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Optical Character Recognition (OCR) plays a crucial role in text digitization, yet most existing re-
search predominantly focuses on horizontal English or Latin text, leaving vertical Japanese text largely
underexplored. This research addresses that gap by proposing an enhanced Convolutional Recurrent
Neural Network (CRNN) model tailored for Japanese vertical text recognition. The novelty of this
work lies in integrating residual connections and attention mechanisms into the CRNN, along with a
custom dataset that includes both Japanese characters and 30% Latin characters, simulating real-world
scenarios such as manga. Experimental results show that the proposed model achieves a Character Er-
ror Rate (CER) of 0.363% in only 10 epochs, compared to the baseline CRNN, which reaches 2.084%
CER after 100 epochs, demonstrating both faster convergence and improved accuracy. Furthermore,
evaluation on manga screenshots from the Mangal(09 dataset highlights the model’s practical poten-
tial, while also revealing new challenges related to irregular vertical spacing and font variability. These
findings indicate that the proposed method significantly advances vertical Japanese text recognition
and offers a foundation for future improvements in text recognition for manga and similar media.
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1. INTRODUCTION

Japanese text, written from top to bottom and read from right to left, is widely used in printed media such as manga, newspapers,
and books. This orientation differs significantly from the horizontal writing systems that dominate most global languages, such as the
Latin script. As a result, the majority of Optical Character Recognition (OCR) systems are designed and optimized for horizontal text,
which poses challenges for recognizing vertically oriented scripts. These are more challenging when texts are obtained from sources
such as scanned documents or photos, which often introduce distortions, blurring, font variations, and noise [1, 2]. To achieve high
recognition accuracy, OCR systems must not only be robust to image degradation but also capable of modeling the sequential structure
of vertical character layouts [3]. The importance of addressing these challenges is highlighted in studies of furigana detection, where
removing furigana (small annotations above kanji characters) improved OCR performance by up to 5% on the Mangal(09 dataset
[1]. This demonstrates that additional textual artifacts can interfere with recognition accuracy. Moreover, benchmark studies on
cross-lingual OCR show that recognition performance on Asian languages, including Japanese, Korean, and Arabic, is significantly
lower compared to Latin-based scripts, with Japanese text achieving the lowest performance [1, 2]. Orientation remains a key factor
in this performance gap, with multi-oriented text recognition resulting in accuracy drops of up to 23% [2]. Similarly, Yu et al.
reported that a baseline Convolutional Recurrent Neural Network (CRNN) achieved only 51.97% accuracy on vertical Chinese text
recognition (VCTR), underscoring the need for more robust architectures [3]. Beyond traditional CRNN architectures, alternative
designs, such as Convolutional Character Networks, have been proposed to improve recognition by directly modeling character-
level representations using convolutional structures [4]. However, such models are still primarily evaluated on horizontally oriented
scripts, and their effectiveness on vertical Japanese text remains limited. This highlights the need for specialized OCR architectures
that can robustly handle vertical orientation while maintaining efficiency. Practical, lightweight OCR systems like PP-OCRv3 also
report notable gains by upgrading both detection and recognition (e.g., the SVTR recognizer, residual-attention modules, more potent
distillation and augmentation), suggesting that attention- and residual-based designs help in real-world multi-orientation scenarios
[4]. Complementary architectural choices, such as multi-scale fusion CRNNSs, expand the receptive field across character sizes and
layouts, improving recognition in complex backgrounds [5]. Regularization choices (e.g., label smoothing) and lightweight language
modeling further enhance CRNN generalization on irregular and noisy text conditions typical of scanned/photographed vertical
materials [6].

The CRNN framework, combining convolutional layers for feature extraction and recurrent layers for sequence modeling, has
been widely adopted as a baseline for OCR tasks [7]. Despite its effectiveness, CRNN alone struggles to capture complex contextual
dependencies in challenging settings such as vertical Japanese text. Recent works have shown that attention mechanisms can enhance
OCR models by dynamically focusing on informative regions of the input sequence, thereby significantly improving recognition in
complex scripts [8, 9]. Furthermore, the integration of residual connections has been shown to stabilize training and improve feature
propagation in deep networks, making them more resilient to noise and degradation [10]. Several multilingual OCR studies have
highlighted the accuracy gap between Latin and Asian scripts, underscoring the limitations of current general-purpose models and
the need for domain-specific architectures [11, 12]. Benchmark datasets that include vertical or multi-oriented scripts, such as those
for Chinese and Japanese, have been instrumental in evaluating the robustness of OCR models in real-world scenarios [13]. Together,
these findings indicate that vertical Japanese text recognition remains an open and challenging problem that demands specialized
model designs.

In this research, we introduce a modified CRNN architecture tailored for vertical Japanese text recognition. The proposed
model incorporates four convolutional layers in the CNN backbone, followed by two stacked bidirectional LSTM layers with dual
hidden states. To enhance contextual modeling, we integrate a multi-head attention mechanism, enabling the network to capture
long-range dependencies across vertical sequences. Additionally, residual connections are employed to ensure stable gradient flow
and improve feature learning in deeper layers. The main contributions of this research are modifying CRNN architecture with
multi-head attention and residual connections to effectively capture vertical contextual dependencies, integration into a real-time
OCR pipeline capable of recognizing vertical Japanese text directly from offline sources such as scanned documents or photographs,
and comprehensive evaluation using Character Error Rate (CER) on a manually adapted vertical text dataset derived from the ETL
Character Database, with comparisons against a baseline CRNN implementation. By addressing the limitations of existing OCR
models, this study advances robust recognition of vertically oriented Japanese text and provides insights applicable to other complex
writing systems.

2. RESEARCH METHOD

This study employs an experimental research methodology to develop and evaluate a Convolutional Recurrent Neural Network
(CRNN) for vertical Japanese text recognition. The research consists of steps including dataset collecting and preprocessing, model
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architecture design, training procedure, and evaluation, which is illustrated in Figure 1.
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The primary dataset used in this research consists of scanned Japanese characters from the ETL2 Character Database, which
contains grayscale Images of characters from Japanese newspapers. The dataset includes 2184 characters, consisting of hiragana,
katakana, alphanumeric characters, symbols, and kanji. To form training samples, characters were merged into vertical sequences
representing sentences. Preprocessing was performed using the torchvision transforms module by resizing images to hxw (669x32)
for consistency, converting to grayscale (1 channel), and normalizing with a mean and std of 0.5 to improve performance and accuracy
[14]. The image is then augmented to simulate noise in a real-life scenario, like random rotation, which is applied with degrees of
-2 to 2, and size expanded to make sure there are no erased parts, which tends to be very destructive towards the model, and then a
Gaussian blur to simulate a low-quality scan to help increase robustness in the model. Each augmentation was designed to have a
20% chance of occurring, allowing the model to learn from the original image while maintaining robustness.

The model’s baseline is CRNN, comprising a CNN backbone for feature extraction, stacked BiLSTMs for sequence modeling,
and a CTC transcription layer [15]. To better capture vertical text dependencies, we introduce two modifications: a multi-head
attention mechanism to focus on multiple character relationships, and residual connections to stabilize training and mitigate vanishing
gradients in deeper layers [16, 17]. The random rotation augmentation with the expand feature also makes the image width dynamic
(which is supposed to be fixed) and could cause the model to fail. To address this issue, augmentation was applied first, and then the
image was resized to ensure a fixed width. The overall architecture is illustrated in Table 1.

Table 1. Model Architecture Configuration. “k”, “s”, and “p” stand for kernel size, stride, and padding, respectively.

Type Configurations
Input Grayscale, Dynamic W x H image
Convolution Set Maps: 128, k: 3x 3, s: 1, p: 1, Including BatchNorm and ReLU
Convolution Set with 2x2 pool Maps: 128, k: 3x 3, s: 1, p: 1, Including BatchNorm and ReLU
Convolution Set Maps: 256, k: 3x 3, s: 1, p: 1, Including BatchNorm and ReLU
Convolution Set with 2x2 pool Maps: 256, k: 3 x 3, s: 1, p: 1, Including BatchNorm and ReLU
Fully Connected Layer Output: 256
LSTM 1 with layer normalization ~ Hidden Units: 256, Num Layer: 2, Bidirectional
Multi-Head Attention Heads =8
LSTM 2 with layer normalization ~ Hidden Units: 256, Num Layer: 2, Bidirectional
Residual Connection LSTM 1 + Multi-Head Attention + LSTM 2
Fully Connected Layer Output: Number of Class (2168 + 1 (blank class))
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The model is trained using the CTC (Connectionist Temporal Classification) loss function, suitable for sequence labeling [18].
The model is optimized using the Adam Optimizer (learning rate = 0.0001). Mixed-precision training and a batch size of 64 are used
to improve computational efficiency. These experiments are carried out on a laptop with a 2.3 GHz Intel(R) Core(TM) i7-12650H
(16 CPU cores), 40 GB of RAM, and an NVIDIA RTX 3060 GPU (6GB VRAM). Model Accuracy is measured using the Character
Error Rate (CER), which is the ratio of insertions, deletions, and substitutions to the ground truth length [9]. To measure the CER in
this experiment, the Levenshtein distance, which quantifies word similarity, was integrated with OCR to obtain the CER [19].

3. RESULT AND ANALYSIS
3.1. Experimental Setup

The proposed CRNN model was evaluated on a custom-built dataset consisting of Japanese vertical text extracted from the ETL
Character Database. To ensure consistency, all images were fixed to a width of 32 and a height of 669. The dataset was constructed
in several partitions: 8000 training samples, an additional 4000 training samples containing 30% Latin (alphanumeric) characters to
increase script diversity, 1500 validation samples, and a 1500 validation dataset with a 30% Latin ratio. For optimization, the Adam
optimizer was employed with an initial learning rate of 1e-4. The loss function chosen for sequence recognition was the Connectionist
Temporal Classification loss, as it is well-suited for handling unsegmented sequence data, which will be helpful in this experiment.

3.2. Training Result

To evaluate the effectiveness of the proposed architecture, experiments were carried out without data augmentation. Preliminary
findings indicated that when trained on those data, our CRNN model consistently achieved lower Character Error Rates (CER) and
converged more rapidly compared to the baseline CRNN. The performance comparison between the baseline CRNN model and
our proposed approach is illustrated in Figure 2. The learning rate was kept constant across both configurations to ensure a fair
comparison.

avg_val_cer

@D
Relative +
Ours With Original Image 12.15 min
baselineCRNN 47.29 min

Figure 2. Comparison Graph of Our CRNN Model and Baseline CRNN using Tensorboard

From the graph, it can be observed that the validation CER of our proposed CRNN decreases much more sharply in the initial
epochs and stabilizes earlier, reflecting a faster learning process. Specifically, the lowest CER achieved by our model was 0.363%,
obtained at the 7th epoch. By contrast, the baseline CRNN attained a lowest CER of 2.084%, which only appeared at the final
(100th) epoch. This corresponds to an 82.58% relative improvement in CER performance by our proposed model compared to the
baseline. These findings demonstrate two essential aspects: the modified architecture not only improves recognition accuracy but also
significantly accelerates convergence, and the efficiency of our approach enables superior results in fewer training epochs, thereby
reducing the overall computational cost of our training procedure.

3.3. Evaluation on Mangal09 Dataset

To further assess the robustness of the proposed CRNN model in real-world scenarios, we conducted an additional evaluation on
vertical-text samples extracted from the Mangal09 dataset [10, 20]. We created a custom test set by manually capturing screenshots
of vertical Japanese text regions from selected manga volumes. All captured text regions were preprocessed to match the same input
format described in Section 3.1, with the height fixed to 32 pixels while preserving the aspect ratio for the width, rather than a fixed
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width of 669 pixels. Importantly, no fine-tuning was performed on this dataset; the models trained solely on the ETL-derived dataset
were applied directly. This allows us to evaluate the cross-domain generalization of the models when faced with more complex and
noisy backgrounds. The evaluation results are shown in Figure 3.
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Figure 3. Evaluation Result of Mangal09 Dialog Screenshot. Green and Red colors represent Correct and Wrong, respectively.
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4. CONCLUSION

In this study, we proposed a modified Convolutional Recurrent Neural Network (CRNN) architecture for vertical Japanese
text recognition and evaluated its performance against a baseline CRNN model. Experimental results on ETL-derived datasets
demonstrated that our model consistently achieved faster convergence and a significantly lower Character Error Rate (CER) than the
baseline. Notably, the proposed CRNN reached a minimum CER of 0.363% in only seven epochs, whereas the baseline required
100 epochs to achieve a minimum CER of 2.084%. This corresponds to an 82.58% improvement in error reduction, indicating
the effectiveness of the proposed modifications. Further evaluation on manga screenshots from the Mangal09 dataset revealed the
challenges of applying the model to real-world text recognition tasks. The primary sources of recognition errors were variations in
vertical spacing between characters and the use of diverse fonts, as well as the background noise inherent in manga. Although the
absolute accuracy decreased in this domain, the proposed CRNN still outperformed the baseline, suggesting that the architectural
improvements contribute to better generalization under more complex conditions. Overall, the findings confirm that the proposed
CRNN architecture provides a more efficient and accurate solution for vertical Japanese text recognition. However, to bridge the
gap between controlled datasets and real-world applications, future research should explore domain adaptation strategies, such as
fine-tuning on manga-specific text, augmenting training data with varied spacing and fonts. These directions are expected to further
enhance the robustness of OCR systems in practical applications such as instant manga translation.
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