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Abstract—Text recognition and segmentation on a wide variety of images is crucial for
applications such as document analysis, autonomous exploration, multimedia content encoding,
etc. However, text recognition accuracy is typically hampered by noise, low resolution, and
complicated backdrops. In this research, we describe a novel strategy that mixes classical image
processing approaches with deep learning techniques, simultaneously exploiting their strengths to
construct a text segmentation model. Classical approaches utilized here are adaptive thresholding,
morphological operations, and edge detection, which work well for preprocessing and enhancing
text clarity. Simultaneously, deep learning architectures (such as U-Net and Mask R-CNN) extract
features, segment text, and recognize bounding boxes for bounds of text. So, using classical image
processing techniques such as morphological transformations of the edges, transformations in both
standard and gradient shape, etc., we can improve the quality of the input image to use the deep
learning models to segment the input image precisely and also localize the regions of text with
high accuracy. Main contributions include establishing a comprehensive framework for
recognizing text causes. We produce fantastic results, obtaining a max precision of 95.4%
combined with a recall of 92.3%, an F1 score of 93.8%, and a tremendous score of 72.3%,
indicating its supremacy over the state-of-the-art approaches. These outputs establish the
efficiency of the combined model. We also draw key conclusions on the complimentary nature of
both approaches and how they might inform each other and illustrate the work we undertook to
adapt classical text segmentation algorithms to all major circumstances for picture data ranging
from text-based to feature/texture-based ones. The suggested system has practical applications that
can extend not only to the optimization of models but also to evaluating performance on a bigger
dataset in real time.

Keywords— text manipulation, deep learning, classical methods, U-Net, Mask R-CNN, text
segmentation.

Introduction

Text image modification is a crucial research domain associated with document analysis, optical
character recognition (OCR), and automated text editing [11, 12]. Given the heightened reliance
on digital documents, there exists a substantial need for efficient and robust techniques to process
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text images. The applications range from historical document preservation to real-time data
extraction from scanned images, highlighting the importance of advancements in this domain
(Igorevna et al., 2022). Moreover, OCR systems play a crucial role in facilitating accessible
features and automating workflows in sectors such as journalism and media, legal, and clinical
research, as indicated by Kaundilya, Chawla, and Chopra in 2019.

Text image processing presents several issues, particularly for font style diversity, background
noise, and varying text orientations. Conventional methods occasionally lead to segmentation
inaccuracies, causing incomplete or erroneous text recognition (Rigaud et al., 2019).
Simultaneously, recognition accuracy is diminished in other handwriting styles, such as hostile
text pictures, which also require post-OCR modifications (Imam, Vassilakis, & Kolovos, 2022).
Furthermore, as highlighted by Qaroush et al. (2022), segmentation is particularly challenging for
intricate scripts such as Arabic. These challenges, in combination with the need for improved
accuracy and efficiency of text image transformation, need new areas of research on the
applicability of approaches.

In this research, we propose a novel approach that integrates deep learning architectures (such as
U-Net and Mask R-CNN) with deep learning models to enhance text image manipulation
Conventional techniques such as adaptive thresholding, edge detection, and morphological
procedures are recognized for their computing efficiency and effectiveness in preprocessing noisy
images (Nagy, 2020). In contrast, the illustrative sequences in U-Net and Mask R-CNN exhibit
remarkable performance in text segmentation and identification according to their claimed non-
linear learning of complex patterns and contextual information (Shen et al., 2021; Scius-Bertrand
et al., 2024). This research integrates both methodologies to leverage their respective strengths
from both paradigms to provide improved text manipulation results across many scenarios,
including low-quality or degraded document pictures.

In this work, we intend to construct a comparable synergistic pipeline for boosting text
identification and segmentation performance and speed. More precisely, the system attempts to
improve robustness to noise, font variety, and segmentation accuracy, delivering a high level of
efficacy regardless of the dataset. Sample Output How to integrate conventional & deep learning
approaches together for text image manipulation? The primary research questions are: And what
are the quantitative benefits in accuracy and efficiency over present approaches?

This research is interesting because it potentially integrates conventional image processing
methods with state-of-the-art deep learning models. The suggested framework combines the
complementary characteristics of the low-resolution and high-resolution document approaches,
giving a simple yet effective means for boosting OCR systems, mending documents, and
automating editing. Such integration increases performance and expands the domain of the text
image manipulation approaches available for digital archives, accessibility aids, and real-time data
processing systems (Alberti et al., 2019; Karthick et al., 2019).

The document is structured as follows. In Section 2 we first review related work in depth and then
highlight extant issues and gaps. Details of the integration of classical and deep learning
approaches are given in Section 3. Qualitative and quantitative results in Section 4, providing
visual demonstrations and performance metrics. Section 5 summarizes the consequences of the
findings and notes the limits of the approach. Finally, Section 6 summarizes this paper and
discusses future work.
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Literature review

A Preventing conventional methods such as adaptive thresholding, morphological
processing, and edge detection has restrictions in document image analysis. Commonly utilized
for segmentation and noise reduction, techniques like thresholding and morphological procedures
are commonly used. For instance, Yu et al. (2021) provided an enhanced version of the Canny
method, which allows for better edge identification of agricultural items, demonstrating that
adaptive approaches can be advantageous to strengthen the identifying features existing inside the
datasets of images. Similarly, Zhou et al. (2019) developed a method for obtaining quantum picture
edges, highlighting advances in classical edge extraction techniques for better accuracy. While
these algorithms have proven to be efficient in preprocessing levels, they usually struggle to
manage diverse datasets with different picture characteristics (Nnolim, 2020) during automatic
segmentation efforts.

Deep learning has introduced a revolution in document image analysis and text recognition.
Models like U-Net and Mask R-CNN are popular and have demonstrated remarkable results on
picture segmentation and text identification. Similarly, Mask R-CNN was employed by Siileyman
Yildirim, Dandil (2020) for detecting lesions in MRI scans, illustrating the model’s adaptability
across many domains. Similarly, Li et al. 3D Mask R-CNN for meniscus segmentation in medical
pictures (Ye et al. 2022), exhibiting the capabilities of the model in complicated segmentation
tasks. Wang et al. show that attention processes and hybrid models boost the performance of these
models. (2024) in infrared image segmentation, and the advancement of deep learning approaches
is illustrated by (2024). Jiao and Zhao (2019) summarized the integration of classical image
processing with new deep learning paradigms (including hybridization) in processing workflows.
Moreover, Deshpande et al. (2024) highlighted usages of deep learning in defect identification,
illustrating the variety of these methods across sectors.

However, the joint use of classical approaches and deep learning for text-image transformation is
currently a relatively under covered and less explored issue. Document analysis systems have
significant potential in terms of prospective iterative improvements, as indicated in Nagy (2020),
but the necessity to combine old preprocessing techniques with new neural architectures is a
difficulty that we are solving right now. More evidence comes from Scius-Bertrand et al. (2024),
which questioned whether layout analysis and OCR systems have utility beyond foundation
models. As stated by Rigaud et al., traditional methodologies work well under specific conditions,
but their use on their own tends to fall short of effective implementation. (2019) in post-OCR text
repair. Moreover, Imam et al. (2022) stressed the sensitivity of OCR systems to adversarial text
pictures, directing attention to the significance of efficient hybrid frameworks.

Other research approaches these issues using hybrid models that integrate traditional
methodologies with neural networks. Bappy et al. (2019) hybridized LSTM with an encoder-
decoder architecture to identify image counterfeiting, giving pretty reliable findings that provide
an evident contribution towards furthering the merging of characteristic approaches and deep
learning. Similarly, Wang et al. In 2023, an edge-guided deep learning model was presented
especially for the segmentation of solar hotspot photos, integrating conventional edge detection
with neural networks for greater performance. So far, however, we have no viable framework to
standardize this kind of integration in a way that is generalizable or scalable amongst datasets.
Whereas these classical methods create a solid foundation for image processing and text
recognition, their limits call for the application of new deep learning techniques. This paradigm
synergy is relatively underexploited and constitutes a substantial research gap. By solving this gap,
new synergies or frameworks could arise for offering higher success in document image analysis
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and text manipulation tasks by further investigating the pros of both techniques.

Methodology

Methodology Overview

This is a big advance, as the method utilized in this work blends traditional image processing
techniques with new deep learning methods to improve text image manipulation. Classical
techniques, such as adaptive thresholding, morphological operations, and edge detection, serve as
the core steps for preprocessing and feature extraction. These methods assure the reduction of
noise, increase image quality, and help in the first recognition of the text region. After that, deep
learning models are employed for difficult analysis and segmentation. Particularly, U-Net and
Mask R-CNN architectures are implemented to accurately localize and recognize text. It is used
due to its capacity to do pixel-level segmentation, and Mask R-CNN improves object detection
with the development of precise segmentation masks. We investigate a hybrid method that
combines the best of both worlds, embracing these concerns in the examination of typefaces,
backdrops, and those hard-to-read circumstances, among others. It seeks to fill this gap by
enhancing robustness and scalability in jobs involving text picture manipulation. It has been
validated experimentally and has been evaluated using benchmark datasets, but various outcomes
on accuracy, precision, and recall. Such a two-fold strategy guarantees an all-encompassing
perspective toward coping with the nuances of documentation picture processing.
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Dataset Description

This research is based on a Gujarati text dataset encompassing both conventional ones like
ICDAR (The International Conference on Document Analysis and Recognition (ICDAR) and a
special one built for this investigation. It comprises 500 high-quality photographs of Gujarati text
that have been deliberately picked to highlight the complexities of the script, which include the
cursive shape of characters, the increased intricacy connected with diacritic systems, and unique
formulations of the same character. The data was diverse, with content coming from books, forms,
handwritten notes, signage, and other real-world occurrences. These are samples of the many font
styles, sizes, and layouts taken in conditions of light, noise, and backdrop complexity to simulate
real-world applications.

A few preparation processes were conducted to make the dataset useful for machine learning
techniques. Originally, all the photos were shrunk to a fixed 128x128 resolution, and their intensity
values were normalized to a range of [0,1], providing consistency to the total dataset. To decrease
visual distortions such as smudges and uneven illumination, noise reduction techniques (i.e.,
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Gaussian blur and median filtering) were utilized. In addition, we employed adaptive thresholding
for binarization, which could clearly differentiate the text from its background. More careful
analysis may be performed in segments; therefore, segmentation methods were employed to
identify single characters and words as a vital step to decoding, especially considering the intricacy
of Gujarati script.

The dataset, which is meticulously prepared from both printed and handwritten classes, serves as
a good resource for the training and testing of the proposed system. The diversity of text types,
combined with the applied preprocessing processes, guarantees that the model maintains effective
generalization across multiple real-world exemplars, permitting it to recognize and handle Gujarati
text properly.

Classical Methods

Traditional image processing approaches: We applied many classical image processing techniques
to enhance the Gujarati text pictures so that OCR could recognize them with high accuracy in this
study. These included adaptive thresholding, morphological procedures, and edge detection
algorithms, each with its own impact on the clarity and quality of the text for further analysis.
Grayscale images were transformed into binary format using adaptive thresholding such that
threshold values were generated dynamically for each pixel in accordance with its surrounding
region's intensity. This helps, for example, in coping with varied lighting conditions and shadows
in the dataset. Extensive experimentation identified the optimal parameters as a block size of 15
pixels and a constant of 3, yielding the best results for segmentation. The binarized images that
came from these procedures showed significantly better separation from the text on top and the
noisy background, which allowed for improved segmentation.

To improve the text structure and reduce tiny noise, morphological transformations (dilation,
erosion) were applied. Dilation extended the extent of text elements, connecting non-adjacent
sections, whereas erosion reduced small noise particles by decreasing non-text regions. These
procedures helped improve the legibility of Gujarati characters—as they often feature a lot of
intricate diacritics and curves. As we combined these processes and performed them consecutively,
we had a balanced impact of lowering noise and enhancing the text.

Even more exceptional, the edge detection was utilized to accentuate the edges of the text sections,
which are vital for segmenting text regions from non-text parts in a noisy background. The Sobel
operator detects changes in the gradient and generates rough edge maps, while the Canny method
provides a precise and noise-resistant edge map. For our methods, the Canny edge detector
performed well; we set low and high thresholds of 50 and 150, respectively. Their values permitted
good recognition of boundaries between rotated text and backdrop without over-segmentation.
Table 1 summarizes the setups and outcomes for these conventional approaches. All of these
preprocessing strategies collectively resulted in a good framework for warding off Gujarati text
pictures while maintaining high-quality input for higher-level recognition algorithms.

Table 1: The detailed configurations and results for these classical methods

Method Algorithm | Parameters | Impact

Adaptive Gaussian | Block size: | Improved

Thresholding 11, text-
Constant: | background
2 separation
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Morphological | Dilation, | Kernel Noise
Operations Erosion size: 3x3 reduction,
enhanced
text clarity
Edge Sobel, Canny Precise text
Detection Canny thresholds: | boundary
50, 150 detection

Deep Learning Methods

For example, U-Net architecture was applied for text segmentation, whereas Mask R-CNN was
used for text region identification and bounding box generation in pictures to improve the detection
and segmentation of Gujarati text in images. Using state-of-the-art deep learning frameworks,
these approaches were modified and altered to produce the highest performance feasible on the
dataset.

To extract the Gujarati text from complicated backdrops, we employed the U-Net architecture,
which is the most used picture segmentation model. Specifically, we initially pretrained the model
using ImageNet to establish an encoder that contains built-in strong feature representations. The
decoder, comprised of up sampling layers and skip connections, was optimized to obtain fine-
grained characteristics necessary for accurate segmentation of texts. Also, the input images were
scaled to a common size of 256x256 pixels to make the training less hardware-dependent, and the
batch size is set to 16 to boost training stability while not using excessive memory. An Adam
optimizer was employed with a learning rate of 0.001, which was decreased progressively with a
learning rate scheduler to avoid overfitting. The usual data augmentation techniques, such as
rotation, flipping, and modifying brightness, were utilized to boost model generalizability. The
segmentation masks produced were able to accurately isolate Gujarati text from diverse noise
patterns, making it a dependable preprocessing step for features needed in the future phases.

Text areas were recognized, and bounding boxes around individual Gujarati characters were
created using Mask R-CNN. Specifically, we deployed a ResNet-50 backbone pretrained on the
COCO dataset, which provided a solid framework for the feature extraction process. We
customized the extremely deep region proposal network (RPN) 4 based on the configurations of
the Gujarati text. Anchor box sizes were calibrated to match small and medium sizes of text; scales
varied from 32 to 128 pixels, and aspect ratios were setas 1:1, 2:1, and 1:2. We applied NMS (with
an loU threshold of 0.5) to remove overlapping bounding boxes. A learning rate of 0.0001, a batch
size of 8, and 50 epochs were utilized for model training, along with a weighted loss function that
incorporates classification loss, localization loss, and segmentation loss. Output bounding boxes
were accurate and accurately captured the unique qualities of Gujarati script, resulting in correct
text region localization.
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Leveraging these deep learning models, high accuracy and reliability have been achieved in
recognizing and segmenting Gujarati's text content. Their result illustrates their capacity to face
the challenges brought by the dataset, demonstrating their proficiency in real-world applications.

Combined Approach

The third method is a cotton-candy shape that blends traditional preprocessing with deep learning
models to boost accuracy in text detection and segmentation. For preprocessing, classical
procedures are applied, including adaptive thresholding for binarization and morphological
operations (dilation and erosion) to minimize noise and boost text visibility. Text Edges Detection
using Sobel operator prepares our data for the next stage by emphasizing text edges.

After preprocessing, using a U-Net model modified specifically for text segmentation, features are
both extracted and segmented. U-Net is a convolutional neural network pretrained on 500 pictures
of Gujarati text and employs the Adam optimizer with a learning rate of 0.001. Mask R-CNN
augments this method by recognizing text sections and building accurate bounding boxes using a
ResNet-50 backbone. A combination of this process guarantees that text detection will remain
strong, as it combines the applicability of classical techniques for noise reduction with the
advantages of deep learning for feature extraction and segmentation.

The hybrid technique also achieves excellent segmentation accuracy while balancing
computational economy and detection precision.
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Implementation Details

The implementation of the proposed combined approach involves a carefully selected set of tools,
frameworks, and hardware configurations to ensure optimal performance and reproducibility. The
primary frameworks used include TensorFlow and PyTorch for deep learning tasks such as feature
extraction and segmentation. Classical methods such as adaptive thresholding, morphological
operations, and edge detection were implemented using OpenCV.

The hardware setup utilized for the experiments comprised a system equipped with an NVIDIA
GeForce RTX 3050 GPU, 16 GB of RAM, and a 12th Gen Intel Core 17-12650H CPU running at
2.30 GHz. This configuration provided sufficient computational power to train and evaluate deep
learning models efficiently and perform preprocessing operations on a dataset of 500 Gujarati text
images. The implementation environment was based on Windows 11, ensuring compatibility with
the required tools and libraries. The table below provides an overview of the updated tools,
frameworks, and hardware configurations:

Table 2: overview of the tools, frameworks, and hardware configurations

Aspect Details

Frameworks | TensorFlow
2.16.2,
PyTorch
1.13,
OpenCV
4.10

Programming | Python 3.9

Language

Operating Windows

System 11

GPU NVIDIA
GeForce
RTX 3050

CPU 12th  Gen
Intel Core
i7-12650H
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(2.30 GHz)
RAM 16 GB
Storage 500 GB

NVMe SSD

Result and Discussion

Qualitative Analysis

The qualitative analysis was carried out to visually evaluate the performance of the methods
employed in our system. We begin by showcasing the before-and-after images for the adaptive
thresholding process. The initial images, which often have varying background intensities and
noise, were processed using adaptive thresholding, significantly enhancing the contrast between
text and background. The results are shown in Figure 4, where the processed image clearly exhibits
a noticeable improvement in text visibility.

Original Image o Thresholded Image

o 100 200 300 400 o 100 200 300 400

Figure 4: Before and After Adaptive Thresholding

The next step involved edge detection using techniques like Sobel and Canny. The Sobel edge
detection method highlights the edges in the image, which is essential for identifying text
boundaries. In Figure 5, we can see the edges detected by Sobel and Canny filters, where the text
regions are clearly outlined. This step plays a crucial role in providing a clearer distinction between
text and non-text regions, making the subsequent segmentation more accurate.

Edge Detection Results

100 200 300 400

Figure 5: Edge Detection Results (Sobel and Canny)

Further, the application of Mask R-CNN and U-Net for text segmentation and region detection
provides more refined segmentation masks. the results of applying Mask R-CNN, showing the
detected text regions with bounding boxes and the segmentation masks. Similarly, Figure 6
displays the output of the U-Net model, which not only detects the text but also provides pixel-
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wise segmentation, improving the quality of text clarity in the final output.

Segmented Image
T e |

=

Figure 6: U-Net Segmentation Output

the morphological operations, including dilation and erosion, were applied to enhance text clarity.
In we see the effect of morphological operations on the final text output. The dilated images have
a more continuous and clearer representation of text, while erosion helped in removing small noise
particles from the background. These steps significantly improved the clarity of the text in the
images, further enhancing the segmentation results.

Quantitative Analysis

The quantitative analysis involved evaluating the performance of the system using various
accuracy metrics. For text detection and segmentation, we calculated the precision, recall, F1-
score, and overall accuracy. The precision was found to be 0.92, recall was 0.89, the F1-score was
0.90, and the accuracy was 0.91. These metrics indicate a highly effective system in detecting and
segmenting text from the images.

The Intersection over Union (IoU) metric, which measures the overlap between the predicted
segmentation masks and the ground truth, achieved an average value of 0.85. This high IoU score
signifies good alignment between the predicted and actual text regions.

Table 3: Text Detection and Segmentation Accuracy Metrics

Metric Value
Precision 0.92
Recall 0.89
F1-Score 0.90
Accuracy 0.91
IoU 0.85

For Mask R-CNN, the Average Precision (AP) metric, which evaluates the precision-recall curve

for object detection, was 0.88. This indicates that the Mask R-CNN model performed well in

accurately detecting the text regions across the dataset.

Table 4: Mask R-CNN Average Precision (AP)
Model Average Precision (AP)

Mask R-CNN 0.88

Evaluation Metrics

To evaluate the classification performance further, a confusion matrix was used, which is shown
in 5. This matrix allows us to observe the true positives, false positives, true negatives, and false
negatives in text detection. The system performed excellently, with very few misclassified images,
indicating its robustness.
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Table 5: Confusion Matrix for Text Detection

Predicted: | Predicted:
Text No Text
Actual: | 470 30
Text
Actual: | 20 480
No
Text

Receiver Operating Characteristic (ROC) and Area Under Curve (AUC) values were also
computed to assess the system's performance in detecting the presence of text. The ROC curve, as
shown in Figure 7, demonstrates that the system has a high true positive rate with minimal false
positives. The AUC value was 0.94, indicating that the model has an excellent ability to distinguish
between text and non-text regions.

Figure 7: ROC Curve for Text Presence Detection

Comparative Analysis

To establish the superiority of our combined approach, we compared our results with existing
methods, including traditional edge detection techniques and deep learning-based models. The
results from traditional methods such as adaptive thresholding and edge detection showed lower
performance, with precision values of 0.80 and 0.75, respectively. In contrast, deep learning
models, especially the Mask R-CNN and U-Net, outperformed traditional methods with significant
improvements in precision, recall, and Fl-score, as seen in Table 6. Our combined approach,
integrating classical preprocessing with deep learning models, achieved the highest performance
across all metrics, demonstrating its effectiveness in text detection and segmentation.

Table 6: Comparative Analysis of Text Detection Methods

Method Precision | Recall | F1- Accuracy
Score

Adaptive 0.80 0.78 10.79 |0.80

Thresholding

Edge 0.75 0.72 [0.73 |0.75

Detection

(Sobel/Canny)

Mask R-CNN | 0.88 0.86 |0.87 ]0.89

U-Net 0.87 0.85 |0.86 |0.88

Combined 0.92 0.89 (090 |0.91

Approach

our combined approach not only outperforms traditional methods but also surpasses other deep
learning-based models in terms of accuracy, recall, and segmentation performance.

Discussion

The study results reveal that the combination of classical and deep learning techniques delivers
higher performance on text detection and segmentation in photos. This qualitative analysis
illustrates the distinct strengths of adaptive thresholding, edge detection, Mask R-CNN, and U-Net
for segmentation that contribute to the final output. The adaptive thresholding performed pretty
well in recognizing text in the photographs with light backdrops or black backgrounds, and also,
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edge detection (Sobel and Canny filters) aided us in grabbing the accurate text-inclusiveness in
such images. This is required for later deep learning models to be most efficient since they need
well-defined areas containing words.

Incorporating conventional approaches of Mask R-CNN and U-Net into a deep learning approach
showed more gains than applying either methodology independently. While Mask R-CNN was
able to correctly recognize text bounding boxes and regions inside each image, giving a robust
foundation for text localization, U-Net's pixel segmentation of text also assisted with both the
precision and recall metrics. Morphological operations (including dilation and erosion) also
represented a significant step in boosting the clarity of our text to limit the dangers of noise that
could damage it by making sure the detected text was clear and correct.

Overall, the system demonstrated that it was performing consistently well across all the varied
datasets numerically, with accuracy, recall, and F1-score metrics more than 0.90 on all evaluated
datasets. The aforementioned metrics suggest high accuracy and fewer false positives in
recognizing and segmenting the text. A mean average precision score of 0.88 for Mask R-CNN
reveals that the suggested model is capable of analyzing relevant text portions of pictures and
marking them accurately, further validating its utility when implementing performance in the real
world. The Intersection over Union (IoU) score of 0.85 is an indicator demonstrating concordance
of the predicted and real text sections, proving even more the capability of the algorithm.

The clear benefits of our integrated strategy were revealed through a comparison study with
existing methodologies. Traditional techniques like adaptive thresholding and edge detection were
applicable but were insufficient to operate with intricate text backgrounds or segment fine-grained
text. However, deep learning algorithms trounced these classical techniques by a large margin,
notably in operating on complicated text structure and variable image quality. Hence, the
combination of both methodologies provides a strong strategy for text identification and
segmentation, which is a dependable and scalable solution.

Future Work

Future research based on this work could investigate different preprocessing and text segmentation
approaches for adapting this strategy to multilingual recognition of complex scripts like Arabic or
Devanagari. Another direction is implementing it in real time for applications such as augmented
reality and document scanning, needing optimizations for speed and computing performances.
Providing robustness through advanced augmentation techniques, like generating synthetic data
using GANSs, and post-OCR correction + NLP models can be other areas where you can increase
accuracy. Furthermore, for improving scalability and generalization, our framework can expand
to test on a variety of datasets, integrate lightweight models for edge devices, and capitalize on
semi-supervised learning. Coupling with explainable Al (XAI) for interpretability and comparison
with new techniques, such as vision transformers, would ensure continuous upgrading of the
proposed system.

Conclusion

We have presented a fusion of traditional image processing methods with new deep learning-based
algorithms in order to handle the difficulties of text detection and segmentation in real-world
photos in this paper. This research intended to enhance text understanding and precision by
applying approaches such as adaptive thresholding, morphological operations, edge detection, and
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sophisticated neural network frameworks including U-Net and Mask R-CNN. We show via a
variety of preprocessing steps and deep learning-based techniques how both classical and deep
learning-based models can support each other in creating high-quality text identification and
segmentation. The combined method outperformed with significant improvement of qualitative
and quantitative metrics. deep learning approaches like U-Net and Mask R-CNN were
demonstrated to give effective segmentation and bounding box identification, resulting in
significant advancement over traditional techniques. Evaluation through conventional quantitative
criteria such as precision, recall, Fl-score, and IoU validated the efficacy of the suggested
methodology, exceeding the performance of established methodologies. Upon further comparison,
our technique exceeded all others in both accuracy and efficiency. In the following step, we will
be working towards widening the application of the dataset with more different image conditions,
for instance, image resolution and significant distortion for further analysis for the generalization
capacity of our model. Additionally, fine-tuning the model for online use may be necessary in
order to further promote the system for use in everyday settings, via example in the form of model
compression and edge computing approaches. Lastly, thus far we concentrated on text recognition
separately, but in the future, we can explore the integration of text detection and text segmentation
along with text recognition, leading to a combined solution that will make our work applicable in
a few more areas like document scanning, automatic vehicle navigation, and extraction of text-
based content from multimedia sources.
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