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Abstract

This paper presents a novel and efficient diagnostically lossless compression for 3D

medical image sets. This compression scheme provides the 3D medical image sets with a

progressive transmission capability. An automated filter-and-threshold based prepro-

cessing technique is used to remove noise outside the diagnostic region. Then a wavelet

decomposition feature vector based approach is applied to determine the reference

image for the entire 3D medical image set. The selected reference image contains the

most discernible anatomical structures within a relative large diagnostic region. It is pro-

gressively encoded by a lossless embedded zerotree wavelet method so the validity of an

entire set can be determined early. This preprocessing technique is followed by an opti-

mal predictor plus a 1st-level integer wavelet transform to de-correlate the 3D medical

image set. Run-length and arithmetic coding are used to further remove coding redun-

dancy. This diagnostically lossless compression method achieves an average compres-

sion of 2.1038, 2.4292, and 1.6826 bits per pixel for three types of 3D magnetic
0020-0255/$ - see front matter � 2005 Elsevier Inc. All rights reserved.

doi:10.1016/j.ins.2005.01.008

* Corresponding authors. Tel.: +1 435 797 8155; fax: +1 435 797 3265 (X. Qi), tel.: +1 225 578

2198; fax: +1 225 578 1465 (J.M. Tyler).

E-mail addresses: Xiaojun.Qi@usu.edu (X. Qi), tyler@bit.csc.lsu.edu (J.M. Tyler).

mailto:Xiaojun.Qi@usu.edu 
mailto:tyler@bit.csc.lsu.edu 


218 X. Qi, J.M. Tyler / Information Sciences 175 (2005) 217–243
resonance image sets. The integrated progressive transmission capability degrades the

compression performance by an average of 7.25%, 6.60%, and 4.49% for the above three

types. Moreover, our compression without and with progressive transmission achieves

better compression than the state-of-the-art.

� 2005 Elsevier Inc. All rights reserved.
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1. Introduction

Traditionally, medical images are printed and stored on film. Storage and
retrieval of such medical images are expensive and time consuming. Currently,

the use of digital image technology without film has become a general trend in

medical imaging. Many advanced medical image modalities, such as MRI

(Magnetic Resonance Imaging), CT (Computed Tomography), PET (Positron

Emission Tomography), SPECT (Single-Photon Emission Computed Tomo-

graphy), and DSA (Digital Subtraction Angiography), produce digital images

directly into electronic archives for instant access and display on computer

monitors. As a result, digital images will eventually replace the conventional
films in medicine.

Current digital medical image processing creates large volumes of data in

radiological image databases. For instance, a medium sized hospital is expected

to generate digital medical images at a rate of 1000 gigabytes per year [1]. There

has also been a significant effort to create additional use of this data for edu-

cation and research. Among these images, large amounts of data are homoge-

neous. One typical example is multiple images (slices) of different cross sections

of a body part, which are imaged by a single radiological procedure with com-
mon modalities. These cross-sectional images may be taken at different inter-

vals (distances) varying from 1-mm to 10-mm by applying an appropriate

modality on the image body part for hospital systems, automated diagnosis,

and telemedicine. This collection of multiple images is commonly referred to

as a three-dimensional (3D) image data set. Consequently, the storage and

use of these 3D image data sets tax both I/O and communications.

Increasing the communication channel bandwidth or compressing the data

or doing both reduces transmission time. In practice, the communication chan-
nel bandwidth is limited to a certain extent (e.g., fading). In addition, the nar-

row-band communication will probably not be completely eliminated in the

near future in most rural areas. As a result, optimal compression methods con-

tinue to be developed to facilitate the storage and transmission of data.

During the past two decades, various compression methods have been devel-

oped to address major challenges faced by digital imaging [2–32]. These com-
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pression methods can be classified into two basic categories, lossy and lossless

compression. In general, lossy compression can achieve a compression ratio of

50:1 or higher with some acceptable degradation since it cannot completely re-

cover the original data. On the contrary, lossless compression can completely

recover the original data with the tradeoff of the decreased compression ratio

to around 2:1 [33]. From the radiologists� viewpoint, the processed (i.e., com-
pressed and decompressed) medical images must be of equal utility for diagno-

sis as the original ones [34]. Three additional perspectives taken into account

are:

1. The unknown artifacts introduced at higher compression ratios in the lossy

compression techniques may lead to inaccurate diagnosis even though the

processed image may be almost visually indistinguishable from the original

one.
2. It is technically difficult to convincingly demonstrate that all essential diag-

nostic information has not been lost or changed in a lossy compression.

3. Legal and regulatory issues favor lossless compression in radiology [34].

Therefore, medical professionals prefer lossless compression since it pro-

vides accurate diagnosis with no degradation of the original image. Similar is-

sues exist for 3D medical image sets.

In this paper, we develop a novel and efficient diagnostically lossless com-
pression scheme with a progressive transmission capability for 3D medical

image sets. The approach is demonstrated on 3D MR image sets. The remain-

der is organized as follows:

• Section 2 presents related research for lossless 3D medical image compres-

sion and progressive transmission.

• Section 3 describes our progressive transmission capable diagnostically loss-

less compression method. This novel method is an integration of automated
filter-and-threshold-based noise removal, adaptive predictive coding, IWT

(Integer Wavelet Transform), and LEZW (Lossless Embedded Zerotree

Wavelet).

• Section 4 illustrates our experimental results on 3D MR image sets and their

comparison with the common and current lossless compression algorithms.

• Section 5 draws conclusions and presents discussions.
2. Survey of previous work

Recently, there has been an increasing interest in compressing image

sets with multiple images of a common area. This is very important in radio-

logy since many medical images are often generated of a body part in a single
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examination. One image in a set is normally a cross-section of the body part

being imaged and adjacent images in the set are cross sections parallel to it.

Multiple images generated in this way are normally anatomically or physiolog-

ically correlated. In other words, there are image structure similarities between

adjacent images.

Predictive coding techniques [2–17] (e.g., linear predictions and adaptive
nonlinear predictions) have been widely used in lossless coding schemes. Dif-

ferentiation-based linear prediction technique has also been adopted for loss-

less compression in the JPEG still picture compression standard [2]. However,

little research has been focused on its use in 3D image compression since the

predictive coding technique produces its best compression when neighboring

images are similar, i.e., have analogous anatomical structures with compara-

ble pixel intensities. This similarity condition is barely held in a 3D medical

image set whose intervals between two adjacent images are larger than the
distances between two adjacent pixels in an image. Some researchers [3,4,

6,8,10] use 3D lossless predictive coding approaches to compress image sets.

These 3D predictive coding methods are based on the neighboring pixels of a

voxel in all three dimensions. Although correlation is exploited better com-

pared to the intra-image predictive coding, the compression ratios are insig-

nificantly better. Viergever and Roos [5] utilize a block matching technique

(i.e., optimize the linear predictor on a block-by-block basis via linear regres-

sion) to sequences of angiograms to reduce the dependencies in the third
dimension of a 3D medical image set. They report a best compression ratio

of 3:1. However, the compression results are less than 2:1 for the MRI, which

contains more noise.

Recently, subband coding [18–32] has been studied in the area of lossless

compression with progressive transmission capability due to its multi-resolu-

tion representation. That is, the main components of the image are transmit-

ted and shown initially and the missing refined details are progressively

added by the successive transmission. In this way, the image quality is grad-
ually improved until perfect reconstruction. Some studies [18,19] show

subband coding is more effective than predictive coding. Consequently, wave-

let transform, a typical example of subband coding, has been adopted in the

JPEG 2000 standard [20]. Kim and Pearlman [21] introduce a 3D lossless

SPIHT (Set Partitioning In Hierarchical Trees) medical image compression

method by splitting the 3D IWTed data into embedded hierarchical sets

based on the significance of the parent node, the immediate offspring nodes,

and the remaining nodes of the tree. This compression produces up to
30–38% decrease in the compressed file size when compared to the best

2D lossless image compression. Bilgin et al. [22] propose a 3D CB-EZW

(Context-Based Embedded Zerotree Wavelet) algorithm to encode CT and

MR image sets that exploits redundancies in all dimensions, while enabling
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lossy and lossless decompression from the same bit stream. The 3D CB-EZW

algorithm produces an average decrease of 22% for CT and 25% for MR in

compressed file sizes when compared to the best available 2D lossless com-

pression. Other researchers independently develop similar embedded coders

including SQP (SQuare Partitioning) [23], NQS (Nested Quadtree Splitting)

[24], and SPECK (Set Partitioned Embedded bloCK) [25] coders. A variety
of optimized embedded coders have been proposed by further exploiting

the quadtree and block-based coding concepts, and the layered zero-coding

principles. Several typical examples of such optimized coders include EBCOT

(Embedded Block Coding by Optimized Truncation) [26] adopted by the

JPEG2000 standard [27], CS (Cube Splitting) [28], SB (Subband Block)-

SPECK [29], QT-L (Quad Tree-Limited) [30,32], and CS-EBCOT [31,32]

coders.

In summary, most present lossless medical image set compression tech-
niques utilize either 3D predictive coding or 3D IWT. The 3D predictive coding

techniques insignificantly improve lossless compression ratios for 3D images as

indicated in [35,36]. That is, exploiting intra-image redundancies offers a better

coding gain than exploiting inter-image redundancies due to the lack of posi-

tional correlation and consistency along the image axis. The 3D wavelet-trans-

form-based techniques noticeably improve lossless compression ratios for 3D

images while providing progressive transmission capability to allow fast inspec-

tion and exact recovery of the entire image set. However, they are sensitive to a
reduced spatial resolution along the image axis. As a spatial resolution along

the image axis (i.e., inter-image dependence) diminishes, the benefit of using

3D coding systems decreases to the advantage of the classical 2D techniques.

On the other hand, the implementation complexity and the computational load

of all these 3D compression schemes are significantly higher than that of their

2D counterparts when applied on the same data. The required memory band-

widths and memory sizes are other bottlenecks. All these issues are more

noticeable in the 3D wavelet-transform-based techniques due to the integrated
progressive transmission capability. In order to address all these bottleneck is-

sues, a new progressive transmission capable diagnostically lossless 3D medical

image set compression technique is introduced in this paper with the following

unique features:

1. The automated removal of noise outside the diagnostic region.

2. An integration of adaptive predictive coding, IWT, run-length encoding,

arithmetic coding, and LEZW.
3. An automated determination of a reference image with the most discernible

anatomical structures within the 3D medical image set.

4. IWT-based progressive transmission provided exclusively for the reference

medical image instead of the entire 3D medical image set.
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3. Diagnostically lossless compression method with progressive transmission

Our approach uses a combination of predictive coding, IWTs, entropy cod-

ing (i.e., run-length encoding followed by arithmetic coding) to compress a 3D

medical image set. In our compression scheme, we apply the wavelet decompo-

sition feature vector based approach to select a reference image from the rep-
resentative subset of the entire 3D medical image set. This subset contains a

large diagnostic region with the most anatomical structures. The selected refer-

ence image is a good representative for the entire set with the excellent contrast

and detail of anatomical features. A LEZW is then applied to the reference image to

ensure the progressive transmission ability. This progressive feature allows the

reference image to be transmitted gradually from the coarsest version to the

perfectly reconstructed version so the radiologists can determine on the fly

whether this is the desired image set before transmitting the entire image set.
Several unique aspects of the 3D medical image set have been exploited in

our research to improve lossless compression ratios. First, a preprocessing

technique is applied to each image in the 3D medical image set to substantially

reduce noise outside the diagnostic region, i.e., diagnostically lossless. Second,

pixel correlations between adjacent images and within a single image are

exploited to reduce either inter-image or intra-image redundancy or both.

Third, IWTs are used to decompose the 3D de-correlated prediction error

image set. Fourth, run-length encoding followed by arithmetic coding is used
to further reduce redundancy.

Fig. 1 shows the block diagram of our progressive transmission capable

diagnostically lossless 3D medical image set compression. The upper part of

the diagram demonstrates the procedure for the selection of the reference

image with the most discernible anatomical features and the corresponding com-

pression scheme with the progressive transmission capability. The lower part of

the diagram illustrates the compression and decompression procedures of each

3D medical image set as shown on the block of the encoder and the decoder.

3.1. Preprocessing

Most compression techniques compress the entire image. However, most

medical images have large backgrounds not used in any manner in medical

diagnosis. These image backgrounds normally contain random noise and arti-

facts inherited from the image acquisition. The removal of most noise in these

image backgrounds, i.e., noise outside the diagnostic region, substantially im-
proves any lossless compression technique [37]. The result is no lost data in the

diagnostic region, i.e., diagnostically lossless. To radiologists, this is a diagnos-

tically lossless medical image preprocessing that removes almost all noise in the

background with no loss of diagnostic information for any set of medical

images.
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Fig. 1. Block diagram of diagnostically lossless 3D medical image set compression algorithm with

the progressive transmission capability.
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Due to the non-uniformly distributed noise in medical images, a filtering

process is integrated to ensure a more accurate determination of the diag-
nostic boundary. First, each image is smoothed with a standard 3 · 3 aver-
aging filter to eliminate almost all effects from noise in the boundary

determination. Second, the left and the right boundaries of the diagnostic

region are determined by finding the first and the last pixel above a thresh-

old for each horizontal scan-line on the smoothed image. This threshold is

empirically chosen to be 10% of the maximum pixel intensity in each image.

Third, this boundary is marginally extended by 1-pixel to ensure all diagnos-

tic information is included. Fourth, the background region outside this ex-
tended boundary is uniformly set to zero to exclude the non-diagnostic

region of each image in the 3D medical image set. Correspondingly, the

foreground region within and along the extended boundary is copied from

the counterparts of the original image to ensure no loss of data in the diag-

nostic region.

3.2. Subset selection

We observe that the middle images contain large areas of the diagnostic

region. For example, the middle images (i.e., image no. 5 to image no. 16

in an MR brain image set with 20 images) contain large areas of the diagnos-

tic region that is mostly white and gray matter with little muscle, fat, or bone

of the skull. Therefore, we choose these images as a representative subset for
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our feature vector extraction to automatically determine the reference image

with the most discernible anatomical structures. For computational simplic-

ity, we choose images from bN/4c to dN � N/4 + 1e as the representative sub-
set, where N is the total number of images in a medical image set.

3.3. Feature vector extraction

An image expansion with multi-resolution can be written using the indepen-

dent subband images:

f0 ¼ ðf0 � f1Þ þ ðf1 � f2Þ þ 
 
 
 þ ðfj�1 � fjÞ þ fj ð1Þ

where the image fj is the next coarser representation of the image fj�1 [38]. Spe-

cifically, the image fj is a half resolution version of the image fj�1. If we desig-

nate the difference in ‘‘information’’ between successive image fj�1 and fj by

dj = fj�1 � fj, Eq. (1) can be simplified:

f0 ¼ d1 þ d2 þ 
 
 
 þ dj þ fj ð2Þ

where [d1 ! dj] contains [fine detail! coarse detail] of the image and fj is a

smoothed version of f0. Each dj image results from three independent subband

images in the wavelet domain related to features oriented in the horizontal, ver-

tical, and diagonal directions. The orthogonality of the subband images allows

these three directional subband images of a particular resolution to be com-

bined and observed simultaneously. That is, three independent subband images

in the horizontal, vertical, and diagonal directions of a certain resolution can
be combined for image details to aid the analysis. Therefore, the feature vector

extracted from different levels (e.g., d1,d2, and d3) of image details can be uti-

lized to determine the reference image.

The pseudo-code for the construction of this multi-resolution feature vector

is summarized in Fig. 2. In this wavelet decomposition feature vector ap-

proach, the detailed images (e.g., d1,d2, and d3) contain the edge information

in the horizontal, vertical, and diagonal directions at different resolutions.

The maximum absolute value in each detailed image dj indicates the pixel with
the most singularity [39,40], which measures the local regularity of the intensi-

ties and precisely identifies discontinuities in the intensities in images. A thresh-

old is empirically chosen to be 10% of the maximum absolute value in each

detailed image dj. It is used to find the edge pixels representing the important

singularities (i.e., the most discernible anatomical structures) in an image. That

is, any pixel, whose absolute value is larger than this threshold, is considered as

an important edge pixel (i.e., a high curvature point) of the discernible anatom-

ical structures. This technique precisely determines the important singularities
whereas other edge detectors (e.g., Sobel, Canny, Prewitt, and Laplace) deter-

mine all possible edge points with respect to the gradient.



Fig. 2. Wavelet decomposition feature vector extraction algorithm.
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After applying this algorithm, the NumDj contains the number of important

edge pixels in the detailed image dj. These important edge pixels retain the max-

imal amount of information necessary for the most discernible anatomical
structures. Therefore, the NumDj can be utilized to determine the reference

image for a 3D medical image set.

3.4. Lossless embedded zerotree wavelet

A popular image coding technique featuring progressive transmission is the

EZW coding, introduced by Shapiro [41]. It is a simple and remarkably effec-

tive image compression algorithm, where the bits in the bit stream are gener-
ated in the order of importance. In addition to produce a fully embedded bit

stream, EZW consistently produces compression results that are competitive

with virtually all known compression algorithms. But EZW coding is a lossy

compression algorithm since successive approximation quantization is applied

to provide a multi-precision representation of the coefficients and to facilitate

the embedded coding. Specifically, the coefficients, whose absolute values are

larger than the current threshold, are quantized by a subordinate pass. This

subordinate pass uses a symbol to roughly indicate the range of the coefficients
instead of the exact values. That is, one symbol codes the coefficients in the

upper half of a range between the threshold of the current and the previous

subordinate pass and another symbol codes the coefficients in the lower half.

We implement a progressive lossless coding method based on an IWT gen-

erated by a lifting scheme [42,43]. The first modification processes an arbitrary

size image instead of an image of power of 2. The second modification adds

two more symbols for convenience in the implementation, besides the four
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coded symbols (POS, NEG, IZ, and ZTR) proposed by Shapiro [41]. One is

ZTD, which indicates that the coefficients are zerotree descendants. The other

is SCN, which is a ‘‘flag’’ to indicate the previously scanned significant coeffi-

cients. The coded symbols have the values:

POS ¼ 3; NEG ¼ 2; IZ ¼ 1; ZTR ¼ 0; ZTD ¼ �1; and SCN ¼ �2;

where all four symbols (i.e., POS, NEG, IZ, and ZTR) used in the final bit
stream can be uniquely coded by two bits such as 11, 10, 01, and 00. The third

modification uses successive differences (i.e., subtracting the subordinate

threshold from the coefficients in the subordinate list) to provide an exact rep-

resentation of the coefficients for each subordinate pass. The fourth modifica-

tion forces previously scanned significant coefficients being coded and

appended to the dominant list only once during the repeated scanning pro-

cesses. The fifth modification stores the final bit stream as a byte stream to

shorten its length for adaptive arithmetic coding.
This variant of EZW (i.e., LEZW) is applied to the reference image chosen

by the feature vector extraction approach to ensure a lossless progressive trans-

mission at different bit rates.

3.5. Predictive coding

The predictive coding in this paper exploits intra-, inter-, and intra-and-

inter-image correlation [44,45]. It estimates each predicted pixel value from
the appropriately weighted neighboring pixel values from both the previously

encoded image and the currently predicted image. These neighboring pixels

are called causal neighbors. The prediction error is input to the next stage

(i.e., forward IWT).

The input 3D medical image set is scanned from top to bottom and left to

right starting from the first to the last image along the image axis. The intensity

of each pixel is predicted according to a weighted sum of its causal neighbors

and rounded to the nearest integer value:

~gðx; y; kÞ ¼ INT
X2
i¼0

X2
j¼�1

X1
k¼0

aði; j; kÞgðx � i; y � j; z � kÞ
 !

ð3Þ

where:

• The i�s, j�s, and k�s respectively are the distances from a causal neighboring

pixel to the predicted pixel along x, y, and z directions, where x is the ver-
tical direction of the image starting from the top left corner and going down-

wards, y is the horizontal direction of the image, and z is the image axis

direction starting from the first to the last image in a 3D image set;

• The a(i, j,k)�s are the predictor coefficients (i.e., causal neighbors� weights);
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• The g(x � i,y � j,z � k) and ~gðx; y; kÞ are the causal neighboring pixel inten-
sity and the predicted pixel intensity at the coordinates of (x � i,y � j,z � k)

and (x,y,z), respectively.

The causal neighbors, which are used to predict the intensity of the pixel X

in a 3D image set, are marked as black circles in Fig. 3. The predicted pixel X
and other to-be-predicted pixels are marked as white circles. The other have-

been-predicted pixels are marked as gray circles.

Table 1 summarizes all prediction rules expressed by the associated causal

neighboring pixels. The rules in Table 1 restrict each predictor to use the causal

neighboring pixels A through F and A 0 through F 0 in predicting a given pixel

X. That is, the estimated pixel value is calculated using different combinations

of the causal neighboring pixels shown in Fig. 3. These combinations corre-

spond to the prediction rules given in Table 1.
The prediction residual (i.e., error) e(x,y,z) is calculated by subtracting each

estimated pixel value from the corresponding original pixel value in each image

of the 3D image set:

eðx; y; zÞ ¼ gðx; y; zÞ � ~gðx; y; zÞ ð4Þ
where x�s, y�s, and z�s range from the minimum to the maximum value in each

of the three directions (i.e., horizontal, vertical, and axis directions).
To simplify the design of optimal predictors for an entire 3D image set, three

assumptions are:

1. The 3D medical image set, V(x,y,z), is a wide-sense stationary random pro-

cess. That is, the mean and covariance (i.e., autocorrelation functions) do

not vary throughout the 3D image set.
Fig. 3. Sample prediction neighborhoods of the proposed predictive coding.



Table 1

Prediction rules of the proposed predictive coding

Intra-

predictor

Predictions Inter-

predictor

Predictions Intra-and-

inter

predictor

Predictions

1 D 1 X 0 1 D, X0

2 A 2 X 0, D 0 2 A, X0

3 D, A 3 X 0, A 0 3 D, A, X0

4 D, A, C 4 X 0, D 0, A 0 4 D, A, C, X 0

5 D, A, C, E 5 X 0, D 0, A 0, C 0 5 D, A, C, E, X0

6 D, F, A, B, C 6 X 0, D 0, A 0, C 0, E 0 6 D, F, A, B, C, X 0

7 X 0, D 0, F 0, A 0, B 0, C 0 7 D, A, D 0, A0, X 0

8 D, C, A, D 0, C 0, A0, X 0
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2. The wide-sense stationary random process V(x,y,z) is ergodic. That is, the

sample mean and sample covariance converge at their ensemble values.

3. The 3D medical image set has a zero mean.

The predictor coefficients (e.g., a0
is ¼ aði; j; kÞ0s) are determined so that the

predictor is optimal with respect to the mean square error. To be optimal,

the predictor must minimize the variance of the prediction residual e(x,y,z).

That is, to minimize

r2e ¼ E½ðeðx; y; zÞ � lÞ2� ¼ Eððeðx; y; zÞÞ2Þ � l2 ð5Þ
where E[Æ] is the probabilistic expectation operator and l is the expectation

value of e(x,y,z). This minimization can be obtained by:

or2e
oai

¼ oE½e2ðx; y; zÞ� � ol2

oai
¼ oE½e2ðx; y; zÞ�

oai
¼ 0 for all i ð6Þ

The pseudo-code for the proposed predictive coding compression is summa-

rized in Fig. 4.

3.6. Integer wavelet transform

Our 3D image set adaptive lossless predictive coding generates small resid-

uals at the smooth areas and large residuals at the edge areas as indicated in
Fig. 4. Predictive coding compression algorithm.
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[46]. That is, the residual distribution can be closely approximated by a Laplace

distribution where most residuals are small and are thus concentrated at the

top of the residual distribution curve. To improve the prediction, wavelet basis

functions are applied to perform the optimization. The IWTs introduced by

Calderbank [42] are used in our compression scheme to optimize the prediction

residuals. These IWTs are a family of symmetric, biorthogonal wavelet trans-
forms constructed from the interpolating Deslauriers–Dubuc scaling functions

[43]. These biorthogonal wavelet bases maintain the highly important linear

phase constraint (corresponding to symmetry for wavelets and scaling func-

tions desired in the finite impulse response filter bank) by relaxing the ortho-

gonality constraint and associating with short length filters [47]. Therefore,

these interpolating Deslauriers–Dubuc scaling functions are equally as amena-

ble to most applications as orthogonal wavelet transforms [47] and are suitable

tools to compress images regarding minimization of computational time and
maximization of compression ratios.

Different sets of (N1,N2) have been used to conduct both forward and in-

verse IWTs, where N1 and N2 respectively represent the number of vanishing

moments of the analyzing high pass filter and the synthesizing high pass filter.

Since both the smoothness and the computational cost increase with increas-

ing N1s and N2s, we limit N1s to 2, 4, or 6 and N2s to 2 or 4. The five IWTs

studied are (4,2), (6,2), (2,2), (4,4), and (2,4). They are applied to the entire

3D adaptive lossless prediction residuals to compensate for prediction
inaccuracy.

The optimal number of iterations of the transform (i.e., the optimal wavelet

decomposition level) is determined by the minimum weighted mean of the

entropies in each quadrant of the IWTed prediction residual, since the statistics

in different quadrants almost always differ. For example, the weighted entropy

for an M-iteration of the transform is computed as

1

4M ðHðCMÞ þ HðDM ;vÞ þ HðDM ;hÞ þ HðDM ;dÞÞ þ
1

4M�1 ðHðDM�1;vÞ

þ HðDM�1;hÞ þ HðDM�1;dÞÞ þ 
 
 
 þ 1

41
ðHðD1;vÞ þ HðD1;hÞ þ HðD1;dÞÞ

where Ci, Di,v, Di,h and Di,d represent level i decomposition of the IWT in the

average, vertical, horizontal, and diagonal directions, respectively.
3.7. Entropy coding

Entropy coding is applied at the final stage of our lossless 3D medical image

compression scheme. Four common entropy coding techniques have been

implemented in our compression scheme. They are:
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• Arithmetic coding as implemented by Alistair Moffat [48].

• ALZ (Adaptive Lempel-Ziv) coding using the Unix ‘‘compress’’ utility.

• Huffman coding using the Unix ‘‘pack’’ utility.

• LZ77 (Lempel-Ziv 77) using the Unix ‘‘gzip’’ utility.

Since the high-resolution sub-images of our proposed predicted IWTs have
a large number of zeros, run-length coding can be expected to significantly re-

duce the data. The four variations are:

• Run length encoding followed by arithmetic coding.

• Run length encoding followed by ALZ.

• Run length encoding followed by Huffman coding.

• Run length encoding followed by LZ77.

3.8. Computational analysis

The complexity of our progressive transmission capable diagnostically loss-

less compression method is comparable with that of other compression

methods.

• The complexity for calculating the optimal predictors is:

Oðn � Row � Col � NumÞ

where Row, Col, Num, and n represent the size of the image (e.g., row and

column numbers), the number of the images in a 3D image set, and the num-

ber of causal neighboring pixels used in the prediction.

• The complexity for both forward and inverse IWT is:
Oð2�maxðN 1;N 2Þ � Row � Col � NumÞ
where N1 and N2 respectively represent the number of vanishing moments of

the analyzing high pass filter and the synthesizing high pass filter. This com-

plexity is normally lower than the standard filtering algorithm [42,43].

• The complexity for the LEZW is:

where Threshold ¼ 2blog2ðMaximum Value of the Integer Wavelet Transform Resultc
OðRow�Col�log2ðThresholdÞÞ

:

Therefore, O(Row · Col · Num) is the computational cost for the proposed

compression and decompression algorithms. This computational cost is com-

parable with the 3D predictive coding techniques and less than the 3D IWT-

based techniques.
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4. Results

In our research, MR image sets obtained from three different sources are

used to illustrate the compression results. The first source is an MRI simulator

developed at the McConnell brain imaging center [49]; the second source is

LSUHSC-NO (Louisiana State University Health Sciences Center in New Or-
leans); the third source is Mallinckrodt Institute of Radiology, Image Process-

ing Laboratory [22]. The brain image sets generated by the simulator can be

utilized as a measurement for the effectiveness of the proposed algorithm. Spe-

cifically, the effect of removing noise outside the diagnostic region by using our

proposed preprocessing procedure can be illustrated since the parameters to

generate the image sets can be manually controlled.

Table 2 summarizes four categories of MR axial 1 brain image sets with

256 · 256 pixels in each image, where:

• Thickness represents the distance between two adjacent images; however,

pixel distances within each image are always 1-mm;

• Noise represents the noise percent, which is a percent standard deviation of

the Gaussian noise relative to the mean pixel intensity for a reference brain

tissue, i.e., white matter for T1-weighted (tissue-specific acquisition parame-

ter for the longitudinal relaxation time) images, and cerebrospinal fluid for

T2-weighted (tissue-specific acquisition parameter for the transverse relaxa-
tion time) images;

• Intensity non-uniformity represents the percent of radio frequency non-

uniformity.

Each itemized category consists of four MR brain image sets with 20 images

in each image set. Totally, 40 MR brain image sets from the simulator were

used in our experiments.

The real MR brain image sets obtained from LSUHSC-NO, which were

acquired by different cross sections including axial, sagittal, 2 and coronal, 3

can be divided into the following two categories: 24 MR brain image sets

from different patients and 6 studies with a total of 26 MR brain image
sets. Table 3 describes these two categories of data set from the LSUHSC-

NO.

Table 4 describes the MR 3D data sets obtained fromMallinckrodt Institute

of Radiology, Image Processing Laboratory [22].
1 The image orientation is perpendicular to the long axis of the human body.
2 The image orientation parallels the long axis of the human body.
3 The image orientation is ‘‘like looking’’ into the face of another person.



Table 2

MR axial brain image sets generated by the simulator

Category Thickness Noise Intensity

Non-uniformity

Cat1 T2-weighted multiple sclerosis
a brain image set a 3-mm 3% 20%

b 3-mm 5% 20%

c 3-mm 3% 40%

Cat2 T2-weighted normal brain image set a 7-mm 3% 20%

b 7-mm 5% 40%

c 9-mm 9% 40%

Cat3 T2-weighted multiple sclerosis brain image set a 3-mm 3% 0%

T2-weighted normal brain image set b 3-mm 3% 0%

Cat4 T1-weighted multiple sclerosis brain image set a 3-mm 3% 0%

T1-weighted normal brain image set b 3-mm 3% 0%

a Multiple sclerosis [50] is a debilitating and progressive disease of the central nervous system.
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4.1. Preprocessing result

Fig. 5 shows the result of our proposed preprocessing method applied to

the image no. 7 in a typical MR axial brain image set with 20 images. The

boundary extracted (Fig. 5(b)), which covers the diagnostic region, is illus-

trated with white intensity on a black background. The histogram of the
non-diagnostic region outside this extracted boundary is presented in Fig.

5(c). This shows that more than 95% of the pixels have intensity of zero,

and all the other inclusive intensities between 1 and 26 are uniformly distrib-

uted with a probability of less than 2%. Fig. 5(d) shows the preprocessed

image with non-diagnostic region set to zero. That is, the non-uniform dis-

tributed noise in the non-diagnostic region is eliminated. This non-diagnostic

region (i.e., background region on the original image) is shown as white for

display.
We further calculate the entropies of both the original image and the prepro-

cessed image since entropy effectively measures the compressibility of the

image. The calculation results show that the preprocessed image entropy

(4.4391 bits/byte) is lower than the original image entropy (4.5610 bits/byte).

Therefore, we conclude that this preprocessing method significantly improves

the compressibility of the image and aids the selection of the reference image.

4.2. Comparison of predictors

The prediction residuals are compared to determine the performance of the

predictors. The inter-image predictors produce large prediction residuals. The

intra-image predictors usually produce smaller prediction residuals than



Table 4

Description of the MR data from Mallinckrodt Institute of Radiology

File name Original voxel dimensions (mm) Volume size (Pixels)

MR_liver_t1 1.45 · 1.45 · 5 256 · 256 · 48
MR_liver_t2e1 1.37 · 1.37 · 5 256 · 256 · 48
MR_sag_head 0.98 · 0.98 · 3 256 · 256 · 16
MR_ped_chest 0.78 · 0.78 · 5 256 · 256 · 64

Table 3

MR brain image sets from the LSUHSC-NO

First category Second category

Orientation Parameter Volume size

(Pixels)

Patient Orientation Parameter Volume size

(Pixels)

Axial T2 256 · 256 · 14 1 Axial T1 256 · 256 · 22
T2 256 · 256 · 19 Axial T2 256 · 256 · 22
T1 256 · 256 · 19 Axial T1 256 · 256 · 22
T1 256 · 256 · 19 Sagittal T1 256 · 256 · 23
T2 256 · 256 · 21 2 Axial T1 256 · 256 · 22
T1 256 · 256 · 21 Axial T1 256 · 256 · 22
T1 256 · 256 · 21 Axial T1 256 · 256 · 22
T1 256 · 256 · 21 Axial T2 256 · 256 · 22
T1 256 · 256 · 23 Sagittal T1 256 · 256 · 23
T2 256 · 256 · 15 Coronal T1 256 · 256 · 23
T2 256 · 256 · 14 3 Axial T1 256 · 256 · 20
T2 256 · 256 · 19 Axial T1 256 · 256 · 20
T1 256 · 256 · 19 Axial T1 256 · 256 · 20
T1 256 · 256 · 19 Axial T1 256 · 256 · 20

Sagittal T1 256 · 256 · 16 Axial T1 256 · 256 · 22
T1 256 · 256 · 22 Coronal T1 256 · 256 · 23
T1 256 · 256 · 22 4 Axial T2 256 · 256 · 16
T1 256 · 256 · 23 Sagittal T1 256 · 256 · 23
T1 256 · 256 · 23 5 Axial T1 256 · 256 · 22
T1 256 · 256 · 17 Axial T1 256 · 256 · 22
T1 256 · 256 · 22 Axial T1 256 · 256 · 22
T1 256 · 256 · 22 Axial T2 256 · 256 · 22

Coronal T2 256 · 256 · 24 Sagittal T1 256 · 256 · 23
T1 256 · 256 · 24 Coronal T1 256 · 256 · 24

6 Axial T1 256 · 256 · 20
Sagittal T1 256 · 256 · 20
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the intra-and-inter-image predictors for MR brain image sets. Fig. 6 presents

the entropies of two typical prediction residual sets (one axial brain image

set from the simulator and one sagittal brain image set from LSUHSC-NO)

by using all the predictors shown in Table 1. Predictor 1 through 6, 7 through



Fig. 5. Preprocessing result on image no. 7. (a) Original image. (b) Extracted skull boundary. (c)

Histogram of the non-diagnostic region. (d) Preprocessed image with white background for display.
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Fig. 6. Entropies of the prediction residuals by using the three types of predictors.
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13, and 14 through 21 respectively represent the six intra-image predictors, the

seven inter-image predictors, and the eight intra-and-inter-image predictors.

These entropy results further demonstrate the prediction-residual-based obser-

vations. That is, the inter-image predictors have the highest entropies of the

three types of predictors. Each inter-image predictor has higher entropy than

the original entropy (i.e., 5.8649 and 5.6736 for the axial and sagittal brain im-

age set). The intra-image predictors have the lowest entropies of the three types

of predictors. Each intra-image predictor has much lower entropy than the ori-
ginal and has slightly lower entropy than each intra-and-inter-image predictor.

Therefore, the intra-image predictors and the intra-and-inter-image predictors

have comparable performance and are better than the inter-image predictors.

These experimental results further prove the inefficiency of the 3D predictive

coding as demonstrated in [35,36]. Therefore, the inter-image predictors are

eliminated from further consideration for compression.
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4.3. Comparison of integer wavelet transforms

Table 5 summarizes the entropy of a typical sagittal brain image set from

LSUHSC-NO for the 1st-level integer wavelet decompositions studied. The

first level decomposition (one iteration) is used because it usually yields a smal-

ler weighted-entropy for any interpolating IWT and the weighted-entropy in-
creases with the increasing decomposition level.

Among the five interpolating IWTs, (6,2) and (2,4) produce the largest

entropies (i.e., the worst compressibility). The other three interpolating IWTs

produce comparable entropies with the least average entropy of 3.8884 yielded

by the (2,2) interpolating IWT. Since the symmetric biorthogonal wavelet sys-

tems can be obtained by keeping vanishing moments equally distributed for the

analyzing and synthesizing high-pass filters [47], both (4,4) and (2,2) interpo-

lating IWTs are suitable tools for compression. Moreover, (2,2) interpolating
IWT requires less computation for both dual lifting and lifting stages [42] of

the IWT. Therefore, it is chosen to compensate for inaccuracy in prediction.

4.4. Comparison between predictive coding and predicted integer wavelet

transforms

After applying the 1st-level (2,2) interpolating IWT to the prediction resid-

uals, the optimized prediction residual distribution still keeps the shape of the
Table 5

Entropy at various stages—predictive coding and predicted integer wavelet transform

Predictor Predictive

coding

Predicted integer wavelet transform

(4,2) (6,2) (2,2) (4,4) (2,4)

Intra-image predictors 1 4.5223 4.0255 4.0540 4.0463 4.0291 4.0582

2 4.4608 3.9441 3.9800 3.9471 3.9500 3.9612

3 4.2396 3.8212 3.8565 3.8218 3.8260 3.8333

4 4.0097 3.8964 3.9380 3.8864 3.9001 3.8969

5 4.0019 3.8640 3.9029 3.8559 3.8671 3.8658

6 3.9052 3.8183 3.8623 3.8047 3.8212 3.8130

Intra-and-inter-image

predictors

1 4.5410 4.0150 4.0427 4.0371 4.0186 4.0486

2 4.4897 3.9338 3.9695 3.9389 3.9392 3.9524

3 4.2489 3.8202 3.8552 3.8205 3.8246 3.8319

4 4.0156 3.8944 3.9360 3.8852 3.8978 3.8955

5 4.0043 3.8629 3.9031 3.8549 3.8667 3.8647

6 3.9105 3.8119 3.8562 3.7977 3.8147 3.8062

7 4.2576 3.8485 3.8835 3.8512 3.8536 3.8629

8 4.0190 3.8986 3.9394 3.8895 3.9018 3.8997

Average entropy 4.1878 3.8896 3.9271 3.8884 3.8936 3.8993
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well-known Laplace distribution with the zero mean. That is, it is still a sym-

metric and narrow curve with a sharp peak. This observation is demonstrated

in Fig. 7, where the prediction residual distribution of the axial brain image is

illustrated on the left hand side and the corresponding optimized prediction

residual (i.e., the IWTed prediction residual) distribution is shown on the right

hand side.
The variance of the optimized prediction residual is greatly reduced com-

pared with the variance of the prediction residual. For instance, the variance

of the prediction residual of the axial image in Fig. 5(a) is 151.70, whereas

the variance of the corresponding optimized prediction residual has a value

of 71.55. This lower variance indicates that more values will be close to the zero

mean. Furthermore, the IWT supports the statistical context modeling of sam-

ple dependencies via the localization of the signal energy in both frequency and

spatial domains. That is, wavelet coefficients of similar magnitudes statistically
cluster in both the frequency subbands and the spatial locations. Large wavelet

coefficients in different frequency subbands tend to be located at the same spa-

tial locations. This localization property makes it much easier to model the sta-

tistical context of the optimized prediction residuals.

The results in Table 5 numerically prove the above observation. That is,

the predicted IWTed image set is more compressible than its corresponding

predicted image set since it has less entropy. The one level IWT compensates

the inaccuracy in prediction and optimizes the prediction residuals. The
intra-and-inter-image predictor 6 plus one level (2,2) interpolating IWT
Fig. 7. The distributions of the prediction residual and the optimized prediction residual of the

axial brain image in Fig. 5(a).
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achieves the least entropy (3.7977) for this sagittal brain set. This is in bold

type in Table 5. The next least entropy (3.8047) is generated by intra-

image predictor 6 followed by one level (2,2) interpolating IWT, the italic

in Table 5.
4.5. Comparison of different entropy methods

‘‘Gzip’’ (LZ77) produces the best compression of the four common entropy

coding methods. The others are not consistent and produce different compres-

sion for MR image sets. For the four variations of the entropy methods, the

run-length encoding followed by arithmetic coding performs the best and run-

length encoding followed by ‘‘compress’’ performs the worst. However, run-

length coded entropy methods always perform better than entropy methods

on MR image sets. Therefore, run-length and arithmetic coding is the preferred
entropy method for our compression method.

4.6. Comparison between predicted wavelet compression and other lossless

compressions

Our compression algorithm was tested on all the 8-bit 3D MR image sets

obtained from three sources. All the compression results were obtained with

the intra-image predictor 3 and a 1st-level (2,2) interpolating IWT plus run-
length and arithmetic coding. The intra-image predictor 3 uses an x-pixel (D

in Fig. 3) and a y-pixel (A in Fig. 3) for prediction. This predictor was chosen

due to less computation and relatively high compression. It is also supported

by the theorem proposed in [35]. This theorem mathematically proves that

any de-correlation transform, efficiently decreasing the entropy of at least

one image, will tend to decrease the entropy of all similar images. That is,

the intra-image predictor adapted for an entire 3D image set can achieve opti-

mal de-correlation on all similar images in a set.
Table 6 presents the compression comparison of our proposed diagnosti-

cally lossless predicted wavelet compression algorithm and other common

compression algorithms including arithmetic coding, compress, pack, gzip,
Table 6

Comparison of different methods on MR brain image sets from two sources

3D Set Compression measured in bpp (bits per pixel), Averaged over the entire image volume

Arith. Comp. Pack. Gzip JPEG-LS Predicted

wavelet-LS

Predicted

wavelet

Source 1 4.9155 3.8230 4.9730 3.5807 3.1428 2.3148 2.1038

Source 2 5.6097 5.1523 5.6374 5.0286 4.3915 3.8715 2.4292
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and lossless JPEG. The compression results of the proposed algorithm without

the preprocessing step (i.e., lossless predicted wavelet compression algorithm)

are also summarized in Table 6 for the lossless comparison. It shows that loss-

less JPEG performs the best among all the lossless compression methods com-

monly used. The compression improvement of this lossless JPEG on the two

sources of MR brain image sets versus Unix ‘‘gzip’’ are 13.93% and 14.51%;
Unix ‘‘compress’’ 21.64% and 17.32%; arithmetic coding 56.40% and 27.74%;

and Unix ‘‘pack’’ 58.23% and 28.37%. Our proposed diagnostically lossless

predicted wavelet compression algorithm performs the best as shown on the

last column of Table 6. The compression ratios improve the lossless JPEG

by 49.39% and 80.78% for MR brain image sets from the source 1 and source

2. Our proposed lossless predicted wavelet compression algorithm also achieves

better compression ratios than the lossless JPEG method. It has 35.77% and

13.43% improvement over lossless JPEG for the same two sources.
In summary, our proposed diagnostically lossless compression technique

achieves the most compression with no loss of diagnostic information. Further-

more, it achieves better compression for the 3D MR brain image sets contain-

ing unknown noise since the compression improvement over other five

commonly used lossless compression methods increases dramatically for these

brain image sets. For instance, the predicted wavelet compression method has

49.39% improvement over lossless JPEG for the simulated MR brain image

sets. However, the improvement for LSUHSC-NO MR brain image sets is
80.78%. This indicates that our proposed compression method has better com-

pression performance for MR brain image sets with unknown noise. This bet-

ter performance is achieved by the preprocessing procedure to remove noise

outside the diagnostic region.

Our compression algorithm was further tested on several 8-bit 3D MR

image sets shown in Table 4. Table 7 illustrates the compression performance

of the proposed algorithms (i.e., lossless predicted wavelet compression algo-

rithm and diagnostically lossless predicted wavelet compression algorithm) to-
gether with other present algorithms shown in [22].

The EZW and the CB-EZW are the 3D techniques presented by Bilgin

[22]. The 3D EZW does not have context modeling, and the adaptive arith-
Table 7

Comparison of different methods on the MR data shown in Table 4

File name Unix

compress

JPEG-LS CALIC 3D EZW 3D

CB-EZW

Predicted

wavelet-LS

Predicted

Wavelet

MR_liver_t1 5.3040 3.1582 3.0474 2.3743 2.2076 2.2065 1.7345

MR_liver_t2e1 3.9384 2.3692 2.2432 1.8085 1.6591 1.2141 1.2139

MR_sag_head 3.5957 2.5567 2.5851 2.3883 2.2846 2.3860 2.1072

MR_ped_chest 4.3338 2.9282 2.8102 2.0499 1.8705 2.0842 1.6747

Average bpp 4.2930 2.7531 2.6715 2.1553 2.0055 1.9727 1.6826
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metic coder is reset at every subband. The 3D CB-EZW algorithm uses con-

text modeling to provide additional gain in coding performance. The results

in Table 7 show that our lossless and diagnostically lossless predicted wavelet

compressions improve the 3D CB-EZW by 1.66% and 19.19% for MR image

sets. The preprocessing procedure for removing noise outside the diagnostic

region improves the compression performance by 17.24% in these MR image
sets.

4.7. Comparison between predicted wavelet compression with and without

progressive transmission capability

Compared with the predicted wavelet compression method without the

progressive capability, the proposed progressive transmission capable

method has less compression by 7.25% for the simulated MR brain images
and 6.60% for the LSUHSC-NO MR brain images. However, the compres-

sion achieved is still better than the best commonly used lossless compres-

sion method (i.e., lossless JPEG) by 39.29% and 69.59% respectively.

Similarly, the proposed progressive transmission capable method has less

compression by 4.49% for the MR image sets from Mallinckrodt Institute

of Radiology. However, the compression results are still better than 3D

CB-EZW by 14.07% on average. We conclude that our proposed predicted

wavelet method with the progressive capability better compresses 3D MR
image sets than other common and present lossless compression

methods.
4.8. Progressive transmission capability result provided with the reference image

The progressive transmission capability for a reference image (i.e., the image

in Fig. 5) for a 3D axial brain image set is illustrated in Fig. 8. It depicts the

reconstruction of the LEZW coded MR reference image at bit rates of
4 bpp, 2 bpp, 1 bpp, and 0.8 bpp, which correspond to compression ratios of

2:1, 4:1, 8:1, and 10:1, respectively. As the bit rate is reduced (i.e., the compres-

sion ratio increases), the quality of the reconstructed reference image degrades.
Fig. 8. Reconstruction of an LEZW coded MR reference image. (a) Original reference image

(Reconstruction at 8 bpp). (b) Reconstruction at 4 bpp. (c) Reconstruction at 2 bpp. (d)

Reconstruction at 1 bpp (e) Reconstruction at 0.8 bpp.
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Loss of image detail in the smooth central parts (i.e., the diagnostic region) of

the reference image is visible at 1 bpp and 0.8 bpp. This blurring increases at

lower bit rates. However, the reconstructed reference image is visible identical

to the original one at the bit rate of 4 bpp. Progressive transmission is useful in

telemedicine so radiologists can rapidly determine whether the 3D image set

being transmitted is the one desired.
5. Conclusion and discussion

A progressive transmission capable diagnostically lossless compression

method for 3D medical image sets has been developed and tested. Experiments

show that intra-image predictor 3 followed by a 1st-level (2,2) IWT is the best

combination for our technique in terms of both computational cost and com-
pression ratios when applied to 3D MR image sets. An efficient automated fil-

ter-and-threshold based background noise removal technique is also presented.

This preprocessing technique improves the compression ratio of the proposed

lossless compression technique by approximately 31.27%. A wavelet decompo-

sition feature vector based approach is applied to determine the reference

image with the most discernible anatomical structures. Then an LEZW method

is used to progressively encode this reference image. The compression results of

using the proposed predicted wavelet compression method with and without
progressive transmission capability on MR image sets are compared with sev-

eral common and present lossless compression methods. The lossless compres-

sion without progressive transmission capability improves the lossless JPEG

and 3D CB-EZW by an average of 24.60% and 1.66%, respectively. The diag-

nostically lossless compression without progressive transmission capability im-

proves the lossless JPEG and 3D CB-EZW respectively by an average of

approximately 65.09% and 19.19%. The progressive transmission capable diag-

nostically lossless compression improvement over the lossless JPEG and the 3D
CB-EZW is approximately 54.44% and 14.07%.

We restrict our experiments to MR images, but a variety of other medical

imaging modalities such as CT images, X-ray images, etc., could benefit from

our method. Furthermore, the method is extensible to any class of image set

consisting of similar images.

Our compression method has been restricted to MR data sets with a relative

large distance between slices which corresponds to a relative small number of

slices in each 3D image set. The distance between slices has a significant influ-
ence in the inter-slice correlation. Further investigation is required to better

determine the relationship between the inter-slice correlation and the distance

between slices to obtain full advantage of the predictive coding.

The choice of integer wavelet transformations is an important aspect of the

compression. While we restricted our research to performance using five inter-



X. Qi, J.M. Tyler / Information Sciences 175 (2005) 217–243 241
polating transforms, further work can determine whether overall performance

can be improved with the use of other integer wavelet transforms.
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