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ABSTRACT

This novel approach uses automatic target detection together with compression techniques to achieve intelligent
compression by exploiting knowledge of the image content. Two techniques have been experimented with one using
horizontal-vertical (HV) partitioned quadtrees the other a varient of entropy called approximate entropy. The object masks
that are generated using either of the techniques (or indeed other feature detectors) effectively cue potential areas of interest
for subsegquent encoding using two ‘intelligent’ image compression techniques. In the first approach, lossless compression
algorithms can be applied to regions of interest within the images so that their statistical properties can be preserved to allow
detailed analysis or further processing while the remainder of the image can be compressed with lossy algorithms. The
degree of lossy compression is dependent both on the information content as well as the bandwidth requirement. In the
second approach a wavelet-based decomposition is applied in which sdlective destruction of wavelet coefficients is
performed outside the cued areas of interest (in effect concentrating the wavelets in required areas) prior to the encoding
with a version of the progressive SPIHT encoder [7,8]. Results will illustrate how both these approaches can be used for the
detection and compression of airbourne reconnai ssance imagery.
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1. INTRODUCTION

The application of this work has been mainly in the area of analysing 8-bit airborne imagery. It is important that we can
automatically detect targets of interest and be able to achieve good compression ratios as well as making sure that the
important targets and areas of interest are not removed or degraded. As a result of these requirements coupled with the
desire not to invent new and specific feature detectors the use of quadtrees [1] and entropy [2-5] as mediums for locating
areas of interest within imagery has been investigated. A standard quadtree [1] based approach is modified so that it can be
used as a target discriminator using the more advanced horizontal-vertical (HV) partitioning scheme. This partitioning
attempts to make edges within the image run diagonally through a partition and thus divide a region into two subregions, if
thisis not possible our approach will revert to the standard decomposition into four sub-regions of equal size. Results will
illustrate how the technique is more flexible than the standard quadtree resulting in significantly less regions in the
decomposition. Entropy and approximate entropy has been used as an aternative to quadtrees and as will be shown can lead
to improved region cueing.

Various standard compression algorithms where considered including MTWC [6], SPIHT [7,8] which is based upon an
extension to the embeded zerotree wavelet (EZW) work of Shapiro [9], CREW [10], Vector Quantisation schemes[11,12],
Fractal [13], JPEG, wavelet, as well as the lossless JPEG (JPEG-LS) [14-16]. The cued regions of interest are subsequently
encoded using two ‘intelligent’ image compression techniques.The two options described in this paper allow for selective
compression to preserve detail in the key areas within the imagery. The first uses different algorithms at different image
locations whilst the second uses a wavel et based approach over the entire image but with different levels of compression at
different locations chosen using some saliency operator. In section 2 the target detection using quadtrees is described whilst
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section 3 describes the use of entropy and approximate entropy. Section 4 discusses the relative merits of the different
compression approaches. Section 5 describes the intelligent compression using the detected objects from sections 2 and 3.

2. TARGET DETECTION - QUADTREES

The motivation for using quadtrees [1] was an attempt to do a generic and automatic cueing of areas of interest within both
gill and video imagery without the need to invent a new set of feature detection algorithms. A quadtree essentially a
recursive decomposition of an image in which at each level theimage is decomposed in its smplest form by a factor of 2 in
both its x and y directions until some suitable criteriais satisfied. Here a textural measure based on edge data and statistical
variance within an image portion is used.

More advanced partitioning methods are available such as HV partitioning which is more flexible than the standard quadtree
as the position of the partition isnot fixed where the image can be partitioned either horizontally or vertically and not by a
direct subdivision by 2. The HV decomposition technique attempts to make image edges run diagonally through a partition.
In addition there is aso triangular partitioning in which the triangles can have any orientation. In the example shown in
figure 1 an image with the standard and an improved (HV) quadtree overlayed is shown, whilst figure 2 shows part of the
actual quadtree® for the standard version on the left of figure 1. Results have suggested that the HV technique can potentially
offer a decomposition with up 75% less rectangles. The HV version here is a modified one in which the algorithm will
revert to the standard quadtree if no horizontal/vertical division can be easily detected. Wherever possible an image is split
into two regions (either horizontal or vertical) usng an analysisof the two profiles obtained by forming a summation of the
current regions gradient information in the appropriate direction. The most dominant profile will ultimately determine the
type of decomposition. Initial results show that the technique is feasible. In fact it can be seen from figure 1 that the
quadtree version on the right is somewhat superior in terms of the reduced number of rectangles required to represent the
area of interest.

Figure 1, Left - Standard quadtree decomposition, Right - H-V decomposition

1 Thetree that is shown here is not fully decomposed to match the image, the nodes indicated in black would be decomposed further.

Branches without nodes are leaf nodes with no further decomposition, ordering for the quadtree is top left, top right, bottom left,
bottom right.



Figure 2, Initial layers of standard quadtree

Figure 3 is another example of both decompositions being applied on some downward looking imagery of a cluster of farm
buildings. In this case the H-V version of the algorithm has resulted in approximately 65% less regions.

Figure 3, Normal and H-V Quadtree decompositions for potential areas of interest

Another aspect of the use of target detection using quadtrees is shown in figure 4. Here the concept is that if a quadtree is
computed on a frame by frame basis from a video sequence then although each tree structure for individual framesis likely
to show differences in terms of the number of leaf nodes these differences will not be as significant. We will in effect
achieve some invarience to a limited amount of movement within an image®. The lower part of figure 4 is an image mosaic
[17] made up of approximately 115 frames whilst the upper part shows a plot of the number leaf nodes verses frame
number. The two clumps of farm buildings can clearly be seen as they move into the field of view, peak around the center
and then move out of the field of view. An adaptive thresholding technique could be used to form the basis of an event
detection system.

3. TARGET DETECTION - ENTROPY

Entropy is a measure of randomness (or uncertainty) within some dataset, the more random the data the more entropy
[2,19]. Entropy is defined as
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2 For example, consider atree or bush blowing in thewind, its basic structure does not ater significantly. Therewill be atransformation
from one frame to another but essentially we could approximate this to a spatial shift. The number of leaf nodes will not alter
significantly.



For example aregion with asingle gray level would have adistribution p with just a single peak and entropy of zero. For a
section of sky the gray level distribution would be unimodal and therefore have low entropy whereas for a section with more
varied content the distribution would be more widespread and have greater entropy. Theinitial intention wasto use the basic
entopy as a measure of saliency within an image to highlight areas of interest. Unfortunately in experiments the standard
entropy was very good at excluding areas (e.g. sky) but had a tendency to include to much other information within an
image and any subsequent mask generated from it would be swamped by potential areas of interest.

Approximate Entropy [3,4,5] is a measure of unpredictability of a sequence of values. This is like the standard entropy
measure except it is based on frequencies of spatial configurations of pixes, rather than simply on reative frequencies of
individual pixe gray levels. Figure 5 shows the result of applying both entropy and approximate entropy to the image of
figure 1. The darker areas indicate salient regions within the image and form the basis of a mask which is obtained by
applying a smoothing operation followed by thresholding at the mts.
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Figure 4, Quadtree based detection in video imagery



Figure 5, Left — Entropy, Right - Approximate entropy

4. COMPRESSION

A number of standard compression algorithms have been considered including MTWC [6], SPIHT [7,8], embeded zerotree
wavelet (EZW) [9], CREW [10], Vector Quantisation schemes [11,12], Fractal [13], JPEG, wavelet, as well as the lossless
JPEG (JPEG-LS) [14-16]. For the type of imagery of interest in this work a number of general observations appear
applicable. For lossy compression and on images with a rather bland background, reconstruction using the fractal approach
appears to be worse than the JPEG. However fractal compression understandably isn’'t as bad when applied to an image with
more structure (je content and texture). The fractal algorithm also appears to degrade more gracefully than JPEG and has
less aliasing and ghosting around high frequency components within an image. When applying JPEG to the limits of its
compression the equivalent fractal compression is likely to be far more interpretabfe\When considering the wavelet based
approach to compression this appears to out-perform both the JPEG and fractal. Even at high (100:1) compression ratios the
results (although they do contain noticeable artifacts) are far more readily interpretable. The VQ also proved to outperform
both JPEG and fractal and was comparable to the wavelet approach. Indeed at ratios of around 15:1 it proved hard to tell the
difference between the two techniques. At 30:1 compression the VQ came out dlightly ahead havinigss artefacts such as
ghosting around structures. Both approaches when pushed to the limit could achieve ~100:1 compression with objects of
interest still being interpretable by the human visual system. So far for lossless compression, consideration has only been
given to GIF and JPEG-L S with the latter achieving ratios of ~ 1.4:1 whilst GIF only achieved 1.1:1 compressiénFigure 6
illustrates a comparison of some of these techniques.

5. INTELLIGENT IMAGE COMPRESSION

The motivation for using quadtrees and entropy was an attempt to do a generic and automatic cueing of areas of interest
within both still and video imagery without the need to invent new feature detection algorithms. Two approaches have been
applied the first one being the application of a lossless based techniques on fine parts of the mesh and lossy techniques on
the remainder. Currently the compression algorithms that we have experimented with in the above process have been JPEG
and VQ for the lossy part and GIF and JPEG-LS for the lossless. However, on the image in figure 1, compression ratios of
about 6:1 are the current best that is achieved using the standard quadtree algorithm and between 11:1 and 14:1 with the
improved H-V version. It is obviously the lossless part of the process that is utilising the bandwidth and having the
detrimental effect on the compression ratio. Figure 7 shows a reconstruction in which the background has been heavily
compressed with JPEG (hence the noticeabl e artifacts such as the blockiness) whilst thebject has been preserved.

3 Interpretability here is a verysubjective measure and is taken to mean that the objects of interest in the image can be identified by a

human observer at normal distances from a workstation monitor and withoutooming the imagery.

4 Thiswas surprising given GIF s dictionary based mehod of compression applied on a somewhat bland and low texture background.
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Figure 6. Left column ~10:1, Center column ~30:1, Right column ~50:1.
Top row - JPEG, Second row - Fractal, Third row - Wavelet, Fourth row - Vector Quantisation.




The second and what is considered the more interesting approach considered here was to use the same compression
technique but to effectively apply different compression ratios in different parts of the image. For this theavelet based
decomposition of an image appeared to be the natural choice. The standard wavelet decomposition [21] is used together
with the ssimplest Daubechies-4 filter kernal [18]. Figure 8 illustrates this for a 3 level decomposition in which LH indicates
Low-horizontal and High-vertical,HL : High-horizontal and Low-vertical, HH : High-horizontal and High-vertical whilst
LL (not shown) is decomposed into the next level of the pyramid. The inverse wavelet transform can then be used to
reconstruct the original image.

LL|LH
LH
HL | HH
LH
HL HH
HL HH

Figure 8, Wavelet Decomposition

Figure 9, shows that a large percentage of the wavelet coefficients in the wavel et scale space image can actually be removed
yet still produce a visually good reconstruction. It is apparent therefore that a relatively small percentage of the wavelet



coefficients are concentrated in the highly salient areas of the image. Thisis itsef the main principle behind the technique
used here, ie use a target mask generated by some saliency operator to prevent removal of coefficients in key areas of the
image. When this is combined with a suitable encoder such as the SPIHT algorithm an efficent progressive target based
compression system is produced.

Figure 9, Wave et reconstruction after removal of 30%, 60% and 95% of weakest coefficients.

The SPIHT (Set Partitioning In Heirarchical Trees) agorithm® is a wavelet based compression scheme offering good image
quality with high PSNR it is designed for progressive transmission producing a fully embeded coded file. SPIHT [7,8] is
based upon an extension to the embeded zerotree wavelet (EZW) work of Shapiro [9]. It is a coding method so any artifacts
produced may be due to the wavelet transform and not the coding process. The process differs from conventional wavel et
compression in the way in which it encodes the wavel et coefficients. It can also be used for lossess compression as it codes
the hits of the image wavelet transform coefficients in a bit-plane sequence, thus if al bits are encoded the image can be
recovered perfectly®. As with other techniques error protection is important, but SPIHT’s embedded coding scheme means
that information is sorted according to importance hence the need for error protection reduces towards the end of the file.
The technique is based on three ideas : a tree based representation of the wavelet coefficients, partial magnitude’ ordering
of the coefficients and an ordered hit plane transmission of refinement bits for the coefficients.

Figures 10 and 11 show the progressive nature of the SPIHT algorithm for the quadtree and entropy derived masks
respectively. For both figures the first column (top - bottom) represents 293:1, 133:1 and 60:1 compression whilst the
second column (top - bottom) 40:1, 20:1 and 10:1 compression. We can clearly see improved results in figure 11 by using
a more specific mask and somewhat less removal of wavelet coefficients (in this case 50%). For example the improved
mask how more accurately represents features such as the gun barrel which was partially cropped in the quadtree example.
For comparison figure 12 shows results of this with the standard JPEG at aratio of 50:1 (0.16 hits per pixd) with the PSNR
for these images being 25.91 and 24.97 respectively.

6. CONCLUSSIONS

There are a number of issues worth mention in particular, although object detection is a difficult task it is still worthwhile to
produce object masks. If we remove a certain amount of information (e.g. wavelet coefficients) then it is more intuitive to
remove them from undesirable and less salient parts of an image rather than removing them indiscriminately. Despite the
fact that the use of a state-of-the-art codec is being employed it is still advantageous to attempt to remove non essential
information prior to the encoding. Typicaly in the examples used here, to use a SPIHT codec directly without any masks

5
6

Theimplementation of the SPIHT algorithm used here does not contain any arithmetic coding.

There are issues of precision here, as theoretically losdess compression is only possible if the coefficients are encoded using infinite
precision. The remedy to thisisto use an integer multiresolution transformation refered to as the S+P transform. Thisis claimed to be
as efficient as most lossless encoders.

ie, the more important information isto be transmitted first.



and removal of coefficients would have required an additional ~ 500 Khitsto ~ 1 Mbits. A technique has been shown that
can locate salient parts of an image and then use thisto cue the wavel et information to obtain improved compression results.
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Right column, Top - Bottom 40, 20 and 10:1 compression.
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Figure 11, Progressive Target Based Reco I (Approximate entropy mask); Left column, Top — Bottom 293, 132,
and 60:1, Right column, Top - Bottom 40, 20 and 10:1 compression.



Figure 12, Target detection and compression @ 50:1 ( 0.16 bits/pixel). Top - Mask-based wavel et, Bottom - JPEG for
comparison. The PSNR measurements being, Top - 25.91, Bottom - 24.97.



