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ABSTRACT

In computer vision tasks, convolutional networks are at the core. However, tradi-
tional CNN, including the Xception model, focuses on extracting spatial information
while giving equal importance to all channels within a local receptive field and
fails to capture long-range dependencies, which cause performance degradation,
and this model overfits and memorizes noise on small datasets due to its capacity.
This observation leads to the proposal of a channel-wise attention-based Xcep-
tion architecture to improve the performance. The model was then used on an
ASD-specific data set to recognize their emotions through facial expressions. The
analysis shows that, this model outperforms, achieving macro precision of 96.60%,
macro recall of 96.57%, macro F1-score of 96.58% and macro-AUC 99.89%. Thus, the
proposed channel-wise attention-based Xception architecture is very robust, and
it can perfectly distinguish all the emotions. Finally, an application was proposed
utilizing this architecture through which caregivers or parents can recognize ASD
children’s emotions.

Keywords: class-wise attention, Xception, autism spectrum disorder, facial emotion,
ASD
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Chapter 1

Introduction

For feature extraction of computer vision tasks and to invent more accurate AI
systems, the majority of authors applied hands-on feature extraction methods such
as local binary pattern (LBP), Gabor filter) Debnath et al. (2022), Z. Wang et al.
(2021), sparse learning Talaat et al. (2024), etc. However, for feature extraction, CNN
is most promising Niu et al. (2020) and attained excellent outcomes. Nevertheless,
traditional CNN, including Xception architecture, mostly focuses on local receptive
fields, giving equal importance to all channels. A significant challenge in Xception
is that, unlike spatial features, it does not explicitly consider which channels carry
more critical information. Furthermore, this model focuses on local receptive fields
and, as a result, fails to capture long-range dependencies. This could be mitigated
through attention mechanisms Vaswani et al. (2017) Woo et al. (2018).

Building on this, several researchers have increasingly adopted attention mecha-
nisms in various CNN architectures for computer vision tasks like facial emotion
recognition (FER) Rajan et al. (2022) Zhuang et al. (2022) Y. Zhang et al. (2022)
Huang et al. (2023). Also, Mao et al. (2024) introduced a window-based attention
mechanism, Z. Wang et al. (2021) applied an attention branch, and Le et al. (2023)
Kortli et al. (2020) applied a self-attention mechanism for both global and local
feature extraction. Even for the FER task Talaat et al. (2024) used the Xception model,
which reached almost 95.23% accuracy after applying an attention mechanism, but
with not unsatisfactory AUC and F1-score, and overfitted as the model is heavy
and the dataset is small.
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Recognizing these limitations becomes even more critical when focusing on
sensitive applications such as facial emotion recognition for children with Autism
Spectrum Disorder (ASD) due to poor facial expression. As a result, people cannot
recognize the emotions of children with ASD and cannot meet their needs or provide
proper treatment. In the human-computer interaction (HCI) field, FER has been ap-
plied in areas like medical treatment, psychological analysis, etc. However, in ASD
children, extracting critical facial features is more important, and this area needs
more attention to assist caregivers or therapists directly. Because the performance
of the existing models is far from satisfactory. This urged us to work on this research.

Since in computer vision for FER tasks, the attention mechanism has been proven
very effective, and the Xception model gives better performance compared to other
traditional classification models due to the depthwise separable convolutional
power but overfits and fails to capture long-term dependencies, to mitigate these
problems, this paper presents an Channel-wise attention mechanism-based Xception
model for recognizing the emotions of special children to improve the performance.

1.1 Problem statement

The Xception architecture improves efficiency through depthwise separable con-
volutions. To capture long-range dependencies of the Xception model, it fails to
perform better; additionally, it does not explicitly consider which channels carry
more critical information. Based on precision, recall, and AUC scores, the Xception
model had comparatively low performance in distinguishing between different
emotions of ASD children. To mitigate this limitation, an improved Xception model
is proposed for better accuracy.

1.2 Motivation, aims and objectives

1.2.1 Motivation

Our motivation is to build an improved Xception architecture that will combine
channel-wise attention mechanisms to enhance feature extraction for FER tasks in
children with Autism Spectrum Disorder (ASD), from the vital need to support not
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only ASD children but also their caregivers and therapists by bridging a critical
communication gap. Because the Xception model has some limitations for which it
struggles to give a better performance, which motivates us to improve the Xception
model. Again, research shows that while 33% of ASD children respond normally
in terms of emotions, approximately 46% struggle to express or understand, and
around 20% face more severe challenges Faruk et al. (2023). This emotional dis-
connect often leaves caregivers and therapists unsure how to respond effectively
Uddin & Ashrafun (2023). Unlike many existing approaches that focus primarily
on therapy for ASD individuals Pavez et al. (2023); Saranya & Anandan (2022),
very few applications directly assist caregivers or therapists Talaat et al. (2024). In
addition, existing models often overfit and fail to capture class-specific emotional
nuances. Our goal is to build a reliable and adaptive model that will help caregivers
and therapists to understand ASD children’s emotional needs.

1.2.2 Aim and objective

• To implement an enhanced deep learning model (Xception architecture) of
facial emotion recognition for ASD children.

• To optimise the deep learning model and strengthen interpretability or feature
extraction by integrating an attention mechanism

3



Chapter 2

Literature Review

Facial emotion recognition plays a pivotal role in supporting emotional develop-
ment and therapeutic interventions for children with ASD. Given the distinct and
often subtle ways in which autistic children express emotions, developing accu-
rate, real-time, and contactless systems remains a significant research challenge.
Although various deep learning and hybrid approaches have been explored, many
existing systems struggle to perform effectively in real-world ASD scenarios, pri-
marily due to the absence of autism-specific datasets and the reliance on models
originally designed for neurotypical facial expressions, which fail to capture the
unique emotional patterns seen in autistic children.

2.1 Relevant Work using Deep Learning Model

To begin with, Talaat et al. (2024) proposed a deep learning framework combining a
sparse kernel autoencoder with a convolutional neural network to recognize facial
emotions in children with Autism Spectrum Disorder (ASD). The model architec-
ture includes an autoencoder for both feature extraction and selection, ensuring
dimensionality reduction and emphasizing critical facial features. The encoded
features are passed to a pre-trained CNN (MobileNet, ResNet, or Xception), with the
Xception model achieving performance such as 95.23% accuracy, 93.2% precision,
94.21% recall, F1-score 93.31% and an AUC of 91.34%. The classification targets
six fundamental emotions: anger, happy, neutral, fear, sadness, and surprise. The
dataset used comprises curated facial images of autistic children, total 1200 training
and 220 testing images, with a notable class imbalance like joy and sadness having
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the highest representation. The authors also used data augmentation and a small-
scale labeled dataset with cleaned and preprocessed images. Despite achieving high
accuracy, the study highlights limitations such as the training accuracy is 96.32%
and validation accuracy is 88.54% with a loss 1.31. This validation loss is increasing
over the epochs indicating overfitting problem. Also, this report did not evaluated
class-wise metrics which is crucial for multiclass. And the result can be biased for
some classes. These issues suggest a need for refined models capable of handling
subtle facial cues in ASD-specific emotional expressions.

Komuraiah et al. (2024) developed a web-based facial emotion recognition
system using CNN and the Flask framework to support emotion recognition in chil-
dren with Autism. The system detects six core emotions such as joy, fear, surprise,
sadness, anger, and natural through real-time webcam input. A CNN model was
trained on 15,340 labeled images using augmentation such as flipping, rotation, and
noise to enhance generalization. The model obtained a low training loss of 0.24 and
reported perfect recall, precision, and F1-score for some emotion classes. However,
the macro-average F1-score was 91%, indicating variation in performance across
classes. This suggests the model may struggle to distinguish certain emotions,
which is critical for therapeutic accuracy.

In contrast, El Rhatassi et al. (2024) proposed a facial emotion recognition
system tailored for individuals with autism, aiming to support emotional under-
standing and personalized care through a chatbot interface. The system used
convolutional neural networks (CNNs) and vision transformers (ViTs) to detect
seven emotions such as happy, neutral, angry, sad, surprise, fear, and disgust which
is trained on FER2013 and tested on a smaller autism-specific dataset. The CNN
architecture included four convolutional blocks with batch normalization, ReLU
activations, dropout, and softmax output. Data augmentation and Bayesian hyper-
parameter optimization improved generalization. CNN achieved 74% accuracy on
FER2013, outperforming ViT’s 69%, and 65% on the autism dataset, performing
best on happy and neutral. However, a key limitation emerged: autistic individuals
often express emotions atypically, making it questionable to train on neurotypical
datasets like FER2013. This mismatch affected performance, particularly for subtle
emotions like fear and disgust.

Chung & Oh (2019) developed a CNN based facial expression recognition
system aimed at assisting individuals with Autism Spectrum Disorder (ASD) in
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understanding others’ emotions. The model was trained using the Facial Expression
Recognition Challenge dataset from Kaggle, which contains 48×48 pixel grayscale
images labeled with seven emotions such as happy, angry, neutral, scared, sad,
surprised, and disgust. Face detection was performed using the Haar Cascade
Classifier in OpenCV, and emotion classification was handled using a CNN model
based on Arriaga et al. (2017), achieving an overall accuracy of 69.5%. The relatively
low model accuracy highlights a significant gap in robustness and reliability for real-
world usage, especially for applications involving ASD users who rely heavily on
accurate and consistent emotional feedback. Furthermore, the dataset was generic
and not ASD-specific, which may limit the model’s effectiveness in recognizing
subtle or atypical expressions often exhibited by individuals with ASD.

Awatramani & Hasteer (2020) proposed a CNN-based facial emotion recogni-
tion model to assist children with Autism Spectrum Disorder (ASD) in identifying
human emotions. The model was trained on the FER-2013 dataset, which includes
28,709 training and 3,589 validation grayscale images sized 48×48 pixels, covering
seven emotions. The architecture comprised 10 convolutional layers, ReLU activa-
tions, batch normalization, dropout (0.5), and global average pooling. The model
achieved a validation accuracy of 67.5%, with noticeable difficulty in recognizing
underrepresented emotions like disgust.

Building on CNN based model, Saranya & Anandan (2022) proposed a hybrid
deep learning approach combining Facial Action Coding System (FACS), Long
Short-Term Memory (LSTM) and Convolutional Neural Networks (CNN) for detect-
ing Autism Spectrum Disorder (ASD) in children through facial emotion analysis.
The model extracts fine-grained facial features using FACS-CNN, and then uses
LSTM to capture time-series emotional cues. The system was trained on AFFECT-
NET and validated with KFAD-2020 datasets, involving autistic and non-autistic
children’s facial images. Image preprocessing included resizing, normalization,
dropout (0.4), and ReLU activation. The proposed model achieved 92.5% accuracy,
91.5% precision, 91.5% recall, and an approximate F1-score of 91.5%, outperforming
baseline models like MLP (48.67%), CNN (67.75%), and LSTM (71.56%). However,
for real-world application more robust model is need.

Silva et al. (2021) suggested a system for identifying emotions in kids with
autism spectrum disorder (ASD) using a hybrid model that integrates Intel® Re-
alSense™ 3D sensor with a Support Vector Machine (SVM) classifier. The system
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extracts facial landmarks and Facial Action Units (AUs) to detect six emotions
happiness, anger, sadness, fear, surprise, and neutral according to geometric and
motion-based features. A non-linear SVM with RBF kernel achieved 93.6% accuracy,
lacked deep temporal learning and relied on a relatively small, predominantly neu-
rotypical dataset, further restricting its real-world application for autistic children.

Pavez et al. (2023) proposed a smart mirror system, Emo-mirror using convolu-
tional neural networks (CNNs). This study’s objective was to enhance traditional
emotion therapy methods by integrating intelligent, contactless computer vision
technology. The system was designed to detect five basic emotions such as happy,
sad, angry, scared, and neutral via facial expressions captured through a camera
and processed in real-time to provide therapeutic feedback. To process the data,
the authors employed image preprocessing techniques that included resizing fa-
cial images to 200×200 pixels, grayscale conversion, and data augmentation using
horizontal flipping. Stochastic Gradient Descent (SGD) with momentum and a
learning rate of 0.01 was used as the optimizer, with dropout layers (rate = 0.5)
and ReLU activation functions for regularization and performance. Two CNN
architectures, VGG16 and ResNet50, were trained and evaluated on the FER2013
and CK+ datasets over 100 epochs. Evaluation was performed using accuracy and
confusion matrix analyses. Among the tested configurations, ResNet50 with the
CK+ dataset achieved the highest accuracy of 89.9%, while VGG16 yielded 93.3%
on the same dataset.

Earlier classical methods like Rani (2019) proposed a facial emotion recognition
system for autistic children using Local Binary Pattern (LBP) for feature extraction
from grayscale facial images and used two classifiers: Support Vector Machine
(SVM) and a two-layer feedforward Neural Network (NN). The system was trained
on a very small dataset of 25 facial images, collected from online sources, repre-
senting four emotions: happy, sad, neutral, and angry. LBP+SVM achieved 90%
accuracy, outperforming the LBP+NN model, which reached 70%.

Y. Wang et al. (2025) proposed an emotion recognition system tailored for chil-
dren with autism, focusing solely on atypical facial expressions, convolutional
vision transformer (CvT). Recognizing that autistic facial expressions are often
atypical, characterized by reduced dynamics and facial asymmetry, they developed
an autism-specific dataset containing over 24,000 facial images collected from real
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rehabilitation environments and basic four emotions, such as happy, sad, calm, and
angry. The CvT model achieved an accuracy of 79.12%, substantially outperforming
a pure Vision Transformer (ViT), which reached only 48%. This performance boost
highlights the advantage of combining convolutional operations with self-attention
to better capture local and global facial cues in children with autism.

2.2 Xception

The Xception model, also known as ‘Extreme Inception,’ is designed to improve
computational cost by reducing the number of parameters and FLOPs compared
to the standard convolution. To achieve that, it leverages depthwise separable
convolution. Depthwise separable convolution decouples channel-wise and spatial
feature learning.

2.2.1 Xception Architecture

Chollet (2017) proposed the Xception architecture that contains three main parts.
These are entry flow, middle flow, and exit flow (Figure 2.1). Entry flow extracts the
lower-level feature using the combination of depthwise separable convolutional,
standard convolutional layers, and residual blocks. Whereas the middle flow
consists of eight repeated blocks of depthwise separable convolutional and ends
with exit flow. In the exit flow, it uses global average pooling instead of a fully
connected layer to reduce overfitting. The main backbone of Xception is that it
uses the depthwise separable convolutional neural network, and each flow consists
of these depthwise separable convolutions. Consisting of 36 layers, each layer is
followed by a batch normalization and ReLU activation function.
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Figure 2.1: Xception Model Architecture as depicted in Chollet (2017).

2.2.2 Standard Convolution vs Depthwise Separable Convolution

Standard Convolution: In a standard convolution, a set of kernels or filters
convolves all channels at once and produces a single output feature map 2.2.
For an input feature X ∈ RH×W×Cin , a standard convolution applies a filter
K ∈ Rk×k×Cin×Cout , computing the output feature map Y ∈ RH′×W ′×Cout . Thus,
the equation of the standard convolution is

Yi,j,c =
k

∑
m=1

k

∑
n=1

Cin

∑
d=1

Km,n,d,c · Xi+m−1,j+n−1,d

Here, k, H, W, Cin, and Cout are the kernel size, height, width, the number of input
channels, and the number of output channels, respectively. The value at spatial
location (i,j) in the c-th output channel is represented by Yi,j,c.
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Figure 2.2: Standard Convolution

Depthwise Separable Convolution: Depthwise separable convolution has two
parts Figure 2.3. 1) Depthwise Convolution, 2) Point-wise Convolution.

Figure 2.3: Depthwise Separable Convolution, illustrated by Luo et al. (2023).

1. Depthwise Convolution: In depthwise convolution, unlike standard convo-
lution, filters convolves all the input channels separately but simultaneously.
Then stack all the channels. If the input has H × W an image size with Cin

number of channels and kernel K traverses all the channels separately at a
time, then for an input dimension X ∈ RH×W×Cin , the depthwise convolution
employs Cin separate filters, each of kernel size Kdepthwise ∈ Rk×k×1, where
the number of the output channel is the same as the input channel Cin. Thus
the output for Ydepthwise ∈ RH′×W ′×Cin is
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Ydepthwise,i,j,Cin =
k

∑
m=1

k

∑
n=1

Kdepthwise,m,n,1 · Xi+m−1,j+n−1,Cin

2. Point-wise Convolution: Pointwise is applied to combine all the output
features extracted through depthwise convolution. It uses 1 × 1 convolu-
tion across channels Cin to do this operation. The pointwise convolution
maps Cin input channels to Cout output channels using the filter Kpointwise ∈
R1×1×Cin×Cout , The output Y ∈ RH′×W ′×Cout is computed as follows:

Yi,j,c =
Cin

∑
d=1

Kpointwise,1,1,d,c · Ydepthwise,i,j,d

Efficiency Comparison: Standard vs. Depthwise Separable Convolution:

1. Standard Convolution: The computational cost and parameter cost for stan-
dard convolution are as follows:

(a) Computational cost: Coststandard = Cin × H′ × W ′ × Cout × k × k

(b) Parameter cost: Paramsstandard = Cin × Cout × k × k

2. Depthwise Separable Convolution: The computational cost and parameter
cost for Depthwise Separable Convolution are as follows:

(a) Computational cost:

• Depthwise convolution: Costdepthwise = Cin × H′ × W ′ × k × k

• Point-wise convolution: Costpointwise = Cin × H′ × W ′ × Cout

Thus, the total Computational cost is

Costseparable = Costdepthwise + Costpointwise

Costseparable = H′ × W ′ × Cin × (k × k + Cout)

(b) Parameter cost:

Paramsseparable = Cin × k × k + Cin × Cout

From the equation, we can see that the ratio for both computational cost and
parameter cost is

Costseparable
Coststandard

or
Paramsseparable
Paramsstandard

= k×k+Cout
k×k×Cout

which implies that depthwise
separable convolution is more efficient than standard convolution as both computa-
tional cost and parameter cost are fewer than standard convolution.
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2.2.3 Residual Connection

In Xception architecture, residual connection is used to enable dimension matching
and enhance gradient flow. Usually in residual blocks, the output F(x) is added
with the input x. But when dimension mismatch occurs due to different channel
sizes of input and output, a 1 × 1 is used to adjust the size, mitigate the vanishing
gradient problem, and allow the model to train for deeper architecture. The final
outcome becomes y = F(x) + W1×1 · x. Here W1×1 represents the 1 × 1 convolution
weight.

2.2.4 Review of Xception Architecture

In CNNs, the network learns important features by capturing both spatial and chan-
nel information. However, most research focuses on extracting spatial information
while provoding equal importance to all channels within a local receptive field.

Similarly, in Xception, providing equal importance to all channels, feature ex-
traction is performed hierarchically based on local patterns X. Wang et al. (2018).
Though Xception improves efficiency through depthwise separable convolution,
still it makes the task less effective for global context understanding as its receptive
field grows gradually. Therefore, long-range dependencies across channels remain
weak. As a result, understanding global features becomes challenging. Which
causes texture bias towards the model Geirhos et al. (2018) and degrades the gen-
eralization power of complex images. So long-range dependencies are important.
Also, as it is a heavy model, on a small dataset it may memorize the noise and cause
an overfitting problem C. Zhang et al. (2021).

On the contrary, SENet introduces a channel-wise attention mechanism to find
out which channel is more important alongside spatial information Hu et al. (2018).
Also brings global understanding by applying a global average pooling operation
during the squeeze step which summarizes each channel’s global representation
and gives an output in one single value for every channel. This way, SENet mitigates
the challenge of long-range interdependencies. At the same time when dealing with
small or moderate data, this attention mechanism reduces the overfitting problem
by forcing the model to concentrate on discriminative features rather than noise
(Hu et al, 2018).
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2.3 Squeeze-and-Excitation Network (SENet)

To provide channel-wise attention mechanisms and to improve channel interdepen-
dencies explicitly, squeeze-and-excitation network (SENet) is proposed by Hu et al.
(2018). This mechanism is achieved by squeeze-and-excitation blocks.

This architecture includes three operations 2.4. Such as squeeze operation,
excitation operation, and channel recalibration.

• Squeeze operation: To extract each channel’s global representation, the
squeeze operation helps. At first, it summarizes each channel’s global rep-
resentation and gives an output in one single value for every channel. This
is achieved by global average pooling (GAP). For an input feature map
X ∈ RH×W×C. GAP produces an average value for each channel across
all spatial location such that

zc =
1

H × W

H

∑
i=1

W

∑
j=1

Xi,j,c

• Excitation operation: After getting a single or squeezed vector (z) for each
channel through GAP, an excitation operation is performed. Here, chan-
nel dependencies are obtained through a fully connected neural network.
Through this channel mechanism, the important and less important channels
are distinguished. For this mechanism, 2 fully connected (FC) layers are used.

S = σ(W2 · δ · (W1 × z))

Here, W1 ∈ R
c
r×c and W2 ∈ Rc× c

r . Squeezed feature vector (z) is fed into the 1st

(FC) layer W1. This layer reduces the number of channels by a factor of r, then
ReLU is applied δ(W1z).This transformation leverages the dimensionality of z
from c to c

r . 2nd FC layer (W2)reconstructs the original number of channels c
r to

c which is to 1 × 1 × c. This passes through a sigmoid activation function (σ).
The range of this activation is from 0-1. When the value is close to 0, it carries
less important channels; otherwise, it is more important.

• Channel recalibration: In here, learned channel attention weights S from
squeeze-and-excitation are applied to the original feature map X to focus

13



on the most important feature. If the X’ is recalibrated feature map, then
X′ = S · X

Figure 2.4: Squeeze-and-Excitation Block Diagram adopted from Hu et al. (2018).

2.4 Evaluation Metrics for Multiclass

We evaluated the performance accuracy, loss, recall, precision, F1 score, AUC score
and Confusion matrix. In this research, recall, precision, and f1-score were calcu-
lated separately for each class to evaluate the performance metric following the
one-vs-rest method for classifying multi-class. Along with that, the AUC score is
determined by employing the “macro” average.

For each class c, (where c = 1, 2, 3, ..., k and N = total number of samples):

• True positive (TPc): The number of samples that are positive and correct
predictions of class c.

• False positive (FPc): The number of samples that are not of that specific class
but are recognized as positive. Instances were wrongly predicted as class C.

• False negative (FNc): the number of samples that are of class c but are mis-
classified as negative.

Following these, a variety of performances are measured following the formula
of Table 2.1 for multiclass classification. Because only accuracy is not enough to
evaluate a model’s performance for multiclass classification. To get a more detailed
and insightful evaluation of a model’s performance, recall, precision, and F1-score
play a vital role.
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Table 2.1: Performance Metrics

Metrics Expression Eq. No.

Precisionc
TPc

TPc+FPc
(1)

Recallc
TPc

TPc+FNc
(2)

F1-Scorec
2

1
Precisionc +

1
Recallc

(3)

Macro-average of Precision ∑k
c=1 Precisionc

k (4)

Macro-average of Recall ∑k
c=1 Recallc

k (5)

Macro-average of F1-Score 2
1

Macro Precision+
1

Macro Recall
(6)

Accuracy ∑k
c=1 TP

N (7)

Here, precision measures the proportion of positive predictions that are correctly
classified instances 2.1(1), whereas recall measures the proportion of positive cases
that are correctly predicted by the model 2.1(2). Again, the F1-score is the harmonic
mean of recall and precision which is a single value that balances both precision
and recall 2.1(3).
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2.5 Summary of Literature Review

Table 2.2: Summary of literature review on the FER task of ASD children.

Author Dataset(s) Data preprocess-
ing

Architecture Result Limitation

Y. Wang et al.
(2025)

Own Dataset Faces cropped,
aligned

Convolutional
ViT (CvT)

Accuracy
79.12%

Performance
isn’t satisfactory;
Data East China
specific; 33
participants.

Komuraiah et al.
(2024)

Autistic Chil-
dren Image
Dataset

Removed stock
and duplicate
photos and
applied image
augmentation.

Custom CNN Accuracy 91%,
Precision 1.00,
Recall 1.00,
F1 score 1.00,
Macro-avg 91%

Macro-avg
is lower, sug-
gesting mass
misclassifica-
tion in certain
classes.

El Rhatassi et al.
(2024)

FER-2013,
Autism Dataset

Resized, nor-
malized, aug-
mented; facial
features manu-
ally analyzed

CNN + Vision
Transformer

Accuracy 65%
on autism
dataset

Performance
isn’t satisfied;
Trained on FER-
2013, tested on
ASD data.

Talaat et al.
(2024)

Kaggle (own
dataset)

Remove dupli-
cate images and
apply image
augmentation.

Xception with
Sparse Auto
Encoder

Accuracy
95.23%, Train
acc. 96.31%,
Validation acc.
88.54% , F1-
score 93.31%,
AUC 91.34%

Overfitting;
multi-class
evaluation
not presented,
discriminatory
power isn’t
strong.

Pavez et al.
(2023)

FER2013 and
CK+ datasets

Image resizing,
grayscale con-
version, and
data augmenta-
tion were used.

VGG16 and
ResNet50

CK+ Dataset:
Accuracy of
VGG16: 93.3%

Therapy-based
(mimic emotion)
isn’t sufficient,
as it cannot
support sponta-
neous emotional
needs.

Silva et al. (2021) Own Dataset Extracted 78 fa-
cial landmarks,
normalized

Intel RealSense +
SVM (RBF)

Accuracy 93.6%,
AUC 99%, MCC
92.2%

Therapy-based
(mimic emo-
tion) isn’t
sufficient, be-
cause it cannot
support sponta-
neous emotional
needs.

Awatramani &
Hasteer (2020)

FER-2013
dataset

Data aug-
mented; faces
cropped and
normalized

Custom CNN Accuracy 67.5% Overfitting risk

Chung & Oh
(2019)

FER-2013
dataset

Haar cascade
(OpenCV)

Custom CNN Accuracy 69.5% Performance is
not satisfactory
for real world

Rani (2019) Own Dataset Grayscale,
cropped, resized,
LBP extracted

SVM with LBP Accuracy 90% Only accuracy
isn’t enough
as the data
size is 25 high
overfitting may
arise, which is
questionable
for real world
application
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From Table 2.2 we can analyze that the accuracy achieved by Y. Wang et al. (2025)
is not satisfied; also, data was collected from a single institute from 33 children
which is East China specific, only containing four emotions, which is an insufficient
representation of the heterogeneity within autism spectrum disorders, particularly
regarding symptom severity, verbal ability, and comorbid conditions. El Rhatassi
et al. (2024) trained on the FER-2013 dataset and tested ASD-specific dataset. This
approach is questionable because facial expression differs from typical expressions
to atypical expressions of an ASD individual. As a result, it had poor performance.
Chung & Oh (2019), Awatramani & Hasteer (2020) trained and tested their model on
the FER-2013 dataset, which contains typical or neurological expression. It had poor
performance, too, and it is therapy-based. Pavez et al. (2023),Silva et al. (2021) had
comparatively better accuracy, and the data were not trained on an ASD-specific
dataset. Their domain is therapy-based (mimicking emotion shown on the screen),
which is not sufficient because it cannot support spontaneous emotional needs in
everyday life, where caregivers or parents can benefit. Rani (2019) worked on an
ASD-specific dataset containing four emotions, where the data size is 25. It achieved
90% accuracy, but the problem is that for multiclass classification, only accuracy
is not enough, as due to the small dataset, it can overfit the model. Talaat et al.
(2024), Komuraiah et al. (2024) also worked on a specific ASD dataset collected from
Kaggle. Komuraiah et al. (2024) had recall 1.00, precision 1.00, F1 score 1.00, and
macro-avg 91%. Lower macro-avg suggests mass misclassification in certain classes,
which causes emotion overlapping. On the other hand, Talaat et al. (2024) had
95.23% accuracy but with 91.34% AUC and validation accuracy of 88.53%, over the
epochs it’s increasing, and classwise evaluation isn’t accomplished here. It means
discriminatory power over the classes is not strong, the model is highly overfitting,
and there is room for improvement.

As a dataset owned by Talaat et al. (2024), which is an ASD-specific dataset and
aligns with our goal, we are going to utilize this dataset. From the literature we
found, Xception improves efficiency through depthwise separable convolution com-
pared to the traditional CNN mentioned in Table 2.2. However, it still makes the task
less effective for global context understanding as its receptive field grows gradually
and overfits. Therefore, long-range dependencies across channels remain weak. As
a result, understanding global features becomes challenging. This degrades the
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generalization power of complex images. So, to utilize its efficiency, we intend to
work on the Xception model to improve emotion recognition in autistic children,
allowing the model to learn more discriminative and relevant facial regions. Also,
we found out that when attention mechanisms were added to traditional CNN
architecture, the performance improved.

Motivated by their findings, the present study aims to further refine and expand
this direction by not only adopting an Xception-based architecture but also integrat-
ing an attention mechanism to enhance the model’s focus on class-specific facial
features, especially where emotional overlap is common (e.g., sadness vs. anger).
Inspired by Talaat et al.’s architecture, we seek to improve emotion recognition
in autistic children by incorporating channel-wise attention, allowing the model
to learn more discriminative and relevant facial regions. The goal is to support
caregivers and parents, thus aiding in the emotional development and personalized
care of children with ASD.
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Chapter 3

Methodology

3.1 Dataset

3.1.1 Data Collection

For this research, the dataset has been collected from Kaggle.

• This dataset contains 831 images of 6 different emotions of autistic children.
These emotions are anger, neutral, sad, fear, happy, and surprise.

• Anger, neutral, sad, fear, happy, and surprise contain 69, 33, 392, 55, 214 and
68 data respectively. A summary of the datasets is given in the Figure 3.1.
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Figure 3.1: Data size visualization across different classes.

• The dataset is clean and the dimension of each photo is different. A few
samples are given in Figure 3.2.
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Figure 3.2: Few samples of facial emotions per class

3.1.2 Data Preprocessing

The dataset preprocessing steps we followed are given below:

• The data has been resized to 299 × 299 using Python OpenCV.

• After that, the data size was increased 7 times for all classes using the aug-
mentation techniques in Figure 3.3. As a result, the total data size went from
831 to 5350.
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Figure 3.3: Data size across different classes after increasing data size per class.

• The dataset is imbalanced. To balance the dataset, both under-sampling and
oversampling techniques were used.

3.1.2.1 Undersampling

Undersampling technique means the process of decreasing the number of samples
of the majority class, with corresponds to the minority class. In our dataset, through
the under-sampling techniques, the number of the majority class, which means
’happy’, was decreased first, corresponding to the number of samples of the second
majority class, ’sad’. Consequently, the dataset decreased to 4,334 from 5,350.

3.1.2.2 Oversampling

On the other hand, the oversampling technique means the process of increasing
the number of samples of the minority classes that correspond to the majority class.
After the undersampling techniques, the number of minority classes (anger, fear,
neutral, and surprise) was increased through the oversampling technique, which
resembles the number of majority classes (happy and sad). As a result, a properly
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balanced dataset was prepared in this way, and the dataset size increased from
4,334 to 8,380. This technique has been adopted because we had few data.

• To make the data set robust and diverse, the following parameters were
adopted for augmentation in both undersampling and oversampling tech-
niques:

I. Rotation Range is used to rotate the images within a given range of 20.
This range is adopted so that even after rotating data for a large number
of datasets, we get the data that will reflect the actual data.

II. Using shear range, data was shifted clockwise. The range 0.2 is chosen
so that images don’t get shrunk.

III. Horizontal flip is used to flip the image horizontally.

IV. Height and width shift simply shifted the images along the x-axis and
y-axis, respectively. The shift range was 0.2.

V. Through the brightness range, images were brightened or darkened
randomly.

VI. The data was randomly zoomed in or zoomed out following the men-
tioned range by Zoom range.

3.1.2.3 Data split

• After balancing, the data was carefully cleaned for better performance.

• Finally, the dataset was divided into train, test, and validation. Here the
proportion is 80:10:10. This implies that 80% of the data is used for training,
10% is used for validation, and the remaining 10% is used for testing.

3.2 Proposed Model

3.2.1 Proposed Depthwise Separable Convolution

Xception architecture (discussed in section 2.2.1), leverages the depthwise separable
convolution and focuses on spatial feature extraction but may fail to capture long-
range dependencies, which causes performance degradation and overfitting in
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small datasets. To mitigate this problem, we proposed an enhanced deep learning
architecture by integrating SENet (a channel-wise attention mechanism) with the
Xception model.

SENet (see section 2.4) captures channel-wise dependencies and suppresses
less important channels and highlights relevant regions. This strengthens the
model’s ability to extract the most relevant emotion-specific features. Specifically,
in our proposed model, we integrated the SENet within the depthwise separable
convolution block (between the depthwise convolution and pointwise convolution)
of the Xception model Figure 3.4. In here, through the depthwise convolution, all
the channels were stacked together, then the SE (Squeeze-and-Excitation) block
was applied to distinguish more important and less important channels and then
the learned channel attention weights were recalibrated. Through this process, the
model captures the most relevant spatial and fine-grained details, reducing the
problem of passing weakly activated features. Finally, this extracted information
was combined through pointwise convolution.

Figure 3.4: Proposed Depthwise Separable Convolution Block.

Within the SE block we used GELU activation function 3.1.

GELU(x) = x · Φ(x) = x · 1
2

[
1 + erf

(
x√
2

)]
(3.1)

GELU’s balanced combination of smooth gradients (unlike ReLU’s discontin-
uous derivative at 0), non-linearity and adaptive gating (through its probabilistic
weighting) makes it uniquely powerful. The GELU activation function smoothly
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transits the gradient flow, minimizes the risk of dead neurons and allows smaller
negative values to pass through smaller activations. However, ReLU sets all the
negative values to zero.

Mathematically, we represented our proposed model in Table 3.1.

Table 3.1: Mathematical representation of our proposed depthwise separable convo-
lution.

Block Name Equation

Step 1.
Depthwise
Convolution

Udepthwise,h′,w′,c = ∑k
m=1 ∑k

n=1 Kdepthwise,m,n,1 · Xh′+m−1,w′+n−1,Cin

Step 2.
SE Block

zc =
1

H×W ∑H
i=1 ∑W

j=1 Udepthwise,h′,w′,c

S = σ (W2 · δ (W1 · z))

U′
depthwise,h′,w′,c = Sc · Udepthwise,h′,w′,c

Step 3.
Pointwise
Convolution

Yh′,w′,c = ∑Cin
d=1 Kpointwise,1,1,d,c · U′

depthwise,i,j,d

Combined
steps

Y = Pointwise(SE(Depthwise(X)))

We used this proposed depthwise separable convolution in the entry, middle
and exit flow.

3.2.2 Entry Flow of the proposed Xception

In the entry flow in Figure 3.5, we took an image size 100× 100 and fed it to the
architecture and replaced the channel number of the last block with 512 channels
instead of 728 channels. Consequently, following the shape changing equations 3.2,
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3.3and 3.4 it reached to 7 × 7 × 512 feature channel.[
I − K + 2P

S
+ 1

]
×

[
I − K + 2P

S
+ 1

]
(3.2)

previous layer’s shape
2

× previous layer’s shape
2

(3.3)

[
I − K

S
+ 1

]
×

[
I − K

S
+ 1

]
(3.4)

Here, I stands for input shape, K for kernel size, P for padding, and S for
stride. Also, euqations 3.2, 3.3and 3.4 stands for the shape of the convolution
layer, the shape of the max pooling layer, and the shape of the residual connection
respectively.

Figure 3.5: The entry flow of the proposed Xception model.
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3.2.3 Middle Flow of the proposed Xception

In the middle flow, we used the GELU activation function and 5 × 5 kernel in
512 channels instead of 7 × 7. This middle flow was repeated just once Figure 3.6.
Middle flow extracts high-level complex features and to avoid the problem of dead
neurons in the middle flow, GELU is used instead of ReLU.

Figure 3.6: Middle flow of the proposed Xception model.

3.2.4 Exit Flow of the proposed Xception

In the exit flow (Figure 3.7) we used only 512 and 1024 channel based separable
convolution blocks and integrated them with 5 × 5 kernels instead of 3 × 3 and
global average pooling were replaced with a flatten and dense layer. The global
average pooling layer represents all the feature map values with just one single
value by averaging, which may result in the loss of capturing complex spatial
feature and minimize the discriminating power of the model. But extracting fine-
grained details is crucial for facial emotion recognition, so we introduced flatten
and dense layers instead of GAP. This flatten converts multidimensional features
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into a 1D vector and the dense layer introduces non-linear functionality, which
helps to retain more complex and fine-grained details.

Figure 3.7: Exit flow of the proposed Xception model.

Furthermore, we used 3 × 3 kernels in the entry flow, as entry flow captures
lower-level feature and it helps to capture fine-grained details. Furthermore, 5 × 5
kernels were used in the middle and exit flow to capture broader spatial areas and
global features rather than just fine-grained details. Finally, the model classified six
emotions.

3.2.5 Algorithmic Functionality of proposed model

Algorithmic functionality of proposed depthwise separable convolution and pro-
posed Xception model is given in Figure 3.8 and in Figure 3.9 respectively.
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Figure 3.8: Algorithmic functionality of proposed depthwise separable convolution.

Figure 3.9: Algorithmic functionality of proposed Xception Architecture.

In the final step, we have trained this proposed model and compared it with
the base model and with the performance of the author Talaat et al. (2024), where
they trained the Xception model integrating a sparse autoencoder. In the section 4,
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these models were evaluated through loss and accuracy, recall, precision, f1-score,
confusion matrix, macro average AUC, and FLOPs.

3.3 Budget Planning

The total cost for our research project is given in the Figure 3.10

Figure 3.10: Total budget for our capstone project

3.4 Modern Tools and Technologies Used

Our project made effective use of modern tools and technologies to strengthen
work collaboration, organization, and productivity. Below are the key software and
platforms used:

• Hardware: Desktop computer powered by Intel Core i5 with 8 gigabytes of
RAM.

30



• Jupyter Notebook: We used Jupyter Notebook to develop and test deep learn-
ing models to combine code, outputs, and documentation in one interface.

• Mendeley: We used Mendeley as a reference management tool to arrange,
reference and maintain research documents and bibliographic information
systematically.

• Overleaf: We used Overleaf as a primary tool to write LaTeX-based report
writing to ensure high-quality formatting and version management.

• Canva: We used Canva to design our illumaterials,materials such as model
diagrams and research posters.

• PowerPoint: We used PowerPoint to prepare our presentation slides.

• Google Drive: We used Google Drive for storing and sharing research files,
datasets, models, and other essential documents in an orderly and accessible
manner.

• Google Meet: We used Google Meet to carry out online meetings and research
discussions with our team members and supervisor.

• WhatsApp Group: We created a WhatsApp group to enable fast commu-
nication and smooth coordination among team members during our whole
research process.
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Chapter 4

Result analysis

4.1 Xception Base Model Evaluation

This base model was trained for 60 epoch keeping the batch size 32, adam optimizer,
learning rate at 0.001. All other hyperparameters are mentioned in Table 4.1 that
has been used to train.

Table 4.1: Hyperparameter of the Xception Model.

Hyperparameter Value
Batch Size 32

Epoch 60
Learning Rate 0.001

Optimizer Adam
Activation ReLU, Softmax

Early Stopping patience 10
Reduce learning rate factor 0.2

Reduce learning rate Patience 5
Reduce learning rate Min learning rate 1e-6

4.1.1 Loss and Accuracy Curve

Loss and accuracy curves help to analyze how a model learns during training and
validation. Whether it overfits or underfits during training. To train the model, 80%
data were fed in the training set, and 10% data were fed for validation.

Figure 4.1 shows the validation and training loss and accuracy curve over 60
epochs. Here, the loss curve shows that both validation and training loss decreased
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significantly within the initial 25 epochs. The validation loss had minor fluctuations
within 5 to 25 epochs while training loss decreased smoothly, which indicates the
model struggled to generalize on the validation dataset in early epochs. Both vali-
dation and training loss stabilized after almost 23 epochs. However, when focused
on the accuracy curve, it shows a noticeable zigzag pattern within 25 to 28 epochs,
indicating high overfitting. After that, there is a consistent gap between the training
and validation accuracy curves, which is fine but slightly overfitting.

After training for 60 epochs, this model obtained a training accuracy of 90.39%
with a loss of 0.22 and a validation accuracy of 87.77% with a loss of 0.28 Figure 4.1.
The inference time of the model is 53.14 seconds, and the FLOPs is 16.72 GFLOPs.

Figure 4.1: Loss and accuracy curve of the Xception model.

After the training process, using the test dataset model was evaluated. The test
dataset contains 10% of the overall dataset. The test dataset was evaluated through
a confusion matrix, classification report, and AUC-ROC curve.

4.1.2 Classification Report and Confusion Matrix Analysis

If we focus on the classification report (Figure 4.2, it shows that the precision,
recall, and f1-score for anger, sad, fear, and surprise are very poor. Specifically, for
the emotion sad it is 65% to 67% which means the model can’t properly recognize
emotions. As a result, it effected the overall accuracy. This base model’s test accuracy
is 86.88%. However, for the real-world scenario, this result is not acceptable.
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Figure 4.2: Classification report of the Xception model.

From the confusion matrix (Figure 4.3), we can see that emotion overlapping
occurred here mostly between sad and anger. Anger was misclassified as sadness,
and the false positive rate is 30 and the false negative rate is 33. Similarly, sad was
predicted as fear and anger. However, neutral and happy were predicted much
better than other emotion.
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Figure 4.3: Confusion matrix of the Xception model.

4.1.3 AUC-ROC Curve Analysis

To give a deeper look, we have also plotted the ROC-AUC curve (Figure 4.4).
Though the macro average AUC is 98.31% but for sad, AUC is 93.35% and for anger
it is 97.6%. Which means this model failed to accurately distinguish emotions across
the classes.
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Figure 4.4: AUC-ROC curve of the Xception model.

4.2 Proposed Model Evaluation

We adopted a batch size of 32, Adam optimizer, GELU, ReLU, SoftMax activation
function. To avoid overfitting, a callback function was used, keeping the min delta
at 0.0001, the reduction factor at 0.2, and the patience at 3, all in the ReduceLROn-
Plateau function, and some other hyperparameters to train the model, which is
presented in Table 4.2.

Table 4.2: Hyperparameter of the Proposed Model

Hyperparameter Value
Batch Size 32

Epoch 60
Learning Rate 0.0001

Optimizer Adam
Activation ReLU, GELU, Softmax
Dropout 0.3

Early Stopping patience 10
Reduce learning rate factor 0.2

Reduce learning rate Patience 3
Reduce learning rate Min Delta 0.0001
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4.2.1 Loss and Accuracy Curve

We trained our proposed model with 80% data for 60 epochs. After training for 60
epochs with a learning rate of 0.0001, from the loss and accuracy curves in Figure
4.5 and 4.6 respectively, we can see that both train and validation loss is decreasing
consistently, indicating that the model is learning effectively. From epoch near 23,
the loss stabilizes, and the validation loss does not spike, and the gap is very small,
which implies the model is well optimised and it is not overfitting. From Figure 4.6,
we can see that there exists the slightest fluctuation compared to the base model,
and after a certain epoch, it stabilizes. Our proposed model achieved a training
accuracy of 97.99% with a loss of 0.057 and a validation accuracy of 96.64% with a
loss of 0.1044. The inference time of the model is 9.146 seconds, and the FLOPs are
0.77 GFLOPs.

Figure 4.5: Train and validation loss of the proposed model.
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Figure 4.6: Training and validation accuracy of the proposed model.

After the training process, the model was evaluated on the test dataset. The test
dataset contains 10% of overall dataset. The test dataset was evaluated through a
classification report, confusion matrix, and AUC-ROC curve.

4.2.2 Classification Report and Confusion Matrix Analysis

Depending on this confusion matrix, if we focus on the classification report in Fig-
ure4.7, our proposed model achieved precision, recall, and F1-scores ranging from
95 to 100%, which implies the model is extremely accurate at predicting emotions.
By comparison, ’sad’ had a relatively low range of 91 to 92 63%. However, the
macro average precision, recall, and f1-score are 96.60%, 96.57%, and 96.58%, respec-
tively, which indicates that the model is accurately identifying positive instances. It
highlights the model’s ability and robust classification performance.
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Figure 4.7: Classification model of the proposed model.

From the confusion matrix in Figure 4.8, we can analyze that fear had been
accurately identified. On the other hand, Surprise and Sad had comparatively more
errors. Here, the error for surprise is 11, where 7 were confused with sad. Similarly,
Sad had 11 errors, where 6 samples were confused with Anger. Overall, fear, neutral,
happy, and anger were predicted well compared to sadness and surprise.

Figure 4.8: Confusion matrix of the proposed model.
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4.2.3 AUC-ROC Curve Analysis

From the ROC curve in Figure4.9, we can see that AUC score for fear is 1. That
means model is accurately distinguishing this emotion. At the same time, the AUC
score for anger, happy, neutral, sad and surprise is up to 99% and the macro average
AUC is 99.89%, which indicates the model can distinguish between emotions across
all classification thresholds.

Figure 4.9: AUC-ROC curve of the proposed model.

4.3 Comparison Between Models

4.3.1 Class wise Performance Comparison

From class-wise metrics comparison, we can see that, in six emotions, anger, fear,
sad and surprise had a notable improvement, with precision, recall, and F1-score
increasing by 7.8% to near 25%. Where the base Xception model was struggling
significantly to classify the emotion sad, our proposed model successfully classified
sad with an improvement from 24.12% to 25.9% with precision, recall, and F1-
score. The same goes for the emotion anger. Which means our proposed model

40



can effectively address this challenge. A slight decrease was observed in two
classes, happy and neutral, and the range is 0.14% to 1.44%. However, precision,
recall, and F1-score for happy and neutral ranges from 96.45% to 98.56% in our
proposed model. So, this minor reduction does not significantly impact the overall
performance. Also, focusing on all the emotion’s metric-wise performance, it shows
that our model’s class-specific discrimination power is very strong, and the model
is a robust and reliable system for multi-class emotion recognition.

Table 4.3: Class-wise Performance Comparison of the Base and Proposed Model.
Here, the base model, proposed model, precision, and improvement are denoted as
A, B, Prec., and Imp. respectively.

Emotion Prec.
(A)(%)

Prec.
(B)(%)

Imp.
(%)

Recall
(A)(%)

Recall
(B)(%)

Imp.
(%)

F1-
score
(A)(%)

F1-
score
(B)(%)

Imp.
(%)

Anger 79.26 95.14 +15.88 75.89 97.16 +21.27 77.54 96.14 +18.6
Fear 87.84 100 +12.16 92.2 100 +7.8 89.97 100 +10.03
Happy 100 98.56 1-1.44 98.58 97.16 -1.42 99.29 97.86 -1.43
Neutral 99.28 97.14 -0.14 97.16 96.45 -0.71 98.21 96.8 -1.41
Sad 65.77 91.67 +25.9 69.50 93.62 +24.12 67.59 92.63 +25.04
Surprise 90.51 97.1 +6.59 87.94 95.04 +7.1 89.21 96.06 +6.85

4.3.2 Metric-wise comparison

If we compare our proposed model with the model of Talaat et al. (2024), where
they introduced an attention mechanism (sparse autoencoder) with the Xception
model and with the base model, we can also find from Table 4.4 that there is a
drastic improvement in our proposed model. Though the gap of accuracy between
our proposed model and Talaat et al. (2024)’s model is 1.34% but if we look at
the precision, recall, F1-score, and AUC, the gap is 3.4%, 2.36%, 3.25% and 8.55%
respectively. This indicates that our proposed model is very robust, and it can
perfectly distinguish emotions compared to the existing model we review. This
proposed model provided it performs robustly by learning fine-grained details,
coarse-grained details, and hierarchical features.
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Table 4.4: Metric-wise comparison between models.

Metric Xception
Base Model

Xception
with Sparse
Autoencoder
Talaat et al.
(2024)

Proposed
Xception
Model

Improvement

Accuracy 86.88% 95.23% 96.57% + 1.34%
Precision 87.11% 93.2% 96.60% + 3.4%
Recall 86.88% 94.21% 96.57% + 2.36%
F1-Score 86.97% 93.33% 96.58% + 3.25%
AUC 98.29% 91.34% 99.89% + 8.55%

4.3.3 Computational Efficiency Comparison

For real-world delpoyment and resource-constrained environments, it is very impor-
tant to evaluate not only class based performance but also computational efficiency.

Therefore, in this section we are presenting the computational comparison
of our proposed Xception model against the base model of Xception, focusing on
floating-point operations, inference time, and trainable parameters.

Table 4.5: Model Complexity Comparison.

Metric Xception model Proposed Xception Model
Inference Time (in seconds) 53.14 9.146

FLOPs (in billion) 16.72 0.77
Trainable parameter (in million) 20.82 28.62

From Table 4.5, we can see that the inference time for the Xception model is
53.14 seconds, FLOPs is 16.72 billion, and the trainable parameter is approximately
20.82 million. On the other hand, for our proposed model, the inference time is
9.146 seconds, FLOPs is 0.77 billion, and the trainable parameter is approximately
28.62 million. This proposed model is 5.8 times faster, and in terms of FLOPs, it
is ∼ 22 times more efficient, making the model suitable for latency-sensitive tasks
in emotion recognition tasks. Although the trainable parameter of our proposed
model is higher, the computational cost is lighter and faster; it indicates that the
parameters are being used efficiently due to the design strategy of our model and
the model is well optimized.
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Thus, adding the Squeeze-and-Excitation (SENet) attention mechanism into
the Xception model,it’s giving channel-wise wise attention, extracting each chan-
nel’s global representation more efficiently. Our proposed methodology has great
potential to recognize the emotions of special children and mitigate the problems of
overlap of emotions.

4.4 Proposed Web Application

In this application, the user has to upload an image of the facial emotions of children
with autism. They can upload or directly capture the images through a webcam.
When an image is submitted, it will be analyzed and generate the output with a
short note at the top of the drop-down expander. Along with that, a percentage
will also be displayed for all the emotions. From this, the user will get to know the
accurate result of recognition.

Figure 4.10, shows the homepage of the proposed application. The user can
drag or upload an image and then submit it. On the right side, the interface will
show the outcome with a percentage. Next, Figure 4.11 shows that the uploaded
image is being loaded to process and analyze. In the final step, Figure 4.12 shows
the outcome. For example, the uploaded image is recognized as surprised with
100% accuracy.
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Figure 4.10: Home interface of the proposed web application.

Figure 4.11: The application is analyzing the uploaded image.
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Figure 4.12: Output interface of emotion recognition.
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Chapter 5

Conclusions

5.1 Social and Sustainability Issues

5.1.1 Social Impact

Supporting the emotional well-being of children with Autism Spectrum Disorder
(ASD) is important not just for families, but for society as a whole. Children with
ASD often find it hard to express their emotions, which can make it difficult to form
friendships, learn new skills, and feel a sense of belonging. These struggles can
lead to loneliness, emotional distress, self-harm, and even serious mental health
challenges Maskey et al. (2013). Alarmingly, studies have brought attention to the
widespread occurrence of suicidal actions among the ASD individuals Jackson et
al. (2018) . Their parents also face heavy emotional and financial burdens, often
feeling isolated due to public misunderstandings and stigma Alshekaili et al. (2019)
Lecavalier et al. (2006) Upoma et al. (2020).

To support this need, we have developed a specialized Facial Emotion Recogni-
tion (FER) system tailored for children with ASD. By accurately recognizing their
unique emotional expressions, our system strengthens emotional bonds within fam-
ilies and promotes healthier communication. Beyond individual families, our work
has the potential to drive positive societal change. It can foster greater understand-
ing, acceptance, and inclusion of individuals with ASD in schools, communities,
and public spaces. By bridging emotional gaps, our system helps build a more
compassionate society where every child is understood, valued, and supported.

46



5.1.2 Sustainability Strategy

Sustainable AI engineering involves creating systems that maintain long-term effec-
tiveness while reducing energy demands. Balancing technological prowess with
environmental mindfulness plays a key role in securing AI’s long-term contribu-
tions to worldwide innovation.

Our project introduces a deep learning-based approach to help children with
ASD improve the recognition of their facial emotions. Many children with ASD
often have trouble expressing emotions in ways people easily understand. This can
cause frustration, misunderstandings, and emotional pain. By creating a system
that can understand these emotions accurately, caregivers and healthcare workers
can respond in the best way, leading to better mental health for children. Early
detection of emotional states allows for timely support, which is essential for their
future health.

By delivering high performance while using resources wisely, the project sup-
ports long-term sustainability. The system uses less computing power while staying
accurate, so people and small organizations with fewer technological resources
can benefit. This approach makes AI tools easier to use, helping more people to
take part in AI-assisted healthcare and learning. Moreover, this tool supports ASD
children to take part in school and social life, reducing misunderstandings and
making sure they feel included.

As AI continues to advance, the combination of efficient methods for emotion
recognition can enhance accessibility and inclusivity in various fields. The project
introduces an advanced AI system using Xception and attention mechanisms to
read emotions from facial expressions.

Making AI efficient, open for growth, and future-ready helps develop smarter
systems. These features help to grow healthcare and AI while building reliable and
adaptable technology for everyone. The project promotes building tools that are
flexible for helping society, leading to stronger industries and new ideas. Making
the best use of resources is a key part of the project’s plan for long-term success. The

47



system runs effectively without wasting too much power or computing capacity,
reducing its impact on the environment. This approach proves that new technology
can develop without causing damage to nature.

Choosing eco-friendly AI development keeps technological progress balanced,
responsible, and helpful for society. It lays the foundation for future AI to be both
effective and responsible, so its benefits are accessible to all communities.

5.2 Brief Summary

This paper addresses the problem of the Xception model that focuses on local
receptive fields, giving equal importance to all channels, and fails to capture long-
distance correlation due to lack of attention modeling. This causes texture bias
towards the model Geirhos et al. (2018) and degrades the generalization power
of complex images and struggles to give better accuracy on small datasets. Rec-
ognizing these limitations becomes even more critical when focusing on sensitive
applications such as facial emotion recognition for children with Autism Spectrum
Disorder (ASD) due to poor facial expression. Depending on that, the main objec-
tives of this study were to implement an enhanced deep learning model (Xception
architecture) to recognize emotion through facial expression of ASD children. At
the same time optimise the deep learning model and strengthen interpretability or
feature extraction by integrating an attention mechanism. To achieve our objectives,
we proposed a depthwise separable convolutional neural network including a
Squeeze-and-Excitation block (SE block) with a GELU activation function between
the depthwise convolution and pointwise convolution. So that, when the feature is
extracted parallelly through depthwise convolution and stacked together, the SE
block can give attention to each channel to find out which channel carries the most
important feature. After extraction, all the feature were extracted through pointwise
convolution. Next, this proposed depthwise separable convolutional neural net-
work were applied in Xception architecture. The three-building block (Entry flow,
middle flow, and exit flow) of Xception architecture were modified by including 5*5
kernels, mixed activation functions (ReLU + GELU), and increasing and decreasing
layer and channel numbers as well. After applying this attention-based Xception
model to an ASD-specific dataset, we found that compared to the base model of

48



Xception architecture and existing attention based Xception model, our model has
outperformed in distinguishing all the classes. Specifically, when the base model
F1-score for sad, anger, and surprise was 67.59%, 77.54% and 89.21% our base model
achieved it 92.63%, 96.14% and 96.06%. The base model had 86.88% accuracy with
FLOPs of 16.72 billion and an inference time of 53.14 seconds, whereas our pro-
posed model achieved 96.57% accuracy with FLOPs of 0.77 billion and an inference
time of 9.146 seconds. The result suggests that, his proposed model is 5.8 times
faster, and in terms of FLOPs, it is ∼ 22 times more efficient, making the model
suitable for latency-sensitive tasks in emotion recognition tasks. Thus, adding the
Squeeze-and-Excitation (SENet) attention mechanism into the Xception model, its
giving channels wise attention, extracting each channel’s global representation
more efficiently. Our proposed methodology has great potential to recognize the
emotions of special children and mitigate problems of overlap of emotion.

5.3 Future works

We intend to include data privacy, as in real life the application will collect the
images of ASD children, preserve them, and then self-train the dataset for classi-
fication. At the same time, we want to include an IoT-based emotion recognition
system so that whenever children move, that surveillance-car-like system will also
move along with them, detect faces, and recognize emotions in real time.
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