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Abstract:   

Autism Spectrum Disorder (ASD) is a complex neurological disorder that has an impact on 

communication, language, and social skills. Early identification of ASD patients, particularly 

in children, could make it easier to design and implement the best therapy approach at the 

appropriate time. Analyzing facial characteristics, eye contact, and other aspects of human 

faces can be used to detect ASD. To better accurately identify children with ASD in the early 

stages, this paper proposes an improved transfer-learning-based autism face recognition 

framework. This study improves the accuracy of ASD detection and classification of normal 

and autistic, using a machine learning and deep learning approach. This study classifies 

autistic and non-autistic faces using a deep learning-based CNN model. The study also 

analyzes the pre-trained transfer learning approaches with the proposed model. Results 

reveal that the proposed model has better detection and classification results, having 99% 

accuracy. Based on our accuracy, we propose that the diagnosis of autism spectrum 

disorders can be done effectively using facial images. 

Keywords: ASD, Facial, AI, ML, CNN, Transfer Learning, Augmentation. 

1. Introduction 

Computer vision is one of the very important and widely used research 

areas that has gained researchers' attention. It is a vast subject to which 

scientists have made major contributions. The goal is to make computers 

capable of doing tasks in the same manner as human visual systems can 

[1]. Extensive research has been done on Artificial Intelligence (AI), and 

innovative strategies are being developed to leverage existing resources. 

Because of improvements in Web technology and the availability of 

amazing data (both structured and unstructured data, including text, 

photographs, audio, or video), AI's subfields can now answer intelligently. 

AI is improving its capacity to derive knowledge and patterns from the 

available data. Diagnosis of diseases in the medical field is the most 

rigorous and basic discipline, as it is connected to the life of patients and 

their treatment. Autism spectrum disorder (ASD) is a cognitive disease, 

according to the Centers for Disease Control and Prevention. An 

impairment that can cause substantial social, communicative, and 

behavioral issues (CDC).  In the United States, the prevalence of ASD 

affects one out of every 59 children aged eight and under, and the number 

is rising [2]. However, there are significant and ongoing 
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racialized disparities in the commonly added and access to prevention strategies. Children from 

ethnic minority groups are less likely to receive a diagnosis with ASD than White children, and they're 

more likely to receive a diagnosis or have their diagnosis delayed [3]. The total projected ASD 

prevalence in 2018 was 16.8 per 1000 (1 in 59) youngsters, a significant decrease from the previous 

year. For children with ASD, these delayed or misdiagnosed diagnoses as a consequence, immediate 

action being lost. Clinical findings show that early, thorough, and intense intervention can result in 

significant, long-term improvements in not only cognitive capacity and social etiquette, but also in the 

intensity of Neuro-developmental disorders [4]. In two cases, children treated with the ESDM did not 

meet the criteria for an ASD diagnosis [5]. A recent cost comparison analysis of intervention behavior 

therapy in the Netherlands found that if early diagnosis is started before 30 months of age, lifetime 

cost reductions might be above EUR 1 million per individual. These findings show how early detection 

and intensive ASD-specific intervention can enhance long-term outcomes for children with ASD, while 

also underlining the need to expand this work into underserved community settings to help all children 

with ASD achieve better outcomes.  

ASD traits loose social interactions like eye contact, not recognizing things, and not showing emotions 

and expression by nine months. By the age of one year, makes little or no gestures (for example, 

does not wave goodbye). The following are the primary reasons that contribute to the discrepancy in 

ASD prevalence and delayed diagnoses in the United States [6]. The subjective nature of diagnosis: 

ASD is currently diagnosed through behavioral observation, which means that only experienced 

clinicians can accurately diagnose ASD in children as young as two years old, with the average age of 

diagnosis being four to five years [7]. Many families lack access to experts/specialists, and access is 

much more limited in underprivileged areas. Lack of knowledge and screening, particularly in rural 

areas, is also an issue. Furthermore, children from racial and ethnic minorities who match Children 

that satisfy the requirements for ASD are less likely to receive a diagnosis, so they're more prone to 

be misdiagnosed.  

With advancements in machine learning (ML) and deep learning (DL) technologies, the journey to 

make computers intelligent has become easier. ML is a subfield of AI. ML is making considerable 

progress in many areas of daily living, including health, education, and the economy. Deep learning is 

a branch of machine learning that is making a huge impact on computer vision. Deep learning is 

important in image classification, object identification, object categorization, edge detection, and other 

domains. With the help of DL, we can get patterns and features automatically from images and can 

make accurate predictions and classifications on the basis of our trained models [8]. Here we are 

working on facial emotion classification and trying to make a thorough analysis and bring 

improvement in the existing accuracy to achieve better results. Our research studies have worked on 

pre-trained and custom models to do an evaluation and improve accuracy. 

2. Related Work 

Human facial images are the most common and promising input source because they include a 

significant amount of information for expression recognition studies [9]. Facial emotion recognition 

(FER) is a method of determining an individual's emotional state by analyzing facial expressions in 

static images and videos. Facial expressions are nonverbal communication to reveal human 

emotions. Facial expressions can be related to physiological or mental states of mind, and they play 

an important part in the treatment of psychiatric diseases. The effective use of FER is critical in health 

care, recommendation systems, personalization of services, employment, public safety, criminal 

detection, and other critical areas [10], [11]. Many authors have conducted behavioral research on 

face processing in ASD in recent years, but it is still unclear if those individuals actually have a 

problem detecting emotional facial expressions [12]. Some research, such as [13], implies that the 

ability is intact; however, others reported significant impairments in comparison to TD children [14]. 

There is evidence that people with ASD process faces differently from children with TD. Persons with 

ASD appear to prefer to apply analytical processing procedures, whereas TD individuals perceive  
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faces holistically.  

Around half a century ago, the pervasive incidence of ASD was questioned. It was considered to only 

happen in Western developed countries with developed technology. Awareness about ASD and its 

prevalence has increased in different parts of the world over the last decade; the position in Africa 

regarding ASD remains ambiguous, with the bulk of content originating from the West. In Africa, no 

detailed research on the epidemiology of ASD has been conducted. One of two studies focused on 

the etiology of ASD in Arab countries, although that included two nations in Northern Africa. In African 

literature, there was a higher percentage of nonverbal instances of ASD compared to verbal cases. 

Mental retardation, epilepsy, and oculocutaneous albinism were among the founder conditions. Post-

encephalitic infection, genetic and auto-immune variables, and vitamin D insufficiency were all 

proposed as etiological reasons [15]. In the United States, ASDs are thought to affect roughly one 

percent of children. This number is consistent with estimates from other developed countries, as per 

statistics from several studies. According to the  (ADDM) System of the United States Centers for 

Disease Control and Prevention (CDC), the usual reports of ASDs have risen significantly in a short 

span of time [16].  

This study will address issues related to the diagnosis of intelligence-based ASD detection in early 

childhood. Individuals with ASDs should display slower and less efficient emotional expressions, 

especially for socially complicated emotions, if this is the case. This study put this theory to the test by 

measuring emotion detection speed and accuracy whilst limiting exposure and reaction window. 

Multisensory processing is frequently required to comprehend emotions [17]. Speech fluency, as well 

as facial and bodily gestures, are used to interpret emotions and others' moods. Before birth, the fetus 

can distinguish speech phonation [18]. For newborns, another major source for understanding 

emotional states in others is facial expressions. Studies also showed that the capability to understand 

others' feelings (more precisely) improves with time, peaking around the age of 10–11 when kids 

reach an adult level of understanding.  

The FEFA is indeed a computer-based sentiment analysis test that uses black-and-white images of 

six major emotions (happiness, sorrow, fear, anger, surprise, and disgust) along with impartial images 

to measure face interpretation and expression identification [19]. To identify ASD by using facial 

images [20] introduced transfer learning models on the Kaggle dataset to achieve the highest 

accuracy. The authors used both deep and shallow models for diagnosing Autism with improved 

MobileNet-V1. To significantly improve the ASD detection \cite{hosseini2021deep} used the 

MobileNet model. Features from the images were extracted from deep learning pre-trained models, 

then three fully connected dense layers were used to predict the autism spectrum disorder. To 

improve the accuracy author removes young children's images from datasets. As a result, they were 

able to achieve an accuracy of 95%. Authors in [21] used two models, Xception and EfficientNet B, on 

the image dataset to achieve accuracy, and especially focused on the area under the curve (AUC). 

When compared to other forms of stimuli, such as schematic drawings, visual search is an 

ecologically acceptable experimental strategy that resembles everyday scenarios in which one must 

find a target, and photographic facial expressions are realistic stimuli. It's unclear whether people with 

ASD have trouble detecting emotional facial expressions quickly. Only a few studies have looked into 

this, employing the visual search paradigm with images of facial expressions, like in studies of TD 

people, and none of them have found clear differences in ASD people's performance [22], [23]. 

Table 1 represents the studies related to ASD and their drawbacks. The proper recognition of the 

expressions is dependent on a process known as feature extraction. Feature extraction is the process 

of converting raw data into numerical features that can be processed while retaining the information 

contained in the original data set [24]. The optimum features can achieve excellent recognition 

accuracy. Even if we use the best classifier for facial expression identification, the recognition 

accuracy will suffer if the extracted features are poor [31], [32], [33]. The features are extracted using 

two methods: texture-based and geometric-based. Geometric-based approaches deal with the 

placement and form of face components, whereas texture-based methods focus on modifying the 
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Table 1: ASD detection using facial expression – comparison of recent work  

Authors Problem Identified Proposed Solution Limitations in the study 

[25] 
Accurate facial expression  
recognition in ASD 

Facial expression intervention 
in handling children with ASD 

Fewer participants and fewer 
factors. 

[26] 
Fewer participants and fewer 
factors 

Extraction of the accurate 
emotion of an individual 

Other than facial expression, 
techniques may be used to 
extract more information. 

[27] 
Behavioral and physiological 
subjects contain more 
information 

Physiology-based ASD 
detection 

More subjects are needed for 
stability and accuracy of the 
algorithm. 

[28] 
Child to adult facial changes 
impact on ASD detection 

Adaptation of facial features 
for better detection of ASD 

The model is data-dependent; 
some features may be useful 
for classification, but not 
correlated. 

[29] 
Compound facial 
expressions of emotion 

Better detection using 
compound  facial expression 

The dataset is not sufficient; 
the method needs to be 
revised. 

[30] 
Typically developing (TD)  
individuals have worse ASD 
detection 

Neural correlation-based ASD 
detection 

Lack of reaction time and 
different processing in 
different individuals. 

 

local texture, which is more reliable [34]. Gabor wavelets  [35] are quite popular, yet the feature 

dimension is enormous, resulting in computational complexity. Local binary pattern (LBP) [36], an 

appearance-based technique used by many researchers owing to its excellent classification 

capabilities and higher computation efficiency. A significant range of texture-based approaches, such 

as LBP, LGC, HOG, PCA, and ICA, are employed in the literature for expression recognition. The 

advancement of computer vision and machine learning techniques has had a significant impact on 

facial expression recognition [37], [38].  

The classification of expressions refers to labeling the new data by building a model set by training 

data that contains observations whose category is identified. The most common classifiers are SVM, 

decision trees, KNN, ensemble classifiers, and instance-based learning classifiers [39]. Early attempts 

at facial expression recognition relied heavily on handcrafted features [39]. However, researchers 

have paid little attention to handcrafted models because they produce less accurate results than the 

models of deep learning [40]. However, Deep learning has gained popularity in the computer vision 

field following the performance of the AlexNet deep neural network on the ImageNet Large Scale 

Visual Recognition Challenge (ILSVRC) [41]. Several papers presenting deep learning methods for 

facial expression identification were presented just at the 2013 Facial Expression Recognition (FER) 

Competition [42]. Deep features, also called learned features, are features that a machine learning 

algorithm automatically learns from training examples during training. They are extremely effective 

while solving specific problems, but we don't have control over the features extracted by the model 

from the data. In several cases, the features are good for data classification with no real-world 

elaboration. Some recent papers [31], [32], [33] advised training an ensemble of CNNs for improved 

performance, but [43] combined deep features and handcrafted features like SIFT [44] or HOG  [45]. 

While the bulk of research concentrated on identifying facial expressions from static photographs, 

several studies focused on recognizing facial expressions in video [43], [46]. Hasani and Mahoor  

[46]. Introduced a network design having 3D convolution layers and a Long-Short Term Memory 

(LSTM) network that extracts the spatial connections within face photographs with the temporal 

interactions between various frames in a video [43]. Unlike prior efforts,[47] and [48]  demonstrated 

identity-aware FER models. [47] suggested concurrently estimating expression and identification 

variables using a neural architecture built on identical CNN layers, in order to reduce inter-subject 
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variability generated by personal attributes and obtain higher performance of FER. Paper [49] 

presented a trainable system from start to finish. Patch-Gated CNN recognizes the viewable areas of 

the face while automatically perceiving the regions of a face. The methodology divides an 

intermediate feature map into numerous patches based on the placements of the associated facial 

landmarks to discover the viewable portions of the face. Each patch is then reweighted based on its 

relevance, as decided by the patch itself. Zeng et al [50] proposed a methodology to handle errors in 

labelling across data sets. Images are tagged with various labels in their framework, which are either 

given by human annotators or predicted by learning algorithms. Then, from the inconsistent pseudo-

labels, an FER model is trained to suit the hidden truth. Hua et al. [33] introduced a deep learning 

system that is composed of comprises three sub-networks of varying depths. Each sub-network is 

built on a CNN that has been trained individually. Unlike Hua et al. [33], we use local learning and 

integrate deep CNN features with handmade features. These deep learning (DL) methods have 

drastically altered people's perceptions of information processing.  

DL is seen to be a superior solution for vision and classification challenges because of its 

extraordinary capacity to self-learn [51]. DL techniques have been used in FER to solve the 

challenges raised above, as well as other learning tasks [52]. The technique of feature extraction in 

deep learning algorithms employs an algorithmic way to identify and extract different characteristics. 

Deep learning algorithms are composed of a layered data representation architecture. The networks' 

final layers perform as high-level feature extractors, while the lower levels act as low-level feature 

extractors [53]. For video processing, recurrent convolution networks (RCNs) [54] were established. 

Convolutional neural networks (CNNs) are applied to video frames, which are subsequently input into 

an RNN for information processing with respect to time. These models perform well when the target 

ideas are complicated, and there is a limited amount of training data, but they have drawbacks when 

compared to deep networks. To address this issue, a methodology called DeXpression for strong face 

recognition was developed [55]. It is made up of two feature extraction blocks that work in parallel and 

have layers like pooling, convolutions, and ReLU. For improved performance, it employs multiple-

feature fusion rather than a single feature. Unsupervised learning methods, such as autoencoders, 

are used to build the model [56]. A hybrid RNN-CNN technique is used in [56] to simulate the 

spatiotemporal information of human facial expression. [56] fused distinct modalities at the decision 

and feature levels, producing higher accuracies than single modality classifiers.  

Similarly, a multitask global-local network (MGLN) for FER is proposed in [57],  which combines two 

modules: a global face module (GFM) that extracts spatial features from the frame with peak 

expression and a part-based module (PBM) that learns temporal features from the nose, mouth, and 

eyes regions. Extracted features of GFM from a CNN and PBM from an LSTM network are then 

merged together to capture substantial facial expression variance. In [58], a shallow CNN architecture 

with dense connections over pooling is suggested, whereas the fully connected layer is dropped to 

ensure feature sharing. It offers good performance for the effective depiction of facial emotions with 

little training data, while trained DenseNet40 and DenseNet121 exhibit a performance decrease owing 

to over-fitting. Although there is a lot of work has been done in image features extraction but there is a 

need to introduce model models which use for neural network-based facial extraction by using deep 

features and having generic nature datasets and their performance would preferably high.    

3. Materials and Methods 

ML and DL are emerging technologies that are widely used in various scientific studies and many 

areas of today's scientific research [59]. Image processing is broadly benefiting from the emergence 

of deep learning. Previously, research work has been done to do proper object identification and 

classification. We are using deep learning algorithms and techniques to acquire better results. We 

have worked on three pre-trained models and a custom model. We compared the effectiveness of the 

algorithms on different and varying learning rates (lr) as well as optimizer functions (opt). Our work 

differentiates the low-performing and high-performing techniques on the two given datasets with  
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respect to the optimizer and learning rates as well. We have summarized the proposed approach, 

which is elaborated in Figure 1. 

Figure 1: Overview of proposed methodology 

3.1. Dataset 

A more challenging dataset is more useful in obtaining results that are anticipated in the real world.  

Several datasets are fabricated under favorable conditions where the variations in light and pose are 

not significant. In this study, Kaggle datasets will be used, which are publicly available, to validate the 

proposed model. Kaggle Autism Facial Dataset (Kaggle Dataset) has 2936 face images, evenly 

distributed between children with ASD and children with TD. The initial dataset had 3014 images [20], 

which caused apparent issues. All of the photographs in the Kaggle dataset were found through an 

internet search because the contributor indicated that he was unable to secure any ASD images from 

organizations or verifiable sources. This study utilized the dataset from [17], which had 2936 photos 

after removing photographs that were plainly incorrect. There are about 89 percent White children and 

11 percent children of color in this sample. This dataset was only used to demonstrate the influence of 

racial characteristics on deep-learning development based on face images. The Kaggle Autism Facial 

dataset is limited in demographic diversity. The observed gap between training and validation 

accuracy (99% vs. 74%) further suggests the presence of dataset-induced bias. 

3.2. Preprocessing  

We went through a series of steps, such as data collection, data preprocessing, data organization, 

and many others, while preparing the model. In the case of image processing, preprocessing is of 

vital importance, which is used to convert raw images into valid images that the model can process for 

training and make inferences. The images in a dataset can be of various sizes, different contrasts, or 

in the wrong orientation. Image preprocessing helps us to take preprocessing steps to make sure that 

our images are formatted correctly for our model. There are a series of different steps in image 

processing that can be applied, and many more, like noise reduction, image resizing, etc. We have 

discussed the following steps only. 

3.2.1. Augmentation 

Image augmentation is another preprocessing step that expands the image dataset significantly and 

hence increases the diversity of images without collecting new images. There are different types of 

image augmentation techniques, such as flipping or orientation, padding, etc. Flipping can be applied 

in two different ways: horizontal and vertical. In our approach, we have used both kinds of flipping. 

Replication is a process of using an instance twice for training an ML model, as more data to train an 

ML model results in high accuracy, and hence, we obtain an efficient ML model. Augmentation was 
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selectively applied to the minority class. In the proposed methodology, we have applied augmentation 

in order to handle imbalanced data distribution among different classes.  We empirically balanced 

augmentation using rotation, zoom, and brightness adjustments to ensure class balance per epoch. 

This supported more equitable training without oversampling risks. A key strategy was the use of on-

the-fly data augmentation using the ImageDataGenerator API in TensorFlow. The applied 

transformations included: 

▪ Random horizontal flipping – to simulate mirrored faces 

▪ Random zoom (range: 0--15% – to emulate changes in camera distance 

▪ Rotation (up to 15 degrees) – to introduce pose variation 

▪ Brightness adjustment (range: 0.8--1.2)– to mimic lighting variation 

▪ Width/height shift (range: 0--10\%) – to simulate subject repositioning 

These augmentations effectively increased dataset diversity and helped the model generalize better 

to unseen conditions. 

3.2.2. Feature Selection 

The GooleNet-based training network is utilized in YOLO. In this straightforward comparison, the 

author contrasts GooleNet with VGG16. About computational complexity, GooleNet performs better 

than VGG16 (8.25 billion operations vs. 30.69 billion operations). In ImageNet, the former is 

significantly lower than the latter (88 percent vs. 90 %). As the core network of YOLO V2, the author 

employs a new categorization model, Darknet-19. The complete network structure is shown in Table 

6: Only 5.58 billion operations are required for Darknet-19. In YOLO, the network has 19 convolutional 

layers and five maximum pooling layers. There are 24 convolutional layers and two fully connected 

layers in the GooleNet employed in V1. As a result, the number of convolutions and convolution 

operations in Darknet-19 is lower than in GoogleNet. Overall, YOLO is the best option. 

3.2.3. Local Binary Patterns Histograms (LBP) 

It is a face recognition algorithm that recognizes a person's face. It is well known for its performance 

and ability to distinguish a person's face from the front and the side. Matrix formats, which are made 

up of rows and columns, are used to represent all images. The pixel is the most fundamental element 

of an image. A group of pixels makes up an image. Each of these is made up of little squares. We can 

build the whole image by putting them side by side. A single pixel in an image is thought to contain 

the least amount of information possible. The value of pixels in each image ranges from 0 to 255. 

Local Binary Pattern uses the LBP operator to summarize the local specific structure of a face picture 

while focusing on local aspects. 

3.3. Classification 

The classification was done after feature extraction. There are two types of classification: binary and 

multi-class classification. We worked to classify the emotions and improve the results as well. Our 

work was performed on two datasets, and the accuracy has improved. Besides, we identify different 

parameters that could help in classifying the images effectively. Besides, during experimentation, 

different ANN classifiers have also been used, and performance has been evaluated. At first, pre-

trained ANN models were loaded, and then their fully connected sections were replaced by 

appropriate classification parts. Convolutional neural networks may be used for image analysis in 

three different ways. The first method involves training the convolutional neural network from scratch. 

This is the most difficult method since it requires a substantial amount of computer power and 

hundreds of annotated images. The second method is based on transfer learning, which holds that we 

can use knowledge of one type of problem to solve a related problem. For instance, we could use a 

convolutional neural network model that has been trained to recognize animals to start and train a 
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new model that can differentiate between cars and trucks. Compared to the first approach, this one 

needs fewer data and processing resources. The third way of extracting features from a pre-trained 

convolutional neural network uses a machine learning model that has been trained. The ability to train 

a hidden layer to recognize edges in an image, for instance, may be used to take pictures from a 

variety of different domains. The least quantity of information and processing power is also needed for 

this strategy. We ensured clean separation of training and test sets using stratified splits before 

augmentation. Augmented samples were never shared across sets. Despite aggressive training 

augmentation, the increase in validation loss confirms that no leakage occurred. 

3.3.1. Transfer Learning 

Transfer learning is used to apply information from a previous activity to improve performance on a 

new task. Transfer can be evaluated in three ways. The first is the first performance in the target task 

attained with solely transferred knowledge before any further learning, as contrasted to the initial 

performance of an ignorant agent. The time it takes to fully comprehend the target task utilizing 

transferred information versus learning it from scratch is the second aspect to consider. The 

difference between the final level of performance attained in the target task and the final level without 

transfer is the third aspect to consider. 

3.3.2. ResNet-101 

The superiority of deep networks has been documented in various papers in recent years. The 

Residual Network (ResNet101) was devised by the authors in [60], and it is based on ImageNet, 

which is ImageNet's deepest architecture. For the same output features, ResNet 101 utilizes the 

same number of layers and filters. After applying the integration chain rule, ResNet-101 employs 

residual connections. 

3.3.3. VGG-19 

The CNN known as VGG-19 was first developed in 2014 by Andrew Zisserman and Karen Simonyan 

of the Visual Geometry Group Lab at Oxford University. Compared to the top performance model, this 

model employed a relatively narrow receptive field over the whole network with a stride of 1 pixel. 

VGG was first introduced for the image classification of various disorders like MRI or X-Ray, but it 

may also be used to recognize traffic signals. It won the 2014 ImageNet detection competition [61]. 19 

layers make up the VGG-19 model. The size of this network's input image is (224, 224, 3). With a 

kernel size of (3 x 3), 64 channels, and the same padding for the first two layers, the kernel is 

constructed. Following two layers with convolution filters of filter sizes (3, 3, 256), two layers with a 

stride (2, 2), and then the max-pooling layer. Multiple filters are utilized while performing a 3 x 3 

convolution. This is the most popular method and is quickly establishing itself as the standard for 

extracting information from images. With 138 million various variables, it's difficult to keep track of 

everything. Additionally, a model that has been previously trained via transfer learning can have its 

parameters improved. The maximum-pooling layer. The ability to decrease volume size is provided by 

the max-pooling layer. There are 4096 nodes in the completely linked layer. Anyone interested in 

learning more about feature classification is encouraged to use our training technique, which 

combines the CNN architecture with the VGG-19 architecture [62]. 

3.3.4. Convolutional Neural Networks 

Convolutional neural networks are one of the most prevalent types of deep neural networks. The term 

"deep" often refers to the neural network's number of hidden layers; in contrast, a regular neural 

network only contains 2 to 3 hidden layers. A chain model for deep learning is a convolutional neural 

network, or CNN. A convolutional neural network is comprised of multiple layers that analyze and 

reconstruct or build input to generate an output, allowing it to immediately learn from photos. 

Convolutional neural networks may be trained to perform image analysis tasks such as segmentation, 
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object detection, and classification. Local receptive fields, Haar weights, biases, and activation and 

pooling are the final three (3) key principles. However, in regions known as local receptive fields, only 

a very small proportion of the input layer neurons in a convolutional neural network are linked to the 

hidden layer neurons. The convolution layer field is altered across the image to produce a feature 

map from the input layer to the hidden layer of neurons. CNN has neurons with biases and weights, 

whereas shared weights and biases are similar to a traditional neural network. In the case of 

convolutional neural networks, this technique, which learns values throughout the training process, 

will update continually with each new training model. All hidden neurons in a layer have bias, weight 

values that are the same, indicating that they are all recognizing the same feature edge in various 

parts of the image. It will enable networks to translate items in images, such as a network trained to 

recognize cats, if the animals are present in the image. Each neuron with an activation function output 

is transformed by activation and pooling the activation measure. A common activation function is the 

rectified linear function (ReLU), which needs a neuron's output and maps it to the highest positive 

value or, if the output is negative, to zero. A pooling step can be used to further modify the activation 

step's output. By combining the output of several tiny groups of neurons into one output, pooling 

reduces the dimensionality of the feature map, which makes the succeeding layers simpler and 

lowers the number of parameters that the model must learn. In a convolutional neural network, these 

three concepts can be used to configure the layers, which may have tens or hundreds of hidden 

layers to learn how to recognize distinctive features in a picture. In the feature map shown below, 

each hidden layer increases the sophistication of the learned image features; for example, the first 

hidden layer learns how to recognize edges, and the final hidden layer learns. How to find more 

complex forms similar to a standard neural network? The last layer binds each neuron from the last 

hidden layer to the output neurons, creating the last output. 

In this study, we have customized a model based on CNN, depicted in Table 2. Details are also 

depicted in Figure 2. 

Figure 2: Architecture of the improved CNN model 

Freezing Layers: Most of the characteristics are often left alone while learning a new task; therefore, 

in this method, the first layer contains the common generic features, and the subsequent layers 

gradually become more specialized to the target dataset. 

Convolutional Layer: The foundation of the Convolution Neural Network is this layer. A generalized 

linear model for the fundamental local picture patch serves as the convolution filter in the fundamental 

convolutional neural network. It functions at the abstraction level when lower-dimensional instances of 

latent are present. The filter settings for this layer can be learned. 
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Table 2: CNN-based custom model details 

Input Layer input size 300, 300,1 

Convolution 1 64,3,3 Padding Same Normalization BN 

Activation F reLU Pooling Max Pool Dropout 0.2 

Convolution 2 

Convolution 128,5,5 Padding Same Normalization BN 

Activation F reLU Pooling Max Pool Dropout 0.01 

Convolution 3 

Convolution 128,5,5 Padding Same Normalization BN 

Activation F reLU Pooling Max Pool Dropout 0.25 

Convolution 4 

Convolution 512,3,3 Padding Same Normalization BN 

Activation F reLU Pooling Max Pool Dropout 0.025 

FLATTEN 

FC 1 Dense 256 Padding Same Normalization BN 

Activation F reLU Pooling Max Pool Dropout 0.25 

FLATTEN 

FC 1 Dense 512 Padding Same Normalization BN 

Activation F reLU Pooling Max Pool Dropout 0.025 

Output Layer Cross Entropy Activation F Soft-Max1 Learning 0.001 

 

Pooling Layer: The Pooling layer comes after the Convolution layer. This layer is in charge of 

shrinking the input image's spatial size and working independently on each depth slice. This layer, 

which is nonparametric, creates the output layer by sliding filters with an initial fixed value for the 

stride. The following filtering operations were applied. Max Pooling: By obtaining the highest input 

cost within the filter's size, Average Pooling: By providing the average input amount inside the filter 

size. 

Fully Connected Layer: The combined features in the class score that are present in the convolution 

neural network are converted before the output of the network by the fully connected (FC) layer. By 

taking the mesh topology technique into account, every neuron in this layer is connected to every 

other neuron in the layers below it. This layer's primary job is to learn the weights and biases needed 

to map the input layer to its appropriate output layer. The output O for FC layer i can be computed 

using the following equation. 

𝑂𝑖 = 𝐴𝐹(𝑂𝑖−1 × 𝑤𝑖 + 𝛽𝑖) (1) 

 

Here, O is the output of layer i, AF is the activation function, w represents the weight, and 𝛽 

represents bias.  

Activation Function: The activation function is used to determine the non-linearity in the network to 

learn more complex functions. In the deep learning framework, the nonlinear transformation from 

input to output is performed using the activation functions from the nonlinear layers and their 

combination with other layers [63]. Therefore, an appropriate activation function is required for a 

better feature-extracting strategy [64], [65], [66]. 

Rectified Linear Unit (ReLU): There are different activation functions that exist in the literature; 

however, Rectified Linear Unit (ReLU) is the most extensively used activation function. This function 

is denoted by using the following equation. 

Rl = max {(O, a) (2) 
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Sigmoid Function: Where a denotes the input from the front layer. The values of the sigmoid 

function are transformed with values ranging from 0 to 1 and are commonly used to produce a 

Bernoulli distribution.  

𝑠𝑖𝑔(𝑖) =
1

1 + 𝑒−𝑖
 (3) 

 

Sig represents sigmoid, and e represents Euler's number 

Hyperbolic Tangent: 

Y = tanh(x) (4) 

 

The elements of X's hyperbolic tangent are returned. Arrays are handled element-by-element using 

the tanh function. The function takes inputs that are both real and complicated. Every angle is 

measured in radians. 

Softmax: 

𝐴𝐹(𝑥) =
𝑒𝑥𝑗

∑ 𝑒𝑥𝑗𝑁
𝑛=1

 (5) 

 

This layer is commonly used as the final output layer that can be considered as a probability 

distribution over the categories. Table 3 contains all details of our Custom model illustrated in Figure 

2, which depicts input details, convolution layers, Normalization type, nature of pooling, Activation 

functions used in each layer, nature of Fully connected FC layers, dropout, and Learning rate Lr 

parameters. Custom model input images, followed by four convolution layers, using padding, batch 

normalization, ReLU activation function, and max pooling, where dropout of different ranges is used to 

avoid over-fitting and to reduce its effects. Three connected layers using 0.25 dropout, where all 

connected layers are dense, and finally, the output layer contains a Softmax activation function along 

with a 0.001 learning rate. The learning rate was set to $0.0001$ to ensure gradual and stable 

convergence, especially important when fine-tuning pre-trained models like MobileNetV2. Higher 

learning rates (e.g., 0.001) caused instability and sharp fluctuations in training loss. A low learning 

rate allowed the network to fine-tune deep layers without catastrophic forgetting, preserving valuable 

features from ImageNet initialization while adapting to our autism facial classification task. A dropout 

rate of 0.3 was applied after the global average pooling layer to mitigate overfitting. This value was 

selected after testing dropout rates of 0.2, 0.4, and 0.5. A value of 0.3 effectively regularized the fully 

connected layers, reducing reliance on specific neurons while maintaining learning capacity. It also 

correlated with a slower increase in validation loss compared to more aggressive dropout.  

3.4. Evaluation Measures 

Any framework or network's performance is evaluated using evaluation metrics [67]. Specific 

evaluation measures are used for particular tasks. Standard measurements such as the Dice 

coefficient matrices, the Jacquard index, Hausdorff, and PSNR SSIM can be used to evaluate 

segmentation, denoising, and image fusion.  

3.4.1. F1 measures 

The F1 Measure and the Jacquard index [68] are the most widely used performance measures in 

medical image segmentation. Instead of pixel-wise accuracy, these measures are utilised since they 

are a better indicator of a segmentation's perceptual quality. According to Zijdenbos [69] . For object 
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segmentation, the Dice score better shows size and location consistency. They furthermore show that 

when the number of background voxels is taken into account, the Dice score is indeed a subset of the 

Kappa statistic, considerably outnumbers the number of foreground voxels. Let segmentation in 

image I be {𝑆1𝑆1𝑆1 … 𝑆𝑛} 

𝑆𝑖 ∩  𝑆𝑗 = ∅ 𝑓𝑜𝑟 𝑖 ≠ 𝑗 𝑈𝑖
𝑛 𝑆𝑖 = 𝐼 (6) 

 

S=U Si 

𝜌(𝑆𝑖𝐴) = max [
|𝑆𝑖 ∩ 𝐴|

|𝑆𝑖|
,
|𝑆𝑖 ∩ 𝐴|

|𝐴|
 ] (7) 

 

3.4.2. Confusion Matrix 

True positive rate / Sensitivity (TPR) 

The True Positive Rate, also known as sensitivity, is the number of subjects who have been positively 

tested. TPR = sum of true positives/sum of positive conditions can be expressed mathematically as:  

TPR = sum of true positives/sum of positive conditions 

Sensitivity =
TrPos

Tr Pos +  Fa Neg
 (8) 

 

True negative rate / Specificity (TNR) 

TNR, also known as specificity, indicates that negative tests were correctly recognized. It can be 

mathematically formulated as:  

TNR = Total number of true negative values / Total number of negative conditions) 

specificity =
TN

FP +  TN
 (9) 

 

Positive predictive value (PPV) 

PPV =Total true positive / Total number of predicted positive 

PosPerVal =
TrPos

Tr Pos +  Fal Pos
 (10) 

 

Negative predictive value (NPV) 

NPV=Total true Negative / predicted Negative Condition 

NegPerVal =
TrNeg

Tr Neg +  FaNe
 (11) 

3.4.3. Accuracy (AC) 

AC =
TrPos + TrNe

Tr Pos +  Fal Pos + FaNe + TrNeg
 (12) 

4. Results and Discussion 

A machine learning algorithm starts the learning process by using training data. In supervised  
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learning, data consists of features along with their corresponding labels. Training in machine learning 

means adjusting weights in such a way that they can map features to corresponding outputs. Now to 

tell the machine learning algorithm what to do with the input data so that the mapping is performed in 

the best possible way. We used loss functions and two different optimizers. The loss function tells us 

to what extent the algorithm's prediction is right or wrong. The Adamax optimizer is used in the 

proposed algorithm along with sparse categorical cross-entropy. Another important parameter while 

training a deep neural network is the learning rate, as the core purpose of every ML model is to 

minimize the loss for each iteration weights are adjusted so that we move towards a smaller loss. The 

size of the steps toward the optimum is decided by the learning rate. We trained our models with 3 

learning rates, which are (0.1, 0.01, 0.001), and then we evaluated the models' results on the basis of 

different learning rates. Batch size and Epochs are two other hyperparameters. Batch size determines 

the number of examples used in each iteration, while epoch decides how many times an individual 

example is used in the training process. Finally, it is also important to note that among them, 

EfficientNet outperforms in the case of both datasets. Besides, we also concluded that Adamax 

performed exceptionally well compared to Adam. 

The results in Table 3 represent a comparison between the proposed framework and other 

techniques. Proposed techniques achieve optimal values of Accuracy, confusion matrix, and F1 

Score.   

Table 3: Summary of the confusion matrix 

Classifier Precision Recall Accuracy AUC F1 

ResNet 0.9 0.977 0.98 0.9523 0.9603 

VGG 0.89 0.96 0.96 0.966 0.9650 

Proposed 1.0 0.98 0.99 0.9869 0.989 

 

 

Figure 3: ROC value using the proposed CNN-based model 

Despite the training accuracy reaching 99% by epoch 10, validation accuracy plateaued around 74-

75% after epoch 4. The divergence between training and validation losses indicated that overfitting 

began to emerge. This was detected early via continuous monitoring, and training was stopped at 

epoch 10 to avoid further overfitting. Rather than stacking additional dense layers, the architecture 

was kept intentionally lightweight. We used a single fully connected output layer with sigmoid 

activation for binary classification. This helped avoid unnecessary over-parameterization.  
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Table 3 depicts the overall results of the confusion matrix, accuracy, and F1 score. Results show that 

the pre-trained transfer learning approach (ResNet-101 and VGG-19) has low accuracy, AUC, and F1 

score as compared to our custom CNN-based model. We have improved our learning and detection 

procedure by using CNN, Batch normalization, and ReLU as activation functions for hidden layers and 

strides, four convolution layers, two fully connected layers, one input layer, and one output layer. We 

have also improved results by extracting different facial features by LBP and pre-processing our data 

with a custom CNN model. Figure 3 depicts that we have achieved a 0.99 AUC value, using a custom 

model that optimally classifies autistic and non-autistic cases among children's faces. Similarly, Table 

4 shows the dataset, model utilized, and accuracy; our customized model outperforms all research. 

Results presented in Figures 4, 5, and 6 represent the confusion matrix of each model. It is obvious 

from the results that the CNN custom model generates more robust results in terms of ASD 

classification and detection.  

Table 4: Comparison between previous techniques and the proposed model 

Author Dataset Methods ACC 

[20] Kaggle MobileNet 90% 

[70] Kaggle CNN 95% 

[71] Kaggle MobileNet 78% 

[21] Kaggle Xception 90% 

[72] Kaggle Xception 91% 

Proposed Model Kaggle CNN 99% 

 

Figure 6 indicates the maximum, positive predictive value, and minimum false negative values using a 

CNN-based custom model, which is a solid contribution to this study. This study is based on DL and 

ML-based feature extraction, followed by pre-processing steps to avoid under- and over-fitting. We 

have also performed augmentation steps, and pre-trained models have been employed to tackle the 

vanishing gradient problems. Results also depict that the custom model outperformed as compared to 

conventional approaches. 

 

 

Figure 4: Confusion matrix using VGG 
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Figure 5: Confusion matrix using ResNet 

 

 

Figure 6: Confusion matrix using the proposed CNN-based model 

Accuracy is considered a Major concern in image analysis, in terms of facial expression and emotion 

detection. Figure 7 shows that our CNN-based custom model has achieved an optimal accuracy of 

99% by training for fifty epochs. Results also reveal that after a gradual increment in training, training 

as well as validation both gradually improved and outperformed compared to pre-trained models.    

As compared to state-of-the-art research, we have to improve the classification and detection 

accuracy of ASD data. In terms of loss computation, over a custom model exponentially reduces the 

loss, and after some epochs, it remains consistently as low as possible. This also shows that the 

proposed framework produced more realistic and better results by achieving the gold standards of 

accuracy and loss.   

5. Conclusions 

In this study, we have employed transfer learning and a CNN-based custom model to detect and 

classify Autistic and non-autistic classes from the facial dataset. We have come up with the following 

conclusions. Firstly, our custom model, which consists of convolution layers, BN, Max pooling, Relu 

activation function, and drop-out of 0.025, has generated optimal results, maximum accuracy, 

maximum PPV, and Minimum NPV as compared to the transfer learning approach. Secondly, Res-

Net has better accuracy than VGG, where VGG has a lower NPV, which indicates the unique 

behavior of the dataset. Lastly, our custom model generates optimal results at the 15th epoch, 

whereas transfer learning generates better results at the 50th epoch. 
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Figure 7: Accuracy using the proposed CNN-based model 
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