
 

 

Chapter 8 

Development of Single Layer ANNs 
 

 

  Identification of the handwritten characters is one type of pattern recognition 

process. Variation in handwriting leads to great difficulty in identifying the character 

patterns. Different handwriting styles of different individuals lead to the distortion in 

patterns from standard patterns. The standard patterns are actually used to train the 

ANNs.  Learning rules like perceptron learning rules can be used to train the ANNs to 

identify the characters [34]. A number of works has been carried out on the development 

of various single layer ANNs where very few neurons are used to obtain the optimized 

results.  But, obtaining 100% accuracy is still a challenge for such ANNs.  

Single layer ANN models like, Row-wise Segmentation Technique (RST), 

Column-wise Segmentation of Image Matrix (CSIM), Input Pattern Segmentation 

Technique (IPST) and Row-wise Segmentation using Adaptive Resonance Theory ART1 

(RSA) have been developed for identification of the handwritten characters. Individual 

handwritten characters that are extracted out from the handwritten text paragraph sets are 

presented to the ANNs after preprocessing for testing their performances. 

  

8.1 Character Recognition using Row-wise Segmentation Technique 

(RST)

 

 In this work an effort has been made to recognize handwritten English alphabets 

using a single layer ANN using Row-wise Segmentation Technique (RST). This 

approach made the ANN simple, easy to implement and understandable. Row-wise 

Segmentation Technique (RST) is an approach to obtain the optimized results using the 

easily available resources. RST helps to extract out some common features among 

distinct handwriting styles of different people.  

  

                                                           
 Based on author’s Publication nos. 8 and 9 [Appendix B] 
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It also helps in minimizing the errors in recognizing the handwritten patterns 

caused by variant handwriting styles of different individuals.  

 

8.1.1 Architecture of RST-net 

RST-net has been designed to improve the performance of single layer perceptron 

model by dividing the task of training and testing and assigning it to individual 

perceptron models. Performance has been calculated by analyzing the success of the 

overall ANN by counting the results of the individual perceptrons. Figure 8.1 depicts the 

architecture of the RST-net developed here. The input layer consists of 6400 neurons and 

is divided into 80 segments. Each segment represents one row of the character image 

matrix and consists of 80 neurons. There are 320 neurons in the output layer which is 

divided into 80 groups of neurons where size of each group is four. Four neurons have 

been taken because to identify 10 characters minimum four neurons are needed to 

generate ten distinct bivalent combinations.   

There are 320 weights in each of the 80 input-output interconnections. RST-net 

consists of 25600 weights in total. Therefore, each input-output segment is a combination 

of single layer perceptrons. RST net consists of 320 such perceptrons. 

 

8.1.2 Overview and Methodology of RST-net 

RST is a method where input pattern matrix is segmented row-wise into different 

vectors. Target pattern is also grouped into different segments where each group is the 

numeric equivalent of the chronological order location of each English alphabet.  

Each input segment is fully interconnected to each target group. Number of target 

groups is equal to the number of rows in the input matrix. In general, the overall program 

has been divided into two parts, training and testing. Training requires the ANN to read 

segmented input patterns for few epochs and obtain the standard weights that produce 

desired outputs. Testing requires the ANN to read test character patterns at random, 

noting down the output produced at different output segments, counting the correct 

outputs and depending upon the value of the counter, identifying the characters. 
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Figure 8.1: Architecture of RST-net 
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8.1.2.1 Training the RST-net to obtain the Standard Weights 

The ANN is trained separately with the characters those are present in two sets of 

text paragraphs Set-1 and Set-2 (Section 6.2.6 and Article no. 7.2). Each segment of RST 

has been trained using perceptron learning rule. These characters are used in the whole 

work for testing the performances of the ANNs. 

The characters extracted out using the segmentation methods are preprocessed and 

fed to the ANN for training. The preprocessing methods applied are noise removal, 

compression and conversion of binary to bivalent matrix.  Each character is compressed 

to a matrix of size ‘80 x 80’ pixels by using a MATLAB function. Twenty different 

binary matrices extracted out from two paragraph sets are produced. Ten distinct 

characters from each paragraph set is taken into consideration. The binary matrixes are 

converted into bivalent form where all the 0s of the vectors are replaced by (–1)s for 

better learning. Binary vectors takes more epochs (iterations) and sometimes fails to 

converge to produce correct outputs because presence of 0s may sometimes freeze the 

learning process. 

Each matrix has been segmented row-wise into 80 rows and forms eighty such 

vector patterns. The rows are fed to the RST-net to the input neurons present in different 

segments. Training of the ANN has been performed separately because the prototype 

model is designed to test only ten characters simultaneously. The captured images are 

used to generate input matrices. Each input matrix corresponding to an alphabet has been 

segmented row-wise, each row forming an input pattern, which are fed to the RST-net for 

the training. 

The training of the ANN started with input vector of length 6400 as shown in 

Figure 8.2. The input vector has been divided into different segments. The length of each 

segment is 80, equal to the length of each row of a character matrix. The target pattern 

has also been grouped into 80 identical patterns. Each input segment is fully 

interconnected with the corresponding target group. Each peer-to-peer input-target set is 

having separate weight matrices. The weight matrices are initially set to zero. After being 

trained for several epochs, the final weights, that produce the correct output has been 

obtained. The training and testing of RST is given by Algorithm 8.1. 
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Figure 8.2: Conceptual Diagram of RST-net Training 

 

8.1.2.2 Testing the RST-net 

The ANN has been tested by providing the binary characters extracted out of the 

sample text paragraphs. All ‘0s’ in the matrix are replace by ‘(-1)’s. The conceptual 

diagram of RST-net testing is given in Figure 8.3.  Different characters generate different 

output vectors. A counter is used to find out the total number of correct outputs generated 

by different groups in the output layer. Majority of correct patterns present in the output 

layer has been considered for the identification of the characters. For example, if the 

pattern present in majority in the output is [-1, -1, -1, 1, -1], replacing -1s by 0s gives 

[00010]. 

The decimal equivalent of [00010] is 2, which is the numeric equivalent of the 

chronological position of second alphabet in the alphabet set containing ten different 

characters. 
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Figure 8.3: Conceptual Diagram of RST-net Testing 

 

 

Algorithm 8.1(RST): Working of RST-net 

STEP 1.  Consider a single layer ANN with input matrix as ‘80 x 80’ and output   

   matrix as ‘80 x 4’. 

 

STEP 2. Segment the input matrix row wise into 80 rows of length 80 each and group the  

output matrix into 80 of length 4 each. [Where, each input segment is fully 

interconnected to each of the corresponding output group and the dimension of 

each weight matrix for an input-output combination is ‘80 x 4’. There are 80 such 

weight matrices.] 

 

STEP 3. Initialize all the weights equal to 0 and set the learning rate ‘α’ to 1 for  

simplicity. 

 

STEP 4. Apply perceptron learning rule to each pair of input-output combination to train 

the ANN with standard characters. 
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STEP 5. Repeat Steps 6 to 10 for each test character: 

 

STEP 6. Present the test character to the trained ANN. 

 

STEP 7. Set ‘counter’ to 0 for each known pattern (representing an alphabet)  

for the test character. 

 

STEP 8. Check the output matrix and each group for the known pattern. 

 

STEP 9. For each known pattern found in the output, increment the ‘counter’ by  

1. 

 

STEP 10. Consider, the known pattern showing the maximum value of ‘counter’  

as the winner. If there are no more test characters then STOP and EXIT. 

 

STEP 11. STOP. 

 

8.1.3 Performance Analysis of RST-net 

The performance of the ANN is measured using MATLAB software. The 

characters segmented and preprocessed as discussed in Chapter-5 and Chapter-6 are 

presented to RST-net for testing. Figure 8.4 displays a column-chart showing the 

percentage of accuracy of identifying different characters of Paragraph Set-1 by RST-net. 

 

Neural Network parameters used in the experiment: 

Number of neurons in the input unit=6400 

Number of neurons in each input pattern segment=80 

Number of input pattern segments=80 

Number of Neurons in the output unit = 320 

Number of Neurons in each output segment = 4 

Dimension of each weight matrix = 80 x 4 

Training Algorithm used = Perceptron 
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Number of Epochs = 3, Threshold () = 0.2, Learning Rate () = 1 

The accuracy of the system is shown in Table 8.1 and Table 8.2. 

Accuracy generated by Paragraph Set 1 = 83.52%. 

Accuracy generated by Paragraph Set 2 = 83.05%. 

Average Accuracy of RST net= 83.29% 

 

Table 8.1:  Identification of Characters of Paragraph Set-1 using RST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‘C’ 89 70 78.65% 

‘a’ 95 80 84.21% 

‘t’ 80 65 81.25% 

‘s’ 92 79 85.86% 

‘A’ 100 100 100% 

‘n’ 80 70 87.50% 

‘d’ 90 80 88.88% 

‘D’ 92 61 66.30% 

‘o’ 98 76 77.55% 

‘g’ 70 59 84.28% 

Total 886 740 83.52% 
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Figure 8.4: Percentage of Accuracy of Paragraph Set-1 by RST-net 

 

Table 8.2:  Identification of Characters of Paragraph Set-2 using RST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of 

Accuracy 

‘M’ 100 90 90% 

‘y’ 71 49 69.01% 

‘F’ 91 77 84.62% 

‘i’ 60 51 85% 

‘v’ 73 52 71.23% 

‘e’ 89 73 82.02% 

‘C’ 90 80 88.88% 

‘o’ 92 81 88.04% 

‘w’ 71 56 78.87% 

‘s’ 83 72 86.75% 

Total 820 681 83.05% 
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Figure 8.5 displays a column-chart showing the percentage of accuracy of 

identifying different characters of sample Paragraph Set-2 (Section 6.2.6) by RST-net. 

 

 

 

Figure 8.5: Percentage of Accuracy of Paragraph Set-2 by RST-net 

 

The results show that RST-net training allows very fast convergence. The number 

of epochs required for the training is very less. The accuracy of identifying the characters 

is also very good.  The method has been tested also for some sample characters, which 

are deviated from their positions. RST-net generated very good accuracy for the deviated 

characters. 

 

8.2   Character Recognition using Column-wise Segmentation of Image 

Matrix (CSIM)

  

CSIM-net has been developed to improve the performance of the RST-net. The 

binary input image matrix of order 80 x 80 = 6400 has been further compressed into a 

lower dimension matrix of order 10 x 10 = 100 in order to reduce non significant 

elements of the image matrix. The compressed matrix has been segmented column-wise. 

                                                           
 Based on author’s Publication no. 7 [Appendix B] 
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Each column of a particular image matrix is mapped into identical patterns for 

recognizing a particular character. Majority of a known pattern decides the existence of a 

particular character. The overall work, carried out to develop CSIM-net, has been divided 

into three sections, compression of the input image matrix, segmenting the compressed 

matrix column-wise, training and testing the ANN by providing characters taken from 

different individuals. 

 

8.2.1 Architecture of CSIM-net 

  Figure 8.6 depicts the architecture of CSIM-net. The input layer consists of 100 

neurons. The input layer is divided into 10 column segments. Each segment represents 

one column of the compressed input matrix of the character image matrix and consists of 

10 neurons. There are 40 neurons in the output layer which is divided into 10 groups of 

neurons where each group contains 4 neurons. There are 40 weights in each of the 10 

input-output interconnections. CSIM-net consists of 400 weights in total. Each input-

output segment is a combination of single layer perceptrons. CSIM-net consists of 40 

such perceptrons. 

 

8.2.2 Overview and Methodology of CSIM-net 

The method of obtaining the input image matrix is like that used in RST-net. Each 

matrix contains a large number of elements which may not convey any information about 

the pattern. In order to eliminate such elements, ‘80 x 80’ matrix is compressed into a 

matrix of size ‘10 x 10’. The ‘10 x 10’ matrix has been segmented column-wise into 10 

segments of size 10 each. All the columns of a particular character are mapped into 

identical patterns used to recognize that particular character. In this way standard weight 

matrix has been obtained for each character. Test characters are presented to the trained 

net. A counter is used to find out the number of identical patterns produced by the test 

character. Majority of the identical patterns present in a test character decides the 

existence of a particular character. The compression of the character image matrix is 

given by Algorithm 8.2. 
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Figure 8.6: Architecture of CSIM-net  
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Algorithm 8.2 (Compression): Compression of Character Image Matrix 

STEP1. Let us consider the input matrix as ‘A’. 

 

STEP2. Split matrix ‘A’ into ‘n’ uniform blocks, where ‘A_BLOCKi’ is the i
th

 block of  

‘A’. 

 

STEP3. For ‘i’=1 to ‘n’, 

 

Set ‘A_ COMi’= Ф(A_BLOCKi) 

 

END [‘A_ COMi’ is the i
th

 element of the compressed matrix ‘A_COM’] 

 

Ф(A_BLOCKi) = 1, if there exists at least one element of ‘A_BLOCKi’ is 1 

 

Ф(A_BLOCKi) = 0, if all the elements of ‘A_BLOCKi’ are 0 

 

STEP 4. STOP. 

 

8.2.2.1 Training the CSIM-net to obtain the Standard Weights 

After compression, the compressed input matrix is presented to the CSIM-net for 

training. Figure 8.7 depicts the conceptual diagram of the training of CSIM-net. The 

characters that are used in RST-net are also used in CSIM-net for the training purpose. 

The weights are initially set to 0. The ANN has been trained using perceptron learning 

rule. After training the ANN for few epochs, the final weights, that generate the correct 

output, are obtained. The final weights obtained remain the same for the next few epochs 

and has been considered as the standard weights for testing. The overall working of 

CSIM net is given by Algorithm 8.3. 
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Figure 8.7: Conceptual Diagram of CSIM-net Training 

 

8.2.2.2 Testing the CSIM-net 

The Paragraph sets that are used in RST-net are also used in CSIM-net for the 

testing purpose. The test character vectors are compressed using the compression 

algorithm and presented to the CSIM-net for testing. Figure 8.8 depicts the conceptual 

diagram of CSIM-net testing. A counter is used to count the number of identical pattern 

outputs from the ten different segments for confirmation. A value greater than or equal to 

six is considered for the identification of a particular character. 

 

Algorithm 8.3 (CSIM): Working of CSIM-net 

STEP 1. Scan ‘N’ number of characters to be trained and convert each into a binary  

matrix of dimension ‘m x m’. 

 

STEP 2. Apply algorithm ‘Compression’ on each ‘m x m’ matrix and compress the  

matrix into a dimension of ‘n x n’, where m>n. 

 

STEP 3. Store each compressed matrix in column major form and assign one by one to  

the input vector ‘x’. 
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STEP 4. Divide ‘x’ into ‘M’ number of segments, where each segment consists of ‘N’  

number of elements. 

 

STEP 5. Consider ‘M’ number of groups in the output layer, ‘y’. Each group contains ‘p’  

number of elements, where 

p=2, if 1<N<=4 

p=3, if 4<N<=8 

p=4, if 8<N<=16 and so on. 

 

STEP 6. Completely interconnect all the neurons of each ‘M’ segment in the input layer  

to all the neurons of each corresponding M group in the output layer. 

 

STEP 7. For 1 to ‘N’ alphabets to be trained, consider the target vector in the  

following way: 

For example, 

Character-1 = 0000 

Character-2 = 0001 

Character-3 = 0010 

Character-4 = 0011 and so on.  

[Later 0s are replaced by (-1)s to obtain bivalent vector] 

 

STEP 8. Initialize weight matrix: 

For k=1 to M 

For i=1 to N 

   For j=1 to p 

    Wkij = 0 

   End p 

  End N 

 End M 
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STEP 9. Apply perceptron learning algorithm to each segment and find out the  

standard weights. 

 

 

 

Figure 8.8: Conceptual Diagram of CSIM-net Testing 

 

STEP 10. Scan the sample character to be tested and convert into binary matrix of  

dimension ‘m x m’. 

 

STEP 11. Apply algorithm ‘Compression’ on the sample ‘m x m’ matrix and compress  

into ‘n x n’ matrix, where m>n. 

 

STEP 12. Store the compressed matrix in column major form and assign one by one to  

the input vector ‘x’. 

 

STEP 13. Present the test vector ‘x’ into the CSIM-net. 

 

STEP 14. Apply ‘counter’ to the output produced, to identify the character. 

 

STEP 15. STOP. 
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8.2.3 Performance Analysis of CSIM-net 

MATLAB software is used to test the accuracy of the net. The alphabets present in 

paragraph sets used in RST-net are also used in CSIM-net for training and testing 

purpose.  

 

Neural Network parameters used in the experiment: 

Number of input neurons =6400 

Number compressed input neurons=100 

Number of neurons in each compressed input pattern segment=10 

Number of input pattern segments=10 

Number of Neurons in each output group = 4 

Dimension of weight matrix for each segment = 10 x 4 

Training Algorithm used = Perceptron 

Number of Epochs = 3, Threshold () = 0.2, Learning Rate () = 1 

The accuracy of the system is shown in Table 8.3 and Table 8.4. 

Accuracy generated by Paragraph Set 1 = 84.65%. 

Accuracy generated by Paragraph Set 2 = 84.88%. 

Average Accuracy of CSIM net= 84.77% 

 

Figure 8.9 displays a column-chart showing the percentage of accuracy of 

identifying different characters of Paragraph Set-1 (Section 6.2.6) by CSIM-net.  

The result shows that CSIM-net training, allows very fast convergence. The 

number of epochs required for the training is very less. Accuracy of identifying the 

characters is also very good. The compression of the input matrix helps to improve the 

performance of CSIM-net to a great extent. It has also been found that the method of 

compression applied is able to hold the information in the compressed matrix with great 

accuracy.  
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Table 8.3:  Identification of Characters of Paragraph Set-1 using CSIM-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‘C’ 89 72 80.90% 

‘a’ 95 81 85.26% 

‘t’ 80 71 88.75% 

‘s’ 92 77 83.70% 

‘A’ 100 100 100% 

‘n’ 80 73 91.25% 

‘d’ 90 81 90.00% 

‘D’ 92 66 71.74% 

‘o’ 98 73 74.49% 

‘g’ 70 56 80.00% 

Total 886 750 84.65% 

 

 

 

Figure 8.9: Percentage of Accuracy of Paragraph Set-1 by CSIM-net 
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Figure 8.10: Percentage of Accuracy of Paragraph Set-2 by CSIM-net 

 

Table 8.4:  Identification of Characters of Paragraph Set-2 using CSIM-net 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‘M’ 100 89 89.00% 

‘y’ 71 51 71.83% 

‘F’ 91 81 89.01% 

‘i’ 60 52 86.67% 

‘v’ 73 55 75.34% 

‘e’ 89 72 80.90% 

‘C’ 90 80 88.89% 

‘o’ 92 80 86.96% 

‘w’ 71 61 85.92% 

‘s’ 83 75 90.36% 

Total 820 696 84.88% 
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Compression of the input matrix helps a lot to get rid of the unused elements of the 

input matrix. Removal of unused elements makes the ANN small, simple and fast. 

Column-wise segmentation is a better approach than the row-wise segmentation as 

segmentation of the matrix column-wise produces more variations in the patterns and 

helps to obtain a sharp eye in the identification of the patterns.  

Figure 8.10 displays a column-chart showing the percentage of accuracy of 

identifying different characters of Paragraph Set-2 (Section 6.2.6) by CSIM-net. 

 

8.3   Character Recognition using Input Pattern Segmentation Technique (IPST)


  

  Input Pattern Segmentation Technique (IPST) is an approach, following RST 

and CSIM, where input vector has been segmented into different equal sized blocks taken 

from the beginning of the pattern. Patterns are segmented and the goal behind 

segmentation is to find out the common segments among varying patterns.   

The idea is to segment the input patterns into chunks, where separate chunks of a 

particular input pattern are mapped into identical target patterns. Each chunk has been 

trained for a target pattern that identifies a particular character.  

Different samples taken from different people for some characters are presented 

to the ANN for testing and the ANN responds positively. Character samples are taken   

from different individuals so that these patterns vary considerably.  

The same idea is applied as are applied in previous techniques by incorporating a 

counter in the ANN.  The counter counts the common patterns from the deviated 

characters.  

In general, the overall program has been divided into two sections, training the 

ANN by providing segmented input pattern and testing the ANN by providing the 

samples taken from different individuals. 

 

 

 

                                                           
 Based on author’s Publication no. 2 [Appendix B] 
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Figure 8.11: Architecture of IPST-net 

Weight Vector 

x1 

 

x2 

. 

. 

. 

x640 

 

y1 

 

y2 

 

y3 

 

y4 

 

Segment-1 

Target Group-1 

Input Vector Output Vector 

x641 

 

x642 

. 

. 

. 

x1280 

 

y1 

 

y2 

 

y3 

 

y4 

 

Segment-2 

Target Group-2 

x5761 

 

x5762 

. 

. 

. 

x6400 

 

y1 

 

y2 

 

y3 

 

y4 

 

Segment-10 

Target Group-10 



Chapter 8       Development of Single Layer ANNs 

 

133 
 

8.3.1 Architecture of IPST-net 

The input layer has been divided into 10 segments. Each segment is a block of eight 

rows and the length of each segment is 640. Therefore, 640 neurons are used in each 

segment. The target pattern is also grouped into 10 segments of length 4 each as shown in 

Figure 8.11. Each input vector segment is fully interconnected with the corresponding 

target segment. Each peer-to-peer input-target set has separate weight matrices. There are 

2560 weights in each input target interconnections. IPST consists of 25600 weights. 

 

8.3.2 Overview and Methodology of IPST-net 

Two sets of paragraphs used in RST-net and CSIM-net are used in IPST-net for 

training and testing. Each input pattern matrix has been divided into separate segments. 

All the segments are of uniform length. Each segment has been mapped into identical 

patterns which correspond to a binary number and each binary number corresponds to an 

English alphabet.  

The ANN has been trained separately for 10 characters, each taken from two sets of 

paragraphs, using perceptron learning rule. MATLAB software has been used to test the 

results and accuracy is measured. 

The compression algorithm used in CSIM-net has not been used in IPST-net because the 

input pattern vector is divided into blocks instead of rows and columns as the block 

requires more number of neurons. The input vector of dimension ‘80 x 80’ has been used. 

The working of the IPST-net is given by Algorithm 8.4. 

 

8.3.2.1 Training the IPST-net to obtain the Standard Weights 

The conceptual diagram of IPST-net training has been depicted by Figure 8.12. The 

weight matrices are initially set to 0. After being trained for several epochs, the final 

weights that produce the correct outputs are obtained. The final weights obtained 

remained the same for the next few epochs and has been considered as the standard 

weights for testing.  
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Figure 8.12:  Conceptual Diagram of IPST-net Training 

 

8.3.2.2 Testing the IPST-net  

IPST-net has been tested by providing sample Paragraph Sets that are used to test 

the performances of RST-net and CSIM-net. Different characters produce different 

output vectors. The output vectors are observed to find out the total number of matching 

patterns for a character using a counter. Majority of similar patterns (here greater than or 

equal to 6) present in the output has been considered for the identification of the 

characters. For example, if the pattern present in majority in the output is   [-1,-1,-1, 1,-1], 

replacing (-1)s by 0s gives [00010]. The decimal equivalent of [00010] is 2, which is the 

numeric equivalent of the alphabetical order of Character-2. Majority of the above pattern 

produced by the segmented input vector indicates that the character presented for testing 

might be Character-2. Similarly, for the pattern [00011] the character identified is 

Character-3.  

The response of the concept is promising and leads to fruitful results. Figure 8.13 

depicts the conceptual diagram of IPST-net testing. Approach towards Input Pattern 

Segmentation Technique (IPST) is ‘divide-and-conquer’ policy which has already been 

proved very good in solving many other problems. Dividing the input patterns helped in 

extracting out some common patterns from the varying inputs. 

 

INPUT VECTOR 

IPST 

STANDARD WEIGHT 
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Figure 8.13: Conceptual diagram of IPST-net Testing 

 

Algorithm 8.4 (IPST): Working of IPST-net 

STEP 1.  Consider a single layer ANN with the following dimensions: 

 Input matrix as ‘80 x 80’ and output matrix as ‘10 x 4’. 

 

STEP 2. Segment the input matrix row wise into 10 blocks of size 640 pixels each and  

group the output matrix into 10 of length 4 each. Each input segment is fully 

interconnected with each of the corresponding output group. The dimension of 

each weight matrix for an input-output combination is ‘640 x 4’. There are 10 

such weight matrices. 

 

STEP 3. Initialize all weights equal to 0 and set the learning rate ‘α’ to 1 for simplicity. 

 

STEP 4. Apply perceptron learning rule to each pair of input-output  combination to train  

the ANN with standard characters. 

 

STEP 5. Repeat Steps 6 to 10 for each test character: 

 

STEP 6. Present the test character to the trained net. 

Presented Test Character  

Standard Weight Matrix 

Output Produced 

Counter 

Identified Character 
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STEP 7. Set ‘counter’ to 0 for each known pattern (representing an alphabet)  

for the test character. 

 

STEP 8. Check the output matrix and each group for the known patterns. 

 

STEP 9. For each known pattern found in the output, increment ‘counter’ by  

one. 

 

STEP 10. Consider, the known pattern showing the maximum value of counter as  

the winner.  If there are no more test characters STOP and EXIT. 

 

STEP 11. STOP. 

 

8.3.3 Performance Analysis of IPST-net  

The method has been tested using MATLAB software. Same set of text paragraphs 

are used as are also used in RST-net for training and testing. 

 

Neural Network parameters used in the experiment: 

Number of neurons in the input unit=6400 

Number of neurons in each input pattern segment=640 

Number of input pattern segments=10 

Number of Neurons in the output unit = 40 

Number of Neurons in each output segment = 4 

Dimension of each weight matrix = 640 x 4 

Training Algorithm used = Perceptron 

Number of Epochs = 3, Threshold value used () = 0.2, Learning rate () = 1 

The accuracy of the system is shown in Table 8.5 and Table 8.6. 

Accuracy generated by Paragraph Set 1 = 80.70%. 

Accuracy generated by Paragraph Set 2 = 80.12%. 

Average Accuracy of IPST net= 80.41% 
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Table 8.5:  Identification of Characters of Paragraph Set-1 using IPST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly Recognized Percentage of Accuracy 

‘C’ 89 64 71.91% 

‘a’ 95 78 82.11% 

‘t’ 80 66 82.50% 

‘s’ 92 61 66.30% 

‘A’ 100 100 100% 

‘n’ 80 72 90.00% 

‘d’ 90 77 85.56% 

‘D’ 92 64 69.57% 

‘o’ 98 72 73.47% 

‘g’ 70 61 87.14% 

Total 886 715 80.70% 

 

 

 

 

Figure 8.14: Percentage of Accuracy of Paragraph Set-1 by IPST-net 
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Table 8.6:  Identification of Characters of Paragraph Set-2 using IPST-net 

 

Alphabets Number of Segmented 

Characters Presented  

Correctly 

Recognized 

Percentage of Accuracy 

‘M’ 100 91 91% 

‘y’ 71 40 56.34% 

‘F’ 91 76 83.52% 

‘i’ 60 45 75% 

‘v’ 73 51 69.86% 

‘e’ 89 71 79.78% 

‘C’ 90 83 92.22% 

‘o’ 92 84 91.30% 

‘w’ 71 50 70.42% 

‘s’ 83 66 79.52% 

Total 820 657 80.12% 

 

 

 

Figure 8.15: Percentage of Accuracy of Paragraph Set-2 by IPST-net 
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The results show that IPST-net training allows very fast convergence. The number 

of epochs required for the training is very less. The accuracy of identifying the characters 

is also very good. 

As compared to the other developed methods using single layer ANNs, if the 

complete pattern of the character is presented with distortions then there are less 

possibilities of not recognizing the characters. 

Here, the input pattern has been segmented into many fragments and each 

fragment pattern is presented to the ANN individually for training and testing. Figure 

8.14 displays a column-chart showing the percentage of accuracy of identifying different 

characters of sample Paragraph Set-1 (Section 6.2.6) by IPST-net. 

There are possibilities that most of the fragments are common and possibility of 

identification increases with the segmentation. Also, most of the work put emphasis on 

matching the already existing patterns and some of the work put emphasis on self 

organizing the ANN but segmentation technique put emphasis on recognizing the 

unknown patterns without altering the structure of the ANN. Figure 8.15 displays a 

column-chart showing the percentage of accuracy of identifying different characters of 

sample Paragraph Set-2 (Section 6.2.6) by IPST-net. 

 

8.4 Row-wise Segmentation of Characters using Adaptive Resonance 

Theory ART1 (RSA)

 

Adaptive Resonance Theory ART1 is in fact a multiple layer ANN but in this work 

it is categorized and discussed as a single layer ANN. This is because ART1 is an already 

developed ANN that has just been used in single layer RST where the perceptron is 

replaced by ART1 in order to identify the ambiguous characters. There are many 

characters in English script which produce patterns having ambiguous portions. 

Ambiguity makes it very difficult to identify the characters accurately. After some 

rigorous experiments it has been found that, Adaptive Resonance Theory (ART1) helps 

                                                           
 Based on author’s Publication no. 6 [Appendix B] 
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to identify the ambiguous characters efficiently and accurately. Row-wise segmentation 

of handwritten English characters can be applied with ART1 to identify the characters 

having ambiguous portions.  Race is going on to develop simpler, cheaper efficient and 

more accurate Artificial Neural Networks (ANNs) to identify the handwritten characters 

in different scripts.  

Ambiguity among different characters in different scripts adds the spices to the 

recipe. It is found that there are many characters in English script which have ambiguous 

portions. Adaptive Resonance Theory (ART1) can be applied with the input pattern 

segmentation methods to identify the ambiguous characters. RSA is an approach to 

identify the characters written in different handwriting styles with ambiguities in different 

portions of the characters.  

The overall program has been divided into three sections, segmentation of the input 

pattern, applying segmented input to the ART1, utilization of the counter to find out the 

winning patterns for different characters. 

 

8.4.1 Architecture of ART1-net 

ART1-net consists of three layers of neurons, F1(a) layer called input layer, F1(b) 

layer called interface layer and F2 layer called cluster layer as shown in Figure 8.16. 

 

 

 

Figure 8.16: Structure of ART1-net 
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Figure 8.17: Structure of RSA-net 
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F1(b) and F2 layers are connected by two sets of weights, bottom up weights bji  

from each of the neurons of F2 layer to each neuron of the F1(b) layer and top down 

weights tij from each of the neurons of F1(b) layer to each neuron of the F2 layer. 

R is the reset unit which is connected to all the neurons of F1(a) as well as F1(b). 

Each neuron of F1(a) layer is connected to the corresponding neuron in F1(b) layer. 

Figure 8.17 depicts a model which is designed to test only two ambiguous characters ‘B’ 

and ‘D’.  

Input layer of ART1 is divided into eighty equal segments. Each segment can 

accept one row of the character image matrix. The output layer of ART1 is also divided 

into 80 equal groups. ART1 is used in each segment of input-output combination. For 

each input vector a counter is used to count the majority of fired neurons to identify a 

particular character. 

 

8.4.2 Methodology of RSA-net 

Two English alphabets having ambiguous portions are chosen. It has been 

observed that the characters ‘B’ and ‘D’ have some ambiguous portions as shown in 

Figure 8.18. 

The working of RSA-net is given by Algorithm 8.5. 

 

Figure 8.18: Alphabets having Ambiguous Portions 

 

8.4.2.1 Training the RSA-net to obtain the Standard Weights 

The segmented rows of the characters are presented to the RSA net. The row 

vectors, [s1...s80], [s81...s160] … [s6321...s6400] are presented to F1(a) layer and the signals 

are sent to the corresponding F1(b) layer. F1(b) units are broadcasted to the ‘F2’ layer with 

the bottom up weights bij. ‘F2’ units compute its net output and the units compete for the 

right to be active. The activation is set to 1 for the unit with the largest net output, the 
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alternative unit have an activation equal to 0. The index of the winning unit is set to ‘J’. 

The winning unit becomes the candidate to learn the input pattern. A signal is sent down 

from ‘F2’ to F1(b) layer multiplied by the top down weights tji. The ‘x’ units of F1(b) layer 

remains ‘on’ only if they receive non zero signals from both F1(a) and ‘F2’ units. ||x|| is 

the norm of the vector ‘x’ and it gives the number of components in which the top down 

weight vector for the winning ‘F2’ unit tJ and the input vector ‘s’ are both 1. It is also 

called a match. ||s|| is the norm of the vector‘s’ which is represented by ∑i si. If the ratio 

of norm ‘x’ to norm ‘s’ is greater than or equal to the vigilance parameter, the weights 

(top down and bottom up) for the winning character is adjusted. 

 

biJ(new) = Lxi/(L-1+||x||) 

tJi(new) = xi 

 

‘L’ is the parameter used to update bij. If the ratio is less than vigilance parameter 

‘ρ’, the candidate unit is rejected, and another candidate is chosen. The current winning 

cluster unit becomes inhibited, so it cannot be chosen again as a candidate on this 

learning trial, and activations of the ‘F1’ units are reset to 0. The same input vector again 

sends its signal to the interface units, which again send this as the bottom up signal to the 

‘F2’ layer and the competition is repeated without the participation of the inhibited units. 

The process is continued until either a satisfactory match is found i.e. a candidate is 

accepted or all the units are inhibited. The user decides the action if all the units are 

inhibited.  

The value of the vigilance parameter may be reduced which allow less similar 

patterns to be placed on the same cluster, or to increase the number of cluster units or to 

designate the current input pattern as an outlier that could not be clustered. The ANN has 

been trained for few variations of the characters ‘B’ and ‘D’. It has been observed that 

top and bottom rows of the characters are ambiguous. The ambiguous rows may end up at 

any cluster after training. The unambiguous rows are supposed to end up at their 

corresponding cluster after the training. 
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Figure 8.19: Conceptual diagram of RSA-net Training 

 

8.4.2.2 Testing the RSA-net 

Few variations of ‘B’ and ‘D’ are presented to the net for testing. A counter is used 

to find out the majority of neuron fires which identify a particular character. Figure 8.19 

depicts the conceptual diagram of RSA-net training. 

 

 

 

Figure 8.20: Conceptual diagram of RSA-net Testing 

 

For example, if the first neuron fires in six or more than six output segments 

character ‘B’ is identified and if the second neuron fires in six or more than six output 

segments character ‘D’ is identified. Figure 8.20 depicts RSA-net testing. 
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Algorithm 8.5 (RSA): Working of RSA-net 

STEP 1.  Consider a single layer ANN with the following dimensions: 

 Input matrix as ‘80 x 80’ and output matrix as ‘80 x 4’. 

 

STEP 2. Segment the input matrix row wise into 80 rows of size 80 pixels each and  

group the output matrix into 80 of length 4 each. Each input segment is fully 

interconnected with each of the corresponding output group. The dimension of 

each weight matrix for an input-output combination is ‘80 x 4’. There are 80 such 

weight matrices. 

 

STEP 3. Initialize all weights to 0 and set the learning rate ‘α’ to 1 for simplicity. 

 

STEP 4. Apply ‘Adaptive Resonance Theory 1’ to each pair of input-output combination 

to train the net with standard characters. 

 

STEP 5. Repeat Steps 6 to 10 for each test character: 

 

STEP 6. Present the test character to the trained ANN. 

 

STEP 7. Set ‘counter’ to 0 for each known pattern (representing an alphabet)  

for the test character. 

 

STEP 8. Check the output matrix and each group for the known patterns. 

 

STEP 9. For each known pattern found in the output, increment ‘counter’ by  

1. 

 

STEP 10. Consider, the known pattern showing the maximum value of counter as  

the winner. If there are no more test characters STOP and EXIT. 

 

STEP 11. STOP. 
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8.4.3 Performance Analysis of RSA-net 

MATLAB software has been used to test the performance of the ANN.  Five 

variations of characters ‘B’ and ‘D’ are used to test the ANN. 

Parameters used in the testing of RSA: 

Number of characters taken = 2 

Number of rows in each character = 80 

Size of each row = 80 

Number of components in each input vector = 80 

Maximum number of clusters = 2 

Dimension of each top down weight matrix tij = 80 x 2 

Dimension of each bottom up weight matrix bij = 80 x 2 

Training Algorithm used = ART1 

Vigilance parameter, ρ = 0.4 

Parameter used to update bij, L = 2 

Initial bij(0) = 1/(n+1) 

Initial tij(0)=1 

Number of samples presented for testing = 10 

Total number of samples identified by the net = 8 

The result produced by the RSA-net is good even if it is tested for two characters. 

The accuracy is 80% and is found very well for identifying the characters having 

ambiguous portions. But, this net has a serious problem. At the output layer the numbers 

of neurons are equal to the number of characters that are used to train the ANN and this 

criterion makes the RSA-net complex.   

 

8.5 Conclusion 

In this chapter different single layer ANN models like RST-net, CSIM-net, IPST-

net and RSA-net, which are designed for this work, are discussed.  The performances of 

these ANNs are analyzed. These ANNs are based on the segmentation of input vectors in 

different ways and their performances are compared. It has been found that CSIM-net 

generates the best result among the single layer ANNs. RSA-net proved to be good for  
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characters having ambiguous portions but RSA-net is not considered for further 

development because the number of neurons in the output layer cannot be minimized.  

The maximum performance of the single layer ANNs developed and discussed in this 

chapter is 84.77%, which has been generated by CSIM-net. 

RSA has been discussed here as a single layer ANN because the ART1, a multiple 

layer ANN model, is just replaced by perceptron in RST in order to identify the 

ambiguous characters. 


