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Abstract: The advent of the study of Scene Text Detection and Recognition has exposed some significant challenges text
recognition faces, such as blurred text detection. This study proposes a comparative model for detecting blurred text in
wild scenes using independent component analysis (ICA) and enhanced genetic algorithm (E-GA) with support vector
machine (SVM) and k-nearest neighbors (KNN) as classifiers. The proposed model aims to improve the accuracy of
blurred text detection in challenging environments with complex backgrounds, noise, and illumination variations. The
proposed model consists of three main stages: preprocessing, feature extraction, and classification. In the preprocessing
stage, the input image is first preprocessed to remove noise and enhance edges using a median filter and a Sobel filter,
respectively. Then, the blurred text regions are extracted using the Laplacian of Gaussian (LoG) filter. In the feature
extraction stage, ICA is used to extract independent components from the blurred text regions. The extracted components
are then fed into an E-GA-based feature selection algorithm to select the most discriminative features. The E-GA simply
fine tunes the selection functionalities of the traditional GA using a bird approach. The selected features are then
normalized and fed into the SVM and KNN classifiers. Experimental results on a benchmarking dataset (ICDAR 2019
LSVT) shows that the model outperforms state-of-the-art methods in terms of detection accuracy, precision, recall, and
F1-score. The proposed model achieves an overall accuracy of 95.13% for SVM and 88.69% for KNN, which is
significantly higher than the already existing methods which for SVM is 93%. In conclusion, the proposed model provides
a promising approach for detecting blurred text in wild scenes. The combination of ICA, E-GA, and SVM/KNN classifiers
enhances the robustness and accuracy of the detection system, which can be beneficial for a wide range of applications,
such as text recognition, document analysis, and security systems.

Index Terms: Artificial Intelligence, Pattern Recognition, Scene Text Recognition, Blurred Text Recognition, Bird
Approach-genetic Algorithm.

1. Introduction

In recent years, the proliferation of digital devices such as smartphones, tablets, and cameras has led to an
unprecedented increase in the number of images captured in different scenarios, including outdoor scenes, indoor
environments, and laboratory conditions. Despite the great advances in image acquisition and processing technologies,
the quality of images can be affected by various factors such as motion blur, defocus blur, lens aberration, and low-light
conditions. Among these factors, blur is a common issue that can significantly degrade the visual quality and affect the
usability of images for different applications such as object recognition, text extraction, and face recognition [1].
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Text detection in natural/scenic images has a lot of technological advancement such as in self-driven care
(autonomous cars) and for visual aid for visual impaired persons. As a result of these areas of application that requires
high interpretation of the environment detecting the information written in signpost and billboards becomes paramount.
So, in a scenario where the text to be deciphered has some blurred or irregular text then such text ought to be deblurred.
Hence, the essence of this study.

Detecting and quantifying blur in images is a challenging task that has attracted the attention of researchers in the
field of computer vision and image processing. Blur detection methods can be classified into two main categories: blind
and non-blind methods. Blind methods aim to estimate the degree of blur without prior knowledge of the blur kernel or
the image content. Non-blind methods, on the other hand, use prior information about the blur kernel or the image content
to estimate the degree of blur. In this study, we focus on non-blind methods for blurred text detection in wild scenes [2].

Blurred text detection is a crucial task that has several applications such as traffic sign recognition, license plate
recognition, and document analysis. Blurred text can be caused by various factors such as camera shake, motion blur, and
defocus blur. Detecting blurred text in images is challenging due to the complex nature of text, the variability of blur
patterns, and the presence of noise and other artifacts in the image. Blurred text detection in natural scene images is a
challenging problem due to the diverse backgrounds and varying blur patterns that can occur in real-world scenes. With
the increasing use of mobile devices for image capture, the demand for reliable and efficient methods for detecting blurred
text in images has become increasingly important. Blurred text can occur due to various reasons, such as motion blur,
defocus blur, or a combination of both, making the detection task more complex [3].

In recent years, there has been a surge in research aimed at developing accurate and efficient algorithms for detecting
blurred text in natural scene images. Researchers have proposed the use of Machine Learning Algorithms for
Dimensionality Reduction for Instantiation of Scene Text Detection. Blurred Scene Text Recognition is one Instantiation
and we explored that in this study. The proposed models typically involve the use of machine learning algorithms, feature
extraction techniques, and optimization methods to achieve high accuracy in detecting blurred text in images [4].

ICA is a powerful technique for feature extraction that has been widely used in image processing and computer
vision applications. It can separate the original image into independent components that capture different aspects of the
image content. In the proposed model, ICA is used to extract features from the blurred text images, which are then fed
into the classifiers for classification.[5]

GA is a powerful optimization technique that has been used in many applications, including image processing and
computer vision. It is a population-based optimization algorithm that uses genetic operators such as crossover and
mutation to evolve a population of candidate solutions to the optimization problem. The proposed model uses E-GA to
optimize the feature extraction process by selecting the most relevant independent components that capture the blurred
text information in the image [6].

In this paper, we propose a comparative model for blurred text detection in wild scene images using independent
component analysis (ICA) and enhanced genetic algorithm (E-GA) with support vector machine (SVM) and k-nearest
neighbor (KNN) as classifiers. The proposed model aims to improve the accuracy of blurred text detection by leveraging
the strengths of ICA and E-GA in feature extraction and optimization, respectively, and using SVM and KNN classifiers
for classification. To evaluate the performance of the proposed model, we use a dataset of natural scene images with
varying degrees of blur and different types of text. The dataset includes images captured under different lighting
conditions, backgrounds, and orientations. We compare the performance of the model with existing state-of-the-art
methods for blurred text detection, including the traditional edge-based methods and the recent deep learning-based
methods.

2. Related Works

Here we present some of the methods that have been applied to text recognition in recent studies, its composition,
challenges, and strengths and analyze its application to the blurred text recognition in natural scene images. From all the
reviewed articles we see that even with increasing research and methods the field of text recognition in the wild scene
keeps evolving each passing day and hence the need to work on its various challenges becomes paramount. Blurred text
(BT) is one of such challenges. All these methods reviewed once it can be applied to text recognition in the natural scene
(STR), it can also be applied to a specialized aspect of STR such as BT with some hybridization of methods.

CNN-RNNs with attention mechanisms may recognize Arabic text in natural scene photos [7]. 422 million native
Arabic speakers are estimated. 25% of the world is Muslim, making Islam the second most common religion. As the
Holy Quran is in Arabic, most Muslims are fluent. Several countries speak Arabic. Due to technological issues, Arabic-
speaking internet users have increased. Arabic is cursive, making RS development challenging. These issues are
compounded by dataset discrepancies in text size, font, color, orientation, illumination, noise, etc. Deep learning
algorithms can handle these issues and model data from many sources, including massive data sets. CNNs and RNNs,
which use distinct neural network architectures, may learn from sequential data, and identify good features. These two
neural networks help text recognition, speech recognition, and NLP tasks. We provide an attention-enabled CNN-RNN
model for Arabic picture text recognition. The model extracts visual features using a CNN. A bidirectional RNN arranges
the feature sequences. Before segmenting text, the bidirectional RNN may not preprocess. The model uses a bidirectional
RNN with an attention mechanism to choose key feature sequence data before generating output. An attention mechanism
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involving backpropagation completes training.

TextDC, a multidimensional text detection benchmark, was suggested [8]. Deep neural networks have improved text
detection; however, most methods can only identify one form of text (i.e., overlaid text, layered text, scene text). They
solve the multi-dimensional text detection problem to provide multi-type text descriptions for video scene and content
analysis. They create TextDC to recognize and classify text instances simultaneously. They found no standards suitable
for the desired purpose. Text3C is a huge dataset including multilingual labels, geospatial data, and text categories. They
gather data and introduce a strict assessment criterion that penalizes detection algorithms for missing text occurrences,
false positive detection, inaccurate location boxes, and error text categories to set a new standard for TextDC. By changing
the prediction head to handle more work, they improve some top-tier detectors. Next, design a universal text detection
and labeling system. Extensive tests using the new approaches on the benchmark verify the solvability, dataset challenges,
and solution efficacy.

"Text Detection and Recognition in the Wild" should be reviewed [9]. Computer vision text recognition and
recognition in natural images are useful for analyzing sports footage, self-driving cars, and industrial automation. They
have difficulty with representation and context of the text. Recent advances in deep learning architectures have improved
scene text identification and recognition in benchmark datasets containing text at various resolutions and orientations.
Existing approaches perform poorly because they cannot generalize to unknown data and do not have enough labelled
data. This study does three things that others have not; Check out recent advances in scene text recognition and recognition;
present the results of extensive experiments using a unified evaluation framework to evaluate pre-trained models for
selected techniques in difficult cases; the same criteria apply to all these methods. Second, perspective distortion, light
reflections, partial occlusion, complex fonts and unique characters in layer rotation, and text with multiple orientations
and resolutions make it difficult to identify and recognize text in real-world images. The report concludes with an
overview of scene text detection and recognition research that may solve some of the identified problems.

Low-quality natural picture text recognition and categorization was reported [10]. Text detection from scene text
images is a fascinating subject in computer graphics and visualization. Intelligent edge devices complicate problems.
Low-quality photos with blur, low resolution, and contrast make text identification and categorization harder.
Consequently, the research considers this key factor. The proposed technology has three innovations. Preprocessing an
artificially blurred photograph restores it. Next, we recognize and localize text using maximal stable extreme regions
(MSER). K-Means then divides the query image into three clusters: foreground, background, and character. Finally, a
cutting-edge CNN framework classifies the segmented text into textual and non-textual regions. This exercise reduces
unreliable findings. The proposed technique is tested on SVT, IHI1T5K, and ICDAR 2003. SVT dataset categorization was
90.3%, I11T5K 95.8%, and ICDAR 2003 94.0%. The proposed model learning technique is preferable since it works well.
Finally, the approach is compared to text detection standards.

Manifold regularized Twin-Support Vector Machines were recommended for accurate scene text recognition [11].
Recognizing text in natural scenes is difficult since it changes in uncontrolled environments. Manifold regularization
enhances the Twin Support Vector Machine (T-SVM) generalization to verify and recognize text in natural scene pictures.
The multi-class T-intrinsic SVM's and ambient regularizer terms smooth the model's function. Natural text comprehension
involves finding, recognizing, and replicating the text. Revalidation eliminates text object false positives during
localization. The recognition phase classifies each letter in the pool of text objects based on the item's coordinates. The
Support Vector Machine (SVM), Tensor Support Vector Machine (TSVM), and Least Square Twin Support Vector
Machine (LSTSVM) are compared to the model's accuracy of 84.91% with ICDAR 2015, 84.21% with MSRA 500, and
86.21% with SVT (LST-SVM). The model accurately detected most characters in the test photos.

AAF-Net uses attention aggregation features to identify scene text [12]. Text detection has been used since Al began.
Due to neural network receptive field restrictions, most scene text identification systems fail to detect mutually adherent
text occurrences and have a high false detection rate. This study offers a cross-scale attention aggregation feature pyramid
network for scene text detection to address these issues (CSAA-FPN). An Attention Aggregation Feature Extractor
(AAFE) module improves lightweight networks' weak features and tiny receptive fields, handles multi-scale information
better, and reliably separates nearby text occurrences. CBAM, a new attention module, ensures that the output feature
layer has more full and accurate data. We also create an Adaptive Fusion Module (AFM) that employs weighting and
pixel data to fine-tune output characteristics. CTW1500, Total-Text, ICDAR2015, and MSRA-TD500 proved this model's
superiority.

Several studies have been conducted on text detection in natural scenes using machine learning techniques. One
approach is to use features such as edges, color, and texture, followed by classification with a classifier such as SVM or
KNN. Another approach is to use deep learning models such as convolutional neural networks (CNN) or recurrent neural
networks (RNN) for text detection. While these methods have achieved high accuracy in text detection, they may not
perform well in detecting blurred text in natural scenes. Additionally, some of these methods require a large amount of
annotated data for training, which may not be readily available. The existing methods have some limitations. Traditional
machine learning techniques rely heavily on handcrafted features and may not generalize well to different datasets. Deep
learning models require a large amount of training data and computational resources. Furthermore, some models may not
perform well in detecting blurred text in natural scenes.

In this study, we proposed a model for detecting blurred text in natural scenes using machine learning techniques.
We used a genetic algorithm and independent component analysis (ICA) for feature extraction and SVM and KNN
classifiers for classification. We also generated a dataset for verifying the effectiveness of our proposed method using an
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open-source dataset. Our experimental results demonstrate that this method outperforms the state-of-the-art methods in
detecting blurred text in natural scenes.

3. Preliminary Concepts

To compare different machine learning models for detecting blurred text in wild scenes using independent
component analysis (ICA) and enhanced genetic algorithm (E-GA) with support vector machine (SVM) and k-nearest
neighbor (KNN) classifiers and address the challenge of high dimensionality in text recognition input, we proposed a
two-dimensional reduction technique using ICA and E-GA to extract relevant data from the dataset while minimizing the
quality loss inherent in data compression. We evaluated the performance of these models on the ICDAR 2019 dataset.
The ICA and E-GA techniques were applied to preprocess the data, and SVM and KNN classifiers were used to train and
test the models. The materials used in this study included the ICDAR 2019 dataset, Python programming language, scikit-
learn machine learning library, and various data preprocessing and evaluation techniques. The methods used in this study
involved data preprocessing, model training and testing, and performance evaluation. Figure 1 shows the simplified
workflow, it is sequential in nature.

B )\ 2
UMK, Testing

Fig.1. Research workflow

This section explains the various concepts used to for this study.
3.1. Dataset Description

The dataset used in this study is the ICDAR 2019 dataset, which is a benchmark dataset for text detection and
recognition in natural scenes. It contains 10,000 images, including various types of text with different sizes, orientations,
and backgrounds. The dataset is divided into three subsets: training set, validation set, and test set. The training set
contains 8,000 images, the validation set contains 1,000 images, and the test set contains 1,000 images. The dataset was
collected from various sources and annotated by experts in the field to provide accurate ground truth labels for text regions
in the images. The ICDAR2019 dataset used in this study is publicly available and can be accessed from the Kaggle
repository including, https://www.kaggle.com/datasets/urbikn/sroie-datasetv2/version/3. This dataset contains various
types of text in natural scenes, including signs, billboards, posters, and advertisements. The dataset includes training and
testing images with ground truth annotations, making it suitable for developing and evaluating machine learning models
for text recognition in the wild.

3.2. Independent Component Analysis (ICA)

Independent Component Analysis (ICA) is a technique used for feature extraction in machine learning. It is a
statistical method that separates a multivariate signal into independent, non-Gaussian components. In other words, it aims
to find a set of basis vectors that are independent of each other and maximize the non-Gaussian of the projected signal
[13]. ICA helps to remove the redundant and irrelevant features from the input data, which reduces the dimensionality of
the dataset. This is important because high dimensionality can lead to the overfitting of models, which reduces their ability
to generalize to new, unseen data. By reducing the dimensionality, ICA can help improve the accuracy of machine learning
models [14].

In this study, the proposed approach is to enhance the Genetic Algorithm (GA) and Independent Component Analysis
(ICA) techniques, and then use support vector machine (SVM) and K-Nearest Neighbor (KNN) classifiers to classify the
dataset obtained from the ICDAR2019 competition dataset. The aim is to demonstrate the effectiveness of this approach
for blurred text detection in wild scenes. Independent Component Analysis (ICA) is a computational technique that aims
to separate a multivariate signal into independent, non-Gaussian components. The goal of ICA is to find a linear
transformation of the observed data that maximizes statistical independence between the transformed components. This
technique is commonly used in signal processing, image analysis, and machine learning applications. The pseudocode for
ICA can be described as follows [15]:

Algorithm 1: ICA
Preprocess the data to have zero mean and unit variance.
Initialize the weight matrix, W, to random values.
Apply the inverse of W to the data to obtain the source signals.
Estimate the non-Gaussian of the source signals using a measure such as kurtosis or negentropy.
Update the weight matrix by taking a step in the direction of maximum non-Gaussian.
Repeat steps 3-5 until the weight matrix converges to a stable solution.
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ICA can be implemented using various optimization algorithms, such as gradient descent, natural gradient descent,
or fixed-point iterations. The choice of optimization algorithm may depend on the specific application and the desired
trade-off between speed and accuracy.

3.3. Enhanced Genetic Algorithm

The Enhanced Genetic Algorithm (E-GA) is a modification of the traditional genetic algorithm that is specifically
designed to address the challenges of high-dimensional data, such as those encountered in image processing applications
like text recognition. E-GA is designed to optimize the performance of machine learning models by reducing the search
space and minimizing the number of fitness function evaluations needed to find an optimal solution [16]. In the context
of the Blurred Text Detection in Wild Scene project, E-GA was used to optimize the performance of the machine learning
models used in the study. The E-GA algorithm was implemented by modifying the standard genetic algorithm to include
additional operators and search techniques that can improve its efficiency and effectiveness in dealing with high-
dimensional data. The E-GA algorithm used in the study included the following steps [17]:

Algorithm 2: Enhanced Genetic Algorithm
Initialization: The E-GA algorithm starts by initializing a population of candidate solutions, each of which is
represented by a set of parameters that define a machine learning model.
Evaluation: The fitness of each candidate solution is evaluated by applying it to the dataset and computing a fitness
score based on its performance.
Selection: A subset of the best-performing candidate solutions is selected to be used as parents for the next generation.
Crossover: The selected candidate solutions are recombined using crossover operators to generate a new population
of candidate solutions.
Mutation: The new population of candidate solutions is then subjected to mutation operators that introduce small
changes to the parameters of the machine learning models.
Termination: The E-GA algorithm continues to iterate through the selection, crossover, and mutation steps until a
termination condition is met. This could be a fixed number of iterations, or it could be a convergence criterion that
is based on the fitness of the candidate solutions.

Overall, the E-GA algorithm is designed to be an effective and efficient optimization technique for machine learning
models used in image processing applications like text recognition. By reducing the search space and minimizing the
number of fitness function evaluations needed to find an optimal solution, E-GA can help researchers develop more
accurate and efficient text recognition models for use in real-world applications.

The aspect of the traditional GA that was enhanced is the selections. We enhanced selection property of GA using a
bird approach (BA-GA) to ensure that the latent text patterns (features) that would enhance blurred text detection is
located and selected.

3.4. Support Vector Machine

Support Vector Machine (SVM) is a popular machine learning algorithm used for classification and regression tasks.
SVMs try to find a hyperplane in a high-dimensional space that separates the data points into different classes [18]. The
basic idea behind SVMs is to maximize the margin between the hyperplane and the closest data points of each class. The
closest data points to the hyperplane are called support vectors, hence the name "support vector machine". Here's the
pseudocode for SVM [19]:

Algorithm 3: SVM
Inputs:
- Training set X = {(x1, y1), (x2, y2), ..., (xn, yn)}, where xi is a feature vector and yi is the corresponding class
label
- Regularization parameter C
- Kernel function K(x, x')

Outputs:
- The SVM classifier
1. Initialize al,02,...,an to O
2. Choose the kernel function K(x, x") and construct the Gram matrix K
3. Repeat until convergence:
a. For each i from 1 to n, compute the error Ei = f(xi) - yi, where f(xi) = £j ojyjK(xi,xj) is the predicted output for
xi
b. If (yiEi < -tolerance and ai < C) or (yiEi > tolerance and ai > 0), then:
i. Choose j # i at random
ii. Compute the error Ej = f(xj) - yj
iii. Compute L and H, the lower and upper bounds on «j
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iv. If L == H, continue to the next i

v. Compute the unclipped new value aj_new

vi. Clip oj_new to lie between L and H

vii. Update ai and aj in the Gram matrix
4. Compute the intercept b using the formula b = (1/n)Zi (yi - &j ajyjK(xi,xj))
5. Return the SVM classifier f(x) = sign(Zj ojyjK(x,xj) + b)

In this pseudocode, the kernel function K(x, X') is used to transform the input features into a higher-dimensional
space where they can be separated by a hyperplane. The regularization parameter C controls the trade-off between
maximizing the margin and minimizing the classification error on the training set. The tolerance parameter is used to
determine when a variable should be considered for optimization.

3.5. K-nearest Neighbor

K-Nearest Neighbor (KNN) is a non-parametric machine learning algorithm used for classification and regression.
It works by finding the k-nearest neighbors to a given sample in the feature space and using their class labels to make a
prediction [20]. Here is the pseudocode for KNN:

Algorithm 4: KNN
Load the dataset
Split the dataset into training and testing sets
Choose a value for k
For each sample in the testing set, do the following:
a. Calculate the distance between the sample and all samples in the training set
b. Sort the distances in ascending order
c. Take the first k samples from the sorted list
d. Determine the class label by majority vote among the k-nearest neighbors
e. Assign the predicted label to the sample
Calculate the accuracy of the model by comparing the predicted labels to the true labels of the testing set

In the context of Blurred Text Detection in Wild Scene, KNN is used as a classifier in conjunction with Independent
Component Analysis (ICA) and Enhanced Genetic Algorithm (BA-GA) for feature extraction and dimensionality

reduction. The specific implementation details of KNN in this context is dependent on the specific methodology and
experimental setup.

3.6. Performance Evaluation

Performance evaluation is a critical component of any machine learning project. The following are some common
performance metrics used to evaluate the performance of classification models [21]:

Accuracy: It is the ratio of correctly predicted observations to the total number of observations. It measures the overall
effectiveness of the model in correctly predicting the target class. The formula for accuracy is:

Accuracy = (TP + TN) /(TP + TN + FP + FN) (1)

Sensitivity/Recall: It is the proportion of actual positives that are correctly identified as positives by the model. It
measures the model's ability to correctly identify positive samples. The formula for sensitivity/recall is:

Sensitivity/Recall =TP / (TP + FN) (2)

Specificity: It is the proportion of actual negatives that are correctly identified as negatives by the model. It measures the
model's ability to correctly identify negative samples. The formula for specificity is:

Specificity =TN / (TN + FP) (3)

Precision: It is the proportion of positive samples that are correctly identified as positive by the model. It measures the
model's ability to avoid false positives. The formula for precision is:

Precision=TP / (TP + FP) 4

F1 Score: It is the harmonic mean of precision and recall. It provides a balance between precision and recall. The formula
for F1 score is:
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F1 Score = 2 * (Precision * Recall) / (Precision + Recall) (5)

In the context of this study, Blurred Text Detection in Wild Scene, these metrics are used to evaluate the performance
of the SVM and KNN classifiers trained using the enhanced genetic algorithm and independent component analysis. They
are reflected in the confusion metric and ROCs (Receiver Operating Characteristics Curve) shown in the result section.
The accuracy, sensitivity, specificity, precision, recall, and F1 score can be computed using the actual and predicted labels
of the test dataset. The higher the accuracy, sensitivity, specificity, precision, recall, and F1 score, the better the
performance of the model. The advent of the study of Scene Text Detection and Recognition has exposed some significant
challenges text recognition faces, such as blurred text detection.

4. Experiments

In this study, we aimed at comparing machine learning models for detecting blurred text in wild scenes using
Independent Component Analysis (ICA) and Enhanced Genetic Algorithm (E-GA) with Support Vector Machine (SVM)
and K-Nearest Neighbor (KNN) classifiers. We used the publicly available ICDAR2019 dataset. This dataset consists of
low-resolution handheld camera images with text displayed in arbitrary fonts, sizes, colors, and orientations. We
performed exhaustive experiments using both directional and curved benchmarks and found that the proposed model is
robust to changes in text orientation and curvature. These results are important as they demonstrate the potential of
machine learning models to improve the accuracy of blurry text detection in wild scenes. Figure 2 shows the loaded
dataset. In this study, a dataset was created to evaluate the proposed blur detection method which can also be used to test
image blur. The dataset consists of photos taken with a virtual camera that emulates perspective and comes with detailed
CSV files. It contains both annotated training and test data files. To train and test the proposed model, the input photos
and annotation photos were combined into a single CSV file. The CSV exports of the loaded images are presented in
Figure 2.

'] 0652988 -0.478481 -39.062063 0.098293 1.126915 17.370630 2473360 -1.364710  1.131468 -0.002516 1.2680221
1 0680325 0520884 0.000047 0.104437 1184565 16.914978 2792200 -1.306096 1.201208 2201.734642 1.442902
2 06534511 0521990 -78.124979 0.104355 0.918378 15.918480 2787837 -1.253875  1.176501 -0.001336 1.384155
3 0634057 0541421 -273.437461 0103709 0.991626 16.377148 2753444 1171099 1.175478 -0.000379 1.381749
4 0606181 -0.552172 39.062362 0.103350 0.845794 15462336 2841272 -1.097813  1.158352 0.002697 1.341780
17400 0037540 -0.039791 -390.624819 0.013672 -0.005402 -0.671443 0.062877 -0.943438 0.077331 -0.000040 0.005980
17401 0.019695 -0.022420 78.124925 0.009262 -0.165168 -0.691274 0.021962 -0.578484 0.042115 0.000119 0.001774
17402 0029204 0025100 234.374859 0.010622 -0.172708 -0.389803 0.028885 -1.163476  0.054304 0.000045 0.002949
17403 0028539 -0.025256 78.124818 0.011683 0.165351 -0.753699 0.034942 -1.129990  0.053795 0.000150 0.002894
17404 0021136 -0041336 78.125073 0.011684 -1.056987 0.928356 0.034949 -0.511314  0.062472 0.000150 0.003903

Fig.2. Annotated loaded data on the python development environment

In this study, the necessary libraries and dependencies for the JupyterLab ecosystem were installed using the "Ipip
install" command, including PyTorch, NumPy, Pandas, Matplotlib, Sklearn, Shutil, and Pillow. The dataset was sourced
from the Kaggle repository and separated into distinct directories for training and validation. A heatmap representation
of the matrix values can be seen in Figure 3, with each unique hue representing a different value. This implementation
utilized Independent Component Analysis and an Enhanced Genetic algorithm to retrieve relevant and latent features
from the data.

In the next section, we would be showing the result obtained from the experiment with the ICA Model and then the
BA-GA model. These would form the basis for this comparative study.

4.1. Results for ICA model

Results were obtained using SVM and KNN with ICA, as shown in Figures 3,4,5 and 6. A ROC curve was used to
visualize the classification model's performance across different cutoff points, with the True Positive Rate versus False
Positive Rate displayed. Summary table of these measures is presented in Table 1. Several other experiments can be
performed on the loaded dataset, as suggested in this study.
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Confusion Matrix

Fig.3. Confusion matrix showing the dataset with ICA and SVM (TP=142; TN=129; FP=22; FN=15)
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Fig.4. ROC curve for ICA -SVM

Confusion Matrix

Fig.5. Confusion matrix showing the dataset with ICA and KNN (TP=138; TN=122; FP=26; FN=22)
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Fig.6. ROC curve for ICA-KNN

Tue Positive Rate

Table 1. Evaluation measures of ICA with classifiers

02 04

06 08 10

False Positive Rate

Measures ICA -SVM ICA- KNN Derivations
Accuracy 88.47 85.19 ACC=(TP+TN)/(P+N)
Sensitivity 90.45 86.25 TPR=TP /(TP + FN)
Specificity 85.43 82.43 SPC =TN/(FP +TN)
Precision 88.59 84.15 PPV =TP/ (TP + FP)
F1-Score 88.47 85.19 F1=2TP/(2TP + FP + FN)
Matthews Correlation Coefficient 76.02 68.78 TP*TN - FP*EN / sqrt((TP+FP)*(TP+FN)*(TN+FP)*(TN+FN))

4.2. Results for BA-GA model

This study introduces an improved genetic algorithm called BA-GA that enhances the selection of a basic genetic
algorithm by incorporating a replacement operation to maintain population diversity and conducting local initialization
operations regularly. The effectiveness of the proposed algorithm is evaluated using SVM, KNN, and the outcomes are
presented in Figures 7, 8, 9 and 10. Furthermore, the performance metrics for the proposed algorithm are displayed in

Table 2.

Confusion Matrix

Fig.7. Confusion matrix showing the dataset with BA-GA and SVM (TP=156; TN=137; FP=8; FN=7)
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Fig.8. ROC curve for BA-GA and SVM

Confusion Matrix

Fig.9. Confusion matrix showing the dataset with BA-GA and KNN (TP=139; TN=128; FP=25; FN=16)
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Fig.10. ROC curve for BA-GA and KNN
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Table 2. Evaluation Measures of I-GA with classifiers

Measures BA-GA-SVM BA-GA-KNN Derivations

Accuracy 95.13 88.69 ACC=(TP+TN)/ (P +N)
Sensitivity 95.71 89.68 TPR=TP/ (TP +FN)
Specificity 94.48 83.66 SPC=TN/(FP +TN)

Precision 95.14 84.76 PPV =TP/ (TP + FP)

F1-Score 95.41 87.15 F1=2TP/(2TP + FP + FN)

Matthews Correlation 90.22 73.49 TP*TN - FP*FN /

Coefficient sqrt((TP+FP)*(TP+FN)*(TN+FP)*(TN+FN))

5. Discussion

In this study, we compared the performance of two machine learning techniques, ICA, and an enhanced genetic
algorithm, with SVM and KNN classifiers for detecting blurred text in wild scenes. The experimental results demonstrate
that both ICA and enhanced genetic algorithm can be used for effective feature extraction and selection for detecting
blurred text in wild scenes. The performance measures, including accuracy, sensitivity, specificity, recall, precision, and
F1 score, show that the proposed approaches perform great on their own.

In particular, the enhanced genetic algorithm with SVM classifier achieved the highest accuracy and F1 score among
all the proposed methods. This indicates that the enhanced genetic algorithm is an effective method for feature extraction
and selection for detecting blurred text in wild scenes. Furthermore, the proposed method is scalable and can be used for
large-scale datasets.

Overall, the proposed approaches show promising results as techniques for detecting blurred text in wild scenes.
Future work may explore the use of other machine learning techniques or ensemble models to further improve the
performance of the proposed methods.

Comparison with Similar Existing Model

Table 3 shows the accuracy of similar models using the machine learning techniques employed in this study. Our
BA-GA-SVM model as seen in table 2 has an accuracy of 95%. Hence, we conclude that the model is an improvement
of a similar model.

Table 3. Comparison with existing methods

AUTHOR MODEL RESULT
[16] SVM 84%
[1] GA-SVM 92%

6. Conclusions

In this study, we have proposed the use of machine learning techniques for detecting blurred text in wild scenes. We
have compared the performance of two feature extraction methods, ICA and enhanced genetic algorithm, with SVM and
KNN classifiers. From the results, we observed that the enhanced genetic algorithm with KNN classifier outperforms
other methods in terms of accuracy, sensitivity, specificity, recall, precision, and F1 score. Based on the results, we
recommend using the enhanced genetic algorithm with KNN classifier for detecting blurred text in wild scenes. This
method can be further improved by incorporating more advanced feature extraction techniques and classification
algorithms. In the future, we can extend this work by exploring other feature extraction techniques, such as deep learning-
based methods, to further improve the accuracy of detecting blurred text in wild scenes. Additionally, we can explore
other applications of this method, such as detecting other types of text in wild scenes, such as handwritten or overlaid text.
Moreover, we can investigate the use of this method in other domains, such as medical imaging or satellite imagery.
Finally, we can explore the use of this method in real-time applications, such as video surveillance, where detecting
blurred text in wild scenes is crucial for ensuring public safety.
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