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Abstract: Semantic understanding of camera-captured scene text images is an important problem in computer vision. 

Scene character recognition is the pivotal task in this problem, and deep learning is now-a-days the most prospective 

approach. However, limited sample-size of scene character datasets appear to be a major hindrance for training deep 

networks. In this paper, we present (i) various augmentation techniques for increasing the sample size of such datasets 
along with associated insights, (ii) an extended version of the popular Chars74k dataset (herein referred to as E-

Chars74k), and (iii) the benchmark performance on the developed E-Chars74k dataset. Experiments on various sets of 

data such as digits, alphabets and their combination, belonging to the usual as well as wild scenarios, clearly reflect 

significant performance gain (20%-30% increase in scene character recognition accuracy). It is noteworthy to mention 

that in all these experiments, a deep convolutional neural network powered with two conv-pool pairs is trained with the 

uniform training test partition to foster comparison on equal bench. 

 

Index Terms: Scene Character Recognition, Deep Learning, CNN, Augmentation, Chars74k Dataset 

 

 

1. Introduction 

Character recognition is an extensively studied problem in pattern recognition and image processing. However, 

scene character recognition is a relatively new problem that emerged with the unprecedented progress in scene text 

detection with the advent of deep learning [1]. Unlike conventional character recognition, classification of dissected 

scene characters is significantly challenging due to complex foreground-background, partial overlapping, and variation 

in font characteristics, translated position, and different degradation as well as distortion issues, some of which are 

reflected in Fig. 1. Traditional Optical Character Recognition (OCR) systems usually do not take care of these issues as 

they have focused mainly on optically scanned characters of document images obtained with flatbed scanners. It is 

noteworthy that scene character recognition is an essential phase in scene text reading systems. Due to the non-contact 

and freehold nature of built-in digital cameras, scene text images are mostly camera-captured images that often carry 

meaningful information like address, phone number, description, etc. [2]. Automatic retrieval of textual information 
from such images may ease human lifestyle. Some of its applications include cell phone navigator, phone number 

collection, scene text translation, etc.  

https://www.bing.com/ck/a?!&&p=adc0252d791b9e5dbe47d638f0a301e0a9e57d3ba883f937517f0a75f36d4379JmltdHM9MTc0NzY5OTIwMA&ptn=3&ver=2&hsh=4&fclid=23f0804e-749b-622b-02fe-952f752963fd&u=a1L21hcHM_Jm1lcGk9MTA5fn5Ub3BPZlBhZ2V-QWRkcmVzc19MaW5rJnR5PTE4JnE9QnJhaW53YXJlJTIwVW5pdmVyc2l0eSZzcz15cGlkLllONDA3MHgzNDAzODQwMjk5NjQ1NzYzNTImcHBvaXM9MjIuNzMxOTkwODE0MjA4OTg0Xzg4LjQ5OTc4NjM3Njk1MzEyX0JyYWlud2FyZSUyMFVuaXZlcnNpdHlfWU40MDcweDM0MDM4NDAyOTk2NDU3NjM1Mn4mY3A9MjIuNzMxOTkxfjg4LjQ5OTc4NiZ2PTImc1Y9MSZGT1JNPU1QU1JQTA&ntb=1
mailto:payel9433@gmail.com
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Considering the diversity of challenges involved in scene character recognition, it is a standalone research task 

wherein more attention from the research fraternity is imperative. According to a study [3], scene character recognition 

methods may be grouped into (i) direct recognition [5], (ii) word image classification [6], (iii) end-to-end recognition 

through text detection and recognition [7], (iv) sequence-based recognition [8], and (v) hybrid recognition [9]. While 

the problem of scene character recognition is nascent, it has been mainly studied as part of text detection and 

recognition methods. Only a few works may be found to focus on the recognition of individual scene characters 

dissected from scene word images, and in general, these methods have analyzed their performance separately on digits, 

alphabets, and a combination of them. Though many scene word datasets [10, 11, 12, 13] are available, scene character 

datasets [14,15] are not available in plenty. As deep learning methods often yield extraordinary performance compared 

to classical hand-crafted feature-based shallow classifiers, such methods are increasingly applied in many image 

classification tasks [16]. Deep learning methods usually require massive amounts of data for proper training and 
prediction. However, the size of the scene character dataset(s) must be increased for deep networks.  

In the ICDAR 2003 dataset [14], there are only 6,185 character-images for training and 5,430 characters for testing. 

However, these samples are not grouped class-wise. Chars74k [15], on the other hand, is a composite dataset of 

diversified characters. Without dividing them into training and test sets, it contains 12,503 scene character images, 

including 887 digits and 11,616 alphabets (uppercase A and lowercase a-z). Here, the total number of classes is 62, i.e., 

10 for digits, 26 for uppercase letters, and 26 for lowercase letters. Further, these 12,503 images are divided into two 

sets, viz. (a) good images and (b) bad images, to facilitate performance analysis in order of complexity. In the excellent 

set, class ‗l‘ contains the lowest number of samples, i.e. 33 and class ‗A‘ includes the highest number of samples, i.e. 

558. In contrast, in the bad set, the range of samples per class is even shorter, i.e., 2-360 (‗q‘ contains only two samples, 

and ‗A‘ includes 360 samples). Thus, it is evident that these many samples are insufficient for appropriate training of 

deep networks. Moreover, the number of samples per class varies significantly, with some classes having a minimal 
number of samples, which may lead to undertraining and imbalanced training. Therefore, augmenting datasets is a 

popular and practical approach to increase the number of samples and improve the performance of deep learning 

frameworks.  

 

 

Fig. 1. Sample scene character images from the Chars74k original dataset, bearing different challenges (Characters of different styles, backgrounds, 

orientations, foreground, illumination, and degradation issues are shown). 

In this paper, we have presented (i) an overview of commonly used augmentation techniques along with insightful 

discussion, (ii) preparation of an extended version of Chars74k through augmentation, (iii) a deep-learning inspired 

method for character recognition, and (iv) performance study in order of complexity of scene characters at multiple 

levels viz. digits, alphabets and their combination for good set as well as bad set. Augmentation techniques and related 

discussion may provide deeper insights to readers about the selection and application of appropriate augmentation 

techniques for a given image classification problem. As the samples of the original Chars74k(Scene) dataset are not 

divided into training and test sets, some methods randomly divide them and report their results that cannot be compared 
on an even bench as the pre-requisite of a separate and unique test set still needs to be fulfilled. On the contrary, the 

augmented dataset, i.e., E-Chars74k, has an individual training and test set of samples for both the good and the bad set. 

It is also released for more significant usage and performance benchmarking at an even scale. Obtained results on 

different subsets of this dataset reflect the benefit of augmentation, which may serve as the initial benchmark 

performance, and researchers are encouraged to outperform. The organization of the paper is as follows: Related works 

are discussed in Section 2, an overview of augmentation techniques is included in Section 3, and preparation of E-

Chars74k is discussed in Section 4. architecture of the employed deep network is given in Section 5, experimental 

results are presented in Section 6, and finally, in Section 7, a conclusion is drawn, and the scope of future work is 

outlined.
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2. Related Works and Motivation 

Traditional character recognition works primarily focused on optically scanned well-segmented characters, but 

studies on scene character recognition are not available in plenty [3]. Moreover, research in scene character recognition 

reported so far is mainly wrapped with end-to-end text detection and recognition [4]. There are only a few works 

focused on dissected scene text reading. Until recently, scene character recognition methods heavily relied on classical 

hand-crafted features [17]. De Campos et al. [15] applied traditional features such as shape contexts, geometric blur, 

scale-invariant feature transform (SIFT), spin image, the maximum response of filters, and patch descriptor followed by 

KNN and SVM classifiers. Experiments were conducted on English and Kannada characters with scenes in nature and 

62 classes. Sengupta et al. [18] developed a recognition approach using a histogram of oriented gradients (HOG) 
features where only English character images of Chars74k [15] were converted into a grayscale, histogram equalization 

was applied, and classification was done with multiple classifiers such as Naive Bayes, MLP, KNN, SVM, and Random 

Forest. Chekov et al. [19] applied two local feature descriptors, i.e., SIFT and HOG, to recognize segmented characters 

of Chars74k and ICDAR2003 datasets. Lee et al. [20] reported a method for scene text recognition where the proposed 

feature polling is applied to divide scene characters into sub-regions within a multi-class classification framework. 

Using datasets like Chars74k, ICDAR2003, ICDAR2011, and SVT, they found that the algorithm performed well even 

when there were considerable variations in the foreground and background of natural images.  

Sengupta et al. [21] reported a scene character classification method using morphology-based filtering, HOG 

descriptors, and different classifiers. It was applied to the scene characters of the Chars74k dataset, and SVM was found 

to outperform other classifiers. Ali et al. [22] proposed a holistic character recognition method that can be applied to 

scene characters when they occur in a rotated position. It aimed to overcome local feature dependency, and hence, this 
method produces reasonably good results even for rotated characters. This method is applied to various datasets like 

ICDAR2003, Chars74k-Image, and Chars74k-Font and has been found to yield better results than local features such as 

HOG. Neumann et al. [23] proposed a novel method for scene character recognition. It is based on Maximally Stable 

Extremal Regions (MSERs) and has been shown to overcome the problem of different illumination and geometry in 

scene text recognition. On the Chars74k dataset, this method produced 18% better results than the state-of-the-art. 

Coates et al. [24] developed a scene text detection and character recognition method by automatically selecting features 

with unsupervised methods such as variant k-means clustering followed by a linear SVM classifier. They reported its 

performance on the ICDAR2003 dataset. 

Though, some of these methods produced reasonably high recognition accuracies on small datasets, such methods 

need to be more general and robust to a great extent. Due to their unprecedented performance, scene character 

recognition methods rely heavily on deep learning. Different convolutional neural network (CNN) based deep learning 
architectures are used for automatic feature extraction. Thus, the prediction accuracy obtained is much higher than that 

of classical hand-crafted methods. An essential requirement of such methods is the large dataset size for training. 

Though, large-sized scene character datasets are not available to our knowledge, naive deep models have been applied, 

and encouraging results have been obtained. For instance, Arroyo-Perez et al. [25] proposed a method for automatic 

license plate recognition of Colombian automobiles using CNN, wherein the Chars74k dataset is used for training. Only 

digits and upper-case letters have been chosen for this training because Colombian car license plates have only two 

characters in uppercase letters followed by some digits. Chandio et al. [26] proposed a network architecture based on 

multi-level feature fusion (MLFF) and multi-scale feature aggregation (MSFA) to recognize Urdu characters from 

natural images. The proposed neural network model is applied to English Chars74k datasets. Both cases, i.e. MLFF and 

MSFA, demonstrated better results than other methods. Lin et al. [27] reported a novel approach to recognizing scene 

characters using local binary pattern networks called LBPNet, which works on characters' strokes and distinct outlines. 

This method is applied to benchmark datasets like MNIST, SVHN, ICDAR2003, and Chars74k. 
Abdali et al. [28] proposed a CNN architecture for both characters and digit recognition on natural images. 

Random data augmentation is done on Chars74k and EMINST to train the CNN model and is applied to ICDAR2003 

(non-scene dataset). Zhang et al. [29] developed an encoder-based method named bilateral convolutional activation 

encoded with Fisher vectors (BCA-FV). Convolutional activation descriptors are extracted from convolutional maps 

and then applied to bilateral convolutional activation maps to describe the fundamental relation between the information 

of basic spatial structure and the response of convolutional activation. This method is verified on Chars74k and 

ICDAR2003 benchmark datasets. Driss et al. [30] applied MLP and CNN to the Chars74k dataset. MLP is used with a 

Unified character descriptor, and CNN is applied with LeNet-5. As a result, it has been observed that real-time CNN is 

more efficient than MLP to classify dissected characters. Zhang et al. [31] developed consecutive convolutional 

activations (CCA) to recognize scene characters. Using conventional layers, CCA integrates high-level and low-level 

patterns into global decisions by learning character structures. This method is applied to English (Chars74k and 
ICDAR2003) and Chinese scene character datasets. Neoh et al. [32] proposed a deep learning-based architecture for 

vehicle plate recognition by training with natural and computer font images collected from Chars74k and CIFAR10 

datasets. It can recognize different digits and alphabets. Ray et al. [33] proposed a deep learning-based approach. It is 

based on automated feature extraction, which gives better accuracy than the traditional hand-crafted method. Results are 

compared with different training algorithms like multi-layer perceptron, logistic regression, De-noising Score Matching,  



E-Chars74k: An Extended Scene Character Dataset with Augmentation Insights and Benchmarks 

136                                                                                                                                                                     Volume 17 (2025), Issue 6 

and Contrastive Divergence. These algorithms are applied to 4 benchmark datasets: Chars74k Kannada, Chars74k 

English, SVT-CHAR dataset, and ICDAR 2003 dataset. 

Zhang et al. [34] developed a deeper convolutional neural network with 15 layers and 3X3 tiny receptive fields to 

extract better features from scene character images. All experiments are done on Chars74k, SVT, and ICDAR2003 

datasets. Ali et al. [35] developed a holistic solution for scene character recognition using a 3-mode tensor. Every 

training tensor is decomposed into a liner superposition of ‗k‘ rank-1 matrices, whereas rank-1 matrices are the 

spanning solution of the character classes. Chars74k, SVT-CHAR, and ICDAR2003 datasets were used to generate 

experimental results.  Li et al. [36] proposed a CNN architecture based on a compact binarized neural network (CBNN). 

This architecture has overcome the drawback of a binarized neural network (BNN) based on a hardware framework. 

The essential components of CBNN are bit-level data pruning and bit-level sensitivity analysis of each character class. 

Cifar-10, Char74K, GTSRB, and Cifar-10 benchmark datasets quantify the proposed architecture results. Wang et al. 
[37] proposed discriminative CNN-based architecture for recognition of scene characters images. This architecture 

considers convolutional activations as local descriptors of the scene's character images. The proposed method is applied 

to benchmark datasets ICDAR03, IIIT5K, and Chars74k. 

However, the above experiments are applied to ICDAR 2003 and Chars74k datasets. In this paper, the Chars74k 

dataset has been chosen for the deep learning-based recognition approach because most of the work done on the 

Chars74k dataset is done in different ways, and state-of-the-art results must be appropriately reported due to other 

parameters being taken for experiments. In the case of the Chars74k dataset, two types of images are good and bad 

images. All experimental results are reported with accuracy but can‘t specify in which dataset (good and bad) method 

has been applied, and most of the deep learning-based character recognition was done on the original Chars74k dataset 

without augmentation. This work has proved that after augmentation of the Chars74k dataset, it gives more efficient 

results than the original dataset. A new augmented English character dataset has been developed with 1,92,558 
dissected character images (digits and alphabets). Many datasets have been modified to generate acceptable results for 

deep learning models. Another object is that images are arranged in class among two dissected character datasets 

(ICDAR2003 and Chars74k) in the Chars74k dataset, which is helpful for labeling in deep learning. 

3. Overview of Augmentation Techniques 

Deep learning models usually require feeding massive amounts of data for proper training [1]. Datasets of small 

size are reasonably acceptable for performance analysis of many traditional methods. The advent of deep learning in 

recent times necessitates the development of significantly large datasets. However, collecting sufficient data and 

preparing proper annotations are not straightforward; such datasets are only available in some fields. To overcome this 

problem of the unavailability of large datasets, an effective and convenient way is to apply different data augmentation 
techniques for deep learning experiments. Augmentation increases the number of samples using various transformations 

to an original image. Data augmentation can fulfill the bulky data requirement for training deep learning models. On the 

other hand, it may empower the design of robust deep networks. The basic idea is that by increasing the size of the 

training dataset, a deep neural model can be better trained, and prediction performance can be improved significantly 

[38,39]. It is noteworthy to mention that test samples need not be augmented. The core idea of augmentation lies in the 

training of deep networks. This section presents an overview of different image augmentation techniques with 

applicable datasets and basic guidelines for selecting appropriate augmentation techniques for a given image 

classification problem.  

3.1 Augmentation Techniques 

Before the advent of deep learning, augmentation was not of substantial interest and, hence, was confined to 

fundamental transformations such as color space, horizontal flipping, and random cropping. Nowadays, driven by the 

need for a large volume of training data for many deep learning-based approaches, a wide range of augmentation 
techniques [40] has come into the picture, briefly discussed below.  

 

a) Flipping: This geometric transformation is one of the earliest data augmentation methods. Horizontal flipping 

is commonly used rather than vertical flipping. In some robust datasets like ImageNet and CIFAR-10, this 

flipping geometric transformation is used for image augmentation. However, as it is not a label-preserving 

transformation, it cannot be used for specific problems like character classification. 

b) Cropping: Cropping is another augmentation process for images. Regions of different dimensions may be 

cropped from the original image to obtain transformed samples. Random cropping is one of the possible ways 

to cut from the original image, unlike translations dynamically. A subtle difference between translation and 

cropping is that translations usually preserve the spatial dimension, whereas cropping always reduces the 

actual size of input images.  
c) Rotation: The image is rotated in a clockwise or anticlockwise direction by an angle between 10 and 359 

degrees. Slight rotation may be decisive for digits and character recognition problems. Chars74k, ICDAR2003, 

and MNIST are examples of such datasets. In case of rotation by a large angle, the original labels of images 

may not remain preserved in specific problems.  
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d) Translation: To avoid positional bias in images, different sliding transformations (up, down, left, right) may 

be beneficial for image recognition. This type of augmentation applies to many kinds of datasets. Padding, 

wherever necessary, may be used to preserve the spatial dimension of image samples. 

e) Noise injection: Noise injection means using Gaussian noise and Salt and Pepper noise randomly values are 

injected. Gaussian noise injection type of augmentation is done by Moreno-Barea et al. [41] and applied to 

datasets in the UCI repository [42]. Noise injection augmentation helps to train CNN with more classification 

features.  

f) Colour space transformation: Scene images are encoded with 3 (R, G, B) stacked matrices, and each image 

size has height x. R, G, and B pixel values represent matrices. This photometric transformation is constructive 

for the recognition of images. This color distribution can reduce the lighting challenges faced by testing data.    

g) Kernel filters: Blurring and sharpening images with kernel filters are well-known techniques for image 
augmentation. Gaussian blur is often applied in kernel-based filtering. Critics of kernel filter-based 

augmentation may argue that this is equivalent to the internal CNN mechanism, done layer-by-layer. 

Nevertheless, it may be beneficial, as reflected in the literature. For instance, Kang et al. [43] have applied a 

kernel filter on the CIFAR-10 dataset for use in ResNet architecture [44]. 

h) Mixing images: Another powerful data augmentation is mixing two or more images by averaging pixel 

intensities. Images obtained this way are found to positively contribute to the training of deep networks and 

produce better results. Applying this augmentation strategy to the CIFAR-10 dataset, Ionue et al. [45] have 

reduced the error rate from 8.22% to 6.93%. 

i) Random erasing: Some parts of the image are discarded in this type of augmentation. It is applied by random 

selection and removal of     patch of an input image. After applying this augmentation method, the error 

rate is reduced from 5.17% to 4.30% on the CIFAR-10 dataset. Terrance et al. [46] proposed cutting out 
regularization for random erasing. A possible drawback of this technique is that removing a large patch may 

not permanently preserve the sample's label.  

j) Combined augmentation: A combination of different transformations like random erasing, flipping, cropping, 

etc., is one of the best ways to increase the size of datasets. That will help train deep learning architecture.  

3.2 Selection of Appropriate Augmentation Techniques  

As evident in Section 3.1, not all augmentation techniques suit all images. A significant consideration in selecting 

appropriate augmentation techniques is the preservation of labels.  A few guidelines are important while deciding the 

augmentation technique [47] based on the problem you are trying to solve. Here is a summary of these guidelines: 

 

(i) The first step in any model-building process is to ensure that the size of our input matches what the model 

expects. We also have to make sure that the size of all the images should be similar. For this, we can resize our 
images to the appropriate size. 

(ii) In a classification problem, if the number of data samples is relatively less, then different augmentation 

techniques like image rotation, image noising, flipping, shift, gamma correction, sigmoid correction, rotation, 

etc., are used. All these operations apply to classification problems where the location of objects in the image 

does not matter. 

(iii) Normalizing image pixel values is always an excellent strategy to ensure better and faster convergence of the 

model. If the model has specific requirements, we must pre-process the images per the model‘s requirement. 

4. Preparation of E-Chars74k Dataset 

The original Chars74k dataset was developed by De Campos et al. [15] in 2009. This dataset includes symbols of 
English and the Kannada language. This dataset has included natural, hand-printed font character images. Among them, 

3410 English and 16425 Kannada character images are hand printed using PC, 62992 are English character images with 

254 different fonts and four styles (regular, bold, italic, and bold + italic), and 12,505 scene character images, including 

digits and alphabets.  As the prime focus of this work is scene character recognition, only scene character images of 

digits (0-9), uppercase characters (A-Z), and lower-case characters (a-z) are chosen. Among these 12,503 scene 

character images, there are only 717 digits and 9,334 alphabets (uppercase and lowercase). Thus, considering an 

alphanumeric classification problem, the total number of classes becomes 62 (10 classes for digits, 26 classes for 

uppercase letters, and 26 classes for lowercase letters). Depending on the level of complexity, these 12,503 images have 

been further grouped as (a) good images (7,705) and (b) bad images (4,798), both having 62 classes. Sample images of 

the naïve good set and the lousy set are shown in Fig. 2. 

Challenges. It may be noted from Fig.2 that the images of the bad set could be more straightforward to visualize and 

recognize. Some noteworthy challenges in such scene character recognition include different character font 
characteristics, blur, illumination issues, geometric distortion, arbitrary orientation, the unwanted appearance of extra 

portions with character strokes, complex backgrounds, etc. Moreover, many characters need to be appropriately 

dissected. Additionally, it may be noticed that there needs to be more samples in some classes. Utilizing such a 

challenging dataset in the investigation and development of practically effective scene character recognition methods is 
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undoubtedly worth it. However, as the size of this dataset is smaller, deep learning methods remain undertrained, 

causing unsatisfactory performance. Traditional approaches, however, have utilized this dataset to train and predict 

dissected scene characters. However, the performance of such methods could not be compared on even platforms since 

no separate and unique training or test sets are available.  

 

 

 
 
 

 

(a)  (b) 

Fig. 2. Sample images from the original Chars74k dataset (a) Relatively good images with different characteristics, and (b) bad images with blur, 

uneven lightening, heterogeneous background, and other complexities. 

Training Test Partition. The fundamental idea to prepare the E-Chars74k dataset is to partition the Chars74k 

dataset into training (80%) and test (20%) sets, at first, and then, to enlarge only the training data by 18 different 

augmentation techniques. Augmented images of the E-Chars74k dataset (https://doi.org/10.6084/m9.figshare.17294069) 

are shown in Fig. 3 and Fig. 4. The number of samples present in each class of Chars74k and E-Chars74k are mentioned 

in Table 1. It is important to note that the test set is kept intact in order to avoid any bias towards training of any 

classifier or deep network. In case of augmentation of a whole dataset and its subsequent partition, prediction becomes 

biased lest a sample get predicted with a model trained with its own augmented version, which is totally unacceptable. 

Moreover, a distinct and original test set is always preferred for benchmark performance comparision.  

Augmentation. The above-mentioned morphological operations are briefly described below, one by one. Below, 

we discuss the preparation of the E-Chars74k dataset, an extended version of the Chars74k scene character dataset, by 

applying some suitable augmentation techniques following the insights of the augmentation overview presented in 
Section 0. Detailed descriptions of the original Chars74k dataset and augmented Chars74k dataset are described below. 

Various morphological operations such as erosion, dilation, opening, closing, and transformations such as Gaussian 

filter, Median filter, rotation positive (anticlockwise rotation 5 degrees), rotation negative (clockwise 5 degrees), 

introducing noise to images, histogram equalization, contrast enhancement, contrast diminution, gamma correction, 

logarithm correction, color space, shearing, etc. have been applied.  

After a brief study of the scene character dataset, we concluded that this dataset is the only segmented scene 

character dataset of Roman text. It can be further stated that this work is performed in Roman characters only due to 

various languages having many challenges. The main challenge of this dataset is that after augmentation of the original 

dataset, the number of character images increases automatically and gives a satisfactory result than the recognition 

accuracy of the original Chars74k dataset using CNN and traditional classifier. 

 
i. Erosion: The basic idea of erosion is just like soil erosion; it erodes the boundaries of the foreground objects 

(Always try to keep the foreground white). We have chosen a 5x5 size kernel in our dataset preparation as a 

parameter. 

ii. Dilation: It is just the opposite of erosion. Here, a pixel element is '1' if at least one pixel under the kernel is '1'. 

So, it increases the image's white region or the foreground object's size. Usually, in cases like noise removal, 

erosion is followed by dilation. Because erosion removes white noises, but it also shrinks our objects. So, we 

dilate it. Since the noise is gone, they won't return, but our object area increases. It is also helpful in joining 

broken parts of an object. We have chosen a 5x5 size kernel in our dataset preparation as a parameter. 

iii. Opening: Opening is just another name of erosion followed by dilation. It helps remove noise. We have chosen 

a 5x5 size kernel in our dataset preparation as a parameter. 

iv. Closing: Closing is the reverse of Opening and dilation followed by Erosion. It is useful in closing small holes 

inside the foreground objects or minor black points on the object. Here, we have considered a 5x5 kernel for our 
dataset. 

v. Gaussian Filtering: In this approach, instead of a box filter consisting of equal filter coefficients, a Gaussian 

kernel is used. Kernel size 7x7 has been used for our dataset augmentation. 

vi. Median Filtering: The median of all the pixels under the kernel window and the central pixel is replaced with 

this median value. This is highly effective in removing salt-and-pepper noise. The kernel size must be a positive 

odd integer. Here in this experiment, we have considered a 5x5 size kernel. 
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Fig. 3. An original image and the augmented images obtained with 18 different types of augmentation strategies. (1) Sample original Chars74k image, 

(2) Noise addition, (3) Closing, (4) Color space conversion Blue, (5) Color space conversion Red, (6) Color space conversion Green, (7) Contrast 

stretching, (8) Dilation, (9) Erosion, (10) Gamma correction, (11) Gaussian filtering, (12) Histogram equalization, (13) Image median, (14) Logarithm 

correction, (15) Opening, (16) Rotation operation (clockwise), (17) Rotation operation (anti-clockwise), (18) Shear transformation (X-origin), and (19) 

Shear transformation (Y-origin). 

vii. Rotation: A positive value of the angle rotates the image in an anticlockwise direction, while a negative value of 

the angle rotates the image in a clockwise direction. Rotation operation, as the name suggests, turns the image by 

a specified degree. In our dataset preparation, we rotated our sample images in 5 degrees clockwise and 

anticlockwise. 

viii. Adding noise to images: Image noising is an important augmentation step that allows our model to learn how to 

separate signal from noise in an image. This also makes the model more robust to changes in the input. In our 

experiment, Gaussian noise is applied.  
ix. Histogram equalization: An intensity distribution of an image is represented by histogram equalization. This 

method increases the global contrast value of an image. Histogram equalization is applied for escalation of lower 

contrast to higher contrast. 

x. Contrast stretching: Contrast stretching is an Image Enhancement method that attempts to improve an image by 

stretching the range of intensity values. Max-min contrast starching has been taken for this experiment. 

xi. Gamma correction: It controls the overall brightness of an image. Not properly corrected images can look either 

bleached out or too dark. In this experiment, the gamma value 1.2 is selected.  

xii. Logarithmic correction: After it is applied to a digital character image, the darker intensity values are given 

brighter values, thus making the details present in darker or gray areas of the image more visible to human eyes.  

xiii. Color space conversion (R/G/B): Color space conversion is another data augmentation technique with more than 

one color mode. The most used color space conversion is RGB color conversion, i.e., three color coordinates have 
made it with red, blue, green, and blue. It is used to convert one color space to another. All intensity values after 

RGB color conversion is within range from 0 to 255. 

xiv. Shear transformation: Shear transformation is a linear mapping that displaces each point in a static direction by 

an amount related to its signed distance from the line, which is parallel to that direction and goes through the 

origin. In our experiment, shear transformation about the X axis and about Y are used for data augmentation. 

 

Different augmented samples of Chars74k (good set and bad set) are shown in Fig. 3 and Fig. 4. Graphical 

representations of sample distribution are shown in Fig. 5. Number of training samples and test samples are quantified in 

Table 1.    

https://en.wikipedia.org/wiki/Parallel_(geometry)
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(a) Samples from E-Chars74k (Good set) 

 
(b) Samples from E-Chars74k (Bad set) 

Fig. 4. Original image (1) and augmented samples (2-18) technique applied on (a) good images and (b) bad images of E-Chars74k dataset, where (1) 

Sample of original Chars74k image (2) - (18) Sample of augmented images.  

Table 1. Number of training and test images in Chars74k and the E-Chars74k dataset (Digits, Alphabets, and combination of digits and alphabets) 

Dataset Subset Group Training Set Test Set Total 

Chars74k 

Good 

Digits 476 119 595 

Alphabets 5,688 1,422 7,110 

Digits+Alphabets 6,164 1,541 7,705 

Bad 

Digits 234 59 292 

Alphabets 3,605 921 4,506 

Digits+Alphabets 3,839 960 4,798 

E-Chars74k 

Good 

Digits 9,044 119 9,044 

Alphabets 1,08,072 1,422 1,08,072 

Digits+Alphabets 1,17,116 1,541  

Bad 

Digits 4,446 59 4,446 

Alphabets 68,495 921 68,495 

Digits+Alphabets 72,941 960 72,941 

 

 

Fig. 5. Distribution of digits and alphabets images for the good and bad sets of the original Chars74k and the E-Chars74k datasets. 
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5. CNN Network Configuration 

At first, all input images are normalized to 64x64 pixels size and converted into a grayscale image with ‗zero 

padding‘. Then, we applied a deep learning model based on CNN architecture to recognize digits and alphabets. 

Experiments on the Chars74k dataset and different subsets of the E-Chars74k dataset were carried out with the same 

network model. 

5.1 Overview of CNN Architecture 

Convolutional layer. The convolutional layer is the main key component of CNN architecture [48,50]. In this 

layer, feature maps have been generated from input images by applying learnable filters. Let Imagex,y be an input image 

and Kernelp,q be the filter kernel. Then, the feature map may be represented as Featurem,n = Imagex,y * Kernelp,q. The 
actual size of feature maps depends on three parameters, i.e., number of kernels, stride size, and padding. Fig. 6 

demonstrates the generation of a feature map from a sample input image and kernel.  

 

 

Fig. 6. Graphical representation of feature map generation from an input image and kernel. 

In this layer, the non-linearity of a CNN model has been increased without affecting the previously generated 

feature map. Different types of activation functions like binary step, linear, sigmoid, tanh, ReLU, leaky ReLU, and 

parameterized ReLU are used in CNN. The most popular activation function is the Rectified Linear Unit (ReLU). The 

function of ReLU is expressed in (1). 

 

 ( )  { 
        
        

                                                                           (1) 

 

Pooling layer. The pooling layer is used to reduce the actual dimension of the feature map by using two different 

types of pooling functions, i.e., max pooling and average pooling. In the case of max pooling, the actual feature map 

window is reduced by the maximum value of the pooling window. In average pooling, the feature map window is 

reduced by the average value of the pooling window. Sub-sampling with max pooling is shown in Fig. 7. 

 

 

Fig. 7. Graphical representation of max pooling  

Fully connected layer. In a fully connected layer, each neuron of the next layer is connected to the previous layer 

neurons. In the output layer, the softmax activation function predicts class probabilities. 

Loss function. The model's performance is measured by the loss function computed based on the difference 

between expected and predicted class probabilities. Different loss functions like binary cross-entropy, mean absolute 

error, mean squared error, L1 loss, L2 loss, etc., are applied. The performance of a CNN model increases when the 

value of the loss function is gradually minimized. 
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Regularization. Over-fitting during training of CNN models is usually reduced by different regularization 

processes such as dropout, early stopping, L1 and L2 regularization, etc. 

5.2 Applied CNN Pipeline 

In our experiments, the ‗Adam‘ optimizer is used in the CNN architecture shown in Fig. 8. In the first 

convolutional layer, 32 learnable convolutional filters with a kernel size of 5x5 pixels are convolved over an input 

image to generate the feature maps. Every single filter produces a separate feature map in two dimensions. We have 

applied ‗zero padding‘ so that the size of feature maps remains the same as that of the input. After that, outputs are 

passed to the next layer through the ReLU activation function. Next, pooling layers with 2x2 sliding windows are added 

for higher-level feature extraction and computational cost reduction. After max-pooling, the size of feature maps gets 

reduced by 50%.  

 

 

Fig. 8. The CNN model (shown as a block diagram) is applied in all the scene character recognition experiments conducted in this work. 

In the second convolutional layer, 32 learnable convolutional filters with a kernel size of 5x5 pixels are applied for 

convolution with the ReLU activation function followed by 2x2 max-pooling. A dropout of 30% is applied to overcome 

the overfitting problem after the second convolutional layer. Fully connected layers contain 128 neurons each. Outputs 

of the neurons of the last layer are finally passed through a softmax function to obtain class probabilities. The highest 

among them corresponds to the predicted class. 

6. Experiments and Results 

This section presents each experiment's experimental setup and results with analysis and insights. The CNN model 

configuration with software and hardware requirements and the experimental setup are described first. Then, 

experimental results are presented, and a comparative view of the state-of-the-art methods and the proposed work is 
drawn. It may be noted that experiments involving training and prediction using the stated CNN model have been 

conducted on various subsets and the whole set of the augmented E-Chars74k dataset as well as the original Chars74k 

dataset. 

Table 2. List of multiple parameters of the applied CNN model 

Parameter Value 

Optimizer Adam 

Learning rate 0.001 

Loss-function Categorical cross-entropy 

Padding ‗Same‘ 

Number of epoch 20 (experimentally chosen) 

Batch size 500(experimentally chosen) 

 

The proposed CNN model is trained using a batch size 500 with 20 epochs. The hyper-parameters are summarized 

in Table 2. The total number of trainable parameters is 840,110. A layer-wise summary of the CNN model, along with 
the number of trainable parameters generated by the model, is shown in Fig. 9. All experiments are conducted on a 

system with the hardware configuration of Intel(R) Core (TM) i5 CPU @ 3.20GHz, 8 GB RAM and 64-bit Windows 10 
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operating system. The software requirements include ‗Python framework‘ (version 3.7) with ‗Keras‘ libraries. Python 

programs are written in Spyder (Anaconda 3) notebook. 

 

 

Fig. 9. Layer-wise configurations of the applied CNN model (shape of data at each layer and the number of trainable parameters may be noted).  

In this work, scene images of the Chars74k dataset (original good images and original bad images) and augmented 

E-Chars74k dataset (augmented good images and augmented bad images) are used in three groups of assays, i) only 

digits (0-9) recognition, ii) only alphabets (A-Z and a-z) recognition, and iii) digits and alphabets together. Results and 

findings of these assays are reported in Section 6.1-6.3.  

6.1 Digits Recognition Result 

In the Chars74k dataset, the total number of good images (digits only) is 595, and 292 bad images. These images 

are split into 80% for training and 20% for testing. Thus, the number of training data is 476, and testing data is 119 for 

good images (digits only), whereas training data is 234 and test data is 59 for bad images (digits only). As 

augmentations are applied to the training data of the original Chars74k images, the total number of training data for 
good images (digits only) in the E-Chars74k dataset is 9,044 and 4,446 for bad images (digits only). Testing data 

remain the same as the original dataset. Table 3 summarizes the prediction performance on all these subsets. It may be 

noted that augmentation has significantly improved the prediction performance compared to the original dataset. 

Confusion matrices of testing results are shown in Fig.10 and graphical representations of training and validation 

accuracy concerning epoch are shown in Fig. 11. 

Table 3. Digits recognition accuracy of training, validation, and test samples of the original and augmented (good and bad) scene images. 

Dataset 
Total no. of 

sample 

No. of training 

sample (80%) 

Training 

Accuracy 

Validation 

Accuracy 

No. of test 

Sample (20%) 
Test Accuracy Precision Recall F1-score 

Original good  595 476 58.59 45.36 119 42.98 50.47 37.46 43.00 

Augmented good  9,044 9,044 97.65 93.86 119 73.77 74.66 71.17 72.87 

Original bad 292 234 46.84 41.67 59 36.36 32.66 23.47 27.31 

Augmented bad 4,446 4,446 95.94 87.76 59 53.61 42.52 42.86 42.86 
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(a) (b) 

  
(c) (d) 

Fig. 10. Confusion matrices of the test samples for digits recognition (a) original good image, (b) augmented good images, (c) original bad image, (d) 

augmented bad images. 

  

  
(a) (b) 

Fig. 11. Graphical representation for digits recognition of training vs. validation accuracy and loss concerning number of epoch during training time 

for (a) augmented good images, and (b) augmented terrible images. 
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6.2 Alphabets Recognition Result 

In the Chars74k dataset, the total number of good images (Alphabets only) is 7,110, and there are 4,506 bad 

images (Alphabets only). The total numbers of images are split into 80% for training and 20% for testing. So, the 

number of training data is 5,688 and testing is 1,422 for good images (Alphabets only), whereas Training data is 3,605 

and test data is 902 for bad images (Alphabets only). After 18 times, augmentations are applied to training data with the 

original training data of Chars74k images. The total number of training data for good images (Alphabets only) in the E-

Chars74k dataset was 1,08,072 and 68,495 for bad images (Alphabets only). Testing data remain the same as the 

original dataset. After training the CNN model with epoch 20, the recognition result increased compared to the original 

dataset. Overall results are shown in Table 4, the confusion matrix of testing results is shown in Fig. 12, and graphical 
representations of training and validation accuracy concerning epoch are shown in Fig. 13.  

Table 4. Alphabets recognition performance of training, validation, and test samples of augmented (good and bad) scene images of original Chars74k 

and augmented E-Chars74k dataset. 

Dataset 
Total no. of 

sample 

No. of training 

sample (80%) 

Training 

Accuracy 

Validation 

Accuracy 

No. of test Sample 

(20%) 

Test 

Accuracy 
Precision Recall F1-score 

Original good  7,110 5,688 81.42 73.02 1,422 46.95 19.88 24.18 21.82 

Augmented good  1,08,072 1,08,072 97.39 90.42 1,422 78.72 59.86 54.83 57.23 

Original bad 4,506 3,605 45.48 36.26 921 33.80 19.13 18.67 18.89 

Augmented bad  68,495 68,495 92.50 86.46 921 59.95 46.27 45.53 45.90 

 

 
 

(a) (b) 

 

 
 

(c) (d) 

Fig. 12. Confusion matrices of the test samples for alphabets recognition, (a) original good images, (b) augmented good images, (c) original bad 

images, and (d) augmented bad images. 
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(a) (b) 

Fig. 13. Graphical representation for alphabet recognition of training vs. validation accuracy and loss with respect to several epochs during training 

time for (a) augmented good images and (b) augmented bad images. 

6.3 Combined Digits and Alphabets Recognition  

In the Chars74k dataset, the total number of good images (digits and alphabet only) is 7,705, and 4,798 bad images 

(digits and alphabet only). The total number of images is split into 80% for training and 20% for testing. So, the number 

of training data is 6,164, and testing is 1,541 for good images (digits and alphabets only). In contrast, Training data is 

3,839 and test data is 960 for bad images (digits and alphabets only). After18 time augmentations were applied to 

training data with the original training data of Chars74k images, the total number of training data for good images 

(digits and alphabets only) in the E-Chars74k dataset was 1,17,116 and 72,941 for bad images (digits and alphabets 

only). Testing data remain the same as the original dataset. After training the CNN model with epoch 20, the 

recognition result increased compared to the original dataset. Overall results are shown in Table 5, the confusion matrix 

of the testing results is shown in Fig. 14, and graphical representations of training and validation accuracy concerning 

epoch are shown in Fig. 15. 

Table 5. Training, validation, and prediction performance of digits and alphabets together for the original and augmented dataset. 

Dataset 
Total no. of 

sample 

No. of Training 

sample (80%) 

Training 

Accuracy 

Validation 

Accuracy 

No. of 

Test sample 

(20%) 

Test 

Accuracy 
Precision Recall F1-score 

Original good 7,705 6,164 56.75 50.41 1,541 59.95 43.37 42.53 42.94 

Augmented good  1,17,116 1,17,116 97.47 90.32 1,541 70.99 62.02 60.40 61.19 

Original bad 4,798 3,839 30.94 23.33 960 25.91 11.84 11.33 11.57 

Augmented bad  72,941 72,941 94.83 85.31 960 51.07 35.84 36.43 36.13 
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(a) (b) 

  
(c) (d) 

Fig. 14. Confusion matrices of test sample for digits and alphabets recognition, (a) original good image, (b) augmented good image, (c) original bad 

images, and (d) augmented bad images. 

  

  
(a) (b) 

Fig. 15. Graphical representation for digits and alphabets together recognition of training vs. validation accuracy and loss with respect to the number 

of epochs during training time for (a) augmented good images and (b) augmented bad images 
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6.4 Discussion  

The Chars74k dataset has been experimented with different deep learning and traditional character recognition 

methods. Authors enlarged Chars74k datasets in their own way for training deep learning models. A comparative 

analysis of the recognition accuracy of Chars74k and E-Chars74k is described in Table 6. 

Table 6. Performance analysis before and after augmentation on Chars74k datasets and E-Chars74k datasets 

 

Although, some other experiments give extraordinary performance parameters, they vary from experiment to 

experiment. Abdali et al. [26] trained the proposed model with 92% accuracy using the EMNIST dataset combined with 

the Chars74k dataset with random augmentation—Chandio et al. [24] trained with the Chars74k dataset (bad and good 

images). The total number of images is 12,402 only, and without augmentation, the proposed method has been trained 
by CNN. The experimental accuracy of this method is 81.45%. Another experiment was done by Arroyo-Perez et al. 

[23] with 90% accuracy using the CNN model and trained by the Chars74k dataset along with 33,849 images. In this 

paper, the experimental observations are dissimilar to the research mentioned above works. Chars74k scene images are 

divided into training (80%) and test (20%) data. Only train images are augmented 18 times and construct E-Chars74k. 

The number of images in E-Chars74k becomes 1,92,558 with 80% of the original training data increased 18 times and 

20% of the actual test data. Experiments are done in three ways i.e.: digit, alphabet, and digits with alphabets. 

7. Conclusion 

In this work, we propose a CNN model-based recognition method for scene character datasets. Simultaneously, a 

large dataset called E-Chars74k (extended Chars74k) is prepared for scene character recognition experiments. There are 
two scene character datasets viz. Chars74k and E-Chars74k that are trained using a CNN model. Both datasets contain 

digits and alphabets. Due to the diverse augmentation with machine learning insights, E-Chars74k produces reasonably 

satisfactpry results. The benchmark performance is also presented for E-Chars74k. Obtained accuracies on the said 

dataset for good images are 73.77% (digits), 78.72% (alphabets), and 70.99% (digits and alphabets together), and for 

highly intricate images, 53.61% (digits), 59.95% (alphabets) and 51.07% (alphabets and digits together).  

The dataset along with annotations and benchmarking framework is now open to the research fraternity for 

evaluating their methods, designing superior algorithms, and thereby fostering the development of robust scene text 

understanding methods. In future, more efficient deep-learning network may be constructed for scene character 

recognition and the same may be applied for end-to-end scene word or image recognition. Impact of different 

augmentation techniques on the network training and prediction performance may also be investigated.  
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