  
ggergov187@gmail.com, e.kirilova@iche.bas.bg
2 Escola Universitària Salesiana de Sarrià (EUSS), Passeig de Sant Joan Bosco, 74, 08017 Barcelona, Spain, jcruz@euss.cat

Key Words: NIR spectroscopy; Partial Least Square method; Radial 
Basis Functions Neural Networks; moisture content; fat content; pork 
meat samples.

Abstract. In this study the performance of linear and nonlinear che-
mometric methods has been investigated and compared. The trans-
mittance spectra of pork meat samples were collected by SW-NIR 
(short wave near infrared) analyser in the spectral range of 850 nm 
to 1,050 nm. Partial Least Square (PLS1) method and Radial Basis 
Functions Neural Networks (RBF NN) were chosen for chemometric 
analysis of that samples for determination of moisture and fat con-
tent. The reason for using RBF ANN is significant nonlinearity which 
is exhibited between the spectra and the fat and moisture content. 
PLS1 and RBF NN with different architecture have been combined 
with different pre-processing techniques such as first derivative (D1), 
standard normal variate (SNV), multiplicative signal correction (MSC) 
and the combinations of MSC and SNV with first derivative. It was 
found that optimal pre-processing was MSC for moisture, and the 
combination of D1and SNV for fat. When PLS1 was used, results 
showed reduction of RMSEP and REP using MSC with 15 and 13% 
for moisture determination. In case of PLS1 fat determination consid-
erable reduction of RMSEP and REP was observed using a combina-
tion of D1 and SNV with 48 and 47%. Compared to PLS1 regression 
with suitable preprocessing, RBF ANN showed better results: reduc-
tion of RMSEP and REP using a combination of D1 and SNV with 
48% for moisture, and reduction using a combination of D1 and SNV 
with 59% for fat determination. These improvements together with 
the facility of SW-NIR technology to be implemented in the process 
engineering made it ideal for the meat industry.

1. Introduction
Meat industry demand for fast control of quality has led 

for new spectral non-destructive methods for fast, low cost 

and accurate meat quality assessment [1] instead time con-
suming traditional chemical analysis of meat composition and 
quality [2]. The quality of different meat like pork, beef etc. in 
terms of moisture, fat and protein content, is a key factor that 
influences its technological and sensory quality [3]. 

Short wave NIRS (SW-NIRS) transmittance allows for 
assessment to a greater depth, and the technique is routine-
ly used to non-invasively and quick determination of several 
parameters of meat (i.e. moisture, fat and protein). Spectral 
region (800–1050 nm) of SWNIR is sensitive to the presence 
of fat containing C–H stretching overtone and moisture O–H 
stretching second overtone [4]. 

To date, numerous multivariate calibrations have been 
dominated for analysing chemical composition of meat sam-
ples – pork, beef etc. [5]. One of the most used real pork meat 
data is Tecator data set, which is publicly available at http://
lib.stat.cmu.edu/datasets/tecator [6]. Significant nonlinearity 
is exhibited between the spectra and the fat and moisture 
content. The protein content only demonstrated weak nonlin-
earity. Therefore, especially for moisture modelling containing 
nonlinear approximation technique were dominated over linear 
model like PLS in literature [7].

Borggaard has showed that there was a nonlinear re-
lationship between spectral response and analyte concentra-
tion, and neural network (NN) trained on principal component 
scores produces calibrations substantially better than linear 
partial least square (PLS) [8]. One of the best results was 
achieved by Thodberg, who used Bayesian neural networks 
with optimum 6 hidden layers on the first 10 principal com-
ponents [9]. The best test error performance was found by 
Vila et al. [10], also using neural networks on the principal 
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components. Rossi et al. [11] have compared a combination 
of linear and nonlinear methods combines variable selection 
based on mutual information and LS-SVM (MI-LSVM). More 
recently various new data mining models like ensemble of 
extreme learning machine (ELM) and radial basis function arti-
ficial neural network (RBF PLS) have been compared with PLS 
on the Tecator data set [12,13]. The RBF neural networks are 
local approximation networks with simple structure, that have 
superiorities in function approximation and learning speed. In 
analytical chemistry field, the RBF NNs was one of the artificial 
learning method that describe complex non-linear relationship 
between input neurons and output. 

For the afore mentioned nonlinear models, some inher-
ent drawbacks exist, such as stability of prediction because 
can get stuck in local minima while training and the complexity 
of implementation. In all previous studies PLS was used only 
as comparative method with lower predictive power. Although 
linear PLS can be forced to compensate nonlinearity in that 
meat data to some extent by including additional latent varia-
bles, this strategy increases the risk of overfitting the model 
and reduces its true predictive ability.

It was shown that pre-processing like multiplicative scat-
ter correction (MSC) and standard normal variate (SNV) in 
combination of PLS regression demonstrated prediction accu-
racy using the same meat data set [14]. The improved predic-
tion performance agrees with the findings that combination of 
first derivative and SNV gave a better PLS model for prediction 
of fat and moisture content [12]. 

In this study a comparison of the prediction ability of 
PLS1 and RBF NN for determination of the moisture and fat 
content in Tecator data set from ground pork has been done. 
For improving the predictable ability PLS1 has been combined 
with suitable pre-processing techniques and different archi-
tectures of RBF NNs have been investigated. The choice of 
optimum spectral pre-processing method has been estimat-
ed empirically by using different single transformation of raw 
spectra, such as first derivative (D1), multiplicative signal cor-
rection (MSC), standard normal variate (SNV) and its combina-
tion. After implementation of PLS1 model, Durbin-Watson sta-
tistical test show significant for residuals correlation. Instead 
of that RBF NN model showed prediction improvement due to 
an adequate mapping of non-linear signal-concentration rela-
tion. Results from RBF NN was better that provided from PLS 
with non-significant correlation in prediction residuals.

2. Theory and Methods

2.1. Partial Least Squares (PLS1) Model

PLS is nowadays probably the most widely used algo-
rithm in chemometrics [15]. Consider a spectral N × P matrix 
X and a corresponding concentration N-dimensional vector y
describing N samples and P variables. PLS1 is able to mod-
el the relationship between X and y. Rather than calculating 
scores using only X-covariance as in principal component re-
gression (PCR), the PLS1 algorithm takes into account the co-
variance between X scores and y, i.e. the variances of X and y

and their correlation. Scores, referred here as latent variables 
(LV), are then built in order to capture as much information 
related to y as possible. PLS can also be extended to predict 
several responses at a time, which is generally called the 
PLS2. PLS can be summarized in two interdependent steps: 
(1) Dimensionality reduction of X and y in latent subspaces 
using scores projections; (2) Integration of a vector, called 
weights (w), connecting both subspaces and providing the 
covariance between X and y scores as optimisation criterion. 
The key/meta parameter in a PLS model is the number of LVs, 
which needs to be optimised.

2.2. Radial Basis Function Neural Network (RBF 
NN) Model

RBF NN uses a so-called radial basis function as a trans-
fer function in the hidden layer neurons (H), and after non-lin-
ear projections of the inputs neurons (I), an output neuron 
(O) produces a weighted sum of the hidden output to give the 
final output of the network. RBF NNs are local approximation 
networks that have superiorities in function approximation and 
learning speed. The network model is a feed-forward multilayer 
neural network with a simple architecture [13]. Generally, it is 
a three-layer network: a layer of input neurons, a single hidden 
layer of RBF neurons and a layer of output neurons. The train-
ing parameters are much less than those in other feed-forward 
neural networks. The considered RBF NN models have used 
ridge regression (RR) training algorithm [16].

The method relies on a radial basis function Ri(x) of the 
hidden layer. It is a Gaussian function whose value depends 
only on the distance from the origin, i.e.:

(1)

where ∥x-ci∥ is the calculated distance, usually Euclidean, 
between input vector x and RBF function centre ci. The σ is a 
positive real number which we call the spread of the RBF. The 
output layer performs a simple summation of the output from 
each hidden neuron according to:

(2)

where wi,k is the connection weight from the hidden neuron 
to the output neuron, m is the total number of hidden layer 
neurons. In our case, the non-linear model is based on NN 
using RBF [13]. The transfer function activating the hidden 
neurons is a Gaussian function, characterized by the values of 
the centers and widths.

The optimization of various network parameters: (1) the 
number of hidden neurons (G), (2) the centers (c) and widths 
(σ) of the Gaussian functions, and (3) the weights (w) of the 
final linear combination can be carried out sequentially, first 
fixing the number of hidden neurons, widths and centers, and 
then finding the weights.

Before predictions, an optimum RBF NN architecture 
should be selected and trained. The optimum number of input 
neurons can be explored by performing PCR cross-validation. 
The number of hidden neurons is automatically set by a grid 
search guided by the lowest penalized prediction error in the 

(1)

where ∥ ∥ is the calculated distance, usually Euclidean, 
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calibration samples. Finally, the number of output neurons is 
equal to the number of response variables to be predicted by 
the model. In this version of the MVC1 software, the default 
value is 1 [17]. 

This involves the sequential addition of new basis func-
tions, each centred on one of the data points. The RBF pa-
rameters (x, ci, σ) are selected to minimise sum-squared-er-
ror (SSE). The process continue until error of network output 
reaches the pre-set goal value. The determination of the op-
timum RBF NN architecture (I-H-O) is a key factor to obtain 
good predictable model.

2.3. Durbin-Watson Test

The aim of NIR-based calibration is to build a multi-
variate model able to give reliable prediction of the property 
of interest from the spectra, where the non-linearity is a key 
factor to influence the calibration. The Durbin-Watson (DW) 
statistical test for residuals correlation is used, which con-
sists in estimating the DW indicator value and DW probability 
[18]. 

3. Dataset and Software
The dataset is recorded on a Tecator Infratec Food 

and Feed NIR Analyzer working in the wavelength range 850-
1,050 nm using transmitance measurements [6]. Training 
set containing 129 sample, monitoring set – 43 sample, 
validation set – 43 samples, extrapolation fat – 8 samples 
and extrapolation moisture – 17 samples are added and all 
obtained 240 meat samples, are divided into two groups us-
ing Kenard-Sone algorithm [19]: 170 sample for calibration 
and 70 sample for test set. For each meat sample the data 
consists of a 100-channel spectrum of absorbance and the 
contents of fat. The transmittance (log1/T) is measured by 
the spectrometer. A Soxhlet and Karl Fisher methods were 
used as the laboratory reference for the fat and moisture 
determination. The moisture content is between 32.8% and 
76.6%, and fat content is between 0.9 and 58.5%. All spectra 
were converted to digital values and exported to MatLab for 
subsequent calculation. Numerical calculations were made 
using MatLab®2013a (Mathworks, Natick, MA, USA). PLS1 
and RBF ANN calibration were carried out using the MVC1® 
MatLab toolbox [17].

4. Results and Discussion

4.1. Raw NIR Transmittance Spectra and Spectral 
Pre-processing

The original raw spectra and pre-processed spectra of 
Tecator data set are shown in figure 1. Although it is difficult 
to distinguish from the raw spectra two observed absorption 
bands can be seen at MSC and SNV pre-processed spectra, 
attributed fat (C-H stretching third overtones 930 nm) and 
water (O–H stretching second overtones 970 nm) [20]. Three 

pre-processing techniques were tested – first derivative (D1) 
[21], Multiplicative Scatter Correction (MSC) and Standard 
Normal Variate (SNV) [14]. For the pre-processed spectra 
shown in figure 1, it can be seen that both the MSC and SNV 
eliminated scattering in a similar way. Although, NIR spectra 
based on transmittance measurements, i.e., after transmis-
sion on a meat sample, background reflectance signals oc-
cur which has to be eliminated using derivative spectra. In 
our case, the combination of D1 and SNV show isosbestic 
point as an evidence of two component mixture of fat and 
moisture.

Figure 1. The raw NIR and pre-processed spectra – MSC, SNV  
and a combination of D1 and SNV of calibration data set

4.2. Parameter Optimisation of Calibration 
Models

In the study, the number of LVs in PLS, the number of 
hidden neurons in RBF NN needs to be optimized and deter-
mined.

For PLS modelling, cross-validation makes it possible 
to select the optimal number of latent variables, that is, the 
number giving the minimum prediction error for the calibration 
set. Оn the other hand, it should not be very large because it 
leads to over-ftting. For RBF NN modelling, optimal number of 
input neurons must be optimized. 

4.3. Comparison of PLS and RBF ANN Models 
for Moisture Determination

As a comparison, firstly PLS and RBF ANN models with 
different preprocessing were applied to determine the moisture 
content in the considered pork meat samples. Final results 
from both methods about the Root Mean Square Error of 
Cross Validation (RMSECV), Root Mean Square Error of Pre-
diction (RMSEP), Relative Error of Prediction (REP), Coefficient 
of multiple determinations R2. Durbin-Watson (DW) coefficient, 
and probability (p) are listed in table 1 and table 2.
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Table 1. Performance statistics of PLS1 models for prediction of 
moisture content in considered meat samples. The considered 

processing methods are labelled as D1, SNV and MSC

Pre-
processing

Moisture content, (%)
No
Lv

RMSECV
RMSEP

(%)
REP 
(%)

R2 DW, p

Raw 12 2.6 2.7 4.3 0.97 1.62<0.05
MSC 3 2.6 2.3 3.7 0.98 0.90<0.05
SNV 8 2.1 1.9 3.1 0.98 1.36<0.05
D1 9 2.5 2.6 4.1 0.98 1.61<0.05
D1+MSC 2 3.9 3.5 5.6 0.95 0.38<0.05

Listed in table 1 results obtained after PLS model ap-
plication show that the error values of moisture do not vary 
significantly and best results give MSC preprocessing compare 
with SNV and D1 because of overfitting. The combination of D1 
and MSC pre-processing degrades the PLS model, because 
first derivative did not show good results at finding absorption 
maximum of moisture. The obtained value for DW after appli-
cation of MSC pre-processing is 0.9, at p<0.05 indicating a 
significant non-linearity.

The corresponding observed/predicted plots for calibra-
tion and test sets are shown in figures 2A and 2B. Additionally, 
figures 2A and 2B show a correlation between residuals. In
figure 2A it could be observed a significant nonlinearity for 
moisture content at PLS modelling. On the contrary at RBF 
ANN prediction leads to better analytical results and the cor-
relation among residuals is considerably smaller (figure 2B). 

Further, RBF NN was used for model improvement. For 
an initialisation of RBF NN we rely on the determined by Prin-
cipal component regression (PCR) optimal number of input 
neurons. The number of hidden neurons were optimized for 
minimum RMSEP and finally architecture is represented in 
table 2. The optimal pre-processing again is MSC and optimal 
architecture is 20-34-1. The prediction statistics looks better 
than the one for PLS-1.

Table 2. Performance statistics of RBF ANN models for prediction 
of moisture content in considered meat samples. The considered 

processing methods are labelled as D1, SNV and MSC

Pre-
processing

Moisture content, (%)
ANN 

architecture
RMSEP

(%)
REP, 
(%)

R2 DW p

Raw 20-10-1 3.1 4.9 0.97 1.23 <0.05
MSC 20-34-1 1.2 1.9 0.99 1.98 0.87
SNV 20-20-1 1.5 2.4 0.99 1.99 0.94
D1 20-34-1 1.5 2.3 0.99 2.02 0.89
D1+MSC 20-21-1 1.5 2.3 0.99 2.03 0.84

Comparison of statistical properties of two models were 
shown in figure 2. Figure 2A clearly indicates a non-linear 
relation between predicted and nominal values of the PLS plot 
for the moisture. Upon visual inspection of the residuals, it can 
be clearly seen that they form a banana shape. In the same 
figure was shown elliptic joint confidence region (EJCR) whose 
estimated slope and intercept values are an assessment of the 
accuracy and precision of the calibration model [17].

On the contrary, in figure 2B clearly indicated that rela-
tion between predicted and nominal values of the RBF ANN is 
linear plot and the residuals are normally distributed.

Figure 2A

Figure 2B

Figure 2. 2A). Predicted vs. nominal plot for optimal PLS moisture 
determination (MSC). 2B). Predicted vs. nominal plot for optimal 
RBF ANN moisture determination (MSC). EJCR and residual plots 

for two models

4.4. Comparison of PLS and RBF NN Models 
for Fat Prediction

Then, a comparison of PLS and RBF ANN with different 
architecture applied to determine the fat content in the con-
sidered pork meat samples was done. The predictive perfor-
mance of PLS and RBF ANN are listed in table 3 and table 4.

Table 3. Performance statistics of PLS1 models for prediction 
of fat content in considered meat samples. The considered 

processing methods are labelled as D1, SNV and MSC

Pre-
processing

Fat content, (%)
No
Lv

RMSECV RMSEP R2 DW p

Raw 12 2.9 3.3 17.7 0.98 1.41<0.05
MSC 11 2.7 2.8 15.2 0.98 1.17<0.05
SNV 10 2.3 2.2 11.8 0.99 1.26<0.05
D1 10 2.6 3.1 16.7 0.98 1.59<0.01
D1+MSC 7 4.5 4.2 22.7 0.96 0.89<0.05
D1+SNV 4 1.6 1.7 9.3 0.99 1.36<0.05

One can see from table 3 that the values for the errors 
obtained after application of PLS model vary significantly. PLS1 
with a combination of D1 and SNV pre-processing techniques 
gives the best results with 4 latent variables compared to other 
pre-processing due to overfitting. It is obviously that the first 
derivative pre-processing technique modeled good absorption 
maximum of fat.

Figure 2A

Figure 2B
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Further, the results obtained with RBF NN are presented 
in table 4. The obtained optimal combination of pre-processing 
techniques is again D1 and SNV. The obtained optimal RBF NN 
architecture is 20-41-1.

Table 4. Performance statistics of RBF NN models for prediction 
of a fat content in considered meat samples. The considered 

processing methods are labelled as D1, SNV and MSC

Pre-
processing

Fat content, (%)
ANN 

architecture
RMSEP

(%)
REP, 
(%)

R2 DW p

Raw
MSC 20-36-1 1.0 5.5 0.99 2.05 0.72
SNV 20-35-1 1.1 5.8 0.99 1.90 0.51
D1 20-38-1 1.2 6.4 0.99 1.73 0.07
D1+MSC 20-38-1 0.8 4.5 0.99 1.75 0.1
D1+SNV 20-41-1 0.7 3.8 0.99 2.09 0.53

Finally, both methods are compared in figure 3. Figure 3A
again indicates the presence of non-linearity between predicted 
and nominal values of the PLS plot for fat. Figure 3B shows a 
non-linear distribution of the residuals for the PLS model, and 
3B shows normal distributed residuals from RBF NN model. 
In addition, the RBF NN model shows a better performance 
than the PLS model. The errors independence is also confirmed 
based on the results from Durbin-Watson test (p>0.05).

Figure 3A

Figure 3B

Figure 3. 3A). Predicted vs. actual plot of the PLS model 
for optimal fat PLS determination (D1+SNV). 3B). Predicted 
vs. actual plot of the RBF NN training model for optimal fat 

determination (D1+SNV). EJCR and residual plots for two models

5. Conclusions
In this study PLS1 and RBF NN for quantitative analysis 

of transmittance SW-NIR spectra for prediction of moisture 
and fat content in ground pork meat samples have been im-
plemented. PLS and RBF NN analysis were performed to de-
termine the best calibration model based on RMSECV, RMSEP, 
REP and R2. Selection of a different single or two combined 
scatter-correction technique for that NIR data were performed. 
It was shown that the predictive ability of two models can be 
improved by utilization of suitable preprocessing techniques 
for moisture and fat. The best pre-processing technique for 
the case of determination of moisture content is single MSC 
for both models. The obtained optimal number of the latent 
variables for PLS1 is 3 and the optimal number of the hidden 
neurons for RBF NN is 34. When determining the fat content, 
PLS1 and RBF ANN with a combination of two pre-process-
ing techniques D1 and SNV gives the best results for errors. 
The obtained optimum number of latent variables for PLS1 is 
4, and the optimal number of hidden neurons in considered 
RBF NN is 41. Based on the results of this study it is highly 
recommended using MSC for moisture, and combination of 
first derivative preprocessing with SNV for fat, considering the 
nonlinearity of the data. Our conclusion is that the PLS and 
RBF NN model with suitable preprocessing strongly reduce 
errors for fat prediction, and RBF ANN outperforms PLS1. For 
moisture prediction results from PLS and RBF NN models are 
almost equal and again RBF NN is slightly better than PLS1. 
As a final conclusion RBF NN is the optimal choice for the 
treatment of NIR meat non-linearity spectral data.
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