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Block truncation compression of sonar images

Garry J. Heard
Defence Research Establishment Pacific, FMO Esquimalt, B.C. Canada, VOS 1B0
604/363-2905, far 604/365-2856, heard:Qorca.drep.dnd.ca

(December 12, 1994)

Abstract

This paper describes the Block Truncation Compression algorithm and ap-
plies it to the problem of storing sonar lofargram and frequency-azimuth
(FRAZ) images. Four simulation test cases are presented that demonstrate
the algorithm’s capabilities, and two real data examples are shown that illus-
trate the use of the method with actual lofargram and FRAZ images. Only
qualitative comparisons of the original and restored images are given, as the
technique greatly changes the picture details, but maintains the original im-
age’s appearance. This compression algorithm has desirable features such
as data independence, minimal computation, and fixed compress/decompress
processing times that suit it ideally to real-time applications. Compression
ratios of 4:1 are achieved with the basic implementation of the algorithm.
KEYWORDS: Compression, Coding, Sonar, Lofargram, Displays, Image

Processing, BTC
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INTRODUCTION

In this article, block truncation compression (BTC) is discussed and applied to the
storage of time-frequency spectral images commonly called lofargrams by the underwater
acoustics community. Lofargrams appear in many research related fields including under-
water acoustics, sonar, seismology, and signal processing. In addition to lofargrams, BTC
is also applied to the closely-related intensity-vs-frequency and bearing display commonly
called a FRAZ (frequency-azimuth).

Many sonar systems make use of lofargrams as the primary display of output information.
Lofargrams come in all sizes, but a typical display encountered in a research application
might consist of 1024 by 512 pixels each requiring 1 byte of storage (i.c.. 256 colours or
grey levels). This 512 kByte image usually represents just one directional beam of the sonar
system, and often may not represent the entire time-history or frequency bandwidth that the
sonar is capable of. To store a sonar’s entire output can require a vast amount of storage. As
an example. consider the Canadian Ocean Acoustic Measurement System (COAMS)!. This
2-km-long towed array sonar system continuously forms 64 beam-lofargrams, each in several
frequency resolutions, and keeps 6 hours of lofargram information on-line. The total disk
storage required for this system’s lofargram images is almost 4 Ghytes. Currently the images
are stored in an uncompressed format, but if the BTC scheme described in this paper were
to be adopted, then that same amount of disk storage would be sufficient for 24 hours of
information. Alternatively, BTC would allow 1 Gbyte to store the 6 hours of data currently
on-line and would allow for such benefits as multiple redundancy or reduced size and power
consumption. The need for effective data compression schemes is also apparent when one
considers the archival storage of lofargrams and the transmission of lofargram data from
place to place in one machine, or from machine to machine.

In today’s technological world, memory and disk sizes are continuously increasing, while
the costs of these devices are continuously decreasing. Despite this trend to ever larger and

cheaper mass storage systems, applications and data storage requirements are pressing the



limits of current technology. In the future, a means of storing and moving large amounts
of data on devices with limited storage and bandwidth capabilities will become ever more
desirable for an increasing number of applications. Compression technology is one answer to
these needs. Today, compression technology can be found in many everyday appliances such
as the video game, phone, computer, fax, and television. Despite these common applications.
compression is seldom used in the day-to-day research workplace. This is probably due to a
lack of familiarity with compression methods by researchers in other fields.

In the next section the BTC method and some of its features relevant to the current
application are described, then in the following section the BTC algorithim is applied to a
number of simulated and real data sets, and ﬁnallly, in the last section the results of the

investigation into the use of BTC with sonar images are briefly summarized.

BLOCK TRUNCATION COMPRESSION

In this section, the block truncation compression algorithm??® is explained. It is assumed
that the technique is to be applied to an image c;)nsisting of &-bit numbers representing
the colours (or grey-levels) in the original image. The BTC algorithm divides the original
image into super-pizels or blocks. In most implemeliltations, each block consists of 16 pixels
arranged in a 4x4 array. Each pixel in a block is inspected and if the value of the pixel
is greater than or equal to the mean of pixel va]ﬁes in the block, then a 1 is written to
the corresponding bit of a 1-bit quantization representation (i.e., 16 bits representing the
original 16 bytes) of the block. If the value of the Zpixel is less than the mean, then a 0 is
written into the corresponding bit of the 1-bit quantization. The original pixels are replaced
by only 2 values (0 and 1) that in turn represent two colour values, a and b. The original 16
bytes of the 4x4 block are reduced to 4 bytes. Two bytes are used for the 1-bit quantization
map of the original block, and one byte is used for ieach of a and b.

The values, a and b, are chosen to maintain the original image’s first and second moments

in each block. The original image’s first moment, or mean, is defined as
b ‘ )
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where p; is the value of the " pixel in a block, and n is the number of pixels in each block.

The original image’s second moment, or variance, is defined as _

n—1
My = — ZP? (2)
n 1=0 . .

The mean of the compressed image is given by

| —

mie = —=|(n —q)a+ gb}. (3)
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where g is the number of pixels in the block with values greater than or equal to the mean.

The variance of the compressed image is given by
1 2 2
e == |(n — + qb*| . 4
Mo = [(n — ) a® + gt | (4)

By equating Equation 1 with Equation 3, and Equation 2 with Equation 4, and solving for

a and b we obtain

.a=7nl—\/;1—z~(;(mz—m?)f (5)

and

b=m; + \/n ; q(mz — m2). (6)

Two special cases must be considered. First, when all pixels in the block are the same, -
set @ = b = my. This prevents a divide-by-zero error when calculating a and b. Second, it
is possible to arrive at values of a and b that cannot be represented by an unsigned 8-bit
integer. When this situation occurs, simply set the value to 0 or 255, whichever is the closest.

In order to decompress an image it is simply necessary to read the 1-bit quantization
map and the a and b values for each block in the original picture; wherever a 0 appears in
the I-bit quantization write the value a in the corresponding element of the 4x4 block and

wherever a 1 appears in the 1-bit quantization, write the value b in the corresponding block
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element. In this way, the image is reconstructed 4 rows at a time using only 2 of the possible
256 colours in any given block. From this last st.at.ei:ment it. is obvious that BTC is a lossy
compression algorithm. Despite this loss of pic-turé information, the human eye often has
trouble telling the difference between the original and reconstructed images.

The current application is to use BTC with lofargram and FRAZ images that are com-
monly generated by sonar systems. Figure 1 is an ;éxample of a lofargram generated for a
simulated 100 Hz tone embedded in white Gaussian noise. In many lofargrams, spectral
normalization? is applied to remove broadband inférmation. Normalized images generally
consist of a flat background of random noise r,epresént.ed by a speckled image with an over-
all light-grey colour, while the signal is represented by darker pixels. Constant frequency
signals appear as straight dark lines parallel to the ‘time axis of the figure, which is usually
oriented vertically. Experience has shown that approximately 75 pixels/inch is an optimum
resolution for lofargram images. At this plotting resolution individual pixels are just resolved
from a comfortable viewing distance by a person with normal eyesight.

Perhaps the most common complaint against BTC is that it can introduce a block shaped

texture in reconstructed images where there is a smooth gradient in the original image. One

approach to solving this problem has been to use sméothing filters that take advantage of the

correlation between a pixel and its nearest neighbours®. In lofargrams, blockiness should not

a be problem, since broadband information that might give rise to a gradient in the image ~

colour is usually removed by the spectral ndrmaliéer. In addition, experience has shown
that a characteristic blockiness is desirable in lofargrams. In lofargrams, blockiness often
occurs when a number of signals clustered near a common frequency are under-resolved by
the spectral analysis. In many cases, attempting to ifurther resolve such features can lead to
increased confusion of the sonar operator. )
BTC has excellent line and edge preservation?, a feature of considerable importance when
dealing with lofargram images, where the features of primary interest are generally lines from

continuous frequency signals. Any compression technique that is unable to preserve narrow,

possibly single-pixel-wide, lines is unsuitable for usé with lofargram images.
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BTC is also very resistant to errors®. This is of considerable interest when images must
be transmitted to remote receivers. It is fairly easy to see why BTC is error resistant. First,
the original image is broken into blocks, so individual errors will affect only one block of
the image. A single bit error in the I-bit quantization will affect only one pixel, and a bit
error in a or b will only affect one block. Errors are therefore restricted to a block of the
reconstructed image, which represents only a tiny fraction of the entire image. As the error
rate is increased, the degradation will affect more and more blocks, but will do so at a nearly
linear rate.

BTC requires very little computation. Modestly sized computers can compress and
decompress large images quickly. In fact, real-time applications are possible with specialized
integrated circuits®®. In its most basic implementation, the compression ratio. compression
time, and decompression time of BTC are independent of the image. This feature allows
for very straight forward estimates of timing and storage requirements, issues that can be
of extreme importance when real-time processing is desired.

Finally, many enhancements and modifications of the basic BTC algorithm are possible.
One of the simplest modifications involves varying the threshold level that controls the
assignment of a or b to a given pixel. Another modification is to preserve the third moment
in addition to the first two moments. Some authors modify the 1-bit quantization image: for
example Siedband et al.® employ a two-dimensional smoothing operator that relies on the
correlation between pixels to improve the reconstructed image quality. BTC can also be used
as one stage of a multi-step process. For example, Neagoe” employs BTC to encode the error
image resulting from a previous application of feedback transform coding (FTCY), and Wu
and Coll* use BTC as the first stage of a three level process consisting of BTC followed by
vector quantization (VQ) and the adaptive discrete cosine transform (A DCT). In this paper,
only the basic algorithm has been investigated. The main reason for this decision is that a
real-time application is the driving force, and the basic algorithm has the desirable features
of simplicity (minimal computation) and well defined fixed processing times regardless of

the input data. Once experience with the basic algorithin has been obtained, enhancements
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may be tried in the future. The following section presents examples of simulated and real

images processed with the basic BTC algorithm.

'

TEST CASES AND REAL DATA

In this section, four test cases and two real data examples are presented that show the
effectiveness of BTC for compression of the data contained in a sonar display. Each test
case consists of a simulated lofargram composed of one or two tonal components (100 and
101 Hz) and normally distributed Gaussian noise. The first test case is that of a single tonal

at 100 Hz with a signal-to-noise ratio (SNR) of —23 dB. In this article SNR is defined by

. sk, ¥ |
SNR = 10log (ZL—I , (7)

o1}
where b; and n; are the tonal and noise sample amplitudes and L is the length of the test
time-series (L = 307,200 samples).

In each case, the standard algorithm has been used without modification. Images were
compressed using a 4x4 block size with a resulting compression ratio of 4:1. The original
images were composed of 222 frequency bins andi 300 time bins with 8-bit quantization.
Each image in its original state requires 66,600 Bytes of storage. The compressed data files
required only 16,654 Bytes. The four extra bytes are included at the beginning of each
compressed file to store the original number of frequency and time bins.

Figure 1 shows the original lofargram image on the left-hand side and the image after
compression and restoration with the BTC algorithm on the right-hand side. Close inspec-
tion of the original and restored images reveals thatéa slight loss of information has occurred,
but that in general the restored image retains all important details of the original image.
Even the random patterns in the noise background fhave been preserved. Figure 2 shows the
histogram of the original image as a dashed-line and the histogram of the restored image
as a solid-line. Note that the BTC algorithm induces a bi-modal distribution of the image

pixels. Basically, this figure indicates that the restored image is composed of just two levels,




a high-mean value and a low-me.an value. The bi-modal distribution preserves the first and
second moments of the original image. Empirical results indicate that the mean and vari-
ance are preserved to within 2% accuracy for the four test cases shown in this paper. An
interesting consequence of this bi-modal distribution of image pixels is that images that have
been compressed and restored with BTC tend to photocopy and fax better than the original
images. Note also that isolated high-value outliers in the original image are removed from
the restored image, but that their loss is not directly detectable by the human eve. Instead,
this loss of outliers is responsible for an overall shift in the brightness of the restored images.
the restored images generally appearing darker (when printed with PostScript®). In order
to compare the original and restored images fairly, a simple re-normalization of the original
image is made so that the maximum value in both images is the same.

The results from the second test case are shown in Fig. 3. In this case. two equal
intensity lines (SN R = —23 dB for each line) are separated by 1 Hz. It is important to note
that at the spectral resolution employed for these test cases (0.684 Hz) the two signals are
separated by just one spectral bin. Both signals will fall within the same block when the
BTC algorithm is employed and, therefore, level variations in one signal will also effect the
final appearance of the other signal. This situation has been chosen on purpose to provide
a more demanding test of the BTC algorithm’s capabilities. As for the previous test, the
restored image compares very favourably with the original, although a slight degradation is
seen as the lines in the restored image appear more broken than in the original.

'The results from the third test case are shown in Fig. 4. In this case, the line at 100 Hz is
weak (SN R = 23 dB), while the line at 101 Hz is appreciably stronger (SNR = —17 dB).
Once again the original and restored images compare favourably. Note that the stronger line
appears marginally stronger and the weaker line marginally weaker in the restored image
than in the original image. This change in relative strength appears to be the result of the
interaction of the signals in the same block. In addition to the change in relative levels, note
also that some speckle has been introduced, particularly near the stronger line.

The results from the fourth test case are shown in Fig. 5. In this case, both lines are
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strong (—3 dB). Again, the comparison is favour?able, but some -artifacts appear as the
increased speckle in the pixels between the two sighals and the relativerlry uniform banding
on each side of the strong signals. .

The four test cases represent a broad range of input conditions, but do so in isolation.
Real data, on the other hand, is composed of numerbus signals, both narrow- and broadband
in nature, with a multitude of weak and strong sighals all present simultaneously. In order
to examine the BTC algorithm’s performance with real data, a section of a recording made
during the Heard Island Feasibility Test®!? has been analyzed, passed through a split-window
three pass normalizer? and displayed in Fig. 6. Sevéral different types of signals are found in
this lofargram. The Heard Island signal appears as t;he relatively weak line at 57 Hz. Aﬁot,her
weak tonal appears at about 90 Hz, and some signals with broader fre»quency content appear
in the frequency range 115-145 Hz. The original aﬁd restored images compare favourably,
but for this real data case there are some notable differences that were not so apparent with
the simulated data. First, notice that although the first and second moments of the original
image have been preserved, the restored image is perceived to be darker. Secondly, notice
that speckle has been increased in the restored image. Even isolated outliers in the original
image generate a few dark pixels in the restored image. Despite these negative comments
the restored image still contains the same information as the original image. A small change
in the quantization levels would probably be quite effective at réducing the apparent changes
in the restored image.

So far, we have considered only the compression of lofargram images. Sonar systems
also commonly create other images known as FRAZ diagrams. These diagrams are closely
related to the lofargram, but convey information about spectral content and source hearing
rather than the frequency-time information of lofargrams. Figure 7 shows the effect of
applying the BTC algorithm to another section of the Heard Island Fea.sibﬂity Test data.
In this example, the Heard Island signal occurs at a frequency of 57 Hz and a bearing

of 132° Rel. The image is generally smoother than a lofargram image because of a smaller

number of bearing pixels than time pixels, and the time averaging that is implied in a FRAZ
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diagram. The comparison between the original and restored FRAZ indicates that the image
degradation is minimal. Some increased blockiness is noted in the restored image, but this

could be minimized by a smoothing operation®.

CONCLUSIONS

This paper has considered the application of BTC to the problem of storing sonar data
in the form of lofargram and FRAZ images. The basic BTC algorithm is computationally
simple and independent_ of the data presented to it. This feature together with the fixed
processing times makes real-time applications relatively simple. Perhaps the biggest com-
plaint about BTC is that the restored images tend to have a blocky appearance. This effect
has been seen in the sonar images also, but here it is éf less importance because of the
low-resolution nature of the original images. BTC has several properties such as line preser-
vation, error resistance, and single pixel resolution that also match this algorithmn to the
current application. In this work, only the basic algorithin has been investigated; however,
many modifications to the algorithm have been tried and some of these together with new
ideas. such as changing the block shape from square to rectangular to take advantage of
the nature of the input images may result in better performance of the algorithm in similar
future applications.,

The four test cases were designed to study the performance of the BTC algorithin when
varying combinations of weak and strong signals were present with noise in a single block
sirnultaneously. It is desirable that a quantitative measure of the restored images usefulness
be available; however, it is well known that various measures of error do not correlate
well with human perception of the image quality. Because of this fact, only qualitative
statements concerning the original and restored images have been made. In general, there
is some apparent degradation of the images, but it is quite minimal in most cases. Perhaps
the most severe losses occur when a weak and strong line are present in the same block.

Under these conditions the weak line is perceived to be slightly weaker and the strong line
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slightly stronger than they really are. This should ﬁot. be a restrictive problem as it occurs
only when the lines are extremely close together. Under such circumstances the user would
probably employ greater spectral resolution to increase the separation of the lines (7.¢.. place
them in different blocks). f

When the BTC algorithm is applied to the real data examples, the results are found to
be very encouraging. It may be possible to improve the appearances of both the lofargram
and the FRAZ by application of a smoothing operation similar to that used by Siedband
et al.®. This extra processing may turn out to be unnecessary; further experience with the.
technique will determine if this is the case. .. - g -

The BTC algorithmn is straight-forward and results in moderate compression ratios with
data that would generally not compress well with;exact methods. BTC should be given

serious consideration for the archival and real-time storage of sonar data.

11
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processing times that suit it ideally to real-time apphcatlons Compression ratios of 4:1 are achieved
with the basic implementation of the algorithm.
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