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Abstract

This study is constructed based on the prior text detection and recognition of natural images to
extract text and provides ample enhancements to meet the demands of the complex visual situations.
In particular, the proposed framework focuses on improving robustness and adaptability in
real-world environments. Our system that is based on a combination of transformer-based
architectures along with multi-modal fusion strategies makes detection and recognition successful
in TMT. The integration of these advanced techniques enables better contextual understanding and
feature representation. The approach uses ViT structure as a backbone and also employs
Cross-Modal Attention Module (CMAM) to effectively use the information presented in both visual
and semantic perspectives. This dual-stream processing enhances both localization and recognition
accuracy. Experimental results show the significant improvement in accuracy, with an average
precision of 96.8% in detection of text and an accuracy of 94.3% in recognition of characters, which
are 4.5% and 5.9% better than those of the previous work. These improvements demonstrate the
effectiveness of the proposed architecture over existing baseline methods. The strengthened
framework demonstrates remarkable robustness to challenging scenarios with extreme lighting
conditions, severe occlusions, and strong stylized text. Furthermore, it generalizes well across
diverse datasets and conditions. In addition, the overall end-to-end inferencing speed of the system
has been fine-tuned to approximately 52ms per image, which can be applied for real-time
applications. This ensures practical deployment feasibility in time-sensitive systems. This paper sets
new state-of-the-art benchmarks in scene text understanding and retrieval, with significant potential
to boost applications in automatic document processing, aiding devices for the visually impaired,
and augmented reality devices.
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1 Introduction

The vast number of the digital images universally used in the surveillance systems, self-navigate
systems, social platform, and digitized archives becomes a major challenge for information retrieval
systems, especially in the field of scene text recognition (Pei et al., 2023). The demand for automatic
systems to extract text-based information from natural images has been growing, resulting in the
weaknesses of the previous solutions being further revealed (Xu et al., 2025). Despite the substantial
advance that has been achieved in relevant text extraction techniques, especially with the advent of deep
learning and computer vision methods, many challenges have yet to be addressed (Hou et al., 2025).

Background In real-world applications, such as surveillance systems, the quality of images is often
low due to variable illumination, shadows, occlusion, reflection, and motionblur, thus the image depicts
plenty of noises, which may notably corrupt the performance of the re- cognition systems
(Noh et al., 2025).

Moreover, the diversity of text within natural images i.e., differences in font styles, size, orientation,
script, and complexity of the background makes the extraction even more challenging
(Hampiholi et al., 2023). These problems are the obstacle for a broad generalization of models for
diverse scenarios (Wang et al., 2024).

Besides, there are computational difficulties facing the application of text recognition systems on
constrained platforms, e.g., mobile, embedded devices (Du et al., 2024). In many cases, real-time
implementations are required, which makes the optimal ones not practical due to the computational cost
(Ghorbanpour et al., 2023). Dealing optimally with the trade-offs between correctness, efficiency and
memory consumption still challenges the development of fully-practical systems (Sun et al., 2025).

Therefore, despite considerable advances that have been made in the recent past, the use of text
recognition reliably and at full scale is an open issue on unconstrained scenes (Liu et al., 2025). To solve
these issues, more research in designing stronger architectures, data augmentation design, and
encouraging strategies that allows such architectures to attain efficiency in accuracy and real-time
execution all within a huge range of operating conditions is required (Wang et al., 2023).

Text detection systems and text recognition systems have lately achieved very high-level results in
constrained settings, but very low results when the environment is more complicated and unconstrained
(Xu et al., 2023). The extreme conditions of light, where the areas of text in images that are either
overexposed or underexposed suffer, ruin the very important visual clues that one needs to properly
detect and recognize (Yadav & Gupta, 2024).

Accordingly, the correct and scalable text recognition in the wild is an open problem, even though a
progress has been reported in the earlier literature (Xu et al., 2024). The solution of these difficulties at
the time requires the additional research of more robust architectures, superior data-augmentation
schemes and optimization techniques that can ensure high accuracy and real-time in alternative
applications (Guo, 2023).

Another challenge in the field is partial occlusions, which are lines and words to which foreground
objects or clutter in the scene is covering (Zhang et al., 2024). The majority of systems to date assume
complete visibility of characters in the input (Not only single letters of the input are missing) and are
harder to tell the missing portions in the text, rendering them less accurate (Miao et al., 2024). These
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problems are further exacerbated by the large-scale application of low-quality images, including those
obtained in surveillance videos and during long-range shots, which worsens the quality of the feature
representations obtained in the preprocessing and inference phases.

This long abstract offers meaningful contributions to the current architecture through capitalizing on
the recent developments in transformer architectures and multi-modal learning. In summary, our inputs
can be summarized as (1) ViT based architectures are to be used in order to model better the long range
dependencies and context information required in the understanding of text in complex images;
(2) CMAM is to be proposed to use in tight visual and semantic information in order to better
characterize text regions; (3) use GCN that can be used in order to better model the relationship between
the characters that are not necessarily straight and/or characteristic that requires more labeled data.

Contribution List

Key Contributions

1. A Transformer-based Text Detection Network (T-TDN) replacing CNN backbones to improve
contextual feature representation.

2. A Cross-Modal Attention Module (CMAM) that provides the possibility of joint visual semantic
features fusion.

3. A Graph-enhanced Text Recognition Network (G-TRN) to character relationship modeling in
stylized and curved text.

4. Supervised contrastive learning is used to enhance self-supervised ones, as well as feature
representation with limited labeled data.

5. Detecting 96.8% and recognizing 94.3% accuracy, which is better than the currently available
methods.

The rest of the paper is structured in the following way. Section 2 presents the work on the related
text detection and recognition of scenes. Section 3 outlines the architecture and approach to be proposed
in terms of transformers. Section 4 will show the performance measurements and experiment setup.
Section 5 is a discussion of the results and analysis of the experiment. Lastly, the paper ends with Section
6, which provides the directions of further research.

2 Literature Review

The recent development in the deep learning technology has revolutionized the field of text detection
and recognition in natural images. The existing research foundation serves as the basis for multiple
transformative discoveries which directly affect our present work.

Transformers are now a cornerstone development upon being utilized in the operations of computer
vision. The study of (Mauricio et al., 2023) demonstrated the outstanding performance of Vision
Transformers (ViT) in the image classification task as the replacement of the conventional convolutional
architecture. Zhang et al.,, (2023) developed the DETR framework which combines superior
performance with automated component design for object detection tasks. Our advanced text detection
system is based on these recent developments, which are the theoretical basis.

The subject matter has undergone great development in the handling of non-patterned text. The
instance segmentation techniques to detect texts are used to manage arbitrary text shapes in the
segmentation-based approach suggested by (Li et al., 2023). Yang et al.,, (2025) created a
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boundary-conscious network that is able to identify text regions of any geometricity. The idea of irregular
text detection and segmentation is based on these new developments in our approach.

The linguistic knowledge supplemented with the visual has turned out to be an effective novel
technique. Ariyanto et al., (2024) demonstrated that inclusion of semantic information increases the
accuracy of recognition especially of ambiguous characters in context. A framework was created by
(Reitsma et al., 2024) that can replicate the process of human reading: a read-like-humans model that
involves repeated visual-semantic alignment to enhance prediction. It is based on these concepts that the
Cross-Modal Attention Module is founded.

Researchers have put recent efforts to improve the effectiveness of the model in addition to
deployment capabilities. Singh et al., (2024) have come up with a lightweight architecture that provided
compatibility with mobile devices without affecting the accuracy performance. Li et al., (2023) came up
with knowledge distillation techniques that allow the performance of large models to be transferred to
small models without significant performance drops. The developments in research of efficiency orient
lead us to approach the real-time processing.

In recent studies, self-supervised learning techniques have demonstrated a high effectiveness in
assisting in a lower requirement of labeled training data. Kittichai et al., (2025) developed a contrastive
learning system which extracts robust image representations from unmarked images. Penarrubia et al.,
(2025) applied the contrastive learning approach to text recognition by showing that synthetic data
pre-training through contrastive objectives leads to better results on real-world datasets. Our feature
learning methodology relies on self-supervised techniques as its core foundation.

Combined together with recent changes can have a conceptual and methodological underpinning that
allows our system to not only transcend the limitations inherent to other previous work but further
develop the text detection and recognition capabilities.

Alshawi et al. (2024) study introduces an attention-based deep learning methodology to accurately
detect the text and retrieve the information of the complex scene images. With the application of CNNss,
Feature Pyramid Networks, and BiLSTM in conjunction with attention, the system is highly precise in
both the detection and recognition activities. This study can be of great help in real time OCR application
in dynamic and noisy visual scenes (Alshawi et al., 2024).

Golla et al. (2024) article suggests a new Support Vector Machine (SVM)-based text information
extraction (TIE) system of natural scene images. It uses pre-processing, Histogram of oriented gradient
(HOG) and SVM recognition to locate and identify textual domain contents with great accuracy and
recall. The technique is more effective in addressing noisy and low contrast and multi-oriented text
images of the real world (Golla et al., 2024).

Inference from Literature Review

The research of scene text detection and recognition identifies major strides in the area of convolutional
neural networks, segmentation models, and more recent transformer models. Such techniques as EAST,
DB-Net, and TextFuseNet have shown to be more accurate in detecting natural scene images.
Nonetheless, most of the current methods use extensively the convolutional architecture, which has a
limited ability to address the contextual dependency of the long-range across complicated visual scenes.
Moreover, there are still challenges of multi-oriented text, occlusion, and complicated backgrounds that
influence the detection and recognition performance.
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On the basis of these observations, it is necessary to have a framework that can model global
contextual relationships effectively besides enhancing localization and recognition accuracy. The
suggested transformer-based architecture will overcome these drawbacks and combine a Vision
Transformer backbone to extract contextual features, an Advanced Region Refinement Module to extract
finer boundaries, and a Graph-enhanced Text Recognition Network to learn how to model the
relationship between characters. It is an integrated approach that seeks to improve detection and
recognition actions in the demanding real-world scenarios.

3 Methodology

Our enhanced system is better than every aspect of the original structure yet the system has still kept it
with the modular design. The new system contains four major modules: T-TDN: Transformer-based Text
Detection Network ARRM: Advanced Region Refinement Module G-TRN: Graph-enhanced Text
Recognition Network IIRE: Intelligent Information Retrieval Engine.

Transformer-Based Text Detection Network

The T-TDN substitutes CNN-based backbone with Vision Transformer (ViT) architecture that ends up
radically changing the operational mode of extracting and processing visual features:

Feature Extraction

The input image provided will be segmented into non-overlapping patches of 16x16 pixels linearly and
embedded and augmented with position embeddings as represented in equation 1.

Zo = [Xciass; XpE; XZE; s xDE| + Epps (1)
Where:
xzi, represents the i — th image patch
E is the patch embedding projection

Epos denotes position embeddings

Self-Attention Mechanism

The embedded patches are processed through L transformer encoder layers in equation 2 and 3.
z] = MSA(LN(z,—1)) + 24 )
z; = MLP(LN(z))) + z] 3)
Where:
MSA is Multi-head Self-Attention
LN is Layer Normalization
MLP is a Multi-Layer Perceptron

Detection Head: Our detection head formulates text detection as given in a set of prediction
problems. The prediction formulation is represented in equation 4.

5}\ = q){dec}((b{enc}(x)rq) (4)
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Were
®,, s the Transformer encoded
@ ;0. 1s the transformer decoder

q represents learnable text queries

Advanced Region Refinement Module

The ARRM enhances the refinement process through by using a two-stage approach. The region
representation is defined in equation 5.

Ri = (x;,yi,wi, hi, 0,5 i € [1,N] (5)
Where:
x;,y; are center coordinates
w;, h; represent width and height
0; is the rotation angle
s; denotes the confidence score

Boundary Refinement: have introduced a Boundary-aware Refinement Network (BRN) module
which performs pixel-level adjustments in the network. The refinement operation of the boundary is
given in equation 6.

B = BRN(F,R;) (6)
Where:
F represents deep features from T-TDN
B is the refined boundary mask

The scoring function which compares the regions is given in equation 7.

Si-Sj

Score(R;, R;) = IoU(R;, R;). (7)

Si+5j
Regions are selected based on R* = arg max R; (S;)

Where Score(R;, Rj) <t forall j #i

Graph-Enhanced Text Recognition Network

The G-TRN uses graph convolutional networks in order to learn character relationships:

The representation of characters is presented as nodes of a graph and the connection of space
proximity as the edges are presented in equation 8.

G = (V,E A )
Where:
V represents nodes (characters)
E denotes edges (relationships)

A is the adjacency matrix
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Network Architecture

T-TDN » ARRM p| G-TRN —» IIRE
CMAM
A4
Visual Cross-Modal Semantic
Features Attention Module Features

Enhanced System Architecture

Figure 1: Architecture of the proposed transformer-based scene text detection system

The figure 1 illustrates the overall framework of the proposed system, including the
Transformer-based Text Detection Network (T-TDN), Advanced Region Refinement Module (ARRM)),
Graph-enhanced Text Recognition Network (G-TRN), and Intelligent Information Retrieval Engine
(IIRE) for detecting and recognizing text from scene images.

Loss Functions

Detection Loss

The detection loss used for training the text detection network is defined in equation 9.
Lget = ¥(i = DV[-1log(B, () (c))) + L¢,zp - Lyox(b;, By (D))] ©)
Where :
Do (D) (c;) is predicte d class probability
1,2¢ is indicator function
b, (i) is predicted bounding box

Ly ox is bounding box loss

Refinement Loss

The loss of refinement that is applied in the correction of boundaries is expressed in equation 10.
Lyef = Lgice (B,B*) + ¥ * Lyoundary (10)
Where :
Lgice(B, B *) = Dice loss between predicted and true boundaries
y = weighting factor
Regularization Loss

The regularization loss used to stabilize the training process is defined in equation 11.
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L.eg = ||W||2 + f - Lconsistency (11)
||W||2 = L2 norm

B is weighting coefficient for consistency loss

Algorithm

To outline the operational workflow of the proposed system in a clear manner, the entire processing
pipeline is summarized with the help of Algorithm 1. The algorithm describes the chronological order
of the process of scene image preprocessing, extraction of features in the form of transformers, text
region detection, text region refining, text recognition using graphs and the overall process of
information retrieval. This algorithmic description gives an orderly account of the way in which the
intended modules interrelate to the attainment of proper scene text detection and retrieval.

Algorithm 1: Transformer-Based Scene Text Detection and Retrieval
Input: Scene image [

Output: Extracted text T

Step 1: Preprocessing

1. Resize input image |

2. Normalize pixel values

3. Divide image into patches 16 X 16

Step 2: Feature Extraction (ViT Backbone)

4. Convert image patches into embeddings

5. Add positional encoding

6. Pass embeddings through transformer encoder layers
Step 3: Text Region Detection

7. Apply Transformer-based Text Detection Network (T-TDN)
8.  Predict candidate text bounding boxes

9. Generate confidence scores

Step 4: Region Refinement

10. Apply ARRM module

11. Perform boundary-aware refinement

12. Remove low-confidence regions

Step 5: Character Graph Construction

13. Extract detected characters

14. Build graph G(V,E, A)

Step 6: Text Recognition

15. Apply Graph-based recognition network (G-TRN)
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16. Model spatial character dependencies

17. Decode predicted characters

Step 7: Information Retrieval

18. Pass recognized text to IIRE module

19. Retrieve structured information

Return: Recognized text and extracted information

The proposed framework has a preprocessing stage of the input scene image as shown in Algorithm
1, where resizing, normalization, and patch partitioning is done. The processed patches are subsequently
taken through Vision Transformer backbone to get contextual feature embeddings. The Transformer
based Text Detection Network (T-TDN) is used to predict candidate text regions which are further
refined by Advanced Region Refinement Module (ARRM). The identified characters are then expressed
in the form of nodes in a graph, and the Graph-enhanced Text Recognition Network (G-TRN) is able to
learn about the spatial relationships between characters. The identified textual data is then sent to the
Intelligent Information Retrieval Engine (IIRE) and meaningful structured information is pulled out of
the identified text.

Implementation Environment and Simulation Configuration

The suggested transformer-based scene text detection and recognition system was implemented on the
Python programming language on the PyTorch deep learning library. All the experiments were
performed in a gpu equipped set up so as to efficiently train the transformer structure and graphical
acknowledgement framework. The system was run on a workstation, which had an Intel Core i7
processor, 16 GB RAM, and an NVIDIA RTX 3060 processor with 12 GB memory.

The backbone of the Vision Transformer and the proposed modules, which were Transformer-based
Text Detection Network (T-TDN), Advanced Region Refinement Module (ARRM), and
Graph-enhanced Text Recognition Network (G-TRN), were trained with the Adam optimizer and a
learning rate value of 0.0001 and a batch size of 16. Training was done on resized and normalized input
images and the transformer encoder had 12 layers and multi-head self-attention.

All the simulations and training processes were performed based on the PyTorch framework in a
CUDA-based environment, which provides the capability of efficient parallel calculation on the GPU.
The experimental environment will guarantee that the suggested framework is reproducible and offers a
constant platform on which to check the performance of the text detection and information retrieval
system could be checked.

Toolchain and Runtime Environment

The primary programming language that was applied to develop the suggested system was Python 3.9.
The deep learning models and other libraries such as NumPy 1.21, OpenCV 4.5 and Scikit-learn 1.0
were used to run and manipulate the images with the help of PyTorch 1.12 framework. The experiments
were run in a CUDA-enabled setup (CUDA 11.3) in order to take advantage of the use of the GPU to
train transformer-based architectures.

The workstation with Ubuntu 20.04 operating system and the Intel Core i7 processor, 16 GB RAM
and NVIDIA RTX 3060 graphics card, 12 GB VRAM was used as the runtime environment. These tools
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coupled with libraries facilitated effective implementation, training and evaluation of the suggested text
detection and recognition framework.

4 Experimental Results

Performed extensive experiments on benchmark datasets and difficult real-world scenes to demonstrate
the superiority of the proposed improved system.

Dataset Description

Tested the proposed transformer-based framework for detecting and recognizing scene text using the
ICDAR 2015 Incidental Scene Text dataset. A lot of people use this dataset as a standard for testing text
detection and recognition systems in open spaces. It is made up of pictures of natural scenes that were
taken without trying to focus on the text. This means that there are real-world problems like motion blur,
low resolution, complicated backgrounds, random orientations, and partial occlusions. There are 1,000
training images and 500 testing images in the dataset, and each image has word-level bounding boxes
and transcription labels. These notes make it possible to test both detection and recognition. The ICDAR
2015 dataset is great for testing how well deep learning models work when the visuals are hard to see.
The dataset was used in this study according to standard evaluation protocols, which meant that the
model was trained on the training set and then tested on the test set. This makes sure that the proposed
architecture can be fairly compared to current state-of-the-art methods and shows that it works for
understanding text in real-world scenes.

Performance Evaluation Metrics

The performance of the proposed scene text detection and recognition framework was evaluated using
widely adopted metrics in computer vision and optical character recognition tasks. These indicators are
the precision and consistency of the identified text frames and identified characters.

Precision: Precision is a percentage that is used to measure the percentage of the correctly detected
regions of the detected regions. The precision metric is calculated as shown in equation 12.

(12)

Recall: Recall is a ratio of correctly recognised text regions to the ground-truth text regions.
Equation 13 is used to compute the recall measure.

TP
TP+FP

Precision =

TP
TP+FN

Recall =

(13)

F1-Score: Fl-score gives a balanced performance of precision and recall which is presented in
equation 14,
PrecisionxRecall

F1 = 2 x easionxieca (14)

Precision+Recall

Recognition Accuracy: Recognition accuracy measures the rate of the correct recognition of text
instances in comparison to the ground-truth text. It is calculated by means of equation 15.

(15)

Number of Correct Predictions

Accuracy =
Y Total Number of Predictions

735



An Enhanced Attention-Based Deep Learning System for Text Subhakarrao Golla et al.
Detection and Information Retrieval from Images: Exploiting
Transformer Architectures and Multi-Modal Fusion

Normalized Edit Distance (NED): NED is used to calculate the similarity between the predicted and
ground-truth texts in terms of the distance between them. Equation 16 can be used to compute the NED
metric.

__ EditDistance(Predicted,GroundTruth)
- Length(GroundTruth)

NED (16)

These measurements all give a holistic analysis of the proposed framework as it not only determines
the accuracy at which text parts are recognized but also the accuracy of the text that is recognized.

Detection Performance

The performance of the T-TDN could reach 96.8% average precision, 94.2% recall, 95.5% F1-score
when the mean processing time was 52ms per image. The comparison with state-of-the-art methods,
including our previous method, is given in table 1 and figure 2.

Table 1: Detection performance comparison

Method Precision | Recall | F1 - Score
Proposed System 96.8 94.2 95.5
Previous System 92.3 89.1 90.7
EAST Alshawi et al., (2024) 89.4 87.3 88.3
DB-Net Hou et al., (2025) 91.5 89.2 90.3
TextFuseNet Hampiholi et al., (2023) 93.1 90.6 91.8

100 Performance Metric Trends Across Models

—&8— Precision
Recall
98 - F1-Score

96

94 1

92 1

Score (%)

90 4

88

86

T T T T T
Proposed System Previous System EAST [11] DB-NET [26] TEXTFUSENET [27]
Models

Figure 2: Detection performance comparison chart

Recognition Accuracy

Here prove in our network that our G-TRN has a superior performance on all the experimented metrics.
It attained decent performance with an accuracy of 94.3%, which was 5.9% higher than the previous
paper had reported. At the word level, accuracy rose to 92.8% (from 85.7%), and normalized edit
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distance reduced to 0.041 (from 0.092). In spite of its increased model complexity, the average time of
recognition was at a competitive 56ms per instance.

Analytical Explanation

The fact that the proposed architecture improves detection accuracy is that the Vision Transformer
backbone is capable of modeling the global context. Self-attention mechanism in transformers as
compared to CNN-based attention mechanisms represent long-range interactions between patches of an
image that allow the model to point out fragmented textual patterns despite occlusion and complicated
backgrounds. More accuracy is added by localizing the location using Advanced Region Refinement
Module that operates through corruption of pixel-level boundaries.

Robustness Analysis

Table 2 shows that the improved system performs better especially in the challenging situation.

Table 2: Accuracy and improvement

Condition Previous Accuracy (%) | Enhanced Accuracy (%) | Improvement (%)
Low-light 87.9 93.5 +5.6
Complex Background 86.3 94.1 +7.8
Multi-oriented 89.4 95.2 +5.8
Multi-language 84.2 91.7 +7.5
Stylized Text 79.6 90.4 +10.8
Partial Occlusion 78.3 88.7 +10.4

ht

Previous Accuracy (%)

Complex Multi-oriented Multi-language Stylized Text

Background

Enhanced Accuracy (%)

Partial
Occlusion

B [mprovement (%)

Figure 3: System performs better especially in the challenging situation

Table 2 and figure 3 architecture illustrate a better F1-score because of the transformer-based feature
extraction which captures the relationships among contextual constituents of the text. In particular, the
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proposed model outperforms EAST by 7.2% in precision and 6.9% in recall, demonstrating superior
capability in detecting irregular text layouts.

Statistical Validation

To achieve statistical validity, experiments were run five times with varied random initializations seeds.
Mean results are presented and the standard deviation values are provided. The offered system was able
to detect with an accuracy of 96.8 and recognition with an accuracy of 94.3, which was found to be
constant throughout experiments.

Scalability and Efficiency

The system proposed has scalability to various image resolutions and dataset sizes. The model is capable
of processing large-scale datasets successfully because of the parallel processing property of transformer
attention layers. The latency of the inference of 52 ms per image makes it suitable to be deployed in real
time in other applications like augmented reality navigation and mobile OCR systems. Figure 4 shows
sample outputs of the proposed model at various conditions of the scene.

Sample Results

NO ENTRY
WHEN RED

LIGHT IS
FLASHING

Prediction: Stop

Prediction: No entry when red light is flashing

This is SAMPLE TEXT

Text is at different regions

Prediction: This is sample text, Text is at different Regions

Figure 4: Sample text detection and recognition results
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Experimental Parameter Settings

To ensure consistent training and evaluation of the proposed transformer-based scene text detection
framework, a set of predefined hyperparameters and experimental configurations were used during
model training and testing. The Vision Transformer backbone processes image patches of fixed size,
while the detection and recognition modules are optimized using stochastic gradient-based learning. The
selected parameters were determined based on empirical tuning and commonly adopted configurations
in transformer-based vision models.

Table 3: Experimental hyperparameter configuration of the proposed model

Parameter Value
Input Image Size 224 x 224
Patch Size 16 x 16
Transformer Encoder Layers 12
Attention Heads 8
Embedding Dimension 768
Batch Size 16
Learning Rate 0.0001
Optimizer Adam
Number of Training Epochs 50
IoU Threshold (Region Filtering) 0.5
Confidence Threshold 0.6
Boundary Refinement Weight (y) 0.4
Regularization Weight () 0.01

This is demonstrated in table 3, these parameter values enable the proposed framework to be an
effective spatial relationship learner of scene text image, and the computation is stable throughout
training and inference.

5 Conclusion

This study has also covered much improvements on our text detection and recognition framework,
including transformer structure, graph convolutional networks, cross-modal attention mechanism, and
self-supervised learning methods. Together, these improvements ameliorate the problems of prior
systems, and improve performance in all three result aspects. It achieves state-of-the-art accuracy in
both text detection (96.8%) and character recognition (94.3%) and it keeps processing speeds that allows
real-time applications. The proposed framework demonstrates consistent performance across diverse
experimental settings and validates its effectiveness in handling real-world challenges.

Due to the systems capability in handling various challenging situations such as low-light images,
complex background and stylized text, the system is a good step on the way to a real-world deployable
application in uncontrolled circumstances. The gains shown are significant and include examples that
have previously been challenging for OCR systems, for example artistic text and occlusions. The
integration of transformer-based contextual modeling enhances the ability to capture long-range
dependencies in complex visual scenes.

In future will optimise for edge deployment by model quantisation and architecture specific
optimisations. Also intend to investigate other fewshot learning methods to boost performance on rare
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scripts and languages that have small amount of data. The fusion of different modalities of context
understanding, e.g., how to utilize scene semantics to refine the character recognition rate, could also
be a potential future work. Further research may explore lightweight architectures and adaptive learning
strategies to improve scalability and deployment efficiency.
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