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Abstract  We present a new lossless compressor 

for multispectral images having few bands. The men-
tioned compressor takes into account variations in 
spectral correlation in order to determine the ap-
propriate spectral and spatial prediction to be per-
formed. The algorithm exploits 2 different facts. On 
one hand, highly correlated bands may be efficiently 
compressed with fast computations. On the other 
hand, a class–conditioned wavelet–based compres-
sor, which is more time-consuming, has given very 
high compression ratios, even in the case of lowly 
correlated bands. Our correlation dependent hybrid 
algorithm yields high compression ratios, outper-
forming state-of-the-art lossless compressors, and 
has reasonable execution times. 

Keywords  Prediction, wavelet coefficients, clas-
sification, multispectral, lossless compression.  

I. INTRODUCTION 
Satellites continually feeding images to their base, pose 
a challenge as to the design of compression techniques 
to store these huge data volumes. Even though the price 
of storage devices tends to drop, the cost of storing sat-
ellite images continues to be the dominant cost of the 
system. Proper use of compression can reduce this cost.  

We aim at lossless compression of multispectral im-
ages having few bands, such as Landsat 7 ETM+ imag-
es. These images consist of several images (or bands) 
obtained by filtering radiation from the earth at different 
wavelengths. Compression is generally achieved thro-
ugh reduction of spatial as well as spectral correlations.  

To reduce correlations, prediction–based methods 
have been applied. For each pixel being encoded, a pre-
diction for that pixel is performed, using information 
from a neighborhood of the pixel called the prediction 
context. The differences between the predictions and the 
original pixels are then encoded with an entropy based 
coder. The more accurate the predictions, the smaller 
the differences, and the higher the compression ratio. To 
exploit interband correlations, predictions involve pixels 
from other bands. In the final coding step, sometimes 
the coding context (another neighborhood) of the pixels 
is used: different coding contexts define different cod-
ers. Class information is also used: by conditioning the 
predictions to the class of the prediction context, or cod-
ing the prediction differences conditioned to the class of 
the coding context, compressors try to capture variations 
in the local statistics of the image. In order to perfectly 
recover the information at the decompressor’s side, both 
the prediction context and the coding context must con-
sist of pixels that have already been coded, and are 

available to the decoder. In the case of linear predic-
tions, the weights for the prediction are calculated over 
a set of pixels called the training set. Then either the 
weights are written into the code, or they must be recal-
culated by the decoder: in the latter case the training set 
must also consist of already coded pixels.  

JPEG–LS (Weinberger et al., 2000) uses a nonlinear 
median edge prediction, and a large number of coding 
contexts based on vertical and horizontal gradients. We 
propose an extension of the median edge predictor to 
multispectral images, and apply it to compress the high-
ly correlated thermal bands (6.1 and 6.2) of Landsat 7 
images (Ruedin and Acevedo, 2005).  

Another approach to reduce correlations in a 2D im-
age is through the application of wavelet transforms 
(Mallat, 1999). By representing an image as the sum of 
its details at different resolutions and orientations (plus 
a coarse approximation), a wavelet transform substan-
tially reduces spatial correlations. Detail subbands have 
histograms that are peaked and centered at zero: their 
entropies are small. This is a remarkable property of the 
wavelet transform, and explains why wavelets are in the 
state of the art for image compression.  

Traditional wavelets produce real coefficients. For 
lossless compression, wavelets that map integers into in-
tegers have been designed (Calderbank, 1998). These 
transforms are reversible when the values of the original 
image are integers, as is the case. They are used in 
SPIHT (Said and Pearlman, 1996), and JPEG 2000 
(lossless) (Rabbani and Joshi, 2002).  

Landsat images have 8 bands, and around 7000 rows 
and columns per band. In Table 1 we have interband 
correlations on a 256×256 sample, where we can ob-
serve that correlation values lie in a wide range(-0.07 to 
0.98). Because Landsat images have few bands and low 
spectral resolution, and because the wavelengths at 
which the bands are filtered are irregular– see Table 2– 
the mentioned wavelet–based algorithms, when extend-
ed for volumetric data, such as 3D-SPIHT (Tang et al., 
2003) or cube JPEG2000 (Lee et al.,2000), have given 
poor results on these images. DEC3 (Benazza, 2002), 
another algorithm, applies a 2D wavelet transform to 
each band: a linear prediction involving pixels from 
several previous bands, is built into the lifting scheme of 
the wavelet transform. Yet it does not use class infor-
mation, which might improve results.  

If correlation is high, pixels in the actual block are 
predicted with an extension of the median edge predic-
tor. This extension includes pixels in the previous band, 
after equalization of one block to the other. If correla-
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tion with the previous block is low, spatial correlations 
in the block are reduced via an integer wavelet trans-
form, and both spatial and spectral correlations are fur-
ther reduced by prediction of wavelet coefficients. Fi-
nally prediction differences are encoded with a context-
based arithmetic coder. By switching between the 2 al-
gorithms we decrease the computational burden, whilst 
maintaining high compression ratios.  

This paper is organized as follows. In Section II we 
explain the algorithm for block ordering. In Section III 
we address the extension of the median edge predictor. 
In Section IV we give the wavelet–based prediction al-
gorithm, including the classification step, necessary for 
calculating weights tuned to the class. Numerical tests 
and conclusions are given in Section V and VI.  

II. BLOCK ORDERING  
Our compressor processes and encodes one stack after 
the other, in raster scan order. Inside a stack, to com-
press a given block, our compressor switches between 2 
different algorithms, depending on the correlation be-
tween this block and the previous one. Both algorithms 
are based on predictions. More accurate predictions will 
give lower prediction differences and higher compres-
sion ratios. The order of the blocks affects the accuracy 
of predictions; it is therefore desirable to have an opti-
mal ordering of the blocks, so that highly correlated 
blocks are coded consecutively. This ordering may not 
be unique and must be sent to the decoder (into the 
header of the stack) to recover all the blocks in the right 
order.  

We apply a greedy heuristic to find an ordering of the 
blocks. Inside a stack of blocks, the mechanism is as 
follows: at every step the algorithm chooses the block 
having the greater correlation with the previous one. 
The algorithm is initialized with each block k in the 
stack, so that we have as many different orders as 
blocks there are in the stack. From the all the orders 
found, we select the one having the greatest sum of cor-
relations.  

III. CODING OF HIGHLY CORRELATED CO-
LOCATED BLOCKS IN CONSECUTIVE BANDS  

An algorithm was designed for the compression of 
blocks which were highly correlated to the previous 
block in the same stack. These blocks have exactly the 
same location but belong to different bands. It is based 
 

Table 1: Spectral correlations in a stack of blocks 

 
Table 2: Wavelengths captured by each band. 

 

 
Figure 1: Histograms of two co-located blocks in consecutive 
bands having correlation -0.06.  

 
Figure 2: Histograms of two co-located blocks in consecutive 
bands having correlation 0.98. 
on histogram equalization and context-based median 
edge prediction (Weinberger et al., 2000).  

Correlation measures the linear relationship of 2 ran-
dom variables. In two highly correlated blocks, co-
located pixels are linearly related; hence their histo-
grams are similar. This is not true when correlations are 
low. Compare the histograms in Fig. 1 and those in Fig. 
2.  

The median edge predictor, applied to a single image, 
predicts a pixel )(

,
k
jix  by inspecting the 3 nearest pixels, 

and calculates the median between the pixel up, the pix-
el left, and value of the interpolating plane (passing 
through the 3 pixels), at position (i, j) (see Fig. 4):  
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Then the difference between the actual pixel and its 
prediction is encoded.  

For the compression of a block highly correlated to 
the previous block, a predictor similar to the median 
edge predictor was sought, which would also include 
the information of pixel )1(

,
k
jix , that is, the pixel at the 

same position as the one to be predicted, in the previous 
block. This was insufficient. Histograms from block k 
and block k−1, however similar in shape, have different 
mean values and different standard deviations. It was 
necessary to equalize block k−1 to block k, by matching 
their cumulative histograms, before we made use of 
pixel )1(

,
k
jix .  

Consider block k as a sample of a random variable U, 
with cumulative distribution FU, and consider block k−1 
as a sample of another random variable V, with cumula-
tive distribution FV. For each value u, let v be the value 
such that FV(v)= FU(u), and define g(u)=v=FV

-1FU(u). 
Then g(U) has the desired cumulative distribution, simi-
lar to FV (Gonzalez and Woods, 2002).  

By calculating g(u) for each pixel u of block k−1, we 
transform block k−1 to a new image having a cumula-
tive histogram similar to that of block k. In Fig. 3 we 
have the resulting histogram of equalizing the first block 
(whose original histogram is in Fig. 2(a) to the second 
block (whose original histogram is in Fig. 2(b)). The 
height of the histogram values remains the same as in  
 

(a) 
(b) 

(a) (b) 
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Figure 3: Histogram of first block equalized to second block 
(with reference to Fig. 2)  

Fig. 2(a), but the range of pixel values has changed to 
those of Fig. 2(b).  

Now the proposed prediction of our method for pixel 
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After applying formula (1), the predictions errors )(
,
k
jix -
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were encoded with a context-based arithmetic cod-

er.  The contexts used were two horizontal gradients 
above the pixel to be predicted: )(
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k
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k
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jix , plus one vertical gradient to the left: )(
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These contexts are 3 dimensional vectors of integer 
components. To decrease the great number of possible 
context classes, the values of the gradients were quan-
tized into three groups {g=0}, {|g|=1} and {|g|> 1}, giv-
ing a total number of 27 context classes. 

This method has low complexity; a block is coded (or 
decoded) in less than 9 milliseconds, and a whole image 
is compressed (or decompressed) in 44.42 seconds.  

IV. CODING OF LOWLY CORRELATED CO-
LOCATED BLOCKS IN CONSECUTIVE BANDS 

For blocks having low correlations, we applied a differ-
ent algorithm based on an integer wavelet transform and 
linear predictions, called CLWP (Class-conditioned 
Lossless Wavelet-based Predictive compressor) (Ruedin 
and Acevedo, 2010).  

A. Integer Wavelet Transform on Blocks  
We applied a wavelet transform that maps integers into 
integers to each block. For our compressor we chose to 
apply the S+P transform (Said and Pearlman, 1996), 
used in SPIHT.  

In Fig. 5 we have (a) an original block, and (b) the 
S+P transformed block, in which every subband 
hasbeen rescaled. In Fig. 6(a) are the names of the 
wavelet subbands: e.g. V1, H1, D1 are respectively verti-
cal, horizontal and diagonal fine detail coefficients. An 
increase in the indexes indicates less resolution. A3 con-
sists of coarse approximation coefficients.  

In our compressor, 5 steps of the S+P transform are 
computed on each block, giving 16 subbands. The order 
in which the subbands are encoded is the following: A5 
(approximation coefficients), {Vk, Hk, Dk} for k =5, ..., 1 
(detail coefficients). Each subband is encoded in raster 
scan order. 

 
Figure 4: Multispectral image: pixels used for predicting )(

,
k
jix  

 
Figure 5: A 256 × 256 block and its S+P Wavelet transform (3 
steps). 

 
Figure 6: Wavelet transform, 3 steps (a) Wavelet sub-bands. 
(b) S+P Wavelet transform of original block, with classified 
fine detail coefficients (black=water). 

Instead of encoding the wavelet coefficients directly, 
each wavelet coefficient is predicted with an affine 
combination of already coded coefficients. Prediction 
differences are entropy coded. The prediction is carried 
out only for the detail coefficients of the two finest 
scales, that represent (15/16)100= 93.75% of the coeffi-
cients. The remaining wavelet coefficients are encoded 
as they are.  

Distributions of wavelet coefficients vary with their 
resolution level, their orientation, and the class, so that 
we perform different predictions for each band/ block/ 
subband/ class.  

B. Classification  
We have chosen a K–means clustering algorithm, which 
does not require previous knowledge on landscapes. For 
reasons of speed, we chose a classification of pixels (in-
volving one block) rather than vectors (involving all the 
blocks in a stack), so that both classification and 
weights (for each landscape and subband) were calcu-
lated anew for each block. There was no significant in-
crease in the compression rates when more than 2 clas-
ses were considered: accordingly, the pixels in each 
block were separated into 2 classes.  

For reconstruction it is necessary to have exactly the 
same classes at the decoder: this required either sending 
the template of the pixel classes to the decoder (which 
would constitute a prohibitive overhead), or have both 
the coder and the decoder determine the class in an 
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identical way. This could only be done if the classifica-
tion involved data that was available to the decoder: 
therefore we based our prediction on the classification 
of the corresponding block in the band previous to the 
one being encoded.  

That is, assuming correlation between 2 consecutive 
bands to be significant, we conjecture that the pixels at 
the same position in 2 consecutive bands, generally be-
long to the same class. This conjecture is also applied to 
initialize K–means in a block of a given band with the 
classes obtained in the corresponding block in the pre-
vious band. The decompressor is faster than the com-
pressor, because it is given the weights for the predic-
tion.  

Once we have separated the pixels of the image block 
into 2 classes, we have a template indicating the class of 
each pixel. This induces a classification of the wavelet 
coefficients in the 6 predicted subbands. We first con-
struct a second template that is a fourth (in size) of the 
original one, to indicate the classes in subbands V1, H1 
and D1. For this, we divide the original template in 2×2 
submatrices, and the most numerous class in a 
submatrix is an entry in the second template (see Fig. 7). 
Similarly, we obtain a 3rd 

template indicating the classes 
in subbands V2, H2 and D2.   

K-means was applied to separate the pixels of Fig. 5 
(a) into land and water. With our procedure we obtained 
a classification of the fine detail coefficients in Fig. 5 
(b). The result may be observed in Fig. 6 (b). 

C. Prediction of Wavelet Coefficients  
We have analyzed different models for the statistical 
dependencies between wavelet coefficients of a 
multispectal image. Our best results were found by 
modeling wavelet detail coefficients in a given subband 
and class, as an affine combination of (i) neighboring 
coefficients up and left (in the same class) and (ii) the 
wavelet coefficient from the previous spectral band, at 
the same location.  

Weights for the affine prediction are calculated by 
least squares over all the coefficients in the same sub-
band belonging to the same class. They are sent into the 
bitstream. We calculate the affine prediction for each 
wavelet detail coefficient, round the result and encode 
the prediction differences with a context–based arithme-
tic coder. 

Each stack of blocks is coded independently. The 
encoder deals with 2 different types of values: i) the 
prediction differences for the wavelet coefficients be-
longing to the fine detail scales ii) the wavelet coeffi-
cients themselves, belonging to the coarser detail sub-
bands and the approximation subband, for which predic-
tion was not worthwhile. All values are coded with an 
adaptive arithmetic coder. For each block there are 16 
wavelet subbands. Since the entire subbands are coded, 
the arithmetic coder has to be restarted 16 times per 
block. Prediction differences of the 6 fine detail 
subbands are coded conditioned to the class. CLWP 
needs 73 milliseconds to compress a block, and 6 
minutes to compress a whole image (3 min.12 sec.to de-

compress it) on a PC running at 2.4 Ghz.  

 
Figure 7: Left: Original template. Right: Second template.  

 
Figure 8: Each square represents a stack of blocks. The shade 
indicates the amount of blocks for which interband correlation 
was above the threshold.  

V. NUMERICAL RESULTS  
A block diagram of our proposed method is given in 
Fig. 9. The decision threshold that decides which algo-
rithm is executed for each block, based on inter-band 
correlation, is calculated empirically by training on sev-
eral images.  

Table 3 shows the results of testing our compressor 
on 13 Landsat 7 ETM+ images1, where P/R–AD stands 
for Path/Row–Adquisition Date (yyyy-mmdd). We 
compare the compression ratio of our proposed method 
to different lossless compressors, such as SLSQ-OPT 
(Rizzo et al., 2005), Differential JPEGLS (in which the 
difference between 2 consecutive bands are coded with 
JPEG-LS), JPEG 2000 Color, 3D SPIHT, DEC3, 
KLT+DWT (reversible Karhunen-Loêve transform is 
applied in the spectral dimension; then each band is 2D-
transformed with an integer wavelet), LUT 
(Mielikainen, 2006) and LAIS-LUT (Huang and Sriraja, 
2006) (these last two, developed for multiband 
hyperspectral images). Our proposed method outper-
forms the others. LUT and LAIS-LUT, which give the 
best results when applied to hyperspectral AVIRIS im-
ages, rely exclusively on interband prediction: this is 
why here they are not so effective, interband correlation 
being sometimes very low.  

In Fig. 8 we have a Landsat image, where each square 
represents a stack of blocks. The shade of each square 
reveal show many blocks in the stack were processed 
with the first algorithm (extended median edge predic-
tion), i.e. how many blocks in the stack were highly cor-
related to the co-located block in the previous band in  
 

1. We thank CONAE (Comisión Nacional de Actividades Espaciales) 
for providing the images. 
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Table 3: Compression ratios obtained with different lossless compressors. 

 

 
Figure 9: Block diagram. AC stands for Arithmetic Coding. 

the new ordering. This is for values inside the image; 
zero-valued pixels in the borders of the image were de-
tected and encoded with run-length encoding. 43% of 
the blocks were coded with the extended median edge 
predictor. This represented a reduction in 37.5% of the 
time employed to code all the image with the wavelet- 
based predictor CLWP.  

VI. CONCLUSIONS  
In this paper we have presented a new lossless compres-
sor that exploits both spatial and spectral correlations 
present in multispectral images. Highly correlated 
blocks are coded with a simple pixel median prediction 
involving pixels from the previous band after equaliza-
tion. Lowly correlated blocks are coded with algorithm 
CLWP: with an integer wavelet transform we obtain a 
significant reduction of spatial correlation. To reduce 
spectral correlation (and remaining spatial correlation) 
we rely on inter and intraband predictions and encoding 
of prediction differences. These are performed on the 
wavelet coefficients. Conditioning the estimation of 
weights to the class, band, block and sub-band, has led 
to more accurate predictions. This has resulted in lower 
entropies of prediction differences.  
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