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ABSTRACT

Aim/Purpose This study aims to design, develop, and implement a novel autonomous diag-
nostic framework embedded in the NAO humanoid robot, enabling it to per-
form real-time identification and classification of dysgraphia in children. This
extension of robot-assisted therapy provides a truly autonomous diagnosis, per-
formed without human supervision.

Background Dysgraphia is a handwriting disorder affecting the automation of graphic ges-
tures and the formal presentation of written text. Traditional diagnostic meth-
ods require human experts and are often time-consuming. There is a pressing
need for intelligent, autonomous tools capable of identifying dysgraphia in edu-
cational contexts. Real-time diagnosis is essential because it enables teachers and
therapists to respond immediately to signs of difficulty, adapt teaching activities,
and prevent the disorder from progressing. Existing approaches rely mainly on
delayed assessments, which limit their effectiveness in dynamic school environ-
ments.

Methodology We developed a client/server-based architecture where the NAO robot acts as a
client, autonomously guiding students through handwriting tasks, capturing
data, and sending it to a server for processing. Machine learning models hosted
on the server analyze handwriting samples for two main purposes: (1) identify-
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ing whether the student is affected by dysgraphia, and (2) recognizing and clas-
sifying specific signs and severity levels of the disorder. The dataset includes ap-
proximately 3,000 handwriting captures for dysgraphia identification and ap-
proximately 2,426 samples for sign recognition.

This research presents an original and intelligent diagnostic framework, imple-
mented in the NAO humanoid robot, that enables the robot to detect and clas-
sify dysgraphia in real-time autonomously. Going beyond traditional approaches
to robot-assisted therapy, our system gives the robot independent ability to pet-
form analysis, providing immediate and relevant diagnosis for educational sup-
port. The framework is based on a multi-level classification model that catego-
rizes severity and symptom types, and builds upon a set of original handwriting
data collected from learners of different age groups.

Our dysgraphia identification model achieved an accuracy rate of 99%, while
the sign recognition model achieved an accuracy rate of 78%. This difference is
due to the complexity of the task and the nature of the data: identifying dys-
graphia is a binary classification process (affected, non-affected), while the
recognition of signs is a multi-class classification process, as each image may
contain several varied and subtle signs (Crooked, Broken, Overlapping, Re-
versed, Poorly Formed, Too Small, Too Large). However, the results obtained
enable the severity level to be estimated based on the number of signs detected.
An interactive scenario was designed and tested in real educational settings,
showing positive and effective outcomes.

Educators and therapists can utilize the robot to support early dysgraphia detec-
tion in classrooms, enabling timely intervention and personalized learning sup-
port.

Further investigations could explore cross-linguistic handwriting variations, ex-
tend the datasets, and integrate emotional feedback mechanisms to enhance the
quality of robot-student interaction.

This research advances the field of inclusive education by introducing a scalable
and fully autonomous technological solution for the early diagnosis of dys-
graphia. By enabling timely identification and classification of handwriting dis-
orders, the proposed framework fosters equitable access to tailored educational
support, thereby mitigating long-term academic challenges and reducing the po-
tential for social stigmatization among affected learners.

Future work will focus on extending the framework to support multi-language
handwriting analysis, real-time progress tracking over multiple sessions, and in-
tegration with personalized therapy plans.

Keywords dysgraphia, NAO robot, handwriting diagnosis, autonomous agent, educational
robotics, deep learning, machine learning, child-computer interaction, inclusive
education

INTRODUCTION

Learning disabilities are due to neurological disorders that specifically and significantly alter certain
cognitive abilities involved in academic learning (Grigorenko et al., 2020). These processing problems
can interfere with the learning of basic skills such as reading, writing, and/or mathematics. They may
also interfere with higher-level skills such as organization, time planning, abstract reasoning, long or
short-term memory, and attention. A specific learning disability that impacts a person’s writing and
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fine motor skills is called “dysgraphia.” Dysgraphia is an educational disorder that affects a person’s
ability to write consistently and solidly (Chung et al., 2020). This disorder can be caused by a variety
of factors, such as motor difficulties, language therapy, and attention despite adequate education, mo-
tivation, and typical mental and physical health (Biotteau et al., 2019). This particular imbalance hin-
ders the educational success of those who suffer from it. Children with special needs, especially in the
educational aspect, require a different and specialized type of support compared to their natural peers
(Bouck & Long, 2021). This implies an intervention with specialists, therapists, or assistants to pro-
vide them with suitable learning conditions, ensuring an inclusive and extensive environment
(Jorgensen et al., 2021).

Artificial intelligence-enhanced tools aim to find more effective ways to monitor, educate, and sup-
port individuals with learning disabilities (Hwang et al., 2020). Assistive technology for students with
learning difficulties is one of the main strategies schools use to help students learn and think differ-
ently (Bouck & Long, 2021). A wide range of assistive technology (AT) tools is available to help stu-
dents with writing difficulties. Some of these tools assist students in overcoming the physical task of
writing, while others support them with spelling, punctuation, grammar, word usage, and organiza-
tion (Svensson et al., 2021).

Social robots are sophisticated educational tools that can support teachers and enhance the learning
experience for students. They can stimulate collaboration, strengthen engagement, facilitate cultural
integration, and encourage creativity in the classroom (Belpaeme et al., 2018; Johal, 2020). Research
also shows their effectiveness in teaching social and educational skills to students with specific disor-
ders such as autism, ADHD, or hearing impairments (Anderson et al., 2019; Antonarakis et al., 2021;
Henning et al., 2022; Khasawneh, 2021).

Robotic platforms oriented towards assisting and performing tasks related to teaching and educa-
tional environments require robust and computationally efficient cognitive systems (Chiara et al.,
2020). The prospect of endowing robots with cognitive intelligence to make interactions more au-
thentic, intuitive, and natural is a challenge and an intriguing source in the field of human-robot inter-
action. A crucial aspect to achieve this goal is the robot’s ability to understand, interpret, process, rea-
son, and learn (Pandey & Gelin, 2017).

Moreover, state-of-the-art methods in image-related tasks, such as object recognition, object detec-
tion, image and sound classification, and image segmentation, are all based on convolutional neural
networks (CNNs) (Ma, 2020). These tasks require CNN architectures with millions of parameters;
therefore, their deployment in robotic platforms and real-time systems becomes unfeasible (Newton
& Newton, 2019). The algorithms are written in Python and include software development tools
such as TensorFlow, image pre-processing techniques, and consistent use of functions from the Py-
thon Imaging Library (PIL), OpenCV (Open-Source Computer Vision Library), Keras, and others.

Our current work focuses on the prototyping, development, testing, and deployment of a novel
framework for the NAO robot to perform real-time dysgraphia diagnosis in students. The frame-
work includes the identification of dysgraphia, determining whether the student is affected or not by
dysgraphia, the recognition of signs affecting the presence of dysgraphia, and the classification of
dysgraphic students according to their level of severity (mild, moderate, and severe). This framework
consists of the use of a client/server architecture that allowed us to separate the tasks of machine
learning, data processing, and model loading on the server, and to make the robot act as a client that
sends images to the server for prediction, and announces the received result according to the server,
as shown in Figure 1. This separation of concerns allows for greater flexibility and scalability.

The main contributions of our research are: (i) the reorganization of our new fully annotated dataset
containing images captured in real time of several writings of lower and upper case digits and letters,
affected and non-affected by dysgraphia; (i) a new fully annotated dataset containing 2,426 images of
several writings of digits and letters exhibiting the signs that can affect dysgraphia for single character
analysis; (iii) two validation steps based on deep learning classification models; and (iv) third step,
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based on score calculation, for which the level of severity of dysgraphia in dysgraphic students can be
determined. In this regard, the plan adopted in our article begins by discussing previous work on the
art of the main concepts addressed by this study. Then, we present the methodology followed, the
architecture, the application programming interface, and the set of technologies used to integrate our
CNNs with the NAO robot. We conclude by providing an explanation and a schematization of the
obtained results.
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Figure 1. Client/setver architecture adopted in our study

RELATED WORKS

APPROACHES USED TO IDENTIFY DYSGRAPHIA

Dysgraphia is a learning disability that affects writing ability. Machine learning and deep learning ap-
proaches can be used to identify dysgraphia by analyzing various features of a person’s writing, such
as handwriting patterns, speed, and accuracy (Drotar & Dobes, 2020). Some common machine learn-
ing and deep learning approaches used for identifying dysgraphia include: Handwriting Recognition,
Kinematic Analysis, Feature Extraction, Ensemble Methods, Deep Learning with Recurrent Neural
Networks (RNNs), and Transfer Learning. Table 1 summarizes some related works on dysgraphia
detection, including the approach used, references to relevant research articles, and the data used for
dysgraphia identification.

Table 1. Related studies on dysgraphia detection

Reference | Year Dataset type Approach Evaluzttlon
metrics

(Asselborn 2018 | Data from 56 dysgraphic Random Forest Accuracy = 98%

et al., 2018) children classifier

(Zolnaetal., | 2019 | Data acquired with a high-end | RNN Accuracy = 90%

2019) tablet from 971 students

(Dataset)

(Dutt & 2021 | A dataset of 240 learners, 142 | KNN Accuracy = 97.21%

Ahuyja, of whom had a learning Naive Bayes Accuracy = 90%

2021) disability. Decision tree Accuracy = 97%
Random Forest Accuracy = 99%
SVM Accuracy = 89.23%

(Rosenblum | 2017 | 99 samples were collected SVM Accuracy = 90%

& Dror, from writers with dysgraphia Sensitivity = 90%

2017) and proficient writers. Specificity = 90%
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Reference | Year Dataset type Approach Evaluzttlon
metrics
(Drotar & 2020 | Data collected using a tablet AdaBoost Accuracy = 80%
Dobes, for 120 schoolchildren aged algorithm Accuracy = 79%
2020) 8—15 years Random Forest Accuracy = 79%
SVM

Most of the studies cited focus on the application of machine learning techniques to analyze hand-
writing data collected from various devices, including graphic tablets and electronic pens. Indeed,
there is no previous research that directly integrates robotics for detecting dysgraphia in students.
However, some research has used robotics to help students with dysgraphia improve their writing.
For example, there are robots that can assist with guiding hand movements during writing, as well as
robotic systems that help correct handwriting posture and ergonomics. These approaches can poten-
tially be used in conjunction with handwriting analysis techniques to improve the detection and man-
agement of dysgraphia in students. Nevertheless, several studies also highlight ethical and practical
considerations related to the introduction of robots in school environments, including acceptance by
teachers and parents, the confidentiality of children’s data, physical and psychological safety, and staff
training (Belpaeme et al., 2018; Leite et al., 2014). Therefore, it reflects our intervention to implement
a dysgraphia detection model in an educational robot, taking into account both the potential assis-
tance it offers and the ethical and practical challenges that its deployment may raise.

NAO ROBOT AT SCHOOL

In the educational setting, several studies have used the humanoid robot NAO to support children
with special needs (Belpaeme et al., 2018; Khasawneh & Alkhawaldeh, 2020). For example, Desideri
et al. (2017) examined the use of NAO to help students with autism spectrum disorder (ASD) im-
prove their social skills and interactions with other children. The results showed that using NAO
helped the children improve their social engagement and participation in interaction with other chil-
dren. Estévez et al. (2021) demonstrated its effectiveness in supporting reading skills in children with
dyslexia. The study asserts that NAO can help build motivation, prepare for learning, and improve
children’s ability to pay attention. These studies demonstrate NAO’s potential as an educational and
therapeutic tool, justifying its use in our study to develop an autonomous dysgraphia diagnosis sys-
tem based on a client-server architecture.

CLIENT-SERVER SYSTEM

Several research studies have used client-server architecture for the detection and identification of
learning disabilities in students. Client-server architecture typically involves the use of a client applica-
tion that communicates with a remote server. In the case of disease detection and identification, the
client application can be used to collect data from sensors such as cameras, microphones, or motion
sensors, which are subsequently transmitted to the remote server for analysis. Machine learning mod-
els can be used to analyze the collected data and detect the presence of the disease. For example, a
study by Henning et al. (2022) examined the use of client-server architecture for autism detection in
children. The client application used in this study collected data from motion sensors on a
smartphone, which was then transmitted to a remote server for analysis. The results showed that the
use of client-server architecture was effective in detecting autism in children with an accuracy of
82%. The approach proposed, deployed, and tested in our study for detecting dysgraphia, its signs,
and severity levels in dysgraphic students is truly innovative and novel. It employs a client-server ar-
chitecture that has not been previously used in this field. This architecture enables us to conduct dys-
graphic recognition processes independently of the client devices, resulting in improved perfor-
mance, equitable workload distribution, high availability, and simplified system maintenance.
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FRAMEWORK CONCEPTION

This study proposes a new framework for student dysgraphia detection using a client-server architec-
ture (Figure 2). The framework is implemented using the NAO robot as a client, a main server, and a
node application infrastructure designed to provide high availability, horizontal scalability, and cen-
tralized configuration and security management. The main server is distributed across the five nodes,
including image pre-processing, dysgraphic detection, sign detection, severity detection, and post-
processing of data, all while enhancing overall system performance. The NAO client is used to cap-
ture the students’ handwriting, which is transmitted via the main server to the processing nodes. The
image pre-processing node performs image normalization and processing to prepare the images for
classification. The dysgraphia detection and sign detection nodes use convolutional neural networks
(CNNs) to classity the images according to their dysgraphia status and signs. Then the number of
predicted signs constitutes the score for which the degree of severity is determined. Finally, the post-
processing node gathers the results of the processing nodes to provide a global diagnosis of dys-
graphia. This approach allows for real-time analysis of students’ handwriting, which facilitates the di-
agnosis and management of dysgraphia.

Image pre-processing Node t

| i §
o |

. o 7 <<Captured imagess )l @J

| < <start Digit Rﬂugnatlum—)ﬂ Cnmeg:aphai,___ e == * S i Server] <
! ——1
@; ¢—=<performan actionz> €—— = <<ACHion to parfarmss < | | Dyszraphia Detaction Nod, [
- 1 i raphia on Noda
i |

A A i | | ) I"l
i | |
Handwriting i .3:\. -—3e
3 -y
displayed ta NAC Communication Modules i l D-:s Todst [ i E ;
H i -
| Crys_data
¥ 11
poeee 9 Signs Detection Node: | R
! Vision Madula H - L.-_ P
i I iy J— _!-
. @ 57 =
| i Signzs_model | B
H Maotion Maodule 1 |
| | Signs_data
| ¥
----- » : = 1
Siol Nt o i Severity Detection Node Il

Figure 2. Client/setver architecture of our proposed
framework for dysgraphia, signs, and severity detection

Our framework offers great flexibility in terms of post-analysis data processing, with a node dedi-
cated specifically to this task. This feature enables easier customization and adaptation of the diag-
nostic process to meet the specific needs of students, thereby offering a more individualized and per-
sonalized approach.

The NAO robot is programmable and equipped with a built-in camera and microphone, allowing it
to capture images and sounds. Additionally, it features numerous sensors, including pressure sensors,
collision sensors, and motion sensors, which enable it to navigate the environment accurately and de-
tect obstacles (Amirova et al., 2021). The NAO robot is also equipped with two arms and two legs
that can be programmed to perform precise movements, enabling it to perform complex tasks
(Miskam et al., 2014). In our context, the NAO robot is used to capture images of students’” hand-
writing in real time. Figure 3(a) shows a student writing a letter according to a structured model pre-
viously represented by the robot, which adheres to the standards and enables visualization of the cti-
teria used for classification. Figure 3(b) illustrates the handwriting capture process. For this purpose,
we have developed an application that allows the robot to connect to a remote setver to transmit the
captured images. The application also performs image pre-processing tasks, such as resizing and
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color normalization, to enhance the quality of the images before transmission. Additionally, the
NAO robot is programmed to automatically detect the position of sheets of paper and pens, ensur-
ing that images are captured accurately. Using the NAO robot to collect handwriting images enabled
us to achieve faster, more accurate, and standardized data acquisition than manual data entry, while
also reducing the workload for teachers.

Figure 3(a). Student writing  Figure 3(b). Handwriting
capture process

The proposed framework consists of five nodes: Image Pre-processing, Dysgraphia Detection, Data
Post-processing, Signs Detection, and Severity Detection servers. The main server is responsible for
distributing the tasks to the appropriate nodes based on their availability and the complexity of the
task. This approach ensures that each node is being utilized optimally, leading to faster processing
times and more efficient resource management. The Image Pre-processing node is responsible for
applying image enhancement techniques to the input images to enhance the image quality and reduce
noise. The Dysgraphia Detection node is responsible for detecting and analyzing dysgraphia in the
pre-processed images using various computer vision algorithms. The Data Post-processing node is
responsible for processing the output data from the Dysgraphia Detection node and preparing it for
presentation. The Signs Detection node is responsible for detecting and analyzing the signs that indi-
cate dysgraphia and presenting the results to the user. Finally, the Severity Detection node is respon-
sible for affecting the severity level of dysgraphia and providing the appropriate feedback to the user.
Together, these nodes form a powerful server that can handle a large number of requests simultane-
ously, providing fast and accurate results to the user.

CLASSIFICATION HIERARCHY

The proposed framework relies on various deep learning models to accomplish its tasks. These mod-
els are trained on a digit and letter handwriting dataset to ensure accurate and reliable results. The
models are built using state-of-the-art architectures, which enable efficient training and inference on
the server. Figure 4 shows the hierarchy of the classification process used. The severity of dysgraphia
was assessed using a scale based on the number of signs detected by the dysgraphia sign detection
model, after confirmation of the disorder by the identification model. Thus, 1 to 3 signs indicate mild
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dysgraphia, 4 signs indicate moderate dysgraphia, and 5 to 7 signs indicate severe dysgraphia. This
scale allows for standardized quantification of the severity of the disorder and provides educators and
researchers with precise benchmarks for adapting educational interventions.
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Figure 4. Classification hierarchy

METHODOLOGY OF VALIDATION

The handwriting samples collected by the NAO robot were processed and analyzed using convolu-
tional neural networks (CNNs) to classify and detect signs of dysgraphia. CNNs were chosen because
of their proven ability to learn spatial hierarchies and extract relevant visual features directly from im-
ages, making them particularly effective for analyzing handwriting. In contrast to traditional machine
learning methods, such as support vector machines (SVMs) or random forests, CNNs do not require
features to be engineered artificially, which improves the model’s generalization to different writing
styles. This methodological choice guarantees automatic and robust extraction of features relevant to
the accurate detection of dysgraphia.

TRAININGAND VALIDATION CURVES

The two key components of our framework are dysgraphia recognition and dysgraphia sign detec-
tion. The efficiency and accuracy of these two components are crucial for successful real-world im-
plementation. To achieve this, we applied convolutional neural networks (CNNs) to analyze the
handwriting samples collected by the NAO robot, due to their ability to learn from spatial hierarchies
and to automatically extract relevant visual characteristics from raw images. In contrast to traditional
machine learning methods, such as support vector machines (SVMs) or random forests, CNNs allow
for more robust generalization across different writing styles without requiring manual feature selec-
tion. Other architectures, including recurrent neural networks (RNNs) and transformer-based mod-
els, were considered but proved less suitable for the static data we collected. Therefore, when evalu-
ating the framework, we placed great importance on the accuracy of the generated models. High ac-
curacy of the models means more precise detection of dysgraphia signs and more accurate dysgraphia
recognition. Thus, we conducted thorough evaluations to ensure that the proposed models are relia-
ble and have satisfactory performance. This section is dedicated to evaluating the performance of the
dysgraphia recognition and sign detection models in our framework. To achieve this, we present the
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learning and validation curves for each model, which allow us to analyze their behavior during learn-
ing and training. We also present the performance of the models on test datasets, as well as the evalu-
ation metrics used to measure model accuracy. Finally, we discuss the obtained results and their inter-
pretation.

Testing the network for dysgraphia detection

Figure 5 presents randomly selected images from the test set, their true labels, and the predicted la-
bels. The predicted label is colored green if the predicted probability is greater than or equal to 0.5
(indicating that the model predicts the image is not affected) and red otherwise (indicating that the
model predicts the image is affected). The legend at the bottom of the table explains the color cod-
ing. This visualization provides an intuitive way to see the model’s performance on individual images
from the test set.

‘ / True label: 0.0 Predicted |abel{@ffected)

—] /] True label: 0.0 Predicted label{affected)
True label: 0.0 Predicted labelfaffected)

B True label: 0.0 Predicted label{affected)
| True label: 0.0 Predicted |abel:@ffected )

Mon_affEEaE==0s frectea = 0N

Figure 5. Test images with their predicted labels

Testing the network for signs of dysgraphia detection

An example of the model’s execution on some input images is presented in Figure 6. In our case, the
image shown in Figure 6(a) is a digit nine written by a person with dysgraphia. The image is passed to
the model to predict the signs of dysgraphia that are present in the writing. The model uses the
OpenCV library to pre-process the image, resizing it and converting it to grayscale. Then, the model
predicts the signs of dysgraphia. The dysgraphia signs predicted for the digit nine image are: “re-
versed”, “pootly formed”, “broken”, “overlapping”, “crooked”, and “too small”. These signs are
ranked according to their probability of being present in the image. Finally, we evaluate the severity
of dysgraphia based on the severity scale defined above (1-3 signs: mild, 4 signs: moderate, 5-7 signs:

severe). The score assigned to this image is 6, indicating that the dysgraphia is very severe. Figure 6(b)
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shows the digit zero with a single sign of dysgraphia “overlapping”, and the severity score assigned
for this image is 1, which means that the student has mild dysgraphia.

1/1 [== EsssssssssssssssSsS ] - @s 126ms/step
The digit in the image is affected
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— - |Severity Information]|
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|Score: 1]
|Level: Mild|
e +

Figure 6. Examples of execution

SIMULATION AND TESTING OF THE FRAMEWORK ON THE NAO ROBOT

In the following section, we present screenshots of simulations and tests conducted on the developed
framework implemented on our NAO robot. We performed several simulations to test the perfor-
mance of our framework in different scenarios using the Choregraphe software (Gao, 2016), which
provides a graphical interface for programming the robot. The results were conclusive and showed
high accuracy in recognizing dysgraphia and signs affecting the presence of dysgraphia. We also con-
ducted tests on the NAO robot using the parameters of our framework. The tests demonstrated high
stability and responsiveness of the robot, confirming the effectiveness of the framework in a real-
world environment.

We present below the screenshots of simulations and tests to illustrate the performance of our
framework. Figure 7 clearly shows the process of processing images affected and not affected by dys-
graphia, where the NAO robot captures the image and sends it to the server for necessary pro-
cessing. Once the server receives the image, it processes it through the different nodes until the re-
sponse is obtained and returned to the client. The prediction results are displayed on the screen and
announced vocally by our NAO robot client, thanks to its vocal capabilities. Figure 7(a) shows the
result of the diagnosis of handwriting from a normal child, while Figure 7(b) shows the result of a
captured image containing handwriting from a dysgraphic student with a “reversed” sign and mild
severity.

10
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Figure 7. Results announced by NAO:
(a) non-affected handwriting, (b) affected handwriting

This distributed processing approach allows for efficient use of computing resources by dividing im-
age processing into multiple tasks and executing them simultaneously on multiple nodes. Addition-
ally, offloading the processing to the server allows the NAO robot to focus on other tasks, such as
image capture and vocal announcement of prediction results. Overall, the approach adopted for pro-
cessing images affected and not affected by dysgraphia is both effective and efficient, producing ac-
curate results within reasonable timeframes, while offering greater flexibility and better utilization of
available computing resources.

Adopting a client/server architecture for our framework was an effective solution for several reasons.
Firstly, the complexity of our two algorithms for recognizing dysgraphia and signs affecting dys-
graphia from handwriting required significant computing resources. By using this architecture, we
were able to distribute the workload across multiple nodes and accelerate data processing. Addition-
ally, the client/setver architecture allowed us to separate tasks between the NAO robot and the com-
puting servers, increasing system stability and reliability.

THE EXPERIMENTAL STUDY: CHILD-ROBOT INTERACTION
FOR DEEP DIAGNOSIS OF DYSGRAPHIA

The central objective of this study is to evaluate the effectiveness and reliability of the framework in
accurately and in real-time identifying dysgraphia in students within an educational environment. In
this study, we will focus on the implementation of a rigorous protocol to evaluate the performance of
the framework. Our evaluation approach will primarily concentrate on observing the interactions be-
tween humanoid robots and students. We will examine how the humanoid robot interacts with the
students during the writing session, collects data, and performs real-time analysis to detect potential
signs of dysgraphia. Thus, we have collected subjective data through a post-interaction questionnaire.
The aim is to obtain valuable insights into students’ perceptions of their interaction expetience with
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the robot, as well as the perceived relevance and effectiveness of the system in the context of hand-
writing assessment and in the diagnosis of dysgraphia. The goal is to explore the ability of the frame-
work to provide accurate information about handwriting deficiencies while ensuring an engaging and
interactive learning experience.

PARTICIPANTS

The study was conducted at the Normal Higher School of Technical Education (ENSET) in Mo-
hammedia, Morocco. Thirteen children (7 boys and 6 gitls) aged between 5 and 14 participated in the
study. Participants were selected on the recommendation of their teachers, who suggested students
with significant writing difficulties. The study respected ethical standards of confidentiality and re-
sponsibility. All participants were included after acceptance and signature of an informed parental
consent form. The study complied with current ethical standards and was approved by the relevant
ethics committee.

ENVIRONMENT CONFIGURATION

Pedagogical scenarios were developed to teach handwriting acquisition skills to the participants, in
which the NAO robot acted as an assistant tutor. The dysgraphia identification phase involved one-
to-one interactions between the robot and each child. These interactions were carried out either on a
whiteboard or on a touch-screen Microsoft Surface tablet, providing visual context as well as record-
ing the children’s tactile data.

The basic configuration adopted for our sessions is cleatly illustrated in Figure 8. Each child was
seated in their own chair, facing a table equipped with either a tablet or a whiteboard. The NAO ro-
bot was positioned in front of the child, creating a similar reference environment to a teacher and
student. A video camera, mounted on a tripod and pointed at the child, was used to record these in-
teractions. A second camera, placed to one side, completed the picture by providing a more complete
overview of the exchanges between the robot and the child.

Figure 8. Setting up the environment
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MATERIALS

The equipment used to conduct our experiment consists mainly of tactile tablets equipped with stylus
pens, as well as whiteboards. These two tools are used by the children to interact with the assistant
robot and practise their handwriting. The tablets are used to scan the QR code and display the hand-
written reference sheet to the learners, providing essential visual and pedagogical support to guide
the handwriting activity (Figure 9).

Figure 9. Student practicing handwriting

INTERACTION PROCEDURE

Figure 10 illustrates the overall process of this experiment, with the green boxes representing tasks
provided by the human teacher, while the blue boxes indicate tasks mediated by the NAO robot.
This dynamic interaction between NAO, the human teacher, and the learners creates an enriching
and targeted learning environment, aiming to improve handwriting skills while facilitating early detec-
tion of dysgraphia.

First, the robot gives a detailed presentation of writing techniques, giving a visual demonstration of
character formation. Learners are then invited to put these lessons into practice by writing individu-
ally. NAO then stays actively involved, capturing the handwritten characters created by the learners.
This capture enables the robot to assess the quality of the handwriting and identify the presence of
dysgraphia, classifying any signs of dysgraphia if the character is affected. NAO also determines the
type of dysgraphia and its degree of severity. The result of the dysgraphia diagnosis is then pro-
nounced by NAO.

At the end of the session, the human teacher interacts with the learners to gather their opinions and
impressions of the experience, as well as to discuss the results and feedback provided by NAO. Feed-
back is generally positive, highlighting learners’ appreciation for the interaction with NAO, and at-
testing to the effectiveness of the approach in improving handwriting skills and eatly detection of
dysgraphia issues.
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Figure 10. Global experimentation process

REsuULTS

A questionnaire assessing the quality and performance of our framework, as implemented in the
NAO robot and deployed within an educational context, was proposed to each participant at the
conclusion of the experiment. The results are presented in Figures 11 and 12, as well as Table 2.

Already seen

First time

Figure 11. Did you know the NAO robot before starting this experiment?

Table 2. How would you describe this experience?

Simple Complex Boring Innovative Sophisticated
Strongly disagree 0% 76% 87% 0% 0%
Disagree 53% 14% 13% 0% 0%
No opinion 19% 8% 0% 3% 0%
I agree 21% 2% 0% 17% 68%
Totally agree 7% 0% 0% 80% 32%
Total 100 % 100 % 100 % 100% 100 %
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60% 57%
50%
43%
40%
30%

20%

10%

0% 0% 0% 0%
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Figure 12. Could you evaluate this experience by giving a rating?

The conducted experiment, which aimed at evaluating our framework integrated into the NAO ro-
bot, enabling real-time and in-depth diagnosis of dysgraphia in a school environment, was deemed
innovative and sophisticated by the majority of participants. The results obtained from this study
suggest that our innovative approach is not only promising but also effective in improving the dys-
graphia diagnostic process. Although our sample size was limited to 13 learners, these preliminary
conclusions reveal the considerable potential of our framework to revolutionize the way we identify
this writing disorder. The statistical analysis is based on a descriptive approach, which is considered
appropriate given the small sample size and exploratory nature of the study. This choice aims to
highlight general trends and the consistency of the responses collected, rather than to establish any
inferences that can be made in general. Despite this limitation, the convergence of results and con-
sistency of responses indicate good internal reliability. This approach provides initial empirical valida-
tion of the proposed framework, pending further large-scale studies integrating more advanced statis-
tical analyses to strengthen the robustness and generalizability of the conclusions.

DISCUSSION

This study sought to reinforce the validity and relevance of our framework by applying it in a practi-
cal context within an educational environment. The results obtained confirm the efficiency of our ap-
proach in improving early detection of dysgraphia in learners and providing appropriate assistance.
The positive feedback from learners regarding their interaction with NAO attests to the user-friendli-
ness and acceptability of our system, which is crucial for its successful integration into classrooms.
The practical application of our framework paves the way for its use in real educational settings,
where it could have a significant impact on early detection of writing disorders and improvement of
handwriting skills. This represents a significant advancement in assisting learners with special needs,
as our framework offers an automated and scalable solution for identifying and addressing dys-

graphia.

However, it is important to note that this study represents a first step, and further research will be
necessary to refine our framework further, expand its scope, and assess its effectiveness on larger
populations of learners. We acknowledge that the study involved a relatively small sample of 13 chil-
dren aged 5 to 14, which may limit the generalizability of the results. Nevertheless, these preliminary
results demonstrate the feasibility and effectiveness of our framework for real-time detection of dys-
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graphia and provide a solid foundation for future studies on larger and more diverse samples. Addi-
tionally, close collaboration with educators and healthcare professionals is essential for successful in-
tegration into educational settings. Ultimately, this study provides crucial insights for the future of
dysgraphia detection and assistance, paving the way for substantial improvements in inclusive educa-
tion and personalized learning.

CONCLUSION

This research proposes an intelligent and fully autonomous diagnostic framework based on a client-
server architecture, combining social robotics and deep learning for the detection of dysgraphia. The
NAO humanoid robot interacts directly with students by capturing their handwriting data in real
time, then applying CNN models to identify the presence and characteristic signs of dysgraphia,
while assessing its severity. The experimental results, obtained in a real educational context, demon-
strate high accuracy and robustness, confirming the reliability of the proposed framework. Beyond
technical performance, this study makes a significant contribution to inclusive education research by
showing how a social robot can act as an autonomous screening assistant, reducing dependence on
human evaluation. On a theoretical level, it illustrates the relevance of the client/server paradigm for
embedded intelligence in constrained robotic environments. On a practical level, it offers teachers
and therapists an innovative tool for the early and objective detection of writing disabilities. Finally,
on a societal level, it opens the way to a more equitable and personalized integration of artificial intel-
ligence technologies in education and healthcare. Future developments may explore multilingual ad-
aptation, affective interaction, and long-term personalized monitoring, contributing to more inclu-
sive, responsive, and intelligent learning environments.
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