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Abstract

In the effort to digitize the battlefield, one of the most difficult capabilities to provide is the
reliable transmission of imagery across the data links available. The most severe obstacles occur
at low echelons, where the communication link is provided by combat net radios. The
low-bandwidth, noisy nature of this physical channel represents the most serious challenge to
implementation of the digital battlefield of the future. These channels make the compression of
any imagery a requirement for timely transmission. In this paper, we explore the effects of noise
on a variety of image compression techniques - namely, fractal, wavelet, DPCM, and the most
recent compression standard for still imagery, JPEG version 6. Methods for minimizing the
effects of the noisy channel on algorithm performance are also considered.
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1. Introduction

The objective of this report is to familiarize the reader with the aspects of image compres-
sion and transmission over the battlefield channel. Information exchange on the battlefield
is enhanced by the transmission of imagery between troops in combat, unmanned scout ve-
hicles, remote medical facilities, and the command post. Image integrity as well as timely
transmission is imperative to all of these scenarios. The images must be transmitted over
tactical channels, which are typically narrow bandwidth radio channels exposed to the noisy
battlefield environment. It is therefore necessary to compress the image for the narrow
channel and protect it from corruption in these hostile surroundings. Limitations of field
hardware and time constraints prohibit the use of complex algorithms for battlefield com-
munications. Subsequently, the desired process should be of low computational complexity
and provide reliable image transmission in near real time.

It is imperative that image integrity be preserved as much as possible during transmission.
For instance, corruption of an image used for remote diagnosis could be a life or death
situation. Of equal importance in wartime is a decision made from an image transmitted
for identification of friend or foe to prevent an incident of friendly fire. The use of both
compression and error protection is needed for image transmission over narrow bandwidth
noisy channels.

Timeliness is also a key factor. It is also desirable for the algorithm that processes the
images to be of minimal computational complexity. In the application of mobile commu-
nications, this is particularly vital due to the constraints of the field transmitter /receiver.
A less intensive algorithm allows real-time or near real-time processing and transmission of
imagery. This aspect is very desirable in an image transmission system.

1.1 Combat Net Radios (CNR)

In the rush to digitize the battlefield, one of the most difficult problems to be overcome is
how to transport imagery across the data links available. The difficulty of this task reaches
an apex when the available communications link is via combat net radios (CNR). The low
bandwidth and noisy nature of this physical channel represents the most serious challenges
to implementation of the digital battlefield of the future.

The primary means of communication at low echelon fighting units has historically been
and, in many cases, continues to be voice data as transmitted by CNR. Gradually, a re-
quirement for digital data transmission is being inserted into the mission profile. Digital
transmissions allow for compression and forward error correction and provide the ubiquitous
computer with the information it requires.

Modern CNR are typically line-of-sight FM low-power instruments designed specifically
for use at short range. For this device the bandwidth is very limited, although recent
improvements have yielded an increase as high as 25 MHz. Table 1 shows where CNR fits
into the modern communication world. In use these radios are commonly assembled into a
single hop network of 6-12 users. Their effective use to date is testimony to the redundancy




of human language and the ability of the human neural net to extract meaningful data from

a noisy signal.

TABLE 1.—Common Broadcast Bandwidths

” Broadcast Media

|

Frequency l Bandwidth

Satellite Channel 6 GHz | 500000 kHz
Broadcast Television

channels 2-6 54-88 MHz 6000 kHz

channels 7-13 174-216 MHz 6000 kHz

channels 14-83 470-890 MHz 6000 kHz
FM Stereo Radio 88-108 MHz 200 kHz
Cellular Telephone 800-900 MHz 60 kHz
Combat Net Radio

PRC-77 (old) 30-75 MHz 50 kHz

SINCGARS (current) 30-80 MHz 25 kHz
AM Radio 540-1600 kHz 10 kHz

1.2 TImagery

Images contain a large amount of information. Analog television requires 6 MHz of
bandwidth per channel for voice and video, approximately 5 MHz of which is dedicated to
full motion video. By contrast, the digital radios used by the Army, such as SINCGARS,
allow a maximum of 16 kilobits per second (kbps), as indicated in the previous subsection.
Digitizing a single gray scale image requires many bits to describe the image. In order to put
into perspective the actual amount of data that an image contains, the following example is
provided. A digital image may contain 512 x 512 pixels. Each pixel has a dynamic range
of 0-255, symbolizing gray scale values. This translates to 8 bits/pixel x 262,144 pixels
for a total of 2,097,152 bits or approximately 2 megabits (mb). For a narrow bandwidth
channel of 16 kbps it would take a minimum of 2 minutes to transmit this image. In many
applications, this delay is neither practical nor acceptable. Therefore, it is necessary to
compress the image data before transmission. Digital techniques allow processing that can
compress the data. The fact that images contain large amounts of data causes compression
to be an important objective.

1.3 The Channel

This battlefield channel exhibits characteristics not normally found in traditional image
transmission systems. The first important channel characteristic is narrow bandwidth. Bat-
tlefield communications need special considerations, such as encryption and the ability to
transmit at low power to minimize the probability of detection. Since extra information
must be added during the encryption process, the channel becomes smaller (more narrow),



leaving less room for the actual image data. The second important channel characteristic is
noise. The battlefield generates much electronic noise in its own right due to shock waves
from blasts, various types of communications equipment, and engine electronic noise. Other
sources of noise could be intentional jamming by enemy forces.

An image can become corrupted when transmitted over a noisy channel. Depending
upon the form of the data during transmission, a small amount of noise can be catastrophic,
causing the received image to be distorted such that it is rendered useless. Consequently, an
effort must be made to prevent or minimize the effects of channel noise on the image data.

Due to the constraints of the battlefield channel and the situational time constraints,
~several steps must be taken to effectively transmit imagery on the battlefield.

1.4 Source and Channel Coding

The traditional method of digital image transmission requires a multistage process. The
first stage is source coding, or the removal of redundancy, to compress the image for the
narrow bandwidth channel. The second stage requires coding for the channel by adding
redundant characters to protect the information from noise.

C. E. Shannon wrote his definitive paper on the mathematical theory of communica-
tion in 1948 [1]. In this paper, he defined the capacity of a channel to be the maximum
rate, bits/symbol, at which information could be transmitted reliably through a channel.
Shannon’s source coding theorem states that if a channel is noiseless it is possible to com-
pact the information to the size of the source entropy, the minimum average word length
in bits/symbol, by coding infinitely long extensions of the source. If the channel is noisy,
the interest shifts from representing information as compactly as possible to encoding it so
that reliable communication is possible. By sending information in a redundant form over
a noisy channel, the probability that an error will occur can be reduced. Rate distortion
theory states that the distortion incurred by the information is a decreasing function of the
information rate. In addition, the rate is upper bounded by the capacity of the channel.
The capacity is a function of the channel bandwidth, noise properties of the channel, and
the intended signal. Therefore, one must compromise between rate and distortion over the
noisy channel. This balance between source coding to minimize rate and channel coding to
minimize distortion is dependent upon the application.

A source and channel coding system is depicted in Figure 1. In this example, x is the
original image. It is compressed by the source encoder, which outputs y, then protected
from errors by the channel encoder, which produces z. During transmission over a narrow
bandwidth noisy channel, z is exposed to various forms of noise and enters the receiver as
%. The channel decoder exploits the redundancy in % to produce an estimate, ¥, of y. The
source decoder then constructs X, a possibly distorted version of x.

It has been a longstanding practice to treat source and channel coding separately. This
practice was motivated by Shannon’s joint source channel coding theorem [2]. This theory
states that source coding followed by channel coding can be made to perform as well as
any single-stage source/channel coding procedure. In this scenario of separation, the source
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FIGURE 1.—Traditional coding system.

coding can be designed to suit the source and the channel coding can be designed for good
performance in a particular channel. The drawback to this method is high computational
complexity and possible delay. In contrast, joint source channel coding lessens the compu-
tational burden by performing both as a single process [3], as depicted in Figure 2.

Joint

z
x = Source/Channel Encoder |

Channel  j==——— Noise

Joint A
* = z |
x Source/Channel Decoder

FIGURE 2.—Joint source/channel coding system.

In many ways, source and channel coding form a duality. Source coding removes un-
structured redundancy from the data, data compression, while channel coding introduces
structured redundancy to the data to combat errors caused by noise, error correction. If the
source coding method is lossy, the cost for the compression is distortion. The expense for
the protection provided by channel coding is more data and less distortion. The tradeoff
one is willing to make between distortion and rate depends primarily on the application. As
an example, little compression and high data protection may be desired for medical images
transmitted on a wide bandwidth channel. Conversely, compression may be of the utmost
concern for the transmission of satellite imagery over a narrow bandwidth channel. The ideal
situation is efficient compression with low distortion, along with resilience to channel noise.

1.5 Report Composition

It is the intention of the authors that this report be used to familiarize the reader with
current image compression techniques and their performance in noisy environments. Of



particular interest is the wireless environment of CNR. Chapter 2 will review numerous
types of compression for both lossless and lossy methods. In Chapter 3, after discussing
the implementation details of these compression techniques, the performance of each will
be demonstrated for the noise channel as well as the noiseless channel through simulations.
Chapter 4 will address methods by which these techniques can be aided to cope in a noisy en-
vironment and therefore improve performance. Finally, in Chapter 5, the significant findings
will be reiterated and recommendation will be made for future research in this area.




2. Image Compression Techniques

The performance of a compression algorithm is measured in two ways: compression ratio
and distortion incurred during compression. Compression ratio, C,, is the relation of the
number of bits input to the source coder, to the number of output bits of the source coder

as shown in equation (1).
source input si1ze

C, = (1)

source output size

The distortion measure or fidelity criterion for comparison of the original image to the
reconstructed image are the mean squared error (MSE) and the peak signal to noise ratio
(PSNR), as indicated in (2) and (3), respectively. In these equations, x; is the original pixel
from the original image and Z; is the corresponding reconstructed pixel. Accompanying these
error measurements, a subjective qualitative comparison is also used to assess performance.

N
MSE = + 3(@i— ) @)
N i=1
2552
PSNR = 1010310M_S—E (3)

Figure 3 provides a diagram of the various types of image, video, and audio compression
methods [4]. There are two categories of waveform-based compression: lossless and lossy.
Lossless compression implies that the reconstructed image will be an exact replica of the orig-
inal. This type of compression typically yields a lower compression ratio than its lossy coun-
terpart. Lossy compression discards some nonredundant information to provide a greater
reduction of data or greater compression ratio. This is accomplished at the cost of distor-
tion in the reconstructed image. In many applications, a certain amount of distortion is
acceptable, in return for greater compression performance.

Image, Video and Audio Compression Methods

////\

Model Based /W/aveﬂK
LpC Lossless Lossy
AR
ARMA SmFsﬁcal Universal Spatial/Time Domain Frequency Domain
Fractals Huffman Arithmetic Delta Modulation FﬂterMBased
ete. Gilbert Ziv-Lempel PCM Subband Fourier
Fano Runlength DPCM Wavelet DCT
etc. etc. vVQ etc. etc.
etc.

FIGURE 3.—Compression methods.



2.1 Lossless Compression Techniques

There are many types of lossless compression. We will explain one of the most commonly
used methods: Huffman coding. Huffman coding is an entropy code. In layman’s terms,
entropy is the average minimum number of bits necessary to fully describe an aspect of a
particular source (i.e., pixel within an image). Entropy is the basis of “Information Theory”
developed by C. E. Shannon in 1948. Entropy is denoted as H(X) and takes into account
the probability of occurrence for all items within a source. The equation for H(X) is shown
in (4).

N 1
HX)= z;)loga—— 4
As a simple example, suppose there are three possible values as output for a source X:
{21, 2, z3}. Each of these values is equally likely; therefore the probability for each item of
the source is p(z;) = 3. For our example, the entropy of source X is:

1 3 1 3 .
gloggi -+ §10g2T = 1.58 bits. (5)

This indicates that the average minimum number of bits necessary to fully describe this
source, X, is 1.58 bits.

1 3
H(X) = 51092I +

Consider a different source, Y, which also has three possible items that are not equally
likely. The probability of y; is 0, and the probability of y, and y; are each: p(y:) = %. The
entropy of the source, Y, would be different from source X, as shown in (6).

1, 2 1, 2 :
H(Y) =0+ —2-logg-1- + 51092']? =1 bits (6)

Of course, in practice, we cannot encode a source using a fraction of a bit. Therefore, we
must round up to the next whole number of bits. Subsequently, it would require 2 bits to
describe source X and 1 bit to describe source Y.

Entropy coding strives to reach the value of entropy as the average number of bits used to
describe the source. One of the best known entropy codes is the Huffman code. For this code,
values of the source that occur frequently are assigned codewords with a small number of
bits, where source values that occur less frequently are assigned codewords of longer length.
‘This allows for an overall smaller average length codeword and thus approaches entropy.

2.1.1 Huffman Coding

As an example of Huffman coding, we digitize and compress (encode) an image of the
U.S. flag. To determine the probabilities of the items within the source, F, for flag, one
would take the total number of pixels denoting one color and divide by the total number of
pixels in the flag image as shown in (7). This would be repeated for all possible items within

the source, F. .
number of color; pizels

total number of pizelsin image

p(eolor;) = (M




Assume the source F has the following source probabilities: p(white) = .6, p(red) =
.25, p(blue) = .15. The entropy of the source F is 1.35 bits. Given the these probabili-
ties, we can now construct the coding tree using Huffman’s technique:

o List all possible symbols with the probabilities.
o Locate the two symbols with the lowest probabilities.

e Replace these symbols with a single node whose probability is the sum of the individual
probabilities.

o Repeat until there is a single node whose probability is one.

To form the codewords for the symbols, traverse the tree from the root, probability 1, to the
leaf labeling the left branch with a 0 and the right branch with a 1. This process has been
performed with the flag source and is depicted in Figure 4. The codewords for the colors
within the U.S. flag are displayed in Table 2: The Huffman encoded flag will now require 1.4
bits/symbol on average, which is very close to the source entropy of 1.35 bits.

Value Codeword

. 0
p(white) = .6 —————— 6 white 0
0 1.0
p(red) = .25 . red 10
4
1
p(blue) =.15 —— blue 11

FIGURE 4.—Ezample of Huffman coding.

TABLE 2.—Codewords for the U.S. Flag

[ Color | Codeword ||

white | 0
red 10
blue |11

As is evident in the previous example, Huffman coding produces a variable length code.
Therefore, the decoder must never lose synchronization during the decoding process. A loss
of synchronization would more than likely cause all subsequent codewords to be decoded in-
correctly. This is called a catastrophic error. As will be evident in future sections, traditional
variable length codes elicit catastrophic failures over a noisy channel.



2.1.2 Runlength Encoding

Another form of lossless encoding is runlength encoding. This method is effective for
bitonal images, those in which pixels take on one of two possible values. These values can be
represented with 1 bit per pixel, 0 or 1. In this instance, runs of the symbols are encoded.
This works particularly well for situations in which large regions of a particular symbol
occur. Subsequently, facsimile transmissions use 0’s to represent white background and 1’s
to represent black foreground. Each pixel is mapped to run and value. As an example, a
scan line of a bitonal image is shown in Figure 5.

JAnnnREgngngn

FIGURE 5.—Scan line of a bitonal image.

The original values for this scan line before encoding are {0 1111110101 1},
representing the 12 pixels with 12 bits. We encode the black pixels with runlength encoding
and limiting runs to a maximum of 7 pixels. Runlength encoding would result in no more
than 4 bits necessary to describe the 6-pixel run. An example of possible output would be
{110 001 010}. Here, only the runs of black pixels are encoded. (It is assumed that the first
pixel is white, as are the pixels between runs.) To decode this runlength encoding output,
begin with a white pixel and decode the number of black runs. Theresultis {0 111111
10101 1}. This simple example yields a compression ratio of 2

2.2 Lossy Compression Techniques

In order to obtain an increased compression ratio, we accept distortion in the recon-
structed image for better compression. Depending upon the application, an exact replica of
the original image may not be necessary to serve the purpose of target identification, target
recognition or terrain mapping. We can save bandwidth by further compressing the image
and it will still retain functionality.

2.2.1 Quantization

The simplest type of lossy compression is quantization. Quantization maps a range of
values to a smaller range of values. As an example, consider a uniform source as a range of
values of 0,...,9. If all of these values are equiprobable the entropy of the source is 3.32
bits, indicating it would require 4 bits/symbol to describe the source. If these values were
mapped into even numbers with possible values of 0,2,4,6, and 8, the entropy is 2.32 bits,
making it necessary to use 3 bits/symbol to encode the source. However, by mapping the
source to all even numbers, distortion is incurred because the reconstructed values are not
an exact replica of the original source values. As an aside, the graphic interchange format
(GIF) utilizes this technique by quantizing all pixels values to eight bits.




2.2.2 Differential Pulse Code Modulation (DPCM)

Predictive coding is one of the many methods of compression. As with most types of
compression, it can be lossy or lossless. The principle of predictive coding is based on
eliminating the inter-pixel redundancy that exists between adjacent pixels. The redundancy
is removed by taking the difference between the predicted value of the pixel and its actual
value. This difference is the prediction error, or the residual, which constitutes the new
information in the pixel. Only this new information is encoded in the compressed image.

An imageis a highly spatially correlated source due to the physical system used to acquire
it. For example, a charge coupled device (CCD) camera, which is used to obtain the image,
consists of an array of photo-cell elements that leak energy into each other. This physical
phenomenon is evident in the gradual change of pixel values throughout the image. To
illustrate this fact, an example is provided in by extracting a row of pixels from an image,
shown in Figure 6. Here it is evident that the change from one pixel to the next is subtle.
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FIGURE 6.—A row of pizels extracted from an image.

As an example of the compression obtainable through lossless predictive coding, the most
basic linear predictor, the difference filter, is used to demonstrate. Therefore, the difference
between pixel n and pixel n — 1 becomes the residual. In Figure 7a, the histogram represents
the distribution of the Lena (256 x 256) image, with mean y = 123, standard deviation
o = 47.92 and an entropy rate of 7.45 bits/pixel. After applying the linear prediction utilizing
the difference filter, the distribution becomes more compact with a smaller dynamic range,
with g = .002, 0 = 19.12, and an entropy rate of 5.66 bits/pixel, as shown in Figure 7b.

The model for lossy predictive coding is similar to that of the lossless model with the
addition of a Quantization step and feedback, as shown in Figure 8

10
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FIGURE 8.—Lossy predictive encoder.

As for all lossy compression schemes, there is a compromise between distortion and
compression. The quantization in the lossy scheme maps the prediction error to a limited
number of outputs, denoted 9. Along with the predictor, the quantizer defines the amount
of compression and distortion associated with this lossy system.

In this system, u, is the input pixel and w, is the prediction of u, as determined by
the prediction filter. The prediction error vy, is the difference between the actual pixel value
u, and the predicted value w,. The prediction error is then quantized to 9, and added to
the prediction W, to form 4,, the estimated value of u,. Then iy is used as the input to
the prediction filter which produces wn+1, the predicted value of 4n41. The feedback loop is
added so the inverse operation can be performed at the decoder stage and to compensate for
the distortion induced by the quantizer. This closed loop configuration also prevents error

buildup at the decoder’s output [5].

The decoder for lossy predictive coding is identical to that of the lossless scheme is shown
in Figure 9. Assuming a perfect noiseless channel, 9, is received and wy, is added producing
tin, the reconstructed pixel. The only distortion in this noiseless system is that caused by

the quantizer.

The following prediction filters contain a relatively robust set of coefficients, which provide
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satisfactory performance over a wide range of images [5]. The filters are specified in (8)—(10).

ﬁgyj = 0.97’&5,3‘_1 (8)
ﬁi,j = 0.5u,-,j_1 + 0.521,2'_1’_; (9)
ti; = 0.75u;;-1 + 0.75u;-1,; — 0.5u;1,j-1 (10)

Predictive coding utilizing the optimal filter method, as described in [5], is commonly
known as DPCM. It is a simple, easy way to implement compression technique for imagery.

2.2.3 Discrete Cosine Transform (DCT)

Transform coding is a reversible linear process where the pixel values are transformed
from the spatial domain to the frequency domain. These transformations are performed in
order to compact the energy into a few transform coeflicients. For most natural images, a sig-
nificant number of these coefficients have small magnitude, which can be coarsely quantized
or discarded entirely with little image distortion [5]. An example of a transform encoder and
decoding is shown in Figure 10.

Transform Encoder
Input Construct
p . NxN Forward Quantizer Symbol
8 Subimages Transform Encoder
Compressed
Transform Decoder Image
Decompressed Merge
Image - NxN Inverse Symbol | /
Subimages Transform Decoder

FiGURE 10.— Transform coding diagram.

The DCT is currently the most widely used transformation in image transform coding.
It is the basis for current image compression standards such as Joint Photography Experts
Group (JPEG), Motion Picture Experts Group (MPEG) and MPEG-2. The first step of this
process is to divide the image into N x N blocks or subimages. A significant factor in DCT
coding is this subimage size. For reasons such as computation complexity and the typical
pixel correlation within a pixel neighborhood, the standards specify the subimage size to be
N = 8. For instance, a 256 x 256 digital image would contain 32 x 32 subimages, where each
8 x 8 pixel block, or subimage, contains 64 pixels.
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Each of these subimages is processed by the transformation which converts the pixel val-
ues to transform coefficients. These coefficients are then quantized. Compression is actually
achieved during the quantization stage and not the transformation stage. This quantization
stage selectively eliminates coefficients or more coarsely quantizes the coefficients that carry
the least information and have the lowest impact on the quality of the reconstructed image.
The final stage of the compression process is the symbol encoder. This stage is performed
using a lossless method similar to the Huffman or runlength coding detailed in the previous
section. To decompress the image, all the stages but the quantization step are reversed; the
quantization stage is irreversible. All distortion incurred in the reconstructed digital image
via the system depicted in Figure 10 is generated by this stage.

Utilizing the cosine waveform as the basis function, the DCT is used to decompose each
block of pixels into a series of waveforms, each with a particular spatial frequency [4]. The
result of the transformation is 64 coefficients, yx; where (k,1 =0,1,...,7), of these waveforms
as shown in (11). Here, k designates the row number and [ indicates the column number
within the 8 x 8 block.

k 7 7 . .
v = e( ic(l) S5 45 cos (2¢ -}ib})kw cos (25 -1—61)l7r’ (1)

where,
12 if k=0,

- V2
o(k) {1 otherwise. (12)

A diagram of the transformation process is demonstrated in Figure 11. In the frequency
coefficients portion of this figure, the lighter blocks represent coefficients with high magnitude
and the darker blocks represent coefficients with smaller values. The block in the upper left
corner represents the 0% or DC coefficient. The transformed data of Figure 11 is ordered in a
zigrag pattern, as shown in Figure 12. This allows for the lower spatial frequency coefficient
to be grouped with the DC coefficient, while the higher frequency coefficient are grouped
at the lower right corner. The DC coefficient is related to the average value of the 8 x 8
block and typically has the greatest value of all the transform coefficients. The magnitude of
the remaining coefficients usually decreases as the frequency increases. During compression,
some of these high-frequency coefficients are truncated and quantized. This allows for easier
coding of the transformed data; the higher frequency coeficients are typically close to zero
and can be truncated without causing great adverse effect on the reconstructed image.

In order to transform the frequency coefficient back into the spatial domain to obtain
image pixels, the inverse discrete cosine transform (IDCT) is used (13).

77 . .
Zij = Z Zyklc(klc(l) cos (2 -: 61 Jkm cos (2 1—61)”-' (13)
k=0 I=0

As is evident from equations (11) and (13), the DCT and its inverse are very similar.
Therefore the same hardware used to implemented the DCT can also be used to implement
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the IDCT. In addition, fast algorithms have been designed to perform the transform process
in real time.
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2.2.4 Discrete Wavelet Transform (DWT)

Recently, wavelets are the new trend in image compression. Compression by wavelets
is similar to that of the DCT, where image pixels are transformed to spatial frequency
coefficients. However there are some major differences. The first is the basis function. The
DCT uses the cosine waveform as its basis function where wavelets can have one of many basis
functions that meet certain criteria. The other difference between traditional DCT image
compression and wavelets is that, for the DCT, the image is divided into 8 X 8 subimages
before transformation, but for the wavelets transform, the whole image is used as a single
input.

In order to describe the application of wavelets to image compression we must first address
a few preliminaries. We will begin by describing what a wavelet actually is, in a very basic
sense. We will then discuss the major contributions to wavelet image compression: the
Daubechies wavelets and their implementation. Daubechies wavelet filter implementation
necessitates some information be provided on the subject of filter banks. An example of
a wavelet image coding system will then be presented along with the decomposition of an
actual image.

A wavelet is a waveform of effectively limited duration — “localized in time,” it is also
localized in frequency and has an average value of zero. Sine waves, which are the basis of
the DCT and Fourier methods, have infinite duration and are smooth and predictable. But
wavelets tend to be irregular and asymmetric as shown in Figure 13.

2 05
1..‘; - 1 04r
0.3r
0.2r

0AF

] 10 2 0 40 80 80 ) 10 15 20 25 30 35 40

Cosine Waveform Daubechies D20 Wavelet
FIGURE 13.—Comparison of the cosine waveform and D20 wavelet.

Fourier analysis, and therefore the DCT, consists of breaking up a signal (an image is
a two-dimensional signal) into sine waves of various frequencies. Similarly, wavelet analysis
is the decomposition of a signal into shifted and scaled versions of the original, or mother,
wavelet. By viewing Figure 13, one can see that signals with sharp changes might be better
analyzed by the wavelet than the smooth sinusoid. Also local features, those restricted to a
certain location, can better be described with wavelets whose duration is finite.

There is much mathematical theory within the subject of wavelets. Basically, a wavelet
must adhere to three conditions. The first is a lowpass property, the second is orthogonality,
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and the third is a degree of smoothness. All of these conditions can be specified by the
basic wavelet equations. Interestingly, one elegant property of the wavelet-type bases is a
self similarity of the wavelet basis functions, which are all obtained from a single prototype
mother wavelet using scaling and translation.

A significant contribution to wavelet image compression was made by Ingrid Daubechies
[6]. The outcome of this research was the explicit construction of a family of wavelets that
were maximally flat, compactly supported, and orthonormal. These wavelets are easily
extended to finite impulse response (FIR) filter banks: the digital implementation for the
DWT.

Analysis
Filter Bank

Quantizer

Channel

Synthesis
Filter Bank

»>

FIGURE 14.— Wavelet image compression system.

The basic components of the DWT image coding system are shown in Figure 14. These
components consist of an analysis filter bank system used to decompose the image into
wavelet series coefficients. The next stage is the quantizer, which provides the actual com-
pression as with image coding via the DCT. The information is then passed through the
channel and received at the receiver. The final stage in this system, the synthesis filter bank,
converts the wavelet coefficients back to the spatial domain to represent pixels.

A filter bank is an implementation of subband decomposition, where various filters are
used to decompose a signal into various frequency bands. This decomposition often has a
successive approximation property: reconstruction based on an appropriate subsets of the
basis function leads to a good approximation of the signal [7]. This is, of course, a good
characteristic of a signal compression system.

A

Daubechies wavelets also have “perfect reconstruction properties,” meaning X = X.
Perfect reconstruction is a form of subband decomposition where the reconstructed signal is
a perfect replica of the input signal. These systems are also called quadrature mirror filters
(QMF).

A two-channel filter bank/QMF is shown in Figure 15. The resulting frequency spectrum
decomposition is depicted in Figure 16. The decomposition filter bank, the first stage: ho
and go in Figure 15, is called the analysis filter bank. Here h represents the analysis lowpass
filter and g is defined as the analysis highpass filter. The reconstruction filter bank, A3 and
g1 above, is called the synthesis filter bank. These analysis and synthesis systems together
constitute a way of implementing a structured, orthogonal expansion of the signal by means
of a filter bank, this process yields a perfect replica of the input signal.

Subband decomposition can be performed uniformly or by octave. Typical subband
coding involves a uniform splitting of the frequency bands. For example, if an M channe]
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FIGURE 16.—Frequency spectrum of perfect reconstruction filter bank.

filter bank is implemented, the resulting frequency band decomposition for each band is
of width 7/M: all frequency bands are equal in size. The filter bank implementation of
the DWT for image compression uses another technique of octave splitting of the frequency
bands. This technique requires an iterative system of filter banks using a tree structure.
The operation is performed by simply iterating a two-channel filter bank on the output
of the previous lowpass channel. An octave band filter bank system with scale = 3, the
number of iterations, is shown in Figure 17. Here the highpass filter (HPF) and lowpass
filters (LPF) are indicated by HPF and LPF, respectively. The DWT equation for the
low-resolution coefficients, Cj_1 n, is illustrated in (14) as a generic analysis system. The
low-resolution coefficient, Cj_1 5, is derived from the lowpass filter of the higher scale, Cj 5.
The DWT equation for the detail coefficients, d;_1,x, is shown in (15). The detail coefficients
are computed from highpass filtering the lowpass of the higher scale, again Cin-

HPF [(12)—d3
X HPF (12— d;

LPF HPF

LPF

Co

—®—
LPF ((12—C

FIGURE 17.—DWT filter bank.
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Cj—l,n = \/Q-Z hn—2k0j,n (14)
dj-1n = \@Zgn-zkcj,n (15)

The octave splitting of the frequency domain by this DWT filter bank is demonstrated in
Figure 18. This is sometimes called a logarithmic filter bank since the channels are of equal
bandwidth on a logarithmic scale [7]. Each successive highpass output, dy,2,3, contains an
octave of input bandwidth. This lends to the successive approximation property mentioned
earlier in this section. The successive approximation property can be directly related to
the human visual system (HVS) where lowpass information, Ci, is improved as detailed
information is provided by di, d3, and da.

dp dp ds

0 = =
8 4

wla

FIGURE 18.—Ezample of octave splitting of the frequency domain.

Once the wavelet has been determined and the orthonormal filters constructed, image
transformation from the spatial domain to the frequency domain can be accomplished. For
an example of wavelet image compression, we will use the eight tap Daubechies wavelet filter,
D8, whose coefficients are shown in Table 3. For Daubechies wavelets, the filter coefficients for
the highpass filter are constructed directly from the lowpass filter coefficients using equation

(16).

TABLE 3.—Daubechies D8 Filter Coefficients

[D8 ] Coefficient ||

ho | 0.230377813
hy | 0.714846570
he | 0.630880767
hs | -0.027983769
hy | -0.187034811
hs | 0.030841381
he | 0.032883011
hy | -0.010597401

h]_(n) = (—1)nho(—n + 2N — 1) (16)
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A two-scale analysis filter bank used for image compression is shown in Figure 19. For
a two-dimensional signal, the filters are invoked first in the z dimension, the result is then
decimated or subsampled in this dimension. This operation is repeated for the y dimension.
Here the lowpass filter is again indicated by LPF and the highpass by HPF. The resulting
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:
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FIGURE 19.— Wavelet analysis filter bank.

spectral decomposition of the analysis filter bank is typically illustrated by an image pyra-
mid (see Figure 20). This pyramid is the same size as the original image because of the
decimation by two performed after each filter operation. Here the HH region contains the
coefficients whose magnitude represents diagonal components in the original image. The LH
represents the coefficients with strong horizontal components and the HL represent the verti-
cal components. The remaining sections, LL-LH, LL-HL, LL-HH, and LL-LL, constitute the
second scale of this wavelet transform, revisiting the diagonal, horizontal, and vertical com-
ponents on the next scale from the all-lowpass result of the previous scale. The all lowpass
area, LL-LL, is called the postage-stamp image. It is a small lowpass, subsampled version
of the original image. One can imagine the demonstration of the successive approximation
property by imagining decoding the all-lowpass image and having it gradually improve, be-
coming more sharp and clear, as more bands (i.e, LL-HL to -HH) are decoded. Of course,
in this example we show only two scales of decomposition; most image compression schemes
incorporate more than two scales.

After decompression, quantization is performed in the bands. The higher frequency
detailed bands, HH on down, are greatly quantized, but the all lowpass postage-stamp image
is typically finely quantized for less distortion in the reconstructed image. Again, as with the
DCT, without quantization of the coefficients there is no compression. In most cases, many
coefficients of the high-frequency bands are very small in magnitude and can be eliminated
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FIGURE 20.— Wavelet image pyramid.

altogether having little effect on the quality of the reconstructed image. This allows wavelet
image compression to yield very good visual results and high compression ratios without the
blocking artifacts of the DCT image compression caused by the subimage division.

To reconstruct the image, the synthesis filter bank is used. It is very much like the
analysis filter bank in tree structure although the actually filters may be different. Figure 21
shows synthesis filter for the reconstruction of two scales. This filter bank is the converse of
the analysis filter specified in Figure 19. To provide an example with a real image, we used
the well-known Image Barbara (Figure 22).

Image compression with the DWT will most certainly be refined in the future. Current
research focuses on the selection of the appropriate wavelet in addition to the search for
techniques that will lessen the computational complexity. Ultimately, this research will
result in standardized image compression techniques.
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FIGURE 22.— Two-scale decomposition of the Barbara image.
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2.2.5 Fractal Compression

Of the lossy image compression techniques, perhaps none has caused more controversy
than fractal image compression. During the late 80’s the use of fractal techniques for image
compression was inspired by the early work of Mandelbrot [8] and refined with the iterated
function system (IFS) work of Hutchinson [9] and Barnsley and Demko [10]. This was based
on the premise that, since fractal mathematics are good for generating natural looking im-
ages, the inverse problem could be solved (i.e., could an IFS be created that generated a
sufficiently good approximation to the original image). Initially, fractal image compression
was clouded by claims for fantastic compression ratios of 1000:1 or even more. Although
a few special images were in fact compressed at this rate, it was a manual process requir-
ing not only human guidance but tens of hours of computer time. A graduate student of
Barnsley’s, Arnaud Jacquin, produced the first practical implementation of a fractal tech-
nique when he introduced the concept of the partitioned iterated function system (PIFS)
in which an image is successively subdivided until each piece can be properly processed.
Jacquin’s software implementation [11], done as a part of his PhD work, successfully com-
pressed images without human intervention, but only at modest rates in the range of 8:1 to
50:1. However, all current fractal transform implementations are based on Jacquin’s work.
Yuval Fisher’s book Fractal Image Compression [12] and John Kominek’s paper ” Advances
in Fractal Compression for Multimedia Applications” [13] are highly recommended for a
more detailed introduction to fractal techniques.

What is Fractal Image Compression? To understand fractal image compression, one
must understand the properties of an IFS, and the best way to gain this understanding
is through the example of the multiple reduction copy machine (MRCM)[14][12]. Almost
universally used to explain IFS, the MRCM may be thought of as a regular copy machine
that has the capability to produce multiple overlapping copies of the original, with each copy
required to be smaller than the original and each output image routed to the input so that
the copier runs in a feedback loop.

Figure 23 shows an MRCM that produces three reduced and translated copies of the
original image. If this MRCM is iterated many times, the image in Figure 24 appears. This
is the well-known Sierpinski’s triangle, and it is known as the attractor for our MRCM. If
we consider each duplicating element in the copier as a mathematical transform, we may
express the transform as (17), where the coefficients a;, b;, ¢;, and d; provide for rotation
and scaling and e; and f; allow for translation. Transformations of this form are known as
affine transformations of the plane and the IFS is the collection of the w; (18).

SHRERIHE!
W=w w:R - R (18)

As long as the transform w; is contractive (i.e., given a metric d and two points in our
image p1, p2), we have
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d(W(pl)’ W(p2)) < s* d(plap2)a ‘ (19)

where s j 1), the Contractive Fixed Point Theorem allows us to say:

If X is a complete metric space and W : X— > X is contractive, then W has a unique fixed
point |W|. This final fixed point is known as the ”attractor” for the set of transformations
and is expressed mathematically (20).

W| = lim WO=(X). (20)

The WO=(X) notation means W(W(W(...W(X))...) done n times. Note that the final
image of an IFS is independent of the starting picture. In other words, the transformations
totally determine the final image.

Practical Fractal Image Compression The goal.in fractal image compression is to
take an image I and find a set of affine transformations that when run as an IFS have I as
the attractor. Since the attractor is defined completely by the set of transformations, the
image could be replaced by the transformations. Unfortunately, in practice, images are not
self-similar and it is impossible to determine such an IFS for natural images. So using the
techniques of Jacquin, the image is subdivided into small nonoverlapping partitions called
ranges. Then another set of larger (generally twice the size of a range block), potentially
overlapping, partitions called domains are created. The problem of fractal image compression
is to find the “best” domain to map into a particular range partition using a simplified set
of transformations.
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FIGURE 24.—Sierpinski’s triangle.

The Metric To determine this “best fit,” some measure of distortion between images is
needed. The metric most commonly used is simply the rms error between the transformed
domain and the range partition where f(z,y) is the transformed domain value at the partic-
ular pixel (%, y), g(z,y) is the range value at the same (x,y), and the summation to n counts
all the pixels in the range block (21).

=0 y=0

Erns = ;f-J > 3 (f(@.) ~ o(e ) (2)

Image Partitioning The partitioning of the original image is one of the key decision
points in designing a fractal image compression implementation since the selection of the
range blocks will to, a large degree, determine the fidelity of the restored image with the
smaller range partitions giving the best results. However there is a tradeoff in that the
more range blocks the more comparisons that must be done between range blocks and do-
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main blocks to determine the optimum match. Although we will only discuss fixed-size
range blocks here, the reader should be aware that much work is being done on hierarchical
partitioning schemes such as the quadtree partitioning shown in Figure 25.

For other partitioning techniques, the reader should look to [13][12].

FIGURE 25.—Quadtree partitioning of an image.

Domain Determination The selection of the domains for the pool of domains that will
be mapped into the ranges is fairly straightforward. If a fixed-range size is used, then the
domain blocks are generally twice the size of the range blocks, and the collection is all the
subdivisions of the image with overlapping allowed that are that size. Figure 4 shows some
of the mappings that may occur.

If the ranges are determined by a scheme that generates a variety of different size range
blocks, such as a quadtree scheme, then a technique must be used that generates a corre-
sponding variety of larger domain block sizes. Whatever method is used, the more domain
blocks in the domain pool, the better the mapping will be. Conversely, the more domain
blocks there are to compare to the various range blocks, the longer the encoding will take.
Mouch of the current work in fractal compression is focused on how the domain search space
may be pruned to speed the search for “best match” between the domain and range blocks.

The Transforms Since we will be working with gray scale images (which may be easily
extended to a color image), a slightly more complex affine transformation is necessary to
handle the gray value (22).
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where z is the gray level at pixel (x,y), and s; is the contrast control and o; is the brightness
control.

Although theoretically any contractive affine transformation could be used in the mapping
of domains to ranges, time and computational constraints demand that a smaller set of
transforms be used to perform the mapping applied to domain blocks. Generally these
transforms may be grouped into three categories: geometric, massic, and isometry [15] [16].

Geometric

The fact that the domains are chosen to be physically larger than the ranges implies that
mapping from a domain block to a range block will be contractive. A geometric transfor-
mation may consist of subsampling the domain block so as to match the size of the range
block, or more often, averaging the pixels of the domain block.

Massic

Massic transformations adjust the pixel value at each point. The two massic parameters
are the contrast and brightness. To compute these it is necessary to minimize the quantity
R by finding appropriate s and o. So given a; pixel values from the transformed domain D;
and b; from the range R;, find s and o so that (23) is a minimum.

R = Z(S*AH'O-* B,) (23)
=1
Isometries

Isometries are transformations that do not distort the object being transformed. For a
four-cell box, the isometries are shown in Figure 27. These transformations are
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FIGURE 27.—Isometry transformations of domain blocks.

Storing the Compressed Image  Once the transform parameters have been determined,
the information must be stored. The information to be stored includes the size and location
of the range blocks, the size and location of the domain blocks, and the transformation
information. The fractal encoder used in this study was created by Fisher and uses the
following typical values. s;, the contrast, is quantized to 5 bits, and o;, the brightness, is
stored in 7 bits. For the quadtree partitioning used in this implementation, we use 1 bit to
denote whether this block is subdivided or not. The range information is then stored as a
side effect of storing the transformations. Domain information must include both size and
position; however, for a given domain pool for a particular range partitioning, it is possible
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to index the domains and just store the index for the domain being mapped to this range
block. Finally, to store the massic transformation information consisting of rotation and flip,
3 bits are used. Note that if the s; is zero no domain or massic transformation information
need be stored at all. All of this results in an average total of 31-34 bits per w;. Contrast and
brightness have a nonuniform distribution, so entropy coding is beneficial and the quantized
values for s; and o; should be used when computing the error during encoding to obtain
maximum fidelity. Finally, a brief header is included giving such information a final image
size, maximum number of quadtree recursions, etc.

Decoding Decoding is simply a matter of reading in the stored information and running
the IFS through a number of iterations. Generally, 7 or 8 iterations serve to bring the image
to convergence. Although the choice of starting image will not affect the final image, it
does have an effect on the speed of convergence. Typically, a uniform gray initial image
will converge slightly faster than some arbitrary image and a low-resolution version of the
compressed image will converge even faster [13]. Sometimes it is desirable to run a smoothing
function over the image to reduce edge effects occurring at range block boundaries [12].

" Conclusions - Fractal image compression has gotten off to a slow start. The exagger-
ated claims for fantastic compression ratios followed by patents on the enabling technology
have suppressed the amount of research devoted to the development of fractal compression
techniques. Recent surges in ongoing research, nearly 300 publications in 1996 [17], provide
assurance that fractal image compression will have a place among modern image compression
techniques.
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3. Performance of Image Compression Techniques

In this chapter we will compare the various image compression techniques outlined in
Chapter 2. For this comparison, we will use the three images shown in Figure 28.

America Lena

Bradley Infantry Fighting Vehicle
(BIFV)

FIGURE 28.—Original tmages.

The America image is a grayscale image of the USS America, a Kitty Hawk Class Aircraft
Carrier CV-66, that was decommissioned this year. The Lena image is an image that has been
used as a standard image compression test image for the image compression industry. The
last image is one of the Bradley Infantry Fighting Vehicle (BIFV) as seen in the field. These
images were selected as test images because they exhibit various image characteristics. The
America and BIFV images are typical images one might find in military applications. The
BIFV images contains a considerable amount of high-frequency content, and the America
image contains many low-frequency areas. The Lena image is used as a standard test image
due the the variety of composition, namely the smooth areas of the background and shoulder
and the high-frequency areas of the feathers on her hat.
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All of these images are of size 256 X 256 pixels. Each of these images are grayscale,
indicating that each pixel value is represented by a number from 0-255, 0 representing black
and 255 representing white. Grayscale corresponds to 256 or 28 gray levels. Therefore,
8 bits are necessary to represent these 256 levels (log, 256 = 8). Subsequently, each image
contains 2562 pixels of 8 bits each or 25628 = 524, 288 bits, approximately one-half megabit.
Considering that these are rather small images and that they require .5 Mb of storage for a
single picture, one can imagine how essential compression is for low bandwidth radio links
not to mention the processing of video sequences that contain 30 single image frames per 1
second of viewing.

We will begin by using each compression technique to compress the image to 2 bits
per pixel (bpp), 1 bpp and .5 bpp, corresponding to compression ratios of 4:1, 8:1, 16:1,
respectively. The performance of the various schemes will be demonstrated at these bit
rates by compressing the image to the desired compression ratio and then reconstructing the
compressed image. This is analogous to transmitting the compressed image over a noiseless
channel. We will then expose each compressed image to channel noise of varying amounts
in a systematic manner. Channel noise was described in section 1.3. This will allow the
reader to determine the amount of resiliency each technique has to image transmission in
a noisy environment. Accompanying the qualitative comparison of the images, quantitative
error measurements will also used to assess algorithm performance. These fidelity criteria
for comparison are the MSE and PSNR, as indicated in (24) and (25), respectively. Here the
variable z; represents a pixel from the original image and ; represents the same pixel from
the reconstructed image. The ideal situation is to have an MSE of 0 and a PSNR of infinity.

N
MSE = — Y (z:— %) (24)
N i=1
2557
PSNR = 1010g10m (25)

3.1 Implementation Details

In order to provide a sampling of the state-of-the-art image compression methods, we
have selected DPCM, JPEG, Wavelets, and Fractals, described in Sections 2.2.2-2.2.5, as
the image compression techniques of choice.

3.1.1 DPCM

The DPCM program used for these simulations was written by the authors using MAT-
LAB, a fourth generation mathematical simulations tool. The optimal linear prediction filter
was determined for each of the three test images utilizing the procedure found in [5]. For
the quantizer, optimal quantizers designed for a Laplacian source were used. This program
performs only the DPCM compression. No subsequent entropy code was used. The reader
is reminded that DPCM is a pixel-based method and images cannot be compressed lower
than 1 bpp using DPCM.
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3.1.2 DCT - JPEG6

To represent a DCT algorithm, version 6 of the Independent JPEG Group software was
selected. The compression and decompression programs are cjpeg and jpeg, respectively. The
code used in these examples was obtained from the “official” archive site for this software,
which is ftp.uu.net (Internet address 192.48.96.9). The most recent released version can
always be found there in directory graphics/jpeg. This particular version is archived as
graphics/jpeg/jpegsrc.v6.tar.gz. More complete descriptions of the JPEG algorithm and the
various options available to the user may be found in documentation found in the distribution
and in Wallace [18], Nelson [19], and Pennebaker and Mitchel [20].

As mentioned in section 2.2.3, the JPEG algorithm consists of dividing the image into
8 x 8 blocks, transforming each of these subimages utilizing the DCT, storing the trans-
form coefficients in “z-order” and quantizing the coefficients. The DPCM technique is used
to encode the the DC coefficient of all the blocks. A different quantizer is used for the
quantization of the high-frequency coefficients. The data is then encoded utilizing Huffman
encoding, also described in chapter 2.

Using this JPEG program, it is not possible to specify an exact output file size but
instead the user is furnished a “quality factor” that allows tradeoffs between compressed
image size and image quality. The “quality” argument varies from 0 to 100 with the best
image quality being obtained at high values (75 is an often chosen default). Of the many
command line arguments available, the only one specified was the quality factor for our
simulations. Default values were used for all other program options. The values used for the
quality factor and the resulting file sizes are shown in Table 4.

TABLE 4.—JPEG6 Quality Factor and Bit Rates

[ TImage [ Desired Rate | Quality Factor | Resultant Rate ||
America 2.0 89 1.99
America 1.0 60 0.86
America 0.5 22 0.42
Lena 2.0 86 1.99
Lena 1.0 56 1.00
Lena 0.5 18 0.51
BIFV 2.0 54 2.00
BIFV 1.0 20 1.00
BIFV 0.5 8 0.51

3.1.3 Wavelets - Set Partitioning in Hierarchical Trees (SPIHT)
Wavelet image compression is represented by the SPIHT algorithm of Amir Said and

William Pearlman [21]. This algorithm combines wavelet techniques with the Zerotree encod-
ing of Shapiro [22] to achieve “state-of-the-art” image compression. Additional information

31




may be obtained from the SPIHT home page on the World Wide Web at http://ipl.rpi.edu
pointer SPIHT. The code used in these demonstrations, “EW_code”, was obtained from
ftp://ipl.rpi.edu/pub/EW_Code. The compressor, codetree, and the decompressor, decdtree,
both offer interactive and batch user interfaces. For this work, the batch interfaces were used.
Encoding was done using arguments naming the input and output files, x and y sizes, and a
target bit error rate. Zerotree encoding techniques allow compression to specified bit rates.
This program utilizes the DWT as described in Chapter 2. The coefficients of the DWT are
then quantized and encoded via the SPIHT algorithm. This data is then further compressed
by an arithmetic encoder, which compresses the information losslessly.

3.1.4 Fractals

To represent fractal image compression, an implementation by Yuval Fisher, ENC/DEC,
was chosen. This program is described in detail in Fisher’s book [12], and the code used was
obtained from his home page at http://inls.ucsd.edu/y/Fractals. These programs, ENC for
encoding and DEC for decoding, implement a straightforward fractal compression scheme
using quadtree partitioning. Of the large number of command line arguments available to
the user of this code, only the tolerance, or “-t,” flag was used. The tolerance is typically
selected in the range of 2-15, with lower values resulting in larger better looking images.
‘Since this tolerance flag does not allow the user to exactly specify the size of the compressed
file, it was necessary to experimentally determine tolerances so that the desired bit per pixel
rates could be approximated. Table 5 displays the actual tolerance and corresponding bit
rate used for the simulations.

TABLE 5.—Fractal Tolerance and Bit Rates

[ Image [ Desired Rate | Tolerance | Resultant Rate ||

America 2.0 0 1.58
America 1.0 4 0.92
America 0.5 10 0.52
Lena 2.0 1 1.58
Lena 1.0 6 1.03
Lena 0.5 17 0.51
BIFV 2.0 0 1.54
BIFV 1.0 24 1.00
BIFV 0.5 46 0.51

3.2 The Noiseless Channel

In this section we will assume the following system shown in Figure 29. The compressed
image incurs no errors as if the image were stored on a disk or passed over a noiseless channel.
The reader will find all reconstructed images compiled in Appendix A for easy reference.
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Original Image _.|  Compress Decompress |, Reconstructed Image

FIGURE 29.—Noiseless channel test scenario.

Figures A-1-A-3 display the performance of the DPCM algorithm, JPEG, SPIHT, and
fractals at 2 bpp or 4:1 compression ratio. As one can see, the difference between the
respective compression methods at such a high rate of 2 bpp is miniscule.

Figures A-4-A-6 depict the performance of the compression techniques at a rate of 1 bpp
or a compression ratio of 8:1. Performance differences between the algorithms are becoming
more apparent at this rate.

Figures A-7-A-9 demonstrate compression performance at .5 bpp, a rate of 16:1. DPCM
is unable to compress the image to the level because it is pixel based; therefore a reconstructed
image does not exist for DPCM at rates that are a fraction of a pixel. The reader is
able to discern the differences between the techniques as the bit rate is lowered and higher
compression is obtained. JPEG6 begins to show some blocking artifacts at this rate: this
phenomenon is particularly noticeable in the America image. The fractal method produces
images that appear to be smoothed or smeared; this is evident in all fractal test images. By
far the best performer is the SPTHT implementation of wavelet compression. Even at a low
bit rate of .5 bpp the SPIHT algorithm produces results that are very acceptable.

Tables 6 and 7 contains the data for the quantitative portion of the comparison. A lower
MSE indicates that the reconstructed image is most like the original. The PSNR is inversely
proportional to the MSE; therefore, a high PSNR indicates that the reconstructed image is
most like the original image.

TABLE 6.—MSE Results for Noiseless Channel

T Tmage | Bit Rate | DPCM [ JPEG [ SPIHT [ Fractals |

America 2.0 38.3 8.55 3.65 49.70
1.0 145.7| 26.38 11.64 52.90
0.5 — | 50.16 24.52 66.05
Lena 2.0 79.6 | 12.31 4.05 68.85
1.0| 285.6 | 37.27 14.57 73.83
0.5 — | 83.21 41.12 | 134.66
BIFV 2.0 | 244.5|169.21 47.32 | 729.24
1.0| 890.5 | 533.84 | 267.31 | 773.96
0.5 — | 836.57 | 595.84 | 1164.36
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TABLE 7.—PSNR Results for Noiseless Channel

[ Tmage [ Bit Rate | DPCM [ JPEG [ SPIHT [ Fractals |

America 2.0 32.3 | 38.81 42.51 31.17
1.0 26.5 | 33.92 37.47 30.90
0.5 — | 31.13 34.24 29.93
Lena 2.0 29.1 | 37.23 42.06 29.75
1.0 23.6 | 32.42 36.50 29.45
0.5 — | 28.93 31.99 26.84
BIFV 2.0 24.2 | 25.85 31.38 19.50
1.0 18.6 | 20.86 23.86 19.24
0.5 — | 18.91 20.38 17.47
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3.3 The Noisy Channel

The overall test scenario for the noisy channel is shown in Figure 30. The original image
is compressed and then transmitted over a noisy channel where errors are incurred. The
corrupted, compressed image is received and then decompressed to result in the reconstructed
image.

Channel Noise

Original Image —,]  Compress L Decompress |, Reconstructed Image

FIGURE 30.—Noisy channel test scenario.

The simple channel model that will be used is known as the Binary Symmetric Channel
(BSC), which is shown in Figure 31. Here, each bit is independently exposed to a channel
error; the bit is changed from 0 to 1 or 1 to 0 based on the probability of error €. The
probability that the bit will remain unchanged, 0 to 0 or 1 to 1, takes on the value of 1 -
e. In order to put this probability of error, also known as the bit error rate (BER), into
perspective we inform the reader that a fiber optic cable, which is nearly error free, has a
BER of approximately 10~2. Radio communications are typically in the range of 107° to
10~! BER, depending on the quality of channel. Consequently, as the BER increases the
channel becomes more noisy and therefore the data is more prone to error.

INPUT 1-¢ OUTPUT
0 0
3
£
1
1 1-¢

FIGURE 31.—Binary symmetric Channel.

We have included the pseudo code used to implement this binary symmetric channel in’
order to clarify the process of adding noise to the compressed image.

/*Generate random matrix with a uniform distribution and initialize noise matrix*/
randmat = rand(row,col);
noise = zeros(row,col);

/¥*Where random number less that epsilon — error — set noise matrix to 1*/
rr,rc = find(randmat < epsilon);

numerrors = size(rc);

for i=1:numerrors
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noise(rr(i),rc(i)) = 1;
end

/*Exclusive Or operation for input and noise to “flip bits” when errors occur*/
newoutput = xor(input,noise);

The BSC is a very simple way of introducing bit error into a transmission stream. It does
not contain all of the characteristics of the wireless battlefield environment, such as fading,
burst errors, multipath and cochannel noise, where bit error probabilities may relate to one
another. However, it is an accepted method that adds noise to a bit stream to determine an
algorithms resiliency.

Noisy environments are the primary concentration of this report. Therefore, we will
consider error rates of 1075 up to 10~! on boundaries of powers of 10. All images and
techniques will be evaluated at these noise levels. A single bit rate of 1 bpp has been
chosen for this evaluation, allowing all techniques, particularly DPCM, to be included in the
assessment. In some cases, as the noise level was increased the decoders could not decode the
corrupted, compressed image. This situation, where a reconstructed image does not exist
nor are there quantitative values of error, will be duly noted. Appendix B will be used to
demonstrate the performance of each technique through the reconstructed images. However,
the quantitative results will be shown in graph form for ease of comparison.

Figures B-1-B-3 display each algorithm’s resiliency to noise when the BER is 10~3. Even
at this low rate of error, some images are showing signs of corruption. The DPCM image
has hardly changed from the noiseless DPCM 1 bpp version. The JPEG algorithm shows
corruption on the last row of blocks within the Lena image. Corrupted blocks are also
noted within the JPEG BIFV image. In all three test images, the Wavelet algorithm shows
degradation: this is grossly exhibited by the fuzzy look of the Lena image. The fractal
method shows some degradation also in the Lena image, where small segments of the image
are corrupted.

The BER is increased to 10~* for Figures B-4-B-6. At this noise level, the DPCM image
has again been slightly altered. The JPEG images show block corruption more frequently,
with the Lena image totally corrupted after half of the image has been received. This

‘type of corruption can be primarily attributed to the Huffman entropy encoding. Because
an entropy code is uniquely decodable and codewords have variable length, when an error
occurs, it could cause incorrect decoding. In this case, the decoder loses synchronization of
the code and all codewords after this point could be decoded incorrectly until the decoder is
resynchronized. The SPIHT algorithm shows further degradation as the noise is increased.
The same is true for the fractal algorithm.

The BER is again incremented to 10~2 in Figures B-7-B-9. The DPCM algorithm is still
providing recognizable images with a few noticeable errors. The JPEG method eventually
loses synchronization on the America and Lena images, and the JPEG BIFV is totally cor-
rupted. The wavelet algorithm provides some nice abstract art at this error level, providing
totally useless images. Finally, the fractal images are also entirely corrupted.
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Figures B-10-B-12 demonstrate algorithm performance at 1072 BER. The DPCM images

are still quite good. The JPEG decoder has ceased to function entirely; a reconstructed image
does not exist. The SPIHT wavelet algorithm provides more abstract art of higher frequency.

And the fractal method again results in unrecognizable images.
The highest error rate of our simulations, 107!, where 10% of all received bits are in
error, is displayed in Figures B-13-B-15. In this noisy environment, the only operational

algorithm is the DPCM algorithm. The JPEG, SPIHT, and fractal methods have all ceased

to function.
for each test image over the range of BER. From these graphs, one can see that the MSE
approaches infinity for BER greater than 10™* - 1073 for the JPEG, SPIHT, and fractal

For the quantitative results, graphs have been constructed. Figure 32 displays the MSE
algorithms. However, the DPCM algorithm retains reasonable performance up to very high
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FIGURE 32.—MSE performance.

Figure 33 depicts the PSNR results. A PSNR value above 35 dB typically depicts a

reconstructed image that is very much like the original; therefore, these results are easier
to generalize than the MSE. At low error rates, the SPIHT /wavelet algorithm performs at

this level for the America and Lena images. This algorithm also surpasses the others in
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performance at low BER. Consequently, when the BER is increased, the DPCM method
provides continuous performance where the PSNR of the other algorithms quickly fall to
Zero.

N . -; -8 -5 -4
3 2 i log10(BER)

&S
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10g10(BER)

America Lena

-7 -8

L2

3 =
log10(BER)

BIFV
FIGURE 33.—PSNR performance.
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4. Methods of Coping in a Noisy Environment

The previous chapter demonstrated the resiliency to noise, or lack thereof, of the current
state-of-the-art image compression techniques. From these simulations, it can be deduced
that to achieve productive image transmission in a noisy environment, certain concessions
must be made.

A few of the subject compression techniques utilize an entropy code to obtain extra com-
pression. As mentioned in chapter 3, an entropy code is uniquely decodable and codewords
have variable length. Errors incurred on entropy encoded data may cause the decoder to
lose synchronization. By eliminating the entropy code altogether or adding resynchronization
flags to the entropy code, it is possible to obtain better performance in a noisy environment.
The resynchronization technique will be demonstrated in the next section.

One of the most obvious ways to protect image data from the effects of noise is to
add a forward error correction (FEC) code. FEC is a channel coding technique that adds
structure redundancy to the encoded data so that it may be reconstructed if damaged by
transmission noise. This topic was introduced in subsection 1.4, where the tradeoff between
source and channel coding was described. FEC is used for one direction transmission, from
transmitter to receiver, and automatically corrects errors detected at the receiver [23]. FEC
is generally used in those situations where retransmission schemes are difficult or impossible
to implement, such as compact discs and noisy wireless channels.

By utilizing compression, we attempt to compact the data in order to adhere to some
bandwidth constraint. To add an FEC, the data must be further compressed to allow for
the additional bandwidth of the FEC and still meet the total bandwidth constraint. FECs
are capable of correcting a fixed number of channel errors. For the very noisy channel, e.g.
BER of 102 and above, most FECs cannot correct this many errors and their presence can
actually cause more harm to the data it is trying to protect. However “low-rate” FECs, like
the 255,4 Reed Solomon Code can correct a large amount of errors. This code produces 255
output bits for every 4 input bits. These very low-rate codes are capable of correcting errors
at a BER well above 10~! but utilize a significant amount of bandwidth in return [24]. An
example of the result obtainable from the use of an FEC will be shown within this chapter.

Another method that allows for compression without the need for channel coding is called
Robust Source Coding [25]. This method uses a nonlinear prediction filter with pixel based
compression methods similar to DPCM. Joint source channel coding processes are also a
viable alternative [26], [27], [28]. Soft decision decoding [29], power control schemes [30],
and many other techniques are also used for transmission in noisy environments. However,
there is no single, widely accepted method to provide reliable image transmission in noisy
environments.

4.1 Modifications to Current Techniques

In this section, we will provide two examples of possible modification to the subject
image compression techniques that will allow for better performance over noisy channels.
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The reconstructed images provided are compressed at rate 1 bpp and exposed to channel
noise of 10~2 BER.

4.1.1 JPEG®6 Modifications

JPEG version 6 [18] offers the restart option to resynchronize the entropy code as an effort
to improve performance over noisy channels. This option is invoked by the command line
argument, “-restart n”, and causes a restart marker to be inserted every n MCU (minimum
coded unit) rows or MCU blocks. An MCU is an interleaved set of blocks of size determined
by the sampling factors, or a single block in a noninterleaved scan. A block is an 8 X 8 group
of frequency coefficients. These restart markers allow the entropy coding scheme to regain
synchronization after noise is encountered, provided that the restart markers themselves
are not corrupted by error. Of course the penalty paid for this more robust coding is the
increased file size.

As an aside: the MCU is a set of interleaved blocks in the case of a multicomponent
image and a single block otherwise. The MCU concept is used to simplify the process of
decompression particularly when display and decompression are occurring simultaneously.

Table 8 shows resulting file sizes for a variety of restart configurations. Keep in mind
that the larger file size will occupy additional bandwidth on the channel.

TABLE 8.—JPEG6 File Size With Restart Markers
[ Restart Interval | File Size (bytes) |

NONE 8206
2 TOws 8246
1 row 8274
10 blocks 8471
5 blocks 8723
2 blocks 9499
1 block 10821

Although the restart markers will help the entropy coding scheme avoid catastrophic fail-
ure, they are not always successful in ensuring successful decompression. Figure 34 shows the
effect adding these restart markers has on image reconstruction. As the figure demonstrates,
“more robust coding” is not always more robust.

One should note that JPEG6 performance without restart markers can be viewed in Fig-
ures B-7-B-9, in Appendix B, under the same channel conditions. By placing the restart
markers within n rows, the performance of the algorithm has markedly improved. By increas-
ing the number of markers within a row to every n MCU blocks, the performance continues
to improve and the file size increases along with the need for bandwidth.

The JPEG version 6 also supports a “-progressive” flag, which could be useful in a noisy
environment. For instance, if the initial portion of the file is received without error, a low
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Every 5 Rows

Every 10 Blocks Every 5 Blocks

FIGURE 34.—Reconstructed images with JPEG6 restart markers.
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resolution image could be displayed. Unfortunately, in the trials attempted by the authors,
every file was catastrophically damaged by the addition of noise and failed to decompress.

4.1.2 SPIHT Modifications

The wavelet coding techniques implemented in the SPIHT algorithm allow for demon-
stration of another technique for noisy channel compression. In this algorithm, the DC levels
are coded at the beginning of the compressed file, so that if we protect the beginning of the
file using some type of FEC, a usable image may be recovered even in a very noisy environ-
ment. Figure 35 shows the effects of protecting the first IV bytes of the SPIHT encoded file.
In this case, the effects of protecting the initial bytes were simulated by not inserting noise
into this portion of the compressed image file as if an FEC code had detected and corrected
all errors encountered within the first NV bytes.

First 256 Bytes Protected

First 128 Bytes Protected

First 512 Bytes Protected First 1024 Bytes Protected

FIGURE 35.—Reconstructed SPIHT images, first N bytes protected.

We cite a few examples of FEC codes that could be used to protect the data resulting

42




in an effective BER of approximately 1075, the BER at which all test algorithms performed
well. One can note that protecting the first 1024 bytes provides the best quality image
under these channel conditions of those in Figure 35. Table 9 shows the types of codes and
their respective overhead for protecting a block size of 1024 bytes containing the compressed
image data. It should be emphasized that the addition of an FEC is not free but costs not
only in bandwidth but also in computation. For reference, the original file is 8192 bytes in
length.

TABLE 9.—FEstimated Coding Overhead for Modified SPIHT Algorithm

l Code [ Overhead (bytes) | Final File Size (bytes) |
NONE 0 8192
Reed Solomon(127,115) 108 8300
Reed Solomon(255,235) 88 8280
Reed Solomon(511,481) 66 8258
Reed Solomon(1023,973) 57 8249
BCH(2047,1992;10) 35 8227

The zerotree type of hierarchical coding works well with most wavelet algorithms which
partition the data into data sets, each with a different contribution to the reconstructed
image. These algorithms also automatically lend themselves to progressive transmission
because of the partitioned data sets. Utilizing this method, a low-resolution image could be
first received and then the image could be improved in resolution and detail as more data
sets were received and decoded.



5. Conclusions

5.1 Summary

Through this report, we hope to have familiarized the reader with the current state-
of-the-art image compression techniques and the issues associated with the transmission of
imagery in the battlefield. To accomplish this, an overview of these issues was provided,
the technical details of several types of compression techniques were discussed, and the
performance of the current image compression algorithms, namely DPCM, JPEG6, SPIHT,
and fractals, was demonstrated. The performance was divided into two primary categories,
the noiseless channel and the noisy channel. For the noisy environment, intended to simulate
the battlefield, the compressed images were subjected to several noise levels in order to fully
demonstrate the effects of this type of channel. It was shown that for very noisy channels only
the DPCM algorithm provided a reconstructed image and that the JPEG6 program was the
first of the transform techniques to cease functioning. Modifications to the techniques were
also presented and yielded a slight improvement in the quality of the reconstructed image.
All of these efforts bring us to the conclusion that more effective, resilient image compression
and transmission schemes should be developed in order to provide the capability of reliable
image transmission on the wireless digital battlefield.

5.2 Future Work

Military imagery tends to fall into two general categories: the first being low-resolution
images for threat identification or general monitoring of an area; and the second being high-
resolution imagery for battle damage assessment, telemedical applications, etc. Therefore,
a general solution to natural image compression for battlefield applications should be able
to fulfill both needs. In addition, the compressed image should be robust in the noisy
environment of combat net radio. From this survey, the authors deduce that the wavelet
image compression technique provides the best possible compression results.

As an example, Figure 36 shows the reconstructed image of Lena produced using the
SPIHT algorithm, with the compression ratio noted below each image. Even at relatively
high compression ratios, such as 64:1, the wavelet method performs very well. Since such a
large amount of compression can be obtained with good performance, an FEC could be added
to provide protection for a certain amount of noise. However, this is not a complete solution.
It may not be possible to obtain enough compression in order to provide the bandwidth
necessary for the FEC and still produce a recognizable image. Additionally, at some noise
level (i.e, burst of errors), the FEC cannot correct all of the errors and can actually cause
more distortion to the reconstructed image than by just transmitting the image without it.
This occurs because now the image and the FEC together contain more bits; therefore, there
are more bits which can be in error. A more effective scheme must be devised to deal with
the transmission of imagery in this unstable wireless environment. '



Compression Ratio 32:1, .25 bpp Compression Ratio 64:1, .125 bpp

Compression Ratio 128:1: .0625 Compression Ratio 256:1, .03125
bpp bpp

FIGURE 36.—High compression of the Lena image.
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FIGURE A-3.—BIFV image, 2 bpp, noiseless channel
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FIGURE A-4.—America image, 1 bpp, noiseless channel
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FIGURE B-1.—America image, 1 bpp, BER 10~°
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FIGURE B-2.—Lena image, 1 bpp, BER 107°
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FIGURE B-3.—BIFV image, 1 bpp, BER 107°
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FIGURE B-5.—Lena image, 1 bpp, BER 1074
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FIGURE B-6.—BIFV image, 1 bpp, BER 10™*
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FIGURE B-10.—America image, 1 bpp, BER 10~2
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FIGURE B-11.—Lena image, 1 bpp, BER 1072
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