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ABSTRACT 

This work involves further development of the 

Recursive-IDPCM image data compression method. The goal of 

this work is to make the Recursive-IDPCM more efficient 

without increasing the coding complexity by adaptive 

schemes. 

The details of adaptive schemes are discussed. 

Several algorithms of subimage activity classification are 

proposed and evaluated. Optimum quantizers are designed 

according to data sources to minimize quantization error. 

Difference data are quantized adaptively based on the 

objective measure of subimage activity at each recursion. 

The result of the computer simulation demonstrates a high 

compression ratio with a good subjective reconstructed 

image fidelity without drastically increasing computation 

time over that required for Recursive-IDPCM has been 

achieved. 
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CHAPTER 1 

INTRODUCTION 

With the continuing growth of modern communication 

technology, the demand for image transmission and storage is 

increasing rapidly. Limitations on bandwidth for 

transmitting image data over digital communication channels 

have led researchers to look for efficient and feasible 

methods to compress image data under a given amount of 

distortion. Before discussing various data compression 

algorithms, it is necessary to examine how image data can be 

compressed. 

The key point is that a large amount of redundancy 

exists in a uniformly sampled image. This redundancy can be 

explored both in the frequency and spatial domain. 

Removing, or at least reducing the redundant information 

from the original image, is the goal of data compression. 

Figure 1 contains the cosine transform of a 32 by 32 image. 

It can be seen that the energy in the transform domain tends 

to be clustered into a relatively small number of transform 

samples in the low-frequency region. To achieve data 

compression, transform samples of low magnitude can be 

discarded, or coarsely quantized in a digital transmission 

1 



Figure i. Cosine transform logarithm 
32 x 32 girl image, 32 x 32 

magnitude display of 
coefficients. 

Figure 2. 32 x 32 Girl image 
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system, without serious loss of resolution. In the spatial 

domain, a large number of pixels possesses low inter-pixel 

variance, or equivalently, they are said to be highly 

correlated. As a result, the adjacent-sample difference has 

a much smaller variance than the original signal. This fact 

is exploited in redundancy-removal for image data. 

1.1 Concepts of Data Compression 

We recall the definition of an image element or 

pixel, a digital image gray level P(i,j) which has been 

discretized both in spatial coordinates and in intensity. 

Thus the image may be considered as a matrix whose row and 

column index is a point in the image and the corresponding 

matrix element value identifies the gray level at that 

point, i.e., the pixel value. 

Two related concepts necessary to the understanding 

of this thesis are the bit-rate and the compression ratio. 

A basic problem in image data compression is to achieve the 

minimum possible distortion for a given compression rate, or 

equivalently, to achieve a given acceptable level of 

distortion with the least possible compression rate. The 

compression is characterized by bit rate, and it is 

specified as the number of bits per pixel, BPP. Then the 

compression ratio is defined as 
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^ _ Average bit rate of the original image data 

Average bit rate of the compressed data 

(1) 

It is further necessary to define an objective and a 

subjective image fidelity measure. 

The distortion can be specified either by an 

objective measure as the root-mean-square error, RMSE, or by 

a subjective measure such as the mean opinion score, which 

is given by human observers [1]. The RMSE is used as an 

objective measure of the performance of data compression 

methods in this thesis, and it is defined as 

/N N (P. . - P. o2 

RMSE = y I I 1J 
2 
U (2) 

i = l j =1 P7. 
ij 

where P. . is the original pixel, P. . is the reconstructed 
ij ij 

pixel, and N is an original square image size. 

1.2 IDPCM and Its Variants 

As mentioned above, many successful methods of data 

compression have been developed both in the transform and 

the spatial domains in recent years [2]. Among data 

compression techniques in the spatial domain, extensive 

efforts have been concentrated on the Differential Pulse 

Code Modulation (DPCM) system [3]. The DPCM method is 

particularly attractive because of its simple design and its 

rapid speed of operation, which has made its use in 

real-time data compression of television signals possible. 
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But its major drawbacks have been also pointed out in [4]: 

(1) it is sensitive to variances in image statistics, (2) it 

is highly sensitive to channel error, and (3) it becomes 

complex to implement when other models are used such as 

two-dimensional autoregressive moving average models, and 

other stochastic models. 

In 1977 the Interpolated Differential Pulse Code 

Modulation (IDPCM) data compression method was proposed by 

Hunt [5] as a further development of the DPCM method. 

Although there are some similarities between the two 

methods, IDPCM is different in two major ways: (1) it is 

non-causal, and (2) a low-fre quency version of the original 

image is obtained by an interpolation operation, which will 

be introduced in the following section. Since then, the 

IDPCM method has been further improved. One is a modified 

IDPCM algorithm called Recursive-IDPCM [6], and another is 

the Adaptive Recursive-IDPCM, which will be explained in the 

following sections. 

A high data compression ratio and a low RMSE have 

been obtained by the Recursive-IDPCM method. However, in 

real world images the statistical properties of image data 

vary from one to another, and even within a single image, 

some regions may not be redundant (and therefore not 

compressible), and other regions may be very redundant. It 

is desirable to perform data compression by perfectly 
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matching the activity of the data source. This naturally 

leads to the development of an adaptive Recursive-IDPCM 

method. To apply an adaptive scheme, several problems have 

to be solved. A suitable measure of image activity must be 

obtained, adaptive quantization must be achieved, and the 

image must be optimally partitioned. The approaches to solv

ing the above problems are examined in this thesis, and once 

they are solved, the goal of the Adaptive Recursi ve-IDPCM 

data compression method is to achieve a high compression 

ratio with a good subjective reconstructed image fidelity 

without drastically increasing computation time over that 

required for Recursive IDPCM. 



CHAPTER 2 

INTERPOLATED DPCM AND RECURSIVE 
INTERPOLATED-DPCM 

Before discussing the Adaptive Recursive-IDPCM 

method, it is necessary to introduce the IDPCM and the 

Recursive IDPCM methods. 

2.1 IDPCM 

The IDPCM data compression method was developed by 

Hunt, as an optical analogy to DPCM. The IDPCM has some 

similarity to DPCM, but rather than being based on 

prediction of future pixel values, it uses interpolation. 

The basic idea of IDPCM is to interpolate a subsampled image 

in order to generate a low-frequency version image of the 

original, and to quantize the difference between low- and 

high-frequency information in a smaller number of bits than 

the bits required for quantizing the entire pixel value. 

For example, if we subsample an image by skipping 8 pixels 

in vertical and horizontal directions, the low-frequency 

version image in Figure 3 only requires 1.6% of the bits in 

its original image. For the difference image in Figure 4, 

its histogram depicted in Figure 5 shows that most of the 

difference values are distributed in a very narrow region 

7 
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Figure 3. Low-frequency version of the original image 

:<2ft̂ S^v56;¥n 

Figure 4. The difference image between the low-frequency 
version and the original. -- Ail values are 
offset by 128 for display. 



The histogram of difference image which is offset 
by 128 for display. 



around the origin. These difference values can thus be 

quantized in a smaller number of bits to achieve data 

compression. 

In the IDPCM method [5], the low-frequency version 

of the original image is obtained by the convolution 

^-ii = 11 P(r , s)h[ (i-r) , ( j-s) ] (3) 
J rs 

where h is the point-spread-function of the interpolator. 

The image P is constructed from the subsampled image by 

inserting zeroes in place of the missing samples to make the 

image N x N. The difference image between low- and 

A 
high-frequency d(i,j) = P(i,j) - P(i,j) is then quantized. 

The properties of P depend on the interpolation function, h. 

The interpolative representation based on 

minimization of the ensemble mean square interpolation error 

was derived by Jain [14]. However, this minimization is 

only for stationary data. For a two-dimensional signal P^j> 

i,j = 0,1...N+l such that 

E(P. .) = 0 
ij 

" E[P. P. .] = p n p
m (4) 

i+n,j + m ijJ M M 

The mean square error £_ of the interpolated value will be 

minimized if 
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e . . =. P. . - „, . P _ N (U . , . . + U. . , + U. . , + U. .,) 
ij ij 2(l + p2) l + l,j + 1 i-l.J i.J-l i,j + ly 

(5) 

It is known that a large number of real world image data 

does not possess stationarity. Of course some methods of 

estimating non-stationary data could be employed to optimize 

the interpolator, but they might not be feasible for a 

real-time compression system. Therefore, some kind of 

approximation has to be adopted. In the IDPCM method, the 

point-spread-function h is approximated by a bilinear 

interpolator kernel. For example, a 7 x 7 bilinear kernel 

is illustrated in Figure 6. 

The IDPCM operation is described as follows: 

1. The original image is subsampled at every fourth 

line and every fourth pixel, to create a subsampled 

image. Each subsample is quantized in 3 bits with a 

uniform quantizer, the maximum and minimum 

quantization level being the maximum and minimum of 

the original image. 

2. Zeros are inserted into the missing data values in 

the subsampled image to give an image of the 

original size. This image is then convolved with a 

7x7 bilinear interpolator kernel which is 

described in Figure 6. 

3. The interpolated image is subtracted from the origi

nal, and the differences are quantized in bits. 
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1/16 1/8 11/32 1/4 11/32 1/8 1/16 

1/8 7/32 7/16 2/4 7/16 7/32 1/8 

11/32 7/16 3/8 3/4 3/8 7/16 11/32 

1/4 2/4 3/4 1 3/4 2/4 1/4 

11/32 7/16 3/8 3/4 3/8 7/16 11/32 

1/8 7/32 7/16 2/4 7/16 7/32 1/8 

1/16 1/8 • 11/32 1/4 11/32 1/8 1/16 

Figure 6. 7x7 Bilinear kernel. 
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The quantization rule is a tapered quantizer based 

on the Laplacian probability density [7], which was 

found to be applicable to the method of IDPCM. 

4. The subsamples and the quantized differences are 

then used to reconstruct the image. 

The major attractive features of the IDPCM method 

are: 

1. It is well suited for hardware implementation. 

2. It achieves a high data compression ratio. 

3. It is less sensitive to channel error than the DPCM 

system. In the DPCM method, because the prediction 

is based on the previous values, a channel error 

will affect not only the current prediction accuracy 

but also all future prediction accuracy. However, 

in the IDPCM system, channel error can only affect 

the accuracy of pixels within an interpolation 

kernel and usually only one pixel's accuracy because 

a large amount of the transmitted data is 

diff erences. 

4. Since the IDPCM is a non-causal operation, it may be 

operated in parallel. 

Since the introduction of this method, several 

developments to the IDPCM data compression method have been 

achieved, as discussed below. 
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2.2 Recursive IDPCM 

A significant improvement of IDPCM, called Recursive 

IDPCM, was achieved by Hunt and Cao [6]. One-dimensional 

Recursive-IDPCM is drawn in Figure 7 and discussed as 

follows. 

In Figure 7 the pixel values P(n-2) and P(n+2) are 

subsamples. They are quantized in 6 bits and are used to 

interpolate the middle point c. Then the difference between 

the interpolated value c and the original value C, cC, is 

quantized to calculate c'c. The reconstructed middle point 

value which is the sum of the quantized difference c'c and 

the interpolated value "c together with subsamples P(n-2) and 

P(n+2) is used to interpolate the pixel values at points n-1 

and n+1, which are b and d. The differences b'b and d'd are 

also quantized. The difference cc1 is defined as the first 

set of difference, and the b'b and d'd are the second set of 

differences. It is obvious that the second set of 

differences is calculated by the reconstructed value c' and 

subsamples A and E; therefore, they will be smaller than the 

first set of difference. This implies that the required 

number of quantization bits will be reduced. 

In the two-dimensional case the low-frequency 

version of the original image, rather than being obtained by 

one time convolution, is accomplished by performing the 

interpolation recursively. The recursive process is: 
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P ( I )  

n - 2  n - 1  n  n + 1  n  +  2  

Figure 7. One-dimensional Recursive-IDPCM. 
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(1) subsample the original image (e.g., subsample the image 

skipping 8 pixels both in vertical and horizontal 

directions) and quantize the subimage at 6 bits (the 

original image pixel values are quantized in 8 bits, but 

usually human eyes can only distinguish 32-64 gray levels, 6 

bits are sufficient); (2) insert zeros into the subsampled 

image to double its size and then convolve the obtained 

image with a 3 x 3 bilinear kernel; (3) subtract the 

interpolated values from their corresponding original pixel 

values and quantize this first set of differences (the above 

process is shown in Figure 8); and (4) the sum of the 

quantized differences and the interpolated values together 

with the previous 64 by 64 subsamples form a finer subsample 

image, 128 by 128. The above process is repeated until 

reaching the original image size, 512 by 512. During this 

process, the size of a subsample image increases from 64 x 

64, to 128 x 128, to 256 x 256. By the recursive scheme, 

the subsamples come closer and closer, and the differences 

between high- and low-frequency versions will become 

successively smaller. Finally only the first subsample 

image and all sets of quantized differences need to be trans

mitted. For low variant data, the second set of differences 

could be assigned no quantization bits. This omission of 

the last set and possibly the next to the last set of 

difference values can save a substantial number of bits. 



512 x 512 64 x 64 128 x 128 

x  x . . .  x  x  x  x  -  -  -  x o x o x o  
X X X x - - -
X X X X —  -  -  o o o o o o  
x x x x - - -
_ _ _ _ _ _ _  x o x o x o  

_ _ _ _ _ _ _  o o o o o o  

x  x . . .  x o x o x o  

a. b. c. 

pixel 

x subsample 

Figure 8. Two-dimensional Recursive-IDPCM. — (a) Original image; (b) Subsample 
image; and (c) Insert zeros into the subsample image and convolve with a 
3x3 bilinear kernel. 
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In principle, the above process can be repeated many 

times depending on the subsample's density, and every 

recursion will reduce the interpolated interval by half. 

Therefore, the recursive process has a property that every 

recursion can reduce the bit rate. The bit assignment of 

the Recursive-IDPCM between subsamples are shown in Figure 

9. The overall bit requirement for a reconstructed image is 

Total bits = 6 x (N/m)2 + 3ND1(N/m)2 + [12(ND2)(N/m)2] 

( 6 )  

where 

N = original image size 

M = number of pixels by which subsamples are separ

ated 

Npi = number of bits for quantizing the first set 

differences 

Np2 = number of bits for quantizing the second set 

differences 

RIDPCM is a very efficient data compression method 

which has achieved a bit rate below 0.4 and mean-square 

error below 0.2%. Also it is a very simple algorithm to be 

implemented for a real-time data compression system. 

However, this method is used to compress an entire 

image without regard to the amount of detail in any 

particular area of an image. A further improvement is to 
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6 0 2 0 3 0 2 0 6 6 0 0 3 0 0 3 0 0 
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2 0 2 0 2 0 2 0 2 3 0 0 3 0 0 3 0 0 

0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 

6 0 2 0 3 0 2 0 6 0 0 0 0 0 0 0 0 0 

6 0 0 3 0 0 3 0 0 

a. b. 

Figure 9. Bit assignment for one interpolation kernel. 
(a) Bit assignment for subsamples skipping 
pixels; and (b) Bit assignment for subsampl 
skipping 9 pixels. 
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make Recursive IDPCM adaptive, which will be presented 

the following sections. 



CHAPTER 3 

ADAPTIVE RECURSIVE-IDPCM METHOD 

In most present image data transmission systems, the 

sampling rate is set on the basis of the fastest expected 

response from the data source and not on the basis of the 

quiescent or normal value. The main advantage of an 

adaptive data compression system is its ability to increase 

the compression efficiency to a maximum for the specified 

data with tolerable loss of information. The approach of 

the adaptive Recursive-IDPCM method is to divide an image 

into subimages where a high bit rate is required to quantize 

relatively complex subimages but a low bit rate is 

sufficient for relatively simple subimages. To match the 

sampling rate and the quantization level to the subimage 

data activity or complexity would require an activity 

classifier. The statistics of each class of subimages is 

calculated for designing proper quantizers. The subimage 

classification, the quantizer design, and the. subimage size 

are discussed in the following sections. 

3.1 Subimage Classification 

Subimages are classified by level of activity. 
« 

According to human visual acuity, three levels of activity 

21 
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are suggested [8]: high detail, low detail, and average 

detail. The high detail subimages are defined as neighbor

hoods of sharp gray-level transitions and low-detail 

subimages as neighborhoods of smooth gray-level transitions. 

The subimage activity is measured by statistical image 

information, and three approaches are proposed. Here, we 

define high detail as class 1, average detail as class 2, 

and low detail as class 3. 

Subimage Classification by 
Calculating Sample Variance 

Generally, simple descriptions of the waveform are 

provided by the quantities [9] 

n ? n 2 
y  =  1 / N  I  X ( n ) ,  a l  =  1 / ( N - 1 )  £  ( X ( n )  -  y  )  
X n=1 X n=1 X 

(7) 

called, respectively, the sample mean and sample variance. 

The quantity a , the square root of the sample variance, is 

called the standard deviation. For two-dimensional image 

data, the sample mean and sample variance are defined as 

^ •(l/"2' „up-.^ 

^ = i/("-i>2i11 (wi-v2 <«» 
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where n is the size of square subimages and P is a pixel 

value. The classification of subimage activity is performed 

by comparing G j with a previously defined thresholds (e.g., 

TI = 30, T2 = 15.0, T3 = 0.0) 

/^high detail T1 <_ a ̂ j 

Subimage Activity / average detail T2 <_ . < Tl 

v. low detail T3 < a . . < T2 
- ij 

Figures 10, 11 and 12 show the results of the classification 

of subimage activity. By this method, the quantitative 

measure basically agree with the subjective measure. Most 

detailed regions such as the girl's eyes, the feather, and 

sharp edges were classified into class one, and most flat 

regions, like the background, the girl's shoulder, etc., 

were classified into class three. But this classification 

method has the following problems. In some cases there is a 

wrong classification on sharp edges between dark and bright 

regions. For example, if we assume that the subimages have 

the type of patterns in Figure 14, the variances of these 

subimages are relatively, small. In other words, these 

subimages will be classified into class 2 or class 3. 

Usually this type of subimages are on sharp edges between 

dark and bright regions. Figure 15 is the reconstructed 

image of the Adaptive Recursive-IDPCM, and the subimage 

classification is based on Equation 8. When this image is 



Figure 10. Subimage classification by subimage variance 
high detail. 

Figure 11. Subimage classification by subimage variance, 
average detail. 
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Figure 12. Subimage classification by subimage variance 
low detail. 

Figure 13. Original image. 
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bright 

bright 

Figure 14. Subimages on sharp edges. 
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enlarged, Figure 16, we can see that the sharp edge between 

the girl's shoulder and the dark background was badly 

reconstructed. This is because the subimages covering this 

edge were not correctly classified. As a result, 

insufficient bit rate was assigned to those subimages. 

Since the distortion along sharp edges is particularly 

sensitive to human eyes, the above classification is not 

satisfactory. The second problem is that the calculation of 

a . . cannot be done concurrently during the recursive 
ij 

process. This will cost much more machine time than the 

Recursive IDPCM; therefore, this approach is not desirable 

for real-time implementation. The third problem is that the 

information of each subimage activity has to be transmitted 

to the receiver. This will cost some bits. 

Subimage Classification Based 
on the Variance of Differences 

The subimage activity can be associated with the 

statistical property of the differences between interpolated 

and original values. This is possible because the 

interpolation error will be small when neighboring pixels 

have low variance or will be large when neighboring pixels 

have large variance. Now define the sample mean and sample 

variance of difference data as 
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^ j. 

Figure 15. Adaptive-Recursive-IDPCM, BPP = 0.30106; MSE = 
0.01374 (subimage classification according to 
the variance of subimage pixel values). 

Figure 16. Enlargement of Figure 15. 
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•"ij • 
1/1,2 | I(di+k,j+i' 

."ij - (ki1+k,j+1 - pij) (?) 

where 

/• k,L (0,2,4. . . n- 1) 

K /= L = 0 

i,j = (1, n+1, 2n+l...,N+l) 

n subimage size 

In Figure 5, the histogram of difference data has a Laplace 

distribution and is around the origin; therefore, the sample 

mean is approximately equal to zero 

f a ' 0 

and / 

u2: " i/o-u2 (ii+k,j+i)2 do) 

The is used to represent the activity of subimages, 

piigh detail T1 < 

The activity of subimages (average detail T2 _< . _< T1 

Mow detail a ̂ j <_ T 2 

This approach has a satisfactory performance of subimage 

classification. In Figure 17, class one subimages, we can 

see that most sharp edges, the detailed regions such as the 

girl's eyes and the feathe«r, are classified. In Figure 18, 

class three, most of the flat regions are also classified, 
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Figure 17. Subimage classification by variance of differ
ences, high detail. 

Figure 18. Subimage classification 
ences, low detail. 

by variance of differ-



Figure 19. Subimage classification by variance of differ
ences, average detail. 
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and in Figure 19 is class 2, in between classes 1 and 3. By 

Equation 10, the patterns in Figure 14 will not be 

classified into the class of low detail because the error of 

interpolation is large. 

Another important advantage of this approach should 

be pointed out. Since the difference data contains the 

information of the subimage activity and they are to be 

transmitted, it is not necessary to transmit the extra bits 

for indexing each subimage activity. Thus, a slight bit 

reduction could be obtained. 

Multiplication and square root operations require 

much longer machine time than addition and logic operations. 

Unfortunately the above algorithm has brought a large amount 

of multiplication operations, which is opposite to the goal 

of a real-time data compression system. A desirable feature 

of a data compression method is to have not only a high 

compression ratio but also a fast operation. This demand 

leads to our third approach to the subimage classification. 

Subimage Classification by the 
Absolute Values of Differences 

As mentioned above, addition and logic operations 

are preferred for subimage classification. Gimlett [10] 

suggested that "the weighted sum of the absolute values of 

the transform coefficients, defined herein as the activity 

index, is proposed as an objective measure of scene business 
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"for adaptive transform image coding. This idea is adopted 

into the spatial domain. 

The measure of subimage activity is defined as 

5ij = 1/n I J|di+k,j+l 

k,1(0,2,4.. . ,n-2) 

k f L = 0 

( 1 2 )  

where n is a subimage size, d^ . is difference. This 

algorithm performs the classification also very well, and 

the results, Figures 20, 21 and 22, also match our 

subjective measure. Compared with the second approach, the 

machine time is reduced about one/third. Hence the third 

approach is considered a successful method to objectively 

measure the subimage activity, and will be used to 

classify the activity of subimages, 

/''high detail g > T1 

The activity of subimages \ average detail T2 <_ 3 _< T1 

low detail T2 > R. . 
1j 

3.2 Optimal Quantization 

After the interpolation, the differences will pass 

through a quantizer. The quantized differences then will be 

transmitted. A quantizer is a device whose output can have 

only a limited number of possible values. Each input either 

analog or digital signal is forced to one of the allowable 

output values. The input range is divided into a number of 



34 

Figure 20. Subimage classification by the absolute value of 
differences, high detail. 

Figure 21. Class i ficat ion by absolute value of differences, 
average detail. 



Figure 22. Classification by absolute value of differences, 
low detail. 
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bins equally as illustrated in Figure 23. If an input falls 

t h 
into the k bin, the output is the value corresponding 

to the center of the K1''1 bin so that each input is rounded 

off to the center of the bin into which it falls. A uniform 

quantizer has all its bin widths equal. Nonuniform 

quantizers allow different bins to have different widths. 

In the Adaptive Recursive-IDPCM data compression 

system, the quantization strategy is to choose the quantizer 

levels so that they minimize the mean-square-error. This 

error is given by 

n 
e = y 
q i = l 

X. . 
x + 1 

(X - Q )2P(x)dx (14) 
X 

where x^ < < • • • < xn + l anc* ^1 ^ ^2 ^ ^3 " ' ' ̂  ^n are 

decision boundaries and the quantizer output levels, 

respectively, and P(x) is a probability density function of 

differences. Considering Figure 24, the histogram of the 

differences, let F(x) represents the number of differences 

which have values equal to x., then the density function 

P(x ) is equal to 

F(X i  < X < Xi < AX) 
P(x.) = lira * — ± (15) 

1  AX+0 A X  

If we choose AX = 1 (because values of subsamples are 

integers), F(x) is approximately equal to the probability 

density function P(x). 



quantizer input range 

xi x 2 

bin 1 bin 2 

x3 x4 

bin 3 I bin 4 

ql q2 n- q4 

quantizer output levels 

Figure 23. Uniform quantizer 



F(I) 

Figure 24. Histogram of the differences. 
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Taking a partial derivative of Equation 14 with 

respect to Q gives 

3e 
_13. _ _ 2 
9q 

•X. , 
l + l 

X. . 
x +1 
(X - Q.)P(x)dx = 0 

Q, = 
x. 
i 

x. 
1 

XP(X)dx 

(16) 

(17) 
i + 1 

X. 
l 

P(X)dx 

In order to solve two unknown variables Q. and X. 
i I 

we also take a partial derivative of Equation 14 with 

respect to 

8 6 

8 X. 3 X. 
l l 

rX. 
l rX n  

(x " qi-i) p(x)dx + 

xi-l 

i + 1 
(X -a.)"P(x)>= 0, 

X. 
i 

and as a result 

(xi " Qi_i)2p(x) - (xi - Qi)2p(*) = o 

X. - Q. , = Q. - X. 
i i=l i l 

(18) 

(19) 

From simultaneous Equations 17 and 19 

qi 

X. n 1 + 1 

X. 
1 

X (X)dx 

X. , 
l + l 

X. 
1 

P(X)dx 

X. - Q. = Q. - X. 
l l-l l l 

(20) 

(21) 
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optimum quantizer output levels are determined. Figure 25 

shows a half range of 3 bits quantizer input and output. 

3.3 Adaptive Recursive-IDPCM Process 

The equations of the Adaptive-Recursive-IDPCM are 

r?. . = 1 / 4 (p. . , . ,„ + 
i j  j  + n/2 , i +n/2 

Pi - n/2, j - n/2 + 

interpolation / 

^ i - n/2, j + n/2 + ̂ i + n/2, j - n / 2 ̂ 

when on interlaced field ( 2 2 )  

P. . = 1/2(P. . + P. . /0) 
. xj x, j + n/2 i, j - n/2y 

when on scan lines 

quantization d„ = Z(P^ -P^ ) (23) 

/N 
reconstruction P. . = P. . + d. . (24) 

xj xj ij 

where n is the number of pixels by which subsamples are 

separated. In Adaptive Recursive-IDPCM, the subimage size 

is selected equal to the number of pixels by which the 

original image is sampled. Figure 26 shows a case in which 

there is a 8:1 subsampling of image pixels along each scan 



quantizer input range 

x0 X! x2 x3 x. 

3.4 12.6 35.4 
"PH 24 
Ql 0.2 

68.6 

23 
52 110 

Q4 

quantizer output levels 

Figure 25. Non-uniform quantizer. 
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Interlaced 
Fields 

* = subsamples to be transmitted 
. = position of original pixels 
0 = interpolated pixels 

Figure 26. First set of interpolation of an 8 x 8 pixels 
subimage. 

* = subsamples to be transmitted 
o = first set of reconstructed pixels 
+ = second set of interpolated pixels 
. = position of original pixels 

Figure 27. Second set of interpolation of an 8x8 pixels 
subimage. 
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line, and 8:1 subsampling of image lines. The first set of 

interpolation is shown by arrows. 

With the above equations, the interpolation, the 

subimage classification, and the quantization, the adaptive 

data compression can be conducted in two schemes. 

1. The bit rate assignment of each subimage is based on 

the measure of subimage activity 

bit rate 

assigned 

to each 

subimage 

4 bits => first set of differences Tl < C. . 
- i J 

3 bits => second set of differences 

3 bits => first set of differences T2<C. ,<T1 
- iJ 

2 bits => second set of differences 

2 bits => first set of differences C^. < T2 

0 bits => second set of differences 

(25) 

where Tl _< indicates high detail, T2 <_ C^j < Tl, average 

detail; C. . < T2, low detail, C. . is equal to a. . (8), or 
ij ij IJ 

a. • (10), or R. . (12), and a. . and 8. . are calculated from 
i j Mij ij I j 

the first set of differences. However the reconstructed 

image does not show very satisfactory quality. The problem 

is that those subimages classified into class 1 or class 2 

were finely reconstructed (e.g., the feather, the girl's 

eyes, etc.); however, the subimages in the class 3 were 

poorly reconstructed (e.g., the hat, girl's shoulder, etc.). 

On the other hand, if we look at the histograms of the 
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second set of differences in Figures 28 and 29, we find that 

a large number of difference data has zero or nearly zero 

values. This implies that the data compression for 

subimages in classes 1 and 2 is still inefficient. Of 

course, we could adjust thresholds to classify more 

subimages into class 2 and fewer subimages into class 1, but 

the improvement would not be very notable. We noticed that 

in the Recursive-IDPCM method, the differences are 

calculated and quantized at each recursion. If we can 

decide the quantization level at each recursion, the data 

compression will be efficient. This leads to the second 

scheme of adaptation. 

2. The differences are quantized adaptively at each 

recursion and bit assignment is based on Equations 10 

and 12. The quantization bit assignment is shown in the 

following relations. 

bit rate for the fk bits T1 < C.. ( " xj 

first set of ( 3 bits (first recursion) T2 _< C^ . <_ T1 

difference Lo bits C. . < T2 
i J 

quantization (26) 

Bit rate for the 3 bits T1 < C. . ) ' ̂ 
second set of \ 2 bits (second recursion) T2 < C.. < T1 

I difference ^-0 bits C. . < T2 
ij -

quantization (27) 
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Figure 28. Histogram of the second set of differences in 
class 2. 

Figure 29. Histogram of the second set of differences in 
class 1. 
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where C. . can be equal to a. . (10) or R. . (12). 
ij ij ij 

When a subimage size is 8 x 8 pixels, possible bit 

assignments on a subimage are shown in Figure 30. The 

Adaptive-Recursive-IDPCM system diagram is shown in 

Figure 31. 

3.4 Performance of the Adaptive 
Recursive-IDPCM 

The Adaptive Recursive-IDPCM data co-mpression method 

has been simulated on the PDP 11/70-IIS image processing 

system in the Digital Image Analysis Laboratory. The result 

shows that a further improvement to the Recursive-IDPCM has 

been achieved. Comparing the two reconstructed images in 

Figures 32 and 33, it can be seen that in the reconstructed 

image which was compressed by Recursive-IDPCM, the detailed 

regions such as the girl's shoulder, the edge of the hat 

were jagged and her eyes, eyelash, and the feather were 

blurred; however, in the reconstructed image of the Adaptive 

Recursive IDPCM, this type of degradation is much less in 

evidence even with a lower bit rate than used in the 

Recursive-IDPCM. But in some simple regions of the 

reconstructed image by the Adaptive Recursive-IDPCM method, 

degradations are still noticeable, such as the top of the 

girl's hat. It is because of the not-very obvious 

distortion in simple regions that a large number of bits can 
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Figure 30. Bit assignments for an 8 x 8 subimage. 
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Pij 

input 

Buffer 

transmi
tter Interpola

tor 

Classifier 
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Adaptive' 
quantizer 

Coding 

Buffer Interpolator 

output 

P. . 
ID 

Decodina 

Figure 31. Adaptive Recursive-IDPCM system block diagram. 
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be saved for detailed regions which are very sensitive to 

human eyes. 

The different partition of the original image was 

tested by dividing an image into different sizes of 

subimages. The following table shows the relation between 

the size of subimages and the number of subimages in each 

class (Table 1). 

The smaller the subimage size is, the larger the 

number of simple subimages will be because the correlation 

between the nearest pixels is higher. As a result, the 

difference values will become smaller and the bit rate for 

quantizing differences can be reduced. On the other hand, 

the overall bit rate was increased because the image had to 

be sampled more densely. However, a very good reconstructed 

image was obtained with the bit rate 0.546 (Figure 34). 

When the size of the subimages is too large (e.g., 16 x 16), 

the subject quality of the reconstructed image shown in 

Figure 35 is not very satisfactory, although a slight bit 

reduction has been obtained. This is because there is not 

much correlation among too coarsely subsampled pixels. For 

the image used in this simulation, a 8 x 8 subimage is a 

suitable size. Generally, the selection of optimum subimage 

size for adaptive data compression schemes depends on the 

statistics of the image data. 
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Table 1. Number of subimages. 

Three Classes of Subimage 
(number of subimages) 

Subimage 
Size Low Detail Average Detail High Detail 

16 x 16 313 372 339 

8 x 8  2870 844 382 

4 x 4  10,317 3241 2826 
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One problem which should be pointed out is that 

although the subjective quality of the reconstructed image 

has been improved by using the adaptive scheme, the objec

tive quality represented by RMSE (2) has not been achieved. 

For example, in Figure 32, Recursive-IDPCM, the BPP is 

0.3577 and the RMSE is 0.00818; in Figure 36, Adaptive 

Recursive IDPCM, the BPP is 0.3561 and the RMSE is 0.00907. 

For the same bit rate, the Adaptive Recursive-IDPCM has a 

slightly larger RMSE than the Recursive-IDPCM. But it has 

been pointed out [11] that quantitative measures of image 

fidelity which have been developed are not perfect. 

Therefore, our evaluation on the Adaptive Recursive-IDPCM 

method is based on its subjective measure. 



Figure 3 2. Recursive-IDPCM — (a) BPP = 0.3577, MSE 
0.00818; and (b) BPP = 0.2741, MSE = 0.00969. 
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b . 

Figure 33. Adaptive Recursive-IDPCM (a) BPP = 0.3346, MSE = 
0.0101 (subimage classification based on 
variance of differences); and (b) BPP = 0.3815, 
MSE = 0.00970 (subimage classification according 
to absolute value of differences). 



b . 

Figure 34. Adaptive Recursive-IDPCM, subimage size 4x4. 
— (a) BPP = 0.5462, MSE = 0.007797; and (b) BPP 
= 0.6081, MSE = 0.007645. 



Adaptive Recursive-IDPCM, subimage size 16 x 16 
— (a) BPP = 0.2364, MSE = 0.0118; and (b) BPP 
0. 1824, MSE = 0.01536. 
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b . 

Figure 36. Adaptive RIDPCM. — (a) BPP = 0.3561, MSE = 
0.00907 (subimage classification according to 
variance of differences); and (b) BPP = 0.48365, 
MSE = 0.009194 (subimage classification 
according to variance of differences). 
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b . 

Figure 37. Adaptive Recursive-IDPCM (subimage classifica
tion according to absolute values of difference, 
subimage size 8 x 8). -- (a) Reconstructed 
image, BPP = 0.4907, MSE = 0.009384; and (b) 

Original image. 



CHAPTER 4 

COMPRESSION OF COMPUTER TOMOGRAPHIC PROJECTION 
BY THE ADAPTIVE RECURSIVE-IDPCM 

It has been pointed out [12] that the projection 

matrix of computer tomographics contains a great deal of 

redundant information. Therefore, the projection matrix is 

compressible. The compression of tomographic projections 

using the DPCM method has been studied [12]. In this 

thesis, a new approach of compressing tomographic projec

tions using the Adaptive Recursive-IDPCM is introduced. 

A projection taken along a set of parallel rays is 

called a parallel projection, two examples of which are 

shown in Figure 38, and a projection along parallel rays in 

a certain angle is calculated by the function 

Pfl(x) = f(x,y)dy 

where f(x,y) represents a two-dimensional image pixel value. 

A projection matrix is also depicted in Figure 39 

and will be compressed. It has also been pointed out [12] 

that the amount of redundancy appears to be strongly 

dependent upon the angle of projection, the redundancy is 

highest near the angles of 0° , 90° and 180° . Because of 
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Y 

F (X.Y) 

Figure 38. Parallel projections. 



Projection Angle 

A 

Figure 39. Projection matrix. 



Figure 40 128 x 128 Original image 

Figure 41. 128 x 128 Back projection without data compres
sion . 
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Figure 42. Projection matrix of the image in Figure 40 

Figure 43. Reconstructed image, BPP = 3.9 bits per projec
tion element. 
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this characteristics, an adaptive data compression scheme 

seems to be more suitable. 

A 102 x 184 projection matrix in Figure 42 was 

obtained from a 128 by 128 image shown in Figure 40, and it 

was a 102 x 184 matrix in Figure 42. To simplify program

ming, the scalloped ends of the projection matrix were 

trimmed before encoding, producing a rectangular matrix. 

The obtained rectangular matrix was compressed by the 

Adaptive Recursive-IDPCM method discussed in Section 3.3. 

The methods of calculating a projection and a back 

projection can be found from references [12 and 13]. The 

reconstructed image quality in Figure 42 is improved, which 

can be seen by comparing the image in Figure 42, with the 

image in Figure 10c from the reference [12]. However, the 

reconstructed image even without data compression is 

distorted, as shown in Figure 41. As a result, the 

reconstructed image with data compression does not have 

satisfactory quality although some improvement has been 

achieved by using the Adaptive Recursive-IDPCM method. 



CHAPTER 5 

CONCLUSION 

In this thesis, we have discussed the fundamentals 

of data compression as well as details of the Adaptive 

Recursive-IDPCM data compression method. In order to 

implement adaptive schemes, several subimage activity 

classification algorithms were tested, and the 

classification using the absolute value of difference was 

considered to be the best. The optimum quantizer was 

designed to minimize the quantization error based on the 

mean-square-error criterion. Especially when the 

differences were quantized adaptively at each recursion, the 

Adaptive data compression method performed more efficiently. 

Compared with the Recursive-IDPCM, we have seen that the 

subjective quality of the reconstructed image using the 

adaptive scheme has been notably improved. As is the case 

for the IDPCM system, the Adaptive Recursive-IDPCM system is 

also less sensitive to channel error than the DPCM system. 

Although the encoding and decoding complexity are slightly 

increased, the Adaptive Recursive-IDPCM can still be easily 

implemented for a real-time system. 
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It is mentioned in the introduction that image data 

compression methods are basically categorized into two 

classes. One class is data compression in the transform 

domain, and another class is data compression in the spatial 

domain. In the transform domain, many transform coding 

algorithms achieve high performance, small sensitivity to 

fluctuation in data statistics, but their hardware 

complexity is high. In the spatial domain, the predictive 

methods are generally easy to implement, but they are 

sensitive to data statistics. The Adaptive Recursive-IDPCM 

system seems to have both the advantages of predictive 

coding methods and of transform coding methods. Real-time 

implementation of the Adaptive Recursive-IDPCM method is the 

suggested step for future research so that this method can 

actually be tested. 
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