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ABSTRACT 
 
Speckle in SAR imagery is a by-product of constructive and destructive interference between scatterers within a 
resolution cell. This speckle phenomenon gives SAR imagery a “noise-like” appearance and is often exploited in near 
angle and/or coherent stereo pairs. However, in many cases, this speckle is unwanted and can be considered noise or 
interference. We use partial differential equation (PDE) methods for speckle mitigation in detected imagery and the 
collected complex image data. In particular, we study the effects of non-linear anisotropic diffusion filters on collected 
SAR image data. In the past, anisotropic diffusion (AD) techniques have been successfully used in the analysis of EO 
data. However, the use of these techniques on SAR image data is recent and much is yet to be done. We expect the 
application of AD techniques on SAR image data in combination with a fluid dynamic perspective to yield rich 
dividends in terms of image interpretability. Through our approach we demonstrate that it is possible to spatially 
maintain areas of high dynamic range (bright scatterers) and smooth areas of low dynamic range in the scene. We also 
exhibit the role of these non-linear filters in correlation, registration, compression, decompression, and image 
interpretability for SAR analysts.  
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1. INTRODUCTION 
 
This paper describes a methodology of using anisotropic diffusion techniques to increase the usability of SAR data. We 
apply our anisotropic diffusion algorithms to complex imagery and complex derived imagery to yield enhanced imagery 
that is “Electro-Optical-Like.” We show that these filters increase the usability of the SAR data for the end-user, and for 
algorithmic consumption. The rest of the paper is divided into three sections. Section 2 discusses and gives a 
mathematical analysis of anisotropic diffusion. Section 3 discusses the challenges and our general solutions for these 
non-linear filters as it pertains to complex data and detected imagery. In Section 4 we apply the non-linear filters 
introduced and demonstrate their utility for the end-user, compression, decompression, and registration.   
 

2. MATHEMATICAL ANALYSIS OF ANISOTROPIC DIFFUSION 
 
The seminal work of Witkin4, introduced the notion of scale space, that is, the representation of an image simultaneously 
at multiple scales. This multi-scale image representation is obtained by Gaussian Filtering deforming the original image 
via a Gaussian Kernel. The genesis of all current scale space methodologies for image processing has its origins from 
this mustard seed. The Gaussian kernel is essentially a low pass filter, (uniformly spatially averaging) of the form:  
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The standard deviation σ  controls the number of pixels in the immediate area that contribute to the pixel in question.  
 
Consider the heat equation of the form: 
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The heat equation is a second order linear PDE.  The Gaussian Kernel (1) is a solution to (2).  The constant 2 σc = . The 
heat equation models temperature propagation until a homeostasis is achieved. The solution to the heat equation 
continues to evolve in time until temperatures average out. The relationship between the Gaussian kernel and the heat 
equation can be summarized in the following way:  
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where } <  <  , <  < | ∈=Ω dycbxaR    y){(x,  2 and Ω∂  is the boundary of Ω . 
 
If we let 0u  be an initial image with Dirichlet boundary conditions, then the evolution of the solution of the heat 
equation will be treated as the evolution of pixel intensities. Hence, the solution to the heat equation will act in image 
processing, as a low pass filter. As c  increase so does the speed at which propagation takes place. Low pass filtering 
uniformly blur’s image data.  Unfortunately, most image processing techniques take advantage of the edges in the 
imagery. Therefore, for certain applications low pass filtering diminishes the usability of the data. As an illustration let 
us look at the effects of applying a Gaussian kernel and the heat equation (isotropic radiator) to a real valued image. 
 

 
 Original Image Gaussian Filtered Isotropic Heat Filtered 

Figure 1.  Three Lion Cubs 
 
Observe in Figure 1 that the filtering algorithms, Gaussian filter and isotropic filter, blur edge content. This can be 
unappealing for a number of applications where edge content is vital. We wish to obtain a way to spatially vary the 
smoothing such that blurring occurs in intra-regions but is mitigated across inter-regions. To achieve this we consider the 
general anisotropic equation: 
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Note that ),,( tyxc  varies spatially and temporally. A key observation is that c , whether it is constant or variable, is the 
controlling mechanism for the diffusivity of the Laplacian: 
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The Laplacian term is the fundamental building block in (5) from the image processing point of view. This equation 
expresses the flux/flow lines of image data (Figure 2.). 
 

 
Figure 2.  Laplacian of Three Lion Cubs 

 
The constant flow/flux lines are called the intra-regions. The abrupt changes across flow/flux lines segment the image 
into inter-regions. The anisotropic diffusion algorithm leverages aspects of both regions created by using the Laplacian 
to decide when to smooth and when not to smooth. Alas, “to smooth or not to smooth.”  
 
Rewriting the anisotropic diffusion equation we obtain the canonical non-linear equation introduced by Perona and 
Malik 3: 
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The decision of when not to smooth is decided by the weight function:  
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The choice of the weight function g is determined by what we are trying to accomplish with respect to enhancing the 
data.  Observe that we get maximum blurring when uK ∇= . Note that the anisotropic diffusion filter can completely 

become an isotropic radiator (i.e., low pass filter) if ]max[ uK ∇≥ . To take advantage of the anisotropic characteristics, 
K should be chosen in such a way that it does not blur across inter-regions.  
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Figure 3.  Original (Top Left) Anisotropically Diffused (Top Right) 
Histogram of Magnitude of the Gradients of Original (Bottom Left) 

Histogram of Magnitude of the Gradients of Anisotropically Diffused (Bottom Right) 
 
The maximum magnitude of the gradient for the aforementioned image (Figure 3) was ~150; mean was ~5. We chose 
K = 6. The majority of the magnitudes of the gradients were close to zero because in intra-regions the pixels are similar. 
In fact, for the real valued image above, the majority of the magnitudes of the gradients are less than twenty. We found 
that 1≤σ  gave good results. Thus, by choosing K in this way we were able to selectively smooth the data such that we 
smoothed intra-region data while still preserving inter-region data. Observe that there is negligible visual difference in 
the images. Hence, due to this selective smoothing we can apply this filter to Synthetic Aperture Radar (SAR) data in a 
way that allows us to achieve qualitative and quantifiable results that increase the usability for various applications and 
end-user utility. 
 

3. SYNTHETIC APERTURE RADAR AND ANISOTROPIC DIFFUSION 
 
3.1 SAR Overview 
Synthetic Aperture Radar (SAR) systems take advantage of the long-range propagation characteristics of radar (RAdio 
Detection and Ranging) signals and the complex information processing capability of modern digital electronics to 
provide high resolution imagery. SAR complements EO and other optical imaging capabilities because of the minimum 
constraints on time-of-day and atmospheric conditions (i.e., virtually weather invariant) and because of the unique 
responses of terrain and cultural targets to radar frequencies.  SAR is ideal for reconnaissance, targeting, ground moving 
target indication (GMTI) and other military operations. SAR data typically has a much greater dynamic range than EO 
data. Unfortunately, this can be problematic for the anisotropic diffusion filter. The analytical equation requires that 

][)(., 2 Ω∈ Ctu . Hence, the numerical scheme requires that the data be some what well behaved. In general, EO data is 
well behaved. Unfortunately, due to the great dynamic range of SAR data, it is not well behaved.  As an example, the 
dynamic range for the EO image of Figure 4 is [0, 255], whereas the dynamic range for SAR of Figure 4 is [0, ~6.5e4]. 
The dynamic range for the images was 20 dB & 75dB for the EO and SAR images, respectively. 
 

Proc. of SPIE Vol. 6547  654703-4

Downloaded From: http://proceedings.spiedigitallibrary.org/ on 04/21/2017 Terms of Use: http://spiedigitallibrary.org/ss/termsofuse.aspx



 

 

 
Figure 4.  SAR Image [dB = 75] (Top Left) EO Image [dB = 20] (Top Right) 

Histogram of SAR Pixel Intensities (Bottom Left) Histogram of EO Pixel Intensities (Bottom Right) 
 
Due to the vast difference in dynamic range of the SAR data, the magnitudes of the gradients of the SAR image are also 
not well behaved.  We propose to do a non-linear scaling of the SAR image data such that the magnitude of the gradients 
is much better behaved. The non-linear scaling compresses the dynamic range of the data. Subsequently, the magnitudes 
of the gradients are now similar in intra-regions and more distinctive between inter-regions. Figure 5 illustrates the 
magnitude of the gradients of the SAR data before and after our non-linear scaling technique. 
 

 
Figure 5.  Magnitude of the Gradients of Original SAR Image (Left) 

Magnitude of the Gradients after Non-Linear Scaling of SAR Image (Right) 
 
The range of the magnitudes of the image before scaling where [0, ~5e4] with a mean of ~46, after non-linear scaling we 
have [0, ~445] with a mean of ~24. Looking at the right hand illustration of Figure 5 we see that our magnitudes are 
better behaved; thus more conducive to anisotropic diffusion. Also, we leverage the complicated nature of the raw 
complex imagery and use that as part of our weight function ),,( tyxc  for some of our anisotropic diffusion algorithms. 
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Coupled with our non-linearly scaled detected image we have novel anisotropic diffusion filters for SAR imagery. 
Added to this we have created an autonomous way to decide which algorithm to apply based on the noise quality, 
mission criteria and identification of the imagery. Noise for example can be characterized by the standard deviation of 
the dynamic range of the data thus allowing for an adaptive K value. Similarly, mission criteria and image identification 
provide a priori characterization which will ultimately dictate the specific K and/or nonlinear scale used. 
 

4. RESULTS 
 
SAR imagery as stated before is virtually weather invariant. However, for some researchers and analysts, SAR imagery 
is considered visually inferior to EO imagery. Moreover, for those researchers and analysts speckle appears to be noise; 
thus making the imagery not as palatable as its EO contemporary. Purists will correctly argue that for some applications 
such as interferometric SAR (IFSAR) and coherent change detection (CCD) speckle is extremely valuable. In this paper 
we compare SAR imagery quantifiably and/or quantitatively for mensuration, compression, decompression and 
registration.  
 
4.1 SAR Data Specifications 
The data that is used is furnished by Sandia National Labs. The SAR data is derived from Sandia’s MiniSAR platform. 
The imagery is all Ku-band 4-inch resolution data. 
 
4.2 Mensuration and Identification 
Often speckle in SAR imagery can lead to inconclusiveness with respect to measurement and identification of objects in 
a scene. In Figure 6 we have a scene that is wooded. Note that the shadows/low returns of the trees are easier to view 
once the data has been diffused. 
 

 
Figure 6. Original SAR Image (Left) 

Anisotropically Diffused SAR Image (Right) 
 
Also observe that the scatterers in the scene are more pronounced. Mensuration of the trees could be accomplished easier 
for the diffused image. 
 
4.3 Compression 
A serious draw back of SAR data is the amount of storage space that is required. The draw back is increased when the 
SAR data is stored as double precision complex data; thus, it can require four times the storage requirements of EO data. 
A lot of missions only require that the data be viewed and used as detected imagery. Therefore, compressing the data can 
be very valuable. A very nice by-product of anisotropic diffusion is that it allows for significant compression schemes. 
We are not saying that anisotropic diffusion is a compression scheme. We are saying that it will enhance any 
compression scheme for SAR data. Figure 7 is a general case. Please also note that the image quality is improved as well 
from left to right. For the Sandia data, we typically had compression ratios of 30:1. In fact, the higher the dynamic range 
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the greater the compression ratio. This should be very advantageous for those CONOPS that just require detected 
imagery. Table 1 shows the typical compression ratios that were attained for the aforementioned image. The process that 
was done was save each image out as uncompressed tagged information format (TIF). We applied a Gaussian filter with 
a small sigma, and an anisotropic diffusion filter. The two filters were able to maintain the integrity of the scatterers in 
the scene. However, our anisotropic diffusion filter was able to better mitigate the speckle in the scene. Subsequently 
more of the data was able to be classified similar. All compression schemes try to find similarities in the data. Here 
however, the anisotropic filter was able to create similarities in intra-regions and maintain the sharp discontinuities 
across inter-regions yielding a more visually appealing image with a higher compression ratio. 
 

 
Figure 7. Original SAR Image (Left) Gaussian Filtered (Center) 

Anisotropically Diffused SAR Image (Right) 
 

Table 1. Compression Ratios 

Compression Ratio Table 

Image 
Type 

Uncompressed 
Tiff 

JPEG 
Compression WinZip 

Original Image 1 11 :1 16:1 

Gaussian Filtered 1 13:1 21:1 

Anisotropic 
Filtered 1 16:1 30:1 

 
4.4 Decompression 
Often there is limited bandwidth that can be achieved for sending and receiving data. The World Wide Web is inundated 
with streaming data; UAV send data down to ground stations. Both have bandwidth restrictions. Subsequently, a 
premium is placed on minimizing bandwidth. In our experiments we quantize the data to unsigned char by utilizing non-
linear scaling techniques. Once this is done we decompress the data using anisotropic diffusion (Figure 8). The raw 
complex imagery was 65.78208 MB (double) in MATLAB. The quantized data was 4.111380 MB (uint8). Once 
decompressed it increases to 32.891040 MB (double). What we are saying is that it would only require 6.25% of the data 
for streaming purposes! 
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Figure 8. Original SAR Image (Left) 

Quantized SAR Image (Middle) Decompressed with Anisotropic Diffusion (Right) 
6.25% of the data is all that is required to be streamed. 

 
4.5 Registration 
Registration is a key requirement of most image processing algorithms. Our last experiment was performed on a CCD 
pair where there was slight warping. We take a sub-image from one of the pairs and correlate that sub-image (controlled 
image) with the other entire Image. We obtain a correlation map. The peak location, highest correlation value, 
corresponds to the shift required to register the data. We do this for the unfiltered imagery as well as the filtered imagery. 
To simulate a limited bandwidth data stream we quantized the imagery and then decompressed the imagery using the 
anisotropic filter. We then register the imagery. Figure 9 shows the pre-filtered original data and also the same imagery 
quantized and decompressed using anisotropic diffusion. 
 

 
Figure 9.  Registered Original CCD SAR Pair (Top Left & Top Right) 

Registered Decompressed SAR Pair (Bottom Left & Bottom Right) 
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For the original data set, the correlation map peak for registration was 90% and post correlation of the entire images after 
registration was 36%. After the data set was quantized and decompressed via anisotropic diffusion, the correlation peak 
was in the same location but the correlation map peak was 96.7%. Moreover, the entire image to image correlation was 
80.94%. Hence, although we still did not contend for warping we still had for this detected SAR imagery data set, an 
improvement in registration by 6.7% and post image to image correlation is improved by ~45%. 
 

5. SUMMARY 
 
In this paper we showed how anisotropic diffusion can aid in the usability of SAR data for the end-user and for 
algorithmic consumption.  
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