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ABSTRACT

The classification of thermal images has found significant applications across various
fields, including the analysis of facial thermal images. This study introduces a novel
approach to classifying thermal facial images of children with Autism Spectrum Disorder
(ASD), a neurological condition affecting communication and social interaction. Current
diagnostic methods for ASD are primarily reliant on human expertise and lack definitive
biological markers. Early diagnosis of ASD is crucial as it can lead to more effective
interventions, improving the quality of life for affected children. This research leverages
deep learning, particularly Convolutional Neural Networks (CNNs) with transfer learning,
to explore thermal imaging as a non-invasive diagnostic tool. Using the ResNet
architecture (ResNet-18, ResNet-34, and ResNet-50), the study aims to develop a robust
classification model for ASD detection. The methodology involves training models with
identical parameters: 100 epochs, batch size of 2, Stochastic Gradient Descent (SGD)
optimizer, cross-entropy loss, learning rate of 0.001, and momentum of 0.9. The
experimental results demonstrate high classification accuracy: 97.22% for ResNet-18,
99.22% for ResNet-34, and 99.41% for ResNet-50, indicating that ResNet-50 achieves
the best performance. These findings highlight the potential of thermal imaging combined
with deep learning to support early ASD diagnosis, contributing to advancements in non-
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invasive medical imaging technologies.

1. INTRODUCTION
Autism spectrum disorder (ASD) is a neurological
disorder that severely interferes with communication skills
necessary for daily life. People with ASD often have
difficulty in  social situations. Most of the
neurophysiological symptoms of ASD are known to
medical professionals, but there are no biological markers
or pathological techniques that can definitively diagnose
autism. [1]. Diagnostic methods that are often used are
interviews, Autism Diagnostic Observation Schedule
(ADOS), and Autism Diagnostic Interview-Revised (ADI-
R) [2]. The diagnostic results of these methods will
depend on the doctor and the accuracy of the information
provided by the patient or parents. However, they are very
reliable. Human error can reduce the accuracy of these
procedures. Recent advances in Atrtificial Intelligence
have led to advanced medical diagnosis systems. Al can
improve the accuracy and efficiency of medical diagnoses
by providing doctors with valuable information and
insights that can help make decisions faster and more
precise [3].

Diagnosis at a very early age can improve outcomes
significantly, and scientific evidence shows that ASD
children who receive medical treatment before the age of

four have a higher average IQ (compared to the typical 1Q
values of ASD children) [4]. Accurate and early diagnosis
of autism spectrum disorder (ASD) is essential to facilitate
timely intervention and provide individualized care for
affected individuals. Rapid advances in deep learning
techniques in recent years have ushered in a new era of
medical image analysis, particularly in ASD detection
using facial images [4]. Early screening of ASD from facial
images can provide significant benefits using
convolutional neural network (CNN) models with transfer
learning approaches [5-6].

Use thermal imaging as a passive medium to analyze
physiological signals related to affective states
unobtrusively. The study hypothesizes that the impact of
changes in skin temperature is due to pulsating blood flow
in the blood vessels in the front area of the face of autistic
children [7]. Classification system comparing the facial
skin temperature of autistic and non-autistic children
using thermal imaging on various emotions using ReNet-
50 with an accuracy of 90% [8]. CNN-based ASD face
image classification with an accuracy of 94.6% [9]. The
ResNet-50 architecture for the classification of thermal
images of autistic children with accuracy results of 89.2%
[10].
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Previous research [11] developed a deep-learning
model to classify the faces of autistic children using
thermal images. The purpose of this study is to analyze
and compare the performance of various deep learning
architectures in image classification systems, especially
in identifying patterns in certain data. This study also aims
to provide a benchmark with consistent training
parameters, so that it can be a reference for model
development and future research.

This research contributes to the field by developing a
classification system using ResNet-18, ResNet-34, and
ResNet-50 architectures with standardized training
parameters, such as 100 epochs, a batch size of 2, SGD
optimizer, cross-entropy loss, a learning rate of 0.001, and
a momentum of 0.9. Additionally, it provides a
comparative analysis of the accuracy testing results
among the three architectures to assess their
performance in the classification task.

2. METHOD

This study focuses on classifying two classes: thermal
facial images of normal and autistic children, aiming to
support non-invasive ASD diagnosis through deep
learning.

A. Autism Spectrum Disorder (ASD)

The term “autism” was initially introduced to describe
behavioral symptoms in schizophrenia patients.
Psychiatrist Dr. Leo Kanner and pediatrician Dr. Hans
Asperger coined the term autism in the 1940s to introduce
a syndrome in children with behavioral disorders,
differences in social interaction and communication.
Currently, the umbrella term “autism spectrum disorders”
(ASD) is used to describe a clinically heterogeneous
group of neurodevelopmental disorders that share
common behavioral core features that affect social
communication and include restrictive and repetitive
stereotyped behavioral patterns and interests [12].

Early diagnosis of autism spectrum disorder (ASD) is
essential and beneficial for early planning and treatment
of special education, provision of family support, and
providing appropriate medical care to the child promptly
[13]. In general, the available modalities for diagnosing
affective states for ASD are divided into three categories,
namely behavioral responses, physical reactions, and
physiological signals. Behavioral responses are usually
measured through engagement or body language toward
activities, while physical reactions are demonstrated
through facial expressions and speech [7].

B. Thermal Images

Thermal imaging has been at the forefront of affective
computing research. Image-based techniques appear to
be influenced by lighting, the subject's skin color,
brightness, etc., but thermal image-based processes
address all this [14]. Compared with conventional visual

imaging systems or cameras, thermal imaging systems
can detect and measure the temperature of objects
produced by thermal images more accurately. Therefore,
monitoring human body temperature identifies heat
sources effectively to deliver consistent image quality [11].
The data for this study was sourced from previous
research [11], where ethical considerations were
addressed through the use of a Consent Form, ensuring
compliance with ethical guidelines for research involving
human subject

C. Convolutional Neural Network

CNN is one of the most well-known deep learning
algorithms widely used to process data. Many layers are
trained in an excellent way [15], [16], [17]. The CNN layers
are convolutional and pooling, followed by fully connected
layers. The basic structure of CNN is like Fig. 2.

Based on Fig. 2, the input image classification process
will go through several stages, namely the convolution,
pooling, and fully connected layers [18]. At each stage, it
has a different approach. Convolution is the first layer that
takes the input image, pooling to reduce the dimensions
of the input image, a fully connected layer that will perform
the classification [19].

a) Convolution Operation
The convolution operation is the core of CNN. In the
convolutional layer (Eq. (1)),, features are extracted by
sliding a filter kernel over the input feature map. The
convolution operation can be expressed as:

W = S h D @wl + b5 (1)
The output of the j-th feature map in the n -th hidden layer,
denoted as h}"), is obtained by applying a 2D convulation

(®) operation between the input feature map h,({"'l) from
the (n— 1)-th layer and the weights ngl) of the k-th
channel in the j-th feature map of the n -th layer. This
operation is followed by adding the corresponding bias
term by

b) Pooling Layer

The pooling layer (Eq. (2)) is used to reduce the
dimensionality of data, preserve significant features, and
prevent overfitting. The pooling operation can be
described as:

h}pooz) = Pooling(h}")) (2)
The pooling operation, denoted as h}po‘”) is applied to the
output of the j-th feature map in the n -th hidden layer,
hf"), as represented in Equation (2). This operation,
referred to as pooling, serves to reduce the spatial
dimensions of the feature map while retaining the most
important information. Depending on the specific
application or design choice, the pooling method can be
either max-pooling, which selects the maximum value
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within a defined region, or average-pooling, which
calculates the average value within the same region. Both
approaches aim to achieve dimensionality reduction and
improve computational efficiency.

c) Activation Function
After the convolution or pooling operation, an activation
function (Eq. (3)), such as RelLU f(x) = max(0,x), is
applied to introduce non-linearity:

a™ = f (h{) (3)
The activation of the j-th feature map in the n -th hidden

layer, denoted as a@, is obtained by applying an

]
activation function f to the corresponding output h}")of the

same layer. The activation function f introduces non-
linearity into the network, enabling it to learn and model
complex patterns and relationships within the data.
Common activation functions include RelLU (Rectified
Linear Unit), sigmoid, and tanh, each serving specific
purposes depending on the architecture and
requirements of the neural network. This process ensures
that the neural network can generalize and perform
effectively on tasks such as classification, regression, or
feature extraction.

d) Loss Function
To train CNNs, the primary goal is to minimize the loss.
One commonly used loss function is the cross-entropy
loss:

E= ——%m 55,y log(3{) (4)
The loss function E, as expressed in Equation (4),
represents the cross-entropy loss used to evaluate the
performance of a classification model. It is calculated as
the negative average over all training samples, denoted
by m, and classes, represented by C. For each data
sample i and class c, the true label is denoted by yi(c), 91@
represents the predicted probability of the model
assigning the sample to class c¢. The logarithmic term

log(ygc)) penalizes incorrect predictions more heavily,

ensuring that the model prioritizes learning accurate
probabilities. This loss function is widely used in multi-
class classification problems due to its effectiveness in
training models to output meaningful probability
distributions.

e) Softmax for Class Probabilities
At the output layer, the softmax function (Eq. (5)) is used
to generate probabilities for each class:

_ _ _exXp(Z9)
Piy=cly = 25 (5)

The probability of a sample belonging to class c, given its
features x, denoted as P(y = c|x), is calculated using the
softmax function, as shown in Equation (5). This is
computed by taking the exponential of the logit score for

class c, z., and ividing it by the sum of the exponentials of
the logit scores for all classes j from 1 to C, where C
represents the total number of classes. The softmax
function ensures that the output probabilities for all
classes sum to 1, making it a suitable choice for multi-
class classification tasks.

D. Residual Network

Residual Network architecture or abbreviated as ResNet
is a type of pre-trained neural network learning that is
efficient and accurate. ResNet-18 is a model consisting of
18 convolutional layers and several other layers, including
a batch normalization layer and a ReLU activation layer.
On the other hand, ResNet-34 has 34 convolutional layers
with a deeper structure. This makes ResNet-34 more
complex than ResNet-18 and perhaps better able to
handle more complex tasks. [20].

ResNet-50 ResNet-50 is one of the largest models,
with 50 convolutional layers. This model incorporates
deeper and more complex residual blocks, making it
easier to extract complex features. ResNet-101 is a larger
model, with 101 layers, making it deeper and more
powerful in handling very complex recognition tasks.
Although it has more parameters [21]. The residual
architecture in ResNet is represented as:

y=F(x)+x (6)
In Equation (6), the output y is calculated by adding the
input x to the transformation F (x). Here, x represents the
input to the operation, while F (x) is a transformation that
can involve operations such as convolution, batch
normalization, or the RelLU activation function. This
approach, often referred to as a residual connection or
shortcut connection, combines the transformed input with
the original input. It helps preserve information from
earlier layers and improves the flow of gradients during
backpropagation, making it particularly effective in deep
neural networks.

ResNet has different parameter values, ResNet-18
usually contains around 11-12 million parameters, and
ResNet-34 around 21-22 million parameters. ResNet-50
has 25-26 million parameters and ResNet-101 has
around 44-45 million parameters. The number of different
parameters will result in longer training and greater
computing resources [21].

The initial difference that can be seen is that ResNet-
18 and ResNet-34 have the first and second blocks of two
consecutive convolution layers with a kernel size of 3x3
and an output of 64 channels, compared to ResNet-50
and ResNet-101. The first block starts with 1x1
convolution which produces 64 channels, then followed
by 3x3 convolution with 64 channels, and finally followed
again by 1x1 convolution which produces 256 channels.
The second and subsequent blocks in ResNet-50 also
follow this pattern, namely using 1x1 convolution to
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reduce the number of channels, then 3x3 convolution with
64 channels, and ending with 1x1 convolution which
increases the number of channels [8], [20], [22], [23], [24],
[25], [26],[27], [28], [29].

E. Evaluation Of Metrics

Evaluation of metric values is obtained from the confusion
matrix values. In the confusion matrix, there is a True
Positive (TP) value which refers to the amount of positive
data and positive predictions, and False Positive (FP)
refers to the amount of positive data but negative
predictions. True Negative (TN) refers to the amount of
negative data and negative predictions, and False
Negative (FN) refers to the amount of negative data, but
positive predictions [30]. The equation for each ratio
measure can be calculated mathematically as follows
[31]. Accuracy (Eq. (7)) represents the proportion of
correctly predicted instances (true positives and true
negatives) out of the total number of instances.

. _meeTn
a) Accuracy: TP+TN+FP+FN 1)

Accuracy is a metric used to evaluate the performance of
a classification model. It is calculated by dividing the total
number of correct predictions (true positives TP and true
negatives TN) by the total number of predictions, which
includes true positives (TP), and true negatives (TN),
false positives (FP), and false negatives (FN). In simple
terms, accuracy measures the proportion of correctly
classified instances out of all instances and is commonly
expressed as a percentage.

Precision (Eq. (8)) measures the proportion of
correctly predicted positive instances (true positives) out
of all instances predicted as positive.

b) Precision: e (8)

TP+FP

Precision measures the accuracy of positive predictions
made by a classification model. It is calculated as the ratio
of true positives (TP) to the total predicted positives,
which includes both true positives (TP) and false positives
(FP). In other words, precision indicates how many of the
predicted positive results are actually correct.

Sensitivity (Recall) (Eq. (9)) indicates the proportion of
correctly identified positive instances (true positives) out
of the total actual positives.

c) Sensitivity: s (9)

TP+FN

Sensitivity, also known as recall or true positive rate,
measures the model's ability to correctly identify positive
cases. It is calculated as the ratio of true positives (TP) to
the total actual positives, which includes both true
positives (TP) and false negatives (FN). Sensitivity
indicates how well the model detects positive instances.
Specificity (Eqg. (10)) quantifies the proportion of correctly
identified negative instances (true negatives) out of the
total actual negatives.

TN

d) Specificity: 7 (10)
Specificity measures a model's ability to correctly identify
negative cases. It is calculated as the ratio of true
negatives (TN) to the total actual negatives, which
includes both true negatives (TN) and false positives

(FP). Specificity indicates how well the model avoids
incorrectly labeling negative instances as positive.

3. RESULTS
A. Training Model
In previous research [11] the data only used a

conventional CNN architecture; therefore, this research
will carry out model training using CNN architectures
ResNet-18, ResNet-34 and ResNet-50. The following is
the framework that will be implemented in this study.
Several vital parameters have been determined for the
training process in the implemented ResNet model. The
training was conducted over 100 epochs, with each epoch
covering an iteration through the entire training data set.
The batch size is set at 2, indicating that the model
updates its weights every two data samples, allowing for
more responsive and adaptive updates to data variations.
As a loss function, Cross-entropy is used, which is
generally effective in classification tasks. The optimizer
applied is SGD (Stochastic Gradient Descent), with a
learning rate of 0.001 and momentum of 0.9. Momentum
aims to increase convergence speed and help overcome
fluctuations in learning rate. A softmax activation function
is also used, which is essential in generating the desired
class output probability. With this parameter configuration,
the ResNet model is expected to be able to learn data
patterns well and produce accurate class predictions.

At this stage, model training is carried out from
previously designed models (transfer learning). The
training process is learning from data, therefore the better
the training data, the better the model performance will
be. In this research, 100 epochs are used, each epoch will
perform an iteration according to the total train data and
batch size value. The total train data is 2,040 images and
the batch size value is 2, then the iteration value will be
1,020, meaning that in one epoch the weights will be
updated 1,020 times.

In evaluating the model's performance for autism
identification, the confusion matrix provides a detailed
description of the classification results between the two
main classes, namely positive (autistic) and negative
(normal). True Positive (TP) reflects how well the model
recognizes autistic cases, while True Negative (TN)
measures the model's ability to identify normal instances
correctly. False Positive (FP) reflects an error in
classifying normal cases as autistic, while False Negative
(FN) demonstrates an error in classifying autistic cases as
normal. With a deep understanding of this confusion
matrix, we can evaluate the extent to which the model can
differentiate between the two classes and identify areas
where misclassification may occur. Thus, the confusion
matrix helps inform the development and improvement of
models to increase the accuracy of autism case
identification.

B. ResNet-18 Training
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ResNet-18 has a total of 18 main layers. Suitable for
common tasks in computer vision with lower
computational requirements. Consists of 18 layers,
including convolution, batch normalization, Relu, max
pooling, and classifier layers. Uses a basic residual block
consisting of 2 3x3 convolution layers in one block. Lighter
and faster in terms of computing. Complete training
process in 110m 17s, training graph in Fig. 1 (a) ResNet-
18. Fig. 1 (a) ResNet-18 displays the training graph using
ResNet-18. It can be seen that the train graph value was
very good, reaching 1, however, during data validation,
the average value was 0.8, so it was stated that this
training was still not good. In the context of autism
identification, positive results (TP = 0.9804) indicate the
accuracy of the system in recognizing autistic conditions,
providing a positive impact on early detection efforts.
Meanwhile, the negative result (TN = 0.9647) in the
normal group shows the model's ability to identify
individuals without autism with a high level of accuracy.
However, there were also false positives (FP = 0.0196)
and false negatives (FN = 0.0353), which indicated errors
in classifying several cases. Despite this, the overall
accuracy of the model reached 97.25%, reflecting a
significant success rate in the recognition of autism and
normals by minimizing classification errors.

C. ResNet-34 Training

ResNet-34 is an expansion of ResNet-18 by adding more
residual blocks. Deeper residue block structure with
multiple residue blocks. Complete training results in 170m
58s, training graph in Fig. 1 (b) ResNet-34.

Fig. 1 (b) ResNet-34 displays the training graph using
ResNet-34, it can be seen that the train graph value is
better than ResNet-18, the data validation value has
reached 0.9. In the ResNet34 implementation, positive
results (TP = 0.9922) and negative results (TN = 0.9922)
show excellent ability to classify both classes accurately.
The low false positive (FP = 0.0078) and false negative
(FN =0.0078) rates indicate minimal errors in recognizing
positive and negative classes. With an overall accuracy of
99.22%, the ResNet34 model can be considered a very
reliable and effective model in a given classification task,
providing high certainty in determining classification
results.

D. ResNet-50 Training

ResNet-50 Uses more complex residue blocks. with a
bottleneck residue block structure, which allows to learn
richer and deeper feature-representations. Training
completes in 227m 28s, training graph in Fig. 1 (c)
ResNet-50. Fig. 1 (c) ResNet-50 displays the training
graph using ResNet-50, it can be seen that the train graph
value is better than ResNet-18 and ResNet-34, and the
average validation value reaches 0.9. In the case of using
ResNet50, the positive results (TP = 0.9882) and negative
results (TN = 1.000) show a very high level of accuracy in
recognizing positive and negative classes. This model
can avoid classification errors with minimal false positives
(FP =0.0118) and false negatives (FN = 0.0). The overall

accuracy reached 0.9941, reflecting the reliability and
effectiveness of the ResNet50 model in the given
classification task. This high level of accuracy provides
strong confidence in the use of this model for identification
and classification purposes.

Table 1. summarizing the results from the three confusion matrices for
ResNet-18, ResNet-34, and ResNet-50

TP (Autism . TN (Non- |FP (Non-
Model ( : N (Autism) A(utism) Athism)
ResNet-18 98.04% 1.96% 96.47% 3.53%
ResNet-34 99.22% 0.78% 99.22% 0.78%
ResNet-50 99.82% 1.18% 100% 0.00%

Table 1 presents The confusion matrices shown above
illustrate the classification performance for ResNet-18,
ResNet-34, and ResNet-50 models in distinguishing
between autistic and non-autistic children.

From the three confusion matrix values, metric
evaluation can be calculated, in this study using the
Sensitivity and Specificity values, which can be seen in
Table 2.

Table 2. Performance Comparison Of Several Method

Parameters ResNet-18 | ResNet-34 | ResNet-50
Accuracy 97.25% 99.22% 99.41%
Precision 98.04% 99.22% 98.82%
Sensitivity 96.52% 99.22% 100%
Specificity 98.80% 99.22% 98.88%

Table 2 presents the results of the evaluation metrics, with
information on the comparison values of accuracy,
sensitivity, and specificity of the three architectures,
namely ResNet-18, ResNet-34, and ResNet-50. In
ResNet-18 the highest value is specificity 98.80%.
ResNet-34 obtained 99.22% in all comparisons of
accuracy, sensitivity, and specificity, and ResNet-50 had
a value of 100% in sensitivity.

4. DISCUSSION

This graph of model training results provides valuable
insight into model performance during the training
process. The blue line representing train accuracy shows
the extent to which the model could correctly predict the
training data across various epochs. If the blue line
continues to increase, the model will effectively learn from
the training data. Meanwhile, the orange line representing
validation accuracy shows how much the model can
generalize and predict data that has never been seen
before. Ideally, we would like to see an increase in both
lines over time, indicating that the model can understand
general patterns and not just memorize the training data.
However, if train accuracy continues to increase while
validation accuracy slows, it could indicate overfitting,
where the model is too specific for the training data.
Therefore, monitoring changes in both lines along the
epoch axis helps in assessing the performance and
generalization ability of the model, as well as providing
information on when the training process should be
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stopped to avoid overfitting.

difference between the two accuracies, this could indicate
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Fig. 1. Train Accuracy and Validation Accuracy Result Curves, (a) ResNet-18, (b) ResNet-34, (c) ResNet-50

Fig. 1 (a) ResNet-18 depicts the model's performance
during the training process, which has several unique
characteristics. A stable blue line at 1 indicates that the
model achieved complete accuracy on the training data.
This suggests that the model can perfectly predict and fit
the training set, but it is essential to note whether this is a
sign of overfitting to the training data. Meanwhile, the
orange line, which is above 0.85 but does not reach 0.9,
indicates that the model can provide relatively accurate
predictions on validation data but only partially reaches
the desired level of accuracy (0.9 or more). Model
evaluation needs to pay attention to the difference
between train accuracy and validation accuracy. If these
two lines develop simultaneously, the model properly
understands the data patterns and can generalize well to
never-before-seen data. However, if there is a significant

overfitting.

Fig. 1 (b) ResNet-34 depicts a model with specific
characteristics that must be considered. The stability of
the blue line at a value of one indicates that the model can
achieve complete accuracy on the training data, which
means that the model can learn and adapt well to the
data. However, it is worth noting that absolute accuracy
on the training data may show signs of overfitting, where
the model over-understands specific training data
patterns and may need to be more capable of generalizing
to new data. The orange line, which varies at values 0.85,
0.9, 0.95, and even touches the number 1, shows
fluctuations in validation accuracy. Although these
fluctuations may reflect natural variations in model
performance, the frequent presence of values above 0.85
at certain epochs indicates more consistent variation. This
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can mean a point where the model may have difficulty
generalizing or face specific challenges in validation data.
Fig. 1 (c) ResNet-50 depicts the model with the blue line
stable at a value of one, indicating that the model can
obtain complete accuracy on the training data. However,
the difference in the behavior of the orange line (validation
accuracy) compared to ResNet-34, with variations in
values of 0.085, 0.9, 0.95, and even touching the number
1, is interesting to note.

This comparison may reflect the characteristic
differences between ResNet-50 and ResNet-34 in the
generalization ability and adaptation of the model to
validation data. If the orange line on the ResNet-50 graph
is often above the value 0.95, this could indicate that
ResNet-50 may be more easily affected by variations in
the validation set or has a higher level of sensitivity to
changes in the validation data. To understand these
differences further, it can be helpful to perform further
analysis on the specifications, such as the model
configuration, the number of parameters, or the way the
training and validation data are processed. Evaluation of
these differences can help better understand each
model's characteristics and guide corrective or
enhancement measures that may be necessary,
depending on the specific goals and needs of the
classification task at hand.

Of the three architectures used, ResNet-50 has high
accuracy results, one of the reasons being that ResNet-
50 has a deeper network than the previous ResNet.
Figure 2 displays a representative comparison of thermal
images for autism and non-autism. In Fig. 2 (a), with
actual autistic data input, the model produces predictions
with high confidence. The first prediction shows the
autistic label with a probability of 99.9993%, while the
second prediction shows the normal label with a very low
likelihood, only 0.0001%. A similar thing can be seen in
Figure 2 (b) with actual normal data input, where the first
prediction shows a normal label with a confidence level of
99.9979%, and the second prediction shows an autistic
label with a very low probability, only 0.021%. Notably,
these percentages come from the softmax function, which
maps the model output into a probability distribution for
each class. Therefore, the highest probability value is
taken as the class prediction produced by the model.
These results reflect the confidence level of the ResNet-
50 model in classifying test data, and the high probability
of the central prediction shows the model's ability to
provide very confident predictions.

In this section, we present the classification results of
thermal facial images using three ResNet architectures.
Table 1 presents The confusion matrices ResNet-18,
ResNet-34, and ResNet-50. The evaluation metrics,
including accuracy and misclassification rate, were
derived from the corresponding confusion matrices for
each model.

The confusion matrix for ResNet-18 shows that the
model achieves an accuracy of 97.25%, with a
misclassification rate of 2.75%. It correctly classifies
98.04% of autistic children and 96.47% of non-autistic

children, but misclassifies 3.53% of non-autistic children
as autistic and 1.96% of autistic children as non-autistic.

For ResNet-34, the model demonstrates improved
performance, with an accuracy of 99.22% and a lower
misclassification rate of 0.78%. The true positive rates are
99.22% for autistic children and 99.22% for non-autistic
children, with very minimal misclassification between the
two classes.

The confusion matrix for ResNet-50 highlights its
superior classification capability, achieving an accuracy of
99.41% and the lowest misclassification rate of 0.59%. It
perfectly classifies all non-autistic children (100%), while
it slightly misclassifies 1.18% of autistic children as non-
autistic.

Actual : Autis
Prediction 1 : autis ,
Prediction 2 :

0

Score: 99.9993%

normal , Score: ©.0807%

50

100

150

200

0 50 100 150 200 250

(@)

Score: 99.9979%
Score: 0.0021%

Actual : Normal
Prediction 1 : normal ,
Prediction 2 : autis ,

Figure 2. Comparison of testing accuracy of thermal images of
children’s faces, (a) autism, (b) non-autism

In this section, we present the classification results of
thermal facial images using three ResNet architectures.
Table 1 presents The confusion matrices ResNet-18,
ResNet-34, and ResNet-50. The evaluation metrics,
including accuracy and misclassification rate, were
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derived from the corresponding confusion matrices for
each model.

The confusion matrix for ResNet-18 shows that the
model achieves an accuracy of 97.25%, with a
misclassification rate of 2.75%. It correctly classifies
98.04% of autistic children and 96.47% of non-autistic
children, but misclassifies 3.53% of non-autistic children
as autistic and 1.96% of autistic children as non-autistic.

For ResNet-34, the model demonstrates improved
performance, with an accuracy of 99.22% and a lower
misclassification rate of 0.78%. The true positive rates are
99.22% for autistic children and 99.22% for non-autistic
children, with very minimal misclassification between the
two classes.

The confusion matrix for ResNet-50 highlights its
superior classification capability, achieving an accuracy of
99.41% and the lowest misclassification rate of 0.59%. It
perfectly classifies all non-autistic children (100%), while
it slightly misclassifies 1.18% of autistic children as non-
autistic.

Table 3. Performance Comparison Of Several Method

Ref Method Accuracy
[7] Customized 96%
Neural Network
Customized
9 Neural Network 95%
[10] Convolutional 98%
Neural Network
This Research ResNet-50 99.41%

Table 3 presents the comparative values of accuracy
testing parameters from other similar studies using
thermal images of the faces of children with autism and
non-autism. Research [8] using a Customized Neural
Network architecture obtained an accuracy value of 96%,
while research [11] using a CNN architecture obtained an
accuracy value of 998%. This research obtained a
superior score of 99.41% using the ResNet-50
architecture.

However, this study has some limitations. The dataset
used is relatively small, which could affect the
generalizability of the model. A larger, more diverse
dataset would help the model perform better in real-world
applications. Moreover, overfitting may still be a concern,
particularly for deeper models like ResNet-50, even with
regularization techniques such as dropout. Another
limitation is the absence of behavioral or clinical data that
could provide a more comprehensive view of ASD
characteristics, which might further enhance classification
performance.

The implications of this study are significant for non-
invasive autism detection. The high accuracy of ResNet-
50 indicates that thermal facial imaging could be a
powerful tool for early autism diagnosis, especially in
settings where traditional diagnostic methods (e.g.,
behavioral analysis) are not readily available or feasible.
Future research should focus on increasing the dataset
size and diversity, incorporating additional clinical and
behavioral data, and exploring other deep learning

models to improve the robustness of the system. These
steps will ensure that the model can be effectively used in
clinical practice, aiding in the early detection of autism and
potentially reducing diagnostic delays.

5. CONCLUSION

This research uses the dataset [11] to carry out data
training using the ResNet-18, ResNet-34, and ResNet-50
architectures using the same training parameters, namely
epoch 100, batch size 2, SGD, Cross-entropy, learning
rate 0.001, momentum 0.9. The length of training time
varies, namely ResNet-18 110m 17s, ResNet-34 170m
58s, ResNet-50 227m 28s with final comparison values of
testing accuracy 97.22%, 99.22%, and 99.41%.

Further research of this study is an opportunity to
compare with other facial thermal datasets of autism and
normal children, the application of various CNN
architectures, and changing the hyperparameter value to
get better accuracy. It is also hoped that further research
can apply to a mobile application so that it can be one of
the doctor's aids in deciding the results of autism and
typical diagnoses.
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