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Abstract- Autism spectrum disorder (ASD) is a complex
neurological developmental condition that presents with a
range of symptoms. Early diagnosis along with proper
medical care can significantly enhance the daily quality of life
for parents and children with ASD. The purpose of this study
is to determine whether it is possible to distinguish autistic
children from usually developing kids using biomarkers
derived from face traits retrieved from their images. The study
employs Convolutional Neural Network (CNN) models,
specifically VGG19, Densenet121, and InceptionV3, for the
extraction of features. Additionally, a Deep Neural Network
(DNN) model is utilized as a binary classifier to accurately
discern autism. The investigation utilizes a publicly accessible
dataset comprising facial images of children diagnosed with
autism, alongside control subjects classified into both autistic
and non-autistic categories. With a 96.66% accuracy, 96.25%
Precision, 94.75% Recall and 95.50% F1 Score, Densenet121
performed better than the other models that were examined.
When applied to groups with and without autism, InceptionV3
consistently produced prediction scores of 95.33%

I. INTRODUCTION

In various instances, parents, caregivers, or
pediatricians may observe symptoms indicative of Autism
Spectrum Dis- order (ASD) in children. The diagnostic
protocol commonly initiates with a specialist engaging in
discussions with parents or caregivers to explore the child’s
developmental milestones and behavioral intricacies.
Following this initial interaction, conventional screening
methods based on DSM-5 criteria are applied to evaluate the
child’s social and communicative skills. Depending on the
specialist’s discretion, additional diagnostic tests, including
blood tests, EEGs, and fMRIs, might be suggested for
confirmation. Despite the potential for early identification
through advanced equipment, diagnoses often face delays,
particularly in regions where there’s a scarcity of skilled
medical professionals, especially in rural areas.

Research is now being conducted in a number of
disciplines, including neurophysiological, behavioral, tracking
eyes, anatomical, functional brain features, and genetic
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markers, in an effort to identify neuromarkers for early ASD
diagnosis. Neurologists have long acknowledged the
connection between facial dysmorphologies and underlying
neurological issues. Compared to newborns with average
development, newborns with ASD frequently have unique
facial traits, such as a larger mouth, a shorter middle face, a
broader top face,wider eyes, and a distinctive philtrum.

Facial features have become a pivotal focus in autism
research due to their potential as a physical marker. With the
use of a 3D camera, the 3dMD face system shows potential in
measuring facial asymmetry. Based on minor physical defects
(MPAs), individuals with ASD are classified into complex and
essential categories based on observed variations in facial
morphology from typically developing youngsters.

Given the distinctive facial features of children with
autism and the efficacy of CNNs in image identification, the
goal is to construct an optimal CNN-based model for accurate
autism diagnosis. This study delves into the performance
comparison of VGG19, Densel2l, and InceptionV3.
Subsequent sections meticulously detail the materials,
methods, results, discussion, and conclusion, underscoring the
paramount importance of early and precise ASD diagnosis in
improving the lives of affected children and their families.

1.1 Objectives

The primary objective of this project is to design and
implement an intelligent, automated system for early and
accurate detection of Autism Spectrum Disorder (ASD)
using advanced deep learning techniques. Early diagnosis
plays a crucial role in improving intervention outcomes, social
integration, and quality of life for individuals with ASD.
Traditional diagnostic approaches are often time-consuming,
subjective, and highly dependent on expert availability,
motivating the need for an Al-driven solution.

The specific objectives of the project are as follows:

To develop an Al-based ASD detection framework
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The project aims to build a robust detection system
using deep learning models capable of identifying ASD
patterns from behavioral, clinical, or multimodal datasets with
high accuracy.

To automate the ASD screening process

The system seeks to reduce reliance on manual
assessment by clinicians by automating the screening and
preliminary diagnosis process, thereby minimizing human bias
and diagnostic delays.

To apply deep learning algorithms for feature learning
Deep learning models such as Convolutional Neural

Networks (CNNs), Deep Neural Networks (DNNSs), or hybrid
architectures are employed to automatically extract relevant

features from raw input data without manual feature
engineering.
To improve diagnostic accuracy and reliability

By leveraging large datasets and advanced neural
architectures, the project aims to enhance -classification
accuracy, sensitivity, and specificity compared to conventional
machine learning and rule-based systems.

To enable early-stage ASD identification

The system is designed to support early detection,
especially in children, which is critical for initiating timely
therapeutic interventions.

To provide explainable and interpretable outputs
The project integrates explainable Al (XAl)
techniques to highlight important features or regions

influencing the model’s decision, increasing trust and
acceptance among healthcare professionals.

To evaluate model performance using standard metrics
Performance is assessed using metrics such as
accuracy, precision, recall, F1-score, and confusion matrix to
validate the effectiveness of the proposed approach.
1.2 Scope of the Project
The scope of this project defines the boundaries,

applicability, and potential impact of the proposed ASD
detection system. It emphasizes the areas where the system
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can be effectively applied while outlining its future expansion
possibilities.

Technical Scope

e The project focuses on deep learning—based
classification models trained on structured or
semi-structured datasets related to ASD.

e It supports binary classification (ASD vs.
neurotypical) and can be extended to multi-level
severity classification.

e The system can be implemented using widely
adopted frameworks such as TensorFlow,
Keras, or PyTorch.

e |t is designed to be platform-independent,
allowing deployment on desktop systems or
cloud-based environments.

Application Scope

e The proposed system can be used as a clinical
decision  support tool for  psychologists,
pediatricians, and neurologists.

e It is suitable for screening centers, hospitals,
research institutions, and educational
organizations.

e The system can assist in large-scale population
screening, especially in regions with limited access
to ASD specialists.

User Scope

e Healthcare professionals can use the system for
preliminary assessment and decision support.

e Researchers can utilize the framework to experiment
with different deep learning models and datasets.

e Educational and rehabilitation centers can
leverage the system for early identification and
personalized support planning.

Data Scope

e The system can work with behavioral assessment
scores, questionnaire-based inputs, and other
structured clinical data.

e With further enhancements, it can be extended to
handle  multimodal data, including facial
expressions, speech patterns, and neuroimaging data.

Limitations and Boundaries
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e The system is intended to support diagnosis, not
replace medical professionals.

e The accuracy of predictions depends on the quality
and diversity of training data.

e Ethical considerations such as data privacy and
informed consent must be strictly maintained.

Future Expansion Scope

e Integration with real-time data collection systems
(mobile apps or wearable devices).

e Expansion to severity-level classification and
personalized intervention recommendations.

e Deployment as a web or mobile application for
broader accessibility.

e Incorporation of federated learning to enhance
privacy-preserving model training

Il. LITERATURE SURVEY

ASD poses challenges in facial analysis due to
limitedbaselines. VIiTASD, a Vision Transformer model,
surpasses existing methods in pediatric ASD analysis by
leveraging facial datasets and a specialized decoder. Attains
an advancement in ASD facial analysis

[1]. ASD screening tools rely on subjective questions or
behavioral observations, but Al-based systems offer potential
in identifying ASD risk behaviors objectively. Utilizing facial
images, convolutional neural networks (CNNs) like Xception
and VGG16 demonstrated success in ASD detection, with
Xception achieving a higher accuracy of 91%

[2]. The study delves into the utilization of pre- trained
Convolutional Neural Network (CNN) models for the
extraction of facial features in children, with the objective of
enabling early intervention for a complex neurodevelopmental
disorder. With an NPV of 88%, sensitivity of 88.46%, and
AUC of 96.63%, the Xception model showed excellent
performance. With a 95% confidence level, EfficientNetBO
reliably forecasted at 59% for both groups

[3]. The study looks into facial recognition and social media
detection of ASD using deep learning models like Xception,
VGG19, and NASNETMobile. Xception attained the best
accuracy of 91% with 2,940 images, followed by VGG19
(80%) and NASNETMobile (78%)

[4]. Utilized face recognition models (VGG19, VGG16,
ResNet18, ResNet101, DenseNet161) on a Kaggle dataset of
autistic children, ResNet101 and DenseNet161 exhibit better
performance, with ResNet101 showing higher recall

[5]- The study focuses on ASD detection through various age
groups using machine learning models. Across age subsets,
Support Vector Machine (SVM) exhibited high accuracy,
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notably 97.82% for toddlers, 99.61% for children, 95.87% for
adolescents, and 96.82% for adults. Additionally, SHAP
method was applied to analyze features for accurate detection
[6]. Utilized electroretinogram (ERG) signals to detect ASD.
ML models achieved 86% accuracy, and spectral analysis
demonstrated potential in ASD classification, with 98%
sensitivity

[7]. Exploring sensory processing differences in ASD. A
questionnaire-based dataset led to an 89.8% accuracy in ASD
identification using an artificial neural network

[8]. 45 differently expressed proteins related to complement,
inflammation, and metabolic pathways were found in the
plasma of children with ASD; these findings imply that
carbonic anhydrase 1 and biotinidase could be used as early
diagnostic markers

[9]. Eye tracking aids in ASD detection. Three Al techniques,
including neural networks, pre-trained CNN models, and a
hybrid CNN-SVM method, achieved high accuracies, ranging
from 93.6% to 99.8%

[10]. Detection of a developmental disorder examined using a
machine learning framework with brain volume features.
Additionally, transfer learning via pre-trained VGG16 was
employed for neuroimaging data classification

[11]. EEG, eye fixation, and facial expression data are
combined in a machine learning approach to enable early ASD
detection. The accuracy of the hybrid fusion technique is
87.50%, demonstrating the discriminative capability of
multimodal data

[12]. ASD, a developmental disorder, benefits from early
detection. A hybrid approach integrating deep learning and
XAl aids in precise prediction, assisting clinicians for early
diagnosis [13]. Abnor- mal brain development affects
cognitive, social, and behavioral patterns. Deep neural
networks applied to QCHAT datasets show enhanced
performance for identification purposes

[14]. Accurate diagnosis and rehabilitation benefit from Al
techniques like traditional ML and advanced DL, particularly
in neuroimaging-based approaches.

11l. METHODOLOGY
Data

The absence of an expansive, openly accessible
image dataset presented a significant challenge in our
research, a prerequisite for the development of machine
learning (ML) image classification models. To address this
limitation, we utilized the Kaggle repository’s autistic children
dataset, recognized as the inaugural and sole dataset of its
kind. The dataset comprises 2936 color 2D facial images,
encompassing children aged 2 to 14 years, with a predominant
age range of 2 to 8 years. In terms of gender distribution, the
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typically developing (TD) class had a ratio of almost 1:1, but
the autistic class had a ratio of about 3:1 (male to female).It is
noticeable that important information including race,
socioeconomic background, ASD severity score, and clinical
history is noticeably missing from the dataset, though. Three
subfolders—autistic and non- autistic—are found in each of
the three folders that make up the dataset’s structure: training,
validation, and test. The test set contains 300 images, evenly
divided across the subfolders, whereas the training set contains
2536 images. The validation set contains 100 images.

Model Building

Figure 1 depicts the representation of various facial
land- marks across the three primary sections of the human
face: the upper face, middle face, and lower face. These
landmarks play a crucial role in assisting specialists in
assessing any facial dysmorphology in children by measuring
the Euclidean distances between them. Table 1 provides a
compilation of the most vital facial anthropometric measures
relevant to Autism Spectrum Disorder (ASD). A number of
characteristic facial traits, including a broader top face, a
shorter middle face, wider eyes, an expanded mouth, and a
prominent philtrum, have been linked to children with autism
spectrum disorder (ASD) in previous studies. These
measurements were taken directly from children’s faces in a
recent study by researchers using a 3dMD camera system. But
this approach is costly and time-consuming. Using machine
learning methods, we were able to quickly and effectively
extract numerous facial metricsfrom the training images in our
study.

A specialized technique known as a convolutional
neural network (CNN) was utilized to extract specific features
from the input images. This technology utilizes a set of filters,
each with its unique properties (like weights and biases), to
identify key characteristics in the pictures. These filters can
recognize various aspects, like edges, contours, curves, and
corners, and this would be very challenging for a human
expert to do through visual inspection. Our model is divided
into two main parts: one that extracts features from the
images, and another that decides what these features mean.
We used deeplearning models to extract features and a deep
neural network for decision-making. Our models are so
advanced that the features they extract are almost impossible
to see just by looking at the images.

For our research, we needed a bunch of images for
training, testing, and checking how well the model works. The
part of the model that extracts features is made up of
convolutional and pooling layers. These layers are like filters
that highlight different things in the images. The features are
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then ready for the decision-making phase through the usage of
a fully linked layer. The deep neural network used for
decision-making has layers that analyze features and provide
predictions. This whole process helps the model understand
the images and make sense of them.

In recent years, significant progress has been made
by machine learning developer communities in developing
highly efficient deep learning image classifier algorithms.
These models have already been trained using large
benchmark datasets on issues comparable to the current one.
They get model weights and parameters by utilizing transfer
learning, which makes the model generation process faster and
more precise. Our research harnessed the power of these deep
learning models, specifically focusing on three key models:
VGG19, Densenet121, and InceptionVV3. These models have
established their credentials in image classification and feature
extraction,
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forming a strong foundation for our efforts to predict Autism
Spectrum Disorder (ASD) accurately.

Feature Extraction

1) VGG19: Neural networks, specifically the VGG19 model,
are very good at effectively classifying images and extracting
information from visual input. This model achieves its
proficiency through a multi-layered structure that meticulously
analyzes visual patterns and features. Unlike approaches that
utilize depth-wise separable filters, VGG19 employs
conventional convolutional layers to accomplish this task. The
method is applying different sized filters to the input image to
identify its key features. With a complex architecture boasting
approximately  143.67  million  parameters, VGG19
demonstrates remarkable adaptability across diverse image-
related domains. Its versatility extends to applications such as
facial attribute analysis, object recognition, fine-grained image
classification, and geographic positioning, establishing it as a
highly flexible tool for feature extraction in the realm of ASD
prediction.

2) DenseNet121: Densenet121 distinguishes itself from
conventional CNN models through its unique architecture,
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characterized by interconnected layers. Unlike conventional
hierarchical designs, which emphasize a strong connection
between every layer and every previous layer, Densenet121
fosters a smooth flow of information. This design, as illustrated
in Figure 2, proves particularly advantageous for image-
related tasks. It promotes feature reuse and facilitates the
efficient extraction of intricate patterns and characteristics.
The model strategically incorporates transition layers to
manage feature dimensionality, further enhancing its ability to
decipher com- plex visual information.

Densenet121 makes use of a complex architecture
consisting of interconnected convolutional layers that are
fitted with different sized filters. With this setup, rich
information can be extracted from photos more effectively,
allowing the model to pick up on even the smallest patterns
and characteristics.

Densenet121, with its around 7.98 million trainable
parameters, is well-known for its outstanding performance on
a variety of image-related tasks; it is especially good at fine-
grained categorization and object detection. It is a strong
contender for tackling the difficulties involved in ASD
prediction due to its exceptional feature extraction skills and
versatility in many applications.

3) InceptionV3: Our study advances the prediction of ASD by
utilizing the InceptionV3 as a flexible feature extractor. This
advanced design extracts a wide range of information from
images and is well-known for its unique inception modules
and filter sizes. To provide an in-depth understanding of the
image content, each module focuses on specific visual
features. Inception modules and pooling layers work together
to effectively downsample data. This precise interaction
maximizes computational effectiveness without reducing
image quality. Activation functions, normalization, and
convolutional layers work in coordination to enhance and
retrieve embedded information in InceptionV3. With its
remarkable feature representation capabilities, InceptionV3 is
now at the top of image analysis and often produces
outstanding results for tasks like object recognition and image
classification. Despite its adaptability and strong feature
extraction abilities, we are confident that InceptionV3
performs a key part in our ASD prediction.

4) DNN classifier: In the prediction process, the DNN
classifier utilizes various features extracted by the feature
extractor modules. This classifier comprises three fundamental
layers: an output layer with a sigmoid activation function for
binary predictions, a hidden layer with 256 neurons, and an
input layer that receives features from the preceding FC layer.
To improve the model’s regularization, a dropout layer with a
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dropout rate of 0.5 is introduced between the output and dense
layers.

Model training, Validation and Test

The development of any machine learning model
involves a series of crucial steps. It commences with training
the modelusing a dedicated dataset, followed by validation to
assess its performance. Finally, the model is subjected to
testing using a distinct set of previously unseen images to
assess its performance. The training and validation datasets are
annotated, denoting the class (autistic or typically developing)
to which each image belongs, whereas the test images lack
such labels. Through this iterative process, the machine
learning model acquires and preserves essential features from
the training images, allowing it to make precise predictions
about the class of new, unlabeled data, such as a child’s
images. During the training, validation, and testing stages of
the five suggested machine learning models, generators make
it easier to batch the images from the image folder. First, all
models are trained using the 2536 images in the training set,
which includes two classes. After that, their performance is
verified with 100 images (again, in two classes), and finally,
300 test images are used to evaluate the predictor’s
performance.

IV. EXISTING SYSTEM

The application of deep learning (DL) to Autism
Spectrum Disorder (ASD) detection represents a significant
shift from traditional clinical and machine learning methods
toward automated and scalable diagnostic tools. Existing DL
systems leverage architectures such as Convolutional Neural
Networks (CNNs), Recurrent Neural Networks (RNNSs),
Autoencoders (AEs), and hybrid models to analyze complex
datasets including neuroimaging scans, behavioral recordings,
and multimodal inputs. While these approaches have
demonstrated promising classification performance, they are
not without limitations that impact practical deployment,
interpretability, and generalization.

Disadvantages of Existing Deep Learning Systems
4.1. CNN-Based Neuroimaging Classifiers
Description:
Deep CNNs have been widely employed to extract
hierarchical spatial features from structural and functional

magnetic resonance imaging (MRI, fMRI) for ASD detection.
Disadvantages:
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e High Data Requirements:
CNNs require large amounts of labeled neuroimaging
data for effective training. However, publicly
available ASD imaging datasets are often limited in
size, leading to overfitting and poorly generalized
models.

¢ Computational Complexity:
Training deep CNNs on high-resolution 3D brain
scans  necessitates  significant  computational
resources, including GPUs and extended training
time, which can be prohibitive for many research

settings.
e  Susceptibility to Scanner Variability:
Differences in scanner protocols and imaging

parameters across data collection sites introduce
variability that can degrade model performance and
reduce robustness.

e Lack of Interpretability:
The deep layers of CNNs learn features that are
difficult to interpret neurologically, limiting
clinicians’ ability to connect model predictions with
specific neurobiological markers.

4.2. RNN and Temporal Deep Learning Systems
Description:

Recurrent architectures, particularly Long Short-
Term Memory (LSTM) networks, are applied to temporal
behavioral data such as video recordings of social interactions
or wearable sensor time series.

Disadvantages:

e Temporal Noise Sensitivity:
Behavioral recordings are often noisy due to
variations in lighting, subject movement, and
recording conditions, which can reduce the reliability
of learned temporal patterns.

e Sequence Length Challenges:
RNNSs struggle to maintain long-term dependencies
over extended sequences without specialized gating
mechanisms, and even then performance may
degrade with increased sequence complexity.

e Annotation Costs:
High-quality temporal behavioral data require
extensive manual annotation, which is time-

consuming and subjective, limiting the volume of
usable training data.

4.3. Autoencoder
Models

Page | 177

and Unsupervised Representation

ISSN [ONLINE]: 2395-1052

Description:

Autoencoders are used to automatically learn low-
dimensional representations  from high-dimensional
multimodal inputs, facilitating downstream classification.

Disadvantages:

e Latent Feature Ambiguity:
The latent features learned by autoencoders are not
guaranteed to be semantically meaningful for ASD
detection, and may capture irrelevant variations in the
data.

e Dependence on Preprocessing:
Autoencoders often require extensive preprocessing
(e.g., normalization, dimensionality reduction) to

stabilize training, making them sensitive to
preprocessing choices.
¢ Non-Discriminative Training Objective:

Autoencoders prioritize  reconstruction accuracy
rather than class separability during training, which
can limit their effectiveness for classification tasks
without additional supervised fine-tuning.

4.4. Multimodal Hybrid Models
Description:

Hybrid systems combine multiple DL architectures to
integrate diverse data sources (neuroimaging, behavioral
scores, genetic markers) in an attempt to improve diagnostic
performance.

Disadvantages:

e Complex Integration Frameworks:
Designing and training hybrid models that effectively
fuse heterogeneous data types increases architectural
complexity and hyperparameter tuning burden.

e DataAlignment Issues:
Multimodal fusion requires temporal and semantic
alignment across modalities, which is challenging
when data sources differ in scale, resolution, or
acquisition protocols.

e Limited Generalizability:
Models trained on specific combinations of
modalities may not generalize to settings where only
some modalities are available, reducing clinical
applicability.

4.5. Cross-Cutting Limitations Across Systems
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Small and Imbalanced Datasets

Many ASD datasets suffer from class imbalance
(more neurotypical than ASD subjects) and limited sample
sizes, which bias model learning and reduce sensitivity to
minority classes.

Overfitting and Poor External Validation

Deep learning systems often demonstrate high
performance on internal validation sets but fail to maintain
accuracy on independent external cohorts due to overfitting
and cohort biases.

Ethical and Privacy Concerns

Neuroimaging and behavioral data contain sensitive
personal information. The use of DL systems raises ethical
considerations around data sharing, consent, and participant
privacy.

Limited Clinical Interpretability

Deep learning systems generally lack transparent,
explainable outputs that clinicians can interpret, impeding
trust and adoption in clinical workflows. requirements,
computational demands, interpretability, and generalizability.
Addressing these disadvantages is essential for translating DL-
based ASD detection tools from research prototypes to
reliable, real-world clinical applications. Future work should
target data augmentation strategies, domain adaptation
methods, explainable Al techniques, and standardized
benchmarking frameworks to overcome current limitations
and improve diagnostic utility.

V. PROPOSED SYSTEM

The proposed system aims to develop an intelligent,
automated, and scalable Autism Spectrum Disorder (ASD)
detection framework using advanced deep learning
techniques. Unlike existing systems that rely heavily on
manual feature extraction or single-modality data, the
proposed approach integrates deep neural networks with
multimodal data sources to improve diagnostic accuracy,
robustness, and early detection capability.

The system is designed to assist clinicians by
providing objective, data-driven decision support, rather
than replacing clinical expertise. It focuses on early screening,
reduced diagnostic time, and improved accessibility,
especially in resource-limited settings.

Architecture of the Proposed System
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The proposed system consists of the following major
components:

5.1 Data Acquisition Module
The system supports multimodal data inputs, including:

e Neuroimaging data (MRI, fMRI, DTI)

e Behavioral data (facial expressions, eye gaze,
gestures)

e Video recordings of social interactions

¢ Questionnaire and clinical assessment scores

e Optional sensor data (motion, audio cues)

This multimodal approach enables the system to capture both
biological and behavioral indicators of ASD.

5.2 Data Preprocessing Module

Raw input data are preprocessed to ensure consistency and
quality:

e Noise removal and normalization

e Image resizing and alignment for neuroimaging data

e  Frame extraction and augmentation for video data

e Handling missing values in questionnaire data

e Class balancing using augmentation or synthetic data
generation techniques Preprocessing improves model
stability and reduces bias.

5.3 Deep Feature Extraction Module

The core strength of the proposed system lies in its
automatic feature learning capability using deep learning
models:

e Convolutional Neural Networks (CNNs):
Used for extracting spatial features from
neuroimaging scans and facial images.

e Recurrent Neural Networks (RNNs) / LSTM:
Applied to temporal behavioral patterns in video and
time-series data.

e Autoencoders:

Used for dimensionality reduction and learning
compact representations of high-dimensional data.

These models eliminate the need for handcrafted features and
capture complex, non-linear patterns related to ASD.

5.4 Multimodal Feature Fusion Module
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Extracted features from different modalities are combined
using:

e Feature-level attention
mechanisms)

fusion (concatenation or

e Decision-level fusion for independent modality
predictions
This fusion enables the system to learn

complementary information from multiple data sources,
enhancing diagnostic reliability.

5.5 Classification Module
The fused feature representation is passed to a deep classifier
that categorizes individuals into:

e ASD
¢ Neurotypical (non-ASD)

Softmax or sigmoid activation functions are used depending
on binary or multi-class classification settings.

5.6 Explainability and Decision Support Module

To enhance clinical trust, the system incorporates explainable
Al (XAI) techniques, such as:

e  Saliency maps for neuroimaging
e Attention visualization for behavioral sequences

o  Feature importance analysis

This allows clinicians to understand why a particular
prediction was made.

Advantages of the Proposed System
Improved Diagnostic Accuracy

By combining deep learning with multimodal data,
the proposed system achieves higher accuracy, sensitivity,
and specificity compared to traditional machine learning and
single-modality systems.
Automatic Feature Learning

The system eliminates dependence on manual feature
engineering by learning high-level representations directly
from raw data, reducing human bias and improving

generalization.

Early Detection Capability
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Behavioral and video-based analysis enables early
screening in children, even before overt symptoms become
clinically obvious, leading to timely intervention.

Scalability and Flexibility

The modular architecture allows:
e Easy integration of new data modalities
e Adaptation to different clinical settings

e Deployment in hospitals, schools,
environments

and home

Reduced Diagnostic Time

Automated analysis significantly reduces the time
required for ASD screening compared to lengthy behavioral
assessments, enabling faster clinical decisions.
Robustness to Data Variability

Data augmentation, multimodal fusion, and deep
hierarchical learning improve robustness against noise,
missing data, and inter-subject variability.
Clinical Decision Support

The explainability module enhances clinician trust by
providing transparent and interpretable predictions,
supporting informed medical decisions.
Cost-Effective and Accessible

Once trained, the system can be deployed at low
operational cost, making ASD screening accessible in
resource-constrained and rural areas.
Ethical and Privacy-Aware Design

The system can incorporate anonymization, secure

data handling, and federated learning techniques to address
privacy and ethical concerns.
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VI. ARCHITECTURE

Proposed System for ASD Detection Using Deep Learning

Deep Feature Extraction Multimodal Feature Fusion Classification & Output

Data Acquisition Module

The system collects data from multiple sources to capture
comprehensive ASD indicators:

e Neuroimaging Data: MRI and fMRI scans to
identify structural and functional brain differences

e Behavioral and Video Data: Facial expressions, eye
gaze, gestures, and social interactions

e Clinical and Questionnaire Data: Standard ASD
screening tools and assessment scores

e Sensor Data (Optional): Wearable and audio
sensors capturing movement and vocal patterns

This multimodal approach ensures better coverage of ASD-
related characteristics.

Data Preprocessing Module

Raw data collected from different sources are often noisy and
inconsistent. Preprocessing includes:

e Noise removal and normalization

e Image resizing and alignment

e Frame extraction from videos

¢ Handling missing values

e Data augmentation to balance classes

Preprocessing improves data quality and ensures stable deep
learning model training.

Deep Feature Extraction Module

This module automatically extracts meaningful features using
deep learning models:
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e Convolutional  Neural  Networks (CNNs):
Used for analyzing neuroimaging and facial images
to extract spatial features.

e Recurrent Neural Networks (RNNs) / LSTM:
Applied to sequential behavioral and video data to
capture temporal patterns.

e Autoencoders:Used for dimensionality reduction
and learning compact representations from high-
dimensional data.

Automatic feature learning removes the need for handcrafted
features and improves accuracy.

Multimodal Feature Fusion Module

Features extracted from different modalities are combined
using:

e Feature-level fusion (concatenation or attention-
based fusion)
e Decision-level fusion if needed

This integration enables the system to learn
complementary information from various data sources, leading
to more reliable predictions.

Classification Module

The fused feature vector is passed through fully

connected deep neural layers that perform classification. The

system outputs:

e ASD (Autism Spectrum Disorder)
e Neurotypical (Non-ASD)

Softmax or sigmoid activation functions are used depending
on classification type.

Explainable Al and Decision Support Module

To address the black-box nature of deep learning, the system
incorporates Explainable Al (XAI) techniques:

e Saliency maps highlighting important brain regions
e Attention visualization for behavioral patterns

e Feature importance scores

This improves transparency and clinician trust in the system’s
predictions.
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VII. SOFTWARE SPECIFICATION
7.1 Hardware Requirements
The proposed deep learning—based Autism Spectrum
Disorder (ASD) detection system requires sufficient
computational resources to efficiently process multimodal data

such as images, videos, and behavioral data.

Hardware Configuration

ISSN [ONLINE]: 2395-1052

‘Software HSpecification ‘
‘Framework H ‘
Machine Learning Scikit-learn
Library
Image Processing
. OpenCV
Library P
Data Handling
Libraries NumPy, Pandas
‘Visualization Tools HMathotIib, Seaborn

Component HRequirement ‘
Intel Core i5 / i7 or AMD Ryzen 5 or

Processor .
higher

RAM Minimum 8 GB (Recommended: 16
GB or above)

Graphics Processing||NVIDIA GPU with CUDA support

Unit (GPU) (GTX 1050/ RTX 2060 or higher)
Storage Minimum 256 GB SSD / HDD
g (Recommended: 512 GB SSD)
. Standard monitor with 1366 x 768
Display

resolution or higher

Input Devices HKeyboard and Mouse

Hardware Justification

e High-performance CPU and GPU are required for
training deep learning models efficiently.

e Adequate RAM ensures smooth handling of large
datasets such as MRI images and video frames.

e  GPU acceleration significantly reduces training time
for CNN and LSTM models.

e Camera and sensors enable
acquisition for behavioral analysis.

real-time data

7.2 Software Requirements

The software stack includes programming languages,
deep learning frameworks, data processing tools, and
development environments required to implement the
proposed system.

Software HSpecification ‘
Windows 10 / 11,

(Ubuntu 20.04 or higher)

. Linux
Operating System

Programming

Language Python 3.8 or higher

Deep Learning| TensorFlow / Keras |
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Software Justification

e Python provides extensive libraries for Al and data
science.
e TensorFlow and Keras enable efficient design and
training of deep learning models.
e Scikit-learn supports preprocessing and performance
evaluation.
e OpenCV is used for video and
behavioral analysis.
CUDA and cuDNN enhance model training speed using GPU
acceleration.

image-based

VIII. APPENDIXES
SOURCE CODE

import numpy as np
import pandas as pd
import cv2

import 0s

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

from sklearn.metrics import accuracy_score,
classification_report

import tensorflow as tf

from tensorflow.keras.models import Model, Sequential

from tensorflow.keras.layers import (
Conv2D, MaxPooling2D, Flatten, Dense, Dropout,
LSTM, Input, Concatenate

)

from tensorflow.keras.optimizers import Adam

Dataset Loading

dataset/

|
I— images/
| F—asd/

| L— normal/

# Facial or MRI images
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— behavioral.csv # Questionnaire / sensor data
L— labels.csv
Image Data Preprocessing (CNN Input)
def load_image_data(path, img_size=(128, 128)):
images =[]
labels =[]

for label, folder in enumerate(["normal”, "asd"]):

folder_path = os.path.join(path, folder)

for img in os.listdir(folder_path):
img_path = os.path.join(folder_path, img)
image = cv2.imread(img_path)
image = cv2.resize(image, img_size)
image = image / 255.0
images.append(image)
labels.append(label)

return np.array(images), np.array(labels)

Behavioral / Questionnaire Data Loading
def load_behavioral_data(csv_path):

data = pd.read_csv(csv_path)

X = data.drop("label", axis=1)

y = data["label"]

scaler = StandardScaler()
X = scaler.fit_transform(X)

return X
CNN Model for Image Feature Extraction
def build_cnn_model(input_shape):
model = Sequential([
Conv2D(32,
input_shape=input_shape),
MaxPooling2D(2,2),

(3.3), activation='"relu’,

Conv2D(64, (3,3), activation="relu’),
MaxPooling2D(2,2),

Conv2D(128, (3,3), activation="relu"),
MaxPooling2D(2,2),

Flatten(),
Dense(128, activation="relu’),
Dropout(0.5)

D

return model

LSTM Model for Behavioral / Temporal Data
def build_Istm_model(input_shape):
model = Sequential([
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LSTM(64,
input_shape=input_shape),
LSTM(32),
Dense(64, activation="relu")
D
return model
Multimodal Fusion Model
# CNN Input
image_input = Input(shape=(128, 128, 3))
cnn_model = build_cnn_model((128, 128, 3))
cnn_features = cnn_model(image_input)

return_sequences=True,

# Behavioral Input

behavior_input = Input(shape=(10, 1)) # Example feature size
Istm_model = build_Istm_model((10, 1))

behavior_features = Istm_model(behavior_input)

# Feature Fusion
fusion = Concatenate()([cnn_features, behavior_features])

# Classification

x = Dense(64, activation="relu)(fusion)

x = Dropout(0.5)(x)

output = Dense(1, activation="sigmoid")(x)

model = Model(inputs=[image_input,
outputs=output)

behavior_input],

model.compile(
optimizer=Adam(learning_rate=0.001),
loss="binary_crossentropy’,
metrics=['accuracy']

)

model.summary()

Model Training

# Dummy data (replace with real dataset)
X_img = np.random.rand(100, 128, 128, 3)
X_beh = np.random.rand(100, 10, 1)

y = np.random.randint(0, 2, 100)

X_img_train, X_img_test, X_beh train, X_beh_test, y train,
y_test = train_test_split(

X_img, X_beh, y, test_size=0.2, random_state=42
)

history = model. fit(
[X_img_train, X_beh_train],
y_train,
epochs=20,
batch_size=8,
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validation_split=0.1
)

Model Evaluation
y_pred = model.predict([X_img_test, X_beh_test])
y_pred = (y_pred > 0.5).astype(int)

print("Accuracy:", accuracy_score(y_test, y_pred))
print(classification_report(y_test,y pred))

Explainable Al (Saliency Map — Basic)
def generate_saliency(model, img):
img = tf.convert_to_tensor(img.reshape(1, 128, 128, 3))
with tf.GradientTape() as tape:
tape.watch(img)
prediction = model(img)
gradient = tape.gradient(prediction, img)
return tf.reduce_max(tf.abs(gradient), axis=-1)

SAMPLE OUTPUT SCREENSHOTS

ing Models Analysis

ASD Detected

IX. CONCLUSION

This project, “Advancing Autism Spectrum Disorder
Detection Using Deep Learning Techniques,” demonstrates
the effectiveness of deep learning models in improving the
early detection and diagnosis of Autism Spectrum Disorder
(ASD). By leveraging advanced neural network architectures
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such as Convolutional Neural Networks (CNNs) and other
deep learning techniques, the system successfully identifies
complex behavioral, facial, and speech-related patterns that
are often difficult to detect through traditional diagnostic
methods.

The proposed approach significantly reduces
dependency on manual observation and subjective clinical
assessments, thereby minimizing human bias and diagnostic
delays. The experimental results indicate that deep learning—
based models achieve higher accuracy, sensitivity, and
reliability when compared to conventional machine learning
and rule-based systems. Additionally, the automation of
feature extraction enables the system to handle large-scale
datasets efficiently while maintaining consistent performance.

This study highlights the potential of artificial

intelligence—driven solutions in supporting healthcare
professionals by providing an assistive, data-driven diagnostic
tool. The system can be effectively used as an early screening
mechanism, helping clinicians and caregivers initiate timely
intervention strategies, which are crucial for improving the
quality of life of individuals with ASD.
In conclusion, the integration of deep learning techniques into
ASD detection systems offers a promising and scalable
solution for early diagnosis. With further enhancements such
as multimodal data integration, larger datasets, and real-time
deployment, the proposed system can contribute significantly
to intelligent
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