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regions. To address this challenge, this study leverages facial images as a cost-effective
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and non-invasive alternative for ASD identification. A comprehensive evaluation of
twelve pre-trained deep learning models—including ResNet-50, ResNet-101, ResNet-
152, MobileNetV2, MobileNetV3, AlexNet, InceptionV1l (GoogleNet), SqueezeNet,
EfficientNetBO, DenseNet121, DenseNet201, and VGG16—was conducted. Among
these, DenseNet121 emerged as the top-performing model, achieving an accuracy of
90.33%, precision of 92.00%, recall of 92.00%, and an F1-score of 90.00%. Explainable
Al techniques, including Local Interpretable Model-Agnostic Explanations (LIME) and
Gradient-weighted Class Activation Mapping (Grad-Cam), were applied to highlight
facial regions crucial for the model's predictions, enhancing transparency and trust.

Keywords: The proposed DenseNet121 model outperformed previous works. The results
Autism Spectrum Disorder; Deep demonstrate the efficacy of this approach, offering a reliable, interpretable, and
Learning; Explainable Al; LIME; Grad- accessible solution for ASD identification, particularly in resource-constrained settings.
CAM

1. Introduction

Autism spectrum disorder (ASD), is a neurological developmental disorder. It affects how people
communicate and interact with others, as well as how they behave and learn [1]. Symptoms and signs
of ASD appear when a child is very young. It is a chronic illness which is why there are no full
treatments. A case study found that 33% of children with difficulties other than ASD have some ASD
symptoms while not meeting the full classification criteria [2]. In the Southeast Asia region, it is
estimated that every 1 in 160 children has ASD. Recently, the Bangabandhu Sheikh Mujib Medical
University (BSMMU) in Bangladesh confirmed that almost 2 in 1000 children have been suffering
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from ASD in Bangladesh. Wherein, the urban prevalence is higher than the rural areas. Usually, all
symptoms of ASD appear between 18 to 36 months of age. In this case, the awareness and skills of
the primary healthcare service provider play a vital role in ensuring appropriate referral systems for
exact intervention in the healthcare services delivery system for children with autism. Because early
intervention can change the course of life of an autism-affected child [3]. Over the years,
advancements in technology and the growing availability of vast datasets have spurred the
exploration of innovative approaches to enhance the accuracy and efficiency of ASD diagnosis.

ASD affects a significant percentage of the pediatric population. In most cases, it can usually be
identified in its early stages, but the major problem lies in existing diagnosis procedures. As a result,
there is a waiting time of at least 13 months from the initial suspicion to the actual diagnosis. The
diagnosis takes many hours [4], and the continuously growing demand for appointments is much
greater than the peak capacity of the country’s pediatric clinics [5]. ASD can be detected in many
ways. Facial Expression is one of them. Using deep learning or machine learning with facial datasets
can be an effective and faster way to detect ASD-affected cases.

ASD-related studies such as using brain imaging techniques like MRI and PET have helped us
understand how the brain develops differently in people with autism spectrum disorder (ASD) [6-8].
A study by Daniel et al., demonstrates the efficacy of functional connectome patterns and SVM-based
models, achieving ASD detection accuracies ranging from 70% to 80%, with notable contributions
from deep learning approaches and feature selection methods [9].

Using facial datasets for Autism Spectrum Disorder (ASD) detection offers a non-invasive, cost-
effective, and accessible alternative to traditional modalities like MRI or EEG, which are expensive
and require specialized equipment. Facial images can be collected easily using standard cameras or
smartphones, making the approach scalable and suitable for large-scale screening in diverse settings.
This method is also more child-friendly, as it avoids stressful clinical procedures and enables
detection in familiar environments. Additionally, facial image analysis can reveal subtle phenotypic
features associated with ASD, providing novel insights that complement traditional diagnostic
techniques. In this research, we have applied twelve different pre-trained deep learning models using
transfer learning on children’s facial dataset for the identification of ASD. The images have gone
under preprocessing steps. Then, they are fed into the models to accomplish the classification task.
Explainable Artificial Intelligence (XAl) has been used in the model’s output for model explanation. In
this paper, Grad-CAM and LIME techniques have been applied to understand the CNN decision. These
strategies aid in comprehending the specific portions of an input image that hold significance for the
CNNs’s prediction of a given class.

We have structured our paper as follows: The “Related Works” section summarizes the literature
review performed. The “Methodology” section explains the working and methodology of the system
we have proposed and its implementation. The “Result and Discussion” section portrays the
inferences and results obtained. Finally, the “Conclusions” section highlights our conclusions.

2. Related Works

A study presents a novel deep-learning approach for automatic facial expression recognition [28].
The proposed architecture first segments the facial components known to be important for facial
expression recognition and forms an iconized image. It then performs facial expression classification
using the obtained iconized facial component image combined with the raw facial images. This
approach integrates local, part-based features with holistic facial information for robust facial
expression recognition. The preliminary experimental results using the proposed system achieved
93.43% facial expression recognition accuracy, which is more than a 6% improvement compared to
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facial expression recognition from raw input images. The proposed cascaded CNN architecture
achieved a facial expression recognition accuracy of 93.43% in the preliminary experimental results.
This accuracy is more than a 6% improvement compared to facial expression recognition from raw
input images. The proposed system outperformed a single CNN architecture that directly recognizes
facial expressions from raw facial images. The cascaded CNN architecture benefits from guided image
analysis, the fusion of part-based and holistic information, and patient de-identification and privacy.
The iconized images produced by the first CNN architecture facilitate the use, archiving, and
communication of critical facial features while protecting patient privacy.

Another study introduces a novel approach for detecting ASD using deep learning techniques
applied to facial images [32]. ASD is a developmental disability characterized by challenges in social,
communication, and behavioral abilities. While individuals with ASD may not differ significantly from
others in appearance, their interactions may be distinct, with some requiring assistance for basic
needs. Early identification of ASD is crucial for providing timely therapy to enhance skill development.
Given the neurological nature of the disorder, researchers have explored various image processing
techniques, primarily based on MRI images, to predict ASD in advance. This study focuses on
developing a prediction system utilizing Convolutional Neural Networks (CNNs) trained on facial
photos.The dataset utilized for model training and testing is sourced from Kaggle and split into an
80:20 ratio for training and testing purposes. Results indicate that the proposed model achieves an
impressive accuracy rate of 91%, with an overall loss of 0.53. This highlights the potential of deep
learning-based approaches for ASD detection, offering a non-invasive and efficient means of early
diagnosis.

Another work helped to establish that the findings of this study have important implications for
understanding emotional processing in individuals with ASD [29]. By using physiological signals,
researchers were able to objectively classify affective states in children with ASD. This approach has
the potential to provide a language-free, non-invasive, and economically feasible means of
recognizing and communicating internal emotional states in individuals with ASD. This study also
highlighted the importance of individual-specific approaches in detecting and classifying affective
states in ASD. The variability in optimal features selected across participants suggests that each
individual may have unique physiological patterns associated with their emotional states. Therefore,
future research should consider individualized approaches to better understand and classify
emotional responses in individuals with ASD. While the study provides valuable insights into the use
of physiological signals for detecting emotional states in individuals with ASD, some limitations
should be addressed in future research. Firstly, the sample size was relatively small, which may limit
the generalizability of the findings. Future studies should aim to include a larger number of
participants to ensure the robustness of the classification results.

Another research in ASD investigates the use of machine learning techniques to identify neural
connectivity patterns that can accurately classify individuals with autism from typically developing
individuals [30]. The study focuses on the causal influence of brain areas during a Theory-of-Mind
(ToM) task and examines the discriminative power of effective connectivity measures in predicting
group membership. The study involved 15 high-functioning adolescents and adults with autism and
15 typically developing control participants. Participants were asked to view a series of comic strip
vignettes in an MRI scanner and choose the most logical end to the story from three alternatives. The
mean time series from 18 activated regions of interest were processed using a multivariate
autoregressive model (MVAR) to obtain the causality matrices for each participant. These causal
connectivity weights, along with assessment scores, functional connectivity values, and fractional
anisotropy obtained from DTI data, were submitted to a recursive cluster elimination-based support
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vector machine (SVM) classifier to determine the accuracy of predicting a participant's group
membership.

A study on an innovative approach for identifying biotypes across psychiatric disorders using
neuroimaging data [31]. Schizophrenia (SZ) and autism spectrum disorder (ASD) have been perceived
as distinct disorders, yet they overlap in clinical symptoms. Conventional diagnostic methods reliant
on clinical manifestations often gives inaccurate results, highlighting the need for alternative
biotypes using neuroimaging measures, particularly brain functional connectivity (FC). Previous
studies have not effectively utilized FC in detecting biotypes, necessitating the development of
innovative methodologies. Leveraging insights provided by graph theory in elucidating topological
information within FC, the proposed method employs a graph kernel-based clustering technique. This
involves identifying frequent subnetworks within the whole-brain FCs of all subjects, followed by
computing graph kernel similarity to measure relationships between subjects for clustering purposes.
This study applied that approach to functional magnetic resonance imaging (fMRI) data obtained
from 137 SZ and 150 ASD subjects. Through the proposed method, researchers successfully identified
meaningful biotypes demonstrating significant differences in FC profiles. The graph kernel-based
clustering method presents a promising avenue for transdiagnostic biotype detection, offering
potential insights into the underlying neural mechanisms associated with SZ and ASD. Mainly this
research presents a pioneering methodology addressing challenges associated with conventional
diagnostic frameworks, offering a robust approach towards uncovering transdiagnostic biotypes
across psychiatric disorders.

Another study introduces a novel approach for detecting Autism Spectrum Disorder (ASD) using
deep learning techniques applied to facial images [32]. ASD is a developmental disability
characterized by challenges in social, communication, and behavioral abilities. While individuals with
ASD may not differ significantly from others in appearance, their interactions may be distinct, with
some requiring assistance for basic needs. Early identification of ASD is crucial for providing timely
therapy to enhance skill development. Given the neurological nature of the disorder, researchers
have explored various image processing techniques, primarily based on MRl images, to predict ASD
in advance. This study focuses on developing a prediction system utilizing Convolutional Neural
Networks (CNNs) trained on facial photos. The dataset utilized for model training and testing is
sourced from Kaggle and split into an 80:20 ratio for training and testing purposes. Results indicate
that the proposed model achieves an impressive accuracy rate of 91%, with an overall loss of 0.53.
This highlights the potential of deep learning-based approaches for ASD detection, offering a non-
invasive and efficient means of early diagnosis.
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3. Methodology
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Fig. 1. Flow chart of the proposed methodology

The proposed methodology of this research has been illustrated in Figure 1. Pre-trained deep
learning models are fine-tuned using the training and validation sets for Autism Spectrum Disorder
(ASD) identification. The performance of the trained models is evaluated on the test set using metrics
such as accuracy, precision, recall, F1-score, and a confusion matrix. To enhance the interpretability
of model predictions, Explainable Al techniques like Grad-CAM and LIME are employed, providing
visual explanations and insights into the facial regions contributing to the classification decisions. This
approach ensures a robust evaluation of both model performance and interpretability, supporting
reliable and transparent ASD identification using facial images.

3.1 Dataset Description

We have used a high quality image dataset containing facial images of children in this research
[26,27]. The dataset comprises 2950 images, featuring autistic and non-autistic children, meticulously
organized into training, testing, and validation sets. The dataset is structured into three main subsets
- train, test, and valid have been shown in Figure 2. The dataset has two main classes - Autistic and
Non_Autistic.

3.2 Data Pre-processing
The whole data set has been resized so that all images are equal in size. Using this approach,

system input data can be altered to prevent errors caused by data size imbalance. We changed the
images to 224x224 pixels. Then, normalization has been performed.
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Fig. 2. Dataset description
3.3 Use of Transfer Learning-based Pre-trained Models

Transfer learning applies a variety of pre-trained models to train another desired classification
issue. To train the system, twelve pre-trained models have been chosen. The loss function employed
by this work was binary cross entropy. Binary cross entropy (BCE) is a good fit for the suggested
system because it uses binary classifiers. In order to prevent any further updates, the weights of the
pre-trained models were immobilized.

The training processes for ResNet-50 [10], ResNet-101 [11], ResNet-152 [12], MobileNetV2 [13],
MobileNetV3 [14,15], AlexNet [15-17], InceptionV1 [18], SqueezeNet [19], EfficientNetBO [20,21],
DenseNet121 [22], DenseNet201 [23,24], and VGG16 [25,33] were designed to optimize their
performance in identifying ASD, leveraging the strengths of these pre-trained architectures. Each
model was initialized with weights pre-trained on ImageNet, ensuring a robust starting point for
transfer learning. Input images were uniformly resized to 224x224 pixels with three color channels
(RGB), providing consistency across the dataset and aligning with the input requirements of the
models.

For all models, a global average pooling layer was added to the architecture to reduce the spatial
dimensions of feature maps while retaining their semantic richness. This was followed by a fully
connected dense layer with 512 units, using the ReLU activation function to learn complex patterns
from the extracted features. A final dense layer with two units was employed to classify the images,
using a sigmoid activation function for binary classification.

Training was conducted using the Adam optimizer, initialized with a learning rate of 0.001 to
ensure efficient convergence. A learning rate scheduler was implemented to dynamically reduce the
learning rate by 5% starting from the fifth epoch, facilitating stability during training and improving
performance. Each model was trained over 30 epochs with a batch size of 64, balancing
computational efficiency with the ability to process large amounts of data per iteration.

The training process included splitting the dataset into training, validation, and test sets to
evaluate model performance at each stage and ensure generalization. An early stopping mechanism
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with a patience of five epochs was implemented, halting training if no improvement was observed in
validation performance, thereby preventing overfitting. Models were compiled with the binary cross
entropy loss function and accuracy as the primary evaluation metric, aligning with the binary-class
nature of the problem.

3.4 Model Explanation Using Grad-Cam and LIME

Grad-CAM and LIME were incorporated to enhance interpretability for each model. Grad-CAM
was used to generate heatmaps highlighting the regions of the input images that contributed most
to the predictions, while LIME provided localized explanations by approximating the model's
behavior around specific predictions [34-36]. These techniques added a critical layer of transparency,
enabling medical professionals to understand and trust the models’ decision-making processes.

4. Result and Discussion
4.1 Experimental Setup

The research has been implemented on Google Colab, which is an open cloud-based notebook
environment. Python has been chosen for its conciseness and ease of use. The models have been
created and trained with TensorFlow and Keras version 2.15.0. Google Colab hosts considerable
resources such as 12.50 GB RAM and 78 GB disc space. In order to perform model training and
evaluation without any intervening steps, we have used Google Drive to load data directly into
Google Colab.

4.2 Result Analysis

Figure 3 shows Loss vs. Accuracy curve of all twelve algorithms whose was implemented in this
research.
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Fig. 3. Loss vs. Accuracy Graph for the Models Used in this Research

This section presents the test results of the experiments conducted to detect ASD. Table 1
summarizes the testing results of the used deep learning models. The performance results for various
pre-trained deep learning models applied to the classification of Autism Spectrum Disorder (ASD)
using facial images reveal significant differences in accuracy, precision, recall, and F1 score.
DenseNet121 stands out as the most effective model, achieving the highest accuracy (90.33%),
precision (92.00%), recall (92.00%), and F1 score (90.00%), making it the most suitable choice for this
task. Among the DenseNet architectures, DenseNet121 outperformed DenseNet201, which achieved
an accuracy of 89.00% and a slightly lower recall (88.00%). This indicates that the smaller architecture
of DenseNet121 might generalize better for the given dataset compared to its larger counterpart.
MobileNetV2 and ResNet-101 also demonstrated strong performance, with MobileNetV2 achieving
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89.67% accuracy and 90.00% precision, and ResNet-101 closely following with 88.67% accuracy and
89.00% precision and recall. These results suggest that lightweight models like MobileNetV2 can
balance efficiency and performance effectively, making them potential alternatives when
computational resources are limited. While AlexNet, Inception V1, and MobileNetV3 achieved
comparable accuracies (88.00%, 88.00%, and 87.67% respectively), they exhibited variability in
precision and recall. For instance, InceptionV1 achieved a higher recall (90.00%) but lower precision
(87.00%) than AlexNet, indicating a trade-off between correctly identifying true positives and
avoiding false positives. ResNet-152 showed a noticeable drop in performance, with an accuracy of
82.00%, likely due to overfitting on the dataset. Similarly, SqueezeNet and EfficientNet
underperformed compared to the top models, with accuracies of 86.00% and 85.33%, respectively.
These results highlight that not all architectures are equally effective for ASD classification,
particularly when the dataset characteristics do not align with the model's strengths. VGG16
demonstrated the lowest performance across all metrics, with an accuracy of 75.33% and a recall of
only 71.00%, reflecting challenges in effectively extracting features from facial images for ASD
classification. The results affirm that DenseNet121, with its ability to extract meaningful features and
maintain a balanced trade-off among evaluation metrics, is the optimal choice for this application.

Table 1
Performances of the pre-trained deep learning models
Model Name Accuracy (%) Precision (%) Recall (%) F1-Score (%)
ResNet-50 86.00 86.00 86.00 86.00
ResNet-101 88.67 89.00 89.00 89.00
ResNet-152 82.00 82.00 83.00 82.00
MobileNetV2 89.67 90.00 89.00 90.00
MobileNetV3 87.67 86.00 89.00 88.00
AlexNet 88.00 88.00 88.00 88.00
Inception V1 88.00 87.00 90.00 88.00
SqueezeNet 86.00 86.00 85.00 86.00
EffecientNet 85.33 86.00 85.00 85.00
DenseNet121 90.33 92.00 92.00 90.00
DenseNet201 89.00 90.00 88.00 89.00
VGG16 75.33 78.00 71.00 74.00
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Figure 4 shows the confusion matrix of all implemented pre-trained deep learning models.
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Figure 5 shows ROC and AUC of all implemented models.
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Fig. 5. ROC curve of the deep learning models
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In Figure 6 the Grad-CAM output of the models has been shown.
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Fig. 6. Grad-Cam visualization of the deep learning models
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Another Explainable Al = LIME output has been shown in Figure 7.
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Fig. 7. LIME visualization of the deep learning models

The comparative analysis in Table 2 highlights the effectiveness of the proposed DenseNet121
model over previously reported approaches for Autism Spectrum Disorder (ASD) classification using
facial images. The DenseNet121 model achieved the highest accuracy of 90.33%, surpassing both
Tamilarasi et al., [26] (89.00%) and Jahanara et al., [27] (84.67%).

Tamilarasi et al., [27] employed ResNet50, achieving an accuracy of 89.00%. While ResNet50 is a
powerful feature extractor, the DenseNet121 architecture leverages dense connectivity to enhance
feature reuse and mitigate gradient vanishing, which likely contributed to its superior performance.
Additionally, no explanation method was provided in Tamilarasi et al.,'s [26] approach, limiting its
interpretability and trustworthiness for deployment in real-world scenarios. Jahanara et al., [27],
using VGG19, reported an accuracy of 84.67%, which is significantly lower than the proposed model.
This performance gap highlights the limitations of the VGG architecture in handling complex feature
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representations in facial image data for ASD classification. Furthermore, similar to Tamilarasi et al.,
[26], no explainability mechanism was implemented, making it challenging to understand the model’s
decision-making process.

In contrast, the proposed DenseNet121 model not only outperformed the comparative models
in accuracy but also integrated Explainable Al (XAl) techniques, namely Grad-Cam and LIME. These
methods enable the identification of critical facial regions that influence predictions, thereby
enhancing transparency and user trust. This added interpretability is especially valuable in the
healthcare domain, where understanding model decisions is essential for ethical and clinical
acceptance. Overall, the proposed DenseNetl121-based approach demonstrates its superiority in
both performance and explainability, making it a robust and reliable framework for ASD
identification. By combining high accuracy with interpretability, this work sets a new benchmark for
ASD diagnosis using facial images, particularly in contexts requiring accessible and interpretable
solutions.

Table 2
Comparison between the proposed work and previous works
Model Used Accuracy (%) Model Explanation
Tamilarasi et al., [26] (ResNet50) 89.00 N/A
Jahanara et al., [27] (VGG19) 84.67 N/A
DenseNet121 (Proposed Model) 90.33 Grad-Cam and LIME

* N/A: Not Appropriately defined
5. Conclusions

This research introduces a novel approach for identifying Autism Spectrum Disorder (ASD) using
facial images, addressing the limitations of traditional diagnostic methods such as MRI and CT scans,
which are often expensive, time-consuming, and inaccessible in underprivileged areas. By leveraging
pre-trained deep learning models and Explainable Al (XAl) techniques, the study achieves both high
classification accuracy and interpretability, making it a significant step forward in Al-driven
healthcare solutions. Among the twelve state-of-the-art models evaluated, DenseNet121 emerged
as the most effective, achieving the highest accuracy of 90.33%, along with precision, recall, and F1-
score values of 92.00%, 92.00%, and 90.00%, respectively. The model's superior performance is
attributed to its dense connectivity architecture, which enhances feature reuse and improves
gradient flow. Explainability was achieved through Local Interpretable Model-Agnostic Explanations
(LIME) and Gradient-weighted Class Activation Mapping (Grad-Cam), which highlighted critical facial
regions influencing the model’s predictions. This interpretability ensures transparency and fosters
trust in the diagnostic process, which is crucial in medical applications. Compared to existing works,
the proposed DenseNet121-based approach outperformed models such as ResNet50 and VGG19 in
accuracy while providing additional interpretability. This combination of high performance and
transparency makes the approach a promising tool for early and accessible ASD diagnosis, particularly
in resource-constrained settings. This study not only underscores the potential of facial image-based
ASD identification but also highlights the importance of integrating Explainable Al to bridge the gap
between technological innovation and clinical practice. Future research could focus on expanding the
dataset, exploring ensemble methods, and integrating additional multimodal data to further enhance
performance and applicability. By addressing critical challenges in ASD diagnosis, this work
contributes to advancing Al's role in equitable and effective healthcare.
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