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Abstract: Present work focuses on clustering of MNIST
dataset using K-means clustering and Self-Organizing
Maps (SOM). Histograms of Oriented Gradients (HOG)
descriptors are used to extract the feature vectors and
Principal Component Analysis (PCA) is applied on feature
vectors to reduce the dimensionality. First two principal
components are taken for cluster formation. Purity of
cluster metric is used to evaluate the clusters. External
criteria with prior information of true class is chosen to
validate cluster. The performance of SOM is better than
K-means in forming clusters. Out of 10 clusters K-means
algorithm missed clusters of 3 digits (0, 7 and 9) whereas
SOM missed clusters of 2 digits (5, 9).

Keywords: Clustering, Histograms of Oriented Gradients
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[. INTRODUCTION

Hand written digit recognition is used in many applications
in computer vision. Classification of hand written digits using
standard machine learning algorithms by [1] used a database
of 1200 samples of 12 writers. Based on the LeNet5
convolutional neural network architecture [2] a trainable
feature extractor for hand written recognition is introduced
using standard MNIST dataset [18]. The other comparative
study on hand written recognition using Back Propagation,
K-Nearest Neighbour (KNN) and Radial Basis Function
done by [3]. The tested databases used by [4] are CENPARMI,
CEDAR, and MNIST using gradient features and KNN, Support
Vector Classifier (SVC) with Polynomial and Gaussian kernals,
Multi Layers Perceptron (MLP) and Linear Vector Quantization
(LVQ). Street View House Numbers (SVHN) Dataset is
one more dataset similar to MNIST presented by [5] used

unsupervised techniques for classification of hand written digits.
Present work focuses on the clustering of hand written digits
using standard MNIST dataset [18] using K-means clustering
and Self Organizing Map.

Clustering algorithms are discussed in section 2, HOG feature
extraction and dimensionality reduction is elaborated in section
3, MNIST dataset [18] details are given in section 4, cluster
formation and evaluation is analysed in section 5, conclusion
and future direction is given in section 6.

Fig. 1: Self Organizing Maps
II. CLUSTERING TECHNIQUES

Clustering is a technique to grouping similar patterns, sets, or
objects. Some of the applications of cluster analysis are text
categorization [6], computer vision [7], information retrieval
[8], marketing [9] and biology [10]. Clustering algorithms can
be divided based on structure and operation. Different clustering
methods are discussed in [14] [12]. In the present work K-means
clustering [21] and Self Organising Map [19] are used to form
clusters.

A. K-Means Clustering

In k-means clustering, k represents the number of clusters
selected for partition of input instances. The k-means clustering
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algorithm job is to assign each input instance to any of clusters
selected. The algorithm can be explained as follows:

1. Out of all input instances select k instances as initial
centroids using k-means ++ algorithm [21].

2. Calculate the distances of all input instances to all centroids.

3. The input instances which are close to the cluster centroid
are joined to that cluster.

4. The average of all input instances in a cluster gives
the new centroid. The new centroid for all k clusters is
calculated in the similar way.

5. The above steps from 2 to 4 are repeated until the centroid
value not deviated.

Fig. 2: HOG Visualization

B. Self Organizing Maps

Self Organizing Maps (SOM) [19] are used to produce a
low-dimensional representation of a high-dimensional dataset,
generally for visualization, clustering, or classification. The
neurons are spread across a map as shown in Fig. 1
[22]. Each neuron has a weighted connection to every input.
In the dataset a new instance will activate only one neuron
whose weight vector is closest to the input vector. In general,
instances that are nearby in the original input space will activate
neurons that are nearby on the map. This makes SOMs useful
for visuaslization.

TaBLE I: HOG PARAMETERS

HOG Feature Extractor Parameter List
Cell Block | Block Over | Number Orientation
Size Size Lab of Bins
[8, 8] [2, 2] | Blocksize/2 9 [0, 180]

III. HOG FEATURE EXTRACTION AND DIMENSIONALITY
REDUCTION

Histograms of Oriented Gradients (HOG) [17] are popular
features for detecting objects. HOG can be applied in face

recognition, pedestrian detection and other computer vision
problems. HOG give excellent performance over wavelets,
Scale Invariant Feature Transform (SIFT) [15]. To reduce the
dimensionality of the input feature space Principal Component
Analysis (PCA) [16] used [13]. The parameters of HOG are
listed in Table I and HOG visualization for digit 6 is shown in
Fig. 2.

Explained Variance: More than 90% explained by first two principal components
T T
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Fig. 3: Principal Components

I'V. HAND WRITTEN DiGIT DATASET - MNIST

MNIST is most widely used hand written digit dataset in
computer vision and it is available in mat file format, contains
training instances, testing instances, training labels and testing
labels. The dataset is divided as 60000 training instances and
10000 testing instances. The size of each input instance is 28*28
[4], [11], [2], [1] used MNIST dataset for their experiments.

TaBLE II: EvaLuatioN oF K-MEANS CLUSTERING

Purity Table - K-Means Clustering

Cluster Num- | Digit (Label) Cluster Members

ber Purity(%)
1 6 1345 28.55
2 5 1005 28.55
3 4 890 30.33
4 1 442 92.53
5 8 1640 22.31
6 1 372 95.69
7 6 1138 23.55
8 2 1305 26.36
9 1 546 61.35
10 3 1317 35.99
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Principal Component Scatter for K-Means Clustering
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Fig. 4: K-Means Clusters
V. EXPERIMENTAL RESULTS

Comparison of clusters formed by K-means and SOM is
analysed using purity and silhouette values of a cluster. Widely
used MNIST dataset is taken input instances which are available
as mat file in MATLAB. The dataset is divided as 60000 training
instances and 10000 testing instances. The size of each input
instance is 28*28 of gray scale. HOG features are extracted for
each testing instances and the length of the feature vector is
144. The dimension of the feature vector is reduced using PCA
for better visualisation. The first two principal components are
less correlated as shown in Fig. 3, selected for further analysis.
Purity of a cluster is defined as:

TaBLE III: CLUSTER EvaLUATION OF SOM

Purity Table - Self Organising Maps

Cluster Digit Cluster Members
Number (Label) Purity(%)
1 7 823 18.00
2 8 1577 21.69
3 0 1159 21.72
4 6 1287 25.98
5 4 977 29.28
6 3 1277 34.16
7 2 1388 25.63
8 1 635 49.05
9 1 476 90.06
10 1 401 94.04

Weight Vectors for SOM
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Fig. 5: SOM Clusters

purity (Q,C)= 1 X

N K Maxj lok NGyl (1)

where, Q = ol, ®2, ..ok is set of clusters and C =cl, c2, ...ck
is set of classes. The total number of clusters are selected are 10
for hand written digit dataset.

For K-means clustering, first two principal components are
given as input. The cluster are shown in Fig. 4 for K-means
clustering gives the cluster index with colour using first two
principal components. SOM calculates the distance from an
input instance from weight vectors for 10 neurons as shown on
gray color in Fig. 6. The input instances which have minimum
distances are activates the neuron and categorized as a separate
cluster. Scatter plot gives an idea of how the weight vectors are
changed for a particular input instance as shown in Fig. 5. Color
patch size in Fig. 6 is based on the number of cluster members.

Table II shows the cluster index and corresponding digit
classified based on voting of labels (classes). It can be observed
from the table that 0, 7 and 9 digits not categorized into any of
the clusters and these digits are added to cluster 5 i.e., digit 8.
Compared to K-means clustering, the performance of SOM is
better in the sense that only two digits 5 and 9 not classified
to any cluster as highest in number shown in Table III. By
investigation of labels 5 and 9, It is observed that these two
digits are categorized to cluster 2 i.e., digit 8. The similarity
between K-means and SOM is the missing digits clusters are
categorised to digit 8. Further, investigation has to made how
missing digits are joining the same digit 8 in the both clustering
techniques.
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Number of Hits

Fig. 6: Number of Hits to 10 Neurons from Input Vectors
Using SOM Topology

V1. CoNcLUSION AND FUTURE DIRECTION

Classification of hand written digits is a problem for years using
different datasets. Many deep learning techniques are used to
classify MNIST dataset. Present work focuses on unsupervised
learning using K-means Clustering and SOM. Purity of clusters
is analysed for both techniques. It can be concluded from tables
SOM is performed relatively better than K-means clustering in
forming clusters.

In future this work can be extended by putting some internal
criteria on clustering algorithm without prior information of
classes i.e., ground truth to validate a cluster.
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