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Pain can be conveyed through verbal communication or patient self-
report. Nonetheless, assessing pain in infants and patients who cannot 
communicate verbally (such as the mute, mentally challenged, or those 
requiring assisted breathing) can be challenging. Despite these 
circumstances, only an experienced medical examiner may comprehend 
their non-verbal signs of pain. Moreover, pain can be troublesome at 
varying levels of noise. At times, even an experienced pediatrician may 
make an error in their assessment or overlook a minor change in an 
infant's face. Even when they are present, it appears challenging to 
recognize the subtle anxiety in the facial twitch. To address this obstacle, 
an automated method for assessing infant pain through facial-cue analysis 
is proposed. The T-test results validated the relationships among the new 
combinations generated by this algorithm. Ultimately, a feature fusion 
approach combining Principal Component Analysis (PCA), Discrete Cosine 
Transform (DCT) coefficients, and Local Binary Patterns (LBP) was 
employed. The effectiveness of the complete features descriptor and the 
suggested preprocessing technique was evaluated against other well-
known preprocessing methods using Support Vector Machine (SVM) 
classifiers at various noise levels. 
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1. Introduction 
 

Pain is a feeling that has both emotional and sensory components. According to the definition 
provided by the International Association for the Study of Pain, pain is a sensation produced in actual 
or potential tissue damage [1]. Expressions of pain are made through vocalizing. This may be difficult, 
especially in babies and patients that cannot speak out. It is difficult to express pain for the mute, 
mentally handicapped, or patients that require breathing support.  

However, even in such cases, their muted language can be comprehensible only to an 
experienced medical professional. Moreover, pain-related facial cues may be difficult to recognize 
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under varying viewing angles, distances, and illumination levels. Even the most experienced 
pediatricians sometimes make mistakes or do not notice the slightest alteration on a baby's face. 
Although all these factors are present, it seems difficult to understand pain-related facial movements. 
For this reason, a valuable way to detect the pain of a newborn should be insensitive to image 
variations.  

In particular, some of the highly advanced methods have been used in scientific research to 
overcome difficulties encountered while recognizing physical distress [2-6]. One of the most popular 
methods involves the recognition system of the pain of infants, created by S. Brahnam et al., that is 
based on the Classification of Pain Expressions (COPE) dataset. They recommended the usage of 
novel texture analysis techniques, namely, Elongated Binary Pattern (ELBP) and Elongated Ternary 
Pattern (ELTP), which serve as an accurate basis for pain stage classification [7]. Moreover, some of 
the studies, such as [8] and [9], have provided examples of using mixed AI models, including 
simultaneous optimization of Neural Network Simultaneous Optimization Algorithm (NNSOA) with 
Linear Support Vector Machine (LSVM). It is important to note that the results of their work showed 
that the combination of LSVM and NNSOA could provide better classification accuracy. K. Pun and Y. 
Moon also agreed that multifaceted classification methods provide more data about the structure of 
the data set [10]. 

Despite the wide use of such scales as NIPS, CRIES, PIPP, and N-PASS for infant pain assessment 
[11-17], their practical value is hampered by the presence of systemic and knowledge-related threats 
[11-13]. The latter include low assessment skills, absence of protocols, lack of engagement among 
health-care workers, and lack of knowledge about neonatal pain signs. In addition, exaggerated fears 
regarding the development of medication dependence and fatigue among providers hinder effective 
pain management [13]. A systematic review of scientific literature demonstrates that insufficient 
consideration was devoted to image preprocessing for recognizing infant pain. Previous research 
revealed the influence of changes in lighting conditions, viewing angles, distance, and image noise 
on face detection precision [16, 18-21]. Based on the above, the use of appropriate techniques for 
image processing might greatly increase the performance of facial recognition systems allowing even 
basic face features extraction techniques and classification algorithms to provide highly accurate 
results [18-20]. In addition, current approaches for infant pain detection are prone to subjective 
human observation and inconsistencies in procedures. 

Thus, in order to resolve these issues, this paper suggests a reliable pre-processing framework for 
infant pain detection in various noise environments. The framework involves histogram remapping, 
Adaptive Single Scale Retinex (ASR), gamma correction, reflectance estimation, and contrast 
equalization [21,22–26]. Histogram remapping ensures image consistency due to the normalization 
of the intensity distribution, whereas ASR minimizes illumination effects and halo artifacts without 
damaging facial details. The post-processing steps further increase the quality of the images, 
generating more discriminating facial features. 

The suggested framework was tested on the Infant COPE database and compared with a number 
of other well-known illumination compensation techniques. The illumination is especially crucial 
since degraded or inconsistently illuminated facial images can change the appearance of pain-related 
facial cues before classification. Therefore, a classifier can get features containing undesirable 
variations instead of real facial information. Thus, the problem of the research discussed in this paper 
is the development of an effective image processing and feature representation technique for 
discriminating infant facial pain cues under variable illumination and noise conditions. 

The remainder of this paper is organized as follows: Section 2 describes the proposed framework, 
Sections 3 and 4 present the feature extraction methods and the Support Vector Machine (SVM) 
classifier, Section 5 discusses the experimental results, and Section 6 concludes the paper. 



Semarak Engineering Journal 
Volume 16, Issue 1 (2027) 172-196 

 

174 
 

2. Proposed Study  
 
As shown in Fig. 1, the proposed scheme is made up of three phases, namely, preprocessing, 

feature extraction, and classification. The input images are reduced to a size of 100 x 120 pixels in 
order to keep computation costs low. The phase of preprocessing makes use of the proposed 
enhancement technique in order to enhance images depending on illumination and noise. The 
features of faces are extracted with the help of PCA, ICA, DCT, and LBP and classified using SVM. 

 
Fig. 1. The proposed Study Procedure 

 
2.1 Image Subjects 

 
These experiments were carried out based on the Infant COPE database, which consists of 204 

facial images of 26 newborn infants (13 male and 13 female), aged between 18 hours and 3 days. The 
images consist of 18 cry stimuli, 67 rest stimuli, 36 friction stimuli, 23 air stimulus, and 60 pain stimuli 
images [2]. Data collection is made following the ethical guidelines of St. John's Health System Inc. 
[2]. Some example images taken from the Infant COPE database are shown in Fig. 2, and more details 
about the dataset and data acquisition can be found in [4], [5]. 
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Fig. 2. Examples of the facial expressions in the Infant COPE database 

 
2.2 Adding Noise 
 

The most important contribution of this paper is a pre-processing technique to deal with images 
having high-density salt-and-pepper noise corruption. This technique can also be used as an image 
improvement technique in general. Salt-and-pepper noise is generated similar to [27-29]. In contrast 
to other techniques, the noise density is varied between 1% and 9% in steps of 2%. Fig. 3 shows the 
restoration of infant pain images contaminated with varying amounts of salt-and-pepper noise. 

 

 
    (a) (0.01 noise level)      (b) (0.03 noise level)      (c) (0.05 noise level)      (d) (0.07 noise level)        (e)(0.09 noise level) 
 
Fig. 3. An example of the facial expressions in the Infant COPE database with different noise densities that vary 
from Figure 3(a) at a noise level of 0.01 to Figure 3(e) at a noise level of 0.09  
 
 
2.3 Filtering 
 

Median filters are extensively used in image processing, signal processing, and time-series 
processing as a means of smoothing. Unlike linear filters that are extremely sensitive to outliers and 
experience significant performance deterioration due to the presence of small amounts of noise, The 
median filter can remove high-amplitude noise in the input data. [27, 30, 31]. 
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2.4 Histogram remapping 
 

One of the most commonly used methods for histogram normalization is the normal or Gaussian 
distribution. Normal curve was first developed by De Moivre in 1733, but was later used by Laplace 
in 1783 for modeling errors, and Gauss in 1809 for the analysis of astronomical observations. The 
formula of the probability density function of the Gaussian distribution is: 

 

  𝑓(𝑥) = !
"√$%

𝑒𝑥𝑝 (&((&))
!

$"!
),                              (1) 

where μ is the mean, and σ is the standard deviation. In this experiment (Fig. 4), the standard normal 
distribution with μ = 0 and σ2 = 1 was used, as suggested by [22]. 
 

 
Fig. 4. A sample image and its histogram before (upper row) and after (lower row) mapping the histogram 

to a normal distribution 
 

 
2.5 Adaptive Single Scale Retinex (ASR) 
 

The ASR method was introduced by Parkin [14]. The method for estimating the illumination uses 
repeated convolution of the input image with a 3×3 smooth mask, using the coefficient and 
combination of two illumination values per pixel as in Equation (2). 
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𝑅+,-ʹ (𝑥, 𝑦) = 𝑙𝑜𝑔( 𝐼(𝑥, 𝑦) + 1) − 𝑙𝑜𝑔( 𝐿(.)(𝑥, 𝑦) + 1),        (2) 
 
where I denotes the input grayscale image. T refers to the number of iterations carried out. T = 15 
was adopted as recommended by [14]. R is the reflectance and luminance L function (in the log 
domain). Figure 5 shows some ASR algorithms applied to the Infant COPE database.  

 

 
Fig. 5. An example of the facial expressions in the Infant COPE database with the ASR Method 

 
2.6 Gamma correction  
 
Gamma correction is a nonlinear gray level mapping where new gray levels are mapped from the 
old gray levels. The connection between them is that the output is directly proportional to the input 
raised to the power of gamma. The equation used to calculate the output is: 

   𝐼ʹ = 255 × ( /
$00
)
"
# ,                                     (3) 

 
where 𝐼1 represents the intensity of the gamma image and γ represents the gamma. Gamma 
correction effect on images can be seen through the use of the original image taken with different 
gamma values such that if γ > 1 makes the shadow darker and γ < 1 makes the dark parts brighter. 
The best choice for γ is in the range of [0,0.5]. Here γ = 0.2 is chosen as a default value proposed by 
[21]. Some examples of Gamma Correction method are shown in Fig. 6. 
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Fig. 6. An example of the facial expressions in the Infant COPE database with Gamma Correction 

 
2.7 Contrast Equalization 
 
Lastly, contrast equalization was performed. It is assumed that the signal generally has very high 
values due to highlights, shadows, and low-value regions like nostrils and cheeks. A fast and 
straightforward approximation using a two-step approach is given below [21]: 
 
  𝐼(𝑥, 𝑦) ← /((,3)

(4567(|/((1,31)|$)
"
$
,                             (4) 

 
  𝐼(𝑥, 𝑦) ← /((,3)

(4567(497(:,|/((1,31)|$))
"
$
.                        (5) 

 
Here, 𝛼 is a compressive exponent. 𝜏 is a threshold to truncate the first normalization. 𝛼 = 0.1 

and 𝜏 = 10 were used as in [21]. Some aspects of the contrast equalization process are illustrated in 
Fig. 7. 
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Fig. 7. An example of the facial expressions in the Infant COPE database with the proposed method 

 
2.8 Compared algorithms 
 

Four illumination normalization algorithms and one (None) no-preprocessing image were 
compared with the researcher's method. The entire method is listed below: 
(None) no preprocessing 
The Single-Scale Retinex (SSR) algorithm [18] 
The Multiscale Retinex (MSR) algorithm [31] 
The Adaptive Single-Scale Retinex (ASR) algorithm [23] 
The Tan and Triggs (TT) normalization technique [21] 

For comparison, some example images obtained after applying the above illumination 
compensation methods are presented in Fig. 8. 
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               (NONE)               (SSR)             (MSR)                 ( ASR)                    (TT)             (OPM) 
Fig. 8. Examples of the effects of the different preprocessing methods. From left to right: (None) no 
preprocessing; (SSR) Single Scale Retinex; (MSR) Multiscale Retinex; (ASR) Adaptive Single Scale Retinex; (TT) 
Tan and Triggs normalization technique, and (OPM) Our Preprocessing Method 
 
2.9 Method Validation  
 

A statistical analysis was conducted to evaluate the proposed OPM preprocessing method 
against five alternative approaches: no preprocessing, Single Scale Retinex (SSR), Multiscale Retinex 
(MSR), Adaptive Single Scale Retinex (ASR), and Tan and Triggs normalization. The evaluation was 
based on the reported t-test p-values and confidence intervals, using a significance level of 0.05. 

The proposed OPM method obtained a p-value of 0.0094 and a reported confidence interval of 
[0.0230, 0.1630]. The p-value was below the conventional significance threshold, while the 
confidence interval excluded zero. These findings provide evidence of a positive difference relative 
to the reference condition used in the reported statistical test. Nevertheless, the magnitude and 
practical importance of this difference depend on the outcome variable and its measurement scale. 

Among the existing approaches, MSR and SSR reported p-values of 0.0336 and 0.0435, 
respectively. Both methods met the unadjusted 5% significance criterion. MSR had a confidence 
interval of [0.1984, 0.3136], whereas SSR had an interval of [0.0025, 0.1644]. ASR did not reach 
statistical significance (p = 0.0709; 95% ci [−0.0482, 0.0020]). Similarly, Tan and Triggs normalization 
(p = 0.7699; 95% ci [−0.0823, 0.0610]) and the unprocessed images (p = 0.9997; 95% ci [−27.4761, 
2.4136]) did not demonstrate statistically significant differences under their respective tests. 

Overall, the findings provide preliminary statistical evidence in favour of investigating OPM as a 
preprocessing method for infant facial image analysis. Further validation using direct feature 
extraction method comparisons, and classification performance metrics will be discussed in next 
section to conclude that OPM is superior to the existing methods. 
 
Table 1 
t-test Analysis for various Techniques 

Method Hypothesis p ci 
(None) no preprocessing 1 0.9997 -27.4761 

2.4136 
(SSR) Single Scale Retinex  1 0.0435 0.0025 

 0.1644 
(MSR) Multiscale Retinex normalization 

technique 
1 0.0336 0.1984 

0.3136 
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(ASR) Adaptive Single Scale Retinex 
normalization technique 

1 0.0709 -0.0482 
0.0020 

Tan and Triggs normalization technique  1 0.7699 -0.0823 
0.0610 

(OPM) Our preprocessing normalization 
technique 

1 0.0094 0.0230 
0.1630 

 
 
3. Feature Extraction 
3.1 Principal Component Analysis (PCA) 
 

PCA [32,37] tries to find the reduced dimensionality representation of the data such that it 
captures as much of the data variability as possible. The analysis has been carried out by finding a 
linear basis of reduced dimensionality of the data and maximizing the amount of variance captured. 
Mathematically speaking, PCA tries to find a linear map T that maximizes 𝑇. 𝑐𝑜𝑣;&;< 𝑇, where 
𝑐𝑜𝑣;&;< 𝑇is the covariance matrix of the zero-mean data X. It can be seen that this linear map is 
constructed using the d principal eigenvectors (i.e., principal components) of the covariance matrix 
of the zero-mean data. Thus, PCA solves the eigenvalue problem: 

 
𝑐𝑜𝑣 𝜐 = 𝜆𝜐
𝑋 − 𝑋B .                                      (6) 

 
The eigenproblem is solved for the d principal eigenvalues λ. The corresponding eigenvectors 

form the columns of the linear transformation matrix, 𝑇. Moreover, the low-dimensional data 
representations yi of the data points xi are computed by mapping them onto the linear basis	𝑇 i.e., 
𝑌 = (𝑋 − 𝑋B)𝑇 [33]. PCA has been successfully applied across a wide range of domains, including 
infant pain detection [6, 38, 2, 3], face recognition [34], coin classification [35], and seismic series 
analysis [36, 39]. Accordingly, 70 PCA components were employed as inputs, following [6].   
 
3.2 Discrete Cosine Transform coefficients (DCT) 
 

The DCT or DCT-II is commonly used in signal and image processing for lossy data compression. 
This is because it has an energy-compaction property. Most of the signal information ends up packed 
into a few low-frequency DCT components. This behavior is similar to the Karhunen-Loève transform, 
which provides optimal decorrelation. The DCT works well for signals that come from certain Markov 
processes. 

The two-dimensional DCT-II of blocks with size 8x8 is computed, and the output is then 
quantized and entropy-coded. Here, the value of n is often eight, while the formula for DCT-II is 
applied to rows and columns of the block. The output of this transformation is an array of 8x8 
transform coefficients, where the (0,0) element represents the DC (zero-frequency) component, and 
other elements represent the higher vertical and horizontal spatial frequency [36]. 

The DCT is one of many transforms that take their input and produce a linear combination of 
weighted basis functions. These basis functions are commonly the frequency. The 2-D DCT is just a 
one-dimensional DCT applied twice, once in the x direction and again in the y direction. One can 
imagine the computational complexity of doing so for a large image. Thus, many algorithms, such as 
the Fast Fourier Transform (FFT), have been created to speed the computation. The DCT equation 
(Equation 7) computes the i, jth entry of the DCT of an image [41]. 
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𝐷(𝑖, 𝑗) = !
√#$

𝐶(𝑖)𝐶(𝑗) ∑ ∑ 𝑝(𝑥, 𝑦)$%!
&%'

$%!
(%' 𝑐𝑜𝑠 0(#(*!),-

#$
1 𝑐𝑜𝑠 0(#&*!).-

#$
1,             (7) 

 𝐶(𝑢) = 3
!
√#

𝑖𝑓(𝑢) = 0
1 𝑖𝑓(𝑢) > 0

8 ,                                 (8) 

 
where p (x, y) is the x, yth element of the image represented by the matrix p. N is the size of the block on which 
the DCT is done. The equation calculates one entry (i, jth) of the transformed image from the pixel values of the 
original image matrix [42]. Following [6], 80 DCT coefficients were used for classification. 

 
3.3 Local Binary Patterns (LBP) 

 
The LBP features were initially designed for texture analysis, but later came into use for analyzing 

facial images [7, 39, 43]. The most important characteristics of the LBP features are the simple 
calculations involved and the robustness to variations in illumination. LBP features can be calculated 
in a few seconds in one pass over the raw image and are in a low-dimensional feature space, but still 
provide discriminating features for facial analysis. 

LBP was first proposed by Ojala et al. [44]. The algorithm computes the label of each pixel using 
thresholding of the 3x3 window around the pixel using the center value, providing a binary output 
(see Figure 9 below for illustration). It also calculates a histogram called the LBP histogram. All these 
histograms concatenated together provide a texture descriptor. 

 
Fig. 9. Left: The basic LBP operator [46]. Right: Two examples of the extended LBP [31]: a circular (8,1) 
neighborhood, and a circular (12, 1.5) neighborhood 
 

There is a problem with this simple LBP operator since, because of having a small neighborhood, 
it does not take the main structures into account that have a large scale. This operator was improved 
and can be applied to neighborhoods of various scales [45]. Therefore, it can employ a circular 
neighborhood. Some examples of the enhanced LBP are presented on the right side of Fig. 9 where 
(P, R) means P sample points of radius R.  

LBP goes through a number of extensions, each one of which solves an issue in the preceding 
extension. Later on, a universal pattern of LBP was presented [46]. LBP is referred to as a uniform 
pattern, if it possesses at most two bit transitions between 0 to 1 or vice versa in the binary sequence 
taking into consideration its circularity. Some examples of a uniform pattern include 00000000, 
001110000, and 11100001. Uniform patterns are found to comprise approximately 90% of all 
patterns in the (8, 1) neighborhood and 70% in the (16, 2) neighborhood of the texture image [47]. 

The uniform pattern is described as follows. Uniform LBP is denoted as LBPu2 P, R. The (P, R) 
represent the sampling points and radius used for neighborhood, while (u2) indicates that only 
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uniform patterns are used. Other patterns are labeled as a single pattern. A histogram of a labeled 
image fl (x, y) can be defined as:  

 
𝑯𝒊 = ∑ 𝑰(𝒇𝒍(𝒙, 𝒚) = 𝒊), 𝒊 = 𝟎, . . . . . . . . 𝒏 − 𝟏𝒙,𝒚 ,              (9) 

 
where n is the number of different labels produced by the LBP operator. 

 
𝐼(𝐴) = {A!+ 9C D6EC5

+ 9C FGH5 .             (10) 
 
The histogram defined above contains information about the distribution of edges, flat areas and 

spots across the whole image. Nevertheless, to create an excellent face representation, spatial 
information must also be collected as a feature. Thus, the face image is divided into m small regions 
R0, R1,…, Rm and a spatially enhanced histogram is defined as : 
 𝐻,,. = ∑ 𝐼(𝑓0(𝑥, 𝑦) = 𝑖) 𝐼((𝑥, 𝑦) ∈ 𝑅.(,& ),                    (11)
     
where I = 0,….. n-1, j = 0,……,m-1 
 As a result of the above operation, the histogram produced contains information at three levels, 
which are pixel-level, regional-level, and global-level. This results from concatenating all pixel-level 
patterns to produce a regional-level pattern. Additionally, all regional-level patterns are summed to 
produce a global description of the image [48].  
 
3.4 Data Features Validation 

 
Scatter plots of all features are generated to examine correlations at different levels of noise. 

Meanwhile, these scatter plots demonstrate the trend of the generated features with respect to 
exposure noise levels (Figs. 10-12). 

 
Fig. 10. The trend of changes in Principal Component Analysis exposed against noise at different levels 
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Fig. 11. The trend of changes in Discrete Cosine Transform coefficients exposed to noise at different levels 

 

 
Fig. 12. The trend of changes in Local Binary Pattern coefficients exposed against noise at different levels 
 
 
After performing a scatter plot and regression analysis, the trend in the correlation between the 

particular feature extraction quality parameter and noise at different levels was observed. 
Subsequently, the features with significant correlation between the two elements were chosen. In 
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this case, they must meet both criteria below to be selected as the model's variable. Those criteria 
are R2 > 80% and  p-value < 0.05. 

 
Table 2 
t-test Analysis for various Features 

Method Level Noise p r2 
Principal Component Analysis (PCA)  0.01 

0.03 
0.05 
0.07 
0.09 

0.012 
0.033 
0.021 
0.024 
0.013 

95.5 
96.6 
90.8 
94.2 
90.2 

Discrete Cosine Transform 
coefficients (DCT) 

0.01 
0.03 
0.05 
0.07 
0.09 

0.022 
0.043 
0.041 
0.014 
0.011 

93.0 
99.6 
98.7 
99.2 
98.6 

Local Binary Patterns  
(LBP) 

0.01 
0.03 
0.05 
0.07 
0.09 

0.032 
0.013 
0.029 
0.029 
0.038 

90.5 
90.6 
89.8 
84.2 
80.2 

 
 
According to the results in Table 2, the significant correlations to be used in the model are those 

between all feature parameters and the noise level. It is therefore concluded that all three features 
are suitable candidates as inputs, given the criteria p < 0.05.  
 
3.5 Features Combination 

 
PCA, DCT, and LBP are not redundant feature extractors. PCA primarily represents dominant 

global variations and reduces dimensionality; DCT represents spatial-frequency information; and LBP 
describes local facial texture and structural patterns. Their combination provides a broader 
representation of infant facial pain cues than relying on a single feature descriptor. 

It also depicts that several different fusion feature-extraction schemes, including the product of 
the sum, min, and max rules, are adopted [49, 3, 6]. According to the literature, the sum rule was the 
most resilient to estimation errors and performed best [49]. Thus, the PCA, DCT and LBP features are 
fused using the simple sum rule: ∑𝑃𝐶𝐴 + ∑𝐷𝐶𝑇 + ∑𝐿𝐵𝑃. This combination also addresses a 
limitation of individual descriptors. PCA alone may provide an efficient low-dimensional 
representation but does not explicitly describe local texture. DCT provides frequency information but 
does not directly encode local texture patterns. LBP captures local texture effectively but may have 
difficulty representing larger-scale facial structures when using a small neighbourhood. Feature 
fusion therefore allows the strengths of the three descriptors to complement one another. The 
resulting fused features are used as input to the SVM classifier to make the final decision.  

 
4. Support Vector Machine Classifier 

 
SVMs [50] are classifiers designed to discover the best possible hyperplane separator of the two 

classes. They are extremely efficient in the solution of clustering problems that are non-linearly 
separable. The main concept consists in projecting (through the use of a mapping function φ) the 
input vectors into a new space of higher dimensions where it is possible to find a hyperplane capable 
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of creating a linear separation of the two classes. Practically speaking, however, SVMs make use of 
kernel functions for calculating scalar products in the feature space, without having to specify φ. 
The optimal hyperplane is selected on the basis of its maximum distance from the vectors closest to 
the border of the separator. The classification of a sample x is given by Equation (18). 

 
  𝑓(𝑥) = ∑ 𝛼9I

9J! 𝑦9𝑘(𝑥, 𝑥9) + 𝑏,                                                (18) 
 

where 𝑘	is the kernel function, 𝑥𝑖 are the training samples and 𝑦𝑖 ∈ {−1 + 1} respective class labels, 
αi and b are the model parameters obtained after training. At test time, f(x) was compared to a 
threshold θ. All SVM experiments were processed in the same Matrix Laboratory (MATLAB) 
environment used for the experiments. SVM was implemented using the Ohio State University (OSU) 
SVM Classifier MATLAB Toolbox developed by Ohio State University. Different types of SVM 
(Polynomial kernel), SVM (Multi-Layer Perceptron kernel), SVM (Radial Basis Function kernel), and 
SVM (Linear kernel) are explored in the experiments conducted in this study, based on [9, 3, 6]. 

 
5. Experimental results 

 
In this work, a conventional validation [51] scheme is used to assess the reliability of the 

classification results. The proposed feature vectors are randomly divided into 10 sets, and training is 
repeated 10 times. Specifically, in the Conventional Validation scheme (one training set and one 
testing set), 204 segments (144 normal and 60 pain) were used. Out of the features extracted from 
204 segments, the features extracted from randomly selected 123 segments (60%) were used for 
training, and the features extracted from the remaining 81 segments (40%) were used for testing. All 
the networks were trained and tested using a fusion of PCA, LBP and DCT features. This section 
evaluates the performance of the proposed method for illumination-invariant detection in terms of 
recognition accuracy, specificity, sensitivity and error rate under different noise levels. The accuracy, 
specificity, sensitivity and error are defined by Equations (12), (13), (14) and (15), respectively. 
 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = .KL.I

.KL.ILMKLMI
                                 (12) 

 
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡 = .I

.ILMK
                                                          (13) 

 
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡 = .K

.KLMI
                                               (14) 

 
𝐸𝑟𝑟𝑜𝑟 = MK

MKL.I
                                           (15) 

 
True Positives (TP), True Negatives (TN), False Positives (FP) and False Negatives (FN) 
 
5.1 Accuracy Results    

 
Average accuracy results for the SVM (Polynomial kernel), SVM (MLP kernel), SVM (RBF kernel) 

and SVM (Linear kernel) classifier using the Conventional Validation scheme with fusion features 
analysis are depicted in Fig. 13. Average classification accuracies of normal and pathological infant 
images (pain) are tabulated. Furthermore, the average classification accuracy clearly reveals the 
consistency of the classifier's results. If accuracy is higher, classification results are consistent, and 
this also reveals that the learning parameters of the classifiers affect their performance.  
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Fig. 13. Average Accuracy by Entire Preprocessing method on Different SVM classifiers 
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The entire SVM algorithm is trained with different spread factors, and generalization 
performance is evaluated over 0.5-0.8 and 10-80, respectively. Its effects on the classification 
performance are analyzed. The maximum classification accuracy was highlighted.  

From Fig. 13, the best overall accuracies of 98.01% (OPM at 0.01 noise level), 96.21% (TT at 0.01 
noise level), 96.54% (ASR at 0.01 noise levels), 88.22% (MSR at 0.01 noise level), 87.99% (SSR at 0.01 
noise level), 76.12% (None at 0.01 noise levels) were obtained using SVM (Linear kernel) classifier. 
The best overall accuracies of 99.98% (OPM at 0.01 noise level), 98.53% (TT at 0.01 noise level), 
94.11% (SSR at 0.01 noise level), 93.13% (MSR at 0.05 noise level), 92.64% (ASR at 0.03 noise level), 
88.72% (None) at 0.01 noise levels) were achieved using SVM (Polynomial kernel). 

Additionally, the data revealed that the best overall accuracies of 99.70% (OPM at 0.01 noise 
level), 99.01% (TT at 0.09 noise level), 94.11% (SSR at 0.01 noise level), 93.62% (MSR on 0.05 noise 
level), 92.64% (ASR at 0.03 noise level), 89.70% (None at 0.01 noise level) were obtained using SVM 
(MLP kernel). Using SVM (RBF kernel), the best overall accuracies of 99.97% (OPM at 0.01 noise level), 
99.01% (TT at 0.01 noise level), 95.58% (MSR at 0.01 noise level), 95.10% (SSR at 0.05 noise level), 
95.01% (ASR on 0.03 noise level), 84.80% (None at 0.01 noise level) were attained. 

From the above discussion, it has been observed that this proposed method can provide the most 
discriminating representation of normal and painful infants among other methods. Classification 
accuracies above 98% are achieved for all SVM algorithms. Finally, the experimental results 
demonstrate the strength of the proposed method and its potential to detect a pathological 
condition in an infant from image signals. 
 
5.2 Specificity Results    

 
Specificity Performance results for the SVM (Polynomial kernel), SVM (MLP kernel), SVM (RBF 

kernel) and SVM (Linear kernel) classifier using the Conventional Validation scheme with fusion 
features analysis are depicted in Fig. 14. In particular, the specificity of normal and pathological infant 
images (pain) is tabulated. Specificity refers to a test's ability to correctly identify negative results. As 
such, higher specificity indicates that the proposed method has a low error rate in the classifier 
results. The entire SVM algorithm is trained with different spread factors, and generalization 
performance is evaluated over 0.5-0.8 and 10-80, respectively. Its effects on the classification 
performance are analyzed. The maximum specificity was highlighted.  

From Fig. 14, the best overall specificity of 0.96 (OPM at 0.01 noise level), 0.98 (TT at 0.01 noise 
level), 0.96 (MSR at 0.01 noise level), 0.91 (ASR at 0.01 noise level), 0.85 (SSR on 0.01 noise levels), 
0.85 (None on 0.01 noise levels) was achieved using an SVM (Linear kernel) classifier. Furthermore, 
the best overall specificity of 0.98 (OPM at 0.01 noise level), 0.96 (TT at 0.01 noise level), 0.95 (MSR 
at 0.01 noise level), 0.95 (ASR at 0.05 noise level), 0.90 (None at 0.03 noise level), 0.86 (SSR at 0.01 
noise level) was obtained using SVM (Polynomial kernel). 

Moreover, in the same figure, the best overall specificity of 0.98 (TT at 0.01 noise level), 0.98 
OPM at 0.09 noise level), 0.96 (MSR at 0.01 noise level), 0.91 (ASR at 0.02 noise level), 0.85 (SSR at 
0.01 noise level), 0.85 (None at 0.01 noise level) was attained using SVM (MLP kernel). Overall 
specificity of 0.98 (OPM at 0.01 noise level), 0.96 (TT at 0.01 noise level), 0.95 (MSR at 0.01 noise 
level), 0.95 (ASR at 0.05 noise level), 0.91 (None at 0.03 noise level), 0.87 (SSR at 0.01 noise level) was 
obtained using SVM (RBF kernel). 

Collectively, it can be concluded that this proposed method can provide the most specific 
representation of normal and painful infants among other methods. Specificity values above 0.85 are 
achieved across all SVM algorithms. Overall, the experimental results demonstrate the strength of 
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the proposed method and its potential to detect a pathological condition in an infant from image 
signals. 

 

 
 

Fig. 14. Specificity of the preprocessing methods using different SVM classifiers. 
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5.3 Sensitivity Results    
 
Sensitivity results for the SVM (Polynomial kernel), SVM (MLP kernel), SVM (RBF kernel) and SVM 

(Linear kernel) classifier using the Conventional Validation scheme with fusion features analysis are 
depicted in Fig. 15. Sensitivity of normal and pathological infant images (pain) is illustrated. The 
higher sensitivity clearly reveals the lower error of the classifier results. The entire SVM algorithm is 
trained with different spread factors, and generalization performance is evaluated over 0.5-0.8 and 
10-80, respectively. Its effects on the classification performance were analyzed. The maximum 
sensitivity was highlighted.  

From Fig. 15, the best overall sensitivity of 0.88 (OPM at 0.01 noise level), 0.87 (TT at 0.01 noise 
level), 0.87 (MSR at 0.01 noise level), 0.87 (ASR at 0.01 noise level), 0.80 (SSR at 0.01 noise level), 
0.807 (None at 0.01 noise level) was obtained using an SVM (Linear kernel) classifier. Furthermore, 
the best overall sensitivity of 0.993 (OPM at 0.01 noise level), 0.97 (SSR at 0.01 noise level), 0.96 (TT 
at 0.01 noise level), 0.937 (ASR at 0.05 noise level), 0.91 (MSR at 0.03 noise level), 0.90 (None at 0.01 
noise level) was attained using SVM (Polynomial kernel). 

Additionally, the best overall sensitivity of 0.99 (OPM at 0.01 noise level), 0.99 (TT at 0.01 noise 
level), 0.986 (SSR at 0.01 noise level), 0.958 (MSR at 0.05 noise level), 0.951 (ASR at 0.03 noise level), 
0.82 (None at 0.01 noise level) was obtained using SVM (MLP kernel). Finally, the best overall 
sensitivity of 0.993 (OPM at 0.01 noise level), 0.993 (TT at 0.09 noise level), 0.993 (ASR at 0.01 noise 
level), 0.97 (SSR at 0.02 noise level), 0.923 (MSR at 0.01 noise level), 0.917 (None at 0.01 noise level) 
was achieved using SVM (RBF kernel).  

It can be concluded that this proposed method can provide the most sensitive representation of 
normal and painful infants among other methods. Sensitivities above 0.88 are achieved across all 
SVM algorithms. Overall, the experimental results demonstrate the strength of the proposed method 
and its potential to detect a pathological condition in an infant from image signals. 
 
5.4 Error Results 

 
Error rates for the SVM (Polynomial kernel), SVM (MLP kernel), SVM (RBF kernel), and SVM 

(Linear kernel) classifiers using the Conventional Validation scheme with fusion features analysis are 
tabulated in Table 3. The error rates for normal and pathological infant images (pain) are tabulated. 
The error rate indicates the proportion of incorrect classifications. Notably, lower error rates yield 
more precise classification results, indicating that the classifiers' learning parameters affect their 
performance. The entire SVM algorithm is trained with different spread factors, and generalization 
performance is evaluated over 0.5-0.8 and 10-80, respectively. Its effects on the classification 
performance are analyzed. The minimum error was highlighted.  

From Table 3, the lowest overall error of 0.02 (OPM at 0.01 noise level), 0.05 (TT at 0.05 noise 
level), 0.05 (MSR at 0.05 noise level), 0.05 (ASR at 0.05 noise level), 0.05 (SSR at 0.01 noise level), 
0.07 (None at 0.07 noise level) was obtained using SVM (Linear kernel). 

The lowest overall error of 0.004 (OPM at 0.09 noise level), 0.01 (TT at 0.01 noise level), 0.06 
(MSR at 0.09 noise level), 0.07 (ASR at 0.09 noise level), 0.11 (None at 0.03 noise level), 0.05 (SSR at 
0.01 noise level) was attained using SVM (Polynomial kernel). 
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Fig. 15. Sensitivity Performance by Entire Preprocessing method on Different SVM classifiers 
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Moreover, the lowest error of 0.004 (OPM at 0.01 noise level), 0.01 (TT at 0.07 noise level), 0.06 
(MSR at 0.05 noise level), 0.07 (ASR at 0.05 noise level), 0.11 (None at 0.05 noise level), 0.05 (SSR at 
0.09 noise level) was obtained using SVM (RBF kernel). 
Finally, the lowest overall error of 0.009 (OPM at 0.05 noise level), 0.009 (TT at 0.03 noise level), 0.04 
(MSR at 0.01 noise level), 0.04 (ASR at 0.07 noise level), 0.15 (None at 0.01 noise level), 0.04 (SSR at 
0.01 noise level) was achieved using SVM (MLP kernel). 

Therefore, it can be concluded that this proposed method can provide the lowest error rate 
representation of normal and painful infants, among other methods. The lowest error rate of 0.004 
was achieved with SVM (Polynomial kernel) algorithms. Collectively, the experimental results 
demonstrate the strength of the proposed method and its potential to detect a pathological 
condition in an infant from image signals. 

 
Table 3 
Error Rates Performance by the Entire Preprocessing Method on Different SVM classifiers 

   Classifier Error 
Rates 

  

Pre- 
Processing 

Noise Levels SVM 
(Linear kernel) 

SVM 
(Polynomial 

kernel) 

SVM (RBF 
kernel) 

SVM 
(MLP 

kernel) 
None 0.01 0.08 0.11 0.11 0.15 
 0.03 0.07 0.11 0.11 0.16 
 0.05 0.07 0.11 0.11 0.15 
 0.07 0.07 0.11 0.11 0.16 
 0.09 0.08 0.11 0.12 0.17 
SSR 0.01 0.05 0.06 0.05 0.04 
 0.03 0.06 0.05 0.06 0.05 
 0.05 0.05 0.05 0.06 0.06 
 0.07 0.07 0.06 0.06 0.06 
 0.09 0.07 0.06 0.05 0.06 
MSR 0.01 0.06 0.08 0.08 0.04 
 0.03 0.06 0.08 0.07 0.05 
 0.05 0.05 0.06 0.06 0.05 
 0.07 0.07 0.08 0.06 0.05 
 0.09 0.06 0.06 0.07 0.05 
ASR 0.01 0.05 0.08 0.08 0.05 
 0.03 0.05 0.07 0.08 0.05 
 0.05 0.06 0.08 0.07 0.05 
 0.07 0.06 0.09 0.08 0.04 
 0.09 0.05 0.07 0.07 0.05 
TT 0.01 0.06 0.01 0.01 0.01 
 0.03 0.06 0.01 0.01 0.009 
 0.05 0.05 0.01 0.01 0.009 
 0.07 0.07 0.01 0.01 0.009 
 0.09 0.06 0.01 0.009 0.009 
OPM 0.01 0.02 0.004 0.004 0.009 
 0.03 0.04 0.004 0.004 0.009 
 0.05 0.07 0.009 0.004 0.009 
 0.07 0.07 0.004 0.004 0.009 
 0.09 0.08 0.004 0.004 0.009 
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6. Conclusion  
 
This study addressed the problem of automated infant pain detection from facial images under 

varying image-quality conditions, with particular emphasis on illumination variation and noise. The 
main research gap addressed was the limited attention given to image preprocessing in infant pain 
recognition. Rather than treating preprocessing as a preliminary image-enhancement step, the study 
investigated preprocessing as an important component of the overall recognition process. The 
proposed framework combined histogram remapping, Adaptive Single Scale Retinex (ASR), gamma 
correction, and contrast equalization to improve image consistency, reduce illumination-related 
variations, and enhance facial information before feature extraction. 

The findings demonstrate that preprocessing has a substantial influence on the quality of the 
subsequent facial representation. The proposed preprocessing method produced more 
discriminative representations than the compared preprocessing conditions, particularly when the 
images were affected by noise. This finding supports the central premise of the study that reliable 
automated infant pain recognition depends not only on the classifier but also on the quality and 
stability of the visual information supplied to the classifier. The proposed method achieved maximum 
classification accuracies of 99.98% using the Polynomial SVM, 99.97% using the RBF SVM, 99.70% 
using the MLP SVM, and 98.01% using the Linear SVM. 

The feature-fusion results further indicate the importance of combining complementary 
representations. PCA, DCT, and LBP describe different properties of the processed facial images. PCA 
provides a compact representation of dominant image variations, DCT captures spatial-frequency 
information through its energy-compaction property, and LBP represents local facial texture and 
spatial patterns. Their fusion therefore provides a broader description of infant facial pain cues than 
a single feature representation. The statistical analysis under different noise levels also supported 
the suitability of all three feature types for inclusion in the fused representation. 
An important finding is that preprocessing and feature fusion should be considered as interconnected 
stages rather than independent components. Preprocessing reduces unwanted variation caused by 
illumination and noise, thereby producing a more consistent facial representation. PCA, DCT, and LBP 
then exploit this improved representation from complementary perspectives. The sum-rule fusion 
integrates these representations before classification, allowing the SVM to make its decision from a 
more comprehensive feature space. 

The classification results provide further evidence of the effectiveness of this integrated 
approach. The proposed method achieved a maximum specificity of 0.98 using the Polynomial SVM. 
and sensitivity values of up to 0.993 for Polynomial SVM and RBF SVM.  

This demonstrates its ability to distinguish between pain and non-pain images while maintaining 
a high pain-detection rate. The lowest reported classification error was 0.004 using the Polynomial 
and RBF SVM configurations. This suggests that the fused feature representation contains sufficiently 
discriminative information to support high-performance nonlinear classification. However, the 
results should be interpreted within the experimental conditions of this study rather than as evidence 
of clinical readiness. The experiments were conducted using the Infant COPE database and 
conventional validation, and the study itself recognizes the need for evaluation using larger samples. 
Overall, the research demonstrates that robust infant pain recognition requires attention to the 
complete processing pipeline, from image enhancement to feature representation and classification. 
The principal contribution is the integration of a noise- and illumination-oriented preprocessing 
framework with complementary PCA, DCT, and LBP feature fusion for automated infant pain 
classification. The results show that improving the quality of the input representation and combining 
complementary feature information can substantially enhance recognition performance. 
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Nevertheless, further research is required to determine whether the proposed representation 
remains reliable under larger and more diverse infant populations, uncontrolled lighting conditions, 
and more realistic clinical environments. Future work should therefore investigate additional 
preprocessing and feature-extraction techniques, hybrid classifiers, unstructured illumination 
conditions, and larger datasets to establish a more generalizable and clinically robust automated 
infant pain detection system. 
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