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ABSTRACT 

Imagery from coresident sensor platforms, such as unmanned aerial 
vehicles, can be combined using multiresolution decomposition of the 
sensor images by means of the two-dimensional wavelet transform. The 
wavelet approach uses the combination of spatial/spectral information at 
multiple scales to create a fused image. This can be done in both an ad 
hoc or model-based approach. We compare results from commercial 
“fusion” software and the ad hoc wavelet approach. Results show the 
wavelet approach outperforms the commercial algorithms and also 
supports efficient compression of the fused image. 

1. Introduction 
The number of commercially available satellite and airborne sensors and the data they provide are 

continually increasing. Each sensor has its mission and applications. For many applications, the combined 
information from multiple sensors provides more comprehensive information by collecting at diverse wave- 
lengths, spatial resolutions, and look-angles. Multiple sensor exploitation also means multiple data set 
manipulation with some sets being quite large. Potentially massive data sets demand exploration of 
integration of the relevant information into a concise, manageable data set. 

This paper addresses “fusing” information by exploring a wavelet technique of combining sensor 
information via image merging. We briefly compare the performance of an ad hoc wavelet technique to two 
commercially available merging techniques. We then discuss why the ad hoc technique is well suited for 
coresident image fusion and compression. 
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2. Image Merging 
Image merging refers to image processing techniques that combine image sets from two or more 

sensors to generate an enhanced final image. Past image merger research explored combining spectral 
information from a low spatial resolution multispectral sensor with high spatial resolution The 
resultant merged image is useful in enhancing image mensuration as well as localizing phenomena. Spatial 
enhancement while preserving spectral fidelity is the goal of such mergers. If this goal is achieved, the end 
product provides enhanced data for spectral/spatial classification and automatic target recognition (ATR) 
algorithms. 

Image merging should be of interest to defense and intelligence-gathering entities. With the advent 
of multisensor platforms, such as an unmanned aerial vehicle (UAV), that have access to denied territory, 
image fusion of coresident sensors before exploitation would give enhanced imagery. Image fusion would 
also reduce the communication or storage requirements. The ideal platform would include coresident 
sensors that are coregistered (Le., share the same collection optics) so that registration would not be an 
additional computational step. The Tier I1 Plus UAV would be a likely  andi id ate.'^ 

Recently, we explored image merging using the two-dimensional wavelet transform, which is well 
suited for coresident, coregistered sensor fusion.22” The wavelet merger is accomplished by decomposing 
separate sensor images into decreasing resolution components. Each decomposition forms a pyramid. From 
these pyramids, the wavelet building blocks can be reassembled into one pyramid using many different 
approaches. The decomposition can then be reversed to give a fused image. 

Our goal in using the multiresolution wavelet decomposition (MWD) image merger was to 
combine spectral and spatial information in an efficient manner without significant trade-offs in spectral or 
spatial fidelity. The measure of performance was the amount of spectral degradation created by adding 
spatial information. The performance of the MWD merger was compared to two commercially available 
techniques: the intensity modulation (IM) and the intensity-hue-saturation (IHS) mergers. 

3. Merging Techniques 
In the following, we present the merging techniques used for comparison. The techniques assume 

there are two images, one “multispectral” image and one “panchromatic” image. The color multispectral 
image channels are assigned the color gun designations red, green, and blue (RGB). 

3.1 Intensity Modulation Merger 
The IM merger method normalizes each color band to unity and multiplies each pixel value by the 

corresponding panchromatic pixel value to produce the merged image. Cliche et al.’ used an IM method in 
combining simulated multispectral and panchromatic data. Others have used IM for combining synthetic 
aperture radar and multispectral imagery.2526 

3.2 Intensity-Hue-Saturation Merger 

total color brightness. Hue refers to the dominant wavelength contributing to a color. Saturation specifies 
the vividness of the color with respect to gray. To create the merger, the intensity component is replaced by 

The IHS merger transforms the RGB multispectral channels into IHS components. Intensity is the 
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the high spatial resolution panchromatic data. The transform is reversed to create an RGB image with 
merged panchromatic information. RGB to IHS algorithms can be found in Haydn et al.,8 Shettigara," 
and Smith." 

3.3 Multiresolution Wavelet Decomposition Merger 

analysis at different resolution levels. The wavelet transform can also provide this type of decomposition 
along with good localization in both spatial and Fourier 

Multiresolution decomposition2"30 provides a pyramid hierarchy for image manipulation and 

The orthogonal wavelet decomposition of a signal produces a reduced resolution signal approxi- 
mation and a detail signal. Lower resolution signal approximations are derived by applying a low-pass 
filter and subsampling the output by two. The detail signals are produced by applying the quadrature 
mirror high-pass filte? and subsampling by two. Perfect reconstruction of the original signal requires 
the filter pair to have regularity  constraint^.^^ 

The discrete two-dimensional wavelet transform (2DWT) produces one image approximation and 
three detail images. The three detail images are a set of independent, spatially-oriented frequency channels 
that detail vertical high frequencies, horizontal high frequencies, and cross-directional high freq~encies.~~ 

3.4 Ad Hoc Approach 
The MWD merging of two data sets uses identically sized registered images where resolution 

differences are usually addressed by resampling the low-resolution image to the high-resolution image 
spacing. The wavelet basis and final decomposition resolution is chosen, and the MWD is performed on 
both images. The generic structure is shown in Figure 1. The simplest merger approach takes the desired 
sensor image approximation from its decomposition pyramid replacing the approximation image in the 
other sensor's decomposition pyramid. For example, the low-resolution, multispectral approximation is 
substituted for the panchromatic approximation. The inverse MWD is then performed on the combined 
image. Simple ad hoc variations using both decomposition pyramids in reconstruction have also been 
explored.u We developed the MWD using the KHOROS Cantata programming environment. 

3.5 Other Approaches 
Others have also developed wavelet image fusion approaches. Each approach is similar in 

decomposition, but the combination or interpolation of wavelet coefficients is different and more computer 
intensive. The model-based approach takes the decomposed resolution levels of two spatial resolution 
sensors and constructs a predictive model using coexisting resolution information. For the low-resolution 
sensor, wavelet coefficients are interpolated using the model, creating the missing high-resolution levels. 
The reconstructed low-resolution pyramid with the interpolated levels produces a final enhanced image with 
spatial resolution close to the high-resolution sensor. Figure 2 shows this approach. 
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Figure 1. Ad-hoc wavelet image merger approach. 

Figure 2. Model-based wavelet image merger approach. 
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Another wavelet fusion technique uses the contrast sensitivity function of the human eye as a basis 
for reconstruction.21 The disparate spatial information from different wavelengths is combined into a final 
aesthetically pleasing spatial image. Spectral fidelity is not a goal of this approach. 

Although there has not been a comparison of wavelet techniques, we considered only the model- 
based or ad hoc approaches because of our spectral fidelity goal. From those approaches, we chose the ad 
hoc MWD because of its simplicity, although more complex approaches may be more applicable for some 
data sets. 

3.6 Computation Time 
The computational time of performing such mergers on a remote sensing platform should be 

minimized. For N data points, IM, IHS, and MWD algorithms are O(N). In comparison, the order of 
complexity of the fast Fourier transform (FFT) is O(N log, N ) .  

4. Merger Comparison 
In comparing the three merging techniques, we used test images that were manipulated and 

compared to the original, which was used as “ground truth.” We also looked at the effects of input 
misregistration on the final merged images. 

The image mergers were conducted according to the techniques described above. The MWD 
merger used simple, orthonormal bases called Daubechies wavelets33 selected for their mathematical 
properties to present the MWD concept. The ad hoc MWD used the Daubechies six-coefficient wavelet, 
and the pyramids were always taken to the 1/8-resolution level. The results are denoted as MWD. 

4.1 Statistical Metrics 
The spectral and spatial quality is quantified by the difference in means (Ap), the difference in 

standard deviations (A@, the difference in entropy (AH), and the area affected. The mean and standard 
deviation are well-known statistics. Entropy is from Shannon’s information and is defined as 

i = O  

where Pi is the probability of gray level i for an image having N gray levels. 

In combining the panchromatic and the multispectral data, we strive for reconstruction of the 
original image. A difference in mean would indicate a bias. A difference in standard deviation or a 
difference in entropy would indicate a change in gray level distribution. The affected area is the percentage 
of merged image pixels that deviate from the ideal outcome. 

4.2 Test Images 
We used the color mandrill image found in most image processing libraries as a test image. The 



original mandrill image was processed to simulate images sensed by two different sensors. One image 
simulates a multispectral image created by subsampling and low-pass blurring the original RGB image at 
1/4 the spatial resolution of the original image. The pixels were replicated to create a 5 12 x 5 12 image. The 
other image simulates a high-resolution, black and white (panchromatic) image by using the average RGB 
pixel value for each pixel. Figure 3 shows the original red-band, low-resolution red-band, and 
panchromatic image. For the registration study, the final low-resolution mandrill image was translated two 
pixels in both x- and y-directions. 

Figure 3. Original mandrill test images--a) original RGB image, b) low-resolution 
RGB image, c) high-resolution panchromatic image. 

6 



4.3 Results 

degraded and darker than the original. Sharp spatial features are evident in the merger from the high- 
contrast edges in the original panchromatic image. Table 1 gives the statistical results. Spectral 
performance is sacrificed for better spatial performance. 

The merged red-band mandrill images are shown in Figure 4. The IM merged image, Figure 4a, is 

I 

Figure 4. a) Intensity modulation, b) intensity-huesaturation, and 
c) multiresolution wavelet decomposition comparison. 

Table 1 shows the IHS merger performs consistently across all three bands. However, there is 
substantial deviation in the mean and standard deviation measures because of large spectral changes. The 
final image is shown in Figure 4b. The merger suffers from sawtooth artifacts along the mandrill’s red 
nose. 

The MWD merged image is shown in Figure 4c. The merged mandrill image has smoothed 
sawtooth artifacts around the nose and snout. However, the deviations from the mean and standard 
deviation are almost an order of magnitude better than the IHS in all cases. The affected area is also 
smaller. The difference in entropy denotes a small increase in gray level uniformity in the final image. 
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Misregistration does not substantially affect the merging statistics for each merger, as is seen in 
Table 2. However, Figure 5 shows that the MWD merger suffers from ringing in the mandrill snout due to 
sensitivity of the MWD to edge 

IM (red) 

IM (green) 

IM (blue) 

IHS (red) 

Table 1: Statistical Comparison between IM, IHS, and MWD Techniques. 

-52.9442 1.2117 -0.2026 90.38 

-30.0387 4.6776 0.1628 90.92 

- 12.6655 -7.3736 -0.1129 90.58 

16.1230 4.8712 -0.0935 88.60 
_____ ~ 

IHS (green) 

IHS (blue) 

16.8230 5.5 263 0.1291 90.26 

16.7670 4.6216 -0.1086 89.15 

MWD (red) I -2.1850 I 0.8824 I 0.2238 I 85.77 11 
MWD(green) 

MWD (blue) 

-2.1020 -0.7501 0.1740 79.13 

-1.6160 -0.9781 0.1454 85.35 

Table 2: Statistics for Image Misregistration Case. 

IM (red) -40.4147 -8.5443 -0.1048 92.62 

IM (green) -28.5593 4.4104 0.2 105 92.45 

IM (blue) -32.9958 -4.379 1 -0.2521 92.13 

IHS (red) 15.8550 4.8150 -0.1013 90.04 

IHS (green) 16.8480 5.0708 0.1231 91.56 

IHS (blue) 16.6580 4.2926 -0.1106 90.42 

MWD (red) -2.0950 0.8059 0.2054 88.90 

MWD(green) I -1.9610 I -0.8446 I 0.1717 I 86.83 11 
MWD (blue) I -1.5720 I -1.0151 0.1460 89.40 
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5. LandsatlSPOT merger 
Since we did not have UAV or coresident sensor data sets, we merged Landsat Thematic Mapper 

(TM) and SPOT (Systeme Pour 1’Observation de la Terre) panchromatic images as a satellite data 
example. A Landsat TM image acquired on August 15, 1992, and SPOT panchromatic data acquired on 
November 7,1993, over Albuquerque, New Mexico, were used. The original TM green band, SPOT 
panchromatic, and merged green band are shown in Figure 6. The MWD again outperformed the IHS 
merger with this type of data.23 

6. Coresident Fusion and Compression 
Dual or multisensor UAVs are definitely candidates for wavelet image fusion. Not only does the 

wavelet approach outperform some other fusion techniques, it allows for platform-based wavelet bases 
selection. This flexibility permits sensor or mission specific optimization. Efficient on-board fusion is also 
possible with the advent of electronic wavelet transform chips. The fused imagery will provide combined 
information for analysts and enhanced spectralhpatial imagery for automatic target recognition. 
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The MWD also provides the framework for data compression beyond the actual image fusion. 
Compression may be critical for coresident multisensor UAV platforms to accomplish their missions in 
terms of imaging rates, on-board data storage, and data transmission. 

Wavelet compression has been developed using orthogonal,38 bi~rthogonal,~~ wavelet packets,@ and 
zero-crossing and local maxima41 wavelet methods. Using the decomposed image wavelet coefficients, 
quantization provides compression. Scalar, vector: and joint spa~e-frequency~~ quantization are examples 
of lossy wavelet compression schemes. Huffman codes and run-length encoding can provide further 
compression of the quantized wavelet coefficients. This further compression is lossless. 

Some of the wavelet compression approaches have advantages over Joint Photographic Experts 
Group (PEG) and Motion Picture Experts Group (MPEG) techniques at high compression ratios (greater 
than 10:1),44 and since PEG and MPEG are based on Fourier techniques, the wavelet approach can be 
computationally faster. The wavelet transform also allows for progressive transmission, as well as 
compression of background and targets at different rates. 

Figure 6. a) Landsat TM band 2, b) SPOT panchromatic, c) wavelet image merger of a) and b). 

10 



7. Conclusion 
Fusion and compression create a strong foundation for using the wavelet merging approach aboard 

coresidentlcoregistered UAV or other multisensor platforms. We found that the MWD image merger 
outperformed the IM and IHS merging algorithms. With the added luxury of a compression framework, the 
wavelet image merger would provide enhanced spatial/spectral information for automatic target recognition 
or image analysts. 
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