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Abstract: Recognizing handwritten text involves several stages, including data collection, data preparation, feature extraction, 
and categorization. It is essential for tasks like document processing, robotic automation, and historical document analysis, 
given the challenges of variations in size and shape. The survey focuses on enhancing the model's capabilities through data 
augmentation. Additionally, it delves into the intricate realm of recognizing handwritten numbers, presenting relevant work and 
emphasizing the use of various methods such as neural networks, k-nearest neighbor (KNN), and Support Vector Machine 
(SVM) for classifying handwritten numbers. The main goal of this research is to develop a technique using image processing 
methods to detect handwritten text within an image, addressing research gaps, challenges, and prospects in the field of text 
recognition. 
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I. INTRODUCTION 
Computer vision is a pivotal domain within artificial intelligence (AI) that empowers intelligent software systems to extract 
meaningful information from various forms of graphical data, including text, personal photographs, fingerprints, and health-related 
information. Despite advancements in this field, the recognition of handwritten text (HWT) remains a significant challenge due to 
the variability in handwriting styles among individuals and the complexities introduced by different languages [1]. Handwritten text 
can be processed through two primary methods: offline, which involves extracting text from images and converting it into digital 
formats such as ASCII code, and online, which captures text as it is being written using specialized devices. 
Numerous methods have been developed for handwritten text recognition (HWTR), ranging from traditional approaches that 
segment each character to modern techniques that utilize machine learning algorithms to detect and recognize entire segments of 
text [2]. Handwritten text recognition provides a practical solution for various applications, including automated document 
processing, enhancing human-robot interaction, and enriching historical document analysis.  
Convolutional Neural Networks (CNNs) have transformed the landscape of HWTR by effectively learning and extracting complex 
features from image data. Optical Character Recognition (OCR)plays a crucial role in this process by converting images of 
handwritten or printed text into machine-readable formats [3]. However, recognizing handwritten text poses greater difficulties 
compared to machine-printed text due to the non-uniformity in handwriting styles. 
In OCR systems, datasets are categorized into offline and online types [4]. Offline datasets are preloaded into classifiers for training, 
while online datasets record the coordinates of pen movements during writing to facilitate real-time prediction. The challenges 
associated with handwriting recognition include variations in individual handwriting styles, inconsistencies in writing quality over 
time, and difficulties in collecting high-quality datasets [5]. 
This survey paper aims to explore the current state-of-the-art techniques in handwritten recognition using generative AI 
methodologies. By examining both traditional and modern approaches, we will provide insights into their effectiveness and 
applicability across different contexts, ultimately contributing to advancements in the field of handwritten text recognition [6]. 
In the upcoming parts, Section 2 will provide a literature review, summarizing key research and developments in handwritten text 
recognition using Generative AI. Section 3 will explore the different approaches utilized for handwritten recognition, including 
traditional methods and state-of-the-art AI techniques. Section 4 will offer a detailed analysis of the pros and cons of the methods 
outlined in Section 3, evaluating their strengths, limitations, and application areas. Finally, the survey will conclude by summarizing 
the findings and proposing future research directions in the last section. 
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II. LITERATURE REVIEW  
Over the past two decades, significant advancements in Artificial Intelligence (AI) have greatly enhanced the identification and 
recognition of handwritten text. Research in Handwritten Text Recognition (HWTR) utilizing TensorFlow has primarily focused on 
transcribing scanned documents that contain handwritten text [7]. A key dataset often used for training in this domain is the IAM 
dataset, which comprises a large collection of handwritten English text samples. To process these images effectively, researchers 
have turned to powerful neural network architectures that integrate multiple techniques, including Convolutional Neural Networks 
(CNN), Recurrent Neural Networks (RNN), and Connectionist Temporal Classification (CTC) [8]. These models have demonstrated 
impressive results, with some achieving accuracy levels exceeding 90%, showcasing the power of deep learning in HWTR. 
A comprehensive evaluation of various methods employed in offline handwritten text and character recognition has highlighted the 
critical components of the process. These stages include preprocessing, image acquisition, segmentation, classification, feature 
extraction, and the final recognition phase [9]. Each of these steps plays a pivotal role in the overall accuracy of the text recognition 
system. The accuracy of the output depends greatly on the type and quality of the input data. For instance, a study titled 
"Handwritten Text Recognition and Digital Text Conversion" [10] explored the effectiveness of neural networks in recognizing 
segmented words from processed images. This research utilized the IAM dataset and achieved an accuracy rate of 75% for the 
words that were included in the training phase, emphasizing the importance of high-quality training data for reliable recognition. 
Further reviews have delved into a range of techniques used in handwritten text recognition. Key methods include Line and Word 
Segmentation, Incremental and Semi-Incremental Recognition Methods, Part-Based Methods, as well as Slope and Slant Correction 
Methods. Each of these methods offers distinct advantages and comes with its own set of challenges, particularly when it comes to 
detecting, extracting, and recognizing handwritten text across various document formats [11]. The performance of each method 
often depends on the type of handwriting being processed and the specific features of the text. 
One notable review examined part-based handwritten character recognition (PBHW) and experimentally evaluated three different 
methods [12]. The class distance method emerged as the most accurate, while the single voting method performed the worst. This 
analysis also underscored the role of distinct character styles in achieving high accuracy, particularly in the recognition of the 
English language. By contrast, whole word recognition was found to be less accurate due to the wide variation in individual writing 
styles. The complexity of recognizing Arabic handwriting presents additional challenges compared to English, primarily due to the 
language's intricate structure and the lack of clear letter separation [13]. To address these challenges, a study proposed a deep 
learning solution that leveraged morphological gradients and a Multilayer Neuron Network, resulting in 100% accuracy under 
certain conditions, depending on the quality of the training database used [14]. 
In conclusion, the research highlights significant advancements in handwritten text recognition through AI, illustrating how different 
methodologies and neural network architectures are contributing to improved accuracy across various languages and writing styles. 
Despite these advancements, challenges remain, particularly in recognizing more complex scripts, but the future of HWTR looks 
promising as AI continues to evolve. 
 

III. DISCUSSION AND RESULT 
The methods and approaches delineated in the preceding sections are crucial for text recognition, encompassing both printed and 
handwritten text. However, specific methodologies may exhibit expedited and more efficient outcomes in particular scenarios, while 
others may demonstrate a slower and less effective performance in diverse contexts. The ensuing table furnishes a comprehensive 
overview of the principal disparities, advantages, and limitations of all the discussed techniques and strategies. 
 

TABLE I 
REVIEWED APPROACHES FOR FINDING AND RECOGNIZING HANDWRITTEN CONTENT 

S.NO Approaches Description 

I. Connectionist Temporal Classification (CTC) The approach involves combining recognized words into lines and 
blocks [15]. 

II. Large Language Models (LLM) 
Optical Character Recognition (OCR) 

It is a process of digitizing, categorizing, and summarizing 
documents using AI, which represents a revolutionary approach in 
mechanical and electronic methods that aid in converting visual text 
representations into a digital format [16]. 
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III. Free Form Reader Each row is dedicated to a specific question, and each column is 
dedicated to a single answer. If the system detects an "Error" cell or 
more than one answer marked, it will raise an alarm, prompting a 
human operator to review and input the correct answer manually 
[17]. 

IV. Conditional Generative Adversarial 
Networks (cGANs) 

Using the Frechet Inception Distance (FID) metric to determine the 
best hyperparameters, specifically for variable-length samples such 
as handwritten text images [18]. 

V. Controllable generative model Training a controllable generative model to generate missing data 
involves optimizing data synthesis and strategically integrating 
synthetic and authentic data to train recognition models, ensuring 
that both content and style are effectively encompassed. 

VI. Handwritten Text Recognition (HTR) 
 

 Pre-Processing 
 Segmentation 
 Feature Extraction 
 Classification 
 Post Processing [19] 

VII. LSTM (Long Short-Term Memory) 
and a Connectionist Temporal Classification 
(CTC) 

The system comprises a line and word segmentation module, along 
with a neural recognition model. The methods include Word 
Segmentation, Line Segmentation, Segmentation Methods, and 
Spellchecking [20]. 

VIII. Generative Adversarial Networks (GAN) The first set of new data is sourced from the same statistical 
distribution as the training set, while the second set aims to 
distinguish data generated by the first set from the data in the 
original training set [21]. 

IX. BiLSTM-CTC architecture with generated 
synthetic handwritten words 

The process entails the creation of two distinct types of extensive 
and varied handwritten word datasets: 
 overlapped  
 non-overlapped.  
 Subsequently, the synthetic images are input into the CNN 

model to extract the features [22]. 
X. Off-Line Automatic Assessment System 

(OFLAAS) 
 The Gaussian Grid (GGF)  
 Modified Direction Feature Extraction (MSF) Techniques [23]. 

XI. Capsule Networks (CapsNets)  EMNIST balanced 
 EMNIST letters 
 EMNIST digits [24] 

XII. Two-layer CNN architecture  Automated Student Assessment Prize (ASAP) dataset  
 Input image is processed to gradually extract various features 

using convolution layers, pooling layers, and fully connected 
layers [25]. 

 
IV. CHALLENGES 

The generative network's inability to correct grammatical errors that are deemed valid according to the displayed text in 
Connectionist Temporal Classification (CTC) is a significant issue [15]. Despite the effectiveness of Optical Character Recognition 
(OCR), instances of misinterpreted characters can arise. The final stage, encompassing error detection, correction, and data 
extraction, presents notable challenges. Inaccuracies in OCR have the potential to propagate errors in AI-generated corrections and 
analyses, particularly in contexts involving sensitive data identification and document authentication, where inaccuracies can carry 
substantial legal and privacy implications.  
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Moreover, while AI demonstrates proficiency in extracting specific information and analysing sentiments, its comprehension is 
confined to explicit text, often overlooking subtleties, sarcasm, or implied meanings crucial for fully grasping a document's context 
[16]. When the system identifies a marked "Error" cell or two or more marked answers, it triggers an alarm, necessitating human 
operator intervention to inspect and manually input the correct answer in the Free Form Reader [17]. In the Handwriting 
Recognition System, post-processing enhancements should incorporate spellchecker awareness of the system's operation on 
handwritten and recognized data [20]. Addressing overconfidence and overfitting issues necessitates fine-tuning the complex 
structure of the Generative Adversarial Networks (GAN) [18]. The OCR domain presents myriad challenges, encompassing 
variations in writing and style, poor source quality, and more. While the performance on printed documents is commendable, it 
exhibits deficiencies in handling overlapping handwritten words using the skew detection method [23]. Segmentation methods 
further necessitate a reliable ground truth or labelled data, which poses inherent difficulties [23]. Offline recognition techniques are 
not only costly but also at times unreliable, potentially leading to the loss of critical information [20],[24]. Although Convolutional 
Neural Networks (CNNs) excel in understanding low-level and high-level image features, they sacrifice valuable information at 
pooling layers [26]. The resource demands of conditional Generative Adversarial Networks (cGANs) surpass those of standard 
GANs due to the added conditioning information. Designing effective cGAN architectures is a complex endeavour, as flawed 
designs can yield unstable or inaccurate outputs [22]. Ensuring that the training data is diverse and representative of the desired 
outputs, along with having sufficient labelled data to train the model on specific control parameters, is paramount [27],[28]. The 
integration of language models to comprehend the context and semantics of text is essential yet challenging in Controllable 
generative model [29],[30]. 
 

V. CONCLUSION 
The integration of generative AI with handwriting recognition technology presents a promising opportunity to enhance the precision 
and efficiency of HWR systems. By facilitating the creation of high-quality training data and refining error correction mechanisms, 
generative AI not only mitigates the inherent challenges posed by handwriting variability but also lays the groundwork for more 
dependable applications across a wide spectrum of industries. As ongoing research in this domain continues to progress, we can 
anticipate further advancements that will fine-tune these technologies, rendering handwritten input more accessible and usable in 
digital formats. This continuous development is poised to drive the widespread adoption of HWR solutions, reshaping the 
processing and utilization of handwritten documents across various sectors. 
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