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 The evaluation of handwritten text documents is a significant research field 

in text analysis. Deep learning classifiers' effectiveness tends to decline 

when faced with variations in text style and the presence of strike-out text 

components. These strike-outs can occur at the character, word, paragraph, 

or page level. When these documents undergo optical character recognition 

(OCR) processing, they often yield inaccurate results. Data unavailability, 

imbalance poses a strong risk in this area. Hence usage of synthetic datasets 

for conducting research can solve the issue to an extent. Despite using 

traditional data augmentation techniques like rotation, position shifting, 

zooming, and shearing, the issue of imbalanced class distribution remained 

unchanged. In order to tackle this challenge this paper demonstrates the 

creation of a synthetic dataset comprising of strikethrough text using 

modified version of generative adversarial networks (GANs) that has an 

auxiliary network for text recognition. IAM and RIMES dataset are used as 

base for the GAN to generate synthetic images of handwritten text. A line 

segmentation technique is also implemented to create strike outs on random 

words selected from the synthetic image set thereby increasing the number 

of strikes. The work believes that the simulated dataset will significantly 

improve the quality of handwriting text recognition models. 
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1. INTRODUCTION 

Over the years, the area of automatic handwritten text recognition (HTR) has gained popularity due 

to digitization and the advancement of artificial intelligence. HTR finds application in health care, finance, 

and education. A doctor’s prescription on paper is mostly handwritten. Many financial statements are hand-

written, and similarly, answer sheets are handwritten by students. Handwritten documents contain multiple 

types of noise in it, one such noise is struck out words in the document. A lot of knowledge is struck in hand 

written text which has to be extracted and used for taking future decisions. Identifying the struck-out words 

in the handwritten documents has applications in the field of forensic science and human behavior analysis. 

Optical character recognition (OCR) is used for recognising printed text where as HTR is recognizing text in 

handwritten documents. The field of OCR has stabilised, but HTR is still lagging due to unique handwriting 

styles of each individuals. HTR has to deal with complex and novel challenges. One challenge of HTR is the 

presence of struck-out words in the text. The accuracy of a HTR comes drastically down if it comes across 

struck out words in the hand written text. In order to make the HTR effective it has to be trained on large 

https://creativecommons.org/licenses/by-sa/4.0/
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volumes of hand written text documents that have struck out words. The field is paralyzed by the 

unavailability of enough data that is annotated data. Hence, there is a need to create a synthetic dataset of 

handwritten text with struck-out words. 

A group of scientists [1] performed a comprehensive survey on online and offline handwriting 

recognition techniques. Their study focused on pre-processing of images, word and character recognition, 

signature identification, and writer recognition. Poznanski and Wolf [2] estimated the n-grams of images 

using deep learning techniques. Later they compared these n-grams with already available words. A group of 

researchers [3] made advances in the work by using a pyramidal histogram of characters for detecting words 

in handwritten documents. A group of investigators [4] merged encoder-decoder with convolutional neural 

network (CNN) for identifying words in handwritten documents. The encoder-decoder pair was later named 

as sequence to sequence. Dutta et al. [5] performed handwriting identification using a hybrid model 

comprising of CNN as well as recurrent neural networks (RNN). 

Computer-aided handwriting generation is a relatively new area with a limited amount of related 

work available. Nevertheless, this paper in this section tries to survey the available literature in this area. 

Fogel et al. [6] proposed a generative adversarial network (GAN)-based handwriting generation technique 

that can generate images of words with random lengths. They used semi-supervised learning techniques for 

generating synthetic images of handwritten text. Alonso et al. [7] proposed an adversarial model for 

synthesizing pictures of handcrafted word images using recurrent layers. The image dataset created by this 

work is free from all imbalances and contains French and Arabic words. Zdenek and Nakayama [8] proposed 

a model called JokerGAN that requires less memory and uses GANs with several categories of conditional 

group normalization. This model is capable of training on languages that have a lengthy character set. 

HiGAN [9] was proposed by a few researchers for generating images of human handwriting. This GAN is 

capable of simulating handwritten word images in different calligraphic styles. The text can be of flexible 

lengths. Transformer-based handwritten text image synthesis was introduced in [10], which is capable of 

generating images using local and global patterns. This model, when compared with other existing 

techniques, showed superior performance and quality. Sasipriyaa et al. [11] used scrabble GAN and CNNs to 

generate handwritten text images of the Tamil Language. This dataset was free from imbalances and acted as 

a good base for training and testing other handwritten recognition models. 

Data augmentation is also one technique for generating synthetic and large image datasets. GANs 

are consistently being used to do this activity. In this process, the true training image set is merged with the 

synthetic dataset thereby increasing the volume of the dataset. A low-shot training process was developed for 

data augmentation and preventing loss in a foolproof manner [12]. Bhunia et al. [13] proposed uses GAN to 

bind the old images with new images using a module of parameters. The inability to generate images outside 

a predefined lexicon is a serious drawback of this approach. In another attempt Krishnan et al. [14] to create 

a synthetic dataset through augmentation, researchers used deep learning methods for word identification. A 

group of researchers identified the basics, working, and challenges of GANs [15]. Urs and Chethan [16] 

conducted a comprehensive survey on available datasets, which clearly states the availability of a limited 

number of struck-out words, which leads to a bias towards a specific class of struck out words. 

The IAM dataset [17] comprises 9,862 text lines, which are further divided into 6,161 lines for 

training, 900 lines for validation-1, 940 lines for validation-2, and 1,861 lines for testing. It encompasses 79 

different symbols, including lowercase and uppercase letters, digits, punctuation marks, and the symbol "#" 

representing struck-out words. The RIMES dataset [18] offers French handwritten texts and includes a total 

of 129,414 images, 6,780 words, and 86 characters. The dataset is known as Reconnaissance et Indexation de 

données Manuscrites et de fac similÉS. The CVL database [19] serves as a public resource for writer 

retrieval, writer identification, and word spotting tasks. It consists of seven distinct handwritten texts, one in 

German and six in English. A total of 310 writers participated in the dataset, with 27 writers contributing 

seven texts and 283 writers contributing five texts. 

The available datasets suffer from a significant class imbalance issue, as there are very few instances 

of struck-out words. This skewed distribution leads to biased predictions by classifiers, favoring the majority 

class. The length of the majority class gradient holds more influence than that of the minority class, resulting 

in the domination of the net gradient. Consequently, the convergence of the minority class is slower. 

Additionally, the limited number of struck-out words in the database is inadequate for effectively training the 

model. A large, balanced training dataset is required to solve these problems. Hence, this work uses a data 

augmentation technique to increase the size of the dataset as well as make it balanced. The new synthetic 

dataset is created by taking IAM and RIMES as a base. Table 1 suggests, the existing augmentation 

techniques prove to be ineffective in the case of classifying strike-out text. This paper proposes a new 

augmentation method. 

In this research, we aim to bridge this gap by generating realistic synthesized handwritten text. This 

approach reduces the reliance on annotated data and enhances the variety of training data in terms of writing 
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styles and vocabulary. We employ a novel architecture that can generate words of arbitrary length and even 

complete sentences. The proposed architecture does not require character-level annotations and learns 

character embeddings autonomously. Words are then picked randomly and applied to various forms of strikes 

using line segmentation techniques. This way, a corpus of handwritten text images with struck-out words are 

synthesized. The rest of the paper is organized as follows: section 2, the methodology for synthesizing a 

strike through handwritten text is discussed. In section 3, results are portrayed and analysed for further 

processing. Finally, in section 4, conclusions and future works are drawn out. 
 
 

Table 1. Strike-classification performance with various techniques along with traditional data augmentation 
Methods Non-strike-out Strike-out 

Traditional data augmentation 0.97 0.42 
Ensemble technique 0.93 0.7 

Cost-sensitive learning 0.91 0.48 

Focal loss 0.84 0.17 
K-stratified fold 0.92 0.43 

 

 

2. METHOD 

This study utilizes the GAN methodology to create a synthetic dataset of handwritten images, 

specifically featuring words that are struck out. The generator is designed to produce synthetic images 

resembling real handwritten text, while the discriminator evaluates these images to distinguish between real 

and synthetic data. Through iterative training, the generator improves its ability to create high-quality, 

realistic images, and the discriminator becomes better at identifying artificial data. The pipeline for synthetic 

strike-through handwriting dataset generation is depicted in Figure 1. After the generation of synthetic 

dataset, the quality of the images has to be validated using metrics like geometric score (GS) and Fréchet 

inception distance (FID). The rest of the section describes the various stages of the pipeline. 
 

 

Data Collection 

and 

Preprocessing

Strike-Through 

Augmentation 

Strategy

Character-Filter 

Overlap 

Mechanism 

GAN Ablation Study

 

Figure 1. Pipeline for synthetic strike-through handwriting dataset generation 

 

 

2.1.  Data collection and preprocessing 

The RSICB256 dataset is the foundation of this study. This dataset is a collection of diverse 

handwritten text samples. As part of preprocessing the data, the study removed illegible or excessively noisy 

entries. Also, all the images were resized to 256×256 pixels, normalized to the range [0,1], and segmented 

into text lines to ensure consistency across experiments. 

 

2.2.  Strike-through augmentation strategy 

In order to simulate realistic strike-through handwriting, the study developed a stroke augmentation 

pipeline. The different types of strike-through styles are generated programmatically [20] and superimposed 

on the handwritten text lines. Table 2 illustrates the augmentation pipeline developed for the study. 
 

 

Table 2. Augmentation pipeline 
Type of strokes Strategy 

Simple strokes Single straight, left-slanted, right-slanted, and crossed lines. 

Multiple strokes Parallel, crossed, and slanted variations. 
Box strokes Enclosed strike-throughs in straight, slanted, or crossed styles. 

Irregular strokes Zig-zag, wavy, hybrid, and blackout patterns. 

 

 

2.3.  Strike-through augmentation strategy 

In order to improve realism in strike-through placement a character filter overlap mechanism is 

implemented in the study. The overlapping filters ensure partial coverage across characters, mimicking 

natural handwriting variations. The mechanism consists of three stages namely overlapping extent, selection, 

and implementation. Experiments were conducted with 10%, 25%, and 50% of the character width. The 

script characteristics were used to choose the overlap size. Finally, a sliding window filter was applied across 

segmented characters, dynamically adjusting strike-through positioning. 
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2.4.  Strike-through augmentation strategy 

This work employed a conditional GAN (cGAN) [21] architecture to synthesize realistic struck-

through handwritten text images: the generator is responsible for superimposing strike-through strokes on 

clean handwritten text. On the other hand, the discriminator is trained to differentiate between real (human-

written) and synthetic (GAN-generated) strike-through text. For maintaining realism and structural accuracy 

of the images this work used adversarial and L1 reconstruction loss. The hyper-parameters selected for 

training are batch size of 32, learning rate of 0.0002, and Adam optimizer. 

The generator [22] developed is novel in terms of its technical elements which will be described 

below. Firstly, the number of characters in the input word is identified. An equivalent number of character 

filters are considered. These filters are merged. A noise vector is calculated and multiplied with the 

concatenated filters. The image generated by this process is given as input to the generator. The generated 

image is given as input to the discriminator for determining whether the image was original or synthesized. 

The generator used is class-conditioned. Every character is generated individually, which sets the 

methodology apart from other handwriting techniques available in the literature. The generator acts as an 

addition of identical character conditional generators. This overlap permits neighbouring characters to mingle 

for creating a smooth change. Here the character filters learn from dependencies from adjacent character 

filters. The generator learns to create variations of the same character by using these dependencies. Five-

character filters are concatenated for the word “SALUT”. Let ‘n’ be the noise vector, and it is multiplied to 

the concatenated image resulting from five filters. If {fs, fa, fl, fu, ft} represent the character filters, then n x 

{fs, fa, fl, fu, ft} is input to the generator. Figure 2 shows the overlapping of character filters. 

The role of the discriminator [23] is to judge whether the generated images are true or fake. This work 

uses a CNN for designing the discriminator. The CNN is formed from a combination of real/fake classifiers as 

well as a pooling layer. Figure 3 shows the GAN architecture overview for generating a word like “SALUT”, 

while Figure 4 presents sample handwritten images generated by the proposed GAN architecture. 
 
 

 
 

Figure 2. Overlapping of character filters 
 
 

 
 

Figure 3. GAN architecture overview for the case of generating the word “SALUT” 
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Figure 4. Sample handwritten images generated by the proposed GAN architecture 

 

 

2.5.  Ablation study 

To validate the contribution of the character-filter overlap, we conducted ablation experiments with 

four settings namely no overlap, 10% overlap, 25% overlap, and 50% overlap. In the no overlap strike-

through strokes were placed independently without overlapping filters. A minimal overlap introducing slight 

character occlusion was maintained in 10% overlap setting. A moderate overlap was maintained in 25% 

overlap category. This setting balanced the natural appearance and readability. The 50% overlap setting lead 

to aggressive occlusion. 

The effect of character-filter overlap on synthetic image quality is illustrated in Table 3. SSIM 

stands for structural similarity index measure. It is a metric for analyzing the similarity of two images in 

terms of luminance, contrast and structure. FID [24] is a metric used to evaluate the quality of generated 

images by comparing the statistics of the generated images and the real images. It measures the similarity 

between the feature representations extracted from the generated and real images using a pre-trained 

Inception model. From the Table 3 it is evident that 25% overlap attains a maximum SSIM of 0.93 and a 

minimum FID of 32.1 when compared with other categories. Hence the study selected 25% overlap as it 

maintains optimal balance between readability and realism. 

 

 

Table 3. Effect of character-filter overlap on synthetic image quality 
Overlap level (%) Readability (SSIM ↑) Realism (FID ↓) GAN stability Observations 

No overlap 0.86 45.2 Stable Strokes appear artificial and lack natural 
alignment 

10 overlap 0.9 38.7 Stable Good for disconnected scripts; minor 

occlusion 
25 overlap 0.93 32.1 Stable Optimal balance; realistic strokes without loss 

of clarity 

50 overlap 0.78 50.6 Unstable Excessive occlusion; GAN convergence 
degraded 

 

 

3. RESULTS AND DISCUSSION 

In this section, the effectiveness of the proposed GAN-based architecture for generating offline 

handwritten text images is discussed in detail. The following subsection contains a detailed explanation of the 

implementation process and evaluation metrics. Additionally, the results are analyzed to demonstrate the 

quality and realism of the generated handwritten text images. The GAN training used a Pix2Pix-style cGAN. 

The cGAN comprised of a U-Net generator and PatchGAN discriminator. It was optimized with adversarial 

and L1 losses for 120 epochs. A batch size of 32 and learning rate of 0.0002 were also selected as settings. 

 

3.1.  Implementation details 

The image processing system is specifically optimized to handle images with a constant height of 32 

pixels. Moreover, the generator network (G) is structured to have a receptive field width of 16 pixels. In this 

configuration, the generator architecture is composed of a filter bank (F) representing the lowercase English 

alphabet. Each filter in the filter bank has dimensions of 32×8192. To generate a word with a length of n 

characters, the generator selects and concatenates n filters from the filter bank. These filters are then 

multiplied with a 32-dimensional noise vector (z1), resulting in an n×8192 matrix. This matrix is 

subsequently reshaped into a 512×4×tensor, where each character occupies a spatial size of 4×4. The tensor 

is then processed through three residual blocks that gradually increase the spatial resolution, introduce the 
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desired receptive field overlap, and eventually yield the final image size of 32×16n. To modulate the residual 

blocks, conditional instance normalization layers are utilized, incorporating three additional 32-dimensional 

noise vectors (z2, z3, and z4). Finally, a convolutional layer with a hyperbolic tangent (tanh) activation 

function is employed to produce the output image. Figure 5 shows the different styles of a single word 

ground truth “pneumonoultramicroscopicsilicovolcanokoniosis”. 

 

 

 
 

Figure 5. Different styles of a single word ground truth “pneumonoultramicroscopicsilicovolcanokoniosis” 

 

 

The discriminator network (D) takes inspiration from BigGAN and consists of four residual blocks 

followed by a linear layer with a single output. To accommodate varying width image generation, the 

discriminator operates on horizontally overlapping image patches. The final prediction is obtained by 

averaging the predictions of these patches, which are then used in a GAN hinge-loss function. 

During the training of the GAN, all images underwent resizing to a consistent height of 32 pixels 

while maintaining the aspect ratio of the original image. In the supervised scenario where labels were 

employed, an additional horizontal scaling was implemented on the images. This scaling ensured that each 

character in the real samples had a width of approximately 16 pixels, matching the width of the synthetic 

characters. The objective of this adjustment was to intensify the challenge for the discriminator by increasing 

the similarity between the real and synthesized samples. Experiments were conducted on an NVIDIA V100 

GPU (16 GB RAM) using PyTorch. Datasets included IAM and RIMES, their augmented variants (IAM*, 

RIMES*), and the combined synthetic dataset. Splits were writer-disjoint to avoid stylistic overlap. Pre-

processing involved grayscale conversion, binarization for line segmentation, and normalization to [0,1]. The 

augmentation of the strike-through images was performed by randomly selecting thickness, opacity, angle, 

and jitter. 

 

3.2.  Evaluation metrics 

There are two popular methods using standard metrics for GAN performance evaluation, namely 

FID and GS [25]. The FID [26] is a metric used to evaluate the quality of generated images by comparing the 

statistics of the generated images and the real images. It measures the similarity between the feature 

representations extracted from the generated and real images using a pre-trained Inception model. The GS, on 

the other hand, is a metric that assesses the performance of the generator in a GAN. It measures how well the 

generator can deceive the discriminator and produce realistic and high-quality images. Higher GS values 

indicate better performance of the generator. The lower the FID value, the better the quality and diversity of 

the generated images. 

 

FID = ||μ_real − μ_fake||^2 + Tr (Σ_real + Σ_fake − 2(Σ_realΣ_fake)^0.5) (1) 

 

𝐺𝑆 = 𝑙𝑜𝑔(𝐷(𝐺(𝑧))) (2) 

 

Where, μ_real and μ_fake are the mean feature representations of real and generated images, respectively. 

Σ_real and Σ_fake are the covariance matrices of the feature representations of real and generated images, 

respectively. Tr () represents the trace of a matrix. ||...||^2 denotes the Euclidean distance squared. G(z) 

represents the generated image from a random noise vector z. D(.) is the discriminator network that assigns a 



Bulletin of Electr Eng & Inf  ISSN: 2302-9285  

 

Generating synthetic strike-through handwritten text using generative adversarial … (Dheemanth Urs Raje) 

2501 

probability score to the generated image. log () denotes the logarithm. Table 4 depicts the FID and GS values 

obtained for the images generated by the proposed GAN architecture. The proposed GAN paradigm achieves 

an FID of 23.64 and GS of 6.5×10-4. If GS is low, it indicates generated data aligns better with the real data 

manifold and if it is high, it indicates data mismatch. 

 

 

Table 4. FID and GS values for the proposed GAN paradigms 
Metric Proposed GAN IAM*Baseline RIMES*Baseline 

FID↓ 23.64 32.8 34.1 
GS ↓ 6.5×10⁻⁴ 6.5×10⁻⁴ 6.5×10⁻⁴ 

 

 

From the IAM training and validation sets, 30% and 25% of samples were used to generate struck-

out texts, respectively. Similarly, from the RIMES training and validation sets, 30% and 25% of samples 

were used to create struck-out texts, respectively. The statistics of the original and modified datasets are 

displayed in Table 5. 
 

 

Table 5. Statistics of IAM, IAM*, RIMES, RIMES*, and the synthetic dataset 
 IAM IAM* RIMES RIMES* Synthetic dataset (IAM*+RIMES*) 

No. of lines in training 8862 10762 1,78,122 231558 242320 

No. of lines in validation 1000 1280 25,446 29976 31256 

No. of lines in test 3491 5352 50,892 56784 62136 
No. of struck-out words in training 50 1950 68,264 88024 89974 

No. of struck-out words in test 0 480 17,066 24022 24022 

No. of non-struck-out words in training 53757 67797 10,57,492 12,53,484 13,21,281 
No. of non-struck-out words in test 17560 17080 2,64,374 3,45,247 3,62,327 

 

 

In Figure 6 the statistics related to IAM, IAM*, RIMES, RIMES*, and the synthetic dataset are 

illustrated. The blue bars represent the training lines, orange bars represent the test lines, green bars represent 

the struck-out words in training and red bars represent the non-struck-out words in training. Figure 7 

illustrates sample struck-out words from the synthetic dataset, such as the word "formaliser," showcasing the 

realism and diversity of the generated data. 
 

 

 
 

Figure 6. Comparison of dataset statistics 
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Figure 7. Sample struck out words from the synthetic dataset ground truth-“formaliser” 

 

 

4. CONCLUSION 

This paper introduced a novel GAN-based architecture for generating offline handwritten text 

images based on the concept that writing characters is a localized process. The proposed approach involves 

constructing each word by combining individual character images. The generated images exhibit versatility 

in stroke widths and overall style. Moreover, the overlap between the receptive fields of different characters 

within the text allows for the generation of both cursive and non-cursive handwriting. The paper also used a 

line segmentation method to create strike-out words in various patterns. Two datasets, IAM, and RIMES, 

were modified to IAM* and RIMES* by increasing the number of strike-out words in the datasets using 

GANS. Later the two IAM* and RIMES* were merged to create a synthetic dataset, which is balanced in all 

aspects and can be used with any HTR system. The proposed GAN achieved an FID of 23.64 and a GS of 

6.5×10⁻⁴, demonstrating that the synthetic strike-through samples are both visually realistic and geometrically 

well-aligned with the real data distribution. Compared to IAM*/RIMES* baselines, the proposed approach 

significantly improves both perceptual realism and distributional alignment. Our study believes that the 

extensive variability in the words and styles generated can enhance the performance of a given HTR system 

by augmenting the training dataset. These findings demonstrate that synthetic augmentation with controlled 

strike-throughs can improve the robustness of handwriting recognition systems, particularly for noisy real-

world documents. While vocabulary coverage and writer style variability remain somewhat limited compared 

to real datasets, the pipeline offers a scalable way to generate realistic corrections and can be extended to 

multilingual scripts with different GAN architectures in future work. 
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