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Abstract 

The number of people who have a disease that falls on the autistic spectrum is quickly 

increasing. Unfortunately, it may be difficult for them to obtain an early diagnosis and 

receive intervention in order to avoid problematic behaviors, which may lead to social 

isolation and financial loss for the entire family. Children who fall somewhere on the 

autism spectrum often have difficulties with social reciprocity, shared attention, and 

effective language expression. Consequently, autistic children commonly struggle with 

feelings of isolation. The novelty of the study is the early identification of autism in 

children based on their behaviors, such as arm flapping, head banging, and spinning, 

enabling intervention. This study integrates three transfer models—MobileNet, 

ResNet50, and InceptionResNetV2—with a long short-term memory (LSTM) model to 

aid early diagnosis of autism spectrum disorder. The Self-Stimulatory Behaviors Dataset 

(SSBD), which is available to the general public, was used for training. This dataset 

contains 125 films of persons with autism as well as autistic and non-autistic controls. 

We used the usual measures of accuracy, specificity, and sensitivity to see how well the 

three deep learning models worked. The empirical data from the diagnostic system 

indicated that integrating an LSTM model with ResNet50 achieved a superior accuracy 

of 93.10%. Every family must have access to an objective, affordable, and easy-to-use 

diagnostic or screening solution to enable early intervention for their children with ASD. 

To reach this goal, we developed an early screening tool for autism spectrum disorder 

that uses deep learning to accurately assess stimming behaviors and children's 

movements. This enables early diagnosis and treatment of the disorder. 

 
     Keywords: Autism spectrum disorder, Video processing, diagnosing, artificial 
intelligence  

1      Introduction 

Children often show the first signs of neurodevelopmental abnormalities, such as 
ASD, before the age of three [1]. The disease is characterized by a variety of symptoms, 
the most notable of which include difficulties maintaining social contact and 
communication, a narrow range of interests, and engaging in repetitive behaviors [2]. ASD 
patients frequently have difficulty understanding others' feelings and thoughts. They also 
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find it challenging to communicate their ideas to others. ASD is estimated to affect one in 
270 persons worldwide by the World Health Organization (WHO) [3]. Some people with 
ASD show exceptional abilities in the areas of aesthetics, cognition, or music, but everyone 
on the spectrum is different. ASD must be diagnosed at the earliest feasible age so that 
proper treatment can begin. Early intervention can improve the patient’s health and reduce 
symptoms and suffering.  

Clinicians may employ various observational techniques to diagnose ASD. Finding 
people with ASD early on may improve their treatment, but it takes a lot of time and effort. 
In recent years, more people have used machine learning to identify the symptoms of 
serious diseases. A lot of different solutions have been thought about to make it easier to 
find people with ASD and make the illness less severe [4,5]. 

     Even if the clinical and physiological aspects of autism are not identified until a 
later stage, some crucial behavioral traits can indicate autism and the severity of the 
condition. Diagnostics Eye-tracking (ET) technology is among the most significant and 
promising approaches for identifying ASD, thanks to its speed, low cost, ease of analysis, 
and applicability across age groups. Eye tracking involves generating, tracking, and 
capturing points to compute how the observer’s eye moves across them. Eye movements 
have been identified as a potential biomarker of ASD [6]. Monitoring a patient’s eye 
movements can serve as a stand-in for more conclusive diagnostic tests in the early stages 
of ASD [7]. Eye tracking can aid in the early detection of children who have ASD [8]. 

Large eyes, a prominent mouth, and a prominent philtrum are among morphological 
indicators that may suggest ASD [9]. Another possible feature is a shorter central face. One 
promising area for diagnosing autism is the potential use of facial features as physical 
markers. A child's degree of facial asymmetry may be assessed by measuring the distance 
between two facial landmarks or protrusions. Indefensible evidence of autism spectrum 
disorder may be provided by a dysmorphology test. A 3D camera snaps several images of 
the subject's face in different orientations along the x, y, and z axes; this setup was used by 
Obafemi et al. [10] as part of their 3dMD face system. The next step is to stitch the images 
together to create a three-dimensional surface mesh, which may be used to estimate the 
face's geometry to within millimeters [11]. Children with autism spectrum disorder (ASD) 
have facial morphology that differs significantly from that of normally developing (TD) 
children, according to research by Miles and Hillman [12]. Also, their study proved that 
different types of autism spectrum disorder are characterized by different facial traits. Each 
of these categories was associated with a set of clinical and behavioral traits that were 
highly correlated with one another. 

In recent years, computational intelligence ML approaches have been applied to the 
field of behavioral science. This has opened exciting new possibilities for improving the 
accuracy of prediction and reliability of classification in early autism screening, detection, 
and diagnosis. ML algorithms can assist in screening and diagnosing autism. They can do 
this by boosting the sensitivity and specificity of diagnostic and screening tools, as well as 
by helping identify the smallest number of items required to maintain satisfactory 
classification accuracy. The proportion of correct predictions in relation to the total number 
of predictions is used to determine the accuracy of a classification system. This proportion 
is then multiplied by 100 to provide a percentage representation of the accuracy. Accuracy 
scores below 0.50 indicate random prediction of the independent variable, while scores 
above 0.90 indicate strong predictive validity. 

Several published research studies on ML and DL for detecting eye-tracking in ASD 
have been conducted since 2015. To the best of our knowledge, ML and ET technology 
hold promise for earlier and more objective autism diagnosis. However, one drawback of 
this method is the need to prepare a suitable location in accordance with a specific test 
protocol so the child can direct his or her gaze toward the RT device at the bottom of the 
screen. Specifically, the child must be able to see the eye-tracking device, as the eye tracker 
will not capture the child’s eye movements if he or she looks away from it. In addition, ET 
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devices are expensive, which makes them difficult to implement in economically 
disadvantaged countries. In addition, the use of a body-worn sensor, such as an arm or 
chest-mounted device, may be inappropriate. This is because children, and children with 
autism, are more likely to have allergies to items with which they have not had contact.  

The creation of a system capable of identifying children's movements in a video clip 
was the primary motivation for this research project. Specifically, this study proposes three 
distinct transfer learning modes to identify stereotypical motor motions associated with 
autism in a video clip from a standard dataset. The main contribution of this research was 
to determine whether a particular individual with autism exhibits these motions. The results 
of the proposed system were compared with those of various other existing systems. The 
system can accurately recognize ASD. According to the findings, pattern recognition 
algorithms accurately detected approximately 93.10% of stereotypical motor actions across 
125 video clips. 

2      Related Work 

Recent studies have focused on ASD research and the categorization of its essential 
features. Thabtah et al. [13–16] developed the ASDTests app to collect data on ASD across 
a wide range of age groups, including babies, children, teenagers, and adults. The AQ-10 
and Q-CHAT were the evaluation tools used to create this app. To fill an ML repository at 
UC Irvine, the authors used this tool to collect data on individuals with ASD. Using RF, 
CART, and RF Iterative Dichotomiser 3, Omar et al. [17] examined the AQ-10 and 250 
real datasets. The ID3 technique emerged as the top machine learning method, according 
to their findings. The datasets were examined by Sharma et al. [18] using the CFS-greedy 
stepwise feature selector. The methods used included RF, KS, NB, and SGD (stochastic 
gradient descent). Using data from 16–30-year-olds, Satu et al. [19] built several tree-based 
classifiers and used them to establish criteria for distinguishing TD from autistic brains. 
Erkan et al. [20] examined three approaches on similar datasets; only RF could identify 
ASD patients. Other than that, there was SVM and KNN. Using information gain (IG) and 
chi-squared (CHI) feature selection to create distinct feature subsets for adults and 
adolescents, respectively, logistic regression (LR) was used to identify individuals with 
ASD. The data collected and analyzed by Akter et al. [21] included people of all ages, 
including adults, adolescents, and newborns. 

In recent times, efforts have been made to build automated classification systems 
using ML approaches, with the singularity of speech attributes serving as the basis for their 
implementation. Several articles have shown that these efforts might be viable alternatives 
to traditional methods, thanks to the development and improvement of ML algorithms, 
which have led to better performance on cutting-edge classification and discrimination 
tasks [22]. As an example of ML classification, the authors of [23] used several acoustic 
and prosodic characteristics. The root-mean-square signal energy, fundamental frequency, 
formant frequency, and harmonics were all among these features. They used SVM and 
probabilistic neural networks (PNNs) as classifiers in their study, and the results showed 
that both methods effectively distinguished between TD and ASD youngsters. Authors of 
[24] modern DL techniques like convolutional neural networks (CNNs) and RNNs, to 
categorize children diagnosed with autism using the Autism Diagnostic Observation 
Schedule. We used constant-Q transform (CQ) (ADOS) to feed spectral characteristics into 
the CNNs and RNNs. They demonstrated encouraging outcomes across various SVM, 
RNN, and CNN-RNN outputs.  

 
An RL model using feature sets accurately categorized 75% of individuals' speech [25]. 
Combining the BLSTM model with an expanded version of the Geneva minimalistic 
acoustic parameter set (eGeMAPS) [26], this study used a generalized acoustic feature set. 
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Research on various acoustic features has shown that they are effective in detecting 
abnormalities in the voices of children with ASD compared to typically developing (TD) 
children. However, until a large amount of data is collected, we will not know the 
complexity of the features or their relationships. 

A CNN has been developed for classifying various plant species. A CNN using a 
transfer learning technique was employed by Aldhyani et al. [28] for the categorization 
and identification of ASD. Although many studies have used CNNs with good results, the 
variety of datasets employed is limited [29]. Training a deep learning model on a large 
dataset is likely to yield the best possible output. While excellent results were obtained in 
the existing study, there is still room for improvement in the variety of the picture database. 
When compared with the actual photographic materials used in real health sectors, the 
models trained on currently available datasets lack diversity in image variety and 
background. 

It has been shown that the transfer learning strategy is the most appropriate and robust 
approach for improving the effectiveness of CNNs by leveraging a pre-trained neural 
network. Transfer learning is an ML technique that leverages previously trained models, 
in this case, CNNs. This allows retraining the models from scratch using a dataset of any 
size. Even with a limited dataset, such models may achieve high classification and 
identification accuracy. Figure 1 demonstrates the transfer learning model’s methodology 
for diagnosing ASD. 

Transfer learning enhances precision by taking a model trained on a large dataset, such 
as ImageNet, and applying it to a smaller one. Teaching the layers entails first freezing the 
topmost layer, then training the bottommost layer to do the same. In this way, the model 
can be modified and trained for the specific type of feature extraction by essentially 
“freezing” the layers [30]. For example, by training the last layers while freezing the first 
few convolutional layers, it is possible to identify certain visual properties. By freezing the 
final few layers of the pre-trained model, low-level properties across the image can be 
retrieved during training of the early layers. 

 

 

Figure 1. Transfer Learning 
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Recently, object recognition has seen a surge in the use of encoder-decoder frameworks 
based on convolutional neural networks (CNNs). In their evaluation of this system, Ji et al. 
[31] highlighted its useful features and promising future applications in object recognition. 
The encoder-decoder architecture used by Chen et al. [32] to construct PAD-Net has shown 
promising results in stereoscopic image quality assessment (SIQM). Countless other 
domains have also found success with the encoder-decoder structure, including damage 
detection [33], scene-independent evaluation [34], image analysis and classification [35], 
and handwriting recognition [36]. An automated technique for splitting nasopharyngeal 
carcinoma was created to aid clinicians in diagnosis and treatment using the second method 
[36]. 

3. Materials and Methods 
Autism data were collected from the Self-Stimulatory Behaviors Dataset (SSBD). A 

data preprocessing method was used to reduce video size and handle ASD class labels. The 
data were processed using a transfer-learning model combined with an LSTM to detect TD 
and ASD in children. The system focused on detecting children's hand movements. The 
research framework is presented in Figure 2. 
 

 

Figure 2. Framework for detecting ASD 
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3.1 Dataset  

The SSBD  is by far the most popular resource available to the public for identifying 
autism from videos. Videos of children engaged in self-stimulatory activity, sometimes 
referred to as “stimming,” are frequently utilized as a diagnostic tool for autism. Videos of 
stimming actions that were uploaded by parents or caregivers to free websites were 
gathered and categorized. Automated behavior analysis is made far more difficult by the 
fact that these videos were recorded in the animals' natural habitats, without any artificial 
modification. The collection consists of 125 films, each lasting an average of 90 seconds 
and separated into three categories based on the type of stimming activity shown: flapping 
arms, banging the head, and spinning. Table 1 shows the data set’s categorization. 

 

Table 1: Categorization of the dataset 

         Classes  Video  

Normal  61 

Abnormal 64 

   

3.2 Preprocessing 

The authors of the SSBD [2] provided URLs for 125 YouTube videos, each of which 
was annotated at the beginning and end with examples of anomalous actions indicative of 
autism. The average length of each movie is around 90 seconds. The movies included in 
this collection showcase a variety of behavioral movements throughout a range of time 
periods. The one-hot encoding method was used to convert the videos into numerical 
classes.  

3.3 Deep Learning Model 

Three pre-training models for detecting hand-flapping movement are presented in the 
following subsections. 

 
3.3.1 Convolution Layer 

Convolutional layers use trainable filters to extract relevant features from an image. 
Convolution is a linear procedure that involves multiplying an input array by a filter array 
(also termed a two-dimensional array). Smaller than the input data, the filter is applied 
repeatedly to various parts of the input array, creating a two-dimensional array known as 
a feature map. 
 
 3.3.2 Pooling Layer 

In this respect, the pooling layer is analogous to the convolutional layer. The spatial 
extent of the convoluted feature has to be reduced. In addition, it facilitates the extraction 
of dominant features while reducing feature dimensions, thereby increasing the recognition 
rate. Standard pooling procedures include averaging the results and pooling up to the 
maximum possible. Max pooling helps denoise the input and reduce the feature dimension 
simultaneously. When it comes to reducing the number of dimensions, however, average 
pooling serves as a denoising method. 

 
3.3.3 Fully-Connected Layer 

All of the values generated by the convolution and pooling step were merged into a 
single vector and then sent. The similarity between characteristics and labels is represented 
by a set of values. Using the characteristics extracted during the convolution/pooling 
process, the fully connected layer assigns labels to the pictures. Every neuron gives each 
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incoming weight its proper designation. After then, the winning label is decided by a 
majority vote across all neurons. 

 

3.3.1. MobileNet V2 model MobileNet V2 is a CNN-based model that is frequently used 
for classification and image detection. It is well-suited for mobile devices and PCs with 
limited processing power [37] because the MobileNet architecture requires less 
computational effort than a regular CNN. The MobileNet model has a straightforward 
structure consisting of a convolutional layer. This layer can be used to differentiate 
information depending on two controllable features, efficiently flipping between the 
accuracy and latency of the parameter. The MobileNet architecture is superior to other 
options for reducing the total network size [38]. Although it has only a limited number of 
features, such as palmprint recognition [39], MobileNet [40] is quite efficient. Its 
architecture is layered and hierarchical. A number of convolutions, also known as 
abstraction layers, support the basic structure. These convolutions look like a quantized 
configuration that gives a full picture of how hard a typical problem is. This allows users 
to perform more in-depth analyses (ReLU) [41–43]. The resolution multiplier variable is 
used to simplify the input image and the internal representations of each layer. Figure 3 
shows how the hybrid MobileNet V2 and LSTM model is put together.  
The feature vector map (A, M, and N in video size) and the filter (Fs by Fs in size) are both 
Fs by Fs in size. P is the input, and C is the output. The variable ce represents all the 
computational work that the architecture's basic abstract layers need to perform. You can 
use the following equation to figure out how much work they need to do: 

                                          C=𝐴𝐾 . 𝐴𝐾 . 𝑀. 𝑁. 𝐴𝐹 . 𝐴𝐹   (1) 

M.N. 𝐴𝐹 . 𝐷𝐴𝐹      (2) 
For the experimental detection of hand flapping, a common stimming behavior in 

children with ASD, the multiplier value is in the range 1 to n. The value varies depending 
on the context in which it is used. It has been determined that the variable-resolution 
multiplier is 1. The computing efforts are accounted for by the variable costs, which may 
be evaluated using Equation (3): 

𝐴𝐾 . 𝐴𝐾. 𝑀. 𝐷𝐴𝐹 . 𝐴𝐹 + 𝑀. 𝑁. 𝐴𝐹 . 𝐴𝐹                    (3) 

 
The depth-wise and point-wise convolutions are constrained by the depletion variable, 

which is denoted by d and estimated using Equation (4) described below. The suggested 
model contains both convolutions: 

𝐴𝐾.𝐴𝐾.𝑀.𝐴𝐹.𝐴+𝑀.𝑁.𝐴𝐹.𝐴𝐹

𝐴𝐾.𝐴𝐾.𝑀.𝑁.𝐴𝐹.𝐴𝐹
      (4) 

 

When combined, the hyper-features, width, and resolution multipliers help determine 

the situation-specific window size that yields the most accurate predictions. You can see 

the image size that the model is using. You can find out how long the video sequence is by 

looking at the first two numbers (96x3). It is imperative that these integers never go below 

32. With a third value, you can tell it takes three different types of inputs. The size of each 

of the 64 filters in the proposed design is determined by multiplying 3 by 3, 3 by 64. Table 

2 shows the primary parameters of the MobileNet V2 and LSTM hybrid. 
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Figure 3. Structure of the MobileNet V2 and LSTM hybrid 

Table 2. Main parameters of the MobileNet V2 and LSTM model 

Name Values 

Image input IMAGE_HEIGHT, IMAGE_WIDTH = 

96, 96*3 

Sequence Length = 20 

Epochs 50/70 

Optimizer                      stochastic gradient descent (SGD) 

Batch sizes 5 

 

 

3.3.2 ResNet50-LSTM 

The ResNet model is an example of a deep neural network. It was first described in 
[44]. A framework for residual learning was developed to simplify the training of 
increasingly complex deep neural networks. The layers are reformed to learn residual 
functions with respect to the layer inputs rather than learning unreferenced functions as 
they were originally intended to do [45], given the complexity of both the computation and 
the model. The ResNet50 architecture consists of 50 layers. To complete our classification 
task, we modified the output of ResNet50 to 3D. 

 
With 5 layers, the ResNet50 CNN model achieves its goal. A pre-trained network trained 
on over a million photos can be imported from the ImageNet database. To address the 
challenges of training CNN models, researchers at Microsoft Research Asia proposed 
ResNet50 in late 2015. Many computer vision applications, including image classification, 
can be made easier with Keras' residual network architecture [37]. The hybrid ResNet50 
and LSTM model's architecture and critical parameters are shown in Figure 4 and Table 2, 
respectively. 
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Figure 4. Structure of the hybrid ResNet50 and LSTM model 

                 

Table 3. Parameters of the hybrid ResNet50 and LSTM model 

 

3.3.3 Inception-ResNet-v2 

The Inception-ResNet-v2 model is an extension of the Inception family of models that 
leverages skip connections and other properties of the convolutional neural architecture 
[46]. This model was developed by Google. Inception-ResNet-V2 uses a filter-expanding 
layer, a 1:1 convolution with no activation. The purpose of this layer is to increase the filter 
size so that its sum has the same depth as the input [47,48]. This layer is placed immediately 
before the inception block. In the case of Inception ResNet, extra batch normalization was 
applied only to the regular layers, not to the summations. This was done to improve 
accuracy. To complete this assignment, we used the Inception-ResNet-V2 neural network, 
which was previously pretrained on the enormous ImageNet dataset, containing more than 
one million photographs. The total number of layers in this network is 164. To perform 
quality assessments of pictures, which is a regression problem, we modified the 
InceptionResNet V2 output layer to a linear layer with a single neuron. Figure 5 shows the 
architecture of InceptionResNet combined with an LSTM model. 

 

Input  Values 

Image input IMAGE_HEIGHT , IMAGE_WIDTH = 96, 96*3 

SEQUENCE_LENGTH = 20 

Epochs 55/100 

Optimizer Adamax 

Batch sizes 6 
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Figure 5. Architecture of InceptionResNet combined with LSTM 

During the model construction, we utilized the optimizer known as “Adamax,” the 
loss measure of binary cross-entropy, and the metric score of correctness. The following 
list of hyper-parameters were the most helpful throughout our experiments: 30 training 
iterations, a batch size of i64, a learning rate of 0.001, and a batch normalization 
momentum of 0.9. The main significant parameters of the InceptionResNet model are 
presented in Table 3. 

Table 3. Parameters of hybrid ResNet50 and LSTM 

 

 

3.3.4 Long Short-Term Memory Network (LSTM)  

 LSTM network is a more advanced type of sequential neural network. It uses to fixes the 
problem of RNN gradients getting worse over time. RNNs are usually used for long-term 
storage [49]. In general, an LSTM works like a single RNN neuron. This is how the LSTM 
network is set up on the inside. Figure 6 below shows that the LSTM is composed of three 
separate parts, each responsible for a different task. The first step is to decide whether to 
keep or delete the data from the previous timestamp, based on its importance. In the second 
phase, the cell tries to obtain new information by examining the information already sent 
to it. Finally, in the third and last stage, the cell adds the most recent data to the data 
recorded at the next time stamp. The word "gate" refers to these three parts of an LSTM 
cell. The last part consists of the "Forget" gate, the "Input" section, and the "Output" 
section. Figure 6 shows how the LSTM model is built. 

 
 

Input Values 

Image input IMAGE_HEIGHT, IMAGE_WIDTH = 96, 96*3 

SEQUENCE_LENGTH = 20 

Epochs 21/100 

Optimizer Adamax 

Batch sizes 3 
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Figure 6. LSTM model 

 

 Forget gate: 𝑓𝑡 = 𝜎(𝑊𝑓 . 𝑋𝑡 + 𝑊𝑓 . ℎ𝑡−1 + 𝑏𝑓) (5) 

 Input gate: 𝑖𝑡 = 𝜎(𝑊𝑐. 𝑋𝑡 + 𝑊𝑖 . ℎ𝑡−1 + 𝑏𝑖) (6) 

 Cell gate: 𝐶𝑡 = (𝑊𝑓 ∗ (. ℎ𝑡−1, 𝑥𝑡) 𝑏𝑓) (7) 

            Output gate: 𝑜𝑡 = 𝜎(𝑊𝑜 + 𝑋𝑡 +  𝑊𝑜 . ℎ𝑡−1 +   𝑉𝑜 .  𝐶𝑡 +  𝑏𝑜) (8) 

 Hidden layer: ℎ𝑡 = 𝑜𝑡 + tanh (𝐶𝑡) (9) 

Figure 6 shows how the cell looked before𝑊𝑓 . 𝑋𝑡  and how it looks now 𝑊𝑓 . 𝑋𝑡 . The 

outputs of the previous and current cells are represented by the subscript base. ℎ𝑡−1,  and 
h, respectively. Even though it is the input gate, 𝑓𝑡is often not treated as a gate. This is the 
result of a sigmoid gate, shown here as ot. The wire that connects the cell gates sends all 
the data they receive and send to and from C. The f t layer decides whether or not to 
remember something by multiplying the 𝑓𝑡 output by 𝐶𝑡. The next step is to multiply 𝐶𝑡by 
the gates of the sigmoid layer and the tanh layer. After that, the output is h t, which is made 
by 𝑜𝑡and tanh. 

 

3.4 Measuring the Model’s Performance 

 
The assessment metrics used to evaluate the algorithms' effectiveness in identifying ASD 
include F1 score, recall, specificity, accuracy, and sensitivity. Below, you can find the 
equations that pertain to these parameters. 

 
Accuracy: The accuracy measure is a useful evaluation metric; however, it is 

applicable only when the datasets are consistent and the false-positive and false-negative 
rates are approximately equal. A classifier's ability to accurately predict data points is one 
factor that determines its accuracy. 

          𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝐹𝑃+𝐹𝑁+𝑇𝑁
× 100%       (9) 

      𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
× 100%                            (10) 
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 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃+𝐹𝑃
× 100%                                (11) 

                   𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
 × 100                          (12) 

  𝐹1 − 𝑠𝑐𝑜𝑟𝑒 = 2 ∗
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+ 𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦
 × 100                               (13)                          

3. Experiment  

    During testing, both Windows 10 and the Jupyter deep learning framework were used. 
A machine with 64 gigabytes of RAM, an Intel Core i5-9700 central processing unit, and 
a single NVIDIA RTX3060 graphics processing unit was used for the experiments. The 
experiment's input dimensions were 96, 96*3, and the sequence length was 20. We used 
70% of the videos from the SSBDD dataset to build our training database and the other 
30% to build our validation set. 

 

4.1 Results  

We used the data flow generators to send the data to the model in groups. We used LSTM 
to train and test MobileNet, ResNet50, and InceptionResNetV2. The training set contained 
125 video clips (96 images), and the validation set contained 29 images (29 autistic and 29 
normal). Table 4 shows the results of the deep learning models that were run. The 
Restnet50-LSTM model achieves 93.10% accuracy, while the InceptionResNetV2-LSTM 
model achieves 79.31%. 

 
  
Table 4. Results of the proposed system 
        Model   Accuracy  

 (%) 

Sensitivity  

(%) 

Specificity  

(%) 

Precision 

(%)  

F1 

score  

(%) 

ROC 

(%) 

MobileNet-LSTM 89.65 100 80 80 73 89 

InceptionResNetV2-

LSTM 

79.31 86.66 100 86 84 79 

Restnet50-LSTM 93.10 60 100 100 92.85 93 

 

Figure 7 presents a breakdown of the MobileNet accuracy, performance, and loss 
metrics. Training and testing were both carried out using the MobileNet combined with the 
LSTM, with the testing phase lasting 50 epochs. The training process began at 60% and 
progressed to 99%, whereas the validation process progressed linearly, beginning at 55% 
and ending at 89.65%. During training, the accuracy loss decreased from 0.6 to 0.01, and 
the volitional accuracy increased from 0.5% to 0.3%. The MobileNet-LSTM model 
demonstrated high accuracy; however, we found it to be only 89.65%, which is extremely 
low. 
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Figure 7. Performance of MobileNet-LSTM 

 
Figure 8 shows how well the InceptionResNetV2-LSTM model did at finding and 
predicting ASD in kids. During training, the model got an accuracy of more than 98%. But 
during validation, it achieved only 79.31% accuracy after 20 epochs, including 1 training 
iteration. The accuracy went down from 0.6 to 0.3 during validation. 

 

 

Figure 8. Performance of Restnet50-LSTM 

Figure 9 shows the system's accuracy. The y-axis shows the data sorted by percentage. To 

see how well the training system worked, we looked at how well the validation system 

worked. The optimization process was stopped, which led to an amazing increase in 

accuracy of up to 50 epochs. The validation process improved the performance of the 

Restnet50-LSTM model from 74% to 93.10%. A categorical cross-entropy function was 

used to compute the training losses for the proposed system. Over 50 epochs, the training 

losses decreased from 0.6 to 0.01, and the validation losses decreased from 0.4 to 0.1. 
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Figure 9. Performance of InceptionResNetV2-LSTM 

The signs of confusion displayed in Figure 10 are the true negative rate, the false 
positive rate, the valid positive rate, and the FN rate. When the MobileNet model was used, 
there were 14 adjusted normal video clips, 3 FP video clips, and 12 true-negative video 
clips. According to the confusion matrix, InceptionResNetV2 misclassified 6 video clips, 
9 TP video clips, and 14 TN video clips. The Rest50LSTM model achieved high accuracy 
with fewer misclassifications (2) and 14 true negative and 13 true positive video clips. Of 
the models, InceptionResNetV2 achieved very low overall detection rates. 

 

Figure 10 confusion metrics: a) MobileNet-LSTM, b) InceptionResNetV2-LSTM and c) 
Rest50-LSTM 
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5. Discussion  
It can be hard to understand ASD because it is a neurological disorder. Poor social 

behavior and nonverbal communication skills often appear in the first three years of a 
child's life. For instance, if you have trouble controlling your feelings or understanding 
how others feel, you might avoid making eye contact. ASD is a group of 
neurodevelopmental disorders that have a strong genetic component. For most of the last 
century, ASD has been getting more common around the world. It is important to screen 
autistic toddlers at a young age so that they can get the help they need quickly. But early 
manual screening methods for ASD are both expensive and a waste of time. It is common 
for young children with ASD to act in a stereotypical way during therapy. 

A preliminary analysis of the frequency distribution of behavior (hand movements or 
hand flapping) was conducted to investigate the differences between autistic and TD 
children using deep learning models. Additionally, the system stimuli conditions were used 
to evaluate the ability to discriminate between ASD and TD children using movement. We 
developed three models, MobileNet, Rest50, and InceptionResNetV2, combined with 
LSTM models, which include pre-trained algorithms, to detect ASD. We conducted three 
experiments using different pre-training models. Automatic behavior analysis is 
challenging due to the unregulated nature of the environments in which the video clips 
were generated. The 125 videos, with an average running time of 90 minutes each, were 
included in the data collection. Stimming activities, which can include arm flapping, head 
thumping, and spinning, lasted for roughly 10 seconds per video on average. In addition, 
we presented the preliminary results of a test using the tried-and-true bag-of-words method 
to perceive movements based on intellect. To the best of our knowledge, this is the first 
time that video clips of children engaged in self-stimulatory behaviors have been made 
available to the public, and they may be found in the SSBD. 

The tests revealed that the Rest50-LSTM model performed well (93.10%). The 
Rest50-LSTM results were validated using the ROC metric, where the y-axis shows true 
positives for categorizing the normal and abnormal classes, and the x-axis shows false 
positive metrics. The Rset50-LSTM model was shown to be successful, achieving an 
accuracy of 93.10% in the detection and diagnosis of ASD. The ROC metrics for the 
Rest50-LSTM model are presented in Figure 11. 
 

 

Figure 11. ROC of Rest50-LSTM model. 

We evaluated the suggested deep learning Rest50-LSTM to many other diagnostic systems 
already in use. In Table 5 you can see the outcomes. The results obtained by our method 
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and by other current techniques are shown graphically in Figure 12. Among the techniques 
already available, our suggested one generally provides the best accuracy. 

 
Table 5. Significant results of proposed system against existing systems  

Accuracy % Dataset  Purpose   Model  References  

84 SSBD Hand flapping MobileNetV2  Ref [4] 

86.6 SSBD Hand flapping Histogram   Ref [2] 

85.60 SSBD Hand flapping DeepSORT  Ref [5] 

93.10 SSBD Hand flapping Rest50-LSTM Proposed  

 

 

Figure 12. Comparison of the proposed system and existing systems 

 

According to the results, the Rest50-LSTM model achieved correct predictions for 
unseen test video clips with a confidence level of 93.10% or higher. To ensure the Efficient 
model generates accurate diagnoses, it must be validated using a reliable dataset that 
includes video clips of autistic and normal children. Early screening for ASD based on 
common behaviors, including arm flapping, head banging, and spinning, may be beneficial 
for the child as well as for their parents and doctors. Only a few seconds of observation of 
movement and behaviors are necessary to determine whether or not a child has ASD. 
However, the situation is more complicated when an expert attempts to manually 
differentiate between normal and autistic children based on a visual interpretation of facial 
traits. The model’s accuracy is high because it was trained on a large training set. The 
model described here could be made available as a mobile application. This would allow 
parents to conduct screening exams on their own, further assisting in informing referrals 
or diagnostic tests.  

6. Conclusion 
The goal of computational behavior modeling is to understand how computers can 

analyze and make sense of human behavior. This technology has significant clinical 
potential for ASD, a condition that typically presents at a younger age in males than in 
females. ASD is impacting on an increasing number of youngsters all over the world. The 
correct diagnosis of ASD is extremely important, and the diagnostic procedures that are 
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now in use may be improved to better categorize the many forms of ASD in a manner that 
is accurate and economical. This may be achieved in a variety of ways, including reducing 
the time spent diagnosing a patient, maintaining sensitivity, specificity, and validity, and 
improving the test's predictive accuracy. As a consequence of this, there is a need for more 
study on the precise and effective categorization of ASD. The use of deep learning 
algorithms is an intelligent and promising strategy that requires minimal human 
intervention. 

       This study considered the usefulness of specific behaviors, including arm 
flapping, head banging, and spinning, as biomarkers for accurately distinguishing autistic 
from TD children. We acquired and examined a large dataset of video clips that show 
children engaging in self-stimulatory activities in natural settings. The baseline 
experiments on this dataset yielded low accuracy in class recognition; thus, further research 
is necessary to improve the model’s performance.  
Three transfer learning models—MobileNet, ResNet50, and InceptionResNetV2—along 
with an LSTM model, were built and tested to evaluate their ability to detect ASD from 
children's behaviors. We found that the Rset50-LSTM model outperformed the others, 
achieving an AUC of 93.10%. The findings indicate that a video recording of a child's 
movements and behaviors can effectively pinpoint the distinct traits of ASD, providing a 
rapid and precise method for diagnosis. It is beneficial for individuals to receive an early 
autism diagnosis. It is not possible to quickly and accurately diagnose autism using 
standard diagnostic methods. To make the model's predictions more accurate, to make 
ASD datasets less vulnerable to data breaches, and, most importantly, to fix important 
problems caused by people getting in the way, more research is needed on deep learning. 
If this were to happen, more progress might be made. 
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