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Abstract

Handwritten Text Recognition (HTR) is a critical area in computer vision and natural language
processing, aiming to convert handwritten content into machine-readable text. The task poses
significant challenges due to the inherent variability in handwriting styles, stroke patterns,
character spacing, and writing instruments. Traditional HTR techniques, often based on statistical
models or shallow neural networks, frequently struggle to generalize across diverse handwriting
samples, leading to suboptimal performance in real-world applications.

This improvement demonstrates a relative gain of approximately 10-15% over traditional RNN
and LSTM-based models on the same dataset.
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Introduction

Handwritten Text Recognition (HTR), a subfield of Optical Character Recognition (OCR), involves
transforming handwritten input into machine-encoded text. The wide variability in personal handwriting
styles complicates this task. Traditional HTR models using Hidden Markov Models (HMMs) [17] or
Recurrent Neural Networks (RNNs) [27 often struggle with long-range dependencies and contextual
nuances. Transformers, particularly Bidirectional Encoder Representations from Transformers (BERT) [37,
offer a promising solution due to their powerful self-attention mechanisms and contextual modeling. This
study proposes a CNN + BERT hybrid model tailored for HTR.

Despite advances in HTR, existing models often lack sufficient generalization across handwriting styles due
to limited contextual modeling. This research addresses this gap by leveraging encoder-based transformers,
offering a scalable and more accurate recognition solution. The key contributions of this paper are: (1)
development of a CNN + BERT hybrid architecture for HTR, (2) extensive hyperparameter tuning for
performance optimization, and (3) demonstration of improved metrics over baseline models.
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Related Work

Earlier models for HTR relied heavily on HMMs for sequential modeling [17]. With the advent of deep
learning, CNNss [47] and Long Short-Term Memory (LSTM) networks [27] became dominant, especially when
combined with Connectionist Temporal Classification (CTC) loss [5] for unsegmented sequence data. BERT
[8], although originally developed for NLP tasks, has recently been applied to visual sequence modeling,
with promising results [6, 7]. Transfer learning approaches [87 and multilingual CNN architectures [97]
have also shown effectiveness in boosting HTR accuracy.

Methodology

Below is a conceptual illustration of the proposed hybrid architecture. It shows how CNN layers are used
for spatial feature extraction, followed by a BERT encoder for sequence modeling, and finally a dense
classification layer.
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Figure 2: BERT flowchart

We used the IAM dataset consisting of 115,320 grayscale images. The images were resized to 32x128 pixels,
normalized, and padded to a uniform format. The dataset was split in an 8:1:1 ratio for training, validation,

and testing.
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The model architecture includes CNN layers for spatial feature extraction and a BERT encoder for contextual
interpretation. Dense layers with Softmax activation perform final classification. Key hyperparameters tuned
include optimizer (Adamax), learning rate (0.0001), number of transformer blocks (6), head size (8), and
number of attention heads (10).

Evaluation metrics include Accuracy, Precision, Recall, I'1-score, and Character Error Rate (CER), where
CER = (Substitutions + Insertions + Deletions) / Total Characters.

CNN layers extract spatial features from input images, which are reshaped into sequences compatible with
transformer input. These sequences are then passed into the BERT encoder to model contextual dependencies.
BERT was fine-tuned specifically on the image-derived embeddings.

Basic augmentations such as rotation, noise addition, and horizontal shifts were applied to improve robustness.
The choice of 6 transformer blocks and 10 attention heads was based on balancing computational efficiency
with model depth. Training was performed using an NVIDIA RTX 3060 GPU with 12GB VRAM and 16GB
system RAM.

Results and Discussion

The model was trained with early stopping enabled, halting after 18 epochs. The training accuracy reached
90%, and validation accuracy stabilized at 86.20%.

Character Error Rate was evaluated on test samples such as for’, ‘way’, and ‘have’, showing CERs of 0 and
0.25, respectively. The final performance metrics were: Precision = 88.94%, Recall = 83.86%, and I'1-score
= 0.8674.

The hybrid architecture effectively leverages CNN’s local feature extraction and BERT’s deep sequence
modeling capability, providing a robust and generalizable HTR solution.

Despite strong overall performance, minor misclassifications occurred, particularly on visually similar
characters (e.g., ‘a’ and ‘0’). Low CER values across tests demonstrate practical reliability in real-world
digitization tasks.

Table 1 below compares the proposed model’s performance with baseline methods on the IAM dataset. This
clearly highlights the significant improvement offered by our approach.

Table 1: Comparison of Model Performance on IAM Dataset

Model Accuracy Precision Recall F1-Score

HMM 65.3% 66.1% 64.0% 65.0%

RNN 72.5% 74.0% 71.2% 72.6%

LSTM-CTC 78.6% 80.1% 77.8% 78.7%

Proposed CNN+BERT 86.2% 89.89% 84.85% 86.74%
Applications

The system can be applied in diverse domains such as:

- Document digitization and archival

- Assistive technology for visually impaired users
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- Automated form processing in government and healthcare

- Postal and logistics services for address recognition

For instance, postal services can use the system to automatically extract handwritten addresses from scanned
envelopes, reducing sorting errors and improving delivery speed.

Future Work

Future enhancements include the incorporation of multilingual datasets (e.g., Hindi, Nepali), advanced data
augmentation techniques, pre-trained domain-specific transtormer models, and deployment on edge devices
for real-time applications.

Multilingual support could be realized via multilingual BERT models or by applying transfer learning from
large-scale pre-trained handwriting datasets in diverse scripts. Edge deployment challenges include memory
constraints and inference latency, which can be addressed through model quantization, pruning, and ONNX/
TFLite conversion.
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