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Abstract: Cursive text recognition of Arabic script-based languages like Urdu is extremely complicated due to its diverse and complex characteristics. Evolutionary approaches like genetic algorithms have been used in the past for various optimization as well as pattern recognition tasks, reporting exceptional results. The proposed Urdu ligature recognition system uses a genetic algorithm for optimization and recognition. Overall the proposed recognition system observes the processes of pre-processing, segmentation, feature extraction, hierarchical clustering, classification rules and genetic algorithm optimization and recognition. The pre-processing stage removes noise from the sentence images, whereas, in segmentation, the sentences are segmented into ligature components. Fifteen features are extracted from each of the segmented ligature images. Intra-feature hierarchical clustering is observed that results in clustered data. Next, classification rules are used for the representation of the clustered data. The genetic algorithm performs an optimization mechanism using multi-level sorting of the clustered data for improving the classification rules used for recognition of Urdu ligatures. Experiments conducted on the benchmark UPTI dataset for the proposed Urdu ligature recognition system yields promising results, achieving a recognition rate of 96.72%.

Keywords: Classification rules; genetic algorithm; intra-feature hierarchical clustering; ligature recognition; Urdu script

1  Introduction

Urdu is the national language of Pakistan and is written in the Nastalique calligraphic style [1,2]. Urdu script is extremely context-sensitive and cursive [3]. Generally, a sentence is composed of two textual components, i.e., characters and words. However, in the case of Urdu script, there is an added component, sub-word, called a ligature [3,4]. The Urdu informatics, particularly the Optical Character Recognition (OCR), has been suffering in research and development due to the complexities and segmentation errors associated with its cursive script [5]. This cursive nature of the script leads to numerous challenges such as context-sensitivity, overlapping, nuqtas placement, thickness variation, positioning and diagonality [6–9]. Recently, several efforts have been designated towards the development of an OCR system for Urdu script. However, most of the studies have focused on character-based recognition; the analytical approach requires intensive procedures for character level segmentation. Due to the calligraphic nature of Urdu script, the character-based recognition systems are more complex, challenging and highly prone to errors. During the process of character segmentation, the shape of the characters might be deteriorated by segmenting at wrong segmentation points, leading to lower recognition accuracies. One solution to avoid the overhead of character segmentation in Urdu script recognition systems is to use ligatures for recognition. In ligature recognition systems the whole words/ligatures are recognized instead of individual characters. Consequently, ligature recognition systems omit the intensive steps required for character level segmentation. Similarly, with ligature recognition systems, instead of extracting structural features from the segmented characters, simple geometrical, as well as statistical features, can be extracted from the ligature images. However, most of the existing studies for ligature recognition using the holistic approach have worked with limited datasets, extracted a large number of features or features that are extremely difficult to process, and have low recognition rates. The proposed system uses a Genetic Algorithm (GA) based approach for the recognition of printed Urdu ligatures. GA is a metaheuristic algorithm belonging to a larger class of the Evolutionary Algorithm (EA), based on the idea of the evolution theory given by Holland in 1975 [10]. It is commonly used to provide solutions to various optimization and search problems, in machine learning and in the research field for modeling different phenomena [11].

This research study observes the following objectives for developing of the ligature recognition system for cursive Urdu script. (1) Use the processes of pre-processing, segmentation and feature extraction to generate a representation for each ligature against its ground-truth classes. (2) Use intra-feature hierarchical clustering to enable the efficient organization, and generate cluster limits that can be used as threshold values for data representation of ligature observations using classification rules. (3) Use a genetic algorithm for optimization and recognition. The primary contribution of the proposed research is using a genetic algorithm-based approach for ligature recognition, providing the ability to process a large number of ligature classes (3645) for a large dataset (189003) ligatures in a small amount of time and achieving high recognition accuracy. The rest of the research article is organized as follows: Section 2 provides a comprehensive literature review about the works dedicated to Urdu script recognition. Moreover, several studies are reviewed that have used genetic algorithm-based approaches for optimization and/or recognition of text. Next, Section 3 provides a thorough description of the proposed methodology. The methodology is supported by various figures, tables and equations. Following, in Section 4 the dataset is discussed, experiments and results for using the proposed approach are also provided. Finally, Section 5 provides a discussion and Section 6 concludes the research article and additionally suggests several future directions.

2  Related Work

The recognition systems for Urdu text can be broadly divided into two categories based on its segmentation unit i.e., a character or word/ligature, also known as analytical or holistic recognition systems respectively. The analytical recognition systems are further subdivided into two types based on the segmentation process it observes i.e., implicit segmentation and explicit segmentation [3,12,13]. In the past years, efforts have been made for developing Urdu text recognition systems by numerous researchers for analytical recognition systems [14–16] as well as holistic recognition systems [4,17–21]. Similarly, prominent efforts have been made towards general Urdu informatics and natural language processing [1,22–30].

Extensive research has been reported for isolated and cursive Urdu character recognition systems. The complex machine learning architecture of Neural Network was used for training and testing an Urdu OCR system by [31,32] achieving an accuracy of 98.3% and 91.3% respectively. Whereas, no Neural Network was used by [33] and still obtained an accuracy of 97.43%. Akram et al. [34] recognized single character Urdu ligatures, achieving an accuracy of 96% for scanned images and 98% for manual data. An accuracy of 96.2% was achieved using a principal component analysis for recognizing Urdu text [35]. Whereas, in [36], a decision tree was used for the classification of handwritten and printed Urdu characters, reporting a recognition rate of 92.06%. A two-step approach was used for recognition of characters, first, a Kohonen Self-Organizing Map was used to group varying shapes for the identical characters into 33 classes [37]. In the second step, 25 unique features were extracted. For the final recognition, 104 segmented characters were tested on the system. Similarly, traditional k-NN, SVM and HMM were used for classification of about 9262 Urdu ligatures achieving an accuracy of about 98% [38]. An accuracy of 89% was reported for an OCR system developed by Nawaz et al. [39] using a pattern matching technique. Likewise, template matching was used for Urdu script sentences having a 72 font size, a comparison was carried out between the saved templates and the identified objects [40]. SURF was used for the Urdu text recognition system by Khan et al. [41] and the proposed system was tested for a total of 20 newspaper clippings. In [42], a modified tesseract system was reported for the Nastalique Urdu script that outperformed the original tesseract system. The modified system reported accuracy of 97.87% and 97.71% for 14 font size and 16 font size respectively. In [43], an accuracy of 93.4% was reported using a neural network architecture for training various character forms, testing was performed using the real world as well as synthetic images. Similarly, Ahmad et al. [44] used a feed-forward neural network for training 41 characters, 100 samples each, divided into 56 classes. On average, a 70% recognition rate was reported for the suggested Urdu text recognition system. In a research study performed by Ahmed et al. [45], recurrent neural network (RNN) was evaluated for both cursive (Urdu) and the non-cursive (Latin) text using a Bidirectional Long Short-Term Memory (BLSTM). Sequence alignment was observed using a Connectionist Temporal Classification layer. A recognition rate of 88.79% and 88.94% was reported for cursive Urdu text with position information and without position information respectively. An accuracy of 99.1% was reported for Latin script on the UNLV-ISRI dataset. Likewise, in [46], a Bi-directional LSTM was used for the recognition of Urdu text using two approaches. In the first case, shape information was considered and an error rate of 13.6% was observed. Whereas, for the second case, ignoring the shape information an error rate of 5.15% was reported accordingly. A combination of BLSTM and ANFIS method was proposed by Patel et al. [47], reporting an error rate of 5.4%. Similarly, in [16], an accuracy of 96.40% was achieved for Urdu Nastalique text recognition using statistical features and a multi-dimensional long short-term memory recurrent neural network (MDLSTM RNN) with Connectionist Temporal Classification (CTC) layer. A system was developed by [14] that used a Convolution Neural Network (CNN) for automatic feature extraction, an MDLSTM was used for classification and recognition. The recommended system achieved a recognition rate of 98.12% for the benchmark UPTI dataset. In another study, MDLSTM and statistical features were used for the recognition of printed Urdu script achieving a recognition rate of 94.97% [15]. Likewise, a model using zoning features and a 2DLSTM was evaluated for recognition of Urdu script, obtaining a recognition accuracy of 93.39% [48]. In [49], a 98% recognition rate was reported for unconstrained printed Urdu Nastalique text using a Multi-Dimensional Long Short Term Memory (MDLSTM) model and CTC as the output layer.

Bio-inspired, genetic algorithms are widely used for feature optimization problems, finding an optimal solution in the least time from the problem space [50,51]. Recently, the genetic algorithm has gained popularity for pattern recognition tasks [52]. The genetic algorithm also has other numerous applications [53–57], successfully used for license plate recognition [53], intrusion detection system [54,55] and segmentation [56,57]. Genetic algorithms have also been widely used for optical character recognition systems. Summary of the notable contributions for genetic algorithm-based OCR systems is given in Tab. 1. The authors in [58], proposed a system for recognizing online cursive Arabic handwriting. A fuzzy neural network was used for recognition, whereas the best combination of characters was selected using a genetic algorithm. A feature subsets selection method using an enhanced genetic algorithm was proposed by Abandah et al. [59] for Arabic text recognition. It was observed that selecting a subset of features from the character’s main body and its secondaries significantly improved the accuracy using SVM, improvement of 15% and 10% for normalized central moments and zernike moments for a 20-feature subset. Genetic algorithm and visual coding were also used for online handwriting recognition of Arabic script by Kherallah et al. [60]. The main contribution of this research paper was based on the conception of an encoding system and a fitness function. The evaluation function was developed using the visual indices similarity. Words from Arabic dataset “LMCA” developed by 24 participants from the same laboratory was used for the evaluation purposes. The final results obtained were very promising, proving that the suggested hybrid method was extremely powerful. Similarly [61], obtained phenomenal recognition rate of 95% for isolated Arabic characters. The unknown character was read from a file, numerous operations were performed on it to make the final recognition effective. Likewise, in [62], a genetic algorithm was used to select the best combination of characters for recognition of online handwritten Arabic text and Beta neuro-fuzzy was used for recognition of the characters. In [63], an approach was presented for an offline Arabic writer identification using a combination of structural and global features. A genetic algorithm was used for feature subset selection, whereas, Support vector machines and multilayer perceptron (MLP) were used as classifiers. The experiments were carried out on a database of 120 samples, achieving about 94% accuracy for MLP. Dealing with a large number of features in OCR systems is not unusual and may increase the computational load of the recognition process [64]. For reducing the unnecessary and redundant features from the recognition process for Farsi script, a genetic algorithm was employed [64]. Lower computational complexity and enhanced recognition rates were reported for the optical recognition system. Kala et al. [65] suggested a method where graphs were generated for each of the 26 capital alphabets of the English language. These graphs were then intermixed to generate new styles using the genetic algorithm. The final recognition was carried out by matching the graph generated by an unknown character image to the graphs generated by the mixing process. A recognition rate of 98.44% was achieved for the recommended method.

Table 1: Summary of contributions for genetic algorithm-based OCR systems
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3  Proposed Methodology

This is one of the first studies that propose the use of an evolutionary approach for the recognition of offline printed Urdu script. In the initial stages, a text line image is pre-processed. A holistic segmentation approach is then used to segment Urdu text lines into individual ligatures. After segmentation, 15 hand-engineered geometric and statistical features are extracted from the segmented ligature images. These features are then concatenated to form the final feature vector for each ligature image. Later after feature extraction, data points for each of the features are clustered using an intra-feature hierarchical clustering algorithm. This clustered data results in classification rules. Classification rules are used for the representation of the clustered data points against the available ground-truth classes for each of the ligatures. The classification rules generated are encoded in the form of conditional statements. Finally, a Genetic Algorithm (GA) is used for optimization and recognition. The clustered data is optimized, henceforth, the classification rules are optimized. The recognition accuracy for the proposed Urdu ligature recognition system is calculated using the predicted information against the known label information i.e., ground-truth. The overview of the proposed system is given in Fig. 1.
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Figure 1: Overview of proposed Urdu ligature recognition system

3.1 Pre-Processing, Segmentation and Feature Extraction

This section observes the settings for the first three stages of the proposed recognition system, namely, pre-processing, segmentation and feature extraction.

• Pre-processing: The text line images are pre-processed and connected components having less than 4 pixels are regarded as noise and removed. The text line images are then converted into a bi-level binary image using image thresholding. Global image thresholding is applied to the text line images using Otsu’s method as given in [66]. The Otsu method finds a single threshold value for the entire image and then divides the image into the foreground and the background [67]. The Otsu method is used because it considers optimal inter-class variance, henceforth, the overall process of thresholding is more reliable in handling noise issues. Similarly, the Otsu method is extremely fast and gives good results for scanned documents or images that have uniform illumination over the document [67]. The original line image and its thresholded version are shown in Fig. 2.

• Holistic Segmentation: After the pre-processing, the text line images are segmented into constituent ligatures using a holistic segmentation approach. This results in well-separated segmented ligature images. The segmented ligature images are composed of both the base ligatures and the associated diacritics.

• Feature Extraction: A total of 15 hand-engineered features are extracted from the ligature images. Geometric, first-order and second-order statistical features are extracted from the segmented ligature images. Statistical features have been used in the past and have achieved exceptional results for analytical recognition systems [69]. The geometric features (F1 and F2), considered are Aspect Ratio and Compactness. The first-order statistical features are extracted using the VPP (Vertical Projection Profile) and HPP (Horizontal Projection Profile) histogram distribution for the ligature images. First-order features (F3 to F11) include the distributions of Density (F3), Horizontal and Vertical; Edge (F4 and F5), Mean (F6 and F7), Variance (F8 and F9) and Kurtosis (F10 and F11) distribution. The second-order statistical features are more advanced and also observes the relationship among the pixels in the ligature images. The Gray Level Co-occurrence Matrix (GLCM) features (F12 to F15), contrast, correlation, energy and homogeneity are considered. The total number of features (15) before and after the clustering process is the same since in this study no feature selection is observed.
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Figure 2: (a) Original image taken from [68]. (b) Thresholded image using Otsu’s method

3.2 Intra-Feature Hierarchical Clustering

In raw data, all the ligature observations appear to be dissimilar in so many ways, that it prevents efficient searching and organization. The default intra-feature clusters may be extremely large in number and ligatures in each may vary widely, which is problematic for any machine learning and classification method. The abundant number of clusters for each feature introduces challenges during machine learning tasks, specifically, the objective functions might not work properly. Likewise, it is challenging to train the learning algorithms in a feasible amount of time. The classification accuracy of the model may also be degraded. Hence, having an optimal number of intra-feature clusters becomes an essential task for developing an efficient and robust learning model. Here, a hierarchical clustering algorithm is utilized to generate an optimal number of clusters for each feature (F1 to F15).

The working of the hierarchical clustering algorithm is extremely simple. For each of the features (F1 to F15), the following steps are observed for clustering. First, all the data points for a feature are taken into consideration. The data points are then sorted incrementally, smallest to the largest. Next, the first-order derivative is calculated to find the rate of change between the data points. The change greater than zero reflects data points that may belong to a different cluster. If the change is zero, it means that the data points are similar and may belong to the same cluster. The first-order derivative is the difference between its adjacent elements and is given as, [image: images]. Where dp stands for a data point and [image: images] is the total number of data points. The change for a single data point is calculated using Eq. (1),
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The total number of data points are reduced to N − 1 after the first-order derivative. Following, the mean is calculated for only the positive (greater than 0) first-order derivative elements. Subsequently, all first-order derivatives having a value greater than mean are taken into consideration. Next, the second-order derivative is computed on the resultant elements of the first-order derivative to find the segmentation points for clustering.

[image: images]

A focal data point is selected, [image: images], and all those data points that fall within the threshold are assigned to a cluster. When the threshold limit is crossed, a new segmentation point is identified for the next collection of the data points. Likewise, a new focal data point is selected, [image: images]. The above steps are repeated until all the first-order derivatives satisfying the mean condition are processed. The proposed system observes a minimum threshold of 30 as the total number of data points in each cluster for a feature. Meaning that a cluster for a feature will have at least 30 ligatures assigned to it. For each feature, the total number of clusters as well as the minimum and maximum data point value per cluster is taken into consideration for the final clustering.

As stated, the process of hierarchical clustering is observed for each of the Features (F1 to F15). Due to space limitations, here, illustrations have been provided for the Feature F7 (Vertical Mean). Fig. 3a shows the initial distribution of data points for feature F7 from the segmented ligature images of the UPTI dataset. It clearly shows that the feature data points are widely dispersed, giving a high distribution of data. The distribution of the feature data points after incremental sorting can be seen in Fig. 3b. This figure shows the data points for feature (F7) for all the 189003 ligatures that have been sorted in ascending order. The graph shows curves sloping upwards when observed from left to right. Suggesting that the data distribution varies widely which may lead the fitness function of optimization problems to fail drastically. The graphical distribution for change, i.e., first-order derivative for feature (F7) extracted from the ligatures images is shown in Fig. 3c. The mean of the positive first-order derivative for feature (F7) is shown in Fig. 3d. The red line, shown in the graph of Fig. 3d represents the mean value. All the resultant elements having a value greater than the mean are considered for further processing.

[image: images]

Figure 3: Hierarchical clustering steps observed for feature F7

3.3 Data Representation Using Classification Rules

Using the clustered data points and the given ground-truth classes, the upper and lower threshold limit of a feature for a given class label can be found. The cluster composition of the boundaries represents certain rules that can be used for decision making. Since these rules can be used for decision making, they are said to be classification rules. However, these classification rules are not hand-coded but comprehended from the hierarchical clustering results. There are numerous techniques to represent the cluster composition of the boundaries (upper and lower limits) such as using the propositional logic, conditional rules, trees and networks. Regardless of the representation technique, the output is dependent on the total number of ligatures, the total number of features, upper/lower threshold limits of the data points and the total number of ground-truth classes.

Trees, linear list and network representations have their limitations and are unfeasible to be used here to represent all the clustered output data due to the limitations of page size and numbers. Therefore, the classification rules can be best represented using conditional expressions. Each rule is encoded as a conditional statement. Each feature corresponds to a condition and the class corresponds to the conclusion. Both the condition and the conclusion parts are dynamic and adaptive and subject to change for different types of datasets, features and the classes under consideration. The classification rules will keep varying based on the optimality of the clustered data using intra-feature hierarchical clustering.

3.4 Optimization and Recognition

Genetic Algorithm is usually used for various optimization tasks. A genetic algorithm is comprised of standard stages of the initial population, chromosome encoding, parent selection, crossover, mutation, fitness function, survivor selection and the termination process. A genetic algorithm usually begins with an initial population [11,70]. Each of the population provides a subset of solutions in the current generation. These subsets of solutions are generally termed as chromosomes [11]. Usually, the population size is not kept very large since it could slow down the entire GA process. Extremely small population size is also avoided to ensure a good mating pool. The population is usually given as a two-dimensional array of population size and chromosome size. Next, the chromosomes within the population are expressed using a representation. Subsequently, in parent selection, a pair of chromosomes from the population are selected for the further process of reproduction. The reproduction consists of two operations, crossover and mutation. The mutation operation is usually performed to maintain and introduce diversity in the new population [11]. The mutation operation alters the genes within the same offsprings generated after the crossover operation. The fitness of the chromosomes is found using fitness criteria. In a GA, the survivor selection process determines which chromosomes will survive as a new population to be used for the next generation. During the survivor selection process, it’s made sure that the best solutions survive to be used in the next generation. There are numerous techniques for survivor selection. A genetic algorithm terminates when a termination criterion is met or the maximum number of generations is reached. In this paper genetic algorithm is used for the optimization as well as the recognition of Urdu ligatures. Genetic Algorithm is used for optimization of the hierarchical clustering and hence improving the classification rules. The basic architecture of the proposed Urdu ligature recognition system using GA optimization and recognition is shown in Fig. 4. The clustered data is taken and later passed through the standard stages of a GA, observing optimization of rules and recognition of ligatures.
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Figure 4: Overview of GA process and input data observed for proposed ligature recognition system

Usually, a GA is used to find an optimal solution(s) to a given computation problem [10,11]. In this paper, the computation problem is finding the best sequence for processing the features for improving the hierarchical clustering and henceforth, generating a set of classification rules for recognition of the ligatures while achieving the maximum accuracy. Therefore, the genetic algorithm in the proposed system deals with the permutation problem of the features. The permutation problem helps in deciding the order in which the features should be processed in each generation. Based on the sequence of features, the clusters are optimized, henceforth, the classification rules are optimized and recognition is improved. The parameter settings used for the Genetic algorithm in the proposed ligature recognition system for optimization and recognition is given in Tab. 2. The details of various parameter settings for each stage of the Genetic Algorithm is discussed in the list below.

Table 2: Parameters for proposed genetic algorithm
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  1.  Population initialization: In the proposed recognition system, the genetic algorithm’s population size is decided optimally using trial and error. The ligature recognition accuracy is tested for 101 generations. Each generation has 1 population and each population has a total of 10 chromosomes. Each chromosome has 15 genes (equivalent to the number of features). Hence, each population matrix has a size of 10 × 15 in each generation. Random initialization is used to populate the initial population with completely random solutions.

  2.  Chromosome Encoding: The encoding for each chromosome in the proposed ligature recognition system is the permutation order to access the features for multi-level sorting. For each population, the chromosome stores the information about the access order of the features. Every chromosome is represented as a string of numbers (1 to 15). Each number represents a feature from the feature vector. This representation is then used for mappings from the representation space to the phenotype space in the fitness function, where the hierarchical clustering results are optimized and the ligature recognition accuracy is computed.

  3.  Parent Selection: In the proposed recognition system, the parent chromosome pair is selected sequentially from the population for maintaining good diversity in the future generations.

  4.  Crossover: A single point crossover is applied during the crossover operation. A single crossover point i.e., gene 8 is selected as the cutoff. Initially, up to gene 7, the parents are kept as it is for the offsprings. Genes 8 to 15 are scanned one by one for both the parents and their alleles are exchanged with each other to generate the offspring. If the allele is not repeated in the offspring, it is directly added to the offspring. If any repetition is observed, the offspring are scanned for the first instance of the repeated alleles and they are swapped accordingly. This crossover operation is repeated for all the parents of a given population in a generation. The process is repeated for all the genes from the crossover point (8) until the end of the chromosome.

  5.  Mutation: The genetic algorithm uses the normal random mutation for each chromosome in the proposed recognition system. A mutation rate of 0.5% is considered during the mutation operation. For each crossover offspring in the population, in the mutation operation, first, two random genes are selected from an offspring. Next, their allele is exchanged with each other. The same process is repeated for all the offsprings in the population. The fitness function is evaluated against the mutated population. Similarly, this mutated population is also used during the survivor selection process.

  6.  Fitness Function: The fitness of each chromosome is calculated as the ligature recognition accuracy of the proposed system. Each chromosome when transformed into the phenotype space, the features are accessed sequentially as per the order of the alleles in the chromosome. Fig. 5 shows a single chromosome sequence as a solution. This chromosome encoding representation is then translated into the phenotype space. The sequence of alleles in the chromosome is taken into consideration. According to the chromosome sequence (6, 10, 15, 7, 14, 13, 12, 2, 1, 11, 4, 8, 3, 9, 5), the features in the phenotype space are selected in the same sequence and are multi-level sorted, ordered in ascending order, during the fitness function optimization process. For example, as given in Fig. 5, the features are multi-level sorted such that feature 6 i.e., the horizontal variance is selected first and sorted, feature 10 i.e., contrast is sorted second, feature 15 i.e., homogeneity is sorted third and so on.

[image: images]

Figure 5: Multi-level column sorting process for a solution

Sorting the features, optimizes the clustered data and generates an optimized set of classification rules for recognition. The fitness of a chromosome is assessed by its ligature recognition accuracy for a sample test data. The fitness for each chromosome is found using Eq. (3).

[image: images]

In order to find the recognition accuracy in the fitness function, the dataset in the phenotype space is sorted according to the gene sequence for a chromosome from the population. For sample test data, the last allele in the sequence is taken and its feature is located in the phenotype space. Next, for this feature, the difference between the adjacent elements is found. All those elements for which the feature has a difference greater than zero are found. The number of observations within two adjacent difference elements is iteratively scanned for its accuracy. The ground-truth, the class information is assigned to all those observations and the most repeated class is found. The accuracy of each chromosome sequence in the population is found by evaluating and summing all the cluster accuracies.

7. Survivor Selection: In the proposed recognition system, the genetic algorithm uses the elitism. For a generation g, if P is the parents and O are the offsprings, the elitism results in generating a new population by replacing the current population pol. Elitism ensures that the solutions obtained by a GA will not decrease from one generation to the next generation. Best 10 chromosomes from the parent and the offsprings are selected based on its fitness as a new population for the next generation.

8. Termination: In the proposed ligature recognition system, the Genetic Algorithm's termination condition is met when the maximum limit of the generations i.e. 101 is reached. At the end of each generation, a set of optimized rules are generated, each chromosome represents a set of optimized classification rules for ligature recognition.

4  Experiments and Results

This section explores the results for the intra-feature hierarchical clustering, classification rules and the genetic algorithm-based optimization and Urdu ligature recognition. The dataset used for evaluation is also addressed.

4.1 Dataset and Ground-Truth

The performance of the proposed method is evaluated on the benchmark dataset, named, UPTI, developed by Sabbour et al. [68]. UPTI is one of the most renowned datasets used for comparison and evaluation of Urdu recognition systems. It contains a total of 10,063 text line image, having different versions. The undegraded text line images from the UPTI dataset are taken into consideration here. The proposed recognition system uses the ground-truth data from the UPTI dataset, corresponding to each text line image and its subsequent successfully segmented ligature image. A total of 189003 successfully segmented ligatures are considered that are divided into 3645 unique classes.

4.2 Intra-Feature Hierarchical Clustering and Classification Rules Results

The intra-feature hierarchical feature clustering divides categorizes feature’s data point for all ligatures into groups i.e., clusters for improved understanding and summarization. The hierarchical clustering approach generates optimal clusters for each of the features (F1 to F15). The detailed results for intra-feature hierarchical clustering are shown in Fig. 6. The blue line in the chart indicates the total number of unique data points (clusters) for each feature initially or by default without any clustering algorithm. The orange line in the chart indicates the clusters for each feature after the hierarchical clustering algorithm. The clustering algorithm doesn’t require the total number of clusters to be known in advance. However, the minimum threshold for a cluster needs to be set. The minimum number of data points for each cluster is set to 30.

[image: images]

Figure 6: Intra-feature clustering results

Once, all the features are clustered, classification rules are used for the representation of the clustered data. Using the classification rules, each ligature is associated to a class (1 to 3645). A total of 3645 rules are generated for associating each ligature to a known class. The rules for some of the classes (first four classes and last four classes) have been provided in a tabular form in Tab. 3.

Table 3: Classification rules

[image: images]

4.3 Genetic Algorithm Results

The proposed Urdu ligature recognition system uses a genetic algorithm for optimization and recognition. Each chromosome represents a sequence to access the features in the feature vector for processing (multi-level sorting) within the hierarchically clustered ligature dataset. Each allele represents a feature of the ligature and the gene location represents the sequence in which the features need to be accessed. At the end of each generation, the clustered data is optimized, henceforth, the classification rules are optimized. The ligature recognition accuracy is of the system is computed for each chromosome in the population, over several generations. Since the classification rules are modified at the end of each generation for the entire dataset 189003 ligatures, hence the entire dataset is used for training. While for each chromosome the dataset 189003 is partitioned, a random sized test data is taken from within the 189003 ligatures and is used for evaluating the fitness function of a chromosome. The fitness of a chromosome is assessed by its ligature recognition accuracy for a given test data.

4.3.1 Ligature Recognition Accuracy

For each chromosome, the ligature recognition is calculated after multi-level sorting of the entire ligature dataset and hence optimization of the classification rules. Fitness evaluation i.e., the recognition accuracy of each chromosome is tested for all the ligatures for which the difference between consecutive cluster data points for the lowest-level feature is greater than zero. Over the generations, for each chromosome, the test data taken are of varying sizes from within the original dataset. Therefore, as reported earlier the training size is 189003 ligatures. While the test data is taken by partitioning the original dataset randomly, with varying size of test data for each chromosome to optimize the recognition results. Hence, a total of 1010 random test samples are generated for each of the 1010 chromosomes over the 101 generations. The size of test data keeps increasing to check the robustness of the proposed method. The smallest test data sample reported is of 162 ligatures that are taken by randomly partitioning the 189003 ligatures, whereas the maximum test data sample is of 30755 ligatures. The ligature test data sizes used for all the generations is shown in Fig. 7.
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Figure 7: Test data sizes to evaluate ligature recognition accuracy for each chromosome

The recognition results for the test ligature samples across various generations (101) for all chromosomes in the population are evaluated. Survivors are selected at the end of each generation using the fitness (accuracy in %) of the chromosomes, parents as well as the offsprings. A total of 10 survivors are selected at the end of each generation. It should be noted that in the proposed recognition system, the survivors are generated for a total of 100 generations, since, the first generation doesn’t go through the survivor selection process. The results for survivor selection are promising since the fitter individuals have not been kicked out and are kept for the next generation. The maximum ligature recognition accuracy achieved at the end of each generation is given in Fig. 8. For the first generation, the maximum recognition accuracy of 87.95% is achieved for a sample test data. Throughout the remaining 100 generations, the hierarchical clustering is optimized and hence, the recognition accuracy is improved. The maximum ligature recognition rate of 96.72% is obtained for the 66th generation from the highest survivor. The accuracy at the end of each generation shows that the best chromosomes are selected and therefore the recognition rate never decreases.

[image: images]

Figure 8: Maximum ligature recognition accuracy (%) achieved for each generation

5  Discussion

This research article proposes the use of a genetic algorithm for Urdu Nastalique ligature recognition using hand-engineered features and a holistic approach. The proposed system leads to high performance for ligature recognition due to its GA consistent optimization using multi-level sorting of the clustered data and the classification rules. For any GA the best solutions are those that have a common ancestor and their fitness is very identical both to each other and to that of high fitness solution from the previous generations. The proposed solutions generated by the genetic algorithm used for Urdu ligature recognition also stabilizes after a time and converges towards a common fitness value (see Fig. 9). The chromosomes in a population become increasingly similar after each generation and hence converges to a common solution. The 77th generation and onwards, the solutions (chromosomes) converges towards a fitness value of 96.72%. Also, the algorithm doesn’t have premature convergence, variability is maintained in the population over several generations.

[image: images]

Figure 9: Convergence towards a common solution

The comparison of the proposed Urdu text recognition system to other systems can be based on the textual unit, type of methods and the dataset. Therefore, it is best to compare the proposed system with other ligature-based recognition systems (see Tab. 4). The table contains two parts traditional approach based recognition systems [17,20,21,68,71–77] and deep learning-based recognition systems [18,19,78]. Few of the studies have used deep learning methods for recognition; Ahmad et al. [18] achieved an accuracy of 96.71% for 187039 ligature images, divided into 3732 unique classes. A total of 127180 ligatures were used for training and 29935 ligatures were used for testing. Whereas, in another study, Ahmad et al. [19] extracted stacked autoencoder features from raw pixels of 178573 segmented ligature images, adjusted in 3732 classes. The system used 60,000 each from the UPTI dataset’s degraded version (jitter and sensitivity) for validation and testing. In a study by Javed et al. [78], Convolution Neural Networks were used leading to 95% accuracy on 38000 training images and 17000 query images.

Table 4: Comparison to existing Urdu ligature recognition systems
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The best comparison of the proposed system is possible with other systems that used traditional learning methods for recognition. Although the accuracy of [21,71,72,73] is higher than the accuracy of the proposed system, the authors have used extremely small datasets for training and testing the classifiers. The best comparison of the proposed system is possible with the work of Sabbour and Shafait [68], and Din et al. [17] that have used the same UPTI dataset. Sabbour et al. [68] extracted simple contour-based features from the segmented ligature images and used K-NN for classification, a dataset of 10,000 ligatures was used to acquire accuracy of 91%. Similarly, Din et al. [17] extracted simple statistical features and used HMM for classification, 1525 ligature clusters were used and a recognition rate of 92.26% was reported for complete ligatures i.e., 5708 ligatures were correctly recognized from a total of 6187 ligatures. In comparison to the presented studies, the accuracy of the proposed GA based ligature recognition system is 96.72% that is one of the highest accuracies reported for Urdu ligature recognition systems using traditional approaches and a large dataset. Additionaly, in comparison, to the deep learning architectures, the proposed system provides the possibility to be executed on a lower-end computing device for a large dataset of ligatures.

6  Conclusion and Future Recommendation

A holistic recognition system observes the ligatures as a basic unit for the recognition. This paper proposes a ligature recognition system for printed Urdu script. The overall recognition system comprises the use of a genetic algorithm-based approach for optimization and recognition. Initially, intra-feature hierarchical clustering is applied for clustering the data points for each of the features. After the hierarchical clustering classification rules are generated, where each ligature belongs to a unique class (1 to 3645). The clustered data, along with the ground-truth information is then given to a genetic algorithm for optimization of the hierarchical clustering and recognition of the ligatures. The proposed method is evaluated on the segmented 189003 ligatures. The overall recognition rate for the proposed system is 96.72%.

Currently, the system has been used for ligature recognition, in the future, the same approach can be modified to be used for analytical recognition of Urdu script. Potential researchers may also investigate the use of other hand-engineered or automated features. Handwriting recognition is extremely complex due to the variations in writing styles. The recognition system can be modified to be used for recognition of complex handwritten Urdu text. The stage of post-processing can be added to deal with complex situations like grammar correction, spelling detection and correction. In the future, the proposed system can be extended and modified to be used for other cursive handwritten and printed scripts such as Arabic, Pashto, Panjabi, Seraiki, Kurdish, Persian, Sindhi, Kashmiri, Ottoman Turkish and Malay.
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