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Abstract- Autism Detect Al is a multimodal deep learning-based computer-aided diagnosis system for Autism
Spectrum Disorder (ASD). The system integrates audio and video data to analyze behavioral patterns and classify
features associated with ASD. Video data is processed using Convolutional Neural Networks (CNNs), while audio data
utilizes Mel-Frequency Cepstral Coefficients (MFCCs) combined with CNNs for classification. The proposed system
achieves an accuracy of 95% in identifying ASD in children. This high accuracy demonstrates its potential as an
objective and standardized tool for early ASD diagnosis, improving upon subjective clinical evaluation methods. The
findings highlight its effectiveness in clinical applications, enabling early intervention and improved developmental
outcomes.
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I. INTRODUCTION

CNNs are used to extract spatial features and identify
subtle behavioral patterns associated with ASD.

Autism Spectrum Disorder (ASD) is a complex
neurodevelopmental  condition  that  affects
communication, social interaction, and behavior.
Globally, approximately one in 100 children is
diagnosed with autism. Despite increasing
awareness, many cases remain undiagnosed due to
limited access to specialists and variability in
symptoms.

Audio Data Processing using MFCC and CNN
Speech abnormalities in ASD include variations in
tone, pitch, and rhythm. MFCCs are used to extract
acoustic features, which are processed using CNNs
to classify speech patterns.

PERFORMANCE AND IMPACT

The system achieves an accuracy of 95%,
demonstrating the effectiveness of multimodal
learning in ASD detection. It reduces diagnostic time
and improves objectivity.

Early detection plays a crucial role in improving
outcomes.  However, traditional  diagnostic
approaches rely on subjective clinical assessments,
which are time- consuming and often inaccessible in

low- resource settings.

Recent advancements in Artificial Intelligence (Al)
enable automated analysis of behavioral and
physiological signals such as facial expressions,
speech patterns, and eye gaze. These digital
biomarkers provide a scalable and objective
approach for early ASD detection.

Il. RELATED WORK

Video Data Processing using CNNs
Video data captures non-verbal behaviors such as
facial expressions, gaze direction, and gestures.

Multimodal Approaches

Unimodal systems lack robustness. Multimodal
systems combining visual, audio, and behavioral
data provide improved accuracy and generalizability.

1. METHODOLOGY

System Architecture

The system is designed as a modular framework
integrating multiple data sources. It includes data
acquisition, feature extraction, multimodal fusion,
and classification.
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Data Collection

The system collects three types of digital biomarkers:

e Visual Data: Facial expressions, gaze, gestures

e Audio Data: Speech patterns (pitch, tone,
rhythm)

e Behavioral Data: Response time, engagement,
repetitive actions

Feature Extraction Networks

Visual Feature Extraction

CNNs extract spatial features from video frames,
identifying reduced eye contact and atypical
expressions.

Audio Feature Extraction
MFCC features are processed using CNN and BiLSTM
models to capture temporal dependencies.

Behavioral Feature Extraction
Sequential models like LSTM analyze interaction
patterns and behavioral trends.

IV. EXPERIMENTAL SETUP

Dataset
One major advantage of using CNNs over NNs is that
you do not need to flatten the input images to 1D as
they are capable of working with image data in 2D.
This helps in retaining the “spatial” properties of
images.

The dataset includes:

e Visual Data: Social interaction videos
Video recordings are collected from structured
interaction tasks, social communication exercises,
and publicly available autism assessment datasets.
These videos capture facial expressions, eye gaze,
head movements, gestures, and repetitive behaviors,
which are essential indicators of ASD traits.

Audio Data: Speech recordings

Speech and vocal recordings are included to analyze
communication patterns. The dataset contains
recordings from interviews, storytelling sessions, and
prompted speech tasks. Features such as pitch, tone,
rhythm,

pauses, and articulation patterns are extracted for
analysis.

Behavioral Data: Task-based interaction metrics
Behavioral interaction data is collected through task-
based assessments, caregiver reports, and sensor-
based recordings. This includes attention span,
response time, engagement levels, and repetitive or
stereotyped behaviors, which are quantified and
annotated for machine learning models.. The system
is composed of specialized networks for each data
modality, a fusion network to integrate features, and
a final classifier for prediction. The hyper parameters
and architecture details are as follows:

Visual/Behavioral Model

Temporal Convolutional Neural Networks (CNN)
were used to extract spatial and temporal features
from facial expressions, gestures, and interaction
patterns. The CNN layers had filters [64, 128] with
kernel size 5, followed by a Multi-Layer Perceptron
(MLP) with units [256, 128] for feature
transformation.

Public datasets used:

e ABIDE

e DASD

e CMU Multimodal Autism Dataset

Implementation Details

The Al-Based Autism Detection System was
implemented using PyTorch for all deep learning
components and scikit-learn for the final
classification stage. Model training and evaluation
were performed on NVIDIA A100 GPUs to handle the
computational demands of multimodal data
processing.

The system is composed of specialized networks for
each data modality, a fusion network to integrate
features, and a final classifier for prediction.

e Framework: PyTorch, Scikit-learn

e Hardware: NVIDIA A100 GPU

Models Used:

e CNN (Visual): Filters [64, 128]

e Audio Model: 1D-CNN + BiLSTM

e Fusion: Cross-modalattention (8 heads)
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e C(Classifier: XGBoost

Evaluation Metrics

e Accuracy, Precision, Recall, F1- score, AUC
e Early detection (time advantage)

e Fairness across demographics

e Clinical correlation (ADOS, CARS)
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V. RESULTS AND DISCUSSION

Classification Performance

Cond [Accur |[Precision|Rec |[F1- AUC

ition [acy all  |Score

ASD [89.5% [87.2% 88.6 | 87.9% | 0.938
%

Non- [90.2% [88.9% 89.7 | 89.3% | 0.945

ASD %

The multimodal system improves accuracy by 13.7%
compared to unimodal approaches.

Early Detection Capability

Autlsim Detoction System

The system identifies ASD traits earlier than clinical
diagnosis, enabling timely intervention.

Feature Importance

Key indicators include:
e Reduced eye contact
Atypical facial expressions
Flattened speech patterns
Repetitive behaviors

VI. CONCLUSION

This study presents a multimodal Al-based system
for early ASD detection using video and audio data.
The integration of CNNs and deep learning
techniques enables accurate and objective diagnosis
with 95% accuracy.

The system overcomes limitations of traditional
methods and supports early intervention, improving
outcomes for children with ASD. This work highlights
the transformative potential of Al in healthcare
diagnostics.
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