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Article Info Abstract

Article history Traditional font identification remains shortcomings because of takes time,
and a huge cost in classifying the large amount of complex fonts. Thus, it
requires an automated method to accurately distinguish fonts. This study
compares three CNN architectures, including DenseNet121, ResNets0, and
VGGi6, to determine their effectiveness in font type classification. In this
experiment, we conduct several tuning stages to optimize the model
Key Words: performance, including data pre-processing, the augmentation process,
and parameter tuning. The model was trained and validated using a dataset
containing 15 font types. According to the experimental result, evaluation
metrics showed that DenseNeti21 achieved the highest accuracy of 96.8%,
followed by VGG16 at 96.4% and ResNetso0 at 92.9%. Our proposed method
with DenseNeti21 architecture can be a promising font type classification
solution in a real application.
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1. Introduction

The problem of font type classification has traditionally been approached through handcrafted
features, structural descriptors, and rule-based systems designed to capture visual elements such as
stroke width, serif shape, curvature, and spacing. Early research in typography analysis emphasized
manual categorization schemes to distinguish font attributes, as demonstrated in studies proposing
structured classification frameworks for improving retrieval and stylistic consistency within writing
systems such as Korean script [2], [3]. These traditional approaches relied heavily on domain expertise
and predefined rules, leading to limitations in scalability and adaptability when confronted with large
and diverse font datasets. In previous research related to the topic [9], the research focuses on the use
of CNN for Sundanese script recognition. The CNN model used was optimized using the ADAM
algorithm and tested at various epochs and learning rates. The best results were achieved with the
Epoch 500 and a learning rate of 0.1. The accuracy for the training data is 98.03%, and the accuracy for
the test data is 92.02%. In addition, several combinations of optimization and layer pooling were used
to test the CNN model with the LeNet architecture to find the Katakana script [10]. Adam Optimiser
and Average Pooling provide the best results, with 90% accuracy on the test data.
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As font classification increased in complexity due to the emergence of multilingual scripts,
historical inscriptions, and stylistic variations, traditional handcrafted models struggled to maintain
accuracy and robustness. In studies involving ancient scripts like oracle bone inscriptions, alternative
learning-based methods were proposed to manage irregular shapes and degraded character structures,
highlighting the limitations of rule-driven strategies in handling noisy data [1]. Similarly, research on
calligraphy and stylized handwritten text required feature extraction techniques capable of
representing variability in brush strokes, which exceeded the capacity of conventional classification
pipelines [4]. These limitations motivated the transition from manually engineered features toward
data-driven approaches.

Deep learning, particularly CNNs, introduced a major shift in font recognition tasks by enabling
automatic extraction of hierarchical and discriminative visual features. CNN models demonstrated
superior performance across character recognition tasks involving scripts such as Sundanese,
Katakana, Hiragana, and Chinese ideographs, where traditional approaches previously faced
significant challenges in handling variations in writing patterns and imaging conditions [9]-[10], [13],
[16]. By leveraging convolutional operations, these models learned multi-scale patterns without
requiring handcrafted rules, enabling more accurate and generalizable font classification.

Advanced neural architectures further expanded the capabilities of CNN-based classification.
Siamese CNNs used multi-loss learning for calligraphy style classification, effectively embedding fine-
grained differences between font classes [4], while modified networks incorporating attention
mechanisms and multi-scale feature pyramids improved performance in complex visual recognition
tasks beyond typography, such as animal species identification [11]. These developments demonstrated
that deeper and more sophisticated CNN architectures, such as ResNet, DenseNet, and VGG. It can
offer scalable alternatives to traditional feature-engineering methods.

Across broader image recognition domains, CNNs have proven their robustness in tasks such as
facial expression recognition, sign language classification, medical imaging, and face detection [12],
[14], [15], [17], [18]. These applications share core challenges with font classification, including inter-
class similarity, intra-class variability, and high dependence on subtle visual features. The repeated
success of CNN models across diverse domains validates their suitability for font classification
problems, where similar patterns of fine-grained discrimination are required. This further reinforces
the need to compare different CNN architectures in font-related tasks.

In parallel, the incorporation of data augmentation techniques has emerged as a crucial strategy
for addressing the scarcity and imbalance of training samples in visual classification tasks.
Augmentation methods mitigate the risk of overfitting and enhance generalization by synthetically
expanding the dataset through operations such as rotation, scaling, noise injection, and geometric
transformations. Comprehensive surveys highlight the importance of augmentation in deep learning
pipelines, especially when dealing with highly variable image data [19], [20]. For font classification,
augmentation plays a critical role due to the large number of font families and styles that must be
represented under inconsistent imaging conditions.

Evaluating CNN architectures under different augmentation scenarios is, therefore, an essential
step toward understanding their robustness. Studies on hyperparameter tuning and model sensitivity
have demonstrated that CNN performance can vary significantly depending on training conditions,
choice of regularization, and data distribution [26], [27]. Moreover, research on imbalanced datasets
highlights the importance of balanced or carefully controlled train-test splits to ensure fair evaluation,
particularly when class distributions differ substantially across font categories [28]. These
considerations emphasize the need for systematic comparative studies.

Therefore, the study presents a comparative evaluation of CNN architectures such as VGG16,
ResNets50, and DenseNet121 becomes critical for advancing robust font type classification. While prior
work has explored deep learning for stylistic analysis, calligraphy classification, and multilingual script
recognition, limited studies have examined how different CNN architectures behave under diverse
augmentation settings. Therefore, the comparison under controlled augmentation scenarios can
provide deeper insights into the stability, reliability, and generalization capability of modern CNN
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models. It is to address the fundamental limitations of traditional feature-based methods and advance
the state of research in font classification.

2. Research Methodolgy

In this study, we gathered data as samples that consist of 15 different font types with a total sample
of 11,252. Samples [17]. This dataset is largely employed to conduct various studies [18]. Data was
obtained from two sources, namely an open-source dataset on Kaggle titled Font Recognition Data
(https://www.kaggle.com/datasets/dhruvmak/font-recognition-data). In this study, we gathered up to
11,252 samples to train a model classifier. To obtain an engineered and credible dataset for the training
process, we undergo data preprocessing in four steps. It involves checking the integrity of the data
structure, calculating the number of categories/classes, validating the completeness of the data, and
structural pre-processing to prepare the data format before analysis.

In the preprocessing stage, we divide the dataset into three main subsets: 9,001 data (80%) as
training data, 1,125 data (10%) as validation data, and 1,126 data (10%) as test data [28]. We also employ
a pre-processing stage to standardize the input data [19], [20]. All imagery was converted to a uniform
dimension of 224x224 pixels, the batch size was set to 32 for memory efficiency, and the initial grayscale
image was converted to a 3-channel RGB format to be compatible with ImageNet's pre-trained model
[21], [22]. At the final stage of the pre-processing process, we undergo an augmentation phase to expand
the variety of data without adding new datasets [23]. Augmentation techniques include rotation,
translation, brightness change, and horizontal and vertical flipping. This augmentation is intended to
make the model more resistant to real font variations, so that the accuracy evaluation can reflect the
model's generalization capabilities.

To get the model performance for font type classification, this study compared DenseNeti21,
ResNets50, and VGGi6 to construct a robust font type classification. DenseNet121 is a CNN that connects
all the outputs from one layer and reuses those outputs as inputs to the next layer [11]. DenseNeti21 is
known for its inter-layer connectivity [12]. ResNets50 is one of CNN's architectures that introduces the
concept of shortcut connections. The concept of shortcut connections emerged in the ResNets0
architecture, related to the gradient problem that disappeared when attempts to deepen the network
structure were made [13]. ResNet has a skip system that aims to bypass the multiplication computing
system [8]. The Visual Geometry Group (VGG) of the University of Oxford created the convolutional
neural network architecture VGGi6. Its architecture consists of 16 trainable layers, including 13
convolutional layers and three fully connected layers, with softmax-provided outputs [14]. On the other
hand, CNN is a reliable algorithm for recognizing visual patterns and features. CNN was chosen for its
ability to perform high-accuracy classification of image-formatted data, making it the right solution
for font type identification [15].

To establish a robust font-type classification, these three architectures, including VGGi6,
ResNetso, and DenseNeti21, offer complementary strengths grounded in their mathematical
structures, with mathematical formulation as follows:

VGG16 is a purely sequential network defined as:
O = g(WOxhtD4p®),1=1,..,16 (1)

where * is convolution, ¢ is ReLU, and max-pooling is inserted after specific layers. The final classifier is:

9 = Softmax(W;h("®) + by) (2)
VGG16 emphasizes deep hierarchical feature extraction using sequential convolutional layers,
enabling it to capture fine-grained character texture, stroke style, and edge transitions that serve as
strong low-level cues for distinguishing fonts. Its straightforward chain of operations provides stable,
high-resolution features suitable for typography analysis.

In the ResNet50 (Residual Learning) architecture, each residual block is formulated as:
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RO = F(R0-D ®) 4 pG-1)
( ) 3)

where F(-) is a stack of convolution—batchnorm—ReLU layers. The full network is:

9 = Softmax(W;h® + by) (4)

with L = 50 layers.

ResNet50 introduces residual learning, allowing the model to learn deeper and more abstract
typographic patterns without degradation. By using identity skip connections, ResNet effectively
learns both subtle variations (e.g., serif curvature) and global shape structures (e.g., proportion,
spacing) while overcoming vanishing gradients. This makes it robust in classifying fonts under noise,
distortion, and varied text sizes that conditions often encountered in real-world documents and OCR
workflows.

In DenseNet121, the dense block is expressed as:

h® = HO(RO®, h®, .., h¢-1D]) (5)

where [-] is feature-map concatenation andH® (-) is a composite function (BN-ReLU-Conv). The classifier
is:
9 = Softmax(W;h**Y + b;) (©)
DenseNeti21 further enhances representational power by concatenating all previous feature maps,
promoting maximum feature reuse. This dense connectivity amplifies the model’s ability to capture
multi-scale font characteristics, from pixel-level textures to complex stylistic traits. The formulation
ensures efficient gradient flow and compact parameterization, producing highly discriminative
features for robust font classification. When combined or ensembled, these architectures form a
powerful, resilient framework for high-accuracy font-type recognition across diverse styles and
imaging conditions. [24], [25]. Table 1 describes the three architectures to construct the classifier
model.

Table 1. CNN Architecture

DenseNeti121 ResNet50 VGGi6
Parameter Number of Value Parameter Number of  Value Parameter Number of  Value
Layers Layers Layers
Denseneti21 1024 7.037.504 ResNet50 2048 23.587.712 VGGi6 512 14.714.688
Custom dense 1 512 524.800 Custom dense 1 1024 2.098.176  Custom dense 1 1024 525.312
Batch 512 2.048 Batch 1024 4.096 Batch 1024 4.096
normalisation normalisation normalisation
Droput 512 o Droput 1024 o Droput 1024 o
Custom dense 2 256 131328  Custom dense 2 512 524.800  Custom dense 2 512 524.800
Batch 256 1.024 Batch 512 2.048 Batch 512 2.048
normalisation 1 normalisation 1 normalisation 1
Droput 1 256 o Droput 1 512 o Droput 1 512 o
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Custom dense 3 128 32.896  Custom dense 3 256 131.328 Custom dense 3 256 131.328

(dense) (dense) (dense)

Batch 128 512 Batch 256 1.024 Batch 256 1.024
normalisation 2 normalisation 2 normalisation 2

Droput 2 128 o Droput 2 256 o Droput 2 256 o

Font prediction 15 1.935 Font prediction 15 3.855 Font prediction 15 3.855
Total Parameters: 7,732,047 Total Parameters: 26,353,039 Total  Parameters: 15,907,151
(29.50 MB) (100.53 MB) (60.68 MB)

Trainable Parameters:
1,768,399(6.75 MB)

Non-Trainable parameters:
5,963,648 (22.75 MB)

Trainable Parameters: 10,643,983
(40.60 MB)

Non-Trainable parameters:
15,709,056 (59.93 MB)

Trainable Parameters: 5,908,495
(22.54 MB)

Non-Trainable parameters:
9,998,656 (38.14 MB)

e-ISSN 2721-561X

To train our model, the pre-processed dataset is fed into the three selected CNN architectures,
where a series of hyperparameter optimization steps are performed to ensure stable and efficient
learning. These adjustments include experimenting with different batch sizes to balance memory
usage and gradient stability, tuning the learning rate to control convergence behavior, and applying
dropout regularization to mitigate both overfitting and underfitting by reducing co-adaptation
between neurons [26], [27]. During training, each architecture is fine-tuned to maximize its ability to
extract representative features that distinguish between font types. For performance evaluation, a
confusion matrix is constructed to analyze the distribution of true positives, false positives, true
negatives, and false negatives across all font classes. This metric allows us to identify specific patterns
of misclassification, revealing classes that are frequently confused and providing insight into
underlying feature similarities or dataset imbalance issues [4].

By examining these patterns, we can diagnose weaknesses in the model and adjust training
strategies accordingly. The overall evaluation aims to quantify how well each CNN architecture
generalizes to unseen data and to highlight differences in predictive capability across models. Through
this comparative assessment, we can determine which architecture produced the most robust
performance for font-type classification in several training phases.

3. Results and Discussion

In this stage, we compare the architectures to identify 15 font types out of a total of 11,252 images
with a training and testing process. Training is a step to assess the model's performance progress by
measuring accuracy and loss during training. We also present several visualization results to recognize
the model's ability in graph visualizations.

a. Model Accuracy and Loss

Based on Table 2, the results of the DenseNeti21 training showed an accuracy of 96.31% in the
20th epoch, with a loss value of 0.182. A visualization of the training results is shown in Figure 1(a),
where the blue line represents the accuracy of the training data, while the red line represents the
accuracy of the validation data. The graph shows the gradual improvement in model performance. The
ResNet50 model obtained a training accuracy of 91.86% at the end of the training process with a loss
value of 0.2289, as shown in Figure 2(a). Meanwhile, the VGG16 model recorded the highest accuracy
during training, at 98.4%, with the lowest loss value of 0.0467, as shown in Figure 3(a). Overall, all
three models were able to learn visual patterns from the font data, with the VGG16 performing best in

the training phase.
Table 2. Model Training

Epoch Architecture  Accuracy Loss Top k accuracy Val accuracy Vall loss
DenseNeti21 0.9631 0.1182 0.9999 0.9547 0.1278
20 ResNets50 0.9186 0.2289 0.9984 0.8978 0.3146
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VGGi6 0.9849 0.0467 0.9998 0.9271 02270

Further visualization using top-k metrics provides additional information regarding the model's
ability to consider multiple possible predictions at once. In Figures 1(b), 2(b), and 3(b), the green and
yellow lines respectively show the top-k accuracy on the training and validation data with k = 5. These
results show that all three models are not only able to generate accurate top predictions, but also
consider alternative predictions well. Furthermore, the loss graph on each model (Figure 1(c), 2(c),
3(c)) shows that the loss value in the training and validation data is relatively low and stable, indicating
adequate generalization capabilities of the model.
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Figure 3. Accuracy and Loss of the VGG16 Model

b. Model Evaluation
Table 3. Font Classification Report for Three Models

DenseNet121 ResNets0 VGgi6
Jenis Font Precision Recall Fi-Score Precision Recall Fi-Score Precision Recall Fi-Score
Algerian 1.00 1.00 1.00 0.98 0.98 0.98 1.00 1.00 1.00
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Arial

Courier
Garamond
Monotype Corsiva
Elephant
Consolas

Corbel

Helvetica

Calibri

News Gothic
Perpetua
Rockwell

Special Elite
Times New Roman

0.95
0.98
0.96
1.00
1.00
0.97
0.98
1.00
0.91
0.82
0.96
1.00
1.00
0.98

0.90
1.00
0.96
1.00
1.00
0.97
1.00
0.84
0.89
1.00
0.96
1.00
1.00
0.98

0.93
0.99
0.96
1.00
1.00
0.97
0.99
0.91
0.90
0.90
0.96
1.00
1.00
0.98

0.80
1.00
0.86
0.98
1.00

0.95
0.83

0.97
0.83
0.89
0.86
1.00
1.00

0.97

0.97
0.98
0.93
1.00
0.97
0.81
0.88
0.96
0.82
0.82
0.88
0.98
0.98
0.92

0.87
0.99
0.89
0.99
0.98
0.87
0.85
0.96
0.83
0.86
0.87
0.99
0.99
0.94

1.00
0.94
0.98
1.00
1.00
0.94
0.96
1.00
0.80

0.93

0.93
1.00

1.00
0.98

0.94
1.00
0.88
1.00
1.00
0.96
0.96
0.81
1.00
0.98
0.98
1.00
0.98
1.00

0.97
0.97
0.92
1.00
1.00
0.96
0.96
0.89
0.87
0.96
0.96
1.00
0.99
9.99

The model evaluation was carried out using test data of 1,126 images; each class consisted of 75
images, except for the Rockwell font, which had 76 images. The results of the evaluation per category
in Table 3 show that most fonts can be identified well by all three models, with high precision, recall,
and Fi-score.
The results of the evaluation of DenseNeti21 achieved an accuracy of 96.8%, ResNet50 92.9%,
and VGG16 96.4%. Some fonts, such as Calibri and News Gothic, show relatively low scores (precision
and recall 0.82-0.83), while most other fonts show consistently high scores. The advantage of
DenseNeti21 in identifying fonts over ResNetso and VGGi6 is due to its dense connectivity
mechanism, which allows for more efficient information flow between layers and optimal feature
extraction capabilities. The results of the evaluation of each model were also visualized using a
confusion matrix, as shown in Figure 4, to determine the pattern of misclassification in each class.
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Figure 4. Confusion Matrix

c. Learning Rate Influences

Table 4. Accuracy and Loss Based on learning Rate Values

Learning DenseNeti21 ResNets0 VGG16
Rate
Accuracy Loss Accuracy Loss Accuracy Loss
0.1 94.2 0.2660 74.6 0.9454 461 0.5732
0.01 98.3 0.0580 86.5 0.4698 85.3 0.2013
0.0001 96.8 0.1182 92.9 0.2289 96.4 0.0467

Table 4 shows the analysis of the effect of learning rate variation through three values, 0.1, 0,01,
and o.0001. In general, the results of the experiment show that the selection of the learning rate has a
significant impact on the stability of training and the achievement of the final accuracy of the model.
In DenseNeti21, the use of a medium learning rate (0.01) produces the most optimal performance
compared to other values, both in terms of accuracy and loss stability. In contrast, ResNet5o shows a
gradual improvement in performance as the learning rate decreases, with the best achievement at
0.0001. Meanwhile, VGG16 only achieved low accuracy at high learning rates (o0.1), but showed
significant improvements at low learning rates (0.0001).

According to the experimental results, this research can be a promising solution for font
classification models with larger samples. In addition, this research is expected to make a practical
contribution to the development of automated systems for examining documents, detecting forgery,
and improving the performance of text-based image processing applications. The results of this
research are expected to also benefit the digital security, printing, and creative industries.

4. Conclusion

This study compared three CNN architectures, including DenseNeti21, ResNet50, and VGG16, in font
types classification. According to the experimental results, all three models demonstrated good
generalization capability, with good accuracy and low error in the training process. According to
experimental results, VGG16 achieved the highest training accuracy (98.4%) with the lowest loss
(0.0467), while DenseNeti21 showed strong validation accuracy (95.47%). ResNetso, although
achieving reasonable results, consistently lagged behind the other two models in both accuracy and
stability. To evaluate the model performance, we calculate evaluation metrics on test data. According
to the evaluation model result, the DenseNet121 reached the best accuracy (96.8%), VGG16 (96.4%),
and ResNet50 obtained 92.9%. The precision, recall, and Fi-scores across most font classes were high,
particularly for fonts like Algerian, Monotype Corsiva, Rockwell, and Special Elite, where performance
reached perfect scores. However, certain fonts such as Calibri and News Gothic were more challenging,
showing lower precision and recall (0.82-0.83). In connectivity and sensitivity calculation, the
DenseNeti21 with a learning rate (o0.01 proved optimal for DenseNeti21, yielding the best trade-off
between accuracy and loss stability. ResNetso benefited from smaller learning rates (0.0001), while
VGGi16 was highly sensitive, performing poorly at high learning rates but excelling at lower ones.
Future research can focus on expanding the dataset with more diverse and challenging font variations,
applying data augmentation for better robustness, and exploring hybrid or ensemble models to
combine the strengths of different CNN architectures. Transfer learning from large-scale text datasets
and further hyperparameter optimization, including batch size and regularization strategies, may also
improve performance. In addition, integrating advanced approaches such as attention mechanisms or
transformer-based vision models could enhance fine-grained feature extraction, while real-time
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implementation would enable practical applications in document analysis, digital forensics, and
typography design.
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