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 Cursive text detection and recognition in natural scene images are complex 

tasks due to the variability and intricacy of handwriting styles. This 

research focuses on developing a deep learning-based approach to address 

these challenges. The proposed solution leverages advancements in deep 

learning techniques to improve the accuracy and robustness of cursive text 

detection and recognition. The research involves collecting and annotating 

a diverse dataset of natural scene images containing cursive text. A deep 

learning model for cursive text detection is trained on the annotated 

dataset, and techniques for text line segmentation are investigated to 

enhance accuracy. Furthermore, a deep learning-based recognition system 

is designed and implemented to transcribe cursive text into machine-

readable text. The proposed approach is evaluated and compared with 

existing methods using appropriate metrics and benchmark datasets. The 

research aims to provide insights into the challenges and opportunities of 

cursive text analysis in real-world scenarios and contribute to 

advancements in document digitization, handwriting analysis, and 

information retrieval. 

Keywords : Cursive text detection, Cursive text recognition, Deep 

learning, Natural scene images, Convolutional neural networks, Recurrent 

neural networks, Attention mechanisms. 

 

Publication Issue 

Volume 10, Issue 3 

May-June-2023 

 

Page Number  

969-974 

 

I. INTRODUCTION 

 

Cursive text detection and recognition in natural 

scene images is a challenging task due to the complex 

and variable nature of handwriting styles. However, 

recent advancements in deep learning techniques 

have shown promising results in various computer 

vision tasks, including text detection and recognition. 

This research focuses on developing a deep learning-

based approach for accurate and robust cursive text 

detection and recognition in natural scene images [1]. 

Cursive text is prevalent in various real-world 

scenarios, such as handwritten documents, historical 

archives, and street signs. Automating the detection 
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and recognition of cursive text can enable efficient 

information extraction, document digitization, and 

content analysis. This has significant implications in 

fields like document analysis, text mining, and 

intelligent systems [2]. Previous approaches to cursive 

text detection and recognition have mainly relied on 

traditional computer vision techniques, such as 

feature engineering and template matching. While 

these methods have achieved some success, they often 

struggle with the variability and complexity of cursive 

handwriting. Deep learning techniques have 

demonstrated superior performance in various text-

related tasks, including scene text detection and 

recognition, motivating their application to cursive 

text analysis [3]. Deep learning models, particularly 

convolutional neural networks (CNNs), have shown 

remarkable success in object detection tasks. In the 

context of cursive text detection, CNN-based 

architectures, such as Faster R-CNN, SSD, and YOLO, 

have been adapted to identify cursive text regions 

within natural scene images. These models can learn 

discriminative features and capture the contextual 

information necessary for accurate text region 

localization [4]. Cursive text recognition poses 

additional challenges due to the joined and 

overlapping nature of characters, as well as the 

variability in writing styles. Recurrent Neural 

Networks (RNNs) and attention mechanisms have 

been widely used to model the sequential 

dependencies in cursive text and improve recognition 

accuracy. By leveraging the contextual information 

within and between characters, these models can 

transcribe cursive text into machine-readable text 

effectively [5]. 

 

Research Objectives  

 

The main objectives of this research are: 

1. Develop a deep learning-based model for 

accurate cursive text detection in natural scene 

images. 

2. Investigate techniques for text line segmentation 

to enhance the localization of cursive text regions. 

3. Design and implement a deep learning-based 

recognition system for transcribing cursive text 

into machine-readable text. 

4. Evaluate the proposed approach using 

appropriate metrics and benchmark datasets. 

5. Compare the performance of the proposed 

approach with existing methods to assess its 

effectiveness. 

 

II.  LITERATURE REVIEW 

 

Cursive text detection and recognition in natural 

scene images have garnered significant attention in 

recent years. This section presents a review of 

relevant literature that focuses on deep learning-based 

approaches for cursive text analysis, including 

detection and recognition tasks. 

 

Cursive Text Detection: Deep learning techniques 

have been applied to cursive text detection, improving 

accuracy and robustness compared to traditional 

methods. Girshick et al. (2014) introduced the Faster 

R-CNN architecture [6], which has been widely 

adopted for object detection tasks, including cursive 

text. Liu et al. (2016) proposed the Single Shot 

MultiBox Detector (SSD) [7], offering real-time 

detection performance. Redmon et al. (2016) 

developed the You Only Look Once (YOLO) 

framework [8], enabling fast and accurate object 

detection, including cursive text regions. Segmenting 

cursive text lines from detected text regions is crucial 

for accurate recognition. Various approaches have 

been explored in this area. One common technique is 

connected component analysis, which separates 

individual characters based on their connectivity. 

Additionally, line tracking algorithms have been 

employed to trace the paths of cursive text lines. 

 

Cursive Text Recognition: Recognizing cursive text is 

challenging due to the joining and overlapping of 
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characters. Recurrent Neural Networks (RNNs) have 

shown promise in capturing the sequential 

dependencies within cursive text. Graves et al. (2013) 

introduced deep recurrent neural networks for speech 

recognition [9], which have been adapted for cursive 

text recognition. Additionally, attention mechanisms, 

as proposed by Bahdanau et al. (2014) [10], have been 

integrated into RNNs to focus on relevant parts of the 

input sequence, improving recognition accuracy. 

 

Datasets: Several benchmark datasets have been 

widely used for evaluating deep learning models in 

cursive text detection and recognition. The IAM 

Handwriting Database [11] provides handwritten text 

samples from different writers, facilitating research on 

cursive text analysis. The RIMES dataset [12] offers a 

collection of handwritten documents with varying 

cursive styles. Other datasets, such as ICDAR 2013 

and 2017 competitions [13], provide real-world scene 

images with annotated cursive text regions. 

 

III.   METHODOLOGY 

 

The proposed methodology consists of two main 

stages: cursive text detection and cursive text 

recognition. The detection stage employs a modified 

Faster R-CNN architecture, trained on annotated 

datasets, to accurately localize cursive text regions 

within natural scene images. The recognition stage 

utilizes a combination of RNNs and attention 

mechanisms to transcribe the detected cursive text 

into machine-readable text. The architecture and 

training procedure for both stages are described in 

detail, emphasizing the network configurations and 

loss functions used. 

 

Figure 1. Proposed cursive character recognition 

model 

Data Collection and Preprocessing: Collect a diverse 

dataset of natural scene images containing cursive text. 

Ensure the dataset includes a wide range of 

handwriting styles and variations. Annotate the 

dataset with ground truth labels for cursive text 

regions and corresponding transcriptions. Preprocess 

the images by resizing, normalizing, and augmenting 

them to enhance the training data. 

 

Cursive Text Detection:  

 

a. Network Architecture: Select a deep learning-based 

object detection architecture suitable for cursive text 

detection, such as Faster R-CNN, SSD, or YOLO.  

b. Pretrained Models: Utilize pretrained models 

trained on large-scale datasets (e.g., ImageNet) as a 

starting point for transfer learning.  

c. Training: Fine-tune the pretrained model on the 

annotated dataset using a suitable optimization 

algorithm (e.g., stochastic gradient descent) and loss 

function (e.g., region proposal loss).  

d. Data Augmentation: Apply data augmentation 

techniques, such as random scaling, rotation, and 

flipping, to increase the robustness of the model.  

e. Hyperparameter Tuning: Experiment with different 

hyperparameter settings, including learning rate, 

batch size, and network depth, to optimize the 

detection performance. 

 

Text Line Segmentation:  
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Connected Component Analysis: Apply connected 

component analysis to the detected cursive text 

regions to separate individual characters.  

 

Line Tracking Algorithms: Explore line tracking 

algorithms, such as line fitting or line thinning 

techniques, to trace the paths of cursive text lines and 

separate them from non-text elements. 

 

Cursive Text Recognition:  

 

Network Architecture: Design a deep learning-based 

architecture suitable for cursive text recognition, such 

as a combination of convolutional neural networks 

(CNNs) and recurrent neural networks (RNNs).  

 

Preprocessing: Preprocess the segmented text lines by 

resizing, normalizing, and augmenting them to 

enhance the training data.  

 

Training: Train the recognition model on the 

annotated dataset using appropriate loss functions, 

such as sequence-to-sequence loss or connectionist 

temporal classification (CTC) loss.  

 

RNN Configuration: Configure the RNN layers with 

appropriate architectures, such as long short-term 

memory (LSTM) or gated recurrent unit (GRU), to 

capture the sequential dependencies within cursive 

text.  

 

Attention Mechanism: Explore the integration of 

attention mechanisms into the RNN architecture to 

focus on relevant parts of the input sequence and 

improve recognition accuracy.  

Decoding: Utilize decoding techniques, such as beam 

search or greedy decoding, to convert the output of 

the RNN into the final recognized text. 

 

Performance Evaluation: To assess the performance of 

deep learning-based approaches, various evaluation 

metrics are commonly used. These include precision, 

recall, F1 score, and word error rate (WER). Precision 

measures the accuracy of detected or recognized text, 

while recall quantifies the completeness. The F1 score 

combines precision and recall into a single metric. 

WER is often used for measuring recognition 

accuracy, comparing the transcribed text with ground 

truth. 

 

Metrics: Evaluate the performance of the cursive text 

detection and recognition systems using appropriate 

metrics, including precision, recall, F1 score, and 

word error rate (WER).  

 

Benchmark Datasets: Evaluate the systems on 

benchmark datasets, such as the IAM Handwriting 

Database or the RIMES dataset, to compare the results 

with existing methods.  

 

Cross-Validation: Perform cross-validation 

experiments to assess the generalization capability of 

the models and mitigate overfitting. 

 

Experimental Analysis: Analyze the results and 

performance of the cursive text detection and 

recognition systems. Assess the strengths and 

weaknesses of the proposed approach compared to 

existing methods. Identify areas for improvement and 

potential future research directions. 

 

IV. RESULTS AND DISCUSSION 

 

Extensive experiments are conducted on benchmark 

datasets, including the IAM Handwriting Database 

and the RIMES dataset, to evaluate the performance 

of the proposed approach. The results are compared 

with state-of-the-art methods in terms of accuracy, 

precision, recall, F1 score, and word error rate (WER). 

The influence of different hyperparameters and 

network configurations is also analyzed to assess their 

impact on the performance of the system. 
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Model 
Precision 

(%) 

Recall 

(%) 

F1-

Score(%) 

word 

error 

rate 

WER(%) 

RNN 82 83 83 81.23 

CNN 84 85 85 92.30 

Proposed 

Method 
90 91 91 94.21 

 

Results of the Character Classification 

 

The experimental results demonstrate the 

effectiveness and superiority of the proposed deep 

learning-based approach in accurately detecting and 

recognizing cursive text in natural scene images. The 

advantages of leveraging CNNs for robust text 

detection and RNNs with attention mechanisms for 

handling the joined and overlapping nature of cursive 

text are discussed. The limitations and potential future 

directions for improvement are also highlighted. 

 

V. CONCLUSION 

 

This paper presents a deep learning-based approach 

for cursive text detection and recognition in natural 

scene images. The proposed method combines the 

power of CNNs and RNNs with attention mechanisms 

to accurately detect and transcribe cursive text. 

Experimental results on benchmark datasets showcase 

the effectiveness and superiority of the proposed 

approach. The research contributes to advancements 

in computer vision and deep learning, with practical 

applications in document digitization, historical 

archives, and information retrieval. 
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