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ABSTRACT 
  

 

Handwritten Character Recognition Systems are the systems that are capable of identifying the 

symbols/characters drawn on graphical interface by hand using some input device. Online 

Handwriting Recognition System includes different stages, namely, Pre-processing, Feature 

Extraction, Classification and Recognizing. In Pre-processing phase, basic algorithms are used for 

segmentation of characters, centring/normalizing the coordinates of the character drawn, 

smoothing and slant correction etc. Feature Extraction is a process in which we try to extract only 

that relevant information from the pre-processed character that will be sufficient to classify the 

character drawn. It can be a low level feature or high level feature. Different classifiers are used to 

classify and recognize the symbol/character. This report presents a Convolutional Neural Network 

based Gurmukhi akshara recognition system which is trained using Stochastic Diagonal 

Lavenberg-Marquardt Backpropogation algorithm. Convolutional Neural Networks are analogous 

to neural networks having learnable weights and biases which evaluates raw digitized pixels to 

final winner class scores. A comprehensive recognition rate of 75.2% is achieved using 3-fold 

cross-validation strategy on a set of 10,500 images.  
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CHAPTER 1 

INTRODUCTION 

  

1.1 Handwritten Character Recognition Systems 

Handwritten Character Recognition Systems are the systems that are capable of identifying 

the patterns in an image or drawn using some input device like mouse, stylus etc on a 

computer screen, that follows the syntax and semantics of a language. These systems play 

very important role in our daily lives like identifying the house numbers displayed on board 

outside houses, scanning the car numbers, optical character recognition, reading the sign 

board etc. Lots of research work has been done on Recognition Systems. Different classifiers 

and feature extraction techniques have evolved which makes the recognition task easy. There 

is a need to study all these different classifiers and feature extraction techniques. For different 

languages as we do not get same recognition results when tested using a given classifier and a 

given feature extraction technique. If a system trained for English characters have shown 

99% efficiency using some xyz classifier, that classifier is not guaranteed to give same results 

for some other language. This difference is due to the variations in language syntax and 

semantics and also the variations in writing styles of different writers. Language like English 

have small and capital letters of each character, but this is not the case with languages like 

Hindi, Punjabi and Malayalam etc. This is the perfect example of variations in syntax and 

semantics of different languages. Every writer has one’s own writing styles, these variations 

also make the recognition task hard. We cannot train the system for all the styles and patterns 

possible for each and every character. 

 

Handwriting Recognition System includes different stages, namely, Pre-processing, Feature 

Extraction, Classification and Recognizing. In Pre-processing phase, basic algorithms are 

used for segmentation of characters, centring/normalizing the coordinates of the character 

drawn, smoothing and slant correction etc. Noises and distortions are also removed from the 

input data. Some of the basic pre-processing techniques are removing duplicate points, size 

normalisation, slant correction, interpolation, sampling, anti aliasing and slope corrections 

etc. [8].  Next to the pre-processing phase, a recognition system does the feature extraction. 

Features are defined as the information that a classifier needs to classify the dataset into 

different classes. Feature extraction is a process in which we try to extract only that relevant 
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information from the pre-processed character that will be sufficient to classify the character 

drawn. It can be a low level feature or a high level feature. Once the relevant features are 

extracted, different classifiers can be used to classify the symbol/character.  

 

Handwriting Recognition system are broadly classified into two categories – Online 

Handwriting Recognition system and Offline Handwriting Recognition system.  

 

Online Handwriting Recognition system takes the input from the mouse/pen/stylus 

movements on a digital device screen. The input data can be a stroke or a complete character. 

These systems have following phases as shown in Figure 1 [8]. 

 

 

Figure 1.  Phases in Online Handwritten Character Recognition 

 

Offline Handwriting Recognition system takes the input from the image and then processes 

the data to a form that can be used to classify it. Often, these systems are called as Optical 

Character Recognition Systems (OCRS). These systems have two major phases – Character 

Extraction and Character Recognition. 
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1.2 Gurmukhi Script 

 

The Punjabi language which is written using Gurmukhi script has its origin in Punjab, India 

and is among one of the 29 official languages spoken in India. Gurmukhi literally means 

‘from the mouth of the Guru’ and was initially used to record the sayings by Sikh Gurus. This 

script consists of 35 characters and this is the reason why this script is also called as Painti 

Akhri. There is no case sensitivity and is written from left to right in horizontal lines.  

 

The Gurmukhi character set is divided into various categories as shown in Figure 2 [6]. 

 

 

Figure 2. Complete Character Set of Gurmukhi 

 

1.3 Convolutional Neural Network 

Convolutional Neural Networks (ConvNets) are analogous to ordinary neural networks 

(NNs), comprised of neurons with learnable weights and biases. Each neuron computes dot 

product of the input and adds some bias to it.  

ConvNets have been used for developing handwritten character recognition systems owing to 

the following facts: 

 ConvNets extract significant features directly from the digitized images. 

http://www.sikhiwiki.org/index.php/Painti_Akhri
http://www.sikhiwiki.org/index.php/Painti_Akhri
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 A very little amount of pre-processing is required in ConvNets, as such this allows 

significant saving in computational cost. 

 ConvNets fuse together three architectural ideas, namely, local receptive fields, shared 

weights and spatial / temporal sub sampling. These in turn help in achieving robustness 

against some degree of shift, scale and distortion [1]. 

 ConvNets doesnot require knowledge of syntax or semantic structures of the language 

[3]. 

The building blocks of ConvNets are 3 types of layers: Convolution Layer, Max Pooling 

Layer and Fully Connected Layer. Different topologies of all these layers are designed to 

build a ConvNet. Each layer processes the 3D input and transforms it to 3D output through a 

differentiable function. 

 

1.3.1 Convolution Layer  

 

Each Convolution layer consists of learnable filters that pass through full height and width of 

the 3D input. As this learnable filter extends through the 3D input, it computes the dot 

product between the values of a raw pixel image and a filter values as shown in Figure 3 [32]. 

It produces a 2D activation map of that filter. All the 2D outputs produced along the height 

and width of the input, and along with the depth are stacked together to produce full output of 

the layer.  

 

Figure 3. Working of Neuron 

 

Local Connectivity: When working with the 3D input volume, it is impossible to connect all 

neurons to every previous layer’s neuron. Instead each neuron is connected to a small unit. 

The extent of this unit is called as receptive field. 

For example, if we have an input of size - 32×32×3 and receptive field is of size - 5×5, then 

every neuron will have 5×5×3 connections to the input as shown in Figure 4 [32]. 
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Figure 4. Local Connectivity 

Spatial Arrangement: This arrangement explains how many neurons are there in output and 

how they are arranged. There are 3 things that control the size of output volume. These are: 

Depth, Stride and Zero-padding. 

i. Depth: This controls the number of neurons in the output volume that will connect to 

same input. For example, if the convolution layer takes image as input, then different 

neurons will activate along the depth of the input depending on the different colour 

blobs of image. The set of neurons, working on the same unit of input, are referred as 

Depth Column. 

 

ii. Stride: It is defined as the step that is taken, when the filter is operating on the unit of 

the input along the height and width. For example, if we take stride as 1, the filter will 

jump along height/width with one step only. Higher stride value will result in less 

overlap and the output will be of small size. Conversely, lower stride results in heavy 

overlap and output generated is of bigger size.  

 

iii. Zero Padding: This feature also controls the output volume size. Suppose w is size of 

the input, f is size of receptive field and s is stride value then, output volume size (O) 

is calculated as  

O = [(w – f +2×p) / s]+1 

Where p is size of the zero padding used.  

 

For example, Output size (O) for input of size (w) = 5, stride (s) = 1 with zero padding 

(p) =1 is [(5 - 3 + 2) / 1]+1 = 5. Figure 5 [32] explains the output. 
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Neuron with receptive field (f) of 3. 

 

Figure 5. Dot Product of Input Vector and Receptive Field Vector with Stride = 1 

 

For the same input but stride (s) = 2, output size (O) is [(5 - 3 + 2) / 2]+1 = 3. 

 

 

Figure 6. Dot Product of Input Vector and Receptive Field Vector with Stride =  2 

 

1.3.2 Sub-Sampling Layer: 

 

Task of this layer is to reduce the size of input which helps in controlling over fitting. It 

reduces the resolution of the image as shown in Figure 7 [32]. 
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Figure 7. Working of Sub-Sampling layer 

 

A Pooling layer with filter size 2×2, down samples the input by 2 along the height and width 

of the input as shown in Figure 8 [32].  

 

 

Figure 8. Downsampling of 4x4 Vector 

1.3.3 Fully Connected layer:  

 

This layer’s neurons are connected to all the neurons of the previous layer. The output is 

computed as the matrix multiplication followed by addition of learnable bias to it. 

 

1.3.4 Stochastic Lavenberg Marquardt Backpropogation Algorithm 

 

Gradient based learning algorithm are of 2 types – Batch gradient and Stochastic gradient. In 

Batch gradient algorithms, parameters are updated once the exact gradients are calculated 

from the entire training dataset after training process. In stochastic mode, parameters are 

updated on the basis of a noisy gradient that is calculated using few samples of training 

dataset. These few samples are randomly selected from the entire dataset. Stochastic mode is 
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faster as compared to batch mode. The Stochastic Lavenberg Marquardt Backpropogation 

Algorithm is believed to converge faster as compared to the traditional version used without 

incurring additional cost. It also corrects the ill-functioning of the loss function. Owing to 

these reasons, we decided to train our system using stochastic learning mode. 

1.4 Literature Review 

Handwritten character recognition is an important issue in pattern recognition and a good 

amount of automation is required for this task. Bags of pre-processing, feature extraction and 

classification techniques have been evolved in past decades and calculable work has been 

done for character recognition of a number of languages. Following is the state of the art in 

the different phases of the recognition system. 

1.4.1 State of the Art in Pre-processing 

 

As discussed above, we have many steps to follow before we pass the data to classifier. 

Various algorithms have been proposed for pre-processing of the data which help to reduce 

the noise and increase the recognition results. According to Jeager et al. (2001), most 

commonly used pre-processing steps are size normalization, centering, interpolating missing 

points, smoothing, slant correction and resampling of points. While entering the data to 

system using pen/stylus, user may miss points. Unser et al. (1993) worked on inserting these 

missing points using Bezier insertion. Beigi et al. (1994) discussed the advantages of size 

normalization methods for online recognition systems.  Kavallieratou et al. (2002) worked on 

smoothing of the character. Hosny et al. (2011) worked on recognizing Arabic characters 

using four pre-processing techniques, namely, Removal of duplicate points, Interpolating 

points, Smoothing and Resampling. 

 

1.4.2 State of the Art in Feature Extraction 

 

Next to pre-processing, feature extraction is done. Lots of feature extraction techniques have 

evolved in past few years. Every script has its own features, so feature extraction techniques 

are also different for all the scripts. There is no standard that a particular feature extraction 

technique will give good results for a given script. Rocha et al. (1994) proposed a method to 

recognize multifont printed characters emphasizing on structural description of character 

shapes. Lehal et al. (2000) worked on recognition of machine printed Gurmukhi script 
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extracting two types of features – primary and secondary. Verma et al. (2004) combined 

basic features like structural and directional characteristic with zoning data into a single 

feature vector. This technique works irrespective of character size. 

 

1.4.3 State of the Art in Classification Techniques 

 

Veltman et al. (1994) used Hidden Markov Model (HMM) to recognize lower case English 

alphabets. They achieved the average error rate of 6.9%. 

 

Wakahara et al. (1997) used Stroke-based Affine Transformation (SAT) to recognize online 

cursive Kanji characters. Recognition rates of 98.4% and 96.0% are obtained on two types of 

test dataset, one written in cursive and other in square style. 

 

Zho et al. (1999) worked on recognition of handwritten numerals using Quantum Neural 

Networks, which is a combination of Neural Networks and Fuzzy principals. A recognition 

rate of 99.1% has been reported by them. 

  

Das et al. (2004) proposed a model for recognition of Bangla characters and numerals using 

Convex Hull based feature set. They obtained an accuracy of 76.9% on a dataset of 10,000 

samples of Bangla Characters and 99. 5% on a dataset of 12000 samples of Bangla numerals. 

 

Pal et al. (2007) experimented the modified quadratic classifier on Devanagari script. A 

comprehensive recognition rate of 94.2% is achieved using 5-fold cross-validation technique 

on a dataset of 36,172 handwritten characters. 

 

Alijila et al. (2012) used Neural Networks for recognition of isolated Arabic handwritten 

characters. A recognition rate of 95.7% on untrained writers’ dataset and 99.1% for trained 

writer’s dataset is reported.  

 

Jumanal et al. (2013) proposed a system to recognize online English characters using Genetic 

algorithm. The proposed algorithm is based on extracting spatial and temporal features from 

the character drawn. The system achieved an accuracy of 83.1% on a sample set of 5,200 

handwritten characters. 
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Jignesh et al. (2015) worked on recognition of offline English character recognition using 

ANN. Features are directly extracted from pixels. Backpropogation Neural Network is used 

for classification purpose. They have reported accuracy of --- in their work. 

 

1.4.4 State of Art in Gurmukhi Akshara Recognition Systems 

 

Lehal et al. (1999) developed a complete OCR system for printed Gurmukhi characters, 

which classifies data using multistage recognition process using K-NN and Binary tree. The 

system uses two types of feature sets, namely, primary and secondary. Number of loops and 

junctions come under primary feature set. The number of endpoints and their location is 

considered under secondary feature set. They have reported an accuracy of 97.3% in this 

work. Lehal et al. (2001) extended the work by proposing a model for post-processing. This 

post-processing model makes decisions according to Punjabi grammar rules. 

 

Sharma et al. (2008) implemented a recognition system for Gurmukhi aksharas using Elastic 

matching technique. The recognition is done in two stages. First stage evaluates the stroke. 

Second stage recognizes the character on the basis of stroke recognized in first stage. A 

recognition rate of 90.1% is achieved for 41 Gurmukhi characters. Sharma et al. (2009) 

extended this work proposing a new method for re-arrangement of recognized strokes for 

recognition of Punjabi words. Combinations of strokes and their re-arrangement were used to 

recognize words. The new system achieved the accuracy of 81.1% for a dataset of 2,576 

Gurmukhi words. 

 

Sharma et al. (2010) presented a HMM based Gurmukhi akshara recognition system. This 

system showed the accuracy of 91.9% for 2,460 samples of 41 Gurmukhi characters. 

 

Kumar et al. (2012) tested different Feature-Classifier combination for isolated Gurmukhi 

offline character recognition. They used Linear Support Vector Machine (SVM), Polynomial 

SVM, RBF-SVM and k-NN as classifiers. Different feature extraction techniques like zoning 

feature, diagonal feature, directional feature, and parabola curve fitting based features to 

build a feature vector for a character. The proposed system achieved a recognition rate of 

94.8%. 
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Sukhpreet et al. (2012) proposed a recognition system for isolated Gurmukhi characters using 

RBF-SVM as classifier and Gabor Filters as feature extraction technique. A cumulative 

recognition rate of 95.3% is achieved using 5-fold cross-validation technique on 7,000 

samples of 35 Gurmukhi characters. 

 

1.4.5 State of Art in Convolution Neural Network Based Recognition Systems 

 

Convolutional Neural Networks have been experimented on MNIST database consisting of 

70,000 samples of handwritten digits by LeCun et al. (1998). They reported an error rate of 

0.95%.  

Ahranjany et al. (2010) have tested ConvNets on extended IFH-CDB having 17,740 Farsi 

handwritten numerals and claimed an error rate of 0.83%.   

ConvNets have also been analysed on Hoda database of 80,000 samples of Persian 

handwritten digits by Zamim et al. (2015) achieving an error rate of 0.07%. 

1.5 Problem Statement  

The Punjabi language which is written using Gurmukhi script has been investigated 

thoroughly using many classifiers like Hidden Markov Model (HMM), Support Vector 

Machine (SVM), k-Nearest Neighbor (k-NN) and Neural Network (NN) etc. However, 

ConvNets have not been used for classification purpose for this script. The present study is 

undertaken with a focus on developing a Convolution Neural Network based recognition 

system for Gurmukhi script.  
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CHAPTER 2 

GURMUKHI AKSHARA RECOGNITION SYSTEM 

  
 
Our Gurmukhi Akshara Recognition System is trained to recognize 35 characters (shown in 

figure 9) of Gurmukhi script. To build the system, we performed three major activities, 

namely, Data Collection, Pre-processing, Training the ConvNet. 

 

Figure 9. Gurmukhi Characters 

2.1 Data Collection 

   To train our recognition system, we collected 100 isolated sample images of each character 

from native writers and the database of 200 images of each isolated character has also been 

included as used in Kumar et al. (2012). Thus, we had 300 isolated sample images of each 

Gurmukhi character. Figure 10 shows the small sample set of 5 handwritten Gurmukhi 

aksharas written by 8 different writers in different styles. 
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Figure 10. First Five Gurmukhi Aksharas Written by Eight Different Writers in their Different Styles 

2.2 Pre-processing 

Pre-processing is done to make the system robust against noises and different writing styles 

of different users. It also helps the easy learning with less parameter for the classifier thus, 

increasing the efficiency of any recognition system. The following are the pre-processing 

techniques applied:- 

 

2.2.1 Minimum Bounded Box Extraction 

 

    In the data collection phase, different users entered characters of different sizes, shapes and 

styles. Before we use this database to train our system, we have to remove all the pixels 

belonging to marginal areas and extract only that area that minimally bounds the character. 

The elimination of these unwanted pixels will result in variable size character images that 

need to be normalised in size. Table 1 shows five sample characters canned in bounded box 

removing all the unwanted margins. 
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Table 1. First Five Gurmukhi Aksharas Canned in Minimum Bounded Box 

Akshara written Character canned in bounded box 

 
 

  

 
 

 
 

  

   

2.2.2 Size Normalisation 

 

After the extraction of character canned in minimum bounded box, this area is cropped out 

and resized to maximum 20×20 pixels image maintaining the original aspect ratio. Size 

normalisation makes the training and testing data uniform and helps a lot in recognition [7]. 

The aspect ratio (R) of image is calculated as:- 

𝑅 = {    

𝑤

ℎ
, 𝑖𝑓 𝑤 < ℎ

ℎ

𝑤
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

 

   Here w and h are width and height of canned character. 

The resize factor (f), that will resize character to maximum of 20×20 pixels preserving the 

aspect ratio is calculated as:- 

    f = min (20/h, 20/w); 
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2.2.3 Zero Padding  

 

When the number of rows (or columns) in the bounding box is less than 20, we need to pad 

such an image with zeros. For example, when cropped image is of size 18×20, it is then 

padded with zeros to make it a square image of size 20×20. This 20×20 image is then padded 

with zeros to make it 28×28 pixel image. This padding is done for the reason that all the 

relevant features like edges and corners of the character will come into the centre of 

convolution layer’s receptive field area. Finally, the images are again padded with zeros to 

make it of 32×32 size. This is done to make input data compatible to LeNet-5 input layer. 

Table 2 shows five character images that are normalised in size and padded with zeros. 

 

Table 2. First Five Gurmukhi Aksharas Canned in Minimum Bounded Box are Cropped and Centered to 

28x28 Pixel Image. 

Character canned in bounded box Cropped and padded 28x28 image 

  

  

  

  

  

 

2.3 Training the LeNet-5  

LeNet-5 has 3 types of layers: Convolution layer, Subsampling layer, Fully connected layer 

arranged in following topology. 
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Input layer > Convolution layer (C1) > Subsampling layer (S2) > Convolution layer (C3) > 

Subsampling layer (S4) > Convolution layer (C5) > Fully connected layer (F6) > output 

layer. 

 

 LeNet-5 thus has total 6 layers when input layer and output layer are not counted. Figure 12 

shows the complete topology of LeNet-5 [1]. Each layer contains trainable weights and 

biases. The input layer takes input from 32×32 pixel image having the largest character size 

of 20×20 capsulated by zero padding. The 20×20 pixel size character is centred in 28×28 

window because of the reason that all the significant features like corners and edges come in 

the centre of receptive fields of Convolution layer. At last, the 28×28 image is padded with 

0’s to make it 32×32 pixel image. The pixel values are normalised to black for foreground 

pixels and white for background pixels.  

The first convolution layer - C1 has 6 feature maps of 28×28 with stride 1. Each 5×5 unit of 

the input layer is connected to 5×5 unit of C1 layer. 

The second sub sampling layer - S2 with 6 feature maps of 14×14 down samples the output of 

C1 layer. A unit of 2×2 of each feature map in C1 layer is connected to each feature map of 

S2 layer. This 2×2 receptive field is non-overlapping and the 4 inputs are added, multiplied 

by trainable coefficient and at last passed through the sigmoid function. 

The third convolution layer C3 has 16 feature maps of 10×10 connected to 5×5 unit of S2 

layer. Figure 11 shows the connection between S2 and C3 layer [1].  

 

Figure 11. LeNet-5 Architecture. 

 

The fourth sub sampling layer - S4 has 16 feature maps of 5×5. This layer again does the 

down sampling, which in turn reduces the resolution. Each unit of 2×2 of C3 layer is added, 

multiplied and passed through sigmoid function. 

 The fifth convolution layer - C5 has 120 feature maps. The unit of 5×5 of S4 layer feature 

maps is connected to each unit of C5 layer. 
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The sixth fully connected layer - F6 has 84 units and is fully connected to C5 layer. The input 

vector is multiplied to weight vector and bias is added. The output is then passed through a 

sigmoid squashing function. 

The whole network is trained using stochastic backpropogation algorithm as it converges 

faster as compared to any gradient based technique without incurring any additional cost [1]. 

The Backpropogation technique used for training LeNet-5 is Stochastic Diagonal Lavenberg-

Marquardt technique. 

 

Figure 12. Each Row Represents the Connection of C3 Layer Feature Maps to S2 Layer Feature Maps. 

 

After all the pre-processing is done, our database of 10,500 images is ready to train our 

recognition system. The network is trained using 7,000 images and tested on 3500 images 

using Stochastic Diagonal Lavenberg-Marquardt technique. The Hessian Diagonal re-

estimation is done after each iteration using randomly selected 500 samples from the training 

dataset. We keep on increasing the iterations until we get the convergence in error rate. 
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CHAPTER  3 

EXPERIMENTS AND RESULTS 

  
 
We performed several experiments in this work. Experiments are divided into two phases. In 

the first phase, we tested the ConvNets on first five Gurmukhi aksharas – ੳ, ਅ, ੲ, ਸ and ਹ. 

In the second phase, we tested the ConvNets on all 35 Gurmukhi aksharas – ੳ, ਅ, ੲ, ਸ, ਹ, 
ਕ, ਖ, ਗ, ਘ, ਙ, ਚ, ਛ, ਜ, ਝ, ਞ, ਟ, ਠ, ਡ, ਢ, ਣ, ਤ, ਥ, ਦ, ਧ, ਨ, ਪ, ਫ, ਬ, ਭ, ਮ, ਯ, ਰ, ਲ, ਵ and 
ੜ. Table 3 shows statistics on these experiments. 

 
Table 3. Experiment setup 

Experiment # # of training images  # of testing images 

Phase – 1 

Training for 5 Gurmukhi Aksharas 

1 25 25 

2 40 10 

3 1400 350 

Phase – 2 

Training for 35 Gurmukhi Aksharas 

4 1400 350 

5 2100 350 

6 2800 350 

7 3500 700 

8 7000 3500 
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3.1 Training the System for 5 Gurmukhi aksharas.  

Experiment -1  

In first experiment, we trained the system for only 5 Gurmukhi aksharas - ੳ, ਅ, ੲ, ਸ and ਹ 

using 25 images and tested it using 25 images. Training of the system is done till a 

convergence in error rate is obtained. In this experiment, system attained the convergence 

after 14 iterations and shows constant train/test error rate for next 20 iterations. For the next 5 

iterations, test error drops from 44.0% to 36.0%. Table 4 shows error rates on train and test 

dataset. Figure 13 shows the train and test error rate for every iteration. 

Table 4. Train and Test Error Rates for Experiment 1 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 24.0 36.0 

2 0.0005 36.0 48.0 

3 0.0002 32.0 72.0 

4 0.0002 0.0 36.0 

5 0.0002 0.0 28.0 

6 0.0001 0.0 36.0 

7 0.0001 0.0 36.0 

8 0.0001 0.0 40.0 

9 0.00005 0.0 44.0 

10 0.00005 0.0 44.0 

11 0.00005 0.0 40.0 

12 0.00005 0.0 40.0 
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13 0.00001 0.0 40.0 

14 0.00001 0.0 40.0 

15 0.00001 0.0 44.0 

16 0.00001 0.0 44.0 

17 0.00001 0.0 44.0 

18 0.00001 0.0 44.0 

19 0.00001 0.0 44.0 

20 0.00001 0.0 44.0 

21 0.00001 0.0 44.0 

22 0.00001 0.0 44.0 

23 0.00001 0.0 44.0 

24 0.00001 0.0 44.0 

25 0.00001 0.0 44.0 

26 0.00001 0.0 44.0 

27 0.00001 0.0 44.0 

28 0.00001 0.0 44.0 

29 0.00001 0.0 44.0 

30 0.00001 0.0 44.0 

31 0.00001 0.0 44.0 

32 0.00001 0.0 44.0 



22 
 

33 0.00001 0.0 44.0 

34 0.00001 0.0 44.0 

35 0.00001 0.0 44.0 

36 0.00001 0.0 40.0 

37 0.00001 0.0 40.0 

38 0.00001 0.0 40.0 

39 0.00001 0.0 40.0 

40 0.00001 0.0 36.0 

 

 

Figure 13. Misclassification Rate on Train and Test Dataset of Experiment – 1 

The test error rate of 36% means 9 out of 25 images were misclassified. Table 5 shows 

misclassified characters with number of times they are misclassified.   

Table 5. Misclassified Characters 

Target Character # of times misclassified 

ੳ  4 

ਅ 2 

ੲ 1 

ਸ 1 
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ਹ 1 

 

Experiment - 2  

To check if we can get good results by increasing the size of training dataset, we trained the 

system using 40 training images and tested using 10 testing images. The system attained the 

convergence after 14 iterations showing 0.0% train error rate and 10.0% test error rate.  The 

10% test error rate means 1 out of 10 testing images is misclassified. Only ‘ਅ’ is 

misclassified once. Table 5 shows error rates on train and test dataset. Figure 14 shows the 

train and test error rate for every iteration. 

Table 6. Train and Test Error Rate for Experiment-2 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 
20.0 40.0 

2 0.0005 
37.0 50.0 

3 0.0002 
42.0 60.0 

4 0.0002 
17.0 30.0 

5 0.0002 
15.0 10.0 

6 0.0001 
0.0 10.0 

7 0.0001 
5.0 20.0 

8 0.0001 
2.0 20.0 

9 0.00005 
7.0 40.0 

10 0.00005 
0.0 20.0 

11 0.00005 
0.0 10.0 

12 0.00005 
2.5 20.0 
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13 0.00001 
0.0 20.0 

14 0.00001 
0.0 20.0 

15 0.00001 
0.0 10.0 

16 0.00001 
0.0 10.0 

17 0.00001 
0.0 10.0 

18 0.00001 
0.0 10.0 

19 0.00001 
0.0 10.0 

20 0.00001 
0.0 10.0 

21 0.00001 
0.0 10.0 

22 0.00001 
0.0 10.0 

23 0.00001 
0.0 10.0 

24 0.00001 
0.0 10.0 

25 0.00001 
0.0 10.0 

 

Figure 14. Misclassification Rate on Train and Test Dataset of Experiment – 2 

 

Experiment – 3  
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In third experiment, we increased the training dataset size to 200 images and testing dataset to 

50 images. The system attained the convergence after 13 iterations. By increasing the training 

dataset size to 200 images, the test error rate drops to 2.0%.  Table 7 shows error rates on 

train and test dataset. Figure 15 shows the train and test error rate  for every iteration. 

Table 7.Train and Test Error Rate for Experiment-3 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 29.0 38.0 

2 0.0005 2.0 0.0 

3 0.0002 3.0 2.0 

4 0.0002 1.0 2.0 

5 0.0002 1.0 10.0 

6 0.0001 3.0 0.0 

7 0.0001 3.0 6.0 

8 0.0001 12.0 12.0 

9 0.00005 2.0 2.0 

10 0.00005 2.0 2.0 

11 0.00005 0.0 6.0 

12 0.00005 0.0 2.0 

13 0.00001 0.0 0.0 

14 0.00001 0.0 2.0 

15 0.00001 0.0 2.0 

16 0.00001 0.0 2.0 
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17 0.00001 0.0 2.0 

18 0.00001 0.0 2.0 

19 0.00001 0.0 2.0 

20 0.00001 0.0 2.0 

21 0.00001 0.0 2.0 

22 0.00001 0.0 2.0 

23 0.00001 0.0 2.0 

24 0.00001 0.0 2.0 

25 0.00001 0.0 2.0 

 

 

Figure 15. Misclassification Rate on Train and Test Dataset of Experiment – 3 

 

The 2.0% test error rate means 1 out of 50 images were misclassified. Only ‘ਅ’is 

misclassified once. 

3.2 Training the System for 35 Gurmukhi aksharas 

In the second phase, the system is trained for all 35 Gurmukhi aksharas. The training and 

testing dataset is increased in every experiment to check how the efficiency is affected.  
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Experiment – 4 

 

Training of the system is done with 1400 training and 350 testing images. Misclassification 

rate of 19.0% on train data and 33.7% on test data is achieved. Training of the system is done 

till the convergence in error rate is obtained. After the system is trained for 20 iterations, the 

test error rate increases due to over training. Table 8 shows error rates on train and test 

dataset. Figure 16 shows the train and test error rate  for every iteration. 

Table 8. Train and Test Error Rates for Experiment - 4 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 89.9 91.7 

2 0.0005 77.6 82.8 

3 0.0002 82.7 82.0 

4 0.0002 50.7 54.8 

5 0.0002 63.2 69.1 

6 0.0001 52.2 59.4 

7 0.0001 62.8 73.1 

8 0.0001 49.9 58.8 

9 0.00005 47.0 54.8 

10 0.00005 44.0 55.4 

11 0.00005 54.7 66.7 

12 0.00005 41.5 50.0 

13 0.00001 45.1 57.4 
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14 0.00001 33.6 48.2 

15 0.00001 37.5 48.5 

16 0.00001 21.1 37.1 

17 0.00001 20.1 33.4 

18 0.00001 20.2 33.4 

19 0.00001 18.2 32.8 

20 0.00001 19.0 33.7 

 

 

Figure 16. Misclassification Rate on Train and Test Dataset of Experiment – 4 

Characters that are shown bold in table 9 are mostly misclassified by ConvNets. Table 10 

shows these misclassified characters with the characters, they are confused with. 

 

Table 9. Number of Times the Gurmukhi Characters are Misclassified in Experiment - 4 

Target # of times 

misclassified 

Target # of times 

misclassified 

Target # of times 

misclassified 

ੳ 0 ਜ 4 ਨ 1 

ਅ 6 ਝ 4 ਪ 4 
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ੲ  4 ਞ 9 ਫ  4 

ਸ 2 ਟ 1 ਬ 3 

ਹ 3 ਠ 5 ਭ 7 

ਕ 0 ਡ 4 ਮ 2 

ਖ 5 ਢ 3 ਯ 5 

ਗ 2 ਣ 1 ਰ 9 

ਘ 3 ਤ  1 ਲ 4 

ਙ 2 ਥ 6 ਵ 4 

ਚ 1 ਦ 2 ੜ 2 

ਛ 0 ਧ 2 - - 

*Target characters in bold are most misclassified characters 

 

Table 10. Target Characters with Characters , They are Confused with. 

Target Character Misclassified with 

ਅ ਘ , ਯ 

ਖ ਯ 

ਞ ਵ 
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ਠ ਣ, ੜ 

ਥ ਕ ,ਧ 

ਭ ਛ, ਣ 

ਯ ਘ , ਪ 

ਰ ੜ 

Experiment – 5 

 

Training of the system is done with 2100 training and tested with 350 images. 

Misclassification rate of 16.9% on train data and 23.9% on test data is achieved. Table 11 

shows error rates on train and test dataset. Figure 17 shows the train and test error rate for 

every iteration. 

Table 11. Train and Test Error Rate for Experiment - 5 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 90.5 92.5 

2 0.0005 66.7 66.0 

3 0.0002 53.0 57.3 

4 0.0002 57.5 56.7 

5 0.0002 68.1 68.5 

6 0.0001 69.7 74.2 

7 0.0001 54.7 64.0 

8 0.0001 49.1 54.5 
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9 0.00005 41.4 47.3 

10 0.00005 48.9 56.5 

11 0.00005 47.9 56.5 

12 0.00005 47.9 54.2 

13 0.00001 29.9 41.7 

14 0.00001 31.5 38.2 

15 0.00001 41.5 49.1 

16 0.00001 20.4 26.0 

17 0.00001 18.4 26.8 

18 0.00001 17.2 24.2 

19 0.00001 16.1 26.0 

20 0.00001 15.2 24.8 

21 0.00001 15.0 25.1 

22 0.00001 14.1 24.5 

23 0.00001 14.0 23.7 

24 0.00001 22.4 30.8 

25 0.00001 33.3 38.2 

26 0.00001 29.5 36.0 

27 0.00001 26.9 34.0 

28 0.00001 26.9 34.0 

29 0.00001 22.9 30.2 
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30 0.00001 21.3 29.4 

31 0.00001 21.2 28.8 

32 0.00001 20.3 28.0 

33 0.00001 19.1 28.8 

34 0.00001 18.9 27.4 

35 0.00001 18.8 26.2 

36 0.00001 19.4 36.2 

37 0.00001 18.1 25.8 

38 0.00001 17.5 27.4 

39 0.00001 17.2 27.1 

40 0.00001 17.3 27.1 

41 0.00001 16.3 28.2 

42 0.00001 15.9 27.8 

43 0.00001 15.6 26.0 

44 0.00001 23.7 31.1 

45 0.00001 20.1 30.2 

46 0.00001 18.7 29.4 

47 0.00001 18.2 26.0 

48 0.00001 17.2 25.1 

49 0.00001 16.9 25.8 

50 0.00001 16.4 28.5 
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51 0.00001 17.7 26.8 

52 0.00001 16.7 26.0 

53 0.00001 16.4 27.1 

54 0.00001 15.6 27.4 

55 0.00001 15.4 26.8 

56 0.00001 16.3 28.8 

57 0.00001 15.8 26.4 

58 0.00001 14.2 28.5 

59 0.00001 13.2 25.4 

60 0.00001 13.5 26.2 

61 0.00001 13.8 25.2 

62 0.00001 13.8 24.5 

63 0.00001 13.5 25.4 

64 0.00001 13.3 23.2 

65 0.00001 16.9 24.9 
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Figure 17. Misclassification Rate on Test and Train Dataset of Experiment - 5 

 

The test error rate of 24% means 84 out of 350 images are misclassified. Characters that are 

shown bold in table 12 are mostly misclassified by ConvNets. Table 13 shows these 

misclassified characters with the characters, they are confused with. 

 

 

 

Table 12. Number of Times the Gurmukhi Characters are Misclassified in Experiment - 5 

Target 
# of times 

misclassified 
Target 

# of times 

misclassified 
Target 

# of times 

misclassified 

ੳ 0 ਜ 3 ਨ 2 

ਅ 2 ਝ 3 ਪ 2 

ੲ 3 ਞ 5 ਫ 2 

ਸ 6 ਟ 1 ਬ 2 

ਹ 2 ਠ 1 ਭ 1 

ਕ 1 ਡ 3 ਮ 2 
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ਖ 5 ਢ 1 ਯ 1 

ਗ 0 ਣ 1 ਰ 6 

ਘ 3 ਤ 0 ਲ 4 

ਙ 5 ਥ 8 ਵ 6 

ਚ 2 ਦ 0 ੜ 2 

ਛ 2 ਧ 2 - - 

*Target characters in bold are most misclassified characters 

 

Table 13. Target Characters with Characters, They are Confused with. 

Target Character Misclassified with 

ਸ ਗ 
ਖ ਥ 
ਙ ਝ 
ਞ ਵ 
ਥ ਕ ,ਧ 
ਰ ੜ, ਚ 
ਵ ਞ 

 

Experiment – 6 

 

Training of the system is done with 2800 training and tested with 700 images. 

Misclassification rate of 13.2% on train data and 23.5% on test data is achieved. System is 

trained for 90 iterations. Table 14 shows error rates on train and test dataset. Figure 18 shows 

the train and test error rate for every iteration. 
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Table 14. Train and Test Error Rate for Experiment - 6 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 26.5 34.7 

2 0.0005 21.2 28.7 

3 0.0002 13.7 25.0 

4 0.0002 12.8 24.2 

5 0.0002 24.0 28.2 

6 0.0001 15.1 27.4 

7 0.0001 13.6 23.7 

8 0.0001 9.6 22.5 

9 0.00005 25.6 33.9 

10 0.00005 16.8 27.1 

11 0.00005 14.9 26.3 

12 0.00005 15.2 23.8 

13 0.00001 12.0 25.3 

14 0.00001 22.7 30.5 

15 0.00001 16.3 25.6 

16 0.00001 10.5 22.3 

17 0.00001 10.2 21.3 

18 0.00001 10.6 21.6 
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19 0.00001 11.2 21.4 

20 0.00001 11.2 21.5 

21 0.00001 10.5 21.5 

22 0.00001 14.1 24.8 

23 0.00001 12.5 23.1 

24 0.00001 12.5 22.7 

25 0.00001 13.2 23.5 

.

 

Figure 18. Misclassification Rate on Train and Test Dataset of Experiment – 6 

 

The test error rate of 24% means 168 out of 700 images are misclassified. Characters that are 

shown bold in table15 are mostly misclassified by ConvNets. Table 16 shows these 

misclassified characters with the characters, they are confused with. 

 

Table 15. Number of Times the Gurmukhi Characters are Misclassified in Experiment - 6. 

Target 
# of times 

misclassified 
Target 

# of times 

misclassified 
Target 

# of times 

misclassified 

ੳ 0 ਜ 3 ਨ 3 
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ਅ 2 ਝ 3 ਪ 5 

ੲ 3 ਞ 7 ਫ 8 

ਸ 11 ਟ 4 ਬ 5 

ਹ 5 ਠ 4 ਭ 5 

ਕ 0 ਡ 7 ਮ 3 

ਖ 6 ਢ 5 ਯ 5 

ਗ 3 ਣ 5 ਰ 10 

ਘ 6 ਤ 8 ਲ 5 

ਙ 7 ਥ 4 ਵ 7 

ਚ 1 ਦ 6 ੜ 2 

ਛ 0 ਧ 8 - - 

*Target characters in bold are most misclassified characters 

 

Table 16 . Target Characters with Characters, They are Confused with. 

Target Character Misclassified with 

ਸ ਗ, ਮ 
ਖ ਥ 
ਘ ਮ 
ਞ ਵ 
ਡ ੜ, ਤ 
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ਢ ਦ, ਚ 
ਤ ੜ 
ਦ ਢ 
ਧ ਥ, ਪ 
ਫ ਟ, ਰ 
ਬ ਛ, ਜ 

ਭ ਤ 

ਯ ਘ 
ਰ ਹ 
ਲ ਠ 
ਵ ਞ 

 

Experiment – 7 

 

Training of the system is done with 3500 training and tested with 700 images. Efficiency of 

the system is calculated using 6-fold cross-validation strategy. A comprehensive recognition 

rate of 74.5% is achieved. System is trained for 100 iterations for all 6 validations. Table 17-

22 shows error rates on train and test dataset of all 6 validation tests. Figure 19-24 shows the 

train and test error rate  for every iteration of all 6 validation tests. 

Table 17. Train and Test Error Rate for Experiment – 7 (validation - 1) 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 19.6 36.5 

2 0.0005 23.1 36.0 

3 0.0002 23.0 30.0 

4 0.0002 17.6 34.8 

5 0.0002 16.8 34.2 

6 0.0001 14.3 31.7 

7 0.0001 17.0 31.3 
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8 0.0001 16.9 31.2 

9 0.00005 12.8 30.6 

10 0.00005 12.1 29.7 

11 0.00005 11.1 28.1 

12 0.00005 10.6 28.5 

13 0.00001 10.3 27.5 

14 0.00001 10.1 26.4 

15 0.00001 10.6 28.5 

16 0.00001 11.0 28.5 

17 0.00001 10.9 29.0 

18 0.00001 10.4 29.4 

19 0.00001 10.7 29.5 

20 0.00001 10.3 29.1 

 

 

Figure 19. Misclassification Rate on Train and Test Dataset of Experiment – 7 (Validation - 1) 
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Table 18. Train and Test Error Rate for Experiment – 7 (validation - 2) 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 17.2 33.2 

2 0.0005 17.3 34.1 

3 0.0002 12.3 29.1 

4 0.0002 11.6 28.4 

5 0.0002 10.1 27.8 

6 0.0001 8.6 27.7 

7 0.0001 7.8 27.7 

8 0.0001 8.1 27.0 

9 0.00005 8.1 27.0 

10 0.00005 7.8 27.3 

11 0.00005 8.0 27.0 

12 0.00005 11.8 29.3 

13 0.00001 8.9 27.4 

14 0.00001 8.6 27.2 

15 0.00001 8.4 27.4 

16 0.00001 8.6 27.3 

17 0.00001 9.3 26.8 

18 0.00001 9.2 27.1 
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19 0.00001 9.0 27.5 

20 0.00001 8.9 27.3 

 

 

Figure 20. Misclassification Rate on Train and Test Dataset of Experiment – 7 (validation - 2) 

 

Table 19. Train and Test Error Rate for Experiment – 7 (validation - 3) 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 25.3 31.3 

2 0.0005 24.8 32.6 

3 0.0002 17.4 25.6 

4 0.0002 15.1 25.0 

5 0.0002 15.8 25.3 

6 0.0001 15.4 24.5 

7 0.0001 13.9 24.8 

8 0.0001 13.1 24.1 

9 0.00005 12.2 24.0 
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10 0.00005 12.3 23.7 

11 0.00005 13.7 24.3 

12 0.00005 12.7 23.3 

13 0.00001 12.4 23.4 

14 0.00001 12.2 23.6 

15 0.00001 12.4 23.2 

16 0.00001 12.0 23.3 

17 0.00001 12.3 23.4 

18 0.00001 12.1 23.1 

19 0.00001 11.6 23.6 

20 0.00001 11.7 23.5 

 

 

 

Figure 21. Misclassification Rate on Train and Test Dataset of Experiment – 7 (validation - 3) 

‘ 
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Table 20. Train and Test Error Rate for Experiment – 7 (validation - 4). 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 21.3 29.5 

2 0.0005 23.4 31.2 

3 0.0002 16.2 26.1 

4 0.0002 14.5 25.4 

5 0.0002 15.4 25.3 

6 0.0001 12.4 23.3 

7 0.0001 11.2 22.3 

8 0.0001 10.5 23.2 

9 0.00005 9.6 22.1 

10 0.00005 9.3 21.7 

11 0.00005 9.0 22.0 

12 0.00005 9.3 22.1 

13 0.00001 8.9 22.0 

14 0.00001 8.7 22.6 

15 0.00001 8.7 22.4 

16 0.00001 8.6 22.5 

17 0.00001 8.6 22.2 

18 0.00001 8.7 22.5 

19 0.00001 8.6 22.4 
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20 0.00001 8.7 22.4 

 

 

Figure 22. Misclassification Rate on Train and Test Dataset of Experiment – 7 (Validation - 4) 

 

Table 21. Train and Test Error Rate for Experiment – 7 (validation - 5) 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 21.3 28.3 

2 0.0005 18.5 28.4 

3 0.0002 14.2 23.8 

4 0.0002 14.2 23.7 

5 0.0002 14.1 23.7 

6 0.0001 11.7 23.2 

7 0.0001 11.0 22.0 

8 0.0001 11.4 21.6 

9 0.00005 11.1 22.3 

10 0.00005 10.3 21.7 
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11 0.00005 10.0 21.5 

12 0.00005 10.4 22.1 

13 0.00001 10.0 22.5 

14 0.00001 10.1 21.7 

15 0.00001 9.8 21.5 

16 0.00001 9.6 21.4 

17 0.00001 9.0 21.3 

18 0.00001 9.5 20.9 

19 0.00001 9.3 21.4 

20 0.00001 9.4 20.7 

 

 

Figure 23. Misclassification Rate on Train and Test Dataset of Experiment – 7 (Validation - 5) 

 

Table 22. Train and Test Error Rate for Experiment – 7 (validation - 6). 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 20.6 35.2 
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2 0.0005 17.6 33.7 

3 0.0002 11.8 31.0 

4 0.0002 13.7 30.6 

5 0.0002 12.6 29.8 

6 0.0001 10.5 29.3 

7 0.0001 9.8 28.8 

8 0.0001 12.5 31.5 

9 0.00005 10.5 30.8 

10 0.00005 10.7 30.2 

11 0.00005 10.0 28.8 

12 0.00005 9.5 30.1 

13 0.00001 9.1 31.1 

14 0.00001 8.9 30.1 

15 0.00001 8.9 30.6 

16 0.00001 8.7 29.4 

17 0.00001 8.7 29.5 

18 0.00001 8.5 29.7 

19 0.00001 9.1 30.6 

20 0.00001 8.7 30.1 
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Figure 24. Misclassification Rate on Train and Test Dataset of Experiment – 7 (Validation - 6) 

 

Table 23 Misclassified Characters 

Target Character Misclassified with 

ਅ ਘ , ਯ 

ਖ ਯ,ਥ 

ਞ ਵ 

ਠ ਣ, ੜ 

ਥ ਕ ,ਧ 

ਭ ਛ, ਣ 

ਯ ਘ , ਪ 

ਰ ੜ 

ਸ ਗ 

 

Experiment – 8 

 

Training of the system is done with 7000 training and tested with 3500 images. Efficiency of 

the system is calculated using 3-fold cross-validation strategy. A comprehensive recognition 

rate of 75.2%  is achieved. System is trained for 150 iterations for all 3 validations. Table 24-

26 shows error rates on train and test dataset of all 3 validation tests. Figure 25-27 shows the 

train and test error rate for every iteration of all 3 validation tests. 

Table 24. Train and Test Error Rate for Experiment – 8 (Validation - 1). 

Iterations Eta Train Error Rate % Test Error Rate % 
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1 0.0005 18.5 33.6 

2 0.0005 19.1 32.2 

3 0.0002 11.2 27.8 

4 0.0002 10.6 27.3 

5 0.0002 8.7 27.5 

6 0.0001 7.7 27.1 

7 0.0001 7.7 27.1 

8 0.0001 7.0 27.2 

9 0.00005 6.0 26.0 

10 0.00005 6.1 26.9 

11 0.00005 5.8 26.5 

12 0.00005 7.8 25.5 

13 0.00001 7.6 25.5 

14 0.00001 7.5 25.3 

15 0.00001 7.3 25.3 

16 0.00001 8.6 27.0 

17 0.00001 8.3 27.0 

18 0.00001 8.2 27.2 

19 0.00001 8.0 26.3 

20 0.00001 7.9 26.4 
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Figure 25. Misclassification Rate on Train and Test Dataset of Experiment – 8 (Validation - 1) 

 

 

Table 25. Train and Test Error Rate for Experiment – 8 (validation - 2) 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 17.9 27.4 

2 0.0005 18.9 29.1 

3 0.0002 12.6 23.6 

4 0.0002 17.3 27.1 

5 0.0002 14.8 26.8 

6 0.0001 11.7 24.2 

7 0.0001 10.9 23.6 

8 0.0001 10.4 23.7 

9 0.00005 9.6 20.3 

10 0.00005 9.4 22.8 

11 0.00005 88.8 22.5 

12 0.00005 8.9 22.7 
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13 0.00001 8.4 22.4 

14 0.00001 8.3 22.2 

15 0.00001 8.4 22.4 

16 0.00001 8.4 22.1 

17 0.00001 8.3 22.3 

18 0.00001 8.2 22.3 

19 0.00001 8.2 22.1 

20 0.00001 8.1 22.5 

 

 

Figure 26. Misclassification Rate on Train and Test Dataset of Experiment – 8 (Validation - 2) 

 

 

Table 26. Train and Test Error Rate for Experiment – 8 (validation - 3) 

Iterations Eta Train Error Rate % Test Error Rate % 

1 0.0005 20.9 26.7 

2 0.0005 16.3 27.4 

3 0.0002 13.3 27.1 
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4 0.0002 11.1 25.0 

5 0.0002 13.4 26.9 

6 0.0001 11.5 26.4 

7 0.0001 10.3 25.4 

8 0.0001 9.6 24.7 

9 0.00005 8.6 26.0 

10 0.00005 8.3 25.0 

11 0.00005 8.2 24.4 

12 0.00005 8.1 24.1 

13 0.00001 7.9 25.4 

14 0.00001 7.7 25.0 

15 0.00001 7.7 25.0 

16 0.00001 8.6 24.5 

17 0.00001 9.0 25.0 

18 0.00001 8.6 25.1 

19 0.00001 8.3 24.7 

20 0.00001 8.2 24.7 
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Figure 27. Misclassification Rate on Train and Test Dataset of Experiment – 8 (Validation -3) 

Table 27 shows the misclassified characters with the characters they are confused with the 

most. 

Table 27. Misclassified Characters 

Target Misclassified with 

ੲ ਟ 

ਸ ਮ, ਗ, ਥ 

ਹ ਰ 

ਕ ਰ, ਭ 

ਖ ਥ, ਮ 
ਗ ਸ, ਮ 
ਙ ਝ 
ਜ ਚ 
ਵ ਵ 
ਟ ਠ, ੲ, ਨ 
ਠ ਟ 
ਡ ਤ 
ਦ ਢ 
ਤ ਭ, ਡ 
ਥ ਖ 

 
On analyzing Table 27, Gurmukhi character similar in shape is mostly misclassified.  
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CHAPTER 4 

CONCLUSION AND FUTURE SCOPE 

  
 
 
In my dissertation work, ConvNets based recognition system for Gurmukhi script is 

presented. This system has achieved reasonably good recognition results without using large 

amount of preprocessing and complicated feature extraction techniques. In all the 

experiments conducted, this has been concluded that, by increasing the size of training data 

the efficiency of the system increases. As future work, one can explore increasing the 

recognition accuracy. This can probably be achieved by following ways: 

i. Growing the size of the training database. 

ii. By using other backpropogation learning algorithm for the ConvNets.  

iii. Fusion of two or three ConvNets trained could be used and then decision is made on 

basis of average scores calculated by these ConvNets. 

As our system is trained for only 35 Gurmukhi characters, One can also explore the 

possibility of recognizing other Gurmukhi symbols including matras and numerals. Currently, 

there is no post-processor model is implemented for our system. A post processing model that 

combines Gurmukhi aksharas to words can also be explored in future. Presently, Character 

size in the training and testing images are of 20×20 centered in 32×32. He et al. (2005) 

experimented with 26×26 character size centered in 32×32 and was successful in increasing 

the recognition rate. One can try to do resizing of all training and testing images to 26×26 

centered in 32×32 and then training the network. 
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