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ABSTRACT

Handwritten digits classification has many useful applications. This has prompted decades of research into
algorithms to produce an effective system of classifying handwritten images into text. Image processing
and feature extraction play a large role in this process. An intelligent system is one, which is taught, and
one, which uses this learning for classification effectively. The neuro-fuzzy model of Evolving Fuzzy
Neural Network (EFuNN) is used for this purpose. This paper aims to analyse and obtain the optimal
number of features that will produce the most effective classification using EFuNN.
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1. INTRODUCTION

At an early age, humans pick the skill of recognizing digits and letters. While this seems
instinctive, it becomes a lot harder to understand how we are faced with the task of teaching a machine to
perform the same task of recognizing digits. Machines are most familiar with data and the primary task
would be to process the images of handwritten digits to data. This process would be led by processing the
image. From the enhanced image, useful features are extracted. These features play an important role in
teaching a system to classify. An appropriate model is used for the purpose of teaching and classification.
For an effective classification by the system, this model has to satisfy several criteria.

The performance of a classifier depends on the interrelationship between sample sizes, number of features,
and the classifier’s complexity. This paper focuses on investigating the performance of the classifier by
varying the sample size and the number of features. There are reasons to keep the dimension of the data
representation, i.e. the number of features, as small as possible. These are cost in terms of memory
consumption, time and classification accuracy. A limited feature set simplifies both the pattern
representation and the classifiers that are built on the selected representation. As a result, the classifier will
be faster and will use less memory. On the other hand, a reduction in the number of features may lead to a
loss in the discrimination power and thereby the accuracy of the resulting recognition system.

In section 2, the process of image processing and feature extraction will be covered. The classifier used is a
neuro fuzzy model called Evolving Fuzzy Neural Network (EFuNN) (Kasabov, 2001). The architecture of
this model will be discussed in section 3. An analysis on the performance of EFuNN will be discussed in
section 4. Finally, we report our findings of the performance of EFuNN on the task of handwritten digit
classification.

2. IMAGE PROCESSING AND FEATURE EXTRACTION

Handwritten images have to go through stages of image processing before useful information can be
extracted for classification purposes. Two image-processing procedures, edge enhancement and thinning
are performed on the images to enable edge detection of the images. Edge detection reduces an object in an
image into a thinned edge object that represents the contour of the object. The reason for using thinned
edge image rather than the unprocessed image is that the thinned edge image reduces the amount of data
that is needed to compute in the feature extraction process. After edge detection, feature extraction is
performed. Feature extraction is an important task in the first step of the character recognition. Devijver
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and Kittler (1982) defined feature extraction as the problem of “extracting from the raw data the
information which is most relevant for classification purposes, in the sense of minimising the within-class
pattern variability while enhancing the between-class pattern variability. KL transform is used as the
feature extractor. The KL transform is a linear transform and corresponds to the projection of images onto
the orthonormal eigenvectors of the covariance matrix of a large number of prototype images. The
prototype images are representative of the types of images desired to be recognised by the recognition
system, in this case, character images. The production of this transform is also known as principal
component analysis (Johnson, R.A. & Wichern, D.W. 1992) (Andrews, 1971). The KL transform requires
the computation of the covariance matrix and is followed by its diagonalisation to produce the eigenvectors
(Press, W.H. et al., 1996). The resulting eigenvectors can be used as basis vectors for feature extraction.
The first 16 elements are used as they are seen as the most significant from observation.

3. EVOLVING FUZZY NEURAL NETWORK

The Evolving Fuzzy Neural Network (EFuNN) model is different from other fuzzy neural network
models despite structural similarities. EFuNN evolves according to the Evolving connectionist system
(ECOS) principles (Kasabov, 1996) (Kasabov, 1998). ECOS evolves its structure and functionality over
time through interaction with the environment. It emerges, evolves, develops, unfolds through learning and
through changing its structure in order to better represent incoming data.

EFuNN is a five-layered fuzzy neural network (see Figure 1). Its nodes and connections are
created or connected as data samples are presented. Layer 1 takes the input variables. At layer 2, each
input variable is represented by a group of spatially arranged neurons to represent fuzzy quantisation. The
task of this layer is to transfer the input values into membership degrees to which they belong to a
membership function (MF). Thus, if an input variable fails to belong to any existing MF to a degree greater
than a membership threshold, new neurons can be evolved.
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Figure 1: The five-layered structure of EfuNN.

Layer 3 contains rule nodes that evolve through learning. The rule nodes represent clusters of
input-output data associations. Each rule node r is defined by two connection weights wl and w2, i.e.

wl=x and w2 =y (D

where x is current fuzzy input vector and y is its corresponding output vector. wl is adjusted through

supervised learning based on the output error and w2 is adjusted based on similarity on the cluster.

Layer 4 represents the fuzzy quantisation of the output variables similar to layer 2. Using the
weighted sum input function and a saturated linear activation function, the degree to which an output vector
belongs to an output MF is calculated. At layer 5, a linear activation function is used to calculate the output
variables (defuzzification).

The learning algorithm of EFuNN mainly consists of following steps: network initiation, inputs
feeding forward, connections updating, parameters tuning, node aggregation, node pruning, and rule
extraction.
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4. EXPERIMENT ON HANDWRITTEN DIGITS CLASSIFICATION

In this experiment, further selection within the feature set has been made to analyse the
performance of the classifier. As mentioned in earlier, the sample size and the number of features also
determine the performance of the classifier. Thus, in the experiments, the sample size N and the number of
features F are varied to determine the performance of EFuNN based on the following criteria.

1. Recall capability

2. Classification

3. Timing

4. Memory requirement

5. Root Mean Square Error (RMSE)

The data set consists of an N by F matrix whereby N ranges from 1 to 5000 and F varies from 1 to
16. Maximum 16 features are considered as they are observed to be discriminative enough. The notation
F-1 means one feature is used, F-2 means two features are used and so on.

The data set is the result of image processing and feature extraction. Each row consists of F
features that are the training values for a specific digit. These F values obtained from the KL transform
vectors for a particular handwritten image of a digit. The first row in the matrix contains the training value
for the digit ‘0’ and the next row for digit ‘1° and so forth till digit ‘9’. Thus 10 rows have the training data
for digits 0 to 9. Therefore, training data set consists of 500 different training data for each digit.

4.1. Recall Capability

Recall capability refers to the system’s capability to classify accurately when it is tested with the
same set of data it was trained with. Accuracy is measured on a scale from O to 1. In this experiment,
EFuNN was trained with data of varying number of features F. For each F, N (i.e. sample size) was varied
from 200 to 5000. Subsequently, the trained system is tested for recall capability using the same data.
From Figure 2, it can be seen that as the number of features increase, the accuracy increases. Increase in
accuracy for an additional use of feature becomes minimal after 11 features. The detail can be seen in
Table 1. Generally, with 6 or more features, the system performed at a high accuracy of 0.9 and above.
Since, at recall, the training data and testing data are the same, the number of features does not make
significant alterations to the accuracy. Greater number of features is more useful when the training and
testing data are different. In such cases, the system should be adaptive to classify new input data. Then,
greater number of features could be useful.
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Figure 2: Recall capability with 16 features.
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Table 1: Recall accuracy of selected features .

6 7 8 9 10 11 12 13 14 15 16

1000 | 0.997 | 0.997 | 0.997 | 0.994 | 0.996 0.999 | 0999 |1 0.998 | 0998 | 1

2000 | 0.983 | 0.986 | 0.987 | 0.991 | 0.993 0.994 | 0.996 | 0.996 | 0.997 | 0.997 | 0.999
3000 | 0.951 | 0.961 | 0.974 | 0.976 | 0.97933 | 0.984 | 0.989 | 0.991 | 0.989 | 0.994 | 0.993
4000 | 0.938 | 0.936 | 0.949 | 0.958 | 0.962 0.976 | 0.984 | 0.989 | 0.986 | 0.989 | 0.989
5000 | 0.939 | 0.945 | 0.954 | 0.963 | 0.967 0979 | 0.984 | 0.987 | 0.988 | 0.989 | 0.988

4.2 Classification

The classification of the system is done using 60% of the data for training and 40% of the data for
testing.

Figure 3 shows that with increasing number of features, the classification accuracy increases. The
increase in accuracy is distinguishable at 6 features. Beyond this, change in accuracy is minimal regardless
of the number of features used.

Classification Accuarcy

Figure 3: Classification accuracy with 16 features.

There appears to be a convergence after 6 or more features are used. Figure 3 shows that for small
sample sizes (up to 2000 samples), the classification accuracy converges for various numbers of features.
For subsequent larger samples, it is noticed that more features enhanced the classification capability. As it
can be seen from Table 2, for samples greater than 3000, the system with 16 features outperformed the
other systems. This is because, with larger samples, there are more test data (40% of N samples are used for
testing). With more test data, the variability in data is likely to be higher. Then more features, contributing
to greater training data will enable better classification.

Table 2: Classification accuracy of selected features.
F 6 7 8 9 10 11 12 13 14 15 16

1000 | 0.983 | 0.98 0.983 | 0.97 0.97 0.985 | 0976 | 0.983 | 0.978 | 0.973 | 0.983
2000 | 0.808 | 0.798 | 0.805 | 0.77 0.755 | 0.778 | 0.786 | 0.776 | 0.775 | 0.791 | 0.789
3000 | 0.716 | 0.7 0.745 | 0.759 | 0.72 0.733 | 0.776 | 0.724 | 0.750 | 0.77 0.819
4000 | 0.758 | 0.765 | 0.799 | 0.815 | 0.804 | 0.799 | 0.853 | 0.834 | 0.811 | 0.846 | 0.881
5000 | 0.819 | 0.832 | 0.874 | 0.897 | 0.877 | 0.866 | 0.859 | 0.876 | 0.900 | 0.879 | 0.909
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4.3. Timing

4.3.1. Training Time

Quick training time is an important criterion of an effective classification system. Thus, it is useful
to investigate the number of features on the duration of training. As it can be seen from Figure 4(a), as the
number of features increase, the training time also increases. The numerical result is shown in Table 3. As
the size of samples increases, the training time also increases.

4.3.2. Classification Time

Classification time refers to the time the system takes to classify digits when it’s tested with
different data. Figure 4(b) shows the classification times for system using different number of features at
different sample sizes. The numerical result is shown in Table 4. Like training time, the classification
times show linear relationship to the size of training data. As it can be seen from Figure 4(b), system
trained with greater number of features, take longer time to classify digits. This is due to more rule nodes in
the system. When there is greater number of rule nodes, system would require greater time finding the
most appropriate rule to ‘fire’ for a given a set of inputs.

4.4. Memory Requirement
Table 5 shows the various system with number of memory nodes they possess. System using more
features needs more rule nodes.

4.5. Root Mean Square Error
Root Mean Square Error (RMSE) is a good gauge of estimating the error rates of the two systems.
RMSE is obtained during training as well as classification.

4.5.1. Training RMSE

Training RMSE refers to difference between the sample training data and the rule nodes. System
with greater number of features causes greater training error (see Figure 5(a)). This is because with greater
number of features, the training data becomes larger. With more data, likelihood for error is greater.

4.5.2. Classification RMSE

Classification RMSE is calculated when the trained system is tested with sample test data.
Although this is not as useful as training RMSE, it provides information as how effective the rule nodes are
when tested with different data. From Figure 5(b), it’s quite clear that during classification, the number of
features does not affect error rates greatly.
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Figure 4: (a) Training time of selected features. (b) Classification time of selected features.
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Figure 5: (a) Training RMSE of selected features. (b) Classification RMSE of selected features.
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Table 3: Training time of selected features.

F 6 7 8 9 10 11 12 13 14 15 16
N
1000 | 2.39 291 3.92 3.75 4.41 5.48 5.81 6.70 7.20 7.95 7.53
2000 | 5.41 6.92 8.42 9.23 1036 | 12.23 | 13.62 | 15.06 | 17.25 | 17.33 | 17.49
3000 1092 | 13.48 | 1535 | 17.452 | 18.52 | 22.28 | 24.59 | 27.79 | 30.53 | 32.47 | 32.12
4000 18.53 | 21.73 | 25.89 | 29.25 31.08 | 35.03 | 40.87 | 45.53 | 4547 | 48.47 | 49.84
5000 | 29.61 | 33.29 | 37.31 | 42.26 47.61 | 53.59 | 58.37 | 67.92 | 67.22 | 70.95 | 72.01
Table 4: Classification time of selected features.
6 7 8 9 10 11 12 13 14 15 16
N
1000 | 1.25 1.61 2.39 2.61 2.92 3.59 3.64 4.5 5.67 6.08 4.97
2000 | 4.23 5.59 6.26 7.38 8.03 8.98 9.69 12.34 | 1298 | 1538 | 12.67
3000 | 10.95 13.45 14.67 17.29 19.94 | 20.03 | 22.61 2695 | 29.16 | 32.62 | 27.79
4000 | 19.5 21.34 | 25776 | 31.16 | 34.16 | 33.48 | 40.97 | 44.09 | 46.14 | 53.37 | 44.29
5000 | 34.95 | 37.31 39.34 | 4525 | 50.29 | 54.56 | 60.59 | 69.78 | 68.28 | 73.06 | 62.11
Table 5: Memory requirement of selected features.
F 6 7 8 9 10 11 12 13 14 15 16
N
1000 | 23 33 55 62 69 87 88 111 141 151 110
2000 | 48 67 76 91 100 111 120 154 162 192 135
3000 | 91 113 124 147 169 167 189 225 243 269 202
4000 | 124 136 164 200 218 210 256 275 287 329 242
5000 | 180 192 202 232 256 273 302 345 337 358 272
Table 6: Ranking of systems performance to various criteria.
Recall Classification | Memory Classification | Classification | Training | Classification
Capability Requirement | Time Time RMSE RMSE
F-15 F-16 F-6 F-6 F-6 F-7 F-16
F-16 F-15 F-7 F-7 F-7 F-6 F-12
F-14 F-14 F-8 F-8 F-8 F-8 F-13
F-13 F-13 F-9 F-9 F-9 F-9 F-14
F-12 F-12 F-10 F-10 F-10 F-16 F-15
F-11 F-9 F-11 F-11 F-11 F-10 F-10
F-10 F-8 F-12 F-12 F-12 F-11 F-11
F-9 F-11 F-16 F-13 F-16 F-12 F-7
F-8 F-10 F-13 F-14 F-13 F-13 F-9
F-7 F-7 F-14 F-15 F-14 F-14 F-8
F-6 F-6 F-15 F-16 F-15 F-15 F-6
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5. CONCLUSION

Effective classification of handwritten digits using EFuNN was investigated and the result was
studied. As mentioned earlier, effectiveness is measured by the performance of the system to certain
criteria. These are recall and classification, memory requirement, timing and RMSE. At the stage of
feature extraction, it’s required to know the lower bound of the number of features that would be required
to optimally meet the criteria. It was conclusive that system using 5 features or less performed
inadequately. The summary of the results for system using 6 to 16 features is shown in Table 6. The table
ranks system in descending order of recall and classification accuracy. More features give higher
classification accuracy. Memory consumption is ranked in ascending order of number of rule nodes in the
system. This means system using less number of features has less number of rule nodes. Training and
classification time are ranked in ascending order of time spent. Training and classification RMSE is ranked
in ascending order of errors. Simply, for all the criteria, higher rank indicates greater performance. Of the
listed set of criteria, classification, memory consumption and timing (training and classification) has
precedence over the others. From analyzing the results we can deduce that the trend indicates that system
using greater number of features ensure greater classification accuracy, but they consume more memory
and require more time to train and classify. Ultimately, EFuNN using 9 features satisfies the criteria of an
effective classification system. Thus, it can be concluded that 9 most discriminative features from the
process of PCA under feature extraction ought to be enough for training and classification of the system.
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