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Abstract—In the page, We discuss several dimensionality 

reduction methods for image feature, and then focus on the 

one: SPCA(Simple Primary Component Analysis), which is 

simple fast and exceeding algorithm of data-oriented PCA 

algorithm. In order to better understand the SPCA algo-

rithm, Some well-designed experiments of image compres-

sion and image retrieval are taken to compare these algo-

rithms. By experiment 1, we get the result: PCA matrix 

algorithm is best in performance but worst in speed, and 

GHA is better in speed ,but worst in performance, and the 

results show that SPCA is out-standing not only in perfor-

mance, but also in speed. By experiment 2, we get the desired 

result: using the image feature after SPCA almost get the  

same performance of original image feature, but much bet-

ter than original image feature in speed. The conclusion is: 

SPCA algorithm can be applied in many field, especially in 

image compression and image retrieval. 

Keywords-Dimensionality Reduction;SPCA;PCA;GHA; 

Image Feature 

I. INTRODUCTION 

With the problem more complex, high-dimensional 

data processing is becoming increasingly important. On 

the one hand, high-dimensional data make it difficult to 

understand the relationship between the data, on the other 

hand, makes high-dimensional data storage, transmission, 

treatment becomes more difficult. High dimensional data 

has become a bottleneck of problem solving. Therefore, 

dimensionality reduction techniques[1] is a key to achieve 

an effective dimensionality reduction purposes. PCA 

(Principal Component Analysis) method is a very effective 

dimensionality reduction method. The PCA methods in-

clude PCA matrix, SPCA, GHA and other algorithms, In 

this paper we do experiments to compare  the perfor-

mance of these algorithms in high-dimensional image fea-

ture dimension reduction compression which highlights the 

SPCA algorithm is simple, fast, meanwhile high perfor-

mance. This paper is organized as follows: First, give an 

overview of the PCA then, introduce a variety of specific 

algorithms, and do experiment with a variety of algorithms 

comparison Finally, make out the experimental results. 

II. PCA(PRINCIPAL COMPONENT ANALYSIS) [2] 

PCA is a non-parametric method of ,pattern recogni-

tion. By using a small number of features describe the 

samples in order to reducing the dimension of feature 

space. It is the goal to represent high dimensional data in a 

low dimensional subspace with the minimum mean square 

error and finally reach the purpose of reducing dimensions. 

. Specifically, assume that there is an n-dimensional 

vector X, want to down to become k-dimensional data 

(k n) If we simply cut off X, brought the sum of the 

mean square error variance equal to lay down the various 

components. This requires the existence of a reversible 

linear transformation T, such that the TX truncated sense 

of mean square error at the best, it is clear that some of the 

transformed component has a lower variance.  

For the dimensions m × n input matrix X, it can be ex-

pressed as: 

EptptptX T

kk
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. Where kn,
it called the principal component scores, 

ip called the principal component loadings, E for the re-

mainder of the X. The formula is equivalent to: 

ETPX T                      

T expressed approximately as 

XPT                          

Can be shown when the i-th eigenvalue
ip  is taken as 

the covariance matrix of the matrix X corresponding to the 

descending order of the feature vector time, T is the max-

imum variance. For each pair it , ip , is rearrange in ac-

cordance with the value corresponding to the characteristic 

feature vectors in descending order, the first pair 1t , 1p , 

get the first primary element vector and principal compo-

nent factor of the largest amount of information, and the 

rest, and so on. 

For primary componet variable  TktttT ,...,, 21 , kt is 

a linear function of X; kt  make the maximum variance 

kt  fully reflect the changes in X; while each of kt , tries 

not to correlate  that is extracted principal component 

variables contain no duplicate information. 

From the viewpoint of statistical pattern recognition, 

the main component analysis is a dimension reduction 

process in fact, it ignores the linear component has a 

smaller variance, the larger the error term has retained, 

thus reducing the number of valid data is represented by 

the dimension. However, it is a linear algorithm, the only 

extract data related to the linear feature.  

Depending on the method of calculation of feature 

vectors, PCA methods are generally divided into two cat-

egories: one is the matrix method, and the other is the da-

ta-oriented methods. Matrix method is through the matrix 

calculations to accurately solve the eigenvalues and ei-

genvectors, resulting principal component vector. While 

the data-oriented methods use numerical computation ra-

ther than matrix operations to obtain approximate principal 

component vectors, the biggest advantage is that when the 

dimension size increases, the computational efficiency can 

solve the bottleneck problem of matrix operations encoun-

tered. 

 

III.  DIMENSIONALITY REDUCTION METHODS 

A. PCA matrix algorithm [3] 

① to obtain a set of raw data kt , where kt is the i-th 

point, the point itself is n-dimensional, i = 1,2 ..., m  

② Center for each point: first calculate of the average  

m

X

X

m

i

i
 1 , then adjust each point XX i    

③  calculate the covariance matrix C , where 

  XXXXC jiij 
  

④ to obtain the eigenvalues λ and eigenvectors α of 

the covariance matrix by the C  to give the correspond-

ing eigenvalues of the eigenvectors descending according 

to the arrangement, as long as the choice is generally in 

front of the k (k n) can be approximated representation 

of the original feature vector data .  

GHA and SPCA algorithms both are PCA methods 

B. GHA (Generalized Hebb algorithm) [4] 

The algorithm is the use of unsupervised neural net-

work The input is n neurons ix , the output is L neurons 

jy , synaptic weight value, jiw  where n is the number 

of dimensions, L is the number of principal components 

selected, i = 1,2 ..., n, j = 1,2, ..., L.  

Specific algorithm is as follows:  

① At time t = 1, the synaptic weights of the network 

jiw  is initialized, it takes a small random number, as-

signed to a learning factor η small positive number.  

② For t = 1, j = 1,2, ..., L and i = 1,2 ..., n, is calculat-

ed  

     
1

n
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Where  ix t  is the i-th component, of input vector 

 X t , L is the main component of the desired number.  

③t increased 1 (t = t + 1) then go to ②, and continue 

until it reaches stable.  

For larger t, j synapses value converges to the covari-

ance matrix of the input vector of the j-th eigenvalue ei-

genvector corresponding i-th component. 

C. SPCA（Simple Principal Component Analysis）[5] 

SPCA is a data-oriented method and like Hebbian 

learning [6], the algorithm does not explicitly calculate nor 

diagonalize the covariance matrix. Also SPCA does not 

require the tuning of learning parameters and convergence 

is obtained with very few iterations.  

The SPCA algorithm[5] is given as: 

①collect of an dimensional data set,V={v1,v2,…,vm} 

②X={ x1,x2,…,xm },which are obtained by subtract-

ing which is the average value of form the center of gravi-

ty of set of the vectors, is used as input vectors. 

③The column vector is defined as connection weights 

between the inputs and output. The first weight is used to 

approximate the first eigenvector. The output function has 

a value given by: 

1y ＝  1

T

ie x                   

④using the following equation (7)and ,repetitive 

calculation of arbitrary vector suitably given as an initial 

value is carried out. As a result, the vector can approach 

the same direction as. 
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Where  is a threshold function given as  
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⑤using following equation, we remove the first prin-

cipal component vector from the dataset in order to find 

the next principal component. 

  11

' exexx i

T

ii                 

We obtain principal components because we substitute 

with and with in equation (7),(8)and perform repetitive 

calculation once again. 

If the same operation is being done enough for the da-

taset, we obtain the principal component which is stronger 

in contribution rate by turns. 

IV.  EXPERIMENTS  

Experiment 1: 

This experiment is using the Lena standard image of 

256×256. Firstly, the image is divided into blocks (n1× n2), 

then each d1×d2 (d1=256/n1, d2=256/n2) pixels, then ex-

tract the I pixel point of each of the mapped as new (n1× 

n2) of the I point dimension (second block is itself is n1× 

n2 dimension, the first component of it from the original 

image of the first block of the I pixel, its second compo-

nents from the original image in the I pixel, and so on), 

resulting in a set of original data (including i=1,2... , d1 × 

d2). With these data, we use the three dimension reduction 

algorithm, get the main element vector, is reconstructed 

and the original image using principal component vectors, 

and comparison with the original image distortion. 

The experiments were carried out with three different 

blocks of the original image (8 × 8, 16 × 16, 32 × 32), and 

each block, with different number of principal components 

are compared experimentally recorded all the time effi-

ciency of the algorithm and the peak signal to noise ratio 

(PSNR). At the same time, also SPCA and GHA iteration 

is divided two cases, specific data, please refer to the fol-

lowing table: 

Note: the PCA algorithm over data refers to the matrix of 

the PCA algorithm, the number refers to the number of it-

erations, the learning factor used by GHA 0.0001. By us-

ing the time (s) and PSNR (Peak Signal to Noise Ratio) 

(DB) to measure the difference of these algorithms. The 

PSNR (DB) index is used to measure the similarity of im-

age reconstruction and the original image. For the 8 bit bi-

nary image, PSNR definition[7] is as follows:  
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TABLE1 PERFORMANCE COMPARISON OF PCA, SPCA AND GHA 

Algo. B Nu 

Of 

PC 

Com 

ratio 

Situation 1 Situation 2 

Tim 

es 

Time 

(s) 

PSNR Tim 

es 

Time 

(s) 

PSNR 

PCA 8 ×

8 

4 1/16  0.1 20.5    

SPCA 10 0.1 19.9 100 1.0 20.0 

GHA 10 0.3 17.0 100 3.1 18.6 

PCA 8 1/8  0.1 22.6    

SPCA 10 0.2 22.1 100 1.9 22.1 

GHA 10 0.6 15.4 100 6.0 18.7 

PCA 16 1/4  0.1 25.5    

SPCA 10 0.4 25.2 100 3.78 25.2 

GHA 10 1.2 12.7 100 11.9 18.5 

PCA 16

×

16 

16 1/16  8.2 27.0    

SPCA 10 0.4 26.5 100 3.7 26.5 

GHA 10 1.2 11.6 100 11.9 15.8 

PCA 32 1/8  8.2 30.3    

SPCA 10 0.9 30.0 100 7.4 30.0 

GHA 10 2.4 8.7 100 24.1 13.7 

PCA 64 1/4  8.7 36.1    

SPCA 10 1.7 35.4 100 14.7 35.4 

GHA 10 4.7 6.1 100 47.1 11.5 

PCA 32

×

32 

64 1/16  710.2 177.9    

SPCA 10 1.8 103.4 100 15.3 103.0 

GHA 10 5.9 6.7 100 60.8 7.2 

PCA 128 1/8  712.4 177.6    

SPCA 10 3.5 21.67 100 30.4 21.7 

GHA 10 25.1 4.1 100 257.5 5.0 

PCA 256 1/4  715.8 177.4    

SPCA 10 7.0 13.8 100 60.0 13.5 

GHA 10 49.7 0.9 100 506.7 2.6 

The (I, J) represents the pixel coordinates, and the rep-

resentation of the original image and the reconstruction of 

the original image of each pixel gray value respectively, M, 

N representing the number of columns. 

Through the experiments we can see that when the 

block is 16×16, the compression ratio is 1/16 case, SPCA 

case of PSNR 26.5db, PCA PSNR 27db, both with similar 

performance, but the algorithm of time is not the same, 

PCA algorithm with a time of 8.2 seconds, while the 

SPCA is only 0.4 seconds. Under the same conditions of 

the GHA algorithm, PSNR 11.6db, a time of 1.2 seconds, 

the performance and the time is also not as SPCA algo-

rithm. In the higher dimensional case, the speed of the 

SPCA algorithm is hundreds of times the speed of PCA 

algorithm. Other conditions of the experiment also shows 

that the SPCA algorithm is not only superior performance, 

almost no difference with PCA matrix) algorithm (visual 

effect is shown in Fig .1), more important is, when the 

original data dimension reach a larger scale, PCA algo-

rithm of matrix is difficult to adapt to, even if the calcula-

tion, its speed also far less than the speed of SPCA algo-

rithm. For example, in Table 1, block of 32×32, PCA 

computing time for more than 700 seconds, while the 

SPCA only a few seconds. For the GHA algorithm, alt-
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hough theoretically, iteration through an infinite number of 

times of GHA, and decreased gradually learning factor, 

can the theory of infinite into the main element of the val-

ue, but from the above experimental results, in the same 

iteration, GHA algorithm of time more than SPCA algo-

rithm, and the performance is far as SPCA. In conclusion, 

SPCA algorithm is the reduction of a dimension reduction 

algorithm of both performance and speed dimension algo-

rithm, especially suitable for large dimension scale data, 

and real-time situations. 

al-

gori

thm 

8×8 block，4 

primary com-

ponents  

16×16 block，

16 primary 

components 

32×32 block，

64 primary 

components 

SPC

A 

 
PSNR＝19.9 

 
PSNR＝26.5 

 
PSNR＝103.4 

PCA 

 

 
PSNR＝20.5 

 
PSNR＝27.0 

 
PSNR＝172.9 

Figure 1  Intuitionistic performance comparison of SPCA and PCA under the same compression ratio(1/16) 

Experiment 2:  

In this experiment, there is total 1361 color endoscopic 

images, including 2 classes: one is 169 images having 

cancer cell, the other is remain images having no cancel 

cell. Analyzing these images, we find obvious color dif-

ferences of the two class images. Therefore, we take color 

feature[8] in our retrieval experiments. We choose 10 im-

ages randomly from the 169 images as query-example 

images for the following experiment: 

From the literature [5] was informed that SPCA algo-

rithm can obtain rapid and effective dimensionality reduc-

tion under the prerequisite of almost no loss of perfor-

mance. In the experiment, using SPCA algorithm we com-

press 256-dimensional color histograms feature and color 

correlograms feature into 16 dimensions separately, so the 

dimension of the final integrated feature[9] become  

16+16=32. 

Through the curve of Fig .2 ,we find that after feature 

compressed no significant difference in retrieval perfor-

mance, but feature dimensions from 512 drop to 32, thus 

effectively reduce the amount of calculation, and ulti-

mately improve the speed of retrieval, the average of re-

trieval time reduce from 7.61S  to 1.78S. This retrieval 

advantage is especially made in the large-scale database. 

 

Figure 2 Performance curves of integrated features under the two methods share different circumstances before and after the SPCA Compression 
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Figure 3 Examples of retrieval results of integrated features after using SPCA 

Fig .3 is the examples of retrieval results of integrated 

features after dimensionality reduction, in line with similar 

distance of images from small to large. The first is the 

query-sample. Integrated feature made from 20% color 

histograms feature and 80% color correlograms[10] feature. 

the 3th,9th,16th, 17th image are unrelated images and the 

rest are related. 

Through this experiment, we can make the conclusions 

that using SPCA on high-dimensional feature can largely 

enhance the retrieval speed. 
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