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Abstract: Early detection of autism spectrum disorder (ASD) plays a crucial role in inter-
ventions that can significantly improve children’s cognitive and social development. Tra-
ditional diagnostic methods often rely on clinical observation, which may introduce sub-
jectivity and delay diagnosis. This study presents a Flutter-based mobile application that
integrates an on-device deep learning model for classifying facial images of autism. The
classification model is built on the lightweight MobileNetV3-Small architecture, optimized
for real-time inference on mobile devices using TensorFlow Lite. A dataset of 600 facial
images (300 autistic, 300 non-autistic) was collected from local schools in Banda Aceh, In-
donesia, and expanded to 1,860 images using augmentation techniques. The model was
trained using transfer learning and achieved 97% accuracy, precision, recall, and F1 Score
on unseen test data. Users can upload images through camera or gallery, with classification
results displayed in 1 to 2 seconds and stored in Firebase for history tracking. The proposed
system provides a fast, accessible, and cost-effective tool for the detection of ASD. Unlike
many prior studies, this work emphasizes full on-device execution without server depen-
dency, improving both speed and privacy. However, since the dataset was collected from a
single location with limited demographic diversity, more validation is needed on broader,
multisite datasets to ensure generalizability and fairness in future deployment.
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1 Introduction

Autism Spectrum Disorder (ASD) is a complex neurodevelopmental condition that affects
communication, behavior, and social interaction. According to the World Health Organiza-
tion (WHO), approximately 1 in 160 children worldwide is diagnosed with ASD, although
the actual figure may be higher in underserved regions due to limited access to diagnostic
services [1]. Early detection plays a vital role in enabling timely interventions, such as be-
havioral and communication therapies, which have been shown to significantly improve
developmental outcomes and quality of life for affected children [2]. Studies have con-
sistently shown that children who receive early intervention exhibit better cognitive and
behavioral performance compared to those diagnosed later [3,4].

Despite its importance, the diagnosis of ASD remains a challenge in many parts of
the world. Standard diagnostic tools such as the Autism Diagnostic Observation Sched-
ule (ADOS) and the Autism Diagnostic Interview-Revised (ADI-R) rely heavily on expert
observation and parental reporting, which introduces potential subjectivity and delays in
identification [5]. Furthermore, currently there is no established biological marker for ASD,
making the diagnosis highly dependent on qualitative evaluations. This gap underscores
the urgent need for more objective, data-driven, and scalable screening tools.

In recent years, deep learning has emerged as a powerful tool in medical image analysis,
including ASD detection. Convolutional neural networks (CNN) are particularly suited for
this task due to their ability to extract complex features from images, including subtle facial
characteristics that can distinguish children with ASD from their neurotypical peers [6].
Previous research has shown that CNNs can achieve high accuracy in classifying facial
expressions and detecting neurodevelopmental conditions. Among the various CNN ar-
chitectures, MobileNet stands out due to its efficiency and low computational cost, which
makes it suitable for mobile deployment without requiring cloud processing [7].

Although several studies have applied CNNs for ASD detection using facial images,
most existing systems rely on server-based processing or high-end hardware. This ap-
proach may not be practical in low-resource settings. To address this limitation, we propose
a lightweight, fully on-device solution that leverages the MobileNetV3-Small architecture
integrated within a mobile application built using Flutter. This design enables fast infer-
ence and preserves user privacy by eliminating the need for external servers. Users can
upload a child’s facial image via the camera or gallery, and the mobile application returns
a classification result within seconds.

The dataset used in this study comprises 600 original facial images of children (300 with
ASD and 300 without), collected from special education schools and elementary schools
in Banda Aceh, Indonesia. To improve data diversity and reduce overfitting, augmenta-
tion techniques such as horizontal flipping, Gaussian noise, and contrast adjustment were
applied, expanding the dataset to 1,860 images. The model was trained using transfer
learning, employing ImageNet pre-trained weights, and fine-tuned for binary classifica-
tion. Training used a 70/15/15 split for training, validation and testing, respectively, and
achieved 97% accuracy, precision, recall, and Fl-score on unseen test data. This research
contributes three key innovations:

* A lightweight and accurate facial image classifier for ASD detection using
MobileNetV3-Small;

* Integration of the classifier into a cross-platform mobile application that supports
real-time, offline inference using TensorFlow Lite;
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¢ A practical tool to support ASD screening in underserved communities where spe-
cialist diagnostic services may be unavailable.

Although the results are promising, the data and the literature are limited in terms of
geographic and demographic diversity, potentially affecting generalizability. Future work
should focus on multisite data collection, validation with benchmark datasets, and real-
world usability testing in collaboration with clinicians.

2 Research Method

This study aims to develop a Flutter-based mobile application for classifying facial images
of autistic and non-autistic children using the MobileNetV3-Small architecture. The re-
search workflow includes five main stages: (1) data collection, (2) preprocessing, (3) model
training and validation, (4) mobile application integration, and (5) system evaluation. Fire-
base Firestore is used for user authentication and storing classification history. The overall
workflow is summarized in Figure 1, which illustrates the step-by-step process from data
acquisition to mobile deployment.

Data Collection ~> TFlite Conversion

l l

Mobile Application
Integration

l l

Model Trainingand | ) |On-device Inference &
Validation Evaluation

Pre-processing Data

Figure 1: Workflow of the proposed system.

2.1 Data Collection

Facial image data were collected from two educational institutions in Banda Aceh, In-
donesia: a special needs school and MIN 8 Banda Aceh. Ethical clearance was obtained
(Approval No. 036/EA /FK/2025), and data collection was carried out with teacher assis-
tance to ensure student comfort. Informed consent was obtained from all parents or legal
guardians.

A total of 600 facial images were collected from children aged 6-14 years, with an equal
split of 300 autistic and 300 non-autistic samples, where the example dataset is presented
in Figure 2. The photos were taken in a controlled indoor environment (4 x 3 m classroom,
30W lighting, 25727°C, 40-45% humidity) during morning hours (9:00-12:00) when stu-

*  https://ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

MOBILE APPLICATION DEVELOPMENT FOR FACIAL CLASSIFICATION - - - 615

dents were cooperative. Controlled acquisition helps reduce environmental noise in deep
learning models [8].
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Figure 2: Sample Image: (a) Autistic, (b) non-Autistic

2.2 Preprocessing Data

Preprocessing is a crucial step in improving image quality and improving the accuracy of
deep learning models [8]. The pipeline (see Figure 3) involved several stages:

1. Cropping: The face region was extracted using Python’s PIL and NumPy libraries [9],
removing irrelevant background details.

2. Resizing: All images were resized to 224 x 224 pixels to match the MobileNetV3 input
standard [10].

3. Augmentation: To increase dataset diversity and minimize overfitting, augmentation
techniques such as horizontal flipping, Gaussian noise, and contrast adjustment were
applied [8], [11].

The final dataset increased to 1,860 images (see Table 1). A stratified split was applied
using a 70:15:15 ratio for training, validation, and testing while maintaining class balance.

['htb]

Table 1: Dataset distribution for training, validation, and testing

Datasets Autistic Non-Autistic Total
Training 840 840 1680
Validation 45 45 90
Testing 45 45 90

2.3 Model Development

The classification model was built using the MobileNetV3-Small architecture, chosen for
its optimal trade-off between performance and computational efficiency, particularly in
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Figure 3: Preprocessing data flowchart.

mobile deployments [12]. It contains significantly fewer parameters than deeper networks
such as ResNet or Inception, making it ideal for real-time applications on edge devices [13].

Transfer learning was employed by initializing the model with ImageNet weights and
making all layers trainable to fine-tune performance on the ASD classification task [13].
The training process used:

* Binary Cross-Entropy loss function, suitable for binary classification problems;

¢ Stochastic Gradient Descent (SGD) optimizer, with a low learning rate of 0.001 for
stability [14];

* Model checkpoints, which saved the best model weights based on validation loss.

Table 2: Model training hyperparameters.

Parameter Value

Architecture MobileNet-v3 Small
Loss Function cross entropy
Optimizer SGD

Epoch 200

Learning Rates 1073

Batch Size 16

The final model was selected based on the lowest validation loss and all relevant train-
ing metrics were documented for evaluation.

2.4 Model Evaluation

The classification model was evaluated using a confusion matrix, which provides a de-
tailed view of the model’s ability to distinguish between autistic and non-autistic classes.
The confusion matrix was used to compute four key metrics commonly used in binary
classification tasks: accuracy, precision, recall, and F1 Score, defined as follows [15]:

» https:/ /ejournal.ittelkom-pwt.ac.id /index.php/infotel


https://ejournal.ittelkom-pwt.ac.id/index.php/infotel

MOBILE APPLICATION DEVELOPMENT FOR FACIAL CLASSIFICATION - - - 617

(TP + TN)

Accuracy = (TP + FP + FN + TN) 1)
Precision = (TP(’TE%‘P) (2)
Recall = (TIZ()T_:D%M (©)

F1 Score — 2 x (Precision x Recall) )

(Precision + Recall)

where TP is True Positive, TN is True Negative, FP is False Positive, and FN is False
Negative. These metrics offer a comprehensive assessment of classification reliability, par-
ticularly for healthcare-related applications, where both false positives and false negatives
can have significant implications.

2.5 TFLite Conversion and Integration

To enable real-time inference on mobile devices, the trained MobileNetV3-Small model
was exported in *.h5 format and converted to TensorFlow Lite (TFLite). This format sig-
nificantly reduces model size and computation requirements, making it suitable for local
inference [14].

By integrating TFLite into the mobile application, classification can be performed en-
tirely on-device, without requiring cloud access. This approach improves inference speed
(1-2 seconds per image), reduces dependency on network stability, and ensures better pri-
vacy protection essential for use in educational and clinical settings.

2.6 Mobile Application Development

Figure 4 illustrates the mobile application development process, which involves several
stages: Planning, Design, Development, and Testing.

Planning — Design — Development — Testing

Figure 4: Flowchart mobile application development.

2.6.1 Planning

The workflow between the front-end, back-end, and cloud services is illustrated in Fig-
ure 5. The front-end was developed using Flutter to ensure a consistent and responsive
user interface across devices [16]. The backend handles real-time classification using the
locally embedded TFLite model, which supports fast inference and enhances user privacy
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by avoiding cloud-based processing [17]. Classification results are stored as diagnostic his-
tory in the Firebase Cloud Firestore, which also serves as the application back-end infras-
tructure for user data management [18]. A use case diagram was also created to describe
interactions between users and the system, forming the basis for functional planning.

« Flutter

User Uploads an image of 4\ User gets classification
an autistic child's face to .{ . result
Firebase Storage

\\&5,,\

Firebase

Autism Face Data will be
classified by deep learning
model

Autistic child face data
stored in firebase storage

Figure 5: Schematic of the autism child classification mobile application.

A use case diagram was created to define user interactions. Users can register, log in,
upload images, and receive classification results immediately. All diagnostic results are
saved in the Firebase database for later reference.

2.6.2 Design

Figma tools create wireframes and prototypes in the design process to validate the appli-
cation layout prior to development [19]. This design included the main screen, the log-in
and registration pages, and the history page. Figma was used to create wireframes and
interactive prototypes, simplifying the design process and validating the layouts before
development [20].

2.6.3 Development

The mobile application was developed using Flutter to create a cross-platform user inter-
face for Android and iOS, offering high efficiency and performance [21]. The front-end
was implemented in Flutter and Dart, using the Provider package for state management.
Users could upload facial images through the camera or gallery for live classification. The
backend used Firebase for user authentication and for storing the classification history in
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Figure 6: Use case diagram for the autism screening mobile application.
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Firestore, which supports real-time synchronization and scalability [22]. The trained TFLite
model was integrated to perform local inference directly on the device.

2.6.4 Testing

Functional tests were performed to ensure that all core features, including user login, image
input, classification, and result history, operated correctly. This testing was crucial to main-
tain the quality of the application, especially in systems using real-time integration and
cloud services such as Firebase [23]. The classification performance of the TFLite-integrated
model was also tested on multiple mobile devices to confirm its accuracy, responsiveness,
and reliability during local execution [24].

3 Results

3.1 Training And Validation Result

During the early training stages, the model exhibited signs of overfitting. Training accu-
racy increased from 63.23% in epoch 1 to approximately 80% in epoch 15, while validation
accuracy fluctuated between 43.75% and 57.81%. After Epoch 15, performance began to
stabilize. By epoch 200, the model achieved a final training accuracy of 97.63%. The valida-
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tion accuracy peaked at 98.44% at epoch 187 and then settled at 93.75% by the final epoch.
The loss values also showed steady improvement, with the training loss decreasing from
0.6845 to 0.1051, and the validation loss reaching its lowest value of 0.1413 in epoch 199.
The model was trained using the SGD optimizer with a learning rate of 0.0001 and a batch
size of 16, using binary cross-entropy as the loss function. As illustrated in Figure 7, the
training and validation curves demonstrate consistent convergence over the course of 200
epochs.

Training & Validation Loss Training & Validation Accuracy
- 1.0 4
1.75 4 —— Training Loss
—— Validation Loss 0.9 4
1.50 ® Min Val Loss (epoch 198) :
0.8 4
1.25 1
>
0.7 1
@ 1.00 - 8
5 2
0.75 2 061
0.50 057
0.25 1 0.4 4 —— Training Accuracy
— Validation Accuracy
T T T T T T T T T 031 T T T T T T T T
0 25 50 15 100 125 150 175 200 0 25 50 15 100 125 150 175 200
Epochs Epochs

Figure 7: Accuracy and loss curves for training and validation.

These results indicate that the MobileNetV3-Small model was effectively optimized,
with minimal overfitting in the later stages of training.

3.2 Evaluation Metrics

The trained model achieved robust classification performance on the test set. As shown in
Figure 8, the confusion matrix highlights that out of 238 test samples, the model correctly
identified 116 autistic cases and 115 nonautistic cases. Only 3 autistic samples were mis-
classified as non-autistic (false negatives), and 4 non-autistic samples were misclassified as
autistic (false positives).

Evaluation metrics are summarized in Table 3, where both autistic and nonautistic
classes achieved 0.97 in precision, recall, and F1 Score. The overall accuracy also reached
97%.

Table 3: Precision, recall, and F1-Score for autistic and non-autistic classification

Class Precision Recall F1-Score
Autistic 0.97 0.97 0.97
Non-Autistic 0.97 0.97 0.97
Accuracy - - 0.97
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Figure 8: Classification model confusion matrix.

These results suggest a strong generalization to unseen data, with a balanced perfor-
mance between classes. In real-world ASD screening, tools typically target sensitivity
and specificity above 90% to be considered clinically useful. The high precision and re-
call achieved by this model indicate its potential for practical application in early ASD
screening contexts.

Although the results are promising, statistical confidence intervals and significance tests
were not performed in this study. Future work should include these analyses to confirm
the robustness of the model in different test samples and scenarios.

Furthermore, although the data set covers a wide age range (3-14 years), the gender
distribution was not balanced during training. This may introduce bias in model predic-
tions, particularly if certain facial features are correlated with gender. Moreover, since the
data were collected from a single geographic region (Banda Aceh, Indonesia), the model
may exhibit limited generalizability to other populations. These issues highlight the need
for more diverse and demographically balanced datasets in future research.

3.3 Mobile Application Development

Following model evaluation, a mobile application was developed using Flutter to provide a
lightweight and responsive cross-platform interface. The mobile application was designed
with ease of use in mind, allowing users to upload face images via camera or gallery, clas-
sify the image using the embedded model, and store the result in Firebase Cloud Fire-
store for record keeping. The previously converted TFLite model was integrated using
the tflite_flutter plugin, enabling predictions to run entirely on the device. This approach
eliminates the dependency on cloud-based servers, resulting in faster inference and im-
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proved data privacy. The main user interface and features of the application are displayed
in Figure 9, including image input, prediction display, and history view functions.
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Figure 9: User interface of the autism classification application.

3.4 Application Testing

The mobile application was tested on several Android devices to evaluate its responsive-
ness, accuracy, and deployment performance. The classification results were displayed
within 1 to 2 seconds after an image was uploaded, accompanied by a confidence score.
After classification, the results were stored in the Firebase Firestore, with the upload speed
being dependent on the quality of the device’s network. The application demonstrated
smooth operation with minimal latency across various devices, validating the feasibility of
real-time on-device inference.

To assess its efficiency, the proposed model was compared with the architectures used
in related studies. For example, ResNet-50, often used in research related to ASD, contains
more than 25 million parameters and requires approximately 4.1 GFLOPs for inference.
MobileNetV2 is lighter, but still uses about 3.4 million parameters and 300 MFLOPs. In
contrast, MobileNetV3-Small, as implemented in this study, contains only 976,396 parame-
ters and requires approximately 116.08 MFLOPs, making it significantly more efficient for
mobile deployment.

Despite its compact size, the model maintained a high classification accuracy of 97%,
highlighting that it is suitable for use in real time in mobile environments, where computa-
tional efficiency, speed, and energy consumption are critical.

4 Discussion

The proposed MobileNetV3-Small model demonstrated strong performance in classifying
facial images of autistic and non-autistic children, achieving a precision, recall, and F1 Score
of 0.97 on the test dataset. With only 976,396 parameters and 116.08 MFLOPs, the model
is significantly lighter than architectures such as ResNet-50, allowing for fast inference (1
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to 2 seconds) on mobile devices. This combination of accuracy and efficiency makes it
particularly suitable for real-time screening applications in low-resource environments.

The successful integration of the TensorFlow Lite model into a Flutter-based mobile ap-
plication resulted in a responsive and user-friendly system. The use of Firebase for history
storage further enhances usability for both individuals and practitioners who may require
record-keeping and follow-up analysis.

Despite the promising results, several limitations remain. The dataset used was rela-
tively small and demographically limited, with all images collected from schools in Banda
Aceh, Indonesia. Furthermore, the gender distribution was not balanced and metadata
such as ethnicity was not documented. These factors raise concerns about the fairness and
generalizability of the model.

Although unseen test images were used, no statistical confidence intervals or signifi-
cance tests were performed to verify robustness. Future work should address this by eval-
uating the model using diverse publicly available benchmark datasets and applying statis-
tical tests such as bootstrapped confidence intervals. It is also important to assess fairness
across subgroups (e.g., age, gender) and test performance under varied lighting or camera
conditions to simulate real-world usage. Incorporating clinician-in-the-loop feedback and
adversarial robustness checks would further improve the model’s clinical reliability and
adoption potential.

5 Conclusion

This study successfully developed a Flutter-based mobile application to classify facial
images of autistic and non-autistic children using the MobileNetV3-Small architecture,
achieving 97% precision, precision, recall, and F1 Score on test data. The lightweight model,
integrated via TensorFlow Lite, enabled fast, on-device inference and was deployed in a
responsive interface with Firebase-based history storage. Although the results are promis-
ing, the dataset was limited to 600 images captured indoors from a single region with an
unbalanced gender distribution, raising concerns about fairness and generalizability. Fu-
ture work should involve multisite data collection, performance benchmarking on public
datasets, testing under diverse conditions, and validation involving clinical professionals
to ensure robustness and real-world applicability.
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