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Abstract—With the advent of image recognition using deep learning, various applications of it 
are put forth. Optical Character Recognition as well as Handwritten Character Recognition is 
at the forefront of it. For this reason, optimized deep learning models are required to increase 
the accuracy of recognition. One such model is Capsule network. Instead of traditional CNN s 
which causes invariance, capsule networks provide equivariance. In terms of OCR, spatial 
arrangement of the feature is more important than features themselves. But capsule networks 
are computationally heavy. Hence, by applying pruning to a CapsNet model, we can reduce the 
computational costs and time complexity.  
 
Index Terms— CNN, Capsule Network, Pruning, OCR, AARCN, Japanese Kanji. 

I. INTRODUCTION 

Japanese is the national language of Japan, where it is spoken by about 124 million people, making it the sixth 
most spoken language worldwide. Three different character sets are used in Japanese writing: hiragana, 
katakana, and kanji Japanese writing uses logo graphic letters called kanji. Together with hiragana and katakana, 
these three scripts are used to write the Japanese language. "Han characters" is the literal meaning of the 
Japanese term "kanji." Chinese characters, which were brought to Japan more than a millennium ago, are the 
source of Kanji characters. They have been modified, nevertheless, to conform to Japanese terminology, 
pronunciation, and syntax. The characters of kanji can be very intricate.  
There are thousands of various characters that are often used, and some characters have many strokes. Just like 
with Chinese characters in general, there is no definitive count of kanji characters. About fifty thousand 
characters make up the comprehensive Dai Kan-Wa Jiten available in Japan. About 85,000 characters make up 
the Zhonghua Zihai, which was released in China in 1994. However, most of these characters are uncommon 
varieties or archaic forms, and few are used regularly in any nation.  
Recent advances in deep learning have led to the development of capsule networks (CapsNet), which are 
especially useful for applications involving organized and hierarchical input, such as character recognition. 
Create the network architecture for the capsule. Many layers of capsules make up a typical CapsNet design. 
Convolutional layers are an effective way to extract significant information from the unprocessed photos as the 
first layer. Apply the first layer of the capsule. Each capsule may identify unique characteristics of kanji 
characters and represent a portion of the character. Use the previously processed dataset to train the CapsNet. 
Compared to traditional convolutional neural networks, capsule networks could need bigger datasets and longer 
training periods.  
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II. MOTIVATION 

Kanji recognition models are valuable for language learners. They can assist in language education, helping 
students learn the characters and their meanings. Kanji recognition can be integrated into translation services, 

 
Figure 1.Comparison between Kanji, ”Big” (right), ”Dog” (middle) and ”Fat” (left) 

allowing users to translate Kanji text into other languages or vice versa. The  major problems that deep learning 
model face when working on Japanese Kanji characters is that many of the characters share same features which 
mislead the model as shown in Figure 1. 
Using capsule networks for Kanji recognition can offer several advantages and potentially address some of the 
challenges associated with recognizing Kanji characters [1]. Capsule networks are inherently more robust to 
variations in pose, orientation, and deformation. The primary concept behind the introduction of capsules was 
the development of a neural network with inverted graphics capabilities [2].  
Pruning removes unnecessary parameters from the network. Capsule networks, like other neural network 
architectures, can become quite large as they learn to represent hierarchical structures in data [3]. Pruning can 
significantly reduce the model size, making it more memory-efficient and easier to deploy on resource-
constrained devices. Pruning can help prevent overfitting, especially in cases where the network has too many 
parameters for the available training data.  

III. LITERATURE SURVEY 

An overview of current developments in routing techniques and capsule architecture is presented in paper 
[2]. Furthermore, it discovers that while altering routing protocols or  architectural  designs has received a 
lot of attention recently, other, more intricate details—specifically, squash function—have received less 
attention. The significance of capsule networks as a potential remedy for Convolutional Neural  Networks’  
(CNNs’)  generalization  problems is highlighted in the paper. It does not, however, go into certain 
restrictions. It would be crucial to in- clued specific case studies or examples that highlight the situations in 
which CNNs fall short of generalizing and how capsules have solved these problems to increase the 
robustness of the research.  
The  importance of capsules  and  the  expanding  corpus of studies on them are acknowledged in the study. 
Another method for encapsulating spatial relation- ships in data is through capsule networks, and the 
summary of current developments in capsule architecture and routing techniques is a useful addition. Nam 
Tuan Ly and Masaki Nakagawa [4] explained the feature extractor employs a CNN to extract relevant 
features from the input images. self-attention-based encoder, which helps the model understand 
relationships within the sequence of extracted features. CTC decoder is responsible for generating the 
label sequence from the encoder’s output. The advantage of this approach is the self-attention mechanism 
in the encoder helps the model capture complex dependencies in handwritten text, making it robust to 
various writing styles. Some limitations like model architecture being relatively complex, which could 
make it computationally expensive. AACRN’s performance heavily depends on the quality and quantity 
of training data. Gathering a large, diverse dataset of handwritten Japanese text lines may be 
challenging. Solution is model optimization techniques like quantization and pruning can be applied. 
Augmenting the dataset by introducing variations in writing styles and other characteristics can 
improve model generalization. 
Hao  Ren et. al. [9] presented Evaluating Generalization Ability of Convolutional Neural Networks 
and Capsule Networks for Image Classification via Top-2 Classification. The  Full   Connectivity   (FC)   
method,   which the  Capsule  Network  uses  among   all   capsules, has numerous parameters. The 
ParameterSharing (PS)  mechanism  between  capsules   is   introduced in this study in  an  effort  to  
reduce  the  number of parameters. While the research emphasizes the benefits of using Capsule Networks 
(CapsNet) to mitigate Convolutional Neural Networks’ (CNNs’) vulnerability to image perturbations, it  
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skips  over the specific drawbacks of using CapsNet. A thorough  explanation  of  the  possible  
disadvantages and difficulties  associated  with  applying  CapsNet to image classification is required. The 
research highlights the potential advantages of Capsule Networks over CNNs, particularly in terms of their 
superior capacity to characterize object properties. It is a significant advance to introduce the Top-2 
classification challenge as a quantitative way  to assess how well CNNs and CapsNet generalize. 
Lobna et. al. in [13] explained model to detect COVID-19 with unbalanced datasets, this paper suggests 
using Capsule Neural Networks (CapsNet) in conjunction with a  pre- trained  Convolutional  Neural  
Network  (VGG16). The Gaussian optimization method  has  been  used to optimize the parameters of this 
model, which employs SMOTE (Synthetic Minority Over-Sampling Technique) to minimize the likelihood 
of producing outlier data. The four primary phases of the suggested COVID-19 detection model are pre-
trained, classification and optimization, evaluation, and data preparation. This study shows that adding a 
capsule network increases accuracy; nevertheless, there are some drawbacks as well, including unstable 
training, greater complexity, and inefficiency when handling spatial hierarchies.  
In paper [14] discusses a modified version of capsule networks known as residue capsule networks. The 
primary aim of this paper is to reduce the size of capsule networks to be comparable to today’s CNN 
models by minimizing the number of parameters required for training. RCNX utilizes 3-staged feature 
detectors where the output of each primary capsule is relayed to the next feature detector. Each detector 
network is linked to its own DigitCaps, resembling an ensemble model.  The class predictions from all 
the DigitCaps are then fed into a fully connected network ending with a sigmoid activation function. 
During testing, RCNX achieved an accuracy  of 89.31%, and the evaluation model size is 1.58 million 
parameters. One limitation of the model is its susceptibility to overfitting, making it  prone  to issues like 
Gradient Disappearance and Explosion. Additionally, it faces challenges related to Difficulty in 
Hyperparameter Tuning.  
Morteza-Mousa-Pasand “Convolution Neural Network Pruning using Filter Attenuation” 6th June 2020 [6]. The 
Advantage of these approach is filter attenuation is that it allows for gradual pruning. Filters are not abruptly 
removed from the network, which makes performance drop during pruning. produces better results compared to 
conventional pruning methods, such as L1-Norm and standard deviation (STD) criteria. Some limitations like 
Implementing filter attenuation add complexity to the pruning process. Setting appropriate attenuation and 
pruning thresholds can be challenging. While fine-tuning can help recover accuracy, it can also be time-
consuming and might require several iterations to achieve optimal results. The Solution is developing efficient 
algorithms and data structures to manage attenuated filters and facilitate quick recovery is essential. This can 
help reduce the computational overhead of filter attenuation. Explore optimization techniques that aim to reduce 
the number of iterations required for achieving optimal accuracy after pruning. 
S. Rakshith, Jayesh Rajkumar, Vachhani, Sourabh Vasant Gothe, Rishabh Khurana. ”Self-Similarity Matrix-
Based CNN Filter Pruning.” Samsung R&D Institute, Bangalore, India. 3 Nov 2022 [12]. In large CNN models, 
the major problem faced is the huge computational cost and time complexity required. To reduce these costs, 
quantization and pruning are the two methods used. Out of these two, pruning is more relevant as it allows the 
least amount of damage to the model’s accuracy. In this paper, the method is based on similarity matrix pruning, 
specifically the self-similarity matrix. After CNN processing, the feature sequence of the sample is extracted. 
These n-features are then used to construct an n x n self-similarity matrix. The ranking of any two features is 
based on a function that returns a low value if two features are similar and a high value if they are dissimilar. 
This method not only removes the feature maps but also eliminates redundancies found in each feature map. 
However, in this method, the model can become sensitive to noise. Additionally, the ambiguous nature of the 
similarity threshold, which decides if two feature vectors are similar or dissimilar, poses a challenge. The 
primary goal of pruning is to reduce the computational size of the model while retaining its accuracy. 
Arjun Narukkanchira Anilkumar, Mohamed El-Sharkawy. ’RCNX: Residual Capsule NeXt.’ 2021 [14]. This 
paper discusses a modified version of capsule networks known as residue capsule networks. The primary aim of 
this paper is to reduce the size of capsule networks to be comparable to today’s CNN models by minimizing the 
number of parameters required for training. RCNX utilizes 3-staged feature detectors where the output of each 
primary capsule is relayed to the next feature detector. Each detector network is linked to its own DigitCaps, 
resembling an ensemble model. The class predictions from all the DigitCaps are then fed into a fully connected 
network ending with a sigmoid activation function. During testing, RCNX achieved an accuracy of 89.31%, and 
the evaluation model size is 1.58 million parameters. One limitation of the model is its susceptibility to 
overfitting, making it prone to issues like Gradient Disappearance and Explosion. Additionally, it faces 
challenges related to Difficulty in Hyperparameter Tuning. 
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Zi Wang Chengcheng Li Xiangyang Wang ”Convolutional Neural Network Pruning with Structural Redundancy 
Reduction” The University of Tennessee, Knoxville, TN, USA & Sun Yat-sen University, Guangzhou, China 8 
Apr 2021 [15]. To quantify redundancy, compute the l-covering number and quotient space size, and create a 
graph for each convolutional layer in a CNN. Once redundancy has been determined, remove unnecessary filters 
from layers. Channel pruning eliminates all of a network’s filters, negating the requirement for specialized 
hardware. The method focuses on calculating the amount of redundancy in each layer and removing certain 
filters from the layer(s) that are the most redundant. For this assessment, we create an undirected graph for every 
layer in which the vertices correspond to individual filters and the edges show the separations between filter 
weights. We measure the amount of redundancy in this graph using two metrics: the quotient space size and the 
l-covering number. These metrics serve as measurements of the redundancy within each layer. The results 
achieved are an increased accuracy of ResNet56 model by 0.37% and reduced FLOPs by 44.1%. Thus proving, 
Structural Redundancy Reduction pruning can improve accuracy and reduce FLOPs. 

Main Contributions of our study are summarized below: 
1. Created a new dataset of handwritten Japanese Kanji characters of 100 samples for 100 different 

characters, altogether total of 10000 labeled images which is publicly available.   
2. Presented a CapsNet variant model to recognize Japanese Kanji handwritten characters. The model is 

designed to recognize equivariant patterns present in Japanese Kanjis and a self-attention encoder which 
further improves the accuracy. 

3. Multiple researcher papers have discussed using CapsNet for OCR models, but none have tried it for 
Japanese Character. Also, by adding the encoder in CapsNet, we can improve the precision and add 
another layer for more accurate results. The HJKCR-CapsNet model is trained on Kmnist dataset as 
well as custom dataset of 100 characters. The model is successful in achieving higher accuracy than 
base CapsNet model. 

4. Proposed HJKCR achieves good recognition rate with low minimum loss as compared with other 
approaches found in literature survey.  

The paper is structured as follows: Section 4 discusses Proposed Methodology. The conclusion of the paper 
is given in Section 5. 

IV. PROPOSED METHODOLOGY 

In this paper, we discuss methods to improve the existing OCR deep learning model for Japanese Kanji 
Character recognition. 

 

Figure 2. HJKCR Model Architecture 

A. Convolution layer and feature extraction 
The Model Architecture is as shown in the Figure 2. The model consists of 2 convolution layers, followed by 
these convolution layers is an attention-based encoder which encodes the images. Followed by the Capsule 
layers. 
For control experiment with standard dataset of kmnist, 2 convolution layers are used without maxpooling. Input 
images are 28*28*1. We discovered that 6-7 convolution layers are most optimal. Input layer takes in an image 
of shape 128*128*1. After the final convolution layer is a self-attention layer [4]. This layer helps capture the 
salient features of the image and focus more on the important regions of the image.  
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B. Capsule-layer 
This layer consists of primary capsules which are convolution layers. The output of Primary capsule layer is 
calculated using the equation 1. Followed by Digit capsules, where multiple neurons work together to detect 
features.  

௜ݑ = ௜ݓ ∗  (1)                 ݔ

Where, ui is the pre-squashed output of capsule I, Wi is the weight matrix of the capsule I and x is the input from 
the previous layer.Followed by Digit capsules , where multiple neurons work together to detect features. Here 
each digit capsule is intended to express and identify higher-level and more complicated properties, especially in 
the context of tasks involving the classification of objects or the recognition of numbers[16, 17]. In the same 
layer, dynamic routing is implemented using a ”routing-by-agreement” algorithm which is based on the equation 
2 and equation 3. Equation 2 shows the softmax function for cij : 

ܿ௜௝ =  ൫ܾ௜௝൯    (2)ݔܽ݉ݐ݂݋ݏ

Equation 3 represents the calculation of sj : 
 

௝ݏ = ∑ ܿ௜௝⬚ݑ௜௜      (3) 

Where cij is coupling coefficient between capsule i and capsule j, bij is the log prior probability that capsule i 
should be coupled to capsule j and sj is the pre-squashed output of capsule j. 
In an iterative update process, each primary capsule "votes" for the DigitCaps it believes should be activated, and 
the DigitCaps capsules "agree" on the final routing weights based on these votes. After that, this is sent to the 
squash() function, which compresses the output vector between 0 and 1 [18, 19].The squash() function works on 
equation 4, Where vj is the squashed output of capsule j and sj is the pre-squashed output of capsule j. 

௝ݒ =
ฮ௦ೕฮ

మ

ଵାฮ௦ೕฮ
మ

௦ೕ
ฮ௦ೕฮ

     (4) 

 

C. Dynamic Routing(“Routing by Agreement”) 
In dynamic neural networks, neurons can iteratively change their connections based on the agreement or 
disagreement in their predictions, in contrast to traditional neural networks where information flow is determined 
by static weights Through this iterative process, capsules can focus on relevant details while disregarding noise, 
resulting in a more comprehensive understanding of the input. In general, dynamic routing makes it easier for a 
neural network to create representations that are more interpretable and context-aware, which enhances the 
network's capacity to handle complicated, hierarchical input. The proposed network cannot use the traditional 
multi-classification loss function since many classifications are allowed to exist at the same time and the 
probability value of the capsule network's output cannot be normalized [5].The margin loss that works well in 
CapsNet is given in following equation 5. 

௞ܮ = ௞ܶ ା݉,0)ݔܽ݉  − (௞‖ଶݒ‖ + 1)ߣ − ௞ܶ) ݉ܽݔ൫0,‖ݒ௞‖− ݉ି൯                       (5) 

Where Lk is the loss for capsule k, Tk is the binary indicator, m+ and m- are constants and ߣ is a weighting 
parameter. 

D. Parasite Pruning 
Every CNN layer has a second layer added by the parasitic method, which enables continual updates to 
pruned filters and gentle pruning [5]. This mechanism is divided into two stages: the pruning stage takes place in 
odd epochs while the recovery stage happens in even epochs. Following the pruning procedure, accuracy and 
optimization issues are addressed during the retraining of the original CNN to preserve its performance. Network 
efficiency can be maximized while maintaining functionality with the help of filter pruning. 

E. Magnitude Pruning  
Magnitude-based pruning is a method for making neural networks smaller and less complex [3]. Iteratively, it 
finds and eliminates less significant weights, usually those that fall below a predetermined threshold. Networks 
that have been pruned are adjusted to restore lost performance. This approach, nevertheless, runs the danger of 
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removing potentially significant weights too soon. The "Lottery Ticket Hypothesis," a related idea, postulates 
that a trained network may have a smaller subnetwork with appropriate weights that can equal the accuracy of 
the original network. By keeping a mask for selecting which weights to keep, dynamic network surgery 
improves the pruning procedure. In general, magnitude-based pruning maintains performance while optimizing 
network efficiency. 

F. Similarity-based Pruning 
Similarity-Based Pruning evaluates how similar neural network filters or weights are to one another. They use 
the inner product as a measure for similarity. Based on inner product values, it groups similar filters together 
[3,12]. The mean filter then replaces the group of comparable filters. It is discovered that this strategy retains 
accuracy better than the tiny filters trimming method, once an ideal value for the threshold for similarity is 
established.  

V. CONCLUSION 

In conclusion, this model can improve the existing OCR models by reducing the time complexity as well as 
space complexity of the model. It also deals with the invariance problem that occurs in traditional CNN models 
by using capsule networks. By applying pruning to the model, it also reduces the increased computation required 
by capsule networks while still retaining the same accuracy. 
For the future, HJKCR model can be trained multiple scripts such as Chinese, Korean, Devanagari, etc. 
Alongside different languages, HJKCR model can be scaled to identify and translate multiple characters or lines 
of characters. By applying pruning to complex models, we can also release efficient and cost-effective models 
for other OCR tasks. 
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