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1 Introduction

Synthetic Aperture Radar (SAR) is an active remote sensing system which has applications

in agriculture, ecology, geology, oceanography, hydrology, military, etc. [1]. SAR systems are

mounted on an airplane or satellite which moves in a particular direction with a particular

speed. The movement of the airplane or satellite is used to increase the aperture of the SAR

system. The main reason which gives SAR systems such diverse applications is that it has

the ability to take images in all weather conditions and darkness.

With the improvement of SAR technology larger areas are being imaged and the resolution

of the images has increased. This causes larger images to be transmitted and stored. Due to

the limited storage and/or down-link capacity on the airplane or satellite the data rate must

be reduced. The data rate is proportional to the pulse repetition frequency (PRF), number

of samples taken in each echo and the number of quantization bits.

It is possible to reduce data rate by changing these parameters but this decreases the sys-

tem performance. For example reducing the PRF causes higher azimuth ambiguities, reducing

the bandwidth of the system decreases the range resolution and decreasing the the number of

quantization bits increases digitization noise [2].

The only remaining choice is to compress the SAR image. SAR data is inherently complex

but it is frequently converted to real data for interpretation by human observers or machine

algorithms [3]. However, for interferometric purpose the phase information is very important

and needs to be preserved accurately.

In order to compress complex data two approaches can be used, the �rst is to compress

magnitude and phase separately. In the second approach, the frequency spectrum of the image

is shifted to all positive frequencies. After the inverse Fourier transform, the real part of the

complex data carries both phase and magnitude information of the original complex image.

This real data can be compressed as usual and after decompression an inverse procedure can

be used to get the complex image back [4].

SAR images are di�erent in nature from optical images. The di�erences can be summa-

rized as follows,

� SAR images are larger in volume. SAR images typically consist of 32 bit complex pixels

with large dimensions.
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� The entropy of SAR images is higher than that of optical images [4].

� SAR images carry information in low frequency bands as well as high frequency bands.

Whereas optical images are generally low-pass with noise in high frequency regions [4].

� SAR images have larger dynamic range than optical images.

Due to these di�erences, classical image compression techniques do not performance as well

when applied to SAR images. More appropriate approaches which take into account these

di�erences, have to be used for SAR image compression. The high entropy and large dynamic

range of SAR images result in very low compression ratios when lossless compression tech-

niques are used [1]. Thus if a small amount of information loss is acceptable, lossy compression

techniques can be used.

Since some of the information is lost, it is important to decide which feature of the image

should be preserved. These features can be one of the following [3],

� Certain pixels of point targets,

� Edges,

� Areas or regions of common texture.

In Section 2 we summarize some lossy image compression techniques applied to SAR images.

In section 3 we summarize some commonly used as well as a recently proposed performance

measure for SAR image compression. The last section presents the aim of this project.

2 Lossy SAR Image Compression Techniques

In this section we summarize Discrete Cosine transform (DCT), Discrete Wavelet Transform

(DWT) and Vector Quantization (VQ) based SAR image compression techniques.

2.1 DCT based SAR Image Compression

DCT is an orthogonal transform which is used widely in optical image compression for its

computational e�ciency and its energy compaction property. The idea behind orthogonal

transforms is to transform the image to new domain where the image is represented ideally
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by uncorrelated coe�cients of which very few carry signi�cant energy and the remaining ones

can be quantized to zero.

There are many di�erent forms of the DCT, one of the widely used forms is,
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DCT is reported as not appropriate for SAR images due to the presence of speckle noise, high

entropy, large dynamic range in DCT domain, important information in high frequency and

blocking artifacts in SAR images [5][6].

2.2 DWT Based SAR Image Compression

One dimensional DWT can be described as a �lter bank followed by a downsampling procedure

as shown in Figure 1. This can be extended to the two dimensional case. In Figure 1 h0 and h1

are analysis and g0 and g1 are sythesis �lters respectively. These �lters are generally chosen as

perfect reconstruction quadrature mirror �lters (PR-QMF) [3][7][8]. The advantages of using
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Figure 1: 2-D �lter bank implementation of DWT

DWT can be summarized as follows [3],
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� DWT allows the allocation of quantization bits to important components both in fre-

quency and time domains.

� Subbands have less dynamic range than the original image.

� Subbands can be used for preview type operations.

� For applications where despeckling is required wavelet based techniques o�er built in

despeckling [5][8].

2.3 VQ based SAR image compression

Quantization was one of the �rst approaches to SAR image compression because of its sim-

plicity. The basic idea is to divide the image into small subimages such that the dynamic

range of this subimage is small compared to the whole image and quantize the pixels to a

lesser number of bits. In addition to the quantized bits the mean value of the subimage needs

to be transmitted.

Vector quantization (VQ) is a technique that applies better performance than scalar

quantization. VQ based algorithms have been proposed for SAR image compression [2][9].

The �rst step in VQ based coding is to produce a codebook. This can be done by using

clustering algorithms such as k-means and \Linde, Buzo and Gray" (LGB) algorithms. A

codebook can be produced using empirical data [2]. After dividing the image into subimages

each subimage is compared with the codebook and the code for the nearest subimage is

transmitted.

An adaptive VQ based technique called Mixture of Principle Components has also been

proposed [9]. In this technique the computational load in the encoder is very high. However the

decoder outperforms DCT based methods in terms of both image quality and computational

load.

3 Performance Measures

Many di�erent performance measures can be used to compare image compression techniques.

When real time operation is crucial as in SAR image compression the computational load is

one of the performance measures. Since the aim of image compression is to reduce the number
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Figure 2: SAR image of Houston from JPL, Pasadena

of bits required to represent a image without visually destroying it, a measure of image quality

for a �xed compression ratio is required.

3.1 Commonly used Quality Measures

Although the following performance measures are most commonly used in image processing

applications they are not very compliant with subjective quality. Since all of them are global

measures they cannot judge local variations of the processed image [4]. Due to the di�erent

nature of SAR imgaes, these measures are less useful. For example, consider a compression

method (like a DWT based method) which also removes speckle noise. These measures treat

the removed noise as error. If a compression technique removes all roads from an image such

as in Figure 2, the number of changed pixels is not very high so these measure do not rate

this particular technique as poor inspite of a lot of information being lost.

3.1.1 Mean Square Error (MSE)

The mean square error is one of the most commonly used performance measures in image and

signal processing. For an image of size N �M it can be de�ned as

MSE =
1

NM

N�1X
n=0

M�1X
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jx[n;m]� x̂[n;m]j2

where x[n;m] is the original image and x̂[n;m] is the decompressed image.
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3.1.2 Normalized MSE (NMSE)

MSE is normalized with the variance of the original signal to give NMSE,
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3.1.3 Signal to Noise Ratio (SNR)

SNR can be de�ned as

SNR = 10 log
10

1

NMSE

3.1.4 Peak Signal to noise ratio (PSNR)

PSNR is the most commonly used performance measure for image processing applications. It

can be de�ned as,

PSNR = 10 log
10

( peak-to-peak value of the original image )2

MSE

3.2 Alternative Quality Measures

Since standard measures are not appropriate for SAR images, alternative measures have re-

cently been proposed.

3.2.1 Average Spatial Correlation (ASC)

This quality measure is proposed to decouple the speckle degradation in the original image

from the quality assessment of the compression process. ASC is obtained by calculating the

spatial correlation of the original and decompressed image on a window (of size 5 for example)

around each pixel using
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P
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P
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where y[n;m] is the original image with DC removed and ŷ[n;m] is the decompressed image

with DC removed.

Then the ASC is de�ned as

ASC =
1

NM

X
i

X
j

c(i; j)
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3.2.2 Weighted SNR (WSNR)

Since SAR images are interpreted by humans an important performance measure is the visual

quality of the decompressed image. Although the human visual system is a non-linear, shift-

variant, non-separable, non-uniform sampled system, aproximate linear models have been

proposed. To obtain a quality measure which is correlated with the visual quality of the

image the weighted SNR has been proposed as follows,

WSNR = 10 log
10

 P
u

P
v jX(u; v)C(u; v)j2P

u

P
v j(X(u; v)� X̂(u; v))C(u; v)j2

!

where X(u; v); X̂(u; v) and C(u; v) are the discrete Fourier transforms of the original image,

decompressed image and the contrast sensitivity function respectiveley [10].

4 Future Work

In this project we are going to compare DCT and DWT based techniques using the perfor-

mance criterias listed in previous section. Since standard performance measures described

in previous section assume additive and uncorrelated noise a preprocessing step is necessary

before calculating the MSE, SNR or PSNR. For example the blocking e�ect in DCT and the

mosquito noise in DWT cannot be accepted as uncorrelated additive noise thus a di�erent

approach is required to measure these e�ects. Although SAR images are mostly assessed by

humans, standard quality measures do not use any known properties of the the human visual

system. For example, the human visual system is not as sensitive to high frequencies as low

frequencies, but standard measures give equal importance to all frequencies. Our aim in this

project is to simulate the best performance (according to standard measures which have been

used in literature) giving DCT and DWT based techniques and compare their performance

with more appropriate quality measures such as WSNR.
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