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Abstract 
 

In remote sensing image processing, the traditional fusion algorithm is based on the 
Intensity-Hue-Saturation (IHS) transformation. This method does not take into account the 
texture or spectrum information, spatial resolution and statistical information of the photos 
adequately, which leads to spectrum distortion of the image. Although traditional solutions in 
such application combine manifold methods, the fusion procedure is rather complicated and 
not suitable for practical operation. In this paper, an improved IHS transformation fusion 
algorithm based on the local variance weighting scheme is proposed for remote sensing 
images. In our proposal, firstly, the local variance of the SPOT (which comes from French 
“Systeme Probatoire d’Observation dela Tarre” and means “earth observing system”) image is 
calculated by using different sliding windows. The optimal window size is then selected with 
the images being normalized with the optimal window local variance. Secondly, the power 
exponent is chosen as the mapping function, and the local variance is used to obtain the weight 
of the I component and match SPOT images. Then we obtain the I' component with the weight, 
the I component and the matched SPOT images. Finally, the final fusion image is obtained by 
the inverse Intensity-Hue-Saturation transformation of the I', H and S components. The 
proposed algorithm has been tested and compared with some other image fusion methods well 
known in the literature. Simulation result indicates that the proposed algorithm could obtain a 
superior fused image based on quantitative fusion evaluation indices. 
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1. Introduction 

With the rapid development of data communication, sensor and remote sensing technology, 
image resources are now displaying increased diversity and complexity. Since there exist 
limitations when characterizing a target with data from a single sensor, image fusion 
technology has been employed to cope with this issue [1-7]. A general definition of data fusion 
can be adopted as fallowing: “Data fusion is a formal framework which expresses means and 
tools for the alliance of data originating from different sources. It aims at obtaining 
information of greater quality; the exact definition of ‘greater quality’ will depend upon the 
application” [8-10]. Some fusion technology has been used in sensed image analysis and got 
good results. With the development of remote sensing techniques, it is very important to 
acquire more complete and more reliable data by combining multi-source remote sensing data 
[11-12]. The purpose of image fusion is to reduce ambiguity and minimize redundancy in the 
output while maximizing the relative information specific to an application [13-21]. 

The fused images made by the traditional intensity-hue-saturation (IHS) transformation 
have improved the clarity of the images while retaining the high resolution, tone and saturation 
from the original ones. However, the I component of the original image is replaced with SPOT 
image by histogram match directly, which lead to the information’s missing. The texture 
information and spectrum, spatial resolution and statistical information of the images are not 
adequately taken into consideration, which might result in spectral distortion [22-24]. In 
addition, although traditional solutions combine manifold methods, yet it is rather complicated 
and not suitable for practical use. A new method is proposed in [8], which aims at finding a 
transformation of the original space that would produce such new features, which preserve or 
improve as much as possible. It adds the I* to form a fused intensity component with the low 
frequency information from the low resolution MS image and the edge of PAN image. In our 
paper, we do not just focus on improving some parameters, because some parameters getting 
better will result in other parameters getting worse, the better balance among the parameters is 
the key to get better fusion result. Obtaining the best cost performance is very important to get 
the better balance.  

In this paper, an improved IHS fusion algorithm based on local variance weighting scheme 
is proposed in this paper. The new algorithm incorporates the local variance weight, the high 
frequency information (SPOT image) and the low frequency information (I component) can be 
changed and kept adaptively with the different area, the more information can be kept. 
Simulation result indicates that the proposed algorithm results in a superior fused image based 
on quantitative fusion evaluation indices.  

 The rest of the paper is organized as follows. Section 2 reviews the traditional IHS 
transformation method for image fusion while in Section 3, the improved IHS fusion 
algorithm based on local variance weighting scheme is introduced. Section 4 presents 
experimental and simulated performance of the algorithm and finally, conclusions are stated in 
Section 5. 

2. Traditional IHS Transformation Algorithm 
The IHS transformation mode is embedded with two important characteristics. First, the I 
component is independent of the color component. Second, the H component and S 
component are closely related to human color perception [25-26]. 
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There are many kinds of IHS transformation and its inverse transformation, among which 
sphere transformation, cylinder transformation, triangle transformation and single six pyramid 
transformation are the most commonly used [27-28]. Being advantageous in easy computation, 
the triangle transformation becomes the most extensively applied algorithm and is therefore 
chosen in this paper and can be expressed as: 
 

1

2

1 1 1
3 3 3I R

1 1 2V = - G
6 6 6 BV

1 1- 0
2 2

 
 
    
    ×    
        
  

,                                                    (1) 

 

1

2

VH=arctan
V

 
 
 

,                                                         (2) 

2 2
1 2S= V +V .                                                            (3) 

The triangle inverse transformation is given by: 
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where 1 V and 2V  are two intermediate values.  

3. The improved IHS transformation based on local variance weighting 
scheme 

The traditional IHS transformation transforms the landsat Thematic Mapper (TM) image from 
RGB to IHS, and replaces the I component with SPOT image by histogram match, then 
obtains the fusion result by IHS inverse transformation. The I component of the original image 
is replaced directly, which lead to the information’s missing. So this method does not take into 
account the texture and spectrum information, spatial resolution and statistical information of 
the photos adequately, and results in the image spectrum distortion. If the high frequency 
information (SPOT image) and the low frequency information (I component) can be changed 
and kept adaptively with the different area, the fusion result will be better. The image’s local 
variance is an important parameter to local spectral information of the image, the local 
variance value is big in regions with large change of local spectral information, which mean 
the high frequency information (SPOT image) is more and should be considered to keep more. 
On the contrary, if the local variance value is small, spectral homogeneity regions of the image 
have more low frequency information (I component) which should be kept more. So the 
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proposed algorithm in this paper incorporates the local variance weight, and the basic principle 
is that if the local area has a large local variance, then the weight of the high frequency 
information (SPOT image) should be large, and the weight of the low frequency information (I 
component) should be small. On the contrary, if the local area has a small local variance, the 
weight of the high frequency information (SPOT image) should be small, and the weight of the 
low frequency information (I component) should be large. The sum of the two weights is kept 
to be 1. The goal is to get more information and better fusion result.  The improved method 
contains the following steps: 

(1) Calculate the local variance of the SPOT images with different windows, analyze and 
select the optimal size of the window with the experiment; 

(2) Normalize the images with the best window local variance to establish the relationship 
between the image and the weight; 

(3) Transform 3 band data of the TM image from RGB space to IHS space and obtain the I, 
H, and S components; 

(4) Match the SPOT images by histogram based on the I component; 
(5) By using power exponent as mapping functions, establish the weight of the I component 

and the matched SPOT images, which can help to get the more accurate component; 
(6) Build the I' component with the weight, the I component and the matched SPOT images, 

the I' component has more information and can make the fusion result better;  
(7) Obtain the final fusion image using the IHS inverse transformation of I', H and S. The 

main flow chart of the method is shown as follows: 
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Fig. 1. Flow chart of the improved algorithm fusion. 
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3.1 Choose the SPOT image with the best local variance 

A proper sliding window is important for calculating the local variance of the image. A large 
window can guarantee that the texture classification of the surface feature is representative, 
but it may contain extraneous information and cause blurring at the edge of the surface feature. 
In contrast, a small window can not describe the distribution regulation of the surface feature 
completely and accurately [29-30]. In our experiment, four kinds of windows 
( 3 3× , 5 5× , 7 7× and 9 9× ) are tested to determine the best sliding window in terms of the 
mean, standard deviation, information entropy and average gradient [31]. 
Mean. The mean of an image represents the averaged value of all pixels. The visual effect is 
the best if the mean is moderate (about 128 in gray scale) and the mean can be calculated as: 
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where ( , )F i j  is the value of pixel with x  coordinate i and y coordinate j , while M and 
N  are the width and height of the image,respectively. 
Standard Deviation. The standard deviation indicates the degree of dispersion of pixel values. 
Large standard deviation means higher image contrast, which implies better visual effect. The 
standard deviation (std), is given by: 
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Entropy. According to Shannon information theory, proposed in 1948, the entropy quantifies 
the average amount of information. Higher entropy means better visual effect and the entropy, 
H, can be calculated as: 

1

0

L

i i
i

H PlogP
−

=

= −∑ ,                                                  (7) 

where L  is the image grayscale, iP is the probability of occurrence of a pixel with a grayscale 
of i. 
Average gradient. Average gradient reflects the image clarity and is given by: 
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where xF∆ and yF∆  are the disparity of the X  and Y  direction. The bigger the average 
gradient, the better the image clarity. 
A SPOT image and TM image (Fig. 9 - a, b) are selected to test the method in this paper. The 
experimental result is shown below in Fig. 2: 
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Fig. 2. The relationship between statistical characteristics of the images and the window size. 

 
 

       
(a)                                                                       (b) 

       
  (c)                                                                     (d) 
Fig. 3. Local standard deviation images of the different sizes of sliding window (a) 3×3 window (b) 5×5 

window (c) 7×7 window (d) 9×9 window 
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(a)                                  (b)                             (c)                                 (d) 

Fig. 4. Local amplified standard deviation images of the different sizes of sliding window.  
(a) 3×3 window (b) 5×5 window (c) 7×7 window (d) 9×9 window 

 
From Fig. 2, we can find that both mean and standard deviation increase with the sizes of the 
window while the average gradient and entropy decrease. The best values can be obtained for 
four parameters when the size of the window is5 5× .  As can be seen in Fig. 3 and Fig. 4, a 
5 5× sliding window could keep the edge information and statistical characteristics, and it is 
chosen for the best local variance. The 5 5× sliding window is not coming from one dataset, 
many experiments has proven the 5 5× sliding window size is optical. The optical window 
size chooses on the two aspects, one is the relationship between statistical characteristics of the 
images and the window size, the other is the visual judgement. 

3.2 Normalization of the best window image 
Because the local variance range changes with the different image, the weight of the high 
frequency information and low frequency information stays between 0 and 1, so, in order to 
build the weight of the different variance images and the I component and SPOT image, 
normalization of the local variance image with the 5 5×  window is chosen, and the image 
value range stays between 0 and 1.The following formula is used for normalization: 

min

max min

DN DNP
DN DN

−
=

−
 ,                                                       (11) 

where DN  is the gray value of image, maxDN  and minDN are, respectively, the maximum and 
minimum gray value of the window image.  

3.3 Histogram matching 
Being an important step of the IHS fusion, histogram matching can alleviate the spectrum 
characteristic distortion caused by the spectral response in different ranges, and it could also 
reduce the influence of the illuminating condition, the angle of the sun, the viewing angle and 
the terrain fluctuation. Besides, histogram matching can guarantee better consistency of the 
spectral characteristics of the multi-source remote sensing image [32-34]. Based on the I 
component histogram, the SPOT images are matched by histogram with the Environment for 
Visualizing Images (ENVI). Histogram matching makes the intensity of the two images as 
close as possible. An example of histogram matching is shown in Fig. 5. 
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(a)                                                    (b) 

Fig. 5. Histogram matching results of the images.  
(a) the histogram of I component (b) the histogram matching results of SPOT 

3.4 Weight image acquisition 

After the normalization, it is important to link the local variance to the I component and the 
SPOT image which is matched by histogram. In this paper, the power exponent is chosen as 
the mapping function, and the local variance is chosen as the weight. The detailed procedures 
are given as follows: 

(1) Choose Y as the weight of the SPOT image, choose X as the local variance after 
normalization; 

(2) Set NY X= , where 1,1/ 25,1/ 50,1/ 75,1/100,1/125N = and1/150 .  
The weight of the I  component is therefore1 Y− , the I' component is computed as follows: 

(1 )I Y SPOT Y I′ = × + − × .                                                (12) 

4. Experimental Results and Performance Evaluation  

4.1 The analysis and evaluation of the experimental result 
The evaluation indicator of the fusion images, based on different value of mapping function 
(power exponent), is shown below:  

 
(a)                                                          (b) 
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(c)                                                          (d) 

 
(e)                                                               (f) 

Fig. 6. Evaluation index tendency chart of fusion results: (a) The variation trend of standard deviation; 
(b) Thevariation trend of average gradient; (c) The variation trend of entropy; (d) The variation trend of 
correlation coefficient; (e) The variation trend of distortion degree; (f) The variation trend of difference 

coefficient. 
 

According to the figures of the evaluation indices, the variation rule can be described as: 
with the decrease of the power exponent, the average gradient, entropy and standard deviation 
of the fusion images increase while the correlation coefficient of the images, the distortion 
degree and the difference coefficient decrease. 

According to the analysis of the above evaluation indices, the increase of the average 
gradient, standard deviation and entropy will result in the reduction of the spectrum fidelity 
(difference coefficient, distortion degree and correlation coefficient). Therefore, an 
appropriate power exponent with the highest cost performance is the key to the fusion. 

Comparison to the traditional IHS transformation in terms of those indices can be described 
using two equations. 

(1) Comparison in terms of clarity, standard deviation, informationentropy and correlation 
coefficient can be described as: 

i i
i

i

M NL
N
−

=  ,                                                           (13) 

where iL  stands for the variation relative to the traditional IHS fusion result, iN  represents 
the traditional IHS index, iM  represents the improved fusion index with i  = 1, 2, 3 and 4 
corresponding to clarity, standard deviation, information entropy, and correlation coefficient, 
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respectively. 
(2) Comparison in terms of the difference coefficient and distortion degree can be described 

as: 
i i

i
i

Q PC
Q
−

=  ,                                                             (14) 

where iC  represents the variation relative to the traditional IHS fusion result, iQ  represents 
the traditional IHS index, iP  represents the improved fusion index, with i  = 1 and 2 
corresponding to difference coefficient and distortion degree.  

The index variation of the images is shown in Table 1. Where SD represents the standard 
deviation, AG represents average gradient, IE represents the information entropy, DD 
represents the distortion degree, DC represents the difference coefficient and CC stands for the 
correlation coefficient. In the rest of the paper, they keep the same meaning. 

The selected application lists for each class and the number of applications in each class are 
shown in Table 1. 
 

Table 1. Applications in each class 
MappingFunction 

Y= S D A G I E D D D C C C 

X -0.4643 -0.7338 -0.1355 0.9925 0.9916 0.3693 
1
25X  -0.1326 -0.1653 -0.0289 0.2186 0.2236 0.0656 
1
50X  -0.0731 -0.0876 -0.0153 0.1211 0.1239 0.0330 
1
75X  -0.0510 -0.0593 -0.0105 0.0857 0.0875 0.0220 
1

100X  -0.0395 -0.0446 -0.0081 0.0675 0.0690 0.0164 
1

125X  -0.0325 -0.0357 -0.0066 0.0563 0.0577 0.0131 
1

150X  -0.0277 -0.0296 -0.0056 0.0488 0.0498 0.0109 

 
In order to obtain the best cost performance, the variation of the six indices is taken into 

account using the following equation: 
A B CY
D E F
+ +

=
+ +

 ,                                                       (15) 

where A , B , C , D , E  and F stand for the standard variance, average gradient, 
information entropy, distortion degree, difference coefficient and correlation coefficient, 
respectively. 

4.2 The obtainment of the power exponent 
The coarse range of the power exponent has been obtained in Section4.1, while its fine range 
requires the use of the Interactive Data Language (IDL). Cost performance tendency chart of 
fusion results is shown in Fig. 7. The detailed procedures are described as follows and also 
shown in Fig. 8, where "value of 1/X" stands for the values of cost performance when the 
power exponent is 1/X for simplicity. 

(1) The values of 1/24 and 1/26 are calculated. If both values are smaller than that of 1/25, 
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the best power exponent is 1/25; 
(2) If the value of 1/24 is larger than that of 1/25, while the value of 1/25 is larger than that 

of 1/26, the value of 1/23 will be calculated and compared with the value of 1/24. If the value 
of 1/23 is smaller than that of 1/24, the best power exponent is 1/24. Otherwise, the value of 
1/22 will be calculated and compared until the largest value point is found. 

(3)  If the value of 1/26 is larger than that of 1/25, while the value of 1/25 is larger than that 
of 1/24, the value of 1/27 will be calculated and compared with the value of 1/26. If the value 
of 1/27 is smaller than that of 1/26, then the best power exponent is 1/26. Otherwise, the value 
of 1/28 will be calculated and compared until the largest value point is found. 

 
Fig. 7. Cost performance tendency chart of fusion results. 

 
Fig. 8. Flow chart of the best power exponent acquisition 
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Based on the data analysis and calculation above, the optimal power exponent is obtained to 
be 1/24 by the IDL, and the experimental result of the cost performance is shown in Table 2. 

 
Table 2. Applications in each class 

Power exponent Cost performance Power exponent Cost performance 

1 -1.74479   1/50 -1.56869 

1/23  -1.5425 1/75 -1.60684 

1/24  -1.54247 1/100 -1.64904 

1/25   -1.54279 1/125 -1.69199 

1/26  -1.54303 1/150 -1.73483 

4.3 Experimental results and discussions 
A false color image which is composed of TM band 541 is chosen as the TM image. Both the 
SPOT image and the TM image come from the Institute of Remote Sensing Applications of 
Chinese Academy of Sciences with a spatial resolution of 838 838× . The IHS, HSV, PCA, 
SFIM, GS, Brovey and the proposed method are used to fuse the images [22, 30, 35-38]. The 
original images and fusion results are shown in Fig. 9. The comparison of the proposed 
algorithm and the traditional algorithms is tabulated in Table 3. 
 

 
(a)                                              (b)                                          (c) 

 
(d)                                              (e)                                          (f) 
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(g)                                              (h)                                          (i) 

Fig. 9. The best fusion effect result of the images:(a) SPOT image; (b) False color image composed of 
TM band 5, 4, 1;(c) HSV transform; (d) PCA transform; (e) Brovey transform; (f) GS transform; (g) 
SFIM transform; (h) IHS transform; (i)The proposed algorithm 1 24y x=  fusion result coefficient. 

 
Table 3. Comparison of the proposed algorithm and the traditional algorithm on the pertained 

quantitative fusion evaluation indices 
method S D A G I E D D D C C C 

TM  18.51 2.43 6.12 --- --- --- 
SPOT  15.09 4.08 5.80 --- --- --- 
HSV  41.02 8.72 7.16 39.33 0.40 0.68 
PCA  18.46 4.6461 6.02 9.54 0.09 0.78 

Brovey 18.34 4.45 5.26 10.16 0.08 0.73 
GS  18.32 4.76 6.03 9.49 0.09 0.77 

SFIM   19.61 6.54 6.21 4.41 0.04 0.87 
IHS  34.57 9.33 7.09 21.81 0.24 0.55 

1 24y x=  29.83 7.73 6.88 16.87 0.18 0.72 

 
Table 3 indicates that: (1) Compared with the original images, the fused images have 

improvements in all considered indices and result in better visual effect. (2) In terms of the 
standard deviation and entropy which reflect information richness, HSV transform is the best, 
which means images after HSV transform retain the most spectrum information. The proposed 
algorithm is only inferior to HSV and IHS algorithm, and superior to other algorithms. (3) In 
terms of averaged gradient, IHS transform is obviously superior to other algorithms, which 
means the detailed information of the fused images is enhanced to a large extent. The proposed 
algorithm is better than Brovey, PCA and GS transform in terms of averaged gradient. (4) In 
terms of the spectrum fidelity, SFIM is the best, which means the transformed image best 
matches the original image with less distortion. Low spectrum fidelity of IHS algorithm 
implies that it has poor spectrum fidelity. The proposed algorithm is only second to SFIM 
algorithm while better than other algorithms. (5) Brovey, PCA and GS transform provides 
similar detailed space information as well as the spectrum fidelity and results in similar fusion 
effects, which are all inferior to the proposed algorithm. (6) Compared with traditional IHS 
algorithm, the proposed IHS algorithm could not only provide high resolution, but also 
enhance the spectrum fidelity. As a result, the fusion effect can be drastically improved. 

The experimental valuation indices have proven that the increase of the average gradient, 
standard deviation and entropy will result in the reduction of the spectrum fidelity (difference 
coefficient, distortion degree and correlation coefficient). The HSV and IHS algorithms focus 
on improving the standard deviation, average gradient and entropy, so it results in poor 
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distortion degree, difference coefficient and correlation coefficient. On the contrary, the PCA, 
Brovey, GS and SFIM algorithms improve the distortion degree, difference coefficient and 
correlation coefficient, at the cost of worsening other parameters. Such imbalance influences 
the fusion result while an appropriate power exponent with the highest cost performance as 
proposed in this paper could better balance these parameters. 

Fig. 9 shows that the proposed algorithm could obtain the best result among all the results 
visually. The experimental results have proved that the proposed algorithm could provide a 
better balance between the spectrum fidelity and other indices, and an appropriate power 
exponent with the highest cost performance is very important for obtaining the best result of 
the fusion. 

5. Conclusion 
In this paper, an improved IHS transform fusion algorithm based on the local variance 
weighting scheme is proposed for remote sensing image. This algorithm links the local 
variance and weight images with the optimal power exponent that could yield the best cost 
performance. A better balance between the spectrum fidelity and other fusion indices can be 
established with the proposed method. The fusion process is performed by the Environment 
for Visualizing Images (ENVI) and the Interactive Data Language (IDL). Experiment result 
has demonstrated that the proposed algorithm could provide superior fused image on the 
pertained quantitative fusion evaluation indices. However, whether the power exponent is the 
best option for fusion needs further investigation. 
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