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ABSTRACT 

Problems at the intersection of compression and statistical inference recur 

frequently due to the concurrent use of signal and image compression and classification 

algorithms in many applications. This dissertation addresses two such problems: 

statistical inference on compressed data, and rate-allocation for joint compression and 

classification. 

Features of the JPEG2000 standard make possible the development of 

computationally efficient algorithms to achieve such a goal for imagery compressed 

using this standard. We propose the use of the information content (IC) of wavelet 

subbands, defined as the number of bytes that the JPEG2000 encoder spends to compress 

the subbands, for content analysis. Applying statistical learning frameworks for detection 

and classification, we present experimental results for compressed-domain texture image 

classification and cut detection in video. Our results indicate that reasonable performance 

can be achieved, while saving computational and bandwidth resources. IC features can 

also be used for preliminary analysis in the compressed domain to identify candidates for 

further analysis in the decompressed domain. 

In many applications of image compression, the compressed image is to be 

presented to human observers and statistical decision-making systems. In such 

applications, the fidelity criterion with respect to which the image is compressed must be 
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selected to strike an appropriate compromise between the (possibly conflicting) image 

quality criteria for the human and machine observers. We present tractable distortion 

measures based on the Bhattacharyya distance (BD) and a new upper bound on the 

quantized probability of error that make possible closed form expressions for rate 

allocation to image subbands and show their efficacy in maintaining the aforementioned 

balance between compression and classification. The new bound offers two advantages 

over the BD in that it yields closed-form solutions for rate-allocation in problems 

involving correlated sources and more than two classes. 
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CHAPTER 1: INTRODUCTION 

1.1 Motivation and Problem Statement 

Various signal processing applications involve problems at the intersection of 

compression and statistical inference. For instance, many tasks require making inferences 

about the content of imagery compressed prior to transmission or storage. Information 

retrieval, medical diagnosis, remote sensing, and security and military applications are 

examples of such applications wherein inferential tasks such as detection, estimation, 

segmentation, and classification are to be performed. For computational and bandwidth 

savings reasons, it is highly desirable to be able to make these inferences using the 

compressed-domain information. For instance, in video surveillance applications the 

video is usually acquired, compressed, and transmitted continuously. If the received 

codestream can be processed to detect suspicious activity, decompression of the 

unnecessary portions can be avoided. Furthermore, significant bandwidth savings can be 

achieved if the portions of a codestream that are of interest to a client can be identified 

and delivered instead of the entire codestream. 

In view of such necessities, the JPEG committee has recently issued a call for 

contributions for the standardization of technologies associated with searching image 

libraries [1]. This new effort is referred to as JPSearch. Compressed-domain analysis 
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techniques are one of the technologies that are sought by JPSearch. 

Another problem at the interface of compression and statistical inference arises 

when one wishes to design a compression system that preserves not only the perceptually 

important features in the imagery, but also features vital to statistical decision-making 

systems. For example, in a target recognition task potential targets are first detected and 

classified using statistical methods to reduce the burden on the human operator, and then 

the human operator authenticates the potential targets by visual inspection. Similar 

scenarios occur in other areas such as medical imaging and remote sensing. In such 

applications, the fidelity criterion with respect to which the image is compressed must be 

selected such that an appropriate balance between the (possibly conflicting) image quality 

criteria for the different observers is maintained. 

The mean-square error (MSE), which is the most widely used distortion measure in 

designing compression systems, is a suitable distortion measure for human observation at 

high rates. When statistical decision-making is concerned, however, the MSE is not the 

most appropriate criterion. This has motivated the introduction of a variety of distortion 

criteria for tasks involving statistical decisions [2, 3, 4, 5, 6]. To accommodate both 

human and statistical observers, many authors have proposed a weighted combination of 

the MSE and a classification criterion [2, 3, 4, 5] as the distortion measure for 

compression system design. 

1.2 Organization and Contributions 

The two problems stated above are the focus of this dissertation and are addressed 
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in Chapters 3, 4, and 5. Before concentrating on these problems, some background topics 

are reviewed in Chapter 2. First, a brief overview of the JPEG2000 standard is given with 

a focus on the ideas related to the work presented in Chapter 3. Next, basics of optimal 

rate-allocation to independent sources under the fine quantization regime are reviewed. 

These basics form the foundation for the work presented in Chapters 4 and 5.  

In Chapter 3, we show how some features of the JPEG2000 standard make possible 

the development of computationally efficient algorithms to analyze the content of 

imagery compressed using this standard. We define the IC features as the number of 

bytes that the JPEG2000 encoder spends to compress the subbands and demonstrate their 

efficacy in two example applications, namely, texture image classification and video cut 

detection. IC features have not been previously defined and exploited for content analysis 

in a statistical framework. 

Chapter 4 presents a reverse water filling-type rate-allocation algorithm for joint 

compression and classification using a linear combination of compression and 

classification distortion criteria, where the compression criterion is the MSE and the 

classification criterion is the BD between the class-conditional distributions. The 

combined criterion is closely related to that proposed in [4, 7] for transform coder design. 

We extend the application of the criterion to subband coders. Also, we present the correct 

expression for rate-allocation to independent Gaussian sources [7, 8], and generalize the 

expression to independent sources having generalized Gaussian distributions (GGD’s). 

Noting the analytical intractability of the BD for rate-allocation to correlated 

sources and its inherent limitation in handling problems with more than two classes, we 
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also propose a new bound on the quantized probability of error in Chapter 5. We use the 

new bound to derive closed-form expressions for rate-allocation to two sources for which 

the Bayes-optimal decision boundary is a piecewise linear function. 

Chapter 6 concludes the dissertation with a summary, discussion of the results, and 

future directions. 
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CHAPTER 2: BACKGROUND 

In this chapter, we briefly review some of the technical background needed for the 

material presented in Chapters 3, 4, and 5. In the next section, we present an overview of 

JPEG2000 focusing on concepts related to the ideas presented in Chapter 3. A 

comprehensive treatment of JPEG2000 is provided in [9]. In Section 2.2, we provide a 

review of optimal rate-allocation to independent sources under the fine quantization 

regime. A more detailed review of this topic is given in [9]. 

2.1 Overview of JPEG2000 

The block diagram of a representative JPEG2000 encoder is given in Figure 2.1. 

The first stage of encoding consists of (optionally) dividing the input image into non-

overlapping rectangular tiles. For multi-component images, e.g., color images, an 

Input 
Image Tiling Component 

Transform 
Wavelet 

Transform Quantization 

Bitplane 
Coding 

Codestream 
Generation 1 1 1 10 0 0 0

JPEG2000 Codestream 

1 0 

 

Figure 2.1. Block diagram of a representative JPEG2000 encoder. 
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optional component transform can be applied to decorrelate the components. The 

transformed components of each tile are referred to as tile-components. A wavelet 

transform is then applied to each tile-component and the resulting wavelet subband 

coefficients are partitioned into rectangular blocks called codeblocks. After being 

quantized, the wavelet coefficients in each codeblock are entropy coded independently of 

other codeblocks. Entropy coding is carried out via context-dependent, binary arithmetic 

coding of bitplanes. The bitplane coder makes three passes over each bitplane of a 

codeblock. These passes are referred to as coding passes. Finally, the encoder forms a 

codestream by including coding passes selected based on a desired rate-distortion 

criterion. 

The structure of a simple JPEG2000 codestream is given in Figure 2.2. This 

structure is explained via the notions of precinct and packet. A precinct is formed by 

grouping together the codeblocks that correspond to a particular spatial location at a 

given resolution. Compressed data from each precinct are arranged to form a packet. 

Each packet contains a header and a body. The packet header contains information about 

Main Header Tile-stream Tile-stream EOC

Tile Header Packet Packet 

Packet Header Packet Body

Packet

Tile-stream

 
Figure 2.2. A simple JPEG2000 codestream. 
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the contribution of each codeblock in the precinct to the packet, while the body contains 

compressed coding passes from the codeblocks. Packets that belong to a particular tile are 

grouped together to form a tile-stream, and tile-streams are grouped together to form the 

JPEG2000 codestream. Similar to packets, tile-streams are composed of a header and a 

body. The EOC marker indicates the end of the codestream. 

Motion JPEG2000 is the extension of JPEG2000 for video compression [10]. Once 

each video frame is compressed independently using JPEG2000, the JPEG2000 

codestreams may be wrapped to form a single motion JPEG2000 file. 

2.2 Review of Optimal Rate Allocation [9] 

Let D  denote the MSE between a vector source (image), x , and its quantized 

version, x% . For transform (and subband) coders, the relationship between D  and the 

MSE for the individual transform coefficients, ( )i iD R , 1,...,i N= , can be written as 

1

( ) ( )
N

i i i
i

D R g D R
=

= ∑ , (2.1)

where iR  denotes the rate allocated to coefficient i  and N  is the number of coefficients. 

Synthesis (inverse transform) gain ig  associated with coefficient i  is one if the transform 

is orthonormal. For wavelet transforms used in JPEG2000, ig  are given in [9]. The 

constraint on the total rate is given by  

1

N

i
i

R NR
=

≤∑ . (2.2)

where R  is the average rate available to the transform coefficients. The rate-allocation 
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problem can be stated as  

minimize (2.1) subject to (2.2). (2.3)

For large iR , ( )i iD R  is given by 

22 2( ) 2 iR
i i i iD R ε σ −= , (2.4)

where 2
iε  is a constant determined from the distribution of coefficient i , and 2

iσ  is the 

variance of coefficient i . Note that ( )i iD R  is a linear function of 2
iσ , while it is an 

exponential function of iR− . In other words, doubling 2
iσ  increases ( )i iD R  two-fold, 

whereas increasing iR  by half a bit cuts ( )i iD R  in half. 

For efficient entropy-coded uniform scalar quantization, i.e., for iR  approaching 

the entropy of ix% , ( )iH x% , the quantization step size i∆  is given by  

( )2 i ih x R
i

−∆ = . (2.5)

Here, ( )ih x  denotes the differential entropy of ix  in bits defined as 

2( ) ( ) log ( )i i i ih x p x p x dx= −∫ , (2.6)

where ( )ip x  denotes the distribution of ix . Given that 2 /12i iD = ∆  for high rates, (2.4) 

and (2.5) yield 

2 ( )2 2 1 2
12

ih x
i iε σ = . (2.7)

The minimization problem (2.3) can be solved for iR  using the method of Lagrange 

multipliers. Set 
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22 2

1 1

2 0i

N N
R

i i i i
i ii

g R
R

ε σ λ−

= =

∂ ⎛ ⎞+ =⎜ ⎟∂ ⎝ ⎠
∑ ∑ ,   1,...,i N= , (2.8)

where λ  is the Lagrange multiplier. Taking the derivative, (2.8) yields 

( )
2 ln 2i i ig D R λ

= ,   1,...,i N= . (2.9)

That is, at the optimal solution, the weighted distortions ( )i i ig D R  for the quantized 

coefficients should be equal. This is referred to as reverse water-filling. 

After a few manipulations, (2.9) yields 

2 2

2 1/

2 2

1

1 log
2

i i i
i N

N

i i i
j

gR R

g

ε σ

ε σ
=

= +
⎛ ⎞
⎜ ⎟
⎝ ⎠
∏

. 
(2.10)

Note that (2.10) holds only when R  is large enough to guarantee 0iR ≥ . When this 

assumption does not hold, with the assumption that the distortion model (2.4) is still valid, 

the solution is given by 

2 2

2
1 2ln 2( ) max 0, log
2

i i i
i

gR ε σλ
λ

⎧ ⎫
= ⎨ ⎬

⎩ ⎭
, (2.11)

where the value of λ  must be adjusted to accommodate (2.2). This can be achieved in an 

iterative fashion. 
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CHAPTER 3: CONTENT ANALYSIS OF JPEG2000-COMPRESSED 

IMAGERY 

3.1 Previous Work 

Myriad algorithms have been developed in the past for content analysis of images 

and video compressed using the JPEG and MPEG standards [11]. Although codestreams 

produced by these standards are structurally different than JPEG2000 codestreams, the 

essence of some ideas can still be used. Our work was motivated by [12] wherein the 

coding cost, i.e., the number of bits spent to encode image blocks, is used for 

segmentation of JPEG-compressed compound documents into text, graphics, half-tones, 

continuous tone images, and background. Note, however, that the coding cost is not 

readily available in the JPEG codestream and must be stored with the coded data at 

compression time. 

Little work has been done on the analysis of JPEG2000 codestreams. In [13, 14] 

wavelet-domain features have been proposed for image retrieval. The proposed features 

can be computed at compression time. However, they do not take advantage of the 

particular information available in JPEG2000 codestream headers. 

In [ 15 ], two representations have been proposed for indexing JPEG2000-

compressed images. One representation is based on the information about the 
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significance status of wavelet coefficients. For the lowest resolution lowpass subband, the 

significance map of the wavelet coefficients at all bitplanes is used as an index. The 

histogram ),( rbh  of the number of significant bits at a bitplane b  for subbands 

constituting a resolution level r  is used as another index. This representation requires 

decompressing the significance propagation and cleanup passes of the codestream, if the 

RESTART marker, which allows for the identification of individual coding passes in the 

compressed domain, is used at compression time. Otherwise, the entire codestream must 

be decompressed. The second representation proposed in [15] uses as index the means 

and variances of the number of nonzero bitplanes in the codeblocks of each subband. 

This technique takes advantage of some, but not all, of the information in the JPEG2000 

codestream headers for image description. 

In [16], similar ideas to those presented in this chapter have been proposed for 

image scaling and cropping for image display applications. The scaling and cropping 

parameters are determined such that the most important portions of the image to be 

displayed are retained. The importance of the codeblocks is measured by the number of 

bits allocated to them, which can be determined from the packet headers of the 

compressed codestream.  

In [17], the difference between the number of bits allocated to horizontal and 

vertical detail subbands of the highest resolution level, which indicates the level of 

texture directionality, is used for detecting barcode candidates in JPEG2000-compressed 

document images. The codeblocks in the horizontal and vertical detail subbands of the 

highest resolution level corresponding to barcode candidates are consequently 
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decompressed and the barcode candidates are subjected to further verification and 

refinement in the wavelet domain. 

The chapter is organized as follows. In the next section, we define the IC of a 

subband and intuitively relate it to image texture characteristics. Next, we describe 

statistical frameworks for detection and classification of imagery using IC features. 

Finally, we present experimental results using these frameworks for texture image 

classification and cut detection in video.  

3.2 Information Content of Subbands 

We define the IC of a wavelet subband as the number of bytes that the JPEG2000 

entropy coder spends on encoding that subband. As described in the previous section, the 

JPEG2000 codestream consists of a series of packets together with additional header 

information. Each packet header contains information about the coding passes included in 

the packet, such as the number of bytes that each codeblock within the precinct 

contributes to a given packet. Packet headers can be sequentially identified starting from 

the packet header immediately following the start-of-data (SOD) marker, which comes 

after the tile header. Packet headers are compressed using tag tree coding. Once the 

beginning of a packet header is identified, it needs to be tag tree-decoded [9]. The 

contributions of codeblocks to the packet are then obtained from the decoded packet 

headers. The contribution information is then used to skip the packet body, which 

contains the arithmetically coded data, and reach the beginning of the next packet header. 

This procedure is continued until the end of the codestream is reached. Finally, the 
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contribution information is aggregated for all codeblocks within each subband to obtain 

the IC of that subband. Thus, the IC of a subband can be obtained in a fast and 

computationally efficient manner by simply reading the headers of the packets for the 

corresponding resolution, and accumulating the size information for all the codeblocks 

within the subband. It is worth reiterating that obtaining such information from the packet 

headers does not require arithmetic decoding of any data. 

Intuitively, the IC of subbands convey information about the texture characteristics 

of the image. Two characteristics captured by the subband IC’s are texture orientation 

and texture coarseness. This is demonstrated using the IC data for texture images from 

the Vision Texture (VisTex) database [18] with different orientation and coarseness 

characteristics. The images were compressed using the Verification Model (VM) version 

9.0 [19] implementation of JPEG2000. All images were compressed at 1 bit/pixel, using 

6464×  codeblocks, and three wavelet decomposition levels. Figure 3.1 shows the 

vertically oriented texture image Wood.0002 and the proportion of IC in each of its 

subbands relative to the total IC of the image. It can be seen that a higher proportion of 

image IC is in the horizontal detail subbands (44%) than the vertical detail subbands 

(29%). Figure 3.2 shows the coarse texture image Tile.0003 and the fine texture image 

Fabric.0018 and the proportion of IC for each of the four resolution levels. The fineness 

of Fabric.0018 is reflected by the larger proportion of its IC in the highest resolution level, 

whereas the coarseness of Tile.0003 is indicated by a larger proportion of its IC in the 

lowest resolution level. 
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44%

29%29%29%29%  
(a)          (b) 

Figure 3.1. (a) Texture image Wood.0002; and (b) the proportion of IC in the horizontal 

and vertical detail subbands of its wavelet transform. 

  

39.7%

32.4% 

9.5%

18.4%

 
(a)        (b) 

  

11.9%

42.0%

41.8% 

4.3%

 
(c)         (d) 

Figure 3.2. (a) Texture image Tile.0003; and (b) the proportion of IC in each of the 

resolution levels of its wavelet transform. (c) Texture image Fabric.0018; and (d) the 

proportion of IC in each of the resolution levels of its wavelet transform. 
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3.3 Statistical Inference Using Information Content Features 

The examples given in the previous section provide intuitive evidence that the IC of 

subbands can be used to characterize the texture properties of JPEG2000-compressed 

imagery. In this section, we present example algorithms that make use of this information 

to carry out detection and classification tasks. The specific applications of these 

algorithms are texture image classification and video cut detection. However, any other 

application that can be cast as detection or classification is addressable using these and 

other algorithms. Note that the objective in this research is to demonstrate the utility of IC 

features in inferential tasks, and that the following algorithms may not necessarily be 

optimal for a specific task and/or dataset. 

3.3.1  Application to Detection 

Let X  denote the 1×N  vector of IC features, where 13 += LN , and L  is the 

number of wavelet decomposition levels used for compressing the imagery. The objective 

in detection is to decide which one of the null 0H  or alternative 1H  hypotheses generated 

X . For instance, in cut detection, 0H  and 1H  constitute the absence or presence of a cut 

between two consecutive video frames. Various assumptions can be made regarding the 

nature and structure of iH , each giving rise to a different detector. We consider two 

possibilities here.  

One possibility is to assume that 0H  has a parametric structure, i.e.,  

);(~: 00 ΘXX pH , (3.1)

where (.)p  is a known distribution parameterized by 0Θ , which is estimated from the 
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image data, and 

1 0: ~ ( ; )H p Θ/X X . (3.2)

In this case, the detector can be expressed as  

“do not reject 0H , if tp >Θ );( 0X ; reject 0H  otherwise,” 

where the threshold t  controls the trade-off between false positives and false negatives. 

The smaller t  is, the larger the probability of false positives becomes. Note that 

throughout this work, and for a given false positive/false negative trade-off, we use a 

global t  value for all X . 

In this work, we consider the case where (.)p  is Gaussian, i.e., 

1
0 0 0 0 0/ 2 1/ 2

0

1 1( ; , ) exp( ( ) ( ))
2(2 ) | |

T
Np

π
−= − − −X µ R X µ R X µ

R
, (3.3)

where 0µ  and 0R  are the mean vector and covariance matrix of X  under 0H . Note that 

while (.)p  may be non-Gaussian, the Gaussian model still works well in many non-

Gaussian cases [25]. Intuitively, it is reasonable to compare the normalized distance 

1
0 0 0( ) ( )T −− −X µ R X µ  to a properly selected threshold to perform detection. 

The other possibility is to view X  as a probability distribution (after normalization), 

signifying the likelihood of allotting a bit to the subbands. In this case,  

00 : pH =X , 

01 : pH ≠X , 
(3.4)

where 0p  is a distribution estimated from the data corresponding to 0H . The detector in 

this case becomes  

“do not reject 0H , if tpd <),( 0X ; reject 0H  otherwise,” 
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where the test statistic (.,.)d  measures the deviation of X  from 0p  and can be any of 

many possible goodness-of-fit measures. We use the ubiquitous two-sample 2χ  statistic 

given by [20] 

∑ +

−
=

i pii

pipXiXp

NX

NNNXNN 2
2

)(
χ , (3.5)

where piN , Ni ,...,1= , denotes the unnormalized version of ip0 , i.e.,  

0pi i pjj
N p N= ∑ , 

∑= i pip NN , and ∑= i iX XN . Note that ip  inherently has a finite number of bins, which 

makes the 2χ  statistic a suitable choice. Also, the two-sample statistic is used to 

accommodate the fact that 0p  is estimated from the image data. 

The chi-square detector is different from the parametric detector in two aspects. 

First, it assumes that X  is a distribution rather than a random vector. Second, there is no 

prior assumption about the structure of 0p . 

3.3.2  Application to Classification 

The IC distribution of an image can be used for classification as well. Let 

},...,1;{ Cici ==Ω  denote the set of possible class labels for X , where C  is the number 

of classes. We classify X  according to the MAP rule given by  

)|()(maxarg ii
i

cpcpi X= , (3.6)

where )( icp  is the prior probability of ic  and )|( icp X  is the distribution of X  given ic . 

Equivalently, we can use )|( Xicp  in the above rule, depending on which estimate is 
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more convenient to obtain. The values of )( icp  and )|( icp X  are estimated from the 

training set. The value of )( icp  is estimated simply as the proportion of samples in the 

training set that belong to class ic . For estimating )|( icp X , we can use either a 

parametric or non-parametric form. In our experiments, we considered the Gaussian 

distribution and the k-nearest neighbor (kNN) estimate as a parametric and a non-

parametric estimate of )|( icp X , respectively. The Gaussian distribution is given by 

1
/ 2 1/ 2
1 1( | ) exp( ( ) ( ))

2(2 ) | |
T

i i i iN
i

p c
π

−= − − −X X µ R X µ
R

, (3.7)

where iµ  and iR  are the mean vector and covariance matrix of class ic .  

The kNN estimate is given by [25] 

k
n

cp i
i =)|( X , (3.8)

where in  is the number of samples belonging to class ic  that fall within the set of k  

nearest samples to X . Note that we are using the equivalent form of the MAP rule. In 

order to define “nearness” we need to use a distance measure (.,.)d  between X  and the 

samples iY  in the training set. In our experiments, we use the weighted Euclidean 

distance given by 

2

2
1

( )
( , )

N
j ij

i
j j

X Y
d

s=

−
= ∑X Y , (3.9)

where 2
js  denotes the sample variance of ijY . Scaling the features to the same standard 

deviation prevents features with larger variances from dominating the Euclidean distance. 
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3.4 Results 

We assessed the efficacy of IC features in video cut detection and texture image 

classification. The VM version 9.0 [19] implementation of JPEG2000 was used in the 

experiments. The cut detection algorithms were implemented using MATLAB [21] and 

the texture classification algorithms were realized using Tooldiag [22] and MATLAB. 

3.4.1 Video Cut Detection 

The data for cut detection consisted of a segment from the movie Batman Returns, 

as well as five sequences from the TRECVID-2001 database [24]. The ground truth for 

Batman Returns was established by visual examination of the frames. For the TRECVID-

2001 database, the ground truth provided in [24]1 was used. Information on the video 

sequences used in the experiments is listed in Table 3.1. 

The video sequences were losslessly compressed using five wavelet transform 

levels, 32 × 32 codeblocks, and the reversible color transform. In evaluating all cut 

detection algorithms, only the Y (intensity) component of the frames was used. 

For the 2χ  statistic, 0p  was set to the IC distribution of the frame preceding the cut 

candidate. The 2χ  statistic was computed by comparing 0p  to the IC distribution of the 

frame following the cut candidate. 

                                                 
 
1 We believe there are errors (typos, false positives/negatives) in the supplied ground truth files. 
However, for purposes of reproducibility and fairness in comparison, we used the files without 
any corrections. We regarded as “cuts” transition entries in the files whose beginning and end 
indices were different by one frame. This was more accurate than using the “CUT” identifier in 
the entries. 
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For the Gaussian statistic, 0µ  and 0R  were obtained from W  frames preceding the 

cut candidate. The likelihood of the frame following the cut candidate was obtained given 

the distribution parameterized by 0µ  and 0R . We considered four choices for 0R , namely, 

Σ , diag( )Σ , (tr( ) / )NΣ I , and I , where Σ  is the full covariance matrix of the IC features 

in the window of size W , diag(.)  denotes a matrix with the same main diagonal elements 

as those of the argument and zeros elsewhere, tr(.)  is the matrix trace, N  is the number 

of IC features, and I  is the identity matrix. 

For 0 =R I , W  was set to 1, and for other choices of 0R  the values {2, 5, 10, 15}  

were considered for W . The experiments showed that 0 diag( )=R Σ  together with 

10W =  yielded the best results. 

Note that when 0R  was rank-deficient, a regularized version was used. For 

0 diag( )=R Σ , the regularized matrix was  

0 (1 )diag( ) (tr( ) / )Nλ λ= − +R Σ Σ I , (3.10)

Table 3.1. Video sequences used for cut detection experiments. 

Title Source Frame size # of frames # of cuts 
Batman Batman Returns 640×480 20000 334 
anni005 [24] 320×240 11363 38 
anni009 [24] 320×240 12306 39 
bor03 [24] 352×240 48450 230 
bor08 [24] 352×240 50568 378 
senses111 [24] 352×240 86788 292 

* Data for video sequences from [24] are according to the ground truth files supplied with 

the video files. 
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where the regularization parameter λ  was set to 0.001.  

In the experiments, we observed that excluding the IC features for higher resolution 

subbands from analysis improved results, particularly for the TRECVID-2001 video 

sequences. For TRECVID-2001 sequences, this is probably due to the MPEG 

compression noise visible in the sequences, which render the IC of higher resolution 

subbands ineffective. For each detector, we found the number of lower resolution levels 

L  out of a total of six levels at which the accuracy of the detector was maximized. Table 

3.2(a) shows the minimum number of errors (total number of false negatives and false 

positives) in cut detection for the 2χ  and the Gaussian detectors using the optimal L , 

given in parentheses. The minimum error count was found by varying the decision 

threshold between the lowest and highest statistic values for the sequence. The table 

indicates that the Gaussian detector consistently outperforms the 2χ  detector for all the 

video sequences, implying that the Gaussian model is a more suitable choice for 

modeling the IC features than the 2χ  model. 

For comparison, cut detection was also performed using three baseline, pixel-

domain statistics. The statistics considered are the following [11]: 

• Pixel-wise MSE between frames: The MSE ne  between the intensities of frames 1−n  

and n , is given by 

1 2

,

1 ( )n n
n ij ij

i jr c

e I I
N N

−= −∑ , (3.11)

where n
ijI  denotes the intensity of frame n  at pixel ),( ji  and rN  and cN  are the 

dimensions of the frame. 
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• Block-wise MSE between frames: This statistic, which is particularly suited for the 

MPEG compressed domain, is calculated as the MSE between averaged intensity 

values of video frames, where averaging is performed on non-overlapping 8× 8-pixel 

blocks. 

• 2χ  statistic between the gray-level histograms of frames: In this method, the 2χ  

statistic given by  

1 2

1

( )n n
i i

n n n
i i i

m mc
m m

−

−

−
=

+∑  (3.12)

is computed between the intensity histograms of consecutive frames, where n
im  

denotes the number of pixels in frame n  having intensity value i . Note that (3.12) 

has a simpler form than (3.5) due to the fact that the histograms to be tested in (3.12) 

have the same total number of samples. 

The above statistics were used in the following procedure to detect cuts. If tTn > , 

where nT  is the value of the statistic for frame n  and t  is a global threshold, a cut is 

declared between frames 1n −  and n . Otherwise, no cut is declared. The cut detection 

results using the baseline statistics are given in Table 3.2(a). Overall, the MSE detector 

has the highest performance among the pixel-domain detectors, followed closely by the 

block MSE detector. The pixel-domain 2χ detector performs poorly on the video 

sequences. Its poor performance may be attributed to the non-local nature of frame 

histograms from which the 2χ statistic is obtained. 

Previous research (e.g., [23]) has indicated that imposing temporal constraints on 

cut candidates significantly improves detection accuracy. We used the temporal 
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constraints suggested in [23] with a slight modification: 

Declare a cut between frames 1n −  and n  if nT t>  and 

1. nT  is equal to the maximum of iT  values within a symmetric window of size 

2 1m −  about frame n , i.e., 1,..., 1i n m n m= − + + − , and 

2. nT  is larger than l  times the second largest maximum in the window. 

Parameter m  is set to the minimum duration allowed between two consecutive cuts. 

We chose to restrict the minimum duration to half a second, thus setting 15m =  for a 

video frame rate of 30 frames/second. The value of l  was set to 3 following [23]. Table 

3.2(b) shows the results after imposing the temporal constraints. Note that the 

performance of all detectors benefited from the temporal constraints. However, the 

Gaussian detector made the least gain from the constraints. This is due to the fact that the 

Gaussian detector already uses a window for computing the covariance matrix 0R , 

incorporating the local temporal information into the detector decisions. 

The better performance of pixel-domain detectors compared to that of detectors 

using IC features may be attributed to the spatially localized nature of MSE and block 

MSE features. This explanation is based on our previous observation regarding the poor 

performance of pixel-domain 2χ  features. 
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We also compared the performance of the detectors on the TRECVID-2001 

sequences to that of the system designed at IBM, which achieved the highest overall 

performance in the TRECVED-2001 benchmarking effort. The comparison was 

performed using the software SBSoft provided in [24]. SBSoft tolerates misalignments of 

up to five frames between detected cuts and the ground truth, leading to slightly smaller 

Table 3.2. Experimental results for cut detection. (a) Number of errors and corresponding 

threshold values for IC features with optimal levels of decomposition and baseline 

statistics, without time constraints; (b) number of errors after incorporating temporal 

constraints. 

(a) 

# of errors / optt  
Title IC ( 2χ ) 

( 3L = ) 
IC (Gaussian) 

( 5L = ; 10W = ) MSE Block 
MSE 

2χ  

Batman 224 1.241 121 154.1  144 1109 147 865.9 238 33760
anni005 20 1.331 7 359.4   4 2963 4 3497 28 61250
anni009 24 1.359 6 177.3   3 2915 6 2714 30 57480
bor03 170 1.234 50 154.0   17 1525 15 1027 134 16930
bor08 209 1.030 86 174.5   122 2224 129 1629 125 21560
senses111 124 0.7596 27 193.6 7 2194 8 1575 33 9692 
Total 771 n/a 297 n/a 297 n/a 309 n/a 588 n/a 

(b) 

# of errors / optt  
Title IC ( 2χ ) 

( 4L = ) 
IC (Gaussian) 

( 5L = ; 10W = ) MSE Block 
MSE 

2χ  

Batman 93 1.733 115 154.1 94 873.7 97 804.0  84 0 
anni005 12 0 7 359.4   3 2943 3 1354 9 0 
anni009 8 0 6 177.3   2 2434 2 1432 10 0 
bor03 57 0 44 154.0   11 1303 7 472.4 45 10260
bor08 113 0 86 134.6 62 974.6 51 267.0 55 0 
senses111 61 0 16 103.2 3 970.6 3 852.3 5 7000 
Total 344 n/a 274 n/a 175 n/a 163 n/a 208 n/a 
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error counts than for regular error counting. The error counts for the IBM detector were 

computed from the precision and recall values reported in [24]. The results are compared 

in Table 3.3. Note that the block MSE detector outperformed the IBM detector. This is 

perhaps due to the fact that the two detectors operate in different parts of the ROC curve, 

i.e., they maintain different false positive/false negative balances.  

3.4.2 Texture Classification 

We performed texture image classification experiments on a set of 480 128× 128 8-

bit gray-scale texture images belonging to 30 classes, with 16 images per class. The 

images were obtained by splitting 30 512× 512 images from the VisTex database [18]. 

The list of texture images is given in Table 3.4. The images were compressed losslessly, 

as well as at 0.25, 0.5, 1, and 2 bits/pixel using 3L =  and 16 16×  codeblocks, yielding 

3 1 10N L= + =  IC features per image. We used smaller codeblocks to lower the 

deviations of the actual compression rates from target rates, caused by the small size of 

Table 3.3. Numbers of errors using IC Gaussian, block MSE, and IBM detectors. IC 

Gaussian and block MSE detectors are the same as the ones in Table 2(b). Error counts 

were obtained using SBSoft [24]. 

# of errors 
Title IC (Gaussian) 

( 5L = ; 10W = ) Block MSE IBM 

anni005 7 3 3 
anni009 5 2 5 
bor03 42 7 18 
bor08 83 52 17 
senses111 14 1 1 
Total 151 65 77 
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the images. 

To improve classification accuracy, feature selection was performed on the IC 

features using exhaustive search [25]. Exhaustive search entails evaluating all possible 

feature subsets and picking the subset achieving the best optimality criterion. The leave-

one-out (LOO) estimate of classification accuracy [25] on the training set was used as the 

optimality criterion. In LOO, one sample is excluded from the training set, the classifier 

is trained on the remaining samples, and the trained classifier is tested on the excluded 

sample. This process is repeated for all samples in the training set and the total number of 

misclassified samples is used to estimate the LOO error rate on the training set.  

The LOO classification accuracy estimate was also used for selecting the best k 

value for the kNN classifier. For each choice of k, a feature subset maximizing the LOO 

accuracy was selected using exhaustive search. Then, the LOO accuracies for different 

choices of k were compared. The combination of the k value and the corresponding 

feature subset that yielded the highest LOO accuracy was selected. The values considered 

for k were {1, 2, 5, 10, 20, 50, 100}.  

The probability of error ( eP ) was estimated via K-fold cross-validation (CV) [26]. 

This involves splitting the dataset into K equal subsets. Each subset is used once as the 

Table 3.4. Texture images from the VisTex database used in the classification 

experiments. 

Bark.0000 Bark.0004 Bark.0006 Bark.0008 Bark.0009 Brick.0001 
Brick.0004 Brick.0005 Fabric.0000 Fabric.0004 Fabric.0007 Fabric.0009 
Fabric.0011 Fabric.0013 Fabric.0016 Fabric.0017 Fabric.0018 Food.0000 
Food.0002 Food.0005 Food.0008 Grass.0001 Sand.0000 Stone.0004 
Tile.0001 Tile.0003 Tile.0007 Water.0006 Wood.0001 Wood.0002 
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test set and the rest of the subsets are pooled together and used as the corresponding 

training set. For each of the K training sets, feature selection and classifier design are 

performed. The classifier is then evaluated on the corresponding test set and an estimate 

of the error rate is obtained for that particular test set. The value of eP  is then estimated 

as the average of the error rate estimates over the K test sets. In this study, K was set to 5.  

For comparison against IC features, subband variances 2
lσ , given by  

2 ( )2 ( ) 21 1( )n n
n ij ij

i j i jr c r c

x x
N N N N

σ = −∑∑ ∑∑  (3.13)

were also considered as baseline features for classification, where ( )l
ijx , 1,..., ri N= , 

1,..., cj N= , 1,...,n N= , denotes a wavelet coefficient in subband n  of size r cN N , and 

10N =  as in the case of IC features. In our experiments, it was found that the logarithm 

of variance features performed better than the variance features for some compression 

rates. Therefore, we will report the results for both cases1. 

Table 3.5 summarizes the classification results using IC and variance features. For 

lossless compression, the IC features perform as well or even better than variance 

features. However, for lossy compression, the performance of IC features deteriorates 

more significantly than that of variance features. This decline is caused in part by the fact 

that IC features lose one degree of freedom compared to variance features, due to the fact 

that the total bit budget is identical for all images. We can alleviate this loss by storing 

                                                 
 
1 Other transformations of the features are possible, which may yield better accuracies. The use of 
the log transformation was motivated by the logarithmic relationship between variance and rate in 
the high-rate quantization regime. 
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side-information in the comment segment of the main header of the compressed 

codestream at the time of compression. One useful piece of side-information is inspired 

by the high-rate, reverse water-filling rate allocation equation given by1 

2

2
1 log
2

i i
i

nr R
G
σ

= + , 

2 1 /

1

( )
N

N
j j

j

G n σ
=

= ∏ , 

(3.14)

where R  denotes the average bit budget, and in  and 2
iσ  are the number and variance of 

the wavelet coefficients in subband i , respectively. Note that if we were to find 2
iσ  using 

ir , we would need to know G . This motivates the use of the knowledge of G  as side 

information. Using this side-information, we estimated 2
iσ  and used the estimates as 

features for classification. We noted in the classification experiments that the logarithm 

of 2
iσ  performed better than 2

iσ . Table 3.5 shows eP  for the log-of-variance features. 

The table indicates that the use of G  as side-information improves the classification 

accuracies to the level of accuracies using variance (or log-of-variance) features. 

We compared the classification results using IC features to those of histogram and 

co-occurrence features reported in [27]. To the best of our knowledge, [27] reports the 

highest classification accuracies for the same set of images. To make the results 

comparable, we split the texture images into 64 × 64 subimages, and used an LOO 

                                                 
 
1 We assume for simplicity that coefficients in all subbands follow the same distribution shape 
and that the distributions are only different in their variances. 
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estimate for both classifier training and estimating eP . The subimages were losslessly 

compressed using the same compression parameters as before. The classification results 

are shown in Table 3.6. Note also that our estimate of eP  using variance features is very 

close to that reported in [27] for energy features, confirming the validity of the proper 

duplication of [27]. 

We verified the statistical meaningfulness of our results obtained from 480 samples 

by finding the size of the 95% confidence interval for the highest classification error 

obtained from the best performing compressed- and decompressed-domain features per 

each rate. Using the Gaussian approximation to the binomial distribution, the 95% 

confidence interval (CI) for eP  is given by 

(1 )1.96 e eP P
n
−

± , (3.15)

Table 3.5. Five-fold CV estimates of the PE using IC and variance features for texture 

images compressed at different rates. 

Five-fold CV eP  (%) 
Rate (bpp) Classifier 

IC Log(est var) Variance Log(variance) 
Gaussian 2.50 N/A 10.21 5.83 Lossless kNN 6.25 N/A 8.96 5.00 
Gaussian 23.33 13.96 10.62 10.62 2 kNN 19.37 9.38 7.92 7.08 
Gaussian 26.67 15.00 14.38 8.33 1 kNN 20.00 11.46 6.87 5.83 
Gaussian 31.04 14.79 15.00 10.00 0.5 kNN 23.75 11.46 9.38 17.08 
Gaussian 38.75 19.58 19.37 25.21 0.25 kNN 42.08 13.96 21.25 37.71 
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where n  is the total number of samples. For 0.2125eP =  and 480n = , the CI is ±3.7%. 

The CI is becomes smaller for 0.2125eP < . The validity of our results for 480 images and 

lossless compression (Table 3.5) is further confirmed by the reasonably comparable 

accuracies obtained with 1920 images (Table 3.6). 

3.4.3 Computational Complexity Comparison 

In this section, we demonstrate the computational advantage of using IC features 

for compressed-domain content analysis over decompressed-domain analysis. Due to the 

variety of features possible in the decompressed domain, we did not compare the 

complexity of feature computations between compressed and decompressed domains. 

Rather, we compared the complexity of decoding the entire compressed codestream to 

that of decoding only its headers. Computing almost any set of features from the 

decompressed imagery would incur a higher computational cost than that of computing 

IC features from the decompressed headers. Thus, the above-mentioned comparison 

strategy yields a lower bound on the difference between the computational complexity of 

Table 3.6. Error rates for IC, variance, energy, and histogram and co-occurrence features. 

Feature set Classifier LOO eP  (%) 
Gaussian 4.32 IC kNN 9.90 
Gaussian 4.58 Log(variance) 
kNN 9.84 
Gaussian N/A Energy [27] kNN 10.9 
Gaussian N/A Histogram and co-

occurrence [27] kNN 1.2 
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compressed- and decompressed-domain analysis. 

We compared the decoding time for the Batman video sequence described in Table 

3.1 and compressed according to the parameters mentioned in Section 3.4.1 to that of 

decoding only its headers. For this study, we used Kakadu version 5.1 [28], which 

provides a highly optimized implementation of JPEG2000. The study was run on a 

2.8GHz Xeon platform running the Fedora release of Linux. The running time for 

decoding only the headers was 179 seconds vs. 4200 seconds for decoding the entire 

codestream. Hence, extracting IC features is more than 23 times faster than obtaining 

pixel-domain features1. Also, extracting IC features is more than 3.7 times faster than 

real-time video playback, suggesting that IC features can be extracted (and analyzed) for 

real-time applications, such as video surveillance. 

                                                 
 
1 Note that for wavelet-domain analysis, the inverse wavelet transform need not be performed. 
However, the wavelet transform constitutes a relatively small fraction of JPEG2000 decoding 
complexity. 
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CHAPTER 4: RATE ALLOCATION FOR JOINT COMPRESSION AND 

CLASSIFICATION 

4.1 Previous Work 

Previous work on joint compression and classification has involved the design of 

two types of compression algorithms. In [2, 3, 5], vector quantization (VQ) algorithms 

have been proposed, and in [4], a transform coder has been presented. For the design of 

VQ’s, Lloyd-type algorithms [2, 5] and a learning vector quantization-based algorithm [3] 

have been developed. 

In [4], the Karhunen-Loeve transform has been shown to be locally optimal for 

joint compression and classification of class-conditional distributions in the form of 

Gaussian mixtures, and a rate allocation scheme has been derived to minimize the loss in 

the Chernoff distance between the class-conditional distributions. The rate allocation 

scheme is based on the high-rate analysis of Poor [6], which approximates the loss in the 

Chernoff distance as a WMSE criterion whose weights depend on the class-conditional 

distributions of the transform coefficients. 

The JPEG2000 standard permits the minimization of a WMSE distortion measure 

on the wavelet subbands. We exploit this feature for joint image compression and 

classification. Our aim in classification is to distinguish between images belonging to one 
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of two possible classes. Classification is performed based on the wavelet subband 

coefficients. The joint distortion measure is defined as a linear combination of the MSE 

in the image domain and the loss in the BD between the class-conditional distributions in 

the wavelet domain. Similar to [4], we use Poor’s result [6] to approximate the loss in the 

BD using the WMSE criterion. Thus, the joint criterion to be minimized also takes the 

form of the WMSE. The weights in the WMSE criterion are derived under the 

assumption that the subband coefficients follow GGD’s. The choice of the GGD for 

modeling subband coefficients is supported by experimental studies of the statistics of 

natural images [29, 30]. 

The chapter is organized as follows. In the next section, we derive the WMSE 

criterion as an approximation to the BD and show that its minimum is achieved using 

reverse water-filling. Then, we present experimental results using synthetic images. 

4.2 Distortion Function for Joint Compression and Classification 

4.2.1 Classification, Detection, and the Bhattacharyya Distance 

Bayes probability of error is the most widely used measure of performance in 

classification problems. However, with the exception of a few cases, it is often 

impossible to express and analyze mathematically. We thus turn to the more tractable 

Bhattacharyya upper bound on the Bayes error. Let x  denote the wavelet transform 

coefficients of an input image I, re-arranged to form an 1N ×  vector. Let 

( ) ( | )i ip p c=x x , 0, 1i = , denote the conditional probability of x  given class ic . The 

Bayes probability of error, Pε , is given by 



 
 

45

0 0 1 1min( ( ), ( )) NP P p P p dxε = ∫ x x  (4.1)

where iP  denotes the prior probability of class i . Using the trivial inequality  

min( , )a b ab≤ , 

for , 0a b ≥ , we get the Bhattacharyya bound, B ,  and the BD, 0 1( , )d p p , given by [25] 

0 1( , )
0 1 0 1 0 1( ) ( ) d p pNB P P p p dx P P e−= =∫ x x , (4.2)

where B Pε≥ . We can express B  in an alternative form as 

1/ 2
0{ ( ) }B E l= x  (4.3)

where 1 0( ) ( ) / ( )l p p=x x x  is the likelihood ratio, and 0{.}E  denotes expectation with 

respect to 0 ( )p x . 

The area under the receiver-operating characteristic (ROC) curve (AUC) is an 

important performance measure in detection problems. The AUC has been related to the 

BD through several bounds and approximations [31, 32]. Barrett et al. [31] have shown 

that for equally likely classes,  

0 1
1AUC 1 exp( 2 ( , ))
2

d p p≥ − − , (4.4)

and 

0 1AUC 1 (2 ( , ))Q d p p≈ − , (4.5)

where 

21( ) exp( )
22 x

tQ x dt
π

∞
= −∫ . (4.6)

An attractive property of the BD is that, under the assumption of independence, it is 
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additive with respect to the elements of x , i.e., 

0 1 0 1
1

( , ) ( ( ), ( ))
N

i i i i
i

d p p d p x p x
=

= ∑ , (4.7)

where 
1

( ) ( )N
j ji ii

p p x
=

=∏x , 0, 1j = . We will take advantage of this property in the 

following subsection. 

4.2.2 Bhattacharyya Distance and Fine Quantization 

Let ( )Q=x x% , where (.)Q  denotes uniform quantization, and define ( | )i ip p c= x% % , 

0, 1i = . Let 1/ 2
0 0 1 0( , ) ln { ( ) }d d p p E l= = − x  and 1/ 2

0 0ln {( { ( ) | }) }d E E l∆ = − x x%  be the 

BD before and after uniform quantization, respectively, where the conditional expectation 

0{ ( ) | }E l x x%  estimates the likelihood ratio given x% . It can be shown that [6] 

1/ 2 1/ 2
0 0 0 0

1/ 2
0

ln {( { ( ) | }) } ln { { ( ) | }}
ln { ( ) | },

E E l E E l
E l

− ≤ −
= −

x x x x
x x

% %

%
 (4.8)

where the inequality is Jensen’s inequality [33] and the equality is the iterative property 

of conditional expectations. That is to say that the BD for quantized data cannot exceed 

the BD for unquantized data. The loss 0d d∆−  due to fine uniform quantization can be 

characterized using the high-rate analysis of Poor [6] as 

2
0 ln(1 )d d α∆− ≈ + ∆  (4.9)

where ∆  denotes the quantization step size and 

2 1/ 2
0

0

{ ln ( ) ( ) }1
96

E l l
d

α
∇

=
x x

. (4.10)

For 2 1α∆ << , we can use the Taylor series to further approximate the loss as 
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2
0d d α∆− ≈ ∆ . 

At high rates, the MSE for each element ix  of x  can be expressed as 

2MSE 12i /= ∆ . Thus, the loss in the BD can be related to MSEi  as 0 i12 MSEd d α∆− ≈ . 

When the ix  are independent, we can write 

2
0 0 i

1 1 1

( ) 12 MSE
N N N

i i i i i
i i i

d d d d α α∆ ∆
= = =

− = − ≈ ∆ =∑ ∑ ∑ , (4.11)

where 

2 1/ 2
0

0

1 {( ln ( ) / ) ( ) }
96

i i i i i
i

i

E d l x dx l x
d

α =  (4.12)

and 1 0( ) ( ) / ( )i i i i i il x p x p x= . Equation (4.11) has the form of a WMSE function with 

weights 12 iα . 

To gain insight into the meaning of iα , consider the case of Gaussian class-

conditional densities ( ) ~ ( , )j j jp N Σx µ , 0, 1j = , where 2diag( )j jiσΣ = . We have 

2 21 ( )
96i i i i i iB C AC Dα ⎡ ⎤= + +⎣ ⎦  (4.13)

where 

2 2
0 1 1 0

2 2
0 1

i i i i
i

i i

A µ σ µ σ
σ σ

+
=

+
,    

2 2
0 1

2 2
0 1

2 i i
i

i i

B σ σ
σ σ

=
+

,    2 2
0 1

1 1
i

i i

C
σ σ

= − ,    and 1 0
2 2
1 0

i i
i

i i

D µ µ
σ σ

= − . (4.14)

In the case 2
0 1 diag( )iσΣ = Σ = , (4.13) simplifies to 

2
0 1

4

1 ( )
96

i i
i

i

µ µα
σ
−

= , (4.15)

and in the case 0 1= =µ µ µ , it simplifies to 
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2 2 2
0 1
2 2
0 1

1 (1/ 1/ )
48 1/ 1/

i i
i

i i

σ σα
σ σ

−
=

+
. (4.16)

The above expression corrects the result given by Jana and Moulin [7, 8].  

Equations (4.15) and (4.16) behave in a similar way as the BD for normal distributions, 

given by [25] 

2
0 1

0 1 2

1 ( )( , )
8

i i
i i

i

d p p µ µ
σ
−

= , (4.17)

for equal covariance matrices, and 

2 2
0 1

0 1 2 2
0 1

1( , ) ln
2 2

i i
i i

i i

d p p σ σ
σ σ
+

= , (4.18)

for equal mean vectors. This indicates that the elements of x  that contribute more 

significantly to the BD have a larger iα . This implies that under a rate constraint, such 

elements must be quantized at a higher rate than others to maximize the classification 

information retained in x% . 

In many image processing tasks such as compression and classification, the GGD 

has been shown to be a suitable model for representing the distribution of wavelet and 

discrete cosine transform coefficients (See, e.g., [29, 30]). The GGD ( , , )G a bµ  is given 

by 

( ) exp( ( ) )
2 (1/ )

bxbp x
a b a

µ−
= −

Γ
 (4.19)

where µ , a , and b  denote the mean, width parameter, and shape parameter of the 

distribution, and (.)Γ  denotes the Gamma function. The parameters of the GGD 
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distribution can be estimated via moment-matching or maximum-likelihood (ML) 

estimation [29, 30]. For the general case where 

1

( ) ~ ( , , )
N

j ji ji ji
i

p G a bµ
=
∏x , 0, 1j = , (4.20)

parameter iα  should be determined by numerical evaluation of (4.12). However, in the 

special case where 0 1i i iµ µ µ= =  and 0 1i i ib b b= = , iα  has a closed form given by 

2( 1)
2

1 0

0 1

1 (2 1/ ) 1 1 2( )( )1 196 (1/ )

i

i

i i

i i

b
bi

i i b b
i i i

b b
i i

bb
b a a

a a

α
−

Γ −
= −

Γ +
. (4.21)

When 2ji jia σ= , 0, 1j = , and 2ib = , 1,...,i N= , (4.21) reduces to (4.16). 

4.2.3 Joint Distortion Function 

To minimize the MSE in the image domain, we need to minimize the WMSE 

criterion given by 

1

WMSE MSE
N

i i
i

g
=

= ∑  (4.22)

in the wavelet domain, where ig  denotes the synthesis gain for subband i  [9]. The joint 

compression and classification distortion function is thus formed as a linear combination 

of (4.11) and (4.22) given by 

i
1 1

((1 ) 12 )MSE MSE
N N

i i i i
i i

J gλ λα β
= =

= − + =∑ ∑  (4.23)

where (1 ) 12i i igβ λ λα= − + , and the parameter λ  controls the trade-off between the 

MSE and the loss in the BD. When 0λ = , J  reduces to the MSE criterion, and when 
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1λ = , J  reduces to the loss in the BD. 

4.2.4 Optimal Rate Allocation 

The rate allocation problem consists of finding rates iR  for quantizing ix  subject to 

two constraints on the rate and can be stated as  

minimize J  such that 
1

1 N

i
i

R R
N =

≤∑ , and 0iR ≥  for all i . (4.24)

Under a high-rate regime, MSEi  and iR  are related via 22MSE 2 iR
i iε

−= , where 

2 ( )2 (1/12) ih x
i eε =  and ( )ih x  is the differential entropy of ix  [9]. The minimizer of (4.24) 

is given by  

2

2 1/

2

1

1 log
2

i i
i N

N

j j
j

R R ε β

ε β
=

= +
⎛ ⎞
⎜ ⎟
⎝ ⎠
∏

, 
(4.25)

assuming that 0iR ≥ , 1,...,i N= . This is the reverse water-filling equation for rate 

allocation to independent Gaussian random variables with variances 2
i iε β  (cf. Section 

2.2). 

4.3 Simulation Results 

We assessed the merit of the rate allocation scheme in (4.25) through simulations 

on synthetic images. The Kakadu [28] implementation of JPEG2000 was used in the 

simulations. The wavelet transform coefficients of each image are assumed to be 

independent within and between subbands, and identically distributed within subbands. 
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The subband coefficients for image i  in subband j , 1,...,j J= , follow the GGD 

(0, , )ij ijG a b . These assumptions are reasonably accurate for most natural images, 

provided that the image has zero mean. The above assumptions also allow us to estimate 

the parameters of the joint distribution of the wavelet coefficients for each class i , 

0, 1i = , using a single, sufficiently large simulated image i  for that class. The simulated 

images have 512 512×  pixels, are quantized to 16-bit signed integers in the pixel domain, 

and are transformed using one level of wavelet transformation ( 4J = ). 

We considered two cases in the simulations, namely, 0 1j jb b=  (Dataset 1) and 

0 1j jb b≠  (Dataset 2). To achieve more realistic results, we selected the ijb  according to 

those of two natural texture images in the MIT VisTex database [18], namely, Grass.0001 

(class 0) and Sand.0000 (class 1). We estimated the shape parameters of these images 

using the ML method as described in [30] and implemented in [34] and generated the 

synthetic images according to the resulting estimates. The shape parameters were once 

estimated under the 0 1j jb b=  assumption, and once without this assumption. The ML 

method in [30] was slightly modified to accommodate the case 0 1j jb b= .  The resulting 

shape parameters as well as the arbitrarily selected width parameters used in generating 

the synthetic images are listed in Table 4.1. 

Once the images were synthesized, the shape and width parameters of the GGD’s 

underlying each of their subbands were estimated using the ML criterion as described 

above. Parameters iα  were then obtained from these estimates. For Dataset 1, iα  were 

determined via (4.21). For Dataset 2, iα  were obtained once via (4.21) under the 0 1j jb b=  
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assumption and once via (4.12) under the 0 1j jb b≠  assumption. The weights iβ  were 

subsequently determined using (4.22). The BD after compression d∆  was estimated 

directly from the compressed images using (4.2) as an approximation to the definition of 

d∆  given at the beginning of Section 4.2.2. These two estimates of d∆  are close in the 

high-rate regime. 

Figure 4.1, Figure 4.2, and Figure 4.3, show the MSE and the loss in the BD for  

Dataset 1 and Dataset 2, using three choices of λ  and different rates. The results agree 

with the theory for almost all choices of rate and λ . Increasing the rate decreases both 

the MSE and the BD loss as expected. Varying λ  controls the trade-off between the 

MSE and BD loss. Increasing λ  increases the MSE while reducing the BD loss. The 

effect of λ  on the BD loss is most visible at moderately high rates. Note that usually the 

MSE is several orders of magnitude larger than the BD loss. Therefore, λ  must be a 

Table 4.1. Parameters of the GGD distributions for (a) Dataset 1, and (b) Dataset 2.  

(a) 

 Class 0 Class 1 
Subband Shape Width Shape Width 

LL 2.7 12000 2.7 4000 
HL 1.3 5000 1.3 1500 
LH 1.3 5000 1.3 1000 
HH 1.3 2500 1.3 500 

(b)  

 Class 0 Class 1 
Subband Shape Width Shape Width 

LL 6.9 12000 2.0 4000 
HL 1.0 5000 1.7 1500 
LH 1.0 5000 1.6 1000 
HH 1.1 2500 1.6 500 
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number very close to 1 in order for the BD loss term to figure in J . 

Figure 4.2, and Figure 4.3 show the results for Dataset 2 obtained from equal and 

unequal shape parameter assumptions, respectively. As the Figures suggest, the equal 

shape parameter assumption in this example did not affect the results significantly. 

However, in general this assumption should be used with caution. 
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Figure 4.1. (a) MSE and (b) loss in BD for Dataset 1.  
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(b) 

Figure 4.2. (a) MSE and (b) loss in BD for Dataset 2 assuming equal shape parameters. 
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(b) 

Figure 4.3. (a) MSE and (b) loss in BD for Dataset 2 assuming unequal shape parameters. 
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CHAPTER 5: RATE ALLOCATION FOR NONBINARY 

CLASSIFICATION AND DEPENDENT SOURCES  

The developments in Chapter 4 and [4, 35] are based on the assumption that 

1
( ) ( )N

j ji ii
p p x

=
=∏x , 0, 1j = , i.e., the elements of x  are independent conditioned on 

class j . Unfortunately, closed-form rate-allocation schemes based on the BD are 

possible only under this conditional independence assumption. For dependent sources, 

iterative search strategies in the rate space are needed and may lead to local minima of 

the loss in the BD. Moreover, the BD is only applicable to binary hypothesis testing 

problems. 

In general, the rate-allocation problem with the goal of minimizing the quantized 

Bayes error is intractable and finding the optimal rates requires exhaustive search of the 

rate space. 

Hu and Blum [36] considered the rate allocation problem for dependent sources 

under nonbinary hypothesis testing. They showed that there is a maximum rate necessary 

to communicate the output of a given source, and increasing the rate beyond this 

maximum does not improve the overall quantized Bayes error. The value of this 

maximum depends on the rates allocated to the other sources. They used this result to 

eliminate some of the candidates in the exhaustive search for optimal integer rates. 
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This chapter presents a rate-allocation scheme based on a new bound on the 

quantized Bayes error. The primary advantages of this scheme are that it allows for an 

intuitive, closed-form rate-allocation scheme for dependent sources and nonbinary 

hypothesis testing when the Bayes decision boundary is piecewise linear. We consider 

continuous rates similar to the previous chapter and [4, 35]. 

In the next section, we present our new upper bound on the quantized Bayes error. 

We use the bound to address the rate-allocation problem for two sources for which the 

unquantized Bayes decision boundary is linear. An important instance of this scenario is 

the detection of known signals in correlated Gaussian noise. We extend this result to the 

piecewise linear decision boundary. Moreover, we show an extension of the rate-

allocation scheme to the case where a joint compression and classification criterion is to 

be optimized, where the compression criterion is the WMSE. Finally, simulation 

examples are presented. 

5.1 New Upper Bound on Quantized Bayes Error 

Consider the classification problem shown in Figure 5.1. The observations are 

uniformly quantized with the quantization cell boundaries at -3, -2, …, 6. The 

unquantized Bayes decision boundary 0δ  is shown with a dotted line. The quantized 

Bayes boundary δ ∆  (solid line) consists of one of the quantization cell boundaries for the 

cell that encompasses the unquantized Bayes boundary. Note that the observations that 

fall into quantization cells other than this cell will be classified to the same class both 

before and after quantization. Thus, quantization of such observations does not result in 
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additional misclassifications. The only observations quantization of which may incur 

additional misclassifications are those that fall into the quantizer cell encompassing 0δ . 

Let 0Pε  and Pε
∆  denote the unquantized and quantized Bayes errors, respectively. 

We can write the above observation as 

0
i

i B

P Pε ε ε∆

∈

= +∑  (5.1)

where B  is the set of quantizer cells that encompass 0δ , and iε  is the contribution of 

quantizer cell i  to Pε
∆ , where i B∈ . We can further write 

 

-3 -2 -1 0 1 2 3 4 5 6 
  

Figure 5.1. Illustrative classification example. The dotted vertical line represents the 

unquantized Bayes decision boundary and the solid line shows the quantized Bayes 

boundary. The observations are quantized to integer values. 
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*

*

0 i
i

i Bi

P P V
Vε ε

ε∆

∈

≤ + ∑  (5.2)

where iV  is the volume of the quantizer cell i , and * arg max i B i ii Vε∈=  denotes the 

index of the cell with the largest i iVε  value. For uniform quantization, we have iV V= , 

i B∀ ∈ . Thus, (5.2) simplifies to 

*
0

i
P P Nε ε ε∆ ≤ +  (5.3)

where N  denotes the number of quantizer cells1 that encompass 0δ . Equation (5.3) holds 

for nonbinary problems as well. In that case, B  denotes the set of quantizer cells that 

encompass all segments of the Bayes decision boundary between all pairs of classes. 

5.2 Rate-Allocation for the Bayes Linear Decision Boundary 

Of the terms on the right-hand side of (5.3), we can control N  via rate-allocation. 

To illustrate this, consider the unquantized linear Bayes boundary in Figure 5.2. We can 

write 

1 2

1 2

2

1

1

s

s s

U UN

U
=

⎡ ⎤ ⎡ ⎤
= + −⎢ ⎥ ⎢ ⎥∆ ∆⎢ ⎥ ⎢ ⎥

≈
∆∑

 (5.4)

where sU  and s∆ , 1, 2s = , denote the extent of the boundary and quantization step size 

for source s , respectively, and .⎡ ⎤⎢ ⎥  is the ceiling function. The rate-allocation problem for 
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fine, uniform quantization can be then expressed as 

minimize 
2

1

s

s s

UN
=

≈
∆∑   

such that log s
s

K∆ ≥∑ , 
(5.5)

where K  is a function of total bit budget, expressed as the log-area of quantizer cells. 

Note that K  is also an explicit function of the class-conditional densities due to its 

dependence on the differential entropy of the source observations. However, N  does not 

                                                                                                                                                 
 
1 Without loss of generality and to simplify presentation, we assume that the decision boundary 
has finite support and thus N  is finite. The results are easily generalized to the case of infinite 
support. 

 

2∆

1∆

1U

2U

 
Figure 5.2. A linear Bayes boundary for two sources and its encompassing quantization 

cells marked in bold. 
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explicitly depend on the class-conditional densities; the only assumption that weakly 

links N to the class-conditional densities is that 0δ  is linear. 

Applying the method of Lagrange multipliers to (5.5), the relationship between 1∆  

and 2∆  is found as 

2 2

1 1

U
U

∆
=

∆
. 

(5.6)

Note that relationship in (5.6) does not uniquely determine 1∆  and 2∆ . Among the 

uncountable solutions to (5.6), the one that satisfies the constraint in (5.5) should be 

chosen. 

The above result suggests that the source observations that contribute more to class 

separation should be encoded more finely. To further illustrate this, consider the case in 

Figure 5.2 when 0δ approaches a vertical line. In this case, source 1 provides all the 

classification information and source 2 does not provide any separation. Intuition 

suggests that all of the bit budget should be allotted to source 1 and source 2 should be 

completely ignored. Indeed, for 0δ  approaching a vertical line, we have 1U  approaching 

0 and thus (5.6) prescribes 1∆  to be as small as the rate constraint permits, which 

confirms our intuition. 

It is interesting to compare the step sizes above to those obtained by the 

minimization of the BD loss as prescribed in Chapter 4. Let ( ) ( | )i ip p c=x x , 0, 1i = , 

denote the class-conditional densities for the 2 1×  observation vector x  given class ic . 

Assuming Gaussian densities ( ) ~ ( , )i ip Nx µ I , 0,1i = , where 0 =µ 0 , 1 =µ µ , and I  is 
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the identity matrix, the rate-allocation problem to minimize the BD loss can be written as 

minimize 
2

2

1
s s

s

α
=

∆∑  

such that log s
s

K∆ ≥∑  
(5.7)

where 2
s sα µ∝ . Using the method of Lagrange multipliers, we get 

2 1

1 2

µ
µ

∆
=

∆
, 

(5.8)

which is identical to (5.5). Thus, for the binary hypothesis testing problem involving two 

sources with independent Gaussian class-conditional densities, minimizing the BD loss 

and the new bound result in the same rate allocation to the sources. 

5.3 Extensions 

5.3.1 Piecewise Linear Bayes Decision Boundary 

Equation (5.4) can be generalized to the case where the Bayes decision boundary is 

piecewise linear. In that case, 

1 2

1 1 2

2

1 1

1

1

L
l l

l

L

ls
s ls

U UN

U

=

= =

⎡ ⎤ ⎡ ⎤
= + −⎢ ⎥ ⎢ ⎥∆ ∆⎢ ⎥ ⎢ ⎥

≈
∆

∑

∑ ∑
 (5.9)

where L  denotes the number of segments in the decision boundary, and lsU  denotes the 

extent of segment l  for source s . The rate-allocation problem can again be expressed as 

in (5.5) and solved using the method of Lagrange multipliers to get 
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2
2

1 1

l
l

l
l

U

U
∆

=
∆

∑
∑

. 
(5.10)

The right-hand side of (5.6) can be thought of as the “average” slope of the line segments 

that constitute the Bayes boundary. 

5.3.2 Joint Compression and Classification 

We use a linear combination of the WMSE as the fidelity criterion for human 

observation and the bound in (5.3) to characterize classification performance to form a 

joint distortion criterion J . Criterion J  is given by 

2

1

(1 ) MSEs s
s

J w Nλ λ
=

= − +∑ , 
(5.11)

where MSEs  and sw  are the MSE and associated weight for source s . Parameter 

[0, 1]λ ∈  controls the trade-off between the WMSE and the classification criterion. 

When 0λ = , J  reduces to the WMSE criterion, and when 1λ = , J  reduces to the 

classification criterion. 

Minimizing (5.11) subject to a rate constraint yields  

( )2 2 1 2
1 1 2 2

1 2

1 0
6

U Uw wλ λ
⎛ ⎞−

∆ − ∆ − − =⎜ ⎟∆ ∆⎝ ⎠
. 

(5.12)

The above equation is a forth-order polynomial and can be solved via standard root-

finding techniques. Note that only one of the four roots of (5.12) corresponds to the 

minimum of (5.11). 
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5.4 Examples 

In this section, we show by numerical examples the efficacy of the proposed rate-

allocation scheme. 

5.4.1 Binary Hypothesis Testing in Dependent Gaussian Noise 

This example deals with binary hypothesis testing where observations follow 

Gaussian class-conditional distributions with identical covariance matrices, but different 

means. It can be thought of as known signal detection in uncorrelated or correlated 

Gaussian noise. Assume ( ) ~ ( , )i ip Nx µ C , 0,1i = , where 0 =µ 0 , 1 [2 0.2]T=µ , and 

1
1
r

r
⎡ ⎤

= ⎢ ⎥
⎣ ⎦

C . The unquantized Bayes decision boundary is given by  

0 1
1: 0T aδ − + =µ C x , (5.13)

where a  is a constant. From (5.6), we have 

2

1

2 0.2
2 0.2

r
r

∆ +
=

∆ +
. 

(5.14)

Table 5.1 shows Pε
∆  for the rate constraint 2log 2ss

∆ ≥∑  and four choices of 

quantization step sizes: 

• 1 2∆ = ∆ , which minimizes the MSE in expressing x ; 

• 1 2 1 2 2( ) /10µ µ∆ = ∆ = ∆ , which minimizes the loss in BD assuming independent 

observations (cf. (5.8)); and 

• step sizes from (5.14). 

Two values 0, 0.7r = −  were considered in the simulations, for which (5.14) yields 
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1 2 /10∆ = ∆  (identical to BD loss minimizer) and 1 2(20 / 31)∆ = ∆ , respectively. Noting 

that the choice of quantization grid placement affects Pε
∆ , we considered shifting the grid 

locations in increments of / 5s∆  for source s . The table shows the average of Pε
∆  taken 

over all shifted grids. 

For correlated data the proposed scheme offers a small improvement over the BD 

loss-minimizing scheme. However, the MSE due to the latter scheme (3.3667) is much 

larger than that of the new scheme (0.7317). Thus, when joint compression and 

classification is concerned, the advantage of the proposed scheme becomes very 

significant. 

5.4.2 Three-Class Hypothesis Testing in Independent Gaussian Noise 

In this example, we consider a 3-ary detection problem with uncorrelated Gaussian 

noise. Let ( ) ~ ( , )i ip Nx µ I , 0, 1, 2i = , where [ ]0 1 3 0 T= − =µ µ , 2 [0 1]T=µ . The 

Bayes decision boundary consists of three line segments with slopes 3 , 3− , and −∞  with 

Table 5.1. Bayes probability of error Pε
∆  for the example in Section 5.4.1; (a) 0r = , 0Pε = 

0.1573; (b) 0.7r = − , 0Pε =0.0666. 

(a) 

 1 2∆ = ∆  1 2 /10∆ = ∆  
average Pε

∆  0.1943 0.1624 

(b) 

 1 2∆ = ∆  1 2 /10∆ = ∆  1 2(20 / 31)∆ = ∆  
average Pε

∆  0.1447 0.1396 0.1350  
 



 
 

67

respect to the 1x -axis. Equation (5.10) yields 1 2(2 9)∆ = ∆ . Table 5.2 shows Pε
∆  for 

1 2∆ = ∆  and 1 2(2 / 9)∆ = ∆ , where the rate constraint is 2log 2ss
∆ ≥∑ . As expected, the 

proposed scheme offers a substantial improvement in average Pε
∆ . 

5.4.3 Joint Compression and Classification in Independent Gaussian Noise 

Consider the problem described in Section 5.4.1 with 0r = . The goal in this 

example is to minimize (5.11) with 1 2 1w w= = , 1 0.2U = , 0, 0.5, 1λ = , and 

2log 2ss
∆ ≥∑ . From the previous example, we have 1 2∆ = ∆  and 1 2 /10∆ = ∆ , 0, 1λ = . 

For 0.5λ = , the root of (5.12) is found at 1 20.504∆ = ∆ . Table 5.3 shows the MSE and 

Pε
∆  for the above choices of λ . Both the MSE and Pε

∆  for 0.5λ =  fall between the 

corresponding values for 0, 1λ = , as expected. Note that achieving the lowest Pε
∆  ( 1λ = ) 

comes at a very high MSE cost. Thus, 0.5λ =  may be a more sensible choice in terms of 

achieving a reasonable trade-off between the two criteria. 

Table 5.2. Quantized Bayes error Pε
∆  for the example in Section 5.4.2; 0Pε =0.0759. 

 1 2∆ = ∆  1 2(2 / 9)∆ = ∆  
average Pε

∆  0.1146 0.0920 
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Table 5.3. MSE and quantized Bayes error Pε
∆  for the example in Section 5.4.3. 

 
0λ =  

( 1 2∆ = ∆ ) 
0.5λ =  

( 1 20.504∆ = ∆ ) 
1λ =  

( 1 2 /10∆ = ∆ ) 

MSE* 0.6667 0.8294 3.3667 

average Pε
∆  0.1943 0.1773 0.1624 

* From high-rate analysis. 
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CHAPTER 6: CONCLUSIONS 

This dissertation addressed two problems at the intersection of compression and 

statistical inference, namely, statistical inference on compressed data, and rate-allocation 

for joint compression and classification. 

6.1 Content Analysis of JPEG2000-Compressed Imagery 

In Chapter 3, we proposed the use of the IC of subbands for texture characterization 

of JPEG2000-compressed images and video. The primary advantage of IC features is that 

they can be directly extracted from codestream headers, avoiding the computationally 

demanding decompression of the arithmetically encoded image data. Our results indicate 

that this approach achieves accuracy comparable to that of baseline statistics computed 

from decompressed imagery on a texture classification task. On video cut detection, IC 

features perform reasonably well, but not as well as baseline features. 

The methods reported in Chapter 3 can be improved upon in many ways. One 

approach is to exploit the IC features more efficiently. For example, the IC of codeblocks 

rather than that of subbands can be used. This may be particularly useful for cut detection, 

as effective cut detection hinges on a spatially more localized texture change 

characterization across frames than that provided by the IC of entire subbands. In the case 

of color imagery, including the IC of chrominance components in the analysis may be 
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beneficial. 

The IC features can be augmented by other information obtainable from packet 

headers, such as the number of zero bitplanes in codeblocks, as suggested in [15]. If the 

codestream contains multiple quality layers, or when the RESTART marker is used, other 

information becomes available that can supplement the already-mentioned features. 

The comment segments of the main and tile headers of the JPEG2000 codestream 

allow for storing side information about the imagery. This side information, which can be 

easily retrieved from the compressed codestream without arithmetic decoding, can be 

used to complement other features. An example of such side information is G  given in 

(3.14). 

Content analysis based on IC features can serve as a preliminary stage to more 

detailed analysis in the decompressed domain. In video cut detection, for example, cut 

candidates can be identified in the compressed-domain and then frames in the vicinity of 

the candidates can be subjected to more elaborate analysis in the decompressed domain. 

We believe that a hybrid compressed-decompressed-domain content analysis 

method will achieve accuracy approaching that of the state-of-the-art decompressed-

domain analysis techniques at a fraction of the computational cost. 

6.2 Rate Allocation for Joint Compression and Classification 

In Chapter 4, we presented a rate allocation scheme, given in (4.25), for joint 

compression and classification in wavelet image coders. This scheme can be applied to 

wavelet image coders such as JPEG2000 that allow for minimizing a WMSE criterion on 
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the subbands. The scheme is based on Poor’s high-rate analysis [6], which relates the BD 

between the classes to the quantization step size, and is closely related to that proposed in 

[4, 7] for transform coder design. Our primary contribution was to extend the application 

of the criterion to subband coders. Moreover, we presented the correct expression for 

rate-allocation to independent Gaussian sources [7, 8], and generalized the expression to 

independent sources whose statistics follow GGD’s. Through simulations, we 

demonstrated the utility of this equation in controlling the trade-off between compression 

and classification in JPEG2000. Even though it was derived under the high-rate 

assumption, our simulation results indicate that (4.25) can be used under moderate rates 

as well. 

The above-mentioned high-rate approximation of the BD has two limitations. For 

correlated sources, the BD loses its additive property and becomes analytically intractable. 

Moreover, the BD is inherently restricted to two-class classification problems. We 

proposed a new bound (Equation (5.3)) on the quantized probability of error in Chapter 5 

that addresses both of these limitations. We used the new bound to derive closed-form 

expressions for rate-allocation to two sources for which the unquantized Bayes decision 

boundary is a piecewise linear function (Equation (5.10)). Moreover, the scheme was 

extended to accommodate joint compression and classification (Equation (5.12)). Our 

simulations confirm the benefits of new rate-allocation scheme. 

Future work on the new rate-allocation scheme may consist of three primary 

directions. First, the scheme may be extended to handle more than two sources. Our 

intuition is that the relationship between the quantization step sizes and the slope of the 
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decision boundary will still hold. 

Second, the scheme may be generalized to deal with more complex decision 

boundaries. This may be accomplished via taking the limit of the expression for rate-

allocation to piecewise linear decision boundaries as the number of linear segments 

approaches infinity. 

Finally, the new bound may be beneficial as a surrogate to the Bayes error in the 

design and analysis of other compression systems, particularly VQ’s. 
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