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This study investigates the development of an automated handwriting-based 

dyslexia classification model using a Convolutional Neural Network 

(CNN). The dataset comprises scanned handwriting samples from children 

diagnosed with dyslexia and those without learning difficulties. Prior to 

model training, the images were resized to a uniform dimension, converted 

to grayscale, and normalized to standardize pixel intensity values. Data 

augmentation techniques, including rotation, scaling, and horizontal 

shifting, were applied to increase data diversity and reduce overfitting. A 

lightweight CNN architecture was then employed to perform binary 

classification between dyslexic and non-dyslexic handwriting samples. 

Experimental results indicate that the proposed model achieved an accuracy 

of 51%, with a precision of 0.51 and a recall of 0.42, suggesting that its 

current predictive performance remains limited. These findings highlight 

the challenges of dyslexia classification using handwriting features alone, 

particularly when constrained by model simplicity and data resolution. 

Nevertheless, this study serves as an exploratory step toward automated 

dyslexia screening and provides insights for future work, where 

performance may be improved through the use of deeper network 

architectures, such as ResNet-18, and higher-resolution handwriting 

representations. 

 

Keywords: Dyslexia Detection; Handwriting Classification; Deep 

Learning; Convolutional Neural Networks 

I. Introduction 

Dyslexia is a common learning disorder experienced by children, primarily affecting their ability to 

read, recognize letters, and interpret written symbols. Importantly, dyslexia is not associated with low 

intellectual ability, but rather with differences in how the brain processes phonological and visual 

information [1]. This distinction underscores that children with dyslexia are capable learners who 

require instructional approaches tailored to their neurological profiles. In Indonesia, public and 

academic discourse surrounding dyslexia has gradually gained attention; however, awareness among 

educators and parents regarding its early indicators remains limited. Several reports estimate that the 

prevalence of dyslexia among Indonesian school-aged children ranges between 5–10%, which is 

consistent with global estimates [2]. Despite this prevalence, comprehensive national data are still 

scarce, suggesting that early identification has not yet become a systematic priority within the education 

system. As a result, many children are diagnosed only after experiencing prolonged academic 

difficulties. 
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Early detection plays a critical role in minimizing the negative consequences of delayed diagnosis, 

including reduced academic confidence, learning disengagement, and psychological distress. This 

priority aligns closely with Sustainable Development Goal (SDG) 4, which emphasizes inclusive and 

equitable quality education for all learners [3]. Accurate and timely screening enables earlier 

intervention, thereby improving long-term educational outcomes. Consequently, there is a growing need 

for technological innovations that can support early dyslexia screening in a scalable and accessible 

manner. Handwriting characteristics have been widely recognized as potential early indicators in 

dyslexia assessment. Previous studies report that children with dyslexia often exhibit inconsistent 

handwriting patterns, such as unstable letter sizing, irregular spacing, and difficulties in maintaining 

letter shape consistency [4]. Since handwriting is a routine activity in school environments, it provides 

a practical and non-invasive data source without requiring clinical or medical diagnostic procedures. 

Several studies have attempted to automate dyslexia detection using handwriting-related data. Zargar 

et al. [5]developed a classification framework based on geometric feature extraction combined with 

traditional machine learning algorithms. Other studies have explored dynamic handwriting attributes, 

including pen trajectory, writing speed, or stylus pressure captured through digital writing devices [6]. 

While these approaches demonstrate promising directions, many rely on handcrafted features or 

specialized hardware, which may limit their adaptability and scalability in real-world educational 

settings. In recent years, deep learning particularly Convolutional Neural Networks (CNNs) has 

emerged as a dominant approach in image analysis. CNNs are capable of autonomously learning 

hierarchical visual representations and have demonstrated strong performance in handwriting 

recognition tasks, ranging from benchmark datasets such as MNIST to more complex handwriting 

analysis applications [7]. Arora et al. [8] further showed that CNN-based models can identify dyslexia-

related handwriting traits with encouraging classification results. CNNs are particularly well-suited to 

this domain, as handwriting differences associated with dyslexia are often subtle and require robust 

representational learning. 

Despite these advances, a clear research gap remains. Existing studies on handwriting-based dyslexia 

detection frequently focus on achieving high classification accuracy using complex architectures or 

specialized data acquisition tools, while comparatively less attention is given to exploratory evaluations 

of lightweight CNN models trained on standard image-based handwriting data. Moreover, many studies 

report strong performance without sufficiently discussing the limitations encountered during early-stage 

model development, particularly in contexts with constrained data quality or resolution [7]. In the 

Indonesian context, research on automated dyslexia screening using handwriting images is still limited, 

leaving open questions regarding the feasibility, challenges, and practical implications of deploying such 

models in real educational environments. Addressing this gap is important to better understand both the 

potential and the limitations of CNN-based approaches for early dyslexia screening. 

Motivated by these considerations, the present study proposes a CNN-based framework for 

classifying handwriting samples from dyslexic and non-dyslexic children using image-based inputs. 

Rather than focusing solely on performance optimization, this study emphasizes an exploratory 

evaluation of CNN capability in capturing visually meaningful handwriting patterns related to dyslexia. 

This perspective is particularly relevant for early screening initiatives, as image-based models can be 

more easily implemented in schools or educational psychology services without requiring specialized 

equipment. By situating the findings within their methodological constraints, this study aims to 

contribute practical insights that may inform future improvements in automated dyslexia detection 

systems and support inclusive education initiatives in Indonesia. 

The primary aim of this study is to explore the feasibility of using a Convolutional Neural Network 

(CNN) to classify handwriting samples from children with and without dyslexia based on image-based 

features. Specifically, the objectives of this study are as follows: 

1. To develop a lightweight CNN architecture for binary classification of dyslexic and non-dyslexic 

handwriting images. 

2. To evaluate the classification performance of the proposed model using standard metrics, including 

accuracy, precision, and recall. 
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3. To examine the extent to which CNNs can capture visual handwriting patterns that may serve as 

early indicators of dyslexia. 

4. To identify methodological limitations and challenges that arise in early-stage handwriting-based 

dyslexia classification, thereby providing direction for future research improvements. 

II. Method 

This study uses a publicly available dataset consisting of 4,719 handwriting images from children 

with dyslexia and 3,883 handwriting images from non-dyslexic children, resulting in a total of 8,602 

images. The size of the dataset allows the model to learn visual writing patterns, including orientation 

errors and character distortions that are commonly observed in individuals with dyslexia. Given the 

scale of the dataset, a stratified split was applied to divide the data into training, validation, and testing 

subsets, ensuring balanced class proportions across all phases of model evaluation. By utilizing a 

verified and annotated dataset, this study ensures that the CNN model is trained using handwriting 

samples that exhibit representative variations in letter shape and orientation. This approach allows the 

classification output to better reflect the model’s ability to identify handwriting characteristics typically 

associated with dyslexia. 

The preprocessing stage was carried out to ensure that the images were in a format compatible with 

model training. Each handwriting sample was converted into grayscale so that the extracted information 

focused solely on shape, contour, and writing patterns rather than color variations. This step aligns with 

standard practices in handwriting recognition research, such as studies using the MNIST or IAM datasets 

[9]. Next, the images were resized to 240 × 240 pixels to maintain uniform dimensions across samples. 

Pixel values were then normalized to a range of [0, 1] using the following equation: 

𝑥′ =  
𝑥

255
                                                                        (1) 

Normalization helps accelerate convergence during CNN training by ensuring that the input values 

operate within a controlled numerical range [3]. 

To increase data variability, data augmentation techniques were applied, including small rotation 

(±10°), shearing, minor brightness adjustments, and horizontal shifting. These augmentation strategies 

are considered essential, as handwriting produced by children naturally varies widely in direction, 

spacing, and form. 

 

 

Figure 1. CNN Model Architecture 

Figure 2.1 illustrates the overall workflow of the Convolutional Neural Network (CNN) model from 

input to final classification. Conceptually, the architecture consists of two major phases: feature 

extraction and classification. The model first receives the handwriting image as input, which is then 

processed through a convolution layer equipped with small filters designed to scan the image [10]. 
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During this stage, the CNN begins capturing basic structural patterns such as edges, curves, and texture 

details. The output of the convolution layer is fed into a pooling layer, which reduces spatial size while 

retaining essential information. This pooling step helps improve computational efficiency and increases 

model robustness against minor variations such as slanted writing or inconsistent spacing between 

letters. 

After the extracted feature maps are compressed, they are flattened and passed into the fully 

connected layer. The fully connected layer, represented by dense units, is responsible for synthesizing 

previously extracted feature information to determine the final class label. Overall, the CNN functions 

as a multi-stage filtering process, beginning with recognition of low-level visual cues and progressing 

to higher-level writing structures. This layered mechanism makes CNNs well-suited for image-based 

handwriting analysis, especially when identifying subtle stroke patterns associated with dyslexia [11]. 

The model architecture developed includes the following components: 

1. A convolution layer with a 3×3 kernel for extracting visual features such as letter edges and stroke 

width differences. 

ReLU activation function, defined as: 

𝑓(𝑥) = 𝑚𝑎𝑥 (0, 𝑥)                                                                 (2) 

2. A 2×2 max-pooling layer for reducing feature dimensions without eliminating key information. 

Dropout (0.3–0.5) to prevent overfitting by randomly disabling neurons during training. 

3. A flattening layer followed by a dense layer for final classification, using a sigmoid activation 

function due to the binary nature of the task (dyslexia = 1, non-dyslexia = 0). 

Model training was performed using the Adam optimizer, which is widely recognized for its fast 

convergence and stable adaptive weight updates [12]. The initial learning rate was set to 0.001, with a 

batch size of 32. The training process was conducted for 20–30 epochs, while validation loss was closely 

monitored. If validation loss increased while training loss continued to decrease, early stopping was 

applied to prevent overfitting. The loss function used was Binary Cross-Entropy, defined as: 

𝐿 =  −
1

𝑁
 ∑ [𝑦𝑖 𝑙𝑜𝑔 𝑙𝑜𝑔 (ŷ𝑖) + (1 − 𝑦𝑖) 𝑙𝑜𝑔 (1 − ŷ𝑖)]𝑁

𝑖=1                                (3) 

This loss function is appropriate for binary classification tasks requiring accurate and stable probability 

outputs. 

Model performance was evaluated using several standard binary classification metrics, including: 

1. Accuracy 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
                                                          (4) 

Accuracy reflects the proportion of correctly predicted instances across the testing dataset. While 

intuitive, accuracy alone may be misleading when class distributions are imbalanced, as a model may 

appear effective even if it predicts only the majority class. 

2. Precision 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
                                                                 (5) 

Precision assesses the correctness of positive predictions (dyslexia predictions). This metric is 

important when minimizing false positives is necessary, for example to avoid unnecessary concern 

among parents. 

3. Recall 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃+𝐹𝑁
                                                                     (6) 
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Recall measures the model’s success in identifying all actual dyslexia cases. In early screening, 

missing a dyslexic child (false negative) is more detrimental than mistakenly flagging a non-dyslexic 

sample. 

4. F1-Score 

𝐹1 = 2 ⋅
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛⋅𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑅𝑒𝑐𝑎𝑙𝑙
                                                              (7) 

The F1-score provides a balanced evaluation when both precision and recall are critical indicators. 

In addition to these metrics, a confusion matrix was used to analyze misclassification patterns 

between classes. This evaluation framework follows best practices commonly used in modern image-

based classification research [13]. 

III. Results and Discussion 

The dataset used in this study consists of 8,602 handwriting images categorized into dyslexia and 

non-dyslexia classes. More specifically, 3,883 images belong to the non-dyslexia category, while 4,719 

images belong to the dyslexia category. The relatively balanced class distribution gives the model a fair 

opportunity to learn the structural differences between both handwriting types, although handwriting 

produced by children with dyslexia generally exhibits greater variability in structure and form. The 

dataset was divided into training (70%), validation (15%), and testing (15%), following common 

practices in CNN-based classification research [14]. This split supports a stable model training process 

while enabling objective model evaluation on unseen data. Based on recommendations from Goodfellow 

et al. [14], such a partitioning strategy helps prevent the model from memorizing training patterns and 

promotes its ability to generalize across new handwriting samples. In this study, the data split resulted 

in a proportional structure, although the inherent complexity of children’s handwriting indicates that the 

model may require a deeper feature extraction strategy to achieve improved classification performance. 

To address potential overfitting and enhance variation in visual input, data augmentation was applied 

using the ImageDataGenerator preprocessing tool. The augmentation configuration included rescaling 

(1/255), small rotation range, zoom range, shear transformation, width shift, and height shift. These 

techniques are widely recognized as standard preprocessing procedures in image-based deep learning 

and have proven beneficial in increasing model generalization capability [15]. However, despite 

appropriate augmentation, the input size used was 240 × 240 pixels, which may still be insufficient for 

handwriting recognition tasks. Research indicates that successful analysis of handwriting-based patterns 

especially those involving micro visual characteristics such as subtle strokes, texture variations, and 

writing pressure representation often benefits from higher resolution inputs [16]. In this study, the use 

of relatively low-resolution images likely resulted in the loss of important visual cues, particularly in 

fine motor irregularities often reflected in dyslexic handwriting. This limitation may explain why the 

model struggled to achieve stable validation performance. 

The implemented CNN model follows a relatively simple architecture consisting of sequential layers: 

Conv → Conv → MaxPooling → Dropout → Dense → Sigmoid. Theoretically, such a baseline 

architecture may be sufficient for learning simple spatial patterns, such as numeric characters in MNIST 

or objects with clear structural boundaries [17]. However, handwriting produced by children especially 

those with dyslexia is characterized by complex and irregular structural patterns. These include 

variations in stroke pressure, disrupted letter boundaries, varying proportions, and inconsistent spatial 

alignment. Previous studies emphasize that as visual pattern complexity increases, model depth and 

representational capacity must also increase to capture hierarchical variations in feature space [18]. 

Accordingly, the relatively shallow architecture used in this study likely contributed to limited model 

performance. Although dropout reduced overfitting risk, the underlying architecture still lacked the 

capacity to learn robust representations. This limitation corresponds with the observation that the model 

did not demonstrate a meaningful improvement between training and validation accuracy, suggesting 

that the architecture's learning capability was constrained. 
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Figure 2. First-Stage Model Training Result 

During the first training phase (20 epochs), the model was trained using MobileNetV2 in a frozen 

state, meaning only the classifier layers were updated. Throughout this stage, model performance 

showed variability, with accuracy fluctuating between approximately 0.30 and 0.65. This instability 

suggests that the model struggled to identify consistent visual patterns that distinguish dyslexic 

handwriting. Meanwhile, validation accuracy remained relatively flat, between 0.48 and 0.52, showing 

no improvement despite fluctuations in training accuracy. When training accuracy changes significantly 

while validation accuracy remains stagnant, the model is typically described as underfitting, meaning it 

has not yet captured meaningful representations required for accurate prediction. A similar pattern was 

observed in the loss curve, with training loss showing steep movement while validation loss remained 

relatively stable between 0.69 and 0.73. The mismatch between the two curves reinforces that initial 

training did not sufficiently improve feature representation. 

 

Figure 3. Second-Stage Model Training Result 

In the second stage, fine-tuning was performed by unfreezing MobileNetV2 from layer 100 onward. 

While fine-tuning generally increases specialization to domain-specific patterns, in this case validation 

accuracy plateaued around 0.53, showing only minimal improvement. Training accuracy briefly 

decreased before stabilizing, indicating learning difficulty rather than overfitting. Validation loss 

remained higher than training loss, yet the gap did not meaningfully change, confirming that model 

representational learning remained limited. These results suggest that deeper network adaptation alone 

was insufficient. The model likely requires enhanced feature extraction strategies, higher-resolution 

samples, or a more specialized architecture designed for handwriting variability. 

Testing was conducted using an equal number of samples from both classes: 457 non-dyslexia 

images and 457 dyslexia images. The confusion matrix reveals that the model correctly classified 274 
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non-dyslexia samples, while misclassifying 183 samples. Conversely, only 190 dyslexia samples were 

correctly detected, with 267 misclassified. 

Table 1. Classification Report 

Category Precision Recall F1-Score 

Disleksia 0,51 0,42 0,46 

Non Disleksia 0,51 0,60 0,55 

 

As shown in Table 1, the proposed CNN model achieved an overall classification accuracy of 0.51, 

which is only marginally higher than the baseline performance expected from random guessing in a 

balanced binary classification problem. This comparison indicates that the model, in its current form, 

has limited capability to effectively distinguish between dyslexic and non-dyslexic handwriting samples. 

Precision values of 0.51 for both classes further suggest that approximately half of the predicted labels 

are correct, reflecting insufficient discriminative power in the learned visual representations. 

A more detailed inspection of class wise recall highlights a critical imbalance relevant to early 

screening applications. The recall for the dyslexia class is 0.42, indicating that a substantial proportion 

of true dyslexia cases were not detected, whereas the non-dyslexia class achieved a higher recall of 0.60. 

This discrepancy implies a bias toward correctly identifying non-dyslexic handwriting while under-

detecting dyslexic patterns. The resulting F1-score of 0.46 for the dyslexia class summarizes this 

limitation and underscores that, when considered alongside the near baseline accuracy of 51%, the model 

currently functions as an exploratory benchmark rather than a reliable screening tool, emphasizing the 

need for further methodological refinement. 

Low performance may be attributed to the architectural simplicity and resolution constraints. As 

highlighted in prior research, handwriting based dyslexia detection requires models capable of learning 

high resolution micro patterns that represent subtle motor based writing irregularities [19] [20]. Despite 

these limitations, the findings of this study are still valuable. First, the results demonstrate baseline 

performance for CNN based handwriting classification within this dataset context. Second, the outcomes 

highlight the need for deeper architectures such as ResNet-18, transformer based vision models, or more 

sophisticated preprocessing workflows to improve handwriting based dyslexia detection. 

IV. Conclusion 

This study developed a CNN-based model to classify handwriting from dyslexic and non-dyslexic 

This study examined the feasibility of using a Convolutional Neural Network (CNN) to classify 

handwriting images from dyslexic and non-dyslexic children. The findings explicitly show that, under 

the current experimental setup, the proposed model achieved an accuracy of approximately 51%, with 

low recall (0.42) and F1-score (0.46) for the dyslexia class. These results indicate that the implemented 

lightweight CNN architecture was not yet capable of reliably capturing the complex and highly variable 

handwriting characteristics associated with dyslexia. Consequently, the research question regarding the 

effectiveness of CNN-based handwriting classification for early dyslexia screening is answered with 

important limitations: while CNNs are conceptually suitable for this task, the present model 

configuration does not yet provide sufficient predictive reliability, particularly in minimizing false-

negative cases. 

Based on these findings, several actionable directions for future work can be identified. First, deeper 

and more expressive architectures, such as ResNet-18 or other residual based networks, should be 

explored to enhance representational capacity. Second, the use of higher resolution handwriting images 

is recommended to preserve fine grained visual cues related to stroke consistency and spatial 

irregularities. Third, preprocessing strategies should move beyond generic augmentation by 

incorporating handwriting specific enhancements, such as stroke or contour emphasis. Together, these 

improvements may enable image-based deep learning models to more effectively support early and 

practical dyslexia screening, particularly within inclusive educational settings. 
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