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ABSTRACT 

 
Homogeneous data in radiological image databases consumes an extraordinary amount of storage space.  An example of this 
is the multiple voxels representing different cross sections of a body part being imaged, which are referred to as volumetric 
data sets.  Lossless compression algorithms are imperative for efficient storage and transmission of volumetric data sets.  This 
paper presents a diagnostically lossless medical image volume compression algorithm that achieves better compression than 
the other compression algorithms typically available on computer systems.  Our algorithm is a combination of predictive 
coding and integer wavelet transforms plus a special preprocessing procedure to remove noise outside the diagnostic region 
in medical image volumes.  This volume compression improvement is demonstrated with MR (magnetic resonance) brain 
images.   Our algorithm results in a compression ratio of around 3:1 for a set of medical images. 
 
Keywords:  Predictive coding, integer wavelet transform, entropy coding and diagnostically lossless image volume 
compression 
 

1.  INTRODUCTION 
 
The trend in medical imaging is toward direct digital image acquisition.  This results in large amounts of homogeneous data 
in radiological image databases.  An example of this is the multiple voxels representing different cross sections of a body part 
being imaged, which are referred to as volumetric data sets.  For example, a 1024*1024*1024 volume with each voxel 
represented by 24 bits requires 3 Gbytes of storage.  Excessive storage demands tax the underlying I/O and communications 
subsystems.  Compression is one possible solution to this problem. 
 
Data compression techniques can be broadly classified into lossy and lossless techniques.  Although lossy compression is 
often acceptable, lossless compression is sometimes preferred.1  For instance, medical professionals prefer lossless 
compression since it facilitates accurate diagnosis with no degradation of the original images.  Lossy compression techniques 
can lead to errors in diagnosis because of unknown artifacts introduced in compensation for a higher compression ratio.  
Furthermore, there exist legal and regulatory issues that favor lossless compression in radiology.  Similar issues exist for the 
medical image volume. 
 
In this paper, we present an efficient volumetric data compression technique to help alleviate the storage space and 
communication problem.  The remainder is organized as follows: 
 

 Section 2 investigates existing methods for volume compression. 
 Section 3 presents our predictive coding integer-based wavelet transform approach to diagnostically lossless medical 

image compression. 
 Section 4 discusses compression results with MR brain images obtained with our compression method. 
 Section 5 presents conclusions. 

 
2. VOLUME COMPRESSION 

 
Despite its extraordinary size, much of the information in the medical image volume is redundant.  For instance, most voxels 
are similar to adjacent voxels in terms of shape, pixel intensity with respect to anatomical position, and analogous anatomical 



structures from observation.  This special redundancy in the image volumes can be exploited to achieve better compression as 
all data compression techniques do.   
 
An early scheme was developed to archive CT-image volumes.  It used run-length encoding for a simple-fast lossless 
compression to achieve compression of around 1.7.2  However, a significant portion of this compression was due to the fact 
that the 12-bit voxel information was stored with 16 bits in each voxel of the original volume. 
 
Knauer3 applied the Hadamard transform for real-time television compression by considering the sequence of frames as a 
volume.  Ning4, 5 utilized vector quantization to compress the volume and Tzi-Cker6 applied a discrete Hartley transform for 
compression.  Some of other methods7-11 used the 3-D discrete wavelet transform to decorrelate volume data.  All these 
approaches are lossy.  They are intended to improve the compression ratio and expedite the rendering process. 
 
Many applications and particularly those in the medical image domain, require access to the original image volume dataset.  
As a result, lossless predictive coding was applied12, 13 to compress these image volumes.  In a recent paper14, a 3D CB-EZW 
(context-based embedded zerotree wavelet) algorithm was proposed to efficiently encode these image volumes by 
exploitation of the redundancies in all dimensions, while enabling lossy and lossless decompression from the same bit stream. 
 
Most present image volume compression techniques either utilize 3-D discrete wavelet transforms or the predictive coding, 
but not both.  In this paper, we introduce a new technique that combines these two techniques with a unique preprocessing 
procedure that increases compression ratios. 
 

3. IMPLEMENTATION 
 

The technique we propose for diagnostically lossless medical image volume compression is a combination of predictive 
coding, integer wavelet transforms and entropy coding with a special preprocessing procedure to remove noise outside the 
diagnostic region. 
 
Figure 1 shows the block diagram of our diagnostically lossless medical image volume compression technique. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1 Block diagram of our diagnostically lossless medical image volume compression algorithm 
 
3.1 Preprocessing 
 
Most compression techniques compress the entire image.  We observed that most MR and CT medical images contain large 
backgrounds (up to 50% of the image), which are not used in the medical diagnosis. These image backgrounds, even though 
they appear totally uniform, in fact contain random noise and artifacts inherited somewhere in the image acquisition.  Total 
removal of the background noise outside the diagnostic region substantially improves any lossless compression algorithm.  
This results in no lost data in the diagnostic region, i.e., "lossless".  From the radiologists' viewpoint, this is a diagnostically 
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lossless medical image.  This preprocessing removes all noise in the background with no loss of diagnostic information in 
medical image volume. 
 
We determine the boundary for the diagnostic region by finding the first and the last point above a threshold.  The threshold 
is determined by using 10% of the maximum intensity in each voxel, for each horizontal scan-line in the voxel.  In general, 
this threshold is a conservative estimate of the boundary since the human head is convex.  The background region outside the 
boundary is set to zero to denoise the non-diagnostic region of each voxel in the volume.   
 
Figure 2 shows the result of this preprocessing method and the noise removed from outside the diagnostic region.   
 

 

 

 

 

 

 

Figure 2 Result after applying the preprocessing method 
 

3.2 The Predictor and Predictive Coding 
 
In a medical image volume, adjacent voxels usually possess a higher degree of spatial coherence than nonadjacent voxels.  
Predictive coding exploits this spatial coherence to calculate intensity values from those of previously encoded voxels.  The 
difference between the predicted intensity value and the actual intensity value of the current voxel is encoded since the 
entropy of these prediction differences is normally lower than that of the original voxel.  Thus transmission of the prediction 
difference is more efficient than transmission of the original voxel. 
 
We assume that the medical image volume, V(x, y, z), is a wide-sense stationary random process.  The predictor generated 
from previously processed values makes the encoder causal, so that the decoder can track the operation of the encoder and 
generate the same predicted values as the encoder. 
 
The predictors in our technique are as follows: 
Predictor 1:  V’(x, y, z) = a1V(x-1, y, z)  
Predictor 2:  V’(x, y, z) = a1V(x, y-1, z) 
Predictor 3:  V’(x, y, z) = a1V(x, y, z-1) 
Predictor 4:  V’(x, y, z) = a1V(x-1, y, z) + a2V(x, y-1, z) + a3V(x, y, z-1) 
Predictor 5:  V’(x, y, z) = a1V(x-1, y, z) + a2V(x, y-1, z) + a3V(x-1, y-1, z) 
Predictor 6:  V’(x, y, z) = a1V(x-1, y, z) + a2V(x-2, y, z) + a3V(x, y-1, z)+a4V(x,y-2,z)+a5V(x-1,y-1,z)+ 

     a6V(x-2,y-1,z)+a7V(x-1,y-2,z) 
Predictor 7:  V’(x, y, z) = a1V(x-1, y, z) + a2V(x-1, y-1, z) + a3V(x, y-1,z)+a4V(x, y-1, z-1)+ 

     a5V(x-1, y,z-1)+a6V(x,y,z-1)+a7V(x-1,y-1,z-1) 
Predictor 8:  V’(x, y, z) = a1V(x-1, y, z) + a2V(x, y-1, z) + a3V(x-1, y-1, z)+a4V(x-1,y,z-1)+ 

     a5V(x,y-1,z-1)+a6V(x,y,z-1)+a7V(x-1,y-1,z-1) 
Predictor 9:  V’(x, y, z) = a1V(x-1, y, z) + a2V(x-2, y, z) + a3V(x, y-1, z)+a4V(x,y-2,z)+a5V(x-1,y-1,z)+ 

     a6V(x-2,y-1,z)+a7V(x-1,y-2,z)+a8V(x-2,y-2,z) 
 
where V(x-i, y-j, z-k) represents the i-pixel, j-pixel and k-pixel shifts of the image set V in x, y and z direction respectively.  
The predictor coefficients A = {ai} are determined so that the predictor is optimal with respect to the MSE (mean-square-
error).   
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3.3 Integer Wavelet Transform  
 
A family of symmetric, biorthogonal wavelets can be constructed from interpolating Deslaurriers-Dubuc scaling functions15 
by varying the three stages (Split, Predict and Update) of lifting, as: 

1. Choose different wavelets, other than the lazy wavelets, as the initial split. 
2. Choose a different number of vanishing moments (N) of the dual wavelet, i.e., analyzing high pass filter. 

3. Choose a different number of vanishing moments (
~
N ) of the primal (real) wavelet, i.e., synthesizing high pass 

filter. 

Different sets of  ( N ,
~
N ) such as (2, 2), (2,4), (4, 4), (4, 2) and (6, 2) are used to conduct both the forward and inverse 

integer wavelet transformation.  
 
3.4 Entropy Coding 
 
Entropy represents the minimum size of dataset necessary to convey a particular amount of information.  Huffman coding, 
LZ (Lempel-Ziv) coding and arithmetic coding are commonly used entropy coding schemes.   In our implementation, we 
applied the Unix utilities compress and pack for entropy coding.  Compress is based on ALZ (Adaptive Lempel-Ziv) method 
and pack uses Huffman coding.  Also we applied a more sophisticated entropy coding method, arithmetic coding 
implemented by Alistair Moffat.16 
 

4. EXPERIMENTAL RESULT 
 
Table 1 compares the compression performance of our diagnostically lossless compression algorithm applying predictor 4, 
formed by 1-pixel shifts of the image volume V in x, y and z direction respectively, with different biorthogonal wavelets and 
different entropy codings. 
   

Arithmetic Coding Compress Pack MR brain 
Image 

volume 
( N ,

~
N ) Best %Comp/ 

Ratio 
Data 

Size (Bytes) Size/%comp/ratio Size/%comp/ratio Size/%comp/ratio 

Original   1310720 664004/49.34%/1.97 554931/57.66%/2.36 669808/48.90%/1.96 
Reduced 
Denoised 

  770400 585415/55.34%/2.24 542849/58.58%/2.41 589575/55.02%/2.22 

Predicted   770447 471144/64.05%/2.78 461711/64.77%/2.84 475735/63.70%/2.76 
(2, 2) 773600 416499/68.22%/3.15 435237/66.79%/3.01 421249/67.86%/3.11 
(2, 4) 771164 414840/68.35%/3.16 433011/66.96%/3.03 419522/67.99%/3.12 
(4, 2) 774770 415655/68.29%/3.15 433273/66.94%/3.03 420250/67.94%/3.12 
(4, 4) 772130 412543/68.53%/3.18 429597/67.22%/3.05 417104/68.18%/3.14 

2-Level 
Predicted 
Integer  
Wavelet 

Transform (6, 2) 

(4, 4) 
Arithmetic 
1310720 

412543 
68.53%/3.18 778490 423862/67.66%/3.09 442649/66.23%/2.96 428112/67.34%/3.06 

(2, 2) 773552 418275/68.09%/3.13 438653/66.53%/2.99 422854/67.74%/3.10 
(2, 4) 771512 416576/68.22%/3.15 436641/66.69%/3.00 421042/67.88%/3.11 
(4, 2) 775142 418803/68.05%/3.13 438381/66.55%/2.99 423199/67.71%/3.10 
(4, 4) 772508 414630/68.37%/3.16 433543/66.92%/3.02 419011/68.03%/3.13 

3-Level 
Predicted 
Integer 
Wavelet 

Transform (6, 2) 

(4, 4) 
Arithmetic 
1310720 

414630 
68.37%/3.16 782510 432203/67.03%/3.03 456510/65.17%/2.87 436244/66.72%/3.00   

Table 1 Compression percentage and compression ratio of 
different level integer wavelet transforms and different entropy codings on a MR brain image volume 

 
Compared to the best compression result (439977/66.45%/2.98 and 445943/66.00%/2.94 for 2-level and 3-level predicted 
integer wavelet transform respectively) previously obtained,17 our compression ratio increased by 0.2 and 0.22 and our 
compressed image volume size decreased by 27434 and 31313 bytes correspondingly. 
 
Furthermore, we applied different mentioned predictors in the implementation combined with our preprocessing procedure 
and the 2-level (4, 4) biorthogonal integer wavelet transform and arithmetic coding, where the combination of both are the 
optimal in Table 1.  The compression results are presented in Table 2. 



 
Predictors Predicted Volume Size Post Arithmetic Coding Volume Size %Compression Ratio 
Predictor 1 774908 426859 67.43% 3.07 
Predictor 2 777806 438444 66.55% 2.99 
Predictor 3 804254 505826 61.41% 2.59 
Predictor 4 772130 412543 68.53% 3.18 
Predictor 5 771902 414110 68.41% 3.17 
Predictor 6 770786 408121 68.86% 3.21 
Predictor 7 771878 415114 68.33% 3.16 
Predictor 8 771878 415114 68.33% 3.16 
Predictor 9 770654 412191 68.55% 3.18 
 

Table 2 Diagnostically lossless compression percentage and compression ratio of different predictors 
combined with 2-level (4, 4) biorthogonal integer wavelet transform and arithmetic coding 

 
Table 3 shows the compression result of our diagnostically lossless compression technique with the predictor 4 in Table 2 on 
12 other MR brain image volumes, each of which contains 20 voxels.  The reason for choosing predictor 4 instead of 
predictor 6 is the computational simplicity of fewer predicting coefficients and optimal compression ratio. 
 
Compressed Size %Compression Ratio Compressed Size % Compression Ratio 

378426 71.13% 3.46 419082 68.03% 3.13 
376858 71.25% 3.48 418923 68.04% 3.13 
372936 71.55% 3.51 364621 72.18% 3.59 
371663 71.64% 3.53 362078 72.38% 3.62 
425429 67.54% 3.08 359636 72.56% 3.64 
423613 67.78% 3.09 358042 72.68% 3.66 

Average % Compression: 70.55%;  Average Compression Ratio: 3.41 
 

Table 3 The compression result for 12 MR brain image volumes 
 

5. CONCLUSION 
 
In this paper, we present an efficient diagnostically lossless compression method that is designed specifically for the 
compression of a medical image volume.  This compression is demonstrated with sets of MR brain image volumes.  The 
method combines predictive coding, which is adapted to the special redundancy in the medical image volume, and the integer 
wavelet transform for compression.  Furthermore, an effective preprocessing method is integrated to remove the noise outside 
the diagnostic region to improve the compression.   The presented method produces an average “diagnostically” lossless 
compression ratio of 3.41.   
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