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Abstract. The increasing requirement of classification categories is followed by the increasing 
probabilities of wrong classification and the decreasing classification speed. If we can separate certain types 
of pixels out in advance, and then classify the remaining pixels, we can reduce the probabilities of mistakes 
effectively. This paper proposed an improved Fast Independent Component Analysis (ICA) based remote 
sensing image classification algorithm. Firstly we analyzed the core iterative process of Fast-ICA algorithm, 
and adopted adaptive step size control in our search strategy, thus avoid large number of iterations caused by 
too small or too large step. Secondly, due to the initial value of Fast-ICA algorithm effects the results very 
much, a favorable initial matrix was selected before our iterative process. Next we use the improved 
algorithm to separate out certain types of pixels in advance, in such a manner to simplify the following 
classification. At last we compared the results of this algorithm with general Fast-ICA algorithm、principal 
component analysis (PCA) and ratio transformation. The experiment result shows the effectiveness of using 
this algorithm in image classification. 
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1. Introduction 
Image classification is one of the key technologies in remote sensing and its related field. Rapid, high-
accuracy classification of remote sensing images is an area of focus and difficult one. With the requirements 
of the increasing categories in classification, the probabilities of wrong classification are also increasing and 
the classification speed decreasing. If we can separate out certain types of pixels in advance then classify the 
remaining pixels, we can reduce the probabilities of mistakes effectively and speed up the classification. 

Independent Component Analysis (ICA) is an approach to blind signal separation, which has been 
developed during the past twenty years. It is a statistical and computational technique for revealing hidden 
factors that underlie sets of random variables, measurements, or signals. It attempts to make the separated 
signals as independent as possible. Unlike PCA, ICA can be seen as a tool based on higher order statistics 
and this method not only decorrelates the input signals but also makes the result signals as independent as 
possible. At present ICA is very useful and widely used in data mining and pattern recognition and gradually 
become a hot issue in signal processing. It is applied in biomedicine signal processing, error diagnose, sound 
signal separation, feature extraction etc1. Though ICA has a wide range of applications in the current signal 
processing field, its applications in image processing, especially in remote sensing image processing, is 
relatively less2. 

Remote sensing images are normally of large volume of data, and the computation of ICA is 
correspondingly very large. If apply ICA algorithm directly, the computation will be very large and difficult 
to convergence; what’s more, the result will be unsatisfied. So in this paper, we improved the core iterative 
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process of Fast-ICA algorithm to improve algorithm stability. Due to the initial value selection effects the 
results very much, we firstly experiment on an ICA algorithm to get a favorable result, and then carried out 
iteration process using this value. At last we compared the image classification results of this improved ICA 
algorithm with general ICA algorithm、PCA algorithm and ratio transformation algorithm. The experiment 
result shows the improved algorithm can get better convergence and result than the general one and has an 
advantage over PCA and ratio algorithm. 

The paper is organized as follows. We begin with an overview of various effective image classification 
methods and the development of ICA algorithms in recent years. In section 3, an overall structure of 
improved fast-ICA based image classification algorithm is illustrated. Section 4 shows the experiment results 
of this algorithm on multi-spectral image classification and its comparison with general ICA and other 
traditional methods, section 5 is the conclusions. 

2. Related work 
In recent years, many scholars focus their attention to the study of classification algorithms. Several image 
classification methods have been proposed, e.g., artificial neural network (ANN) methods, decision tree 
classification, pixel-based classifiers, object-oriented classifiers and so on. Neural network has more flexible 
requisitions for data and higher tolerant degree. In multi-source classification, where we do not always know 
the distribution functions, NNs can be more appropriate than statistical algorithms. For example, Fabio Del 
Frate and Fabio Pacifici used neural networks for automatic classification from high-resolution images3. 
Decision trees are commonly used in image analysis for variable selection, to reduce data dimensionality and 
to incorporate ancillary information4. According to the whole and hierarchical directory structure of the 
objects that the Decision tree model described, to recognize, classify pixels in images. Classification 
accuracies from decision tree classifiers are often greater compared to using maximum likelihood or linear 
discriminant function classifiers5. It also likes through a group of independent variables, to separate a 
complex data set to several pure, homogeneous subset. Pixel-based classifiers have difficulty dealing with 
the spectral variations in tree crowns, as was indicated in a study6. Recently, object oriented classification 
methods such as those offered by eCognition Professional have been embraced because a pixel no longer 
represents a single object, but rather a component of an object7. Object-oriented classifiers allow users to 
treat a crown as one object. Kristof, Csato and Ritter8 used 1m panchromatic and 4m multi-spectral IKONOS 
imagery and an object oriented classification scheme to classify a forest in Hungary. 

The use of ICA features for unsupervised signature extraction of IKONOS images has been investigated 
previously9. For the reason that ICA has been very time consuming in real-time application, especially in 
large volume data set, Hongtao Du has proposed a parallel independent component analysis algorithm: 
Single Process Multiple Data-structured parallel ICA (pICA) algorithm. Comparing to Fast-ICA, the pICA 
process generates an exponential speedup when the number of the estimated weight vectors increases 
linearly10. In the filed of image fusion, Li Xiaochun proposed an algorithm of fusion for multi-temporal 
images based on ICA and change detection. The algorithm can effectively embody contour and detailed 
structure of objects' in both images11. 

Based on the aforementioned work, the research of this paper is an extension of the Fast-ICA algorithm. 
In this paper, we will test and verify the effectiveness and advantages of this algorithm in multi-spectral 
image classification. 

3. Improved Fast-ICA algorithm based multi-spectral image classification 

3.1. Fast-ICA algorithm 
The fast and robust ICA (Fast-ICA) algorithm is proposed by Hyvarinen12, which is a fixed-point algorithm 
based on an optimization of negative entropy function. Unlike PCA, ICA can be seen as a tool based on 
higher order statistics, which not only decorrelates the input signals but also makes the result signals as 
independent as possible. 

Before using ICA to separate mixed signals, some pre-processes are needed. Through pre-processing, the 
ICA algorithm can be more simple and stable. The most basic and essential preprocesses are centering and 
whitening. Centering the signal is done by subtracting its mean vector, to make the signal a zero-mean vector. 
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For signal x, its mean vector is { }E=m x , then the process of centering is = −x x m , and the mean value of 
x become to { } { } 0E E− = − =x m x m . Whitening is to linearly transform the centered signal. The 
components of the whitened signal are decorrelative with each other and the covariance matrix of the 
whitened signal equals unity:

~ ~
{ } 1

T

E =x x , where 
~
x  is the whitened signal of x. 

Using vector-matrix notations, the basic model of ICA is 

 
Where Y is the vector of observed signals, A is the mixing matrix to be estimated and X is the mutually 

independent components. The goal of ICA is to find matrix 
1W A−= such that the sources X can be 

estimated from the observed vector Y by optimizing a statistical independence criterion. 
The estimation of independent component is usually through minimizing or maximizing a suitable 

objective function. Many algorithms of independent components separation are proposed in the past few 
years, such as Fast-ICA and Infomax. Our paper adopts the Fast-ICA algorithm which obtains the separation 
goal via maximizing the negative entropy. The most commonly used objection function is: 

 
Where 

TY w x=  and w is an m-dimensional vector constrained such that
2{( ) } 1TE w x = . v  is a Gaussian 

random variable of zero mean and unit variance. ( )G y  is a nonquadratic function, and is used in its 
derivation form ( )g y  in the Fast-ICA algorithm. Recently function ( )G y  is usually used as follows: 

 
Where 11 2a≤ ≤ , 2 1a ≈ . 1G  is a general used function. 2G  is suitable for the strong Super-Gaussian 
signals of the relatively high robustness demand. When the computation must be reduced, 1G  and 2G  should 
be used in piecewise polynomials. 3G  is suitable for Sub-Gaussian signals and the sampling value is 
undisturbed. 

3.2. Improved Fast-ICA algorithm based image classification 
In the process of remote sensing image classification, the type of mixed pixels is difficult to be determined. 
The current mixed pixel decomposition models can be summed up as follows: linear model, probability 
statistics model, random geometric model, geometric optical model and fuzzy model. Linear spectral random 
mixture analysis model (LSRMAM) is widely used in mixed pixel decomposition. But the use of LSRMAM 
must be given the prior information of each ground type and the precise composition of the ground type is 
usually unknown. There is a better way that assuming each mixed pixel composition as a random variable 
(i.e. a random signal source) and the spectral response curves of ground types are independent of each other. 
Each spectral response curve constitutes a source signal, and the multi-spectral image can be considered as a 
mixed-signal of these source signals. Thus the classification of the multi-spectral image become into mixed-
signal’s blind source separation issues, which just meet the mathematical model of ICA. 

The purpose of the Fast-ICA algorithm is by choosing matrix W, to maximum the variable ( )GJ w , that is 
to maximum the { ( )}TE G w x . To seek the maximum value for { ( )}TE G w x , '{ ( )} { ( )} 0T TE G w x E xg w x= = , where g() is the derivation form of G(). Using Newton-Raphson method 
for the solution of the above equation, we get the following iterative formula: 

 

 
Where 

*
iw  is the normalized value of iw , and { ( )}T T

i iE gβ = w x w x . The reason for the normalization of iw  
is to increase the stability of the iterative process.  
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The Fast-ICA algorithm use Newton’s iterative method to estimate the matrix W. Newton-Raphson 
algorithm is characterized by rapid convergence (with a square or cubic convergence rate), the flaw of which 
is high requirements of initial value. If the initial matrix is random, different computations maybe have 
different convergence rate. What’s more, the results maybe different in a large extent, thus the convergence 
rate and results cannot be guaranteed.  

As Newton iteration method is local convergence under normal circumstances, we can add a step- size 
μ to improve the stability of the iterative algorithm. The new iterative formula is as follows: 

 
Where μ  is the step- size generally very small (e.g. 0.1 or 0.01). The value of μ  can be gradually reduced 
until satisfactory convergence happens. When μ small enough, the algorithm become near to gradient search 
algorithm. In our algorithm, μ  is set to 1.0 at the beginning of iteration. We also set a maximum value of the 
total iteration times (e.g. 100) at the beginning. If algorithm has not reached convergence after maximum 
iteration times, the step- size will be half off and restart the searching process again. In this way we can 
avoid too many iterations that caused by too small or too large initial step value. 

For the selection of the initial value in Fast-ICA effects results very much, we firstly get a good result 
through many times of experiments, then carry out a new iteration process using this result as initial value. In 
this way to accelerate the algorithm reach convergence as well as correct results. The initial value is chosen 
by following method.  

Firstly select a random matrix as the initial value of the iteration then use formula (6) to update weight 
vector w. Next we normalize the updated vector w. If 1k kw w ε+ − >  ( 1kw +  is the current iteration weight 
vector and kw  is the former one) the algorithm has not reach convergence, continue using the above formula 
to update iteration process.  

We did many times of experiments based on the above method and choose the best one for the following 
improved Fast-ICA algorithm.  

In the process of Fast-ICA iteration, stroke phenomenon maybe happen. That is: wk+1 and wk don’t 
satisfy the inequation 1k kw w ε+ − < , but wk+1 and wk-1 (the former vector of wk) satisfy the inequation 

1 1k kw w ε+ −− < . In order to avoid this phenomenon, we improve the iterative termination conditions that 
through controlling the current iterative vector wk+1 and its previous vector wk and the second to last vector 
wk-1.  If 1k kw w ε+ − <  is not satisfied, but wk+1 and wk-1 satisfying 1 1k kw w ε+ −− < , step-size μ  will be 
halved for the next iteration. If more then the required number of iterations has not reach convergence, the 
step-size μ  will be halved too. 

The improved Fast-ICA algorithm is as follows: 
1) Initial value chosen: choose the best result of the above initial value selection method. 
2) Weight vector w updated: use the new iterative formula (6) that added step- size μ  to improve the 

stability of the iterative algorithm and change μ  adaptively. 

3) Weight vector w normalized:
/i i iw w w+ + +=

. 

4) Iteration stopping rule judged: if 1k kw w ε+ − > and 1 1k kw w ε+ −− > , algorithm did not reach 
convergence, so back to 2). 

5) If 1k kw w ε+ − >  but 1 1k kw w ε+ −− < , half step-size and go on iteration. 
6) If number of iterations is more than the required maximum times, half step-size and go on iteration. 

7) If 1k kw w ε+ − < , terminate the iteration process and estimate an independent component. 

4. Experiment results 
In this paper, to illustrate the proposed algorithm with an example, the data is an ETM+ image of ZhuanKou 
district in Wuhan city, acquired in 1999, and bands used are band3, band4 and band5.We firstly preprocess 

(6)'[ { ( )} ] / [ { ( )} ]T T
i i i i iw w E xg w x w E g w xμ β β+ = − − −
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the image with radiometric and geometric correction and select a study area of 512×512 pixels. The three 
bands of ETM+ image are as the input signals of independent component analysis for experiments. 
For the experimental data, firstly centering and whitening the input signals and selecting an initial random 
3×3 matrix A. Whitening matrix WM multiplied by random matrix A is the initial value of weight vector w. 
Next ICA transforming the input bands using the above initial value selection method. Finally we get a 3×3 
matrix M which is the result of Dewhitening matrix dWM multiplied by w. Through many times of 
experiments we find that in most good results, M is near to following: M1=[35.1436, 52.6129, 6.0825]T, 
M2=[18.7520, 29.8134, 36.1456]T, M3=[-43.9687, -26.5882, 11.7161]T. So we choose this M (M= [M1, M2, 
M3]) as the initial value of the improved Fast-ICA algorithm. The experiment results are as follows: 

 

 

Comparing these different methods we find that: PC1 increases the difference between Yangtze River 
and other categories, and PC2 gives prominence to paddy field. But it is still difficult to distinguish paddy 
field from Yangtze River. The same problem happens in ratio transformation too. Improved IC1 increases 
the difference between water body and other categories obviously and IC2 gives a very prominent display of 
paddy field. Using threshold 255 can extract them easily. Comparing general ICA algorithm with our 
algorithm, the latter is relatively easier to reach convergence and the result is more stable. Fig.3 (b) is the 
remaining pixels after the extracted categories removed from the original image based on the improved 
algorithm. The last classification results are shown by Fig.3(c).  

Table 1 and Table 2 show the accuracy assessment of different methods. Table 1 shows classification 
accuracy of different methods relative to reference classification. If the pixel extracted is river and it is also 
belong to river on the reference image, then we sum up it to the correct one. The ratio between correct ones 
to reference image pixels num is the accuracy of this method.  Pixel nums of vegetation and river type of 
reference image are 18,928 and 20,083 respectively.  

 

 

Legend 

Fig.3 (a): Two components of improved ICA algorithm       Fig.3 (b): Remaining pixels after  
removing extracted categories                 Fig.3(c): Improved ICA assistant classification results 
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Fig.2 (a): Two components of ratio transformation                Fig.2 (b): Two components of ICA algorithm  

Fig.1(a):Original image Fig.1(b):Reference classification (river and vegetation)  Fig.1(c):Two PCA components
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Table 1: Classification accuracy of different methods relative to reference classification 

methods Vegetation(extracted
pixels num) 

river(extracted
pixels num) Accuracy of vegetation Accuracy of river

PCA 5665 17950 29.930% 89.379% 
Ratio transformation 10665 19212 56.350% 95.663% 

ICA 13795 18699 72.881% 93.109% 
Improved-ICA 14396 19397 76.057% 96.584% 

Table 2: Error matrix for different methods  

methods Producer’s 
accuracy /% 

User’s 
accuracy/% overall accuracy/% Kappa 

PCA 77.780 72.414 94.531 0.71934 
Ratio transformation 89.474   65.385 95.703 0.73262 

ICA 85.714   78.261 96.875 0.80113 
Improved-ICA 96.154   89.286 98.438 0.91721 

 
In the aspect of quantitative statistics, the 256 sample points are selected randomly to establish error 

matrix. The result showed that, accuracy of improved-ICA based method has improved much. Compared our 
method to PCA, ratio transformation and general ICA, the producer’s accuracy increased by 18.374％、6.68
％ and 10.44％ respectively, overall accuracy increased by 3.907％、2.735％ and 1.563％ respectively, and  
kappa increased by 0.19787、0.1845 and 0.11608. 

5. Conclusions 
This paper proposed an improved ICA algorithm for ETM+ image classification, which is effective for 
thematic information extracting as the experiment result shows. Comparing with PCA、ratio transformation 
and general ICA algorithm, the improved ICA can better widening the differences between ground types, 
thus making the feature extracting more easily and the result is superior to these methods too. However, the 
iterative process of ICA still needs improvement and we intend to investigate this more thoroughly in the 
near future. 
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