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Abstract--Image Fusion refers to the process of obtaining a single image by integrating two or more
images. The fused image must have complete information which is more useful for human or machine
perception .The main aim of image fusion in the satellite images is to improve the information content of
the source images, so that the reliability and capability of the image is increased. The vital application of
image fusion in remote sensing is to merge the Panchromatic and the Multispectral image. This paper
mainly focuses on obtaining a pan sharpened satellite image from Multispectral (MS) and Panchromatic
(PAN) images using Discrete Wavelet Transform (DWT) and an iterative algorithm called Tone Mapped
image quality index (TMQI-II) is used for optimization. This algorithm mainly improves the structural
fidelity and statistical naturalness of the fused image. The earliest fusion schemes perform the fusion on
the source images, which often have serious side-effects such as reducing the contrast and spectral
distortion. In order to overcome the spectral distortion, Discrete Wavelet Transform is used. IKONOS
and Quick Bird satellite images are used to assess the quality of this technique.

Keyword--Multispectral (MS), Panchromatic (PAN) images, Discrete Wavelet Transform (DWT), Tone
Mapped image quality index (TMQI-II), structural fidelity, statistical naturalness.

I. INTRODUCTION

Image Fusion is a technique that integrates multiple images and produces a single image which retains the
important information from each of its source image. The images are acquired from different instrument
modalities of the same scene (like multi-sensor, multi-focus and multi modal images). Image fusion is widely
used in image and signal processing applications such as aerial and satellite imaging, computer vision, robotics,
concealed weapon detection and remote sensing. Pan sharpened images are produced by combining the high
spectral resolution multispectral image and the high spatial resolution panchromatic image .Panchromatic
images are collected in large visual wavelength range and it’s rendered in black and white. Multispectral images
are obtained from more than one spectral or wavelength interval[11]. Each and every individual image is usually
of the same physical location but with various spectral bands[1]. The objective of image fusion algorithms is to
make full use of spatial and spectral information in the Panchromatic and Multispectral images respectively, in
order to reduce the potential colour distortion and provide clear image. Image fusion improves the quality and
increase the application of usage of the data. Image fusion can be classified, depending on whether the images
are fused either in the spatial domain or they are transformed into another domain [23].However, the spatial
domain image fusion techniques produce spectral distortion while performing the fusion process. In this paper
DWT (Discrete wavelet Transform) is used for image fusion using different fusion rules. Further two different
types of wavelet are used for fusion process for various fusion rules and it’s compared using performance
metric. The term resolution is vital in the field of image fusion as it judges the quality of various fused
images[14].Image resolution is defined as the smallest measurable detail in visual presentation or it is the
amount of detail that an image hold[12]. In satellite image fusion processing the term resolution can be
classified into different types.

Spatial or pixel resolution-- Spatial resolution or pixel resolution is called the spacing of pixels in an image
and is measured with the set of two positive integer numbers Eg.256 x 245.Higher spatial resolution gives a
distinct image with sharp details and subtle colour transitions[15].

Spectral resolution-- It is defined as the smallest resolvable difference in the wavelength. It is describes the
sensitivity of the sensor to respond to a particular frequency band.
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1. EXISTING METHOD

Over the past several years, image fusion has developed rapidly. It is broadly classified into two domains, the
spatial domain and the transform domain. In spatial method, the spatial details can be well injected into the
image, but spectral distortion may happen. Some of the techniques are Intensity Hue Saturation(IHS)[6],
Principal Component Analysis(PCA)[7],Gram-Schmidt Context Adaptive Sharpening(GSA-CA),Synthetic
variable ratio(SVR)[2]. In the recent ten years, the methods based on the Transform framework become well
known for their reduced colour distortions, such as wavelets [3], Laplacian pyramids [4],Curvelet Transform[5]
but the spatial enhancement is generally not satisfactory, particularly in the case of dissimilarities and aliasing
.Most of Earth observation satellites, such as Landsat-7,Spot 5, IKONOS, Quick Bird, GeoEye-1, and
WorldView-2 provide both Panchromatic (PAN) images are with high spatial resolution and Multispectral (MS)
images are with high spectral resolution. To make full use of the spatial and spectral information, image fusion
techniques have been applied in various remote sensing applications. As the representative fusion method of the
transform technique, the DWT techniques have clear physical meaning and theoretical basis for better satellite
image fusion. However, it was found that the spatial enhancement of the fused image may not be satisfactory[8].

A. Discrete Wavelet Transform (DWT) based fusion.

Wavelet transform is an effective mathematical tool used in many fields. It decomposes the signal into set of
basis function. This basis function is called as wavelets. Wavelets are finite duration oscillatory functions with
zero average value. Wavelets can be explained by using two functions i.e. the scaling function f (t), called as
father wavelet and the wavelet function called as mother wavelet .2-D Discrete Wavelet Transformation
(DWT) converts the image from the spatial domain to frequency domain[9] .DWT decomposes the image into
four components. They are called as low-low, low-high, high-low and high-high frequency components .These
four components are referred to as approximation, horizontal, vertical and diagonal coefficients respectively
because low-low frequency components contain average information whereas the other components contain
directional information due to spatial resolution[10]. Fig 1 depicts the block diagram of Discrete Wavelet
Transform.

B. Fusion Rules

Fusion rules determine how the pixels will be combined. These rules may be application dependent and can
be same for all the sub-bands [22]. There are two basic steps to determine the rules. They are as follows (i)
compute salient measures corresponding to the individual source transforms.(ii) Decide how to combine the
coefficients.

1) Average: It is a well-known fact that regions of images that are in focus tend to be of higher pixel
intensity. In this method the resultant fused image is obtained by taking the average intensity of
corresponding pixels from both the input image.

K@, J)={X@,))+Y(,j}2
Where X (i, j) and Y (i, j) are two input images.
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Fig 1. Block diagram of DWT
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2) Simple Maximum: The greater the pixel values the more in focus of the image. This algorithm chooses
the in focus regions from each input image by selecting the greatest value for each pixel, there by
resulting in highly focused output. The value of the pixel P (i, j) of each image is taken and compared
to each other. The greatest pixel value is assigned to the corresponding pixel[15].

P (Iij):ZiVI:O ;'l=0 maxX([,])Y(l,])
Where X (i, j) and Y (i, j) are two input images.

3) Simple Minimum: In this technique, the resultant fused image is obtained by selecting the minimum
intensity of corresponding pixels from both the input images[13].

P (i, ) =XiLo Xj—o min X(1, DY (i, )
Where X (i, j) and Y (i, j) are two input images.
111.LPROPOSED METHOD
In DWT based image fusion, first the registered panchromatic and multispectral images are obtained, the

corresponding wavelet Daubechies2 (db2) and Daubechies 4(db4) fusion rules are selected and the fusion is
done for various decomposition levels. Fig-2 shows the block diagram of DWT based fusion[21].

The wavelet transform can be performed for multiple levels. The next level of decomposition is performed
using only the LL image. The result is four sub-images each of size equal to half the LL image size. This
process could be continuing to reach the required frequency.We can also increase the levels of transformation if
required.
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Fig 2. DWT based image fusion
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Fig 3.DWT based image fusion for Level 1 decomposition
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Explanation:

The Registered Source images (Pan and MS images) of the same geographical location are given as the
input. Discrete Wavelet Transform is applied for both the registered images to create wavelet decomposoition.
Both the input images are decomposed into four sub-bands as LL0,LHO0,HLO,HHO. Fuse the different sub-bands
by using different fusion rules such as simple Minimum, Simple Maximum, Mean to form the new Wavelet
Coefficient Matrix[20]. Reconstructed fused image is obtained by applying Inverse Discrete Wavelet Transform.
Fig 3 depicts the DWT based image fusion for level 1 decomposition.
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Fig 4 DWT based image fusion for Level 2 decomposition

Explanation:

Fig 4 DWT based image fusion for level 2 decomposition. The Registered Source images (Pan and MS
images) of the same geographical location are given as the input for fusion. Discrete Wavelet Transform is
applied for both the registered images to create wavelet decomposoition[19].Both the input images are
decomposed into four sub-bands as LLO,LHO,HLO,HHO for level 1 Decomposition. Again DWT is applied to
LLO Sub-band which is further subdivided into LL1,LH1,HL1,HH1. Fuse the different sub-bands obtained from
both the images by using different fusion rules such as simple Minimum, Simple Maximum, Mean to form the
new Wavelet Coefficient Matrix. Reconstructed fused image is obtained by applying Inverse Discrete Wavelet
Transform.
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Fig 5 DWT based image fusion for Level 3 decomposition
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Explanation:

The Registered Source images(Pan and MS images) of the same geographical location is given as the
input for fusion. Discrete Wavelet Transform is applied for both the registred images to create wavelet
decomposoition.Both the input images are decomposed into four sub-bands as LL0,LHO0,HLO,HHO for level 1
Decomposition.Again DWT is applied to LLO Sub-band which is further subdivided into LL1,LH1,HL1,HH1
for level 2 decomposition and LL2,LH2,HL2,HH2 for third level of decomposition. Fuse the different sub-bands
obtained from both the images by using different fusion rules such as simple Minimum, Simple Maximum,Mean
to form the new Wavelet Coefficient Matrix. Reconstructed fused image is obtained by applying Inverse
Discrete Wavelet Transform. Fig 5 DWT shows the based image fusion for level 3 decomposition

A.Algorithm for dwt based image fusion

Input: The registered source images (Pan and MS images) to be fused.

Step 1. Read the two source images, image | and image Il to be fused and apply as input for fusion.

Step 2. Implement Discrete Wavelet Transform on both the source images to create wavelet decomposition.

Step 3. Fuse each decomposition level by using different fusion rule like simple average, simple maximum,
simple minimum, etc.

Step 4. Concatenation of fused approximations and details gives the new coefficient matrix.

Step 5.Apply Inverse Discrete Wavelet Transform on fused decomposed level, for reconstruction of final fused
image and display it.

Step 6.Different wavelet is used now for fusion process and step 2-5 is repeated.

Output: The fused image.

B. Toned mapped optimization algorithm (TMQI-I11)

Tone Mapped image Quality Index (TMQI) is an objective quality assessment algorithm for tone mapped
images[18].It consists of two building blocks structural fidelity(S) and naturalness (N).Fidelity measure is based
on modified SSIM index and naturalness is based on intensity statistics of images. The structural fidelity of
TMQI is computed using a sliding window across the entire image. Consider x and y windows in the two
images and Slocal is calculated by equation 4. The overall structural fidelity measure of the image is computed
by averaging all local structural fidelity measures by equation 5.

2"'J“Ty+c1 Oxy+c2 (4)

S X =
local( :Y) O_)% 0'32,+C1 OxTytca

Slocal (x' y) = %Zﬁl Slocal (Xit J’J) (5)
Where ox , oy and oxy denote the local standard deviations and covariance between the two corresponding
images and x; andy;are the i -th patches in the image and M is the total number of patches[17]. Statistical
Naturalness is used to optimize the brightness and contrast of the image and fidelity is used to optimize the
chrominance and also to preserve the local structures of the images. So this algorithm alternatively optimizes
both these components and enhances the fused images in each iteration and thereby making the image visually
appealing .Naturalness is defined as the product of beta and Gaussian density function. It is calculated by using
equation 6.

N =—PyP) (6)

K is the normalisation factor given by K=max (P, Pp)

So this method is applied to both the fused images which are obtained by using two wavelets [16]. Both the
components are improved in each of the iteration process so as to get the good quality image.

C. lterative process in steps

Step 1. Read input images (MS and fused output image).

Step 2. Extract luminance component in both the images.

Step 3. Set the default parameters before iteration.

Step 4. Compute statics like mean & standard deviation for the images.

Step 5.Set the tolerance value for structural fidelity & naturalness of the tone mapped image.
Step 6. Structural fidelity and naturalness are calculated and updated for each iteration.

Step 7. Statistical analysis on each iteration.

Step 8. Find the mean and standard deviation values to the optimized image then compare it with the values
obtained from the input image before optimization.
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Implementation and Discussion:

The Quick Bird satellite image is used in this paper. Each image is with 256 x 256 pixels. The two input
image Pan and MS is shown in Fig 6. The images are fused using DWT by using various fusion rules for two
levels of decomposition using two different types of wavelet. The fused output images without optimization are
depicted.

Fig 6 Registered Pan and MS input images

Table 1:Case 1- Level 1 Fused Images without Optimization

Fusion Rule Daubechies? (db2) Daubechies4 (db4)

S BRI

Simple Minimum

Simple Maximum

Mean

Experimental Results:
Performance Metric Values for PSNR and SSIM

Metric Formulae
PSNR ]V[AX?
PSNR =10. Log o TSE
SSIM (2 ﬂxﬂy+cl)(20-xy+02)

SSIM (x, yF

2 2 2 2
(lux+luy+cl) (O-x+0-y+ CZ)
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Table 2 Metric Values for level 1 of fusion

FUSION RULE DAUBECHIES2 (DB2) DAUBECHIES4 (DB4)
PSNR SSIM PSNR SSIM
Simple Minimum 23.1497 0.9512 49.5236 0.9612
Simple Maximum 24.8852 0.9642 51.2236 0.9712
Mean 22.8542 0.9412 50.4256 0.9563
Comparison of Db2 and Db4 Wavelets Comparison of Db2 and Db4 Wavelets
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Fig 7 Graphical Representation PSNR Metric and SSIM Metric Values for Level 1 Fusion
Fig. 7 depicts the comparison of metric values of the fused images formed by both wavelets for level 1

fusions. It is notified that the metric values are increasing for Simple Maximum fusion rule for db4 wavelet.

Table 2 Case 2- Level 2 Fused Images without Optimization

Fusion Rule Daubechies2 (db2) Daubechies4 (db4)

Simple Minimum

Simple Maximum

Mean
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Table 4 Metric Values for level 2 fusion

FUSION RULE DAUBECHIES? (DB2) | DAUBECHIES4 (DB4)
PSNR SSIM PSNR SSIM
Simple Minimum 25.2899 0.9612 49.9998 0.9714
Simple Maximum 26.1245 0.9745 52.4265 0.9845
Mean 24.5246 0.9542 51.4265 0.9612
Comparison of Db2 and Db4 Wavelets Comparison of Db2 and Db4 Wavelets
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z 50 |— —— —— 3 0.98
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Fig 8 Graphical Representation PSNR Metric and SSIM Metric Values for Level 2

Fig. 8 depicts the comparison of metric values of the fused images formed by both wavelets for level 2

fusions. It is notified that the metric values are increasing for Simple Maximum fusion rule for db4 wavelet.

Fusion Rule

Table 5 Case 3 -Level 1 Fused Images With Optimization

Simple Minimum

Daubechies4 (Db4)

Simple Maximum

Mean
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Table 6 Metric Values for level 1 with optimization

FUSION RULE DAUBECHIES? (DB2) DAUBECHIES4 (DB4)
PSNR SSIM PSNR SSIM
Simple Minimum 24.1546 0.9614 51.4123 0.9889
Simple Maximum 25.8965 0.9689 52.1123 0.9814
Mean 24.5639 0.9563 50.8962 0.9715
Comparison of Db2 and Db4 Wavelets Comparison of Db2 and Db4 Wavelets
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Fig 9.Graphical Representation PSNR Metric and SSIM Metric for Level 1 With Optimization

Table 7 Comparison Of Fused Images With And Without Optimization Based On Fusion Rules: LEVEL 1 Comparison Result FOR PSNR

Metrics
FUSED IMAGES WITHOUT FUSED IMAGES WITH FUSION
OPTIMIZATION OPTIMIZATION RULE
60 60
50 » 50 »
® // ® // SIMPLE
= S vPLE
10 10
0 0
DB2 DB4 DB2 DB4
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50 » 50
“ / w // SIMPLE
2 ’,/ K MAXIMUM
o 10
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o
0
DB2 DB4
DB2 DB4
60 60
50 & 50 »
40 // 40 //
Zg e 2: ¢ MEAN
10 10
0 T T ]
DB2 DB4 DB2 DB4
Table 8 LEVEL 1 Comparison Result For SSIM Metrics
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OPTIMIZATION OPTIMIZATION RULE
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Table 9 Case 4-Level 2 Fused Images Without Optimization

Daubechies4 (db4)

Fusion Rule Daubechies2 (db2)

Simple Minimum

Simple Maximum

Mean

Experimental Results :

Table 10 Metric Values for level 2 with optimization

FUSION RULE

DAUBECHIES2 (DB2)

DAUBECHIES4 (DB4)

PSNR SSIM

PSNR SSIM

Simple Minimum

26.8965 0.9712

52.4126 0.9845

Simple Maximum

27.8563 0.9841

54.1263 0.9994

Mean

25.4125 0.9652

52.1411 0.9899

Comparison of Db2 and Db4 Wavelets

Comparison of Db2 and Db4 Wavelets

Fusion Rules
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Fig 10. Graphical Representation PSNR Metric and SSIM Metric Values For Level 2 With optimization

Fig. 10 depicts the comparison of metric values of the fused images formed by both wavelets for level 2
fusion. It is notified that the metric values are increasing for Simple Maximum fusion rule for db4 wavelet .
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Table 11 FUSED IMAGES WITH AND WITHOUT OPTIMIZATION BASED ON FUSION RULE FOR LEVEL 2 RESULT FOR PSNR

METRICS
FUSED IMAGES WITHOUT FUSED IMAGESWITH FUSION
OPTIMIZATION OPTIMIZATION RULE
60 60
50 0> 50 »
o / 7 - 20 // Simple
30 —&— PSNR
20 4 zg ¢ --'P‘c‘NR Minimum
10 10
0 ' ' 0 , , ,
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Table 12 Level 2 Result for SSIM Metrics

FUSED IMAGES WITHOUT FUSED IMAGESWITH FUSION
OPTIMIZATION OPTIMIZATION RULE
0.974 0.99
0.972
, 0.985 .
vl / e |/ Simple
e 7 | o | Minimum
0.964
0.962 / 0.97 /
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0.984 -2 1
0.982 // 0.995 /
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0.968 , , .
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0.962 /' 0.995
0.99 9
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0.958 / 0.98 /
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o | o [ e
0.954 0.965 4
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0.955
0.95 0.95
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Table 13 Overall Comparison Metric Tables With And Without Optimization
Performance Comparison of the Metric Values
Fused Images without Optimization Fused Images with Optimization
DB2 DB4 DB2 DB4
Levels Fusion
of Rules PSNR SSM PSNR SSM PSNR SSM PSNR SSM
Fusion
S."mple 23.1497 | 0.9512 | 49.5236 | 0.9612 S.”T‘p'e 24.1546 | 0.9614 | 51.4123 | 0.9889
Minimum Minimum
LEVEL Simple Simple
1 _p 24.8852 | 0.9642 | 51.2236 | 0.9712 _p 25.8965 | 0.9689 | 52.1123 | 0.9814
Maximum Maximum
Mean 22.8542 | 0.9412 | 50.4256 | 0.9563 Mean 24.5639 | 0.9563 | 50.8962 | 0.9715
Simple | o5 o809 | 0.9612 | 49.9998 | 0.9714 | SIMPIE | 56 9965 | 0.9712 | 52.4126 | 0.9845
LEVEL Minimum Minimum
2 Simple | o0 1505 | 0.9745 | 52.4265 | 0.9845 | SIMPIE | 57 9563 | 0.9841 | 54.1263 | 0.9994
Maximum Maximum
Mean 24.5246 | 0.9542 | 51.4265 | 0.9612 Mean 25.4125 | 0.9652 | 52.1411 | 0.9899
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V. Conclusion

This paper provides the fusion of Panchromatic and Multispectral images using discrete wavelet transform
were the wavelet used is daubechies2 and daubechies4 for two levels of decomposition. The images are fused
by using three different types of fusion rule (Average, Simple Maximum, and Simple Minimum). The fused
images are then optimized by using TMQI-11 Algorithm. It is seen that the good quality image is obtained. The
fused images are quantified by using the performance metric PSNR and SSIM. It is notified that both the metric
value is increased when the images are fused by using the fusion rule absolute maximum and also as we use
higher order wavelet the metric values are also notable increased.
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