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Abstract 

Due to the complex and irregular shapes of handwritten text, it is challenging to spot and 

recognize the handwritten words. In low-resource scripts, retrieval of words is a difficult and 

laborious task. The need for increasing the number of samples and introducing variations in 

the extended training datasets occur with the use of deep learning and neural network models. 

All possible variations and occurrences cannot be covered in an efficient manner with the use 

of the existing preprocessing strategies and theories. A scalable and elastic methodology for 

wrapping the extracted features is presented with the introduction of an adversarial feature 

deformation and regularization module in this paper. In the original deep learning framework, 

this module is introduced between the intermediate layers while training in an alternative 

manner. When compared to the conventional models, highly informative features are learnt in 

an efficient manner with the help of this setup. Extensive word datasets are used for testing the 

proposed model, which is built on popular frameworks available for word recognition and 

spotting, while enhancing them with the proposed module. While varying the training data size, 

the results are recorded and compared with the conventional models. Improvement in the mAP 

scores, word-error rate and low data regime is observed from the results of comparison.  

Keywords: Handwriting recognition, deep learning, feature deformation, error estimation, 

neural network 

 Introduction 

Every day, several innovations in the areas of artificial intelligence and deep learning, 

emerge with technological advancements [1]. Computer models are used for learning and 

execution of pattern recognition tasks directly from images, text, or sound in deep learning. 
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Deep neural networks are used in a number of active research areas, which include handwriting 

recognition [2]. Handwriting recognition is a simple process for humans, but it is a challenging 

task for computers. In the field of computer vision, images can be manipulated and processed 

using image processing techniques. Character recognition requires a number of steps, which 

include acquisition, feature extraction, classification, and recognition [3]. Handwriting 

recognition is a machine's capacity to receive and analyze manually written input from an 

external source, such as an image [4].  Handwriting Recognition can be done either in online 

or offline mode. In the online recognition method, the user is identified once he starts to write 

on electronic devices like mobiles and iPads. In the offline recognition method, the image, 

which consists of a user's handwriting, was given as an input in the system and the user would 

be identified [5, 6]. For recognition purposes in both methods, the strokes the user makes while 

writing the letters will be stored in the system.  

Handwritten signature recognition can also be constrained with the advantages like 

cost-effective technology, rapid checking time, minimal intrusive threshold, and fast public 

acceptance when compared to other rising biometric technologies [7, 8]. In 2007 a software 

named CEDAR FOX was developed in the University of Buffalo to identify whether the two 

different documents were written by the same person or not. The Handwriting verification is 

done in two steps [9]. First, the test document is compared with a known sample document, to 

know the percent of variation done by a person while writing a document. Second, the test 

document is compared with a minimum of 4 documents to understand the writing habit of the 

user [10]. However, it was difficult to recognize the users due to the different styles. A large 

dataset will be needed for storing the information and making the computers automated. Thus, 

neural computers can be used [11]. A neural computer functions in a fundamentally different 

way. Neural computers are instructed to evaluate the input data and provide an appropriate 

output to the user. By applying these techniques, we can recognize the handwritten characters 

of the user. 

The major contributions made in this paper are as follows: 

1. Spotting and recognition of handwriting is performed through a scalable 

solution offered by integration of adversarial learning in low resource scripts 

with high dimensional convolutional feature space.  
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2. Even with limited amounts of data, the adversarial generator introduces several 

deformations that encourage learning from variations in handwriting at the task 

network.  

3. Different baselines are used for comparison of the proposed adversarial 

augmentation scheme. When compared to the state of the art systems, the 

proposed model offers better performance in handwriting spotting and 

recognition.  

4. Real-time handwritten data analysis is performed in an enhanced manner while 

improving the performance of low resource script cases also.  

Domain adaptation, cross-domain image translation and several other tasks influence 

the successful implementation of adversarial learning [12]. Due to these factors, spatial 

transformations are used in a high dimensional feature space to augment word images with a 

paradigm based on generative adversarial learning [13]. Spotting or recognition is performed 

by the original network with the addition of the Adversarial Feature Deformation and 

Regularization Module (AFDRM). The trivial and easily learnable features can overcome 

overfitting with the integration of this module. Rare deformations in the real-world testing data 

can be generalized well with the proposed module due to its enhanced framework [14]. When 

difficult variations are faced, invariances are learnt by the task network through the generation 

of hard examples generated by the adversarial generator where the task network and adversarial 

generator (AFDRM) are jointly trained, and gradually improves the performance over time.  

 Literature Review 

Detailed research and reviews are performed in great detail by researchers over the past 

regarding handwriting recognition. However, more accurate and better techniques are still 

developed by several researchers. Bag-of-n-grams approach and word-embeddings models are 

compared in [15] where the word-embeddings model offers enhanced performance. A word 

encoding technique based on attributes is presented in [16] using a ConvNet where existing 

dictionary word profiles are correlated with the words in the input image that are included in 

the spatial parts of n-gram for estimation of the frequency profile. Pyramidal Histogram Of 

Characters (PHOC) attributes are embedded with the handwritten words images whose holistic 

representations are predicted with the terminal fully connected layers with the help of VGG-

Net [17]. Textual embedding space is embedded with features in architectures presented in [18-
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20]. Searches are performed in a distributed word embedding space where regional features are 

encoded by an end-to-end model in the word-spotting model driven by the region proposal 

network presented in [21]. Several works like [22] make use of RNN training approaches based 

on Connectionist Temporal Classification (CTC) criterion used for sequence discriminative 

training are presented in [23].  

Word transcriptions are computed in MDLSTM, LSTM and other recurrent networks 

using ConvNet by engineering a sequence of image features [24]. In order to enhance detection 

accuracy, before the sequence-to-sequence transcription, images are spatially reoriented with 

the help of an attention mechanism based on affine-transformation in [25]. For extension of the 

original dataset, it is essential to preprocess images in most of the techniques discussed so far. 

The standard datasets consisted of almost 4000 classes in character recognition techniques for 

Chinese handwriting [26]. Extensive and large datasets also use extended datasets with 

augmentation techniques. A smaller number of hard examples are considered in the datasets 

while enhancing the accuracy and effectiveness of the process using online hard example 

mining technique with different sets of approaches. Realistic synthetic data is created with the 

incorporation of generative modeling in several approaches in recent years with the 

advancements in GAN and adversarial learning for stable training of GAN based on the 

architectural guidelines described in [27].  

 Proposed Methodology 

The Hand-Writing Spotting (HWS) and Hand-Writing Recognition (HWR) framework 

exhibit generic augmentation techniques which are not sufficient for identifying and 

generalizing real-world handwritten data. This is especially the case when low-resource scripts 

with small datasets are used which account for a minimal amount of observed irregularities. In 

this proposed work, a modular deformation network is proposed that is trained to understand 

the various parameters involved in deforming the features of the system, thereby enabling it to 

accept and adapt to various irregularities and difficult examples. Consider ‘I’ as the input image 

given to a task network K. Here the task network denotes word spotting or word recognition 

network, coupled with cross-entropy loss and CTC loss represented as task loss 𝐿𝑇. An 

Adversarial Feature Deformation Module (AFDM) is introduced in the middle of the task 

network in this proposed model.   

 The successful convolutional sections of T are denoted as TA and TB and 

dissection of T will result in three parts namely R, TA and TB. In the following eq (1), 



Yasir Babiker Hamdan, A. Sathesh 

Journal of Innovative Image Processing, December 2021, Volume 3, Issue 4  371 

𝐹 = 𝑇𝐴(𝐼) 

where, F denotes the output feature map of 𝑇𝐴 and I is the image. At the time of 

interference, only T is used.  

Figure.1. shows the architecture of the Adversarial Feature Deformation Module used 

with the training network. The following are the various components of the architecture: 

1. A localization network A is used on θ parameters for prediction. The 

transformation matrix Tθ is calculated with the help of these parameters. 

2. ‘S’ is the sampling grid generated by the Grid Generator based on the 

transformation on the S’ grid denoting F’ coordinates.  

3. The original feature map and grid S are passed through Bilinear Sampler in 

order to get F’ which is the target feature map.  

4. The Thin Plate Spline (TPS) transformation is chosen to be used in AFDM due 

to their capacity to deform a plane elastically and its degree of flexibility. 

5. The control points represent parameters which are used in Grid Generator to 

define transformation function representing base control points.  

 

 

Figure 1. Architecture of the proposed work 
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In this proposed work, two sets of Latin Scripts are used as datasets: RIMES and IAM 

which are extensively used in handwriting document analysis. For HWS and HWR in Latin 

script IAM holds the largest datasets, paving way to projecting the effectiveness of the 

proposed feature wrapping methodology for various sizes of training sets as shown in Fig.2. 

On the other hand, for low-resource scripts, an effective demonstration of the proposed model 

is made with Devangari and Bangla, two Indic scripts that show the advantages of using AFDM 

for adversarial training. Here Bangla and Hindi are one of the popular languages that are spoken 

and can be used in scripts Bangla and Devangari respectively. When compared with Latin, 

these two scripts are said to be more complex because of the presence of complex cursive 

shapes and modifiers. Based on this research, only one publicly available dataset is possible 

that holds a total of 16,128 and 17,091 words in Devangari and Bangla. IndDEV and IndBAN 

are the two datasets available wherein they are used in IAM for partitioning in testing, 

validation and training available datasets.  

 Experiments and Results 

Based on experimental analysis, it was identified that it is necessary to first pre-train 

the task networks for a particular set of iterations in order to study the basic model for better 

understanding of the various shapes of characters. On training both the networks, the AFDM 

was found to overpower the task network without proper understanding of the representation. 

Hence, the task network is initially trained for a total of 10000 iterations in the absence of 

AFDM. On including AFDM, the intermediate convolutional feature maps are deformed. 

Training takes place for 5 interactions in the network ‘A’. It is further observed that because of 

flexibility issues, the TPS will be deformed resulting in the failure of task network.  

This stability issue is addressed by a simple trick wherein only 50% of the data is 

deformed in a particular set of AFDM while the remaining are kept unchanged, thereby 

improving stability of the system. 4 convolutional layers with 3 x 3 kernel size and 2 strides 

are used in the localization network, predicting 20 parameter values with the help of tanh 

activation as shown in Fig.2. The total sub-map divisions are limited to four and the size of the 

batch is fixed at 32. Based on earlier initialization, both the AFDM and task network are trained 

using 100k iterations. AFDM and task network make use of Adam optimizer, holding the 

learning rate at 10-4 for network and 10-3 for localization network of AFDM. There are a total 

of 13 convolutional layers present along with 3 fully connected layers and SPP layers. 
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Figure 2. Word Error Rate for unconstrained HWR 

 

Figure 3. Mean average precision observed during training 

The improvements observed are recorded for various augmentation techniques based 

on the dataset sizes used for training. A comprehensive study is made on the positive aspects 

of various augmentation techniques using the sizes of the data. About 8 instances are taken into 

consideration with the size of the training set varying between 15K and 90K. Fig.3 shows that 

the proposed work performs positively in the low-data regime, resulting in positive 

improvement of augmentation in the images. It is also observed that as the number of data for 
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training increases, there is a significant improvement observed using the proposed model when 

compared with other methodologies that do not use adversarial augmentation.   

 Conclusion 

There are much research involved in recognition of handwriting in low-resource scripts. 

A number of work has also been carried out to provide solutions to the limitations imposed by 

generic data augmentation phenomenon. The proposed hybrid methodology will prove to be 

efficient in adding frameworks for word recognition and spotting, paving the way to deep 

networks which provide adequate information, even under low-data settings. Instead of using 

traditional methodology for augmenting handwriting text, the use of this methodology proves 

to be a reasonable solution which can be used to address differences in variation using datasets 

for training the inputs, thus proving a scalable solution. The amount of adaptability available 

when incorporating this methodology with respect to the opposing parameterization strategy 

serves to be useful in the implementation of rare unseen variation.  
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