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Abstract— Handwritten character recognition remains a 

fundamental problem in pattern recognition, with applications 

ranging from digital document processing to historical 

manuscript digitization. Multilingual handwritten character 

recognition introduces additional challenges due to variations in 

scripts, diacritics, and handwriting styles. In this work, we 

explore lightweight convolutional neural networks (CNNs) for 

recognizing handwritten characters across multiple languages 

using the merged T-H-E dataset, which combines visually 

identical upper- and lower-case characters into 54 classes. Four 

CNN architectures, as LeNet-5 (baseline), Simple CNN, 

Depthwise-CNN, and MiniVGGNet, are evaluated based on 

their efficiency, number of parameters, training time, and 

misclassification behavior. Experiments were conducted under 

standardized hyperparameters and using a fixed random seed 

to ensure a fair comparison. Our analysis shows that lightweight 

networks can achieve competitive performance while requiring 

minimal computational resources, and the study provides 

insights into common misclassification patterns related to 

visually similar characters and diacritics. These findings 

establish a fast and resource-efficient baseline for multilingual 

handwritten character recognition on small binary datasets. 

Keywords—deep learning, handwritten character recognition, 

convolutional neural network, lightweight CNNs 

I. INTRODUCTION 

Handwritten character recognition (HCR) is a core 
problem in document analysis and pattern recognition. 
Automated recognition of handwritten characters enables 
applications such as digital document processing, historical 
manuscript digitization, postal sorting, and educational tools. 
While recognition of digits and single-language alphabets has 
been extensively studied, multilingual HCR introduces 
additional challenges due to variations in scripts, handwriting 
styles, and diacritics. 

Deep learning, a subfield of machine learning, involves 
multilayered neural networks that can learn complex patterns 
in large datasets. This enables the development of artificial 
intelligence systems that surpass human performance in tasks 
such as image and document recognition [1]. 

Deep learning, and in particular convolutional neural 
networks (CNNs), was introduced in 1998 by French 
researcher Yann LeCun as an extension of the neocognitron 
model [2] and have become the standard approach for HCR. 
Classical architectures such as LeNet-5 [3] have demonstrated 
strong performance on MNIST [4], and extensions such as 
EMNIST [5] provide large-scale benchmarks for handwritten 

letters. Lightweight CNNs have shown that small networks 
can achieve competitive accuracy with significantly fewer 
parameters [6], [7]. For multilingual datasets, efficient models 
are particularly valuable because large pretrained networks 
often fail on small binary datasets, as confirmed in 
experiments with MobileNet on the T-H-E dataset [8]. 

Multilingual datasets, such as T-H-E, extend this concept 
by including multiple alphabets and special characters, 
providing a benchmark for evaluating models on English, 
Hungarian, and Turkish scripts. The merged version of T-H-E 
reduces ambiguity by combining visually identical upper- and 
lower-case characters, resulting in 54 classes. 

In this study, we evaluate four CNN architectures on the 
merged T-H-E dataset: LeNet-5 (baseline), Simple CNN, 
Depthwise-CNN, and MiniVGGNet. All models were trained 
using a fixed random seed and early stopping to ensure 
reproducibility and fair comparison. We analyze not only 
accuracy but also training efficiency, parameter requirements, 
and patterns of misclassification among visually similar letters 
and diacritics. By comparing these architectures, we aim to 
identify accurate, fast, and resource-efficient networks 
suitable for multilingual handwritten character recognition in 
low-resource settings. 

II. RELEATED WORKS 

Handwritten character recognition (HCR) has been 
extensively studied, particularly for Latin scripts. Early 
approaches relied on feature extraction combined with 
classical classifiers such as k-nearest neighbors or support 
vector machines [9], [10]. With the advent of deep learning, 
convolutional neural networks (CNNs) became the dominant 
method, starting with LeNet-5, which achieved state-of-the- 
art results on MNIST [3], [4]. Subsequent works extended 
CNNs to larger and more complex datasets, including 
EMNIST, which includes both letters and digits [5]. EMNIST 
offers multiple splits such as ByClass, ByMerge, Letters, and 
Balanced, providing a range of challenges for character 
recognition systems. 

Other MNIST-like character datasets include KMNIST 
(Kuzushiji-MNIST), which consists of 28×28 grayscale 
images of classical Japanese cursive characters [11]. These 
datasets provide benchmarks for evaluating CNNs on non- 
Latin scripts and demonstrate the importance of handling 
diverse character shapes and writing styles. The T-H-E dataset 
[8] expands this concept by providing a multilingual dataset 
with 54 classes, merging visually identical upper- and lower- 
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case characters, thus reducing misclassification and class 
imbalance. 

A deep learning model using convolutional neural 
networks (CNNs) for multilingual handwritten character 
recognition covering English, Hindi, and Bengali scripts 
achieved 92.47% accuracy, outperforming individual single- 
language models [12]. This recent study emphasized tuning 
hyperparameters and activation functions to improve 
performance and demonstrated its effectiveness on multiple 
publicly available datasets. 

Offered a model for multilingual character recognition, 
introducing a robust convolutional recurrent neural network 
(CRNN) model to accommodate the vagaries of both Tamil 
and English handwritten character recognition [13]. The 
proposed CRNN architecture includes a convolutional neural 
network, a long-term short-term memory network, and a gated 
recurrent unit for feature extraction. Using a comprehensive 
dataset of more than 60,000 images, the model distinguishes 
Tamil alphabet characters with 92% and English alphabet 
characters with 95% recognition rate. 

Multilingual handwritten character recognition presents 
additional challenges due to diverse scripts, diacritics, and 
handwriting styles. Existing approaches include classical 
CNN architectures trained from scratch, as well as attempts to 
apply transfer learning from pretrained models such as 
MobileNet or ResNet [14], [15]. However, transfer learning 
often fails on small, binary datasets due to differences in input 
channels, image resolution, and feature distribution. Our 
experiments confirm this limitation, with MobileNet 
achieving only ~30% accuracy on the merged T-H-E dataset. 

Lightweight CNN architectures have recently gained 
attention for their efficiency and suitability for low-resource 
environments. Small networks with few convolutional layers, 
including LeNet-5 (baseline) [3], Depthwise-CNN [14], 
MiniVGGNet [16], and simple CNNs [17], provide fast 
training and reasonable accuracy on MNIST, EMNIST, and 
KMNIST [18]. Such models have been applied to real-time 
OCR on mobile devices and embedded vision applications 
[19], [20]. 

Using small CNNs is particularly advantageous for the T- 
H-E dataset because the input images are binary, 28×28 
pixels, and the dataset size is moderate, reducing overfitting 
while enabling rapid experimentation. Inspired by these 
works, we evaluate multiple lightweight CNNs on the merged 
T-H-E dataset, achieving competitive accuracy with minimal 
computational cost. 

III. MATERIAL AND METHODS 

This section describes the dataset, experimental setup, 

model architectures, and evaluation metrics employed in this 

study. The goal is to provide sufficient detail for 

reproducibility and critical evaluation of the methods used for 

multilingual handwritten character recognition. The dataset 

preparation includes merging and preprocessing steps 

designed to reduce class ambiguity while preserving 

representational integrity across English, Hungarian, and 

Turkish scripts. Experiments were standardized across 

multiple lightweight CNN architectures to compare their 

accuracy and computational efficiency under consistent 

training conditions. Evaluation metrics focus on performance 

at both overall and per-class levels, with attention to common 

misclassification patterns and resource use. 

A. Dataset 

For this study, we used the merged and augmented version 
5 of the T-H-E dataset [8]. This version merges visually 
identical upper- and lower-case characters, reducing the total 
number of classes to 54 and minimizing misclassifications 
caused by case differences. The dataset contains 152,000 
binary (pixel values 0 or 255) handwritten character samples 
spanning English, Hungarian, and Turkish scripts. Each image 
is 28×28 pixels. 

The dataset was loaded from CSV, normalized to the [0,1] 
range, reshaped to 28×28×1 for CNN input, and one-hot 
encoded for classification. A stratified 90/10 train-test split 
ensured balanced representation across classes. 

B. Experimental Setup 

All experiments were conducted on Google Colab using a 
T4 GPU. To ensure reproducibility across models and runs, 
random seeds were fixed for NumPy, TensorFlow, and 
Python's random module. All images were binary and 28×28 
pixels, and no color channels or grayscale normalization 
beyond scaling to [0,1] were applied. 

Hyperparameters were standardized across all models to 
ensure a fair comparison: a learning rate of 3×10¯ª, batch size 
of 128, and early stopping with patience of 8 epochs, restoring 
the best weights. Models were trained from scratch using 
categorical cross-entropy loss and the Adam optimizer, with 
up to 100 epochs. A 10% validation split from the training set 
was used for monitoring early stopping. Training time per 
model was recorded to compare computational efficiency. 

C. Baseline Model 

LeNet-5 [3] serves as a classical benchmark for 
handwritten character recognition. Its architecture includes 
two convolutional layers with average pooling, followed by 
fully connected layers and a softmax classifier for the 54 
merged character classes. LeNet-5 provides a baseline 
reference in terms of both accuracy and computational 
efficiency on small binary images. 

D. Lightweight CNN Architectures 

The Simple CNN is a minimal, two-convolution-layer 
architecture designed for speed and efficiency. Each 
convolutional layer is followed by batch normalization and 
max pooling, and the dense head consists of a single fully 
connected layer with 128 units and a dropout of 0.5 before the 
softmax output. This architecture is intended as a fast and low- 
parameter reference. 

Depthwise-CNN [7] employs three blocks of depthwise 
separable convolutions with 32, 64, and 128 filters. Max 
pooling follows the first two blocks, while global average 
pooling follows the third block. A dense layer of 128 units 
with dropout of 0.3 precedes the softmax output, maintaining 
a lightweight yet expressive architecture suitable for small 
binary inputs. 

MiniVGGNet is a deeper variant inspired by VGG16 but 
smaller in scale. It consists of two convolutional blocks with 
32 and 64 filters, each block containing two convolutional 
layers, batch normalization, max pooling, and dropout. The 
dense head has 512 units with batch normalization and 
dropout, followed by a softmax output. While larger than 
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LeNet-5, Depthwise-CNN, and the Simple CNN, 
MiniVGGNet provides stronger representational power at the 
cost of increased parameters and longer training time. 

To ensure a fair comparison, all architectures were trained 
using the same hyperparameters and fixed random seed. 

E. Metric Evaluation 

Confusion matrices were computed to visualize per-class 
performance and identify patterns of misclassification. 
Models were evaluated on the held-out test set using accuracy, 
precision, recall, and F1-score [21]. 

Accuracy measures the overall proportion of correct 
predictions among all instances, providing a straightforward 
estimate of the model's general correctness. 

Precision quantifies the fraction of true positive 
predictions over all positive predictions, thus indicating the 
model's reliability in identifying positive instances. 

Recall (or sensitivity) measures the ability of the model to 
find all relevant positive cases by calculating the ratio of true 
positives to all actual positives. 

The F1-score, the harmonic mean of precision and recall, 
balances these two metrics to provide a single value reflecting 
model performance in cases where class imbalance or 
asymmetric costs of errors may exist. 

The top misclassified class pairs were analyzed to reveal 
challenges in multilingual character recognition, particularly 
for visually similar characters and merged upper- and lower- 
case letters. Training times were recorded to allow direct 
comparison of computational efficiency versus accuracy 
across the four architectures. 

IV. RESULTS 

The proposed lightweight CNN models were evaluated on 
the merged T-H-E dataset, consisting of 54 classes obtained 
by merging visually identical upper- and lower-case 
characters. The dataset comprises binary handwritten 
character images, which were converted to floating-point 
format and reshaped into 28×28×1 arrays. Stratified train/test 
splits were applied to maintain class distribution across all 
sets. To ensure a fair comparison, the same random seed (42) 
was used for all experiments, making the input splits and 
training initialization identical. Early stopping with a patience 
of 8 epochs and restoration of the best weights was applied to 
all models, allowing efficient training while preventing 
overfitting. 

Table 1 summarizes the parameter count, training time, 
and test accuracy for the four models. Simple CNN and 
Depthwise-CNN achieved competitive accuracy with minimal 
computational cost, while MiniVGGNet, a deeper network, 
achieved the highest accuracy but required almost double the 
training time. LeNet-5, the classical baseline, had the fewest 
parameters but longer training time, highlighting the trade- 
offs between model depth, parameter efficiency, and training 
speed in small binary datasets. 

 
TABLE I. NUMBER OF PARAMETERS, TRAINING TIME AND TEST 

ACCURACY OF THE MODELS 
 

Model Parameters 
Training 
Time (s) 

Test Accuracy 
(%) 

Simple CNN 427,702 119.669 91.70 

 

Model Parameters 
Training 
Time (s) 

Test Accuracy 
(%) 

MiniVGGNet 3,091,302 238.387 94.30 

Depthwise- 
CNN 

287,204 131.93 92.80 

LeNet-5 62,938 363.453 89.50 

 
The results show that lighter architectures achieve 

impressive accuracy at a fraction of the training time of deeper 
networks. Depthwise-CNN, with the smallest number of 
parameters among high-performing models, demonstrates that 
depthwise separable convolutions efficiently capture 
discriminative features while remaining computationally 
light. 

Simple CNN achieves nearly the same accuracy as 
Depthwise-CNN but with slightly more parameters and 
slightly shorter training time. LeNet-5, despite its simplicity, 
requires longer training, likely due to fewer convolutional 
filters and less expressive capacity for capturing subtle 
variations in handwritten characters. 

Detailed analysis of misclassifications reveals systematic 
patterns in the errors, particularly among visually similar 
letters or those with diacritic marks. Certain merged or 
upper/lower-case characters, such as é/e, w/W, ı/i, and ó/Ó, 
were frequently confused across all models. These 
misclassifications are likely due to insufficient learning of 
subtle strokes and diacritics in binary images, compounded by 
the inherent ambiguity in merged classes. 

TABLE II. ANALYSIS OF MISCLASSIFICATIONS 
 

 

True 

Class 

Most 
Frequent 

Misclassi 
fication 

 

Count 

 

Notes on Visual Similarity 

8 (h) 10 (j) 12 Descender similarity 

13 (m-M) 32 (ü-Ü) 15 
Upper/lowercase merging causes 

ambiguity 

17 (q) 36 (Q) 15 Subtle differences in tail shapes 

20 (t) 59 (T) 18 Capitalization confusion 

28 (ğ) 53 (Ğ) 15 Diacritic not consistently learned 

34 (é) 34 (O) 17 
Handwriting variations resemble 

O 

8 (h) 27 (ç) 12 
Descenders/hooks create 

confusion 

30 (ş-Ş) 8 (h) 14 
Stroke similarity in compact 

handwriting 
 

 

These misclassification patterns indicate that while 
lightweight CNNs efficiently learn general shapes and coarse 
features, fine-grained distinctions, particularly diacritics and 
merged letters, remain challenging. MiniVGGNet shows 
some improvement in resolving these subtle distinctions, but 
at the cost of longer training and a threefold increase in 
parameters. The use of a fixed random seed across all 
experiments ensures that these comparisons are fair, as all 
models were exposed to the same training and validation 
splits. 

Overall, these results demonstrate that lightweight CNNs, 
such as Simple CNN and Depthwise-CNN, provide a highly 
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efficient and reasonably accurate baseline for multilingual 
handwritten character recognition. While deeper networks can 
slightly improve accuracy, the efficiency gains of compact 
models make them especially suitable for low-resource 
environments or rapid prototyping on binary handwritten 
datasets. The misclassification analysis further provides 
insights into which character groups present the greatest 
challenge, guiding potential improvements such as targeted 
data augmentation or refined preprocessing for diacritics. 

V. CONCLUSION 

In this study, we explored the performance and efficiency 
of four CNN architectures LeNet-5, Simple CNN, Depthwise- 
CNN, and MiniVGGNet on the merged T-H-E multilingual 
handwritten character dataset. By using a fixed random seed 
across all experiments, we ensured a fair comparison of 
training dynamics, parameter efficiency, and predictive 
performance. Our results show that lightweight architectures 
such as Simple CNN and Depthwise-CNN achieve 
competitive test accuracy while requiring minimal 
computational resources and training time, making them 
highly suitable for small binary datasets and low-resource 
environments. 

Detailed analysis of misclassifications revealed that 
visually similar characters, merged upper- and lower-case 
letters, and diacritics remain challenging across all models. 
While MiniVGGNet slightly improved accuracy in resolving 
these subtle distinctions, it did so at the cost of substantially 
increased parameters and longer training times. LeNet-5, as a 
classical baseline, demonstrated the lowest parameter count 
but relatively slower training and lower accuracy compared to 
the lightweight CNNs. 

Overall, this study demonstrates that careful design of 
compact CNN architectures can balance efficiency and 
accuracy for multilingual handwritten character recognition. 
Our findings provide a practical reference for future research 
on lightweight models, highlighting the trade-offs between 
model depth, parameter count, and the ability to capture fine- 
grained character details. Future work may focus on targeted 
data augmentation, diacritic-aware preprocessing, or hybrid 
architectures that further improve recognition of visually 
similar classes while maintaining computational efficiency. 
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