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ABSTRACT

Biomedical images and social media data can be incorporated to detect Autism Spectrum Disorder (ASD), a type of
neurological or brain-related problem. A neurological condition called autism spectrum disorder (ASD) is linked with brain
progress and consequently affects how the face looks on the outside. ASD children differ significantly from normal children
called typically developed (TD) children in that they have different facial landmarks. The proposed research is novel that
aims to create a system based on facial recognition and social media for autism spectrum disorder detection. Deep learning
techniques are used to identify these landmarks, but they need precise technology to extract and create the right patterns of
the facial features. This study uses a deep learning algorithm that is, a convolutional neural network (CNN) with transfer
learning to facilitate communities and psychiatrists experimentally detect autism based on facial features. Pre-trained models
such as EfficientNet, Xception, Visual Geometry Group Network (VGG19) and NASNETMobile were applied to the
classification task. Performance assessment standards such as accuracy, specificity, and sensitivity were used to compare the
outcomes of these models. With the accuracy result of 92.33%, VGG19 model outperformed EfficientNet (78.57%),
NASNETMobile (62.24%) and Xception (78.91%) in autism detection in patients.
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1. INTRODUCTION

Autism  Spectrum Disorder (ASD) is a group of complex neuro-developmental disorders differentiated by a scope of
symptoms and varying range of intensity [1]. The phrase "spectrum™ presents the wide diversity of challenges and strengths
that ASD patients may have. This developmental disorder has symptoms such as difficulty in societal interaction and
conversation and by limited and recurring behavior etc. This is a rare condition in which a child develops typically for the
first few years of life and then experiences a significant loss of skills and abilities [2] [3] [4] [5]. Individuals with Asperger's
often have difficulties with social interaction and may display repetitive behaviors, but they typically have average to above-
average intelligence. The symptoms of ASD can manifest in a variety of ways, and they often become apparent in the early
stages of a child's development. These early signs include missing eye-to-eye contact, lack of reply to name calling etc. Other
common features of ASD include challenges in public interaction, difficulties in communication (both verbal and non-
verbal), and monotonous behaviors or intense interests in specific topics.

Artificial intelligence (Al) models in recent information technology assisted in diagnosing ASD using facial pattern
recognition. Convolutional neural network (CNN) algorithm is used in [6] to train dataset for taking out features from human
face expressions and such algorithms are proposed to find facial expressions in various neurological diseases [7]. Facial
Expression Recognition 2013 dataset was updated using deep leaning techniques to recognize facial expression of autistic
patients [8]. Important characteristics of autism have been found in a number of investigations using a variety of diagnostic
techniques, including voice recognition [10], facial recognition, medical picture analysis[7], eye tracking [9], and feature
extraction [11] . But face recognition is a better indicator of autism than an individual's emotional condition. A typical method
of identifying someone and demonstrating whether they are normal or odd is facial recognition. Facial recognition is a very
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commonly used method to discover patients and to categorize as regular or irregular. It involves excavating available content
to present conduct structure [12].

Machine learning and artificial intelligence have many practical uses that aim to address societal issues. Al has been
incorporated in all areas of medicine to support medical professionals in handling conditions like autism. An artificial neural
network has drawn attention in classifying patients as ASD and no ASD. Recurrent neural networks (RNNs) and CNNs, as
well as the bidirectional long short-term memory (BLSTM) model, are examples of deep learning approaches that have been
applied or advisable for the purpose of discovering autism in children [13] [14]. Machine learning techniques [15] [16] have
been used in more research recently to diagnose ASD. These include data analysis on physical biomarkers [17] [18] [19]
[20] [21], brain imaging [22] [23] [24], evaluation of the behavior of persons with autism etc.

In order to have early Autism spectrum Disorder (ASD) screening in children, prediction model [25] was presented so
relevant therapies, medications can be suggested by medical practitioners to sufferers for flourishing living. Detailed study
of recommender systems techniques and challenges was conducted using Big Data Analytic and performance evaluation
metrics, several applications in various domains were presented and discussed [26]. A Recommender System with Multi-
Classifier was proposed for speedy Autism Spectrum Disorder Detection [27] and literature study of different Machine
Learning methods used in Autism spectrum disorder detection was presented with experimentation on autism dataset.

A model having Feature selection using Principal Component Analysis along with AdaBoost classifier was proposed [28]
with decrease information loss and better performance. Experimentation was carried out on Autism Brain Imaging Data
Exchange (ABIDE) [29] for sMRI and fMRI using machine learning classifiers to classify patients as autistic or not autistic.
Different machine learning algorithms are implemented on non-clinical autism dataset for early detection [30] giving more
impressive intervention. For early and accurate diagnosis of autism, various ML techniques were used [31] and result
comparison was presented in order to select best accuracy method for prediction [32] [33]. Autism Spectrum Disorder using
machine learning and deep learning [34] was presented and performance analysis showed that CNN worked better than other
methods.

This study investigated the effects of early autism detection in patients to ensure healthy lifestyle. While earlier studies have
explored autism detection in victims, they have not explicitly addressed its influence of detection using facial images of
them. Our research showed how to identify autism from a child's image using a well-trained classification model (using
transfer learning). With the development of very specific mobile devices, this model may easily take an image with a camera
and perform a diagnostic test of potential autistic symptoms.

The research contributions of our work include:

a. Four pre-trained deep learning algorithms were applied on selected image dataset for ASD identification namely
EfficientNet, NASNetMobile, Xception, and VGG19.

b. The VGG19 model outperformed the four pre-trained deep learning algorithms in terms of performance.

c. A system was proposed to assist medical professionals in identifying ASD patients by examining their facial expression
and eyes.

The paper is structured as follows. Section 2 presents the proposed research methodology. Section 3 explains experimentation
performed on the input dataset. Section 4 presents results and discussion on the same. Section 5 concludes the paper with
pointers to future work.

2. REARCH METHODOLOGY

Detecting autism in victims is a critical job and it has to be performed with accuracy and precision. The aim of this study is
to employ EfficientNet, Xception, NASNetMobile, and VGG19 as a deep learning models with transfer learning to recognize
autism based on the facial characteristics of autistic and normal / typically developed children. It is possible to diagnose
autism or normalcy in children based on their facial qualities. Important facial features were retrieved from the

pictures by the models. The capability of deep learning algorithms to extract minute features from images, that are invisible
to the human sight, is one of their benefits, playing crucial role in detection. Proposed Methodology Framework presented
in Figure 1 consists of data gathering, data preprocessing, and preparation of the model, ASD detection and finally
performance evaluation.
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Figure 1. Proposed Methodology Framework

2.1 Dataset Used: Experimentation is carried out on facial image dataset of autistic and normal children publicly available
in Kaggle repository [35]. Dataset contains total 2,940 facial images (50 % of autistic & 50 % of normal children). The
dataset was prepared by collecting face images through internet resources like web pages and social media such as Facebook.
Distribution of dataset in training, testing and validation is depicted in Table 1 and Figure 2.

Tablel : Dataset distribution into training, testing, and validation

Sr No Dataset Number of Images
1 Whole dataset 2,940

2 Training dataset 2,540

3 Test dataset 300

4 Validation dataset 100

m Training dataset
m Test dataset

Validation dataset

Figure 2. Distribution of dataset

2.2 Preprocessing on Dataset: Data preprocessing plays very important role in cleaning and cropping the images in dataset.
Image dataset is collected from internet, social media hence preprocessing is vital step before using it in training of deep
learning models. Whole dataset containing 2940 images is split as 2540 in training, 294 in validation and 106 in testing.

2.3 Convolutional Neural Network Models: Artificial intelligence (Al) has advanced outstandingly to help people with
everyday tasks in healthcare applications, which rely on a subset of Al known as "computer vision™. Thus, the CNN algorithm
has aided in behavioral and psychological research as well as disease detection. The convolutional neural network (CNN)
takes the input picture and applies value to learnable weights and biases for image classification.

Using max pooling or average pooling, the number of weights was decreased due to the convolution layer's large number of
parameters. Max pooling depends on the greatest qualities in every window, whereas the average pooling depends on the
mean worth of every window in the step. Figure 3 describes the pooling in CNN. A Softmax output of 0 indicates a class 0
image, while a Softmax output of 1 indicates a class 1 image.
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Figure 3. Max pooling and Average Pooling of Convolution Layer

2.4 Deep Learning Models: Four pre-trained models namely VGG19, NASNetMobile, Xception and EfficientNetB3 are
used for autism spectrum detection using face pictures dataset.

2.4.1VGG19: VGG19 (Visual Geometry Group Network Model) is a deep artificial neural network consists of around 19
layers deep with 16 convolution layers and 3 fully connected to categorize the image into 1000 classes. It is CNN model
implemented on dataset ImageNet. It has become very useful and acceptable for image classification since it uses multiple
of 3 X 3filters in each convolutional layer. Fig 4 shows its architecture.
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Figure 4. Architecture of VGG19 Model [36]

Input layer accepts 224 x 224 x 3 size image as input. Minimal receptive field, or 3 X 3, which is the smallest size that is
likely to still release left/right and up/down is used by VGG's convolutional layers. As VGG lengthens training times and
uses more memory, it rarely affects Local Response Normalization (LRN). Moreover, it doesn't improve the model's overall
accuracy. From 3 fully connected layers, the 4,096 channels are present in first two FC layers, while the 1,000 channels are
present in third layer.

2.4.2 NASNetMobile: It incorporates the concept of Neural Architecture Search (NAS), a gradient-based method for
discovering proficient network design [37]. The compact and more competent edition of NASNet, NASNetMobile model is
particularly implemented for mobile appliances. Reinforcement learning approach was used to create this architecture.

2.4.3 Xception: This model as shown in fig 5 has trained on the dataset ImageNet for purpose of picture identification and
classification. It is a deep CNN model that offers new inception layers. The pre-training model, trained on the standard
dataset, was used in the feature extraction method to extract the feature from the new dataset and to eliminate the upper layers
of the model [38].
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Figure 5. Architecture of Xception [38]

Journal of Neonatal Surgery | Year: 2025 | Volume: 14 | Issue: 15s
pg.- 904



Anita Vikram Shinde, Dipti Durgesh Patil, Arati Vinayak Deshpande

To enable custom classification based on the number of classes, new top layers were added to the model. To prevent
overwriting, fine tuning of the generic features is done to fit a specific class.

2.4.4 EfficientNet: The eight models in the EfficientNet group, ranging from BO to B7, show that accuracy increases
significantly but the number of calculated parameters does not increase significantly with model number [39]. Fig 6 shows
model architecture.
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Figure 6. EfficientNet Model

3. EXPERIMENTATION

Experimentation is carried out using python libraries (e.g. Panda seaborn, Keras library, TensorFlow library etc.) to build
smart autism detection system. Table 2 lists hyper parameters for models. Different performance evaluation matrices used
for selected pre-trained models include confusion matrix, accuracy, specificity, sensitivity, precision, recall, f1-score etc.
The classification model is evaluated using confusion matrix. It displays the outcomes of classification.

Table 2 : Hyper parameter for models

Sr Hyper Value

No | parameter

1 Image Size 224 x 224

2 Weight ImageNet

3 Epochs 50

4 Batch size 32

5 Optimizer Adam

6 Learning rate 0.001

7 Loss Categorical Cross-
entropy

The equations of metrics are as following:

.. TP
Sensitivity = rn 100 (1
Specificity = TNEFP 100 o, 2)
TP+TN
Accuracy = m *100 oo (3)
PreCiSION = —— oot 4
TP+FP
RECAIl = o e, (5)
TP+FN
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2xPrecision*Recall
Fl_score = L

Precision+Recall

Sensitivity is the capability of the model to appropriately recognize autistic patients. Specificity is the capability of the model
to properly recognize the typically develop (TD) or normal patient.

4. RESULTS AND DISCUSSIONS

This part comments on the testing results of experimentation to diagnose autism in patients. Individuals with mental
imbalance face hardships and difficulties in understanding their general surroundings and in understanding their
contemplation, sentiments, and necessities. Identifying autism is very vital step to save the existences of numerous
youngsters. An Al-based intelligent system can support in early autism detection. In this experimentation, we found that the
process of autism detection correlates with facial expressions of patients. The proposed method in this study has employed
four high level modern deep learning models, EfficientNet, Xception, VGG19 and NASNetMobile for diagnosing autism
spectrum disorder. These pretrained are tested to classify patients as ASD and as no ASD using their facial attributes. The
experimental outcomes of these models were shown in Table 3 & Table 4, and our study suggests that the VGG19 model
was the most accurate compared with other models. Figure 7 depicts comparison of Accuracy metric with various Deep
Learning models.

Table3. Pre-trained Deep Learning Models Classification Results

Deep Learning Model | TP FP FN TN
EfficientNet 122 25 38 109
VGG19 model 121 26 23 124
NASNetmobile model | 131 | 16 122 25
Xception model 123 | 24 38 109
Accuracy
Accuracy
100 - 92.33
78.57 78.91
80
62.24
60
|
40 - Accuracy
20 Deep
Learning
0 ! ! ! ' Models
EfficientNetB3 VGGI19 NASNetMobile  Xception

Figure 7. Comparison of Accuracy metric with Deep Learning models

Figure 8 and Figure 9 depict the confusion metrics of these four deep learning models. VGG19 model has maximum accuracy
of 92.33% of these four models whereas NASNetmobile model has the minimum performance of 62.22%.

Table 4. Pre-trained Deep Learning Models Performance metrics

Specificit | Sensitivit | Accurac
Deep Learning Model |y y y
EfficientNet 81.343284 | 76.25 78.57
84.02777
VGG19 model 82.666667 | 8 92.33
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51.77865
NASNetmobile model | 60.97561 6 62.24

76.39751
Xception model 81.954887 | 6 78.91
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Figure 8. Confusion matrices for the (i) EfficientNet (ii) NASNetmobile model
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Figure 9. Confusion matrices for the (iii) VGG19 model and (iv) Xception model.
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The operation of the EfficientNet model for the training data for Autism Spectrum Disorder Detection is shown in Figure 10
where x-axis is representing the epoch number and y-axis is representing % score. In the training step, the accuracy has
increased from 55% to 85% after 17 epochs whereas in validation step, accuracy was 75%. Its training loss was 1.2 and

validation loss was 0.8.
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Figure 10. Performance graph for the EfficientNet model (a) Accuracy performance (b) Model loss

Figure 11 shows the performance of the NASNetMobile model in identifying ASD. Its accuracy in training phase was 50-
75% and in validation phase was 50-55%. Its training loss was 1.2 and validation loss is 0.9.
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Figurell. Performance graph for the NasnetMobile model (a) Accuracy performance (b) Model loss

Figure 12 shows the performance of the VGG19 model in identifying ASD. Its accuracy in training phase was 65-90% and
in validation phase was 70-75%. Its training loss was 1 and validation loss is 1. Figure 13 shows the performance of the
Xception model in identifying ASD. Its accuracy in training phase was 55-95% and in validation phase was 55-75%. Its
training loss was 1 and validation loss was 0.8. It was observed that for detecting ASD , Xception model is most suitable

deep learning model.
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Figure 13. Performance graph for the Xception model (a) Accuracy performance (b) Model loss

This study explored a extensive use of pre-trained models with facial image dataset. However, further and in-depth studies
may be needed to confirm its applicability, especially regarding use of social networking information in autism detection.

5. SUMMARY

The significant awareness of autism in children is an outcome of advancements in global health knowledge and capabilities.
Researchers and academicians have also stepped up to identify the root cause of autism and diagnose it at an early age to
offer treatment programmes that should assist autistic people to mix into the society and get away from the loneliness of the
autistic world.

Recent observations suggest that there has been a major rise in the number of autistic children in recent years. Our findings
provide conclusive evidence that how well the four deep learning models—EfficientNet, NASNETMobile, Xception, and
VGG19—performed in identifying ASD using face features. Training of every model was performed using a publicly
accessible dataset from the Internet, with the VGG19 model achieving the highest classification accuracy (92.33%). The
outcomes of the model categorization offered a possibility that these deep learning and computer vision-based models will
be used as smart tools to assist families and medical practitioners to diagnose autism more quickly and precisely. Detailed
behavioral and emotional investigations for autism diagnosis that take a lot of time and work can be conducted more
successfully with the use of computer based approaches. Our study demonstrates that facial data are more live than textual
data. Future studies may explore in using facial information with feasible ways of detecting autism in patients.
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