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Abstract This paper presents a pairwise KLT-based compression algorithm for

multispectral images. Although the KLT has been widely employed for spectral

decorrelation, its complexity is high if it is performed on the global multispectral

images. To solve this problem, this paper presented a pairwise KLT for spectral

decorrelation, where KLT is only performed on two bands every time. First, KLT is

performed on the first two adjacent bands and two principle components are

obtained. Secondly, one remainning band and the principal component (PC) with

the larger eigenvalue is selected to perform a KLT on this new couple. This pro-

cedure is repeated until the last band is reached. Finally, the optimal truncation

technique of post-compression rate-distortion optimization is employed for the rate

allocation of all the PCs, followed by embedded block coding with optimized

truncation to generate the final bit-stream. Experimental results show that the

proposed algorithm outperforms the algorithm based on global KLT. Moreover, the

pairwise KLT structure can significantly reduce the complexity compared with a

global KLT.
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1 Introduction

Multispectral images are of interest for a large number of applications including

material identification, environmental monitoring, geological research, and other

purposes. Currently, a large number of satellites have carried multispectral imaging

sensors to observe the earth, such as IKONOS, GeoEye, SPOT, WorldView and so

on. Such multispectral imaging sensors usually capture several bands in the

wavelength interval from visible light to near-infrared. With the increasing

performances of imaging systems and the wide diffusion of the images acquired,

the problem of compactly and faithfully representing such images for efficient

transmission and storage becomes ever more urgent. In this situation, the use of an

efficient compression techniques is therefore very critical in reducing the volumes

of data to be transmitted.

Unlike natural images, multispectral images have both spatial correlation and

spectral correlation. The popular transforms for spectral decorrelation ofmultispectral

images mainly includes discrete wavelet transform (DWT) and Karhunen–Loêve

transform (KLT). However, KLT provides much higher performance than that of

DWT, because KLT can more closely match the original images while the wavelet

filters are fixed [1]. For this reason, KLT-based algorithm has been more prominently

used for lossy compression of multispectral images. Gelli [2] presented an algorithm

which segments the multispectral images into several regions and applies KLT to

remove the spectral correlation of each region and DCT to remove spatial correlation,

experimental results show that this technique outperforms the conventional transform

coding technique by 1–2 dB at all rates of interest. Du [3] investigated the impact of

usingKLT for dimensionality reduction and the performance of JPEG2000withKLT-

based spectral decorrelation in terms of information preservation, experiments

indicate that principal component analysis (PCA) outperforms the DWT for spectral

decorrelation, the best performance occurs when only a small PCs is coded instead of

the entire set. Moreover, the simple linear heuristic that developed in this paper can

estimate the optimal number of PCs from both the compression performance aswell as

information-preservation perspectives.Wang [4] proposed a new transform scheme of

multiplierless reversible time-domain lapped transform (RTDLT) and KLT for lossy-

to-lossless compression, experiments show that the proposed transform scheme out-

performs existed DWT or KLT-based algorithms. Lee [5] proposed a hybrid

compression method with pre-encoding discriminant information which employs a

feature extraction method to generate the discriminant information, experiments

indicate that the proposed method provides better compression efficiency with

improved classification accuracy than conventional compressionmethods. Rucker [6]

evaluated three different rate allocation schemes forKLT-based spectral decorrelation

followed by JPEG2000 compression, results show that the scheme of simultaneously

truncating all codeblock bitstreams from all codeblocks from all principal components

significantly outperforms the other schemes considered in terms of not only the

compression performance but also the classification accuracy.

Since KLT is optimal only for Gaussian sources, Bita [7] presented the criterion

satisfied by an optimal transform of a JPEG2000 compatible compression
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scheme by using KLT, under high resolution quantization hypothesis and without

the Gaussianity assumption, tested results show that it obtains a little but significant

gain at medium and high bit-rates compared to the conventional KLT; however, the

actual drawback of the optimal transforms is their heavy computational complexity.

For the parallel compression in which the data set is partitioned to multiple

independent processing nodes, Du [8] proposed a segmented approach to KLT to

mitigate the detrimental effects of transform-matrix overhead, experimental results

show that it outperform the wavelet-based decorrelation that entails no such

overhead. Cheng [9] proposed a lossless to lossy compression scheme based on

dual-tree Binary Embedded Zerotree Wavelet algorithm, which employs KLT and

DWT to achieve 3-D integer reversible hybrid transform and remove spectral and

spatial correlation, results show that the achieved lossless compression performance

is comparable with the predictive algorithms, while its computational cost is

comparable with those of transform-based algorithms. Cagnazzo [10] proposed a

region-based transform which employs a reliable segmentation algorithm, the region

adaptive KLT to remove spectral decorrelation and shape-adaptive wavelet-based

transform to remove spatial correlation, results show that the proposed algorithm

outperforms state-of-the-art techniques, such as JPEG-2000 multicomponent or set

partitioning in hierarchical trees (SPIHT)-based encoders; however, the complexity

of this algorithm is extremely high due to the segmentation processing.

Penna [11] proposed a low-complexity KLT for spectral decorrelation with

virtually no performance loss, however, the proposed low-complexity KLT only

reflects the estimation of covariance matrix, which carries out on a subset of vectors

selected at random. According to the above description, it can be seen that KLT has

been widely used in the multispectral images compression, because KLT is much

more effective for spectral decorrelation than the other transforms. However, it also

has several disadvantages which have been also pointed out in [4, 7, 10, 11]: high

computational cost due to a high number of arithmetic operations, large memory

requirements due to the requirement of the whole image for transform, and higher

implementation difficulty due to the difficulties posed by the iterative numerical

algorithm commonly used in the calculation of eigenvalues and eigenvectors.

Although the algorithm proposed in [11] can reduce the complexity of KLT for

spectral decorrelation, however, this reduction is very limited. In [12], Blanes

proposed a novel transform based on the KLT which achieves a better coding

performance than the wavelets. In this paper, we investigate in depth the KLT-based

approach, and we propose an efficient algorithm based on pairwise KLT, which

employs pairwise-KLT for spectral decorrelation and DWT for spatial decorrelation

with proper rate allocation, followed by embedded block coding with optimized

truncation (EBCOT) coding scheme. Experimental results show that the proposed

algorithm obtains an excellent compression performance, moreover, the proposed

algorithm can effectively solve the above disadvantages.

The paper is organized as follows: Sect. 2 discusses the disadvantages of KLT for

spectral decorrelation; Sect. 3 describes the proposed compression algorithm,

including pairwise KLT-based structure and the encoding scheme; Sect. 4

demonstrates the experimental results for several test images and Sect. 5 draws

conclusions.
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2 Disadvantages of KLT

When using KLT to remove the spectral correlation of multispectral images, it is

typically performed on all bands simultaneously. Let X ¼ x1;1; x1;2; . . .; xMN

� �
be the

multispectral images with height M, width N and total band number L, where

xi;j ¼ xi;j;1; xi;j;2; . . .; xi;j;L
� �

; i ¼ 1; 2; . . .;M; j ¼ 1; 2; . . .;N ð1Þ

is the spectral vector in the spatial position of ith row and jth column, and

xi;j;l l ¼ 1; 2; . . .; Lð Þ is pixel value in the spatial position of ith row, jth column and

the lth band. The average estimated covariance matrix can be computed as

CX ¼ 1

MN
E xi;j �mX

� �
xi;j �mX

� �Th i
ð2Þ

where mX is the spectral mean vector and mi is the mean value of the ith band,

which can be written as

mX ¼ m1;m2; . . .;mL½ � ð3Þ

The eigenvalues kl l ¼ 1; 2; . . .; Lð Þ and eigenvectors ul l ¼ 1; 2; . . .;Lð Þ can be

obtained by decomposing the symmetric matrix CX , that is CXul ¼ kiul. The KLT

kernel is a orthogonal matrix U ¼ u1; u2; . . .; uL½ �, whose columns are the eigen-

vectors arranged in descending order of eigenvalue magnitude. This matrix is used

to transform the zero-mean spectral vector as

yi;j ¼ UT xi;j �mX

� �
ð4Þ

Then the outcome after applying the transform is given as Y ¼ y1;1; y1;2; . . .; yMN

� �
.

According to the above description, the orthogonal matrix U is obtained by using

eigenvalue decomposition of the covariance matrix CX . Note that the size of the

covariance matrix CX is L� L. Jacobi iterative algorithm is widely used for

eigenvalue decomposition (ED). The main idea of Jacobi method is to obtain a

number of symmetrical squared matrices Ak by using a number of rotation on CX .

For each rotation, the two elements aij and aji of Ak may become zero. After several

iterations, Ak will become a diagonal matrix D, where the elements in the main

diagonal is just the eigenvalues of CX . The rotation transform equation from Ak to

Akþ1 can be written as

Akþ1 ¼ TTAkT k ¼ 0; 1; . . .; n
A0 ¼ CX

�
ð5Þ

where T is the orthogonal rotation squared matrix with size of L� L. After n times

of iterations, we can obtain the final symmetrical squared matrix as follows

D ¼ TT
1T

T
2 . . .T

T
nA0T1T2. . .Tn ð6Þ

where T1T2. . .Tn is the orthogonal matrix U.

According to the above description, we can see that with the increase of L value,

the complexity of ED will significantly increase due to the iterative numerical

3 Page 4 of 15 Sens Imaging (2016) 17:3

123



algorithm commonly used for eigenvalue decomposition. Another disadvantage is

that, because the global images are required simultaneously, the memory

requirement is extremely high. Therefore, although KLT can provide higher

compression performance than the other transforms because it is trained for each

image to provide optimal decorrelation, it also has significant disadvantages, such as

extremely high computational cost and memory requirement mentioned above.

3 The Proposed Algorithm

In order to reduce the complexity of KLT, a pairwise KLT structure is proposed for

spectral decorrelation of multispectral images. The pairwise KLT perform on only

two bands of multispectral images every time, and these operations are organized in

a multi-level structure. In each level, bands are decorrelated in pairs and only the

resulting component with the larger energy of each pair is further decorrelated in a

next level. The pairwise KLT is dispicted in Fig. 1. where Bl (l = 1, 2, …, L) is the

lth band of multispectral images.

The first two bands (B1 and B2) are transformed by KLT to remove the

correlation between them, and then the PC with larger energy will be further

decorrelated with the next original band B3. This procedure is repeated until the last

original band BL is the final level. It is obviously that the total level for KLT

operation is L - 1. The final results obtained by the pairwise KLT with L - 1

levels are P1;P
0
2;P

0
3. . .;PL. With the proposed structure, most of the energy is

accumulated in the PL since KLT for each two-band is regarded as a classic KLT,

grouping most of the energy in one of the two resulting PCs, the PC with larger

energy will be decorrelated allows most of the energy of multispectral images to

accumulated to the resulting PCs of the last levels.

KLT

KLT

KLT

1B

2B

3B

1P

2P 2P′

3P

1LP −′

LPLB

Fig. 1 The flowchart of the pairwise KLT structure
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The pairwise KLT can easily solve the disadvantages of global KLT: firstly, with

the use of only the two-component KLTs, the ED procedure is greatly simplified

because it does not require any iterative process to obtain the orthogonal matrix U.

Suppose the matrix CX and U are expressed as follows [12]

CX ¼ a b

b c

� �
; U ¼ r s

u v

� �

The elements of the matrix U can be simply computed as follows

s ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
a� cð Þ2þ4b2

q

u ¼ �s ¼ b

bj j

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:5� a� c

2s

r

r ¼ v ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
0:5þ a� c

2s

r
¼

ffiffiffiffiffiffiffiffiffiffiffiffiffi
1� u2

p

The eigenvalue value can be computed as follows

k1 ¼
aþ cþ s

2
; k2 ¼

aþ c� s

2

The other advantages is that, the pairwise KLT structure significantly reduces the

transformed memory requirement because only two bands are required every time.

According to the flowchart of the proposed algorithm given by Figs. 1, 2 gives the

corresponding hardware implementation of the proposed algorithm.

An efficient spectral transform is usually the first stage of the coding process.

Hence, to assess the compression gains, a spectral transform has to be combined

with an optimal encoding scheme. Once all the PCs are obtained by the pairwise

KLT, the post-compression rate-distortion optimization (PCRD-opt) is employed to

realize rate allocation. PCRD-opt is a critical part of the EBCOT algorithm [13],

providing excellent coding performance. For the proposed algorithm, spatial DWT

Input Buffer Estimation of
covariance matrix

Caculation of 
eigenvalues and 

eigenvectors

Calculation
of transform 
coefficients

Output 
Buffer

Average values

and

lB

lB

1lP−

lB
lP

lB 1lP−

Eigenvectors
1lP−′

lP

No

Yes
?l L=

DDR SDRAM

Fig. 2 The hardware implementation of the proposed algorithm
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is performed on each PC, and then each PC is partitioned into small blocks (code-

blocks), and the PCRD-opt is performed simultaneously across all the code-blocks

of all PCs. PCRD-opt first computes the rate-distortion (RD) curve of each code-

block by encoding it at high rate, and then deallocate resources progressively, acting

each time on the object with the lowest RD slope to keep an approximate equi-slope

condition while reaching the desired overall rate. If an optimal truncation point of

each code-block is obtained, the truncated code-blocks are concatenated together to

generate a single bit-stream.

4 Experimental Results

Several multispectral images acquired by the SPOT-Vegetation detector with 1 km

spatial resolution are employed for performance evaluation. In particular, four raw

images have been used, which are shown in Fig. 3. Note that all the images are

represented on two bytes; each image has 1024 lines, 4 bands, and 1024 pixels per line.

4.1 Compression Performance

In this paper, bpp (bit per pixel) and signal to noise ratio (SNR) are used to evaluate

the performance of various compression algorithms. We compare the results of the

proposed algorithm with JPEG2000(Part 1), DWT-JPEG2000, KLT-JPEG2000 and

low-complexity KLT-JPEG2000 [11] under a large range of bit-rates. JPEG2000 is

a well-known compression standard that is primarily used for still image

compression; its lossy function is used in this paper. DWT-JPEG2000 is also a

popular lossy compression algorithm that removes spectral correlation using

wavelet transform followed by a spatial wavelet transform with a full post-

compression rate-distortion optimization (PCRD-opt). Since multispectral images

have a few number of bands, the wavelet basis of haar filter is used for spectral

transform, while the wavelet basis of 9/7 tap biorthogonal filter is employed for

spatial transform. KLT-JPEG2000 is similar to DWT-JPEG2000, with the only

difference lying in spectral decorrelation; the former removes spectral correlation

through the use of a KLT transform. At present, KLT-JPEG2000 has become the

most popular lossy compression for multispectral images because it provides

Fig. 3 Tested multispectral images for performance evaluation. a Vegetation 1. b Vegetation 2.
c Vegetation 3. d Vegetation 4
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satisfied compression performance. Low-complexity KLT-JPEG2000 that proposed

in [11] is similar with KLT-JPEG2000, which use a low-complexity version of the

KLT with virtually no performance loss with respect to the full-complexity

transform, where the only different between the low version of KLT and the

common KLT is the evaluation of the average correlation matrix. In the following,

we use the global DWT, the global KLT and the pairwise KLT to represent the

DWT-JPEG2000 and KLT-JPEG2000 and the proposed algorithm respectively. The

compression results on Vegetation 1–4 obtained by various algorithms are shown in

Fig. 4, where the level of spatial wavelet decomposition is 4 for all algorithms.

For the multispectral images compression, to obtain high rate-distortion

performance, it is very important to remove the spectral correlation. As seen from

Fig. 4, although JPEG2000 has the perfect rate-distortion performance for still

images, its RD performance for multispectral images is the worst because it does not

take the spectral correlation into account. The global KLT provides the better RD

performance than that of the global DWT, because the global KLT matrix is
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Fig. 4 Comparison of the RD performance of various algorithms. a Vegetation 1. b Vegetation 2.
c Vegetation 3. d Vegetation 4
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computed according to the statistics of the original images while the basic function

of DWT is fixed and cannot adapt to the original images. As a consequence, a

spectral DWT still leaves a significant degree of correlation in the spectral

orientation. In summary, KLT is the optimal linear orthogonal transform and

provides higher decorrelation and energy compaction than DWT; thus, the encoder

using KLT as a spectral transform provides a performance gain compared with

DWT. As for the pairwise KLT, its performance is better than that of the global

DWT. For Vegetation 1, the performance achieved by the pairwise KLT is lower

than that achieved by the global KLT, however, as can be seen from Fig. 4b–d, the

pairwise KLT is competitive with the global KLT, sometimes the pairwise KLT can

achieve a performance gain compared with the global KLT. In general, the spectral

Fig. 5 The tested multispectral images for performance evaluation. a Pleiades_perpignan 1.
b Pleiades_perpignan 2. c Pleiades_montpellier 1. d Pleiades_montpellier 2
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correlation of multispectral images is weak, sometimes KLT is unable to achieve

perfect performance when it is performed on the global multispectral images if the

spectral correlation is very weak. As for the pairwise KLT, it is performed on two

bands every time, which can take advantages of local spectral correlation, this is the

reason why the pairwise KLT outperforms the global KLT. However, if the

correlation between bands is strong enough, the performance achieved by the

pairwise KLT may be lower than that achieved by global KLT. In general, the KLT

evaluates the average covariance matrix over all spectral vectors not only for the

global KLT but also for the pairwise KLT. As for the low-complexity KLT, KLT

evaluates the average covariance matrix on a subset of vectors in order to reduce the

complexity of KLT operation. Let q ¼ M0N 0=MN be the percentage of spectral

vectors employed to evaluate the covariance matrix. Obviously, the smaller is q, the
lower is the complexity of this KLT. Figure 4 gives the compression performance

obtained by the low-complexity KLT with q = 0.25, 0.01 and 0.001. In fact, when

q = 1, the low-complexity KLT becomes the global KLT. As can be seen from
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Fig. 6 Comparison of RD performance of various algorithms. a Pleiades_perpignan 1.
b Pleiades_perpignan 2. c Pleiades_montpellier 1. d Pleiades_montpellier 2
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Fig. 4, with de decrease of the q value, the precision of the evaluation of KLT

correlation matrix decreases, which also decrease the final compression perfor-

mance. In summary, the pairwise KLT has the competitive performance with the

global KLT and the low-complexity KLT.

Fig. 7 Comparison of reconstructed images. a JPEG2000. b Global DWT. c Global KLT. d Pairwise
KLT. e Low-complexity KLT (q = 0.001)
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We also evaluate the performance of the proposed algorithm on the other four

additional multispectral images acquired by Pleiades Satellite. They are named

Pleiades_perpignan 1, Pleiades_perpignan 2, Pleiades_ montpellier 1 and Pleiades_

montpellier 2 respectively, each with 2.8 m spatial resolution, 224 lines, 4 bands,

and 1024 pixels per line. Figure 5 gives the one band of the above four images.

Figure 6 depicts the comparison of RD performance obtained by various

algorithms. From this figure, we can see that the performance of JPEG2000 is still

the worst. As for Pleiades_perpignan 1, 2 and Pleiades_montpellier 2, the global

DWT can significantly improve the RD performance while slightly improve the RD

performance for Pleiades_montpellier 1. The performance of the pairwise KLT is

much higher than that of the global DWT while slightly lower than that of the global

KLT, which means that the pairwise KLT has the competitive compression

performance with the global KLT. Note that when the q value is notablely low, the

performance achieved by the low-complexity KLT will significantly decreased.

That is to say, the low-complexity KLT reduce the complexity of KLT operation by

expending the cost of reducing compression performance.

The comparison of the reconstructed images obtained by the above algorithms

under the bpp = 0.5 is shown in Fig. 7. As can be seen, the visual quality of

reconstructed image by JPEG2000 is the worst. Global DWT can provide better

visual quality of reconstructed image, however, the visual quality obtained by the

global DWT is still unsatisfied. There is no obvious visual difference between the

reconstructed images obtained by the proposed algorithm and the global KLT.

However, with a low q value, the visual quality of the reconstructed image achieved

by the low-complexity KLT may slightly worse than that achieved by the global

KLT and the pairwise KLT. According to the above description, we can see that the

comparison of visual quality is coincident with the comparison of RD performance.

4.2 Complexity

Complexity is also an important factor for the evaluation of compression

performance. The total times of addition and multiplication are used to measure

the complexity. There are three contributions to perform spectral KLT on

multispectral images, where the first contribution is the evaluation of the covariance

matrix, the second contribution is the solution of the eigenvector problem, and the

third contribution is the computation of transform coefficients. Table 1 reports the

comparison of complexity of each contribution for global KLT, the low-complexity

KLT and the pairwise KLT. As can be seen, the difference between the global KLT

and the low-complexity KLT only lies in the first contribution. In fact, the

complexity of the second contribution is the largest, which means that the low-

complexity cannot significantly reduce the complexity of KLT operation. As for the

pairwise KLT, it mainly change the second contribution, which can significantly

reduce the overall complexity compared with global KLT when the band number

L is larger than 2, especially for the second contribiton. Moreover, the pairwise KLT

is easily to be realized for hardware implementation because it dose not require

iteration for ED.
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In order to quantitatively measure the encoder complexity, we have taken the

running time of each band of a software implementation of the encoders, in C

language, on windows 7 system. The complexity of the pairwise KLT has mainly

been compared with that of JPEG2000, the global DWT, the global KLT and the

low-complexity KLT. The results are reported in Table 2. As can be seen, the

complexity of JPEG 2000 is the lowest, because it dose not perform the spectral

decorrelation. The complexity of the global DWT is slightly higher than that of

JPEG2000. Note that the global KLT has the highest complexity while provide a

significant performance gain. The low-compleixty KLT can only slightly reduce the

complexity compare with the global KLT even when q is low because it only reduce

the complexity of the first contribution of KLT operation. The complexity of the

pairwise KLT is comparative with that of the global DWT, which is significantly

lower than that of the global KLT. Moreover, the pairwise KLT only perform on

two bands every time, which can significantly reduce the memory requirements

compared with the other algorithms.

5 Conclusions

Multispectral images compression has been attracted more and more attention. The

KLT is the most common spectral transform, however, it has several disadvantages

for spectral decorrelation of multispectral images. In this paper, a pairwise KLT is

proposed for spectral decorrelation which is based on the composition of multiple

two-band instances of the KLT, which allows benefits in computational cost,

memory requirements, and implementation difficulty. Experimental results on

several multispectral images show that the proposed algorithm has competitive

compression performance with the global KLT-based algorithm. Moreover, the

proposed algorithm can significantly reduce the complexity compared with the

global KLT-based algorithm, which is easy for hardware implementation.
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Table 2 Comparison of

running time of encoder
Algorithm Encoding time (ms)

JPEG2000 114

Global DWT 120

Global KLT 139

Low-complexity KLT (q = 0.25) 137

Low-complexity KLT (q = 0.01) 136

Low-complexity KLT (q = 0.001) 134

Pairwise KLT 123
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