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Abstract— Nowadays, the requirement of digital images has 

been grown tremendously. Respectively, different types of 

databases are maintained by different sources like military, 

industries and medical etc. In order to retrieve the required 

images from those databases, we have to use different 

classification and retrieving techniques. For Classification 

Principal Component Analysis (PCA) is better estimated 

method and for retrieval Content Based Image Retrieval 

(CBIR) is the popular method used. In which the texture 

features are extracted using Principal Component Analysis 

(PCA) with K-nearest neighbourhood applied. The results are 

better observed using precision and recall. The performance 

is better estimated with the percentage performance of 

precision and recall having nearly 96.9% and 67.07% 

respectively.  
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I. INTRODUCTION 

Digital images are playing a major role in today’s society. 

Even there are huge amounts of databases are maintained in 

the medical fields, industries and by military sources. Due to 

the vital role of images in the present days, there will be 

always the need of better classification method to classify the 

images before retrieval. For such a method, Principal 

component analysis with K-Means Clustering is used. In 

which the features based on texture are extracted firstly for 

the query image and as well as the images in the database and 

feature space is generated. Then, in this feature space, an 

image was clustered and separated into some regions by 

PCA_K-Means method. Now the Features of the images are 

extracted using PCA. Based on this extraction, images are 

classified. These classified images are retrieved and 

compared with the SIFT alone method and SIFT+Sparse 

coding method. The comparison shows that more number of 

images are retrieved with PCA_K-Means method. 

II. LITERATURE SURVEY 

The well-known other name for Principal Component 

Analysis is the Karhunen-Lo”we transformation. For major 

areas like face recognition, signal processing and data 

mining, etc, the popular method used is the PCA only. Mostly 

to represent the images, Kirby and Sirovich has used the 

concept of PCA originally for the representation of face 

images of the Humans [1]. In the year 1991, Turk and 

Pentland had proposed a method known as Eigen face for the 

purpose of face recognition. From then the schemes of face 

or the object recognition are broadly investigated [3]. 

Pentland et al. has proposed an enriched method about 

modular Eigen spaces and view based in order to deal with 

the problem of pose variation in the year of 1994 [4]. 

Whereas,  this paper deals with the comparison of PCA_K-

Means classification of images using PCA and K-Means 

Clustering with SIFT alone and SIFT+Sparse coding method. 

III. PRINCIPAL COMPONENT ANALYSIS (PCA) 

Since Scale Invariant Feature Transform (SIFT) method is a 

feature extraction method where it extracts the features of all 

the images and encoded using the sparse coding technique 

and are max-pooled via Spatial Pyramid Matching (SPM). 

This paper presents PCA technique for extraction of 

features. Firstly the query image and the database images 

need to be feature extracted using Principal Component 

Analysis (PCA) and K-Means Clustering is used to separate 

the images into different regions and to generate the feature 

space. 

Principal Component Analysis (PCA), also known 

as Karhunen Lo”we expansion [1], was a data representation 

technique and feature extraction method which are popularly 

used in computer vision and pattern recognition. The well-

established technique for linear dimension-reduction is the 

PCA. The PCA minimizes the original data into lower 

dimensions for which reconstruction error is reduced by 

finding the different projection directions corresponding to 

the top eigenvalues. Often, all the techniques like SIFT 

algorithm is used to extract the features but PCA helps in 

better analysis of the data that adopt the vector-space model 

and transform a 2D image matrix into a long vector by 

concatenating the column or row vectors. 

IV. K-MEANS CLUSTERING 

K-Means Clustering is an unsupervised algorithm which 

takes the unlabeled data points and group them into required 

K clusters. K-means Clustering algorithm determines the 

clustering number K and an approach of region-based image 

segmentation is introduced. For this approach, firstly, a 

suitable position of the image space is selected, the features 

of colour, texture, position and location of the images in the 

database are extracted, and the feature space is generated. 

Then, in this feature space, an image was clustered and 

separated into some regions by PCA_K-Means Clustering 

method.  

On all the images whose features are extracted, the 

K-means clustering is performed to group similar pixels 

together and form objects. The goal of K-means algorithm is 

to partition the observations into k groups with cluster center 

that minimize the square error.  The advantage of K-means 

algorithm is that it works well when clusters are not well 

similar from each other, which is frequently encountered in 

images. However, k-means requires the user to specify the 

initial cluster centers. The system performs good matching 

between the query and images of database and compared with 

other methods. The method is known to produce better 
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clustering result compare to randomly generated initial 

clusters. The algorithm is explained in the next section. 

V. PCA_K-MEANS ALGORITHM 

CBIR_PCA_K-Means (Iq, Ik{ K= 1, 2, 3……n} 

for   k     ←  1 to n 

do    Sq    ←   Position of image (Iq) 

do    Sk   ←   Position of Image (Ik) 

do    mq  ←   Principal Component Analysis (Sq) 

do    mk   ←   Principal Component Analysis (Sk) 

        dqk    ←  K-Means Clustering(mq, mk) 

Sort (dqk) 

end 

The algorithm specifies that Iq is the query image Ik 

are number of images in the database varying from 1 to n. 

When a query image is given, firstly the position of the 

images are observed for the query image and database images 

and stored in Sq and Sk respectively. These features are then 

extracted using the Principal Component Analysis (PCA) and 

aggregated to a single vector as mq and mk. Then fed to K-

means clustering for separating them into different clusters of 

regions and the match between mq and mk is computed, 

sorted in either ascending or the descending order as for user 

requirement and given the name as dqk. These retrieved 

images finally sorted according to the nearest position match 

to the query with all database images. That image is 

interpreted as the similar match with query image is displayed 

as first and similarly remaining matching images are sorted 

likewise. 

VI. RESULTS AND DISCUSSION 

A. Database: 

The database for this paper is taken from the Standard 

Caltech-101 Database which is from California Institute of 

Technology. The dataset contains 101-categories of images 

such as animals, music, faces, motorbikes, cars, airplanes etc. 

The result given below is for 5 groups from the object 

Categories viz., Butterfly, Chandelier, Dollar_bill, Ewer and 

Faces. For each group there are 30 images and the display 

results shows the retrieved.  For performance comparison 

precision and recall measures are computed. The sample 

images of Caltech-101 are shown in Fig.1. 

 
Fig. 1: Sample Images of Caltech-101 

The SIFT+Sparse coding method describes that the 

content of the image is extracted using SIFT [8]. Sparse 

feature representations for the SIFT features are then 

computed using the learned dictionary. These representations 

are further pooled via spatial pyramid matching kernels 

which have a fixed dimension feature vectors that represents 

the whole image. The SPM is used to maximum pool the local 

features from the images and improves the spatial 

information. The PCA_K-Means method effectively 

represents the features of the images and these features are 

used in image retrieval.  

 
Fig. 2: Comparison of Precision for Simple SIFT, 

Sparse+SIFT and PCA_K-Means Method 

The results shows a comparison of the three methods 

those are Scale Invariant Feature Transform alone method, 

Sparse coding with SIFT features i.e. SIFT+Sparse Coding 

method and the PCA-K-Means Clustering method. The Fig. 

2 & Fig. 3 shows the comparison of Precision and Recall for 

simple SIFT method, Sparse+ SIFT method and PCA_K-

Means Clustering method. From which it is clearly seen that 

the classification of images is better observed with the 

PCA_K-Means method. That is for any particular query 

image from the different groups, the image retrieval is high 

with PCA_K-Means method in both Precision and Recall. For 

example, the images retrieved with a query of 3(26) from the 

group (G3) is high compared with Simple SIFT and 

SIFT+Sparse method. 
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Fig. 3: Comparison of Recall for Simple SIFT, 

Sparse+SIFT, PCA_K-Means Method 

 
Fig. 4: Query Image 

Firstly, Fig. 4 shows the Query Image which is 26th 

image of 3rd group. The Fig. 5 shows the retrieval of images 

with SIFT alone method, Fig. 6 shows SIFT+Sparse coding 

method and Fig.7 shows the images that are retrieved using 

the Principal Component Analysis using the K-Means 

Clustering method. 

 
Fig. 5: SIFT alone Retrieved Images 

In the next Fig. 5, the SIFT alone method shows the 

retrieval of images based on features extracted using the SIFT 

and these are very few in number compared with both other 

methods.  

 
Fig. 6: Retrieved Images for Sparse+SIFT Method 

 
Fig. 7: Retrieved Images for PCA_K-Means 

Fig. 6 shows the retrieval of SIFT+Sparse coding 

images which are increased than SIFT alone but lesser than 

the PCA_K-Means method because they are feature extracted 

and Sparse coded. 

In the PCA_K-Means method the results show more 

relevant and increased number of images retrieved based on 

the query image shown in Fig. 4 and retrieved images for 

PCA_K-Means in Fig. 7. 

 
Table 1: Percentage of Precision and Recall 

From TABLE.1 it is clear that the Precision of PCA 

is 96.9% whereas for SIFT is 21.66% and SIFT+Sparse 

coding it is 31.66%. The Recall of PCA_K-Means method 

has 67.07% and SIFT have 14.42% whereas SIFT+Sparse 

have 21.086%. 

Therefore it is observed that the performance of 

PCA_K-Means method is better compared to the Scale 

Invariant Feature Transform (SIFT) alone and the 

SIFT+Sparse Coding. 
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VII. CONCLUSION 

The conclusion of this paper finally is to show the image 

retrieval is better obtained by using PCA with K-means 

clustering rather than SIFT alone and the SIFT+ sparse 

coding features. The SIFT alone method and SIFT+sparse 

methods retrieved  21.66% and 31.66% respectively, whereas 

the better performance of 96.9% is observed from the 

PCA_K-Means method by utilizing the concept of PCA for 

feature extraction and K-Means clustering for grouping the 

images. The Recall is observed as 67.07% for PCA which is 

more than the other two methods. 
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