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ABSTRACT 
 
We design a linear-prediction-based multi-resolution 
approach for lossless image compression.  The linear 
prediction technique computes the weighted differences 
between six neighboring pixel values to estimate the 
predicted pixel value.  The prediction error is 
decomposed by a one-level integer wavelet transform to 
improve the prediction.  The performance of the proposed 
approach is compared with the lossless Joint 
Photographic Experts Group (JPEG) and lossless 
adaptive linear predictor schemes.  Our approach is 
compared with these two schemes because these 
techniques estimate the present pixel value from the 
previous pixel values.  Our proposed scheme yields lower 
bits/pixel (higher compression) than the lossless JPEG, 
which is a purely linear-prediction-based approach.  It 
also yields a comparable or lower bits/pixel than the 
lossless adaptive linear predictor scheme.  However, the 
computational complexity is greatly reduced because the 
predictor coefficients are known by both the encoder 
(compressor) and the decoder (decompressor).  This 
advantage is particularly attractive in real time processing 
for compressing and decompressing digital images. 
 
Keywords: Linear Prediction, Multi-resolution, Lossless 
Compression, Integer Wavelet Transform, and Entropy 
Coding.  
 

1.  INTRODUCTION 
 
Compression becomes increasingly essential in today’s 
multimedia world.  Compression not only minimizes 
channel capacity and storage requirements but also 
reduces time required to transmit data.  Consequently, the 
methods of compressing data prior to storage and/or 
transmission are of significant practical and commercial 
interest. 
 

Most compression schemes are lossy, where high 
compression ratios are gained by sacrifice of the original 
data within certain allowable degradation limits.  
However, many important and diverse applications, 
including medical imaging, satellite/aerial imaging, 
image archiving, and precious fine arts and documents 
preserving, or any application demanding ultra high 
image fidelity, require lossless compression (i.e., 
reconstruct the compressed data without any loss of 
information). 
 
Different methods have been proposed to achieve lossless 
compression [1-23].  Hierarchical interpolation [1], 
differential pyramid [1], and predictive coding [12-23] 
including Differential Pulse Code Modulation (DPCM) 
are well known lossless coding schemes.  Recently, 
subband coding [2-11] has been studied in the area of 
lossless compression due to its multi-resolution 
representation.  Some studies show it is more effective 
than DPCM coding [3, 4].  However, the obtainable 
lossless compression ratios remain relatively low, 
typically ranging from 1.5:1 to 3:1. 
 
Among numerous prediction schemes in the literature, 
linear predictive coding [16-23] is a simple and fast 
technique.  It has been adopted for lossless compression 
in the JPEG still picture compression standard [24].  In 
general, the linear predictive coding utilizes a fixed 
predictor to generate the error (i.e., the difference 
between the predicted and the actual image), which is 
then encoded using an entropy coder.  However, the 
linear predictors are not effective in capturing fast 
transitions in the edge areas.  This weakness often makes 
the optimal linear predictor in the least-squares sense lead 
to high entropy of the prediction error.  One can optimize 
the linear predictor on an image-by-image or even block-
by-block basis via linear regression.  However, such an 
optimization is expensive and brings modest 
improvement in coding efficiency.  More sophisticated 
methods with superior compression performance use 



 

adaptive, non-linear predictors [12-15] to generate the 
error according to the local edge strengths and 
orientations.  Therefore, these predictors are able to offer 
superior compression performance. 
 
In this paper, a novel linear-prediction-based multi-
resolution technique is explored for lossless compression.  
The proposed prediction rules use six appropriately 
weighted adjacent pixels (i.e., the pixels located at the 
west, west-west, north-west, north, north-east, and north-
north of the predicted pixel) to estimate the predicted 
pixel intensity.  This linear prediction technique can also 
be considered as an additional rule for the seven 
predictors used by the lossless JPEG.  The prediction 
error is decomposed by an integer wavelet transform to 
improve the prediction.  The minimum weighted entropy 
determines the optimal decomposition level of the linear-
prediction-based integer wavelet transform.  The 
decomposition results are coded using arithmetic coding. 
 
The rest of this paper is organized as follows.  Section 2 
describes the linear-prediction-based multi-resolution 
method and explains the rationale for the proposed 
technique.  Section 3 shows the experimental results.  A 
conclusion is discussed in Section 4. 
 

2.  LINEAR-PREDICTION-BASED MULTI-
RESOLUTION LOSSLESS COMPRESSION 

SCHEME 
 
2.1 Linear-Prediction-Based Multi-resolution 
Approach 
Our approach is based on linear prediction and multi-
resolution techniques and consists of three main steps, 
pixel prediction, integer wavelet transform, and entropy 
coding.   
 
Step 1:  Linear-Prediction-Based Pixel Prediction 
The input image is scanned from top to bottom, left to 
right, and the intensity of each pixel is predicted 
according to a weighted sum of its causal neighbors (i.e., 
the black circles shown in Figure 1) and rounded to the 
nearest integer value: 
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where: 
• The i and j are the distances from a causal 

neighboring pixel to the predicted pixel along x 
and y direction, respectively; 

• The ),( jia ’s are the coefficients of the 
differentiators described in Table I 

• The ),( jyixg −−  is the pixel intensity at the 
coordination of ),( jyix −− . 

• The ),(
~

yxg  is the predicted pixel intensity. 
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Figure 1: Sample Prediction Neighborhoods of the 
Proposed Linear Prediction Technique 

 
Table I lists all the sequential predictors of the sixteen-
predictor selection.  The first seven predictors are the 
lossless JPEG predictors.  The remaining predictors are 
the additional linear prediction rules used in our proposed 
approach.  As illustrated in Figure 1, the prediction rules 
restrict each predictor to use the causal neighboring 
pixels A through F in predicting a given pixel, X. 

 
Table I Proposed Linear Prediction Rules for Lossless 

Compression 
Selection 

Value Predictors 

1 A 
2 D 
3 C 
4 A+D-C 
5 A+(D-C)/2 
6 D+(A-C)/2 
7 

Lossless 
JPEG 

Predictors 

(A+D)/2 
8 A+C-(D+E)/2 
9 0.75A-0.5C+0.75D 

10 (A+C+D)/3 
11 2D-(A+C)/2 
12 (A+C+D+E)/4 
13 0.75(A+D)-0.25(C+E) 
14 (A+D)/2+(E-B)/4 
15 (A+D)/2+(F-B)/4 
16 

Extended 
Predictors 

0.2(A+B+C+D+F) 
 

The prediction error (i.e., residual) e(x, y) is calculated by 
subtracting the estimated pixel value from the current 
pixel value in the original image: 
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where M and N are row and column numbers of the 
original image, respectively. 
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Step 2:  Integer Wavelet Transform 
The error distribution of most images can be closely 
approximated by a Laplace distribution [25].  It indicates 
that the lossless linear pixel prediction generates small 
errors at the smooth areas and large errors at the edge 
areas.  To improve the prediction, wavelet basis functions 
are applied to perform the optimization.  We choose the 
integer wavelet transforms (IWTs) [26] introduced by 
Calderbank to correct the prediction error.  These IWTs 
are a family of symmetric, biorthogonal wavelet 
transforms constructed from the interpolating 
Deslauriers-Dubuc scaling functions [27].  Different sets 
of ),( 21 NN  can be used to conduct both forward and 
inverse IWTs, where  1N and 2N  respectively represent 
the number of vanishing moments of the analyzing high-
pass filter and the synthesizing high-pass filter.  We 
further choose the (2, 2) IWT [26] for the prediction error 
optimization since keeping vanishing moments equally 
distributed for the analyzing and synthesizing high-pass 
filter obtains exactly symmetric biorthogonal wavelet 
systems [28].  This (2, 2) IWT is repetitively constructed 
by: 
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where s represents the original data sequence and l is the 
length (sample numbers) of the split sequences (i.e., l is 
half of the length of the s). 
 
The optimal number of iterations of the transform is 
determined by the minimum weighted mean of the 
entropies in each quadrant of the integer wavelet 
transformed prediction error, since the statistics in 
different quadrants almost always differ.  For example, 
the weighted entropy for an M-iteration of the transform 
is computed as 
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where Ci, Di,v, Di,h, and Di,d represent the level i 
decomposition of the IWT in the average, vertical, 
horizontal, and diagonal directions respectively.  Our 
experimental results show the one-level IWT achieves the 
best optimization on the prediction error. 
 
Our lossless linear-prediction-based multi-resolution 
approach has an automatic prediction selection value 
(PSV) selector which selects the best PSV among the 
proposed set of 16 PSVs.  This selector guarantees the 
best lossless compression ratios. 
 

Step 3:  Entropy Coding 
Entropy coding is applied at the final stage of our lossless 
compression scheme.  We use the Arithmetic Encoder as 
implemented by Alistair Moffat [29] for the optimized 
prediction error entropy coding.  This arithmetic 
encoding divides the coding into two steps:  the 
determination of a statistical model for the source and the 
entropy coding that uses this determined statistical model.  
This results in a very general framework in which a 
simple adaptive zero-order context model is customized 
to code the optimized prediction error. 
 
2.2 Technique Rationale 
After applying the one-level (2, 2) IWT to the prediction 
error, the optimized prediction error distribution still 
keeps the shape of the well-known Laplace distribution 
with the zero mean.  That is, it is still a symmetric and 
narrow curve with a sharp peak.  This observation is 
demonstrated in Figure 2, where the prediction error 
distribution of the “barb2” image is illustrated on the left 
hand side and the corresponding optimized prediction 
error distribution (i.e., the integer wavelet transformed 
prediction error distribution) is shown on the right hand 
side. 

 
Figure 2: The distributions of the prediction error and the 

optimized prediction error of the “barb2” image 
 

    The variance of the optimized prediction error (i.e., the 
integer wavelet transformed prediction error) is greatly 
reduced compared with the variance of the 
differentiation-based prediction error.  For instance, the 
variance of the prediction error of the “barb2” image is 
161.39, whereas the variance of the corresponding 
optimized prediction error has a value of 124.95.  This 
lower variance indicates that more prediction error values 
will be close to the zero mean.  The probability of any 
error value can be obtained by: 
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where k is a prediction error value and V is the variance 
of the prediction error values.  In practice, this probability 
can be utilized to model the statistical context. 
    Furthermore, the IWT supports the statistical context 
modeling of sample 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 spatial locations.  This localization property makes 
it much easier to model the statistical context of the 
optimized prediction error. 
 

3. EXPERIMENTAL RESULTS 
 
Our proposed compression scheme is applied to compress 
14 sample images, which are widely used for 
comparisons in most lossless data compression 
literatures. 
 
3.1 Linear Prediction Versus Integer Wavelet 
Transformed Linear Prediction 
Figure 3 and Figure 4 compare the entropy and the 
variance of the best linear prediction error with the one-
level (2, 2) integer wavelet transformed best linear 
prediction error proposed by our approach.  Both the 
entropy and the variance are greatly reduced by our 
approach.  It indicates that IWT is helpful in improving 
the prediction.  
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Figure 3: Entropy of the prediction error vs. the IWTed 

prediction error 
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Figure 4: Variance of the prediction error vs. the IWTed 

prediction error 
 

3.2 Our Proposed Differentiation-based Multi-
resolution Approach Versus the Adaptive Linear 
Prediction and the JPEG standard 

In this section, sample results employing the proposed, 
the lossless JPEG standard including lossless JPEG 
arithmetic coding and lossless JPEG Huffman coding, 
and the adaptive linear prediction approaches to compress 
14 sample images are given to evaluate the relative 
performance of the different methods.  The results are 
expressed in terms of bits/pixel. 
 
Using the adaptive linear predictor, the original image is 
divided into blocks and the coefficients of the linear 
prediction are computed for each block using the least 
mean squares algorithm.  The residual sequence is coded 
using the same Arithmetic Encoder in our proposed 
approach for comparison purpose.  The compression 
results of the 14 sample images are summarized in Table 
II which gives, for each of the 14 sample images, the 
specific JPEG predictor and differentiation-based multi-
resolution algorithm that yield the best results. 
 
As seen in Table II, the compression ratios obtained by 
the proposed technique and the adaptive linear predictor 
are comparable.  However, the proposed approach 
requires (1 × the order of the predictor) additions and (1 × 
the order of the predictor) multiplications per pixel, and 
the adaptive linear predictor requires (3 × the order of the 
predictor) additions and (4 × the order of the predictor) 
multiplications per pixel.  This indicates that appreciable 
computational savings are achieved without significant 
performance loss.  In addition, the proposed approach 
does not require computing coefficients.  It is worth 
noting that consistent improvements have been achieved 
using the proposed scheme relative to the lossless JPEG 
standard (arithmetic coding and Huffman coding) for a 
wide range of image classes except for the image 
“Couple” and “Baloon”. For both images, lossless JPEG 
arithmetic coding achieves slightly better performance.  
In general, our proposed method outperforms both the 
adaptive linear predictor and the lossless JPEG standard 
with respect to the average bits/pixel. 
 

4. CONCLUSION 
 
A lossless approach using a linear-prediction-based 
multi-resolution technique has been introduced to 
compress different classes of sample images.  The 
proposed scheme yields lower bits/pixel than the JPEG 
standard and comparable bits/pixel in comparison with 
the adaptive linear predictor.  It is computationally more 
efficient than the adaptive linear predictor.  
Consequently, the technique presented here lends itself to 
the lossless compression of digital images for real time 
applications. 
 
The compression results can be improved using the 
sophisticated context modeling instead of the zero-order 
context modeling utilized by the Arithmetic Encoder.  
However, the proposed approach leads a possible way 



 

towards the “marriage” between linear prediction and 
multi-resolution techniques. 

 
 

 
Table II Relative Performance of the Different Techniques for the Lossless Compression 

 
Lossless JPEG 

Image 
Adaptive 

Linear 
Predictor 

 Arithmetic Huffman Our Approach 

 Bits/Pixel Selector Bits/Pixel Bits/Pixel Selector Bits/Pixel 
Airplane 4.294 5 4.430 4.418 7 4.241 
Baboon 6.212 7 6.302 6.383 16 6.238 

Barb 5.127 6 5.323 5.418 12 5.081 
Barb2 5.157 2 5.255 5.318 2 5.167 
Couple 4.157 6 4.235 4.279 7 4.265 
Goldhill 4.756 7 4.870 4.986 16 4.752 

Lena 4.825 7 4.953 5.047 12 4.774 
Lennagrey 4.519 6 4.602 4.695 12 4.449 

Baloon 3.364 5 3.205 3.388 16 3.249 
Board 4.234 5 4.231 4.322 12 4.152 
Boats 4.478 5 4.508 4.599 12 4.452 
Girl 4.311 5 4.293 4.407 12 4.226 

Hotel 4.918 5 4.971 5.061 12 4.856 
Zelda 4.183 7 4.195 4.289 16 4.098 

Average 4.610  4.670 4.758 4.571 
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