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Abstract - The hyperspectral image is known for its rich spatial–spectral information. The ability to differentiate between the 

spectra of various substances is provided by the spectral bands, which are essential for analysing materials. The high-

dimensional data volume of hyperspectral images, on the other hand, presents challenges for data storage. This hyperspectral 

image data needs to be processed and sent to the ground station from the onboard flight sensor. The huge amount of data 

creates a problem for the transmission channel, sensor performance, and sensor energy management. Thus, a hyperspectral 

image compression algorithm is required to solve the above-mentioned issues before the image data is transmitted to the 

ground station. The compression algorithm should have high coding efficiency, fast image data processing speed, low coding 

memory requirement, and embeddedness. In the past, researchers presented many transform-based hyperspectral image 

compression algorithms, but either they suffer from high coding memory demand or high coding complexity. Among them, the 

mathematical transform-based set-partitioned compression algorithm uses the set structure to achieve the compression of a 

hyperspectral image. 3D-Zero Memory Set Partitioned Embedded Block (3D-ZM-SPECK) is a compression algorithm that 

requires no coding memory and is at par with coding. However, it suffers from a slightly higher coding efficiency than 3D-

Listless SPECK. The proposed compression algorithm, 3D-Computationally Efficient Zero Memory Set Partitioned Embedded 

Block (3D-CE-ZM-SPECK), uses the same partition rule as 3D-ZM-SPECK, but it lowers the coding complexity by using very 

little coding memory.  

Keywords - Compression, Transform Coding, Low Complexity, On-Board Data Processing, Lossy Compression. 

1. Introduction  
HyperSpectral (HS) images have a large number of 

spectral frames ranging from visible to infrared wavelengths, 

which provide precious information about the object under 

supervision in the 1D spectral and 2D spatial domains [1]. 

Each pixel in an HS image corresponds to hundreds of 

reflected electromagnetic radiation frequency frames [2]. HS 

image can identify the minor changes in terms of chemical 

property, temperature change, and water activity of the object 

in the scene [3-5]. As an emerging field in imaging science, 

the HS images are used in many applications such as 

Aerospace [6], Agriculture [7], Atmospheric Sciences [8], 

Biomedicine [9], Cereals Quality Detection [10], Climate 

Change Monitoring [11], Corrosion (Nuclear, Steel 

Structure) [12], Counterfeit Detection [13], Earth 

Observation [14], Food Quality Analysis [15], Forestry [16], 

Forensics Research [17], Geology [18], Land Cover Analysis 

[19], Landmine Detection [20], Medical [21], Mineral 

Extraction and Identification [22], Military Surveillance [23], 

Pharmaceutical [24], Plastic Waste Characterization [25], 

Raw Material Classification [26], Surveying [27], 

Underwater Hyperspectral Imaging [27], Weather Prediction 

[28], Identification of Sintered Uranium Oxide (UO2) Fuel 

Pellets [29] etc. Apart from these applications, remote 

sensing [30] is the fastest growing area as researchers are 

developing the computer based algorithms for change 

detection [31], compression [32], classification [33], 

denoising [34], dimensionality reduction [35], feature 

extraction [36], feature identification [37], feature mapping 

[38], fusion [39], inpainting [40], object (target) detection 

[41], object identification [42], unmixing [43] and 

segmentation [44]. The remote sensing HS images are 

acquired by the satellite-based HS image sensors [45, 46]. 

 

Due to the three-dimensional hypercube with massive 

pixel depth (12 bits or more), image compression with HS 

image is always challenging [47]. The main reason is from 

the large volume (more than 150 MB) and 3D data structure, 
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where a high degree of redundancy in both spectral and 

spatial domains can be found [48]. The redundancy in the 

spatial domain is due to the statistical dependencies among 

pixels present in the same frequency frame [49]. At the same 

time, the redundancy in the spectral domain exists due to the 

pixel present in the same spatial coordinate with multiple 

frequency frames [50]. The main objective of any 

HyperSpectral Image Compression Algorithm (HSICA) is to 

reduce the redundancy present in the HS image [51]. Thus, 

HS image compression is needed to save the sensor memory, 

the transmission bandwidth, device power, and to reduce 

sensor complexity [52, 53]. 

 

The compression algorithms for the HS images can be 

classified into two different groups, which are based on the 

HS image data loss or coding process [54]. Further, HSICAs 

can be sub-classified into lossy, lossless, and near lossless on 

the basis of the data loss during the compression of the HS 

image. There is no data loss for the lossless compression, and 

these types of HSICAs have a compression ratio equal to 2 to 

3, while for near-lossless compression, there is very low HS 

image data loss that happens, and it has a slightly higher 

compression ratio than lossless compression-based HSICAs 

[55, 56]. The lossy compression-based HSICA has a high 

compression ratio, but this comes at the cost of HS image 

data loss [57, 58]. 

 

HSICAs can be sub-classified (reference to the coding 

process) into Predictive Coding (PC) [59], Vector 

Quantization (VQ) [60], Transform Coding (TC) [61], 

Compressive Sensing (CS) [62], Tensor Decomposition (TD) 

[63], and Learning-Based Compression (LC) [64].  

 

PC based HSICA uses different types of predictors to 

achieve the compression. Through the predictor, it exploits 

the correlation of the HS image and calculates the predictive 

error through the entropy coding methods (Huffman coding, 

or arithmetic coding, etc.). It has low coding complexity with 

near-average coding efficiency. It works only for lossless 

compression, and if any transmission error occurs in the 

transmission process, the whole reconstructed HS image is 

prone to corruption [59].   

 

The VQ-based HSICA uses the specific codebook (also 

known as spectral libraries) for each HS image compression. 

The same codebook is present at the encoder and decoder 

ends. The VQ-based HSICA has three stages known as code 

book generation procedure, encoding process (at encoder 

end), and decoding process (at decoder end). The input HS 

image is split into independent blocks (same size) for the 

codebook. In the codebook generation procedure, the 

individual code of the codebook gets training (assigned) for 

the specific block of the HS image. All blocks of input HS 

image are encoded through the code book and transmitted 

through the communication channel to the decoder end. The 

decoder decodes the received HS image data from the 

encoder end and decodes it through the code book. Through 

VQ-based HSICA, only lossless compression is performed 

[65, 66].  

 

The CS based HSICA implemented the compression of 

the HS image in three steps. The encoder senses the HS 

image and converts it into a small 2D matrix through the pre-

defined samples [62, 67].  

 

The TD-based HSICA uses tensors to achieve the 

compression of the HS image. A tensor is an n-dimensional 

matrix, and it can be decomposed in a very easy way. The 

HS image is stored in the tensors, and associated HSICA is 

applied on the same to decompose into a low-dimensional 

tensor. This low-dimensional tensor is encoded and 

transmitted to the channel [63]. 

 

The LC-based HSICA uses a different type of neural 

network or machine learning processes to achieve the HS 

image compression. These algorithms have very high coding 

complexity (slow processing) and high coding efficiency. 

These compression algorithms have high coding memory 

demand due to the training of the learning algorithm or 

neural network [4, 68]. 

 

The TC-based HSICAs utilized the mathematical 

transform to translate the HS image from the time domain to 

the frequency domain [69]. There are many mathematical 

transforms used, but the use of a transform depends on the 

compression algorithm requirements. Fourier, wavelet, and 

curvelet transforms are mainly preferred for the same [70]. 

The forward mathematical transform converts the HS image 

into the frequency domain, and then the compression 

algorithm is applied to the transform HS image at the 

encoder end [71].  

 

Later, the encoder transmits the compressed HS image 

data to the decoder end through the communication channel 

[72]. The decoder applied the compression algorithm and 

decompressed the received HS image data. After that, the 

inverse mathematical transform is applied, and the HS image 

is converted into the time domain format [73]. 

 

The following sections of this presented manuscript are 

organized as follows: In Section 2, the different types of 

mathematical transform HSICAs are outlined, outlining the 

research areas under consideration. Section 3 describes our 

proposed compression algorithm, 3D-Computationally 

Efficient Zero Memory Set Partitioned Embedded Block 

Coding Algorithm.  

In Section 4, we present the results of our experiment 

findings and compare the proposed HSICA with the other 

state-of-the-art wavelet transform-based HSICAs on different 

performance metrics. Finally, we summarize the conclusions 

of our work in the last section of the manuscript. 
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2. Related Work 
The bulk of coefficients are zero or close to zero valued 

because of the wavelet transform's superior energy clustering 

feature and hierarchical nature [74, 75]. The utilization of 

low-valued clusters of coefficients is essential for wavelet-

based image compression methods to be effective. They are 

organized into block cubes (zero block cubes) or trees (zero 

tree) or block trees (zero block cube tree) [76, 77].  

 

The wavelet transformed coefficients that correspond to 

the same orientation and spatial position are clustered in 

zero-tree compression methods to create the Spatial 

Orientation Tree (SOT) [89]. The SOT is referred to as a 

zerotree if it possesses zero coefficients with magnitudes 

greater than a predetermined threshold. 3D Set Partitioning 

in Hierarchical Trees (3D-SPIHT) [78] and 3D No List 

SPIHT (3D-NLS) [81] are the state-of-the-art compression 

algorithms that belong to this category. 

  

The wavelet-transformed image is divided into 

contiguous block cubes by the zero block cube compression 

techniques, and each block cube is subjected to a significance 

test. A block cube with no significant coefficients with 

regard to a specified threshold is known as a zeroblock cube. 

3D Set Partitioned Embedded Block (3D-SPECK) [79] and 

3D Listless SPECK (3D-LSK) [80] are state-of-the-art 

compression algorithms that belong to this group. 

 

The 3D-Wavelet block tree coding (3D-WBTC) [82] has 

focused on integrating the nice properties of both the zerotree 

and zeroblock cube. 3D-WBTC divides the wavelet-

transformed image into coefficient block cubes. Then block 

cube trees are formed with the roots in the topmost sub-band 

in a zerotree fashion [53, 82]. Nearly all of the methods 

discussed above mentioned data-dependent auxiliary lists to 

maintain track of the order of the transform coefficients that 

have been or are still being coded, such as lists of 

unimportant coefficients, insignificant sets, and significant 

coefficients [92]. These lists' items keep growing as bit rates 

rise, consuming a sizable amount of coding memory, making 

it difficult to use them on inexpensive sensor nodes with 

little coding memory [88]. The following section discusses 

the many methods used by the wavelet-based image 

compression algorithms to avoid lists. 

 

Modern image compression methods with widespread 

adoption use fixed-size state tables instead of data-dependent 

variable-size lists in a variety of listless implementations. 

3D-LSK  [80] uses the four types of markers, while 3D-NLS 

[81] makes use of eight types of markers. Thus, 3D-NLS 

[81] had a memory requirement twice that of the 3D-LSK 

[80]. Due to the block cube tree structure, 3D-LMBTC [83] 

requires less coding memory than 3D-NLS [81] and 3D-LSK 

[80]. 3D-ZM-SPECK [84] is the particular case of the zero 

block cube compression algorithm, which does not require 

coding memory. This is because it uses linear indexing to 

track the significance of the sets or coefficients [85]. But, it 

has higher complexity than 3D-LSK [80] due to finding the 

significance of the sets or coefficients for each bit plane. This 

can be reduced by dividing the HS images into block cubes 

and applying the 3D-ZM-SPECK [84] in an independent way 

to each block cube. It reduces the complexity but also the 

coding efficiency. One more way to lower the complexity of 

3D-ZM-SPECK [84] is through the use of a smaller number 

of recursive significance tests of sets. 

 

Coding efficiency of the above-mentioned listless 

HSICAs is relatively less than that of the list-based HSICAs 

[86]. The curvelet transform is used to solve the problem of 

the low coding efficiency of the listless HSICAs. The 

curvelet transform is a special type of multiscale transform 

that can represent the edges and curves in the HS images 

more effectively than the dyadic wavelet transform. 

However, the curvelet transform increases the complexity of 

the HS image transform process, and the requirement for 

transform memory has also increased. Table 1 gives a short 

summary of the mathematical transform-based set partitioned 

HSICAs.

  
Table 1. Microscopic summary of different transform-based set partitioned HSICA 

HSICA Ref Year Partition Type Coding Memory 
Coding  

Efficiency  

Data 

Processing 
3D-SPIHT [78] 2004 Block Cube List (3) High Slow 

3D-SPECK [79] 2006 Tree List (2) High Slow 

3D-LSK [80] 2010 Block Cube Listless Moderate Fast 

3D-F-SPIHT [92] 2012 Tree List (3) High Slow 

3D-NLS [81] 2013 Tree Listless Moderate Fast 

3D-SDB-SPIHT [92] 2017 Tree List (3) High Slow 

3D-WBTC [82] 2019 Block Cube Tree List (3) Moderate Fast 

 3D-LMBTC [83] 2019 Block Cube Tree Listless Moderate Fast 

 3D-ZM-SPECK [84] 2022 Block Cube Listless Moderate Fast 

3D-LCBTC [85] 2022 Block Cube Tree List (2) & Markers Moderate Medium 

3D-LBCTC [86] 2022 Block Cube Tree Listless Moderate Fast 
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3D-BPEC [87] 2023 Tree Array (6) Moderate Medium 

3D-LEZSPC [48] 2023 Tree Listless High Fast 

3D-BCP-ZM-

SPECK 
[88] 2023 Block Cube Listless Moderate Fast 

3D-M-ZM-SPECK [73] 2023 Block Cube Listless Moderate Fast 

FrWF-ZM-SPECK [75] 2023 Block Cube Listless Moderate Fast 

3D-MELS [89] 2023 Block Cube Tree Listless Moderate Fast 

3D-LBCSPC [76] 2024 Block Cube Listless Moderate Slow 

3D-LMZC [90] 2024 Tree Listless High Fast 

BFrWF-ZM-

SPECK 
[91] 2025 Block Cube Listless Moderate Fast 

SFrWF-

ZM_SPECK 
[92] 2025 Block Cube Listless Moderate Fast 

3D-SLS [92] 2025 Block Cube Tree Listless Moderate Fast 

LBFrWF-LC-ZM-

SPECK 
[36] 2026 Block Cube Listless Moderate Fast 

 

3. 3D-Computationally Efficient Zero Memory 

Set Partitioned Embedded Block (3D-CE-ZM-

SPECK) 
The proposed HSICA is designed to reduce the coding 

complexity of the 3D-ZM-SPECK [84], which occurred due 

to the finding of a significant sub-band for each bit plane. 

The input HS image ‘X’ is transformed with the ‘L’ level 3D 

dyadic wavelet transform. For a one-level wavelet transform, 

8 sub-bands are generated, of which one LLL sub-band 

(called the approximation sub-band), while the other seven 

sub-bands are considered as detail sub-bands.  

 

For the next level of wavelet transform, the 

approximation sub-band is again partitioned into eight sub-

bands. The ‘L’ level wavelet transform HS image has a total 

of (7L+1) sub-bands. Transform coefficients are arranged in 

a hierarchical manner in which detail sub-bands are 

organized in seven different orientations, which are denoted 

as  𝐿𝐿𝐻𝛼  , 𝐿𝐻𝐿𝛼  , 𝐿𝐻𝐻𝛼  , 𝐻𝐿𝐿𝛼  𝐻𝐿𝐻𝛼  , 𝐻𝐻𝐿𝛼  & 𝐻𝐻𝐻𝛼  ;  𝛼 =
1,2, … … , 𝐿   For the encoding of the coefficients, the initial 

sub-bands are arranged as 𝑆𝜙
𝛼  𝑎𝑛𝑑 𝐼𝛼.  After that, the 

coefficients are encoded through the proposed HSICA. 

 

3D-CE-ZM-SPECK computed the highest value of each 

sub-band in the transform HS image and stored it in the 

buffer memory. The total number of sub-bands present in the 

transform HS image is (7L+1). Thus, the size of the buffer 

memory is 8(7L+1), where each sub-band has allocated 8 

bytes to store the maximum value of each sub-band present 

in the transform HS image. The buffer memory is denoted as 

ℳ. The ith element of the buffer memory is denoted by the 

ℳ(𝑖). The i=0 denotes the LLL sub-band, while the values 

for the other sub-bands are calculated as 𝑖 = [7(𝐿 − 𝛼) +
 𝜙]. It depends on the pyramidal position and orientation of 

sub-bands. Through the use of buffer memory, the 

computational complexity of the proposed HSICA is reduced 

significantly, which reduces the sensor power consumption 

and requirement of the hardware resources.  

Coding process of the proposed HSICA is initiated with 

the comparison of the values of the buffer memory of initial 

ℳ(0)  and max[Μ(𝑖); 𝑖 = 1,2,3, … … … … . , 7𝐿 + 1] against 

the first (most significant) bit plane. Through this, the 

significance of the first ‘S’ and ‘I’ is identified as 𝑆0
𝐿 & 𝐼𝐿. If 

‘S’ set is significant to the current threshold, then it will be 

octa-partitioned into the eight new ‘S’ sets. If ‘I’ set is 

significant to the current threshold, then it will be partitioned 

into the seven new ‘S’ sets. 

𝑆1
𝐿−1 ;   𝑆2

𝐿−1 ;  𝑆3
𝐿−1 ;   𝑆4

𝐿−1 ;   𝑆5
𝐿−1 ;  𝑆6

𝐿−1 & 𝑆7
𝐿−1 and new 

𝐼𝐿−1 set.  

 

Now  ℳ(1), ℳ(2), ℳ(3), ℳ(4), ℳ(5), ℳ(6)&ℳ(7) 

and max[Μ(𝑖); 𝑖 = 8,9,10, … … … … . , 3𝐿 + 1] are used to 

calculate the significance of the newly formed ‘S’ and ‘I’ set.  

This process is repeated for other bit planes until the last bit 

plane is executed or until the bit budget is available. Through 

this process (avoiding the comparison for sets or coefficients 

for each bit plane), the proposed HSICA lowers the 

computational complexity significantly. 

 

The significance of the ‘S’ (𝑆𝜙
𝛼) set and ‘I’ (𝐼𝛼The set is 

calculated against the current threshold, which is computed 

as in Equations 1 and 2 

 

If ‘S’ set is significant against the current threshold, then 

it gets partitioned (octa partitioning) into the eight new ‘S’ 

sets, each having half the dimension of the previous ‘S’ set. 

The significant ‘I’ is partitioned into seven new ‘S’ sets with 

one new ‘I’ set through hexacontatetra band partitioning. The 

testing of the significance of new sets is performed with the 

help of Equations 1 and 2. However, Equation 3 is used to 

determine if the sets produced by octa partitioning or the 

significance of a coefficient are significant. 
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Ζ𝑛(𝑆𝜙
𝛼) =  {

0
1

𝑁𝑈𝐿𝐿
 

𝑖𝑓
𝑖𝑓

𝑖𝑓
 

Μ(i)
𝑖=7(𝐿−𝛼)+ 𝜙

<   𝑇

T  <     Μ(i)
                      𝑖=7(𝐿−𝛼)+ 𝜙

<   2𝑇

Μ(i)
𝑖=7(𝐿−𝛼)+ 𝜙

<   2𝑇

                                                                            (1) 

 

Ζ𝑛(𝐼𝛼) =  {
0
1

𝑁𝑈𝐿𝐿
 

𝑖𝑓
𝑖𝑓

𝑖𝑓
 

Μ(i)
𝑖=7(𝐿−𝛼)+ 𝜙∶7𝐿

<   𝑇

T  <     Μ(i)
                      𝑖=7(𝐿−𝛼)+ 𝜙∶7𝐿

<   2𝑇

Μ(i)
𝑖=7(𝐿−𝛼)+ 𝜙∶7𝐿

<   2𝑇

                                                                           (2) 

 

Ζ𝑛(𝑆) =  {
1
0

𝑁𝑈𝐿𝐿
 

𝑖𝑓
𝑖𝑓

𝑖𝑓
 

𝑇 ≤   max
𝑖 ∈𝑆

(|𝑆(𝑖)|)  <    2𝑇

max
𝑖 ∈𝑆

(|𝑆(𝑖)|)  <    𝑇

max
𝑖 ∈𝑆

(|𝑆(𝑖)|) >    2𝑇

                                                                              (3) 

 

3.1. Coding Complexity of the Proposed HSICA 

In order to give a detailed analysis of the computational 

complexity between the 3D-ZM-SPECK [84] and the 

proposed HSICA, it is necessary to give a comparative 

analysis of the different computations performed at different 

stages of the HSICA. These stages with the associated 

computations are covered in Table 2. 

The first two computational steps (C0 and C1) are 

repeated only once at the initialization of the HSICA, while 

the last three steps (C2, C3, and C4) are repeated for each bit 

plane. The total number of computations (ℂ) for the 

significance testing of sets and coefficients for the 3D-ZM-

SPECK (ℂ3𝐷−𝑍𝑀−𝑆𝑃𝐸𝐶𝐾)  and proposed HSICA 
(ℂ3𝐷−𝐶𝐸−𝑍𝑀−𝑆𝑃𝐸𝐶𝐾) is covered in Equations 3, 4, and 5. 

 

Equations 4 and 5 gives all computations at the worst 

case scenario (assuming all sets are significant in each 

coding bit-planes).  

 

For the best-case scenario, in which only 𝑆0
𝐿 The set is 

significant in the last bit-plane and set 𝐼𝐿 remains 

insignificant throughout the coding, the number of 

comparisons needed in the ZM-SPECK and the proposed 

algorithms are given by Equations 7 and 8, respectively. 

 

Pseudo code associated with the proposed HSICA is 

covered in Table 3. Figure 1 shows the important stages of 

the compression process of the proposed HSICA. 

  
Table 2. Detailed analysis of the computational complexity at different stages of the encoding process of 3D-ZM-SPECK and 3D-CE- ZM-SPECK 

 Computational Steps HSICA 

  3D-ZM-SPECK [84] 3D-CE-ZM-SPECK 

C0 To calculate the significant coefficient in each sub-band  0 7L + 1 

C1 To calculate the initial threshold of the transform HS image 𝑁3 𝑁3 

C2 For significant testing of 𝑆0
𝐿 & 𝐼𝐿 𝑁3 7L + 1 

C3 For significant testing of new sets after hexacontatetra band 

partitioning of the significant 𝐼𝛼 ∑ [𝑁3 −  (
𝑁

2𝛼
)

3

]

𝐿

𝛼=2

 7 +  ∑ 7(𝛼 − 1)

𝐿

𝛼=2

 

C4 For significant testing of the last seven sets   

[𝑆1
 1 ;  𝑆2

 1 ;  𝑆3
 1 ;  𝑆4

 1 ;  𝑆5
 1 ;  𝑆6

 1 ;  𝑆7
 1] 7 (

𝑁

2
)

3

 
7 

 

 
ℂ =  𝐶0 + 𝐶1 + 𝑛[𝐶2 +  𝐶3 +  𝐶4]                            (4) 

 

ℂ3𝐷−𝑍𝑀−𝑆𝑃𝐸𝐶𝐾 =   𝑁3 + 𝑛[𝑁3  +  ∑ [𝑁3 −  (
𝑁

2𝛼)
3

]𝐿
𝛼=2  +  7 (

𝑁

2
)

3

]                            (5) 
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ℂ3𝐷−𝐶𝐸−𝑍𝑀−𝑆𝑃𝐸𝐶𝐾 = (7𝐿 + 1) +  𝑁3 + 𝑛[(7𝐿 + 1)  +  7 +  ∑ 7(𝛼 − 1)𝐿
𝛼=2 + 7]                           (6) 

 

ℂ𝑛𝑧 =  𝑁3  +  𝑛𝛼(𝑁3)                           (7) 

 

ℂ𝑛𝐿 =  𝑁3 + (7𝐿 + 1) +  𝑛𝛼(7𝐿 + 1)                              (8) 

 

  

 

 

 

 

 

 

 

 

 

 

 
Fig. 1 Flow process of the proposed compression algorithm for hyperspectral image 

 
Table 3. Pseudo code of the Encoder of the proposed HSICA 

 

Algorithm: Encoding process of 3D-CE-ZM-SPECK 

Input: The input HS image ‘X’ is transformed with ‘L’ 

wavelet level, and the transformed HS image is converted 

to a 1D array ‘Г’ through linear indexing 

Output: Encoded Embedded Bit Stream  

INITIALIZATION  

 Set: Number of transform coefficients in linear array 

𝜆 = 𝑙𝑒𝑛𝑔𝑡ℎ [Γ] 
 Set : Root set length =  𝜂𝑟  
 Set : Small set length =  𝜂0 

 Set: Number of bit planes in transform HS image  𝑛 =
 log2[max(Γ)] 

 Set: Initial threshold 𝑇 =  2𝑛 

 Set: Starting Index β = 0 

 Set: Initial set length η = ηr 

SORTING PASS 
 while (β < λ) 

 { 

  if {(β = η) && (β ≥ ηr)}    
   {    
   Process S(𝑆𝜙

𝛼)    
   else    
    Process I(𝐼𝛼)    
   }     
 }       
        
QUANTIZATION STEP 
 { 

  n = (n -1)    
 }         
FUNCTIONS DESCRIPTION  

 Process S () 

 {  

  Output Ζ𝑛(𝑆𝜙
𝛼)    

  {        
   if (Ζ𝑛(𝑆𝜙

𝛼)  =  0)    
   {       
    then     
    {      
     β = (β + η)    
    }      
    else    
    {      
     if (η > η0)    
      η = (η/8)    
      else    
       {    
         Pscan(β,Ω)    
       }    
    }      
   }       
   EvalSL(β,η)    
  }        
 }         
          
 Process I ()    
 {         
  Output Ζ𝑛(𝐼𝛼)    
  if (Ζ𝑛(𝐼𝛼))  = 0    
   {    

Reconstructed 

Image 
Inverse 3D DWT 

3D-CE-ZM-SPECK 

Decoder 

Input  Image 3D DWT 
3D-CE-ZM-SPECK 

Encoder 

Transmission 

Channel 
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    then    
     β = λ    
   }       
 }         
          
 Pscan()    
 {         
  for (j = 0 : 7)    
   do    
   {       
    Output Ζ𝑛{Γ(𝛽 + 𝑗)}    
    if [Ζ𝑛{Γ(𝛽 + 𝑗)} = 1]    
    {    
     then    
      Output: sign bit    
     else [Ζ𝑛{Γ(𝛽 + 𝑗)} =

𝑁𝑈𝐿𝐿] 
   

      then    
       Output: nth MSB of 

Γ(𝛽 + 𝑗) 
   

       β = (β + η)    
    }      
   }       
 }         
          
 EvalSL()    
 {         
  while bitand (β,7η) = 0    
   {       
    η = 8*η    
   }       
 }         

 

4. Results and Discussion 
This section presents a simulation assessment of the 

performance of the proposed HSICA with other state-of-the-

art HSICAs on the basis of different performance metrics for 

coding complexity, coding memory, and coding efficiency. 

An extensive amount of simulation experiments has been 

performed on the HS images acquired by the Airborne 

Visible Infrared Imaging Spectrometer (AVIRIS), 

HYperspectral Digital Image Collection Experiment 

(HYDICE), NASA Earth Observing (EO-1), and Reflective 

Optics System Imaging Spectrometer (ROSIS) HS image 

sensors [73, 75, 85]. In this section, the obtained results are 

shown and discussed. 

 

4.1. Experimental Hyperspectral Image Dataset 
In the present study, four publicly available HS image 

datasets are used, which are the Washington DC Mall HS 

image (acquired by HYDICE), the Botswana HS image 

(acquired by NASA EO-1), the Pavia Center HS image 

(acquired by ROSIS), and the Jasper Ridge HS image 

(acquired by AVIRIS). 

 

Washington DC Mall HS image (Dataset I): It has 191 

spectral frequency frames with a spatial dimension of 1280 

by 307. It has a pixel depth of 14, a spectral resolution of 10 

nm, and a spatial resolution of 3 mt to 4 mt.  

 

Botswana HS image (Dataset II): It has 242 spectral 

frequency frames with a spatial dimension of 1476 by 256. It 

has a pixel depth of 16, a spectral resolution of 10 nm, and a 

spatial resolution of 30 mt. 

 

Pavia Center HS image (Dataset III): It has 102 spectral 

frequency frames with a spatial dimension of 1096 by 1096. 

It has a pixel depth of 13, a spectral resolution of 5 nm, and a 

spatial resolution of  1.3 mt. 

Jasper Ridge HS image (Dataset IV): It has 224 spectral 

frequency frames with a spatial dimension of 100 by. It has a 

pixel depth of 13, a spectral resolution of 10 nm, and a 

spatial resolution of 4 mt to 20 mt.  

 

The HS images are cropped to the top left corner to the 

size of the cube of '128 x 128 x 128,' and zero padding is 

done if required. 

 

4.2. Experimental Image Quality Assessment 

To evaluate the performance of the proposed HSICA 

compared to the state-of-the-art HSICA. The complexity of 

any HSICA is measured by the total number of different 

computations (logical, arithmetic, algebraic) performed by 

the compression algorithm. Highly complex compression 

algorithms have a lot of complex computations, and 

performing these computations requires time [89]. Thus, the 

algorithm's running time is directly proportional to the 

complexity of the algorithm. In a compression algorithm, the 

algorithm running time is the sum of the time required to 

perform the encoding (at the encoder end) and the decoding 

(at the decoder end) time. The encoder encodes the transform 

coefficients through the encoding process of the HSICA and 

generates the output bit stream. The decoder decodes the 

output bit stream received from the encoder. All the 

hyperspectral image compression algorithms are executed on 

the same hardware platform (11th Generation i5 processor, 

2.4 GHz, 20 GB RAM) with the use of Matlab simulation 

software.  

 

Coding memory is the memory required by the 

compression algorithm to store the output bits generated by 

the encoder and decoder. For the list-based hyperspectral 

image compression algorithms, 3D-SPECK (Coder I) [79], 

3D-SPIHT (Coder II) [78], 3D-WBTC (Coder III) [82]. The 

lists are used to track the significance/insignificance of 
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coefficients or sets. For state marker (listless) based 

hyperspectral image compression algorithms 3D-LSK (Coder 

IV) [80], 3D-NLS (Coder V) [81], 3D-LMBTC (Coder VI) 

[83], 3D-ZM-SPECK (Coder VII) [84], 3D-M-ZM-SPECK 

(Coder VIII) [73], they required a fixed-size coding memory 

depending upon the size of the HS image. 

 

The coding efficiency of the HS image compression is 

performed by the multiple performance metrics such as Peak 

Signal-to-Noise Ratio (PSNR), Structural SIMilarity (SSIM) 

index, Feature SIMilarity (FSIM) index, and Compression 

Ratio (CR) [92-94]. The CR is a unitless parameter that is the 

ratio between the size of the original HS image and the size 

of the reconstructed HS image [92]. Mathematically, it is 

defined as in the Equation. 9 

 

Bit Rate (BR) is defined as the ratio of the bits required 

to represent a pixel in the original HS image to the CR [92]. 

Mathematically, it is defined as in Equation 10. 

 

The Peak Signal-to-Noise Ratio (PSNR) [93] is a 

unitless engineering term that refers to the ratio of an HS 

image signal's highest achievable strength to the power of 

distortion that affects the representation's HS image quality. 

The original HS image and the reconstructed image are 

denoted as M(x,y,z) and N(x,y,z). PSNR can be 

mathematically obtained as Equation 11, and MSE is 

obtained as Equation 12.  

 

SSIM is another coding efficiency parameter that is used 

to define the similarities between the original HS image and 

the reconstructed HS image [94-96]. SSIM has been shown 

to correlate well with the quality as perceived by humans for 

different types of distortions. Mathematically, it is defined as 

in [97]. 

 

4.3. Discussion 

The five-level wavelet transform is applied to the 

original HS image. The transform HS image coefficients are 

quantized to the nearest integers. The 3D transform HS 

image is converted to the linear array through the Morton 

mapping [88, 98]. The HSICA is applied to this linear array 

to achieve the compression of the HS image.  

 

𝐶𝑅 =  
𝑆𝑖𝑧𝑒 𝑜𝑓 𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐻𝑆 𝑖𝑚𝑎𝑔𝑒

𝑆𝑖𝑧𝑒 𝑜𝑓 𝑅𝑒𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑒𝑑 𝐻𝑆 𝑖𝑚𝑎𝑔𝑒 𝑡ℎ𝑟𝑜𝑢𝑔ℎ 𝑐𝑜𝑚𝑝𝑟𝑒𝑠𝑠𝑒𝑑 𝑏𝑖𝑡 𝑠𝑡𝑟𝑒𝑎𝑚
                                          (9) 

 

𝐵𝑅 =  
𝐵𝑖𝑡𝑠 𝑝𝑒𝑟 𝑝𝑖𝑥𝑒𝑙  𝑖𝑛 𝑜𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝐻𝑆 𝑖𝑚𝑎𝑔𝑒

𝐶𝑅
                                   (10) 

 

𝑃𝑆𝑁𝑅(𝑀, 𝑁) =  20  log10 [
𝑀𝑚𝑎𝑥

𝑀𝑆𝐸
]                                (11) 

 

𝑀𝑆𝐸 =  
1

𝑁𝑝𝑖𝑥
 ∑ ∑ ∑ [𝑀(𝑥, 𝑦, 𝑧)    −   𝑁(𝑥, 𝑦, 𝑧)]2

𝑧𝑦𝑥                                 (12) 

 

4.3.1. Coding Complexity 

The coding complexity of any HSICA is observed from 

the time taken by the HSICA form encoding and decoding of 

the coefficients [94]. It has been known that list-based 

HSICA had more execution time because of several 

computation executions, such as read operation, write 

operation, memory access operation, etc. [99]. The listless 

HSICA uses different types of markers to define the status of 

the coefficient or set. The encoding time is always greater 

than the decoding time, as the decoder is skipping the block 

cubes without testing.  From Table 4 (encoding time) and 

Table 5 (decoding time), it is clear that the proposed HSICA 

has a lower computation time than all other HSICAs except 

3D-LSK. This is because 3D-LSK uses the markers, but 

proposed HSICA uses the linear indexing to identify the sets.  

The proposed compression algorithm complexity is 

independent of the dimension of the HS image. 

 

4.3.2. Coding Memory 

When implementing HS image compression algorithms 

on the onboard HS image sensor, one of the most important 

factors that needs to be taken into consideration is the 

amount of coding memory available. The coding memory is 

the memory required by the compression algorithm to store 

the current status (significant/insignificant) of the 

coefficients or sets. The main difference between the 

proposed compression algorithm and 3D-ZM-SPECK lies in 

the significance check of the sets or coefficients. The 

proposed compression algorithm requires a little memory to 

store the maximum threshold of all sub-bands of the 

transform HS image. For the ‘L’ level wavelet transform 

(7L+1 sub-bands), the memory required to store the 

coefficients is equal to 8(7L + 1). For the low-level 

calculation (logical, arithmetical, etc.), very little dynamic 

memory is required. From Table 6, it is clear that 3D-ZM-

SPECK outperforms, but the proposed compression 

algorithm requires a little memory, which is less than 10 KB 

(memory present in low-resource sensors). It is also clear 

that listless compression algorithms have fixed memory, 

while list-based compression algorithms' memory 

requirement changes multi-fold with the increase in the bit 

rate. It is also observed that listless compression algorithms 

perform better for the high bit rates, while list-based 
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compression algorithms have better performance at the low 

bit rates (bpppb less than 0.5). 

 
4.3.3. Coding Efficiency 

The coding efficiency (also known as subjective quality 

assessment) of any compression algorithm is determined by 

the PSNR, SSIM, and FSIM. Table 7 exhibits the 

comparative analysis of the PSNR with the state-of-the-art 

HSICAs and the proposed compression algorithm for the 

nine different bit rates. It has been observed that the 

proposed compression algorithm is almost identical (in 

reference to coding efficiency) to the listless compression 

algorithms, but it has a bit lower performance than the list-

based HSICA 3D-SPECK, 3D-SPIHT, and 3D-WBTC. Table 

8 gives the comparative analysis on the Bjontegaard metric 

calculation (also as BD-PSNR gain) with the other HSICAs. 

Bjontegaard metric presents a comparative overview of the 

PSNR with the associated bit rate. Table 9 delivers the 

insight analysis of the SSIM, while Table 10 covers the 

FSIM. 

The visual representation of the Washington DC MALL HS 

image (before compression & after compression process) for 

the four sub bands (frame 30, 60, 90, and 120) is shown in 

Figure 2. 
 

Table  4. Summary of encoding time for compression algorithms 
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Dataset I 

0.025 3.09 1.44 1.71 0.43 0.51 1.33 0.83 0.49 0.54 

0.05 6.23 2.71 2.78 0.55 0.65 1.90 1.11 0.61 0.63 

0.1 25.10 7.50 6.50 0.80 0.91 3.90 1.78 0.88 0.84 

0.2 57.90 25.80 24.80 1.10 1.21 5.10 2.81 1.17 1.15 

0.25 104.58 31.19 29.92 1.71 1.79 10.61 5.05 1.77 1.76 

0.5 414.80 140.10 211.20 2.50 2.64 11.30 7.41 2.61 2.59 

0.75 950.77 370.29 713.02 3.57 3.88 17.22 10.47 3.71 3.69 

1 1497.50 575.00 804.00 4.41 4.57 21.12 13.21 4.49 4.48 

2 3822.03 1426.61 4409.82 11.55 14.58 40.09 23.39 12.91 12.31 

 
Dataset II 

0.025 5.19 1.08 2.05 0.51 1.99 2.33 1.55 0.91 0.84 

0.05 8.01 2.19 3.68 0.94 9.43 3.08 2.08 1.74 1.49 

0.1 42.11 5.47 7.26 2.01 12.38 4.79 3.49 3.12 2.84 

0.2 68.31 17.14 20.14 4.27 14.01 8.64 5.26 4.98 4.78 

0.25 91.77 23.38 67.74 7.24 17.56 10.44 9.09 8.17 8.02 

0.5 402.48 100.15 179.99 9.95 18.22 19.91 11.76 10.92 10.74 

0.75 1066.62 581.78 682.40 12.17 20.19 29.03 17.10 16.68 15.29 

1 1320.53 641.34 875.01 14.96 22.96 35.17 19.04 18.07 17.08 

2 5495.06 2771.88 4096.40 26.44 41.94 75.21 38.87 34.14 32.17 

 Dataset III 

0.025 5.34 1.96 2.15 0.57 3.34 2.42 1.10 1.03 0.91 

0.05 10.17 8.34 3.31 2.03 7.72 4.62 3.69 3.12 2.47 

0.1 24.02 17.65 6.54 3.65 10.32 7.78 4.34 4.03 3.94 

0.2 69.81 22.20 14.58 5.15 11.26 9.16 6.02 5.87 5.55 
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0.25 91.62 38.56 37.30 7.70 14.92 12.26 8.16 7.91 7.84 

0.5 371.82 187.18 198.26 9.14 17.71 17.57 11.38 10.57 10.08 

0.75 955.11 440.87 597.21 11.01 21.48 24.43 14.32 12.86 12.14 

1 1553.24 715.10 1011.40 13.69 24.92 27.96 18.64 16.28 15.84 

2 4770.03 2338.89 3882.91 27.52 39.89 55.15 36.57 32.14 31.04 

 Dataset IV 

0.025 3.01 1.34 1.66 0.49 0.53 1.38 0.86 0.51 0.59 

0.05 6.01 2.55 2.36 0.56 0.67 2.06 1.14 0.63 0.74 

0.1 21.10 7.60 6.40 0.90 1.09 3.00 1.77 1.03 1.21 

0.2 54.20 20.60 17.70 1.20 1.34 5.20 2.84 1.27 1.47 

0.25 97.10 37.92 21.35 1.84 1.99 8.72 4.73 1.91 2.08 

0.5 315.30 101.60 182.40 2.60 2.74 10.90 6.24 2.72 2.91 

0.75 705.45 267.31 530.54 3.30 3.77 17.79 10.63 3.51 3.71 

1 757.30 425.40 942.80 5.10 5.34 22.70 15.84 5.24 5.33 

2 3255.30 1213.10 2380.40 9.55 14.20 59.26 56.42 13.67 14.05 

 
Table  5. Summary of decoding time compression algorithms 
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Dataset I  

0.025 0.79 0.99 0.75 0.38 0.42 0.64 0.79 0.64 0.51 

0.05 1.09 2.58 1.36 0.47 0.57 1.00 1.01 0.86 0.59 

0.1 17.40 6.10 5.02 0.70 0.79 2.30 1.71 1.15 0.74 

0.2 48.80 24.80 22.50 1.07 1.07 3.30 2.71 2.12 1.02 

0.25 88.32 28.85 17.44 1.64 1.67 6.98 4.78 4.18 1.67 

0.5 339.10 135.40 191.70 2.20 2.31 7.70 6.82 5.87 2.41 

0.75 899.76 312.97 612.75 2.94 3.01 13.84 9.01 9.01 3.55 

1 1289.70 504.02 774.08 3.70 4.24 15.50 12.31 10.97 4.24 

2 3480.44 1196.24 4021.39 10.08 14.02 31.28 21.89 19.43 12.03 

 
Dataset II  

0.025 4.03 0.87 1.43 0.44 1.14 1.34 1.43 0.79 0.71 

0.05 7.21 1.67 2.49 0.81 8.66 2.01 1.74 1.61 1.08 

0.1 29.82 4.09 5.05 1.59 10.48 3.54 3.08 2.94 2.71 

0.2 49.95 15.09 15.70 3.92 12.57 6.61 4.51 4.02 3.96 

0.25 69.76 21.09 52.75 6.74 16.19 8.45 8.24 7.94 7.57 

0.5 347.89 89.45 167.04 9.12 17.04 16.58 10.19 10.08 9.75 

0.75 948.92 505.29 598.09 11.77 19.53 27.55 15.22 15.74 15.02 

1 1227.43 600.26 804.18 13.98 20.84 32.83 17.79 17.12 16.88 
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2 4872.53 2525.11 3785.90 24.84 39.73 70.88 34.37 32.97 31.77 

 Dataset III 

0.025 3.06 0.77 1.12 0.49 2.89 2.04 1.01 0.92 0.8 

0.05 4.49 6.04 1.85 1.87 5.01 4.31 3.31 2.89 2.31 

0.1 13.33 15.02 5.06 3.24 9.14 7.32 3.97 3.84 3.65 

0.2 53.56 20.33 12.55 4.58 10.08 8.47 4.84 4.44 4.64 

0.25 60.84 33.43 31.45 7.02 14.17 11.87 7.21 7.01 7.06 

0.5 315.94 180.19 186.22 8.48 16.91 16.79 10.21 9.97 9.25 

0.75 860.41 412.32 546.32 10.26 20.48 22.89 13.86 12.47 12.01 

1 1445.08 684.96 976.09 12.99 23.42 23.81 18.01 15.84 15.24 

2 4357.62 2151.76 3423.52 25.74 37.19 50.21 34.92 31.03 30.52 

 Dataset IV 

0.025 1.89 1.22 1.19 0.38 0.47 0.65 0.83 0.44 0.41 

0.05 3.50 1.98 2.04 0.47 0.58 1.02 1.12 0.52 0.5 

0.1 15.30 7.41 4.57 0.75 0.97 1.90 1.73 0.94 0.88 

0.2 37.03 17.60 15.30 1.10 1.22 3.70 2.70 1.15 1.12 

0.25 72.40 31.06 19.45 1.14 1.54 6.20 4.11 1.47 1.31 

0.5 290.80 98.50 178.40 2.50 2.59 9.30 6.06 2.57 2.54 

0.75 615.41 232.00 418.91 3.05 3.41 19.56 9.51 3.33 3.11 

1 726.90 421.30 923.10 4.30 5.02 21.80 12.31 4.91 4.71 

2 3062.80 1132.20 2068.90 6.69 13.54 47.20 45.18 12.65 12.47 

 
Table 6. Summary of coding memory (in KB) for compression algorithms  
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Dataset I 

0.025 54.87 54.42 55.21 512 1024 12 0 32 0.28 

0.05 136.10 145.30 137.90 512 1024 12 0 32 0.28 

0.1 243.80 263.30 250.10 512 1024 12 0 32 0.28 

0.2 416.30 438.00 416.00 512 1024 12 0 32 0.28 

0.25 586.67 605.78 630.49 512 1024 12 0 32 0.28 

0.5 1048.80 1060.50 1049.00 512 1024 12 0 32 0.28 

0.75 1287.31 1333.19 1329.77 512 1024 12 0 32 0.28 

1 1802.50 1826.70 1724.60 512 1024 12 0 32 0.28 

2 2865.17 2897.00 3052.09 512 1024 12 0 32 0.28 

 
Dataset II 

0.025 60.22 63.41 60.69 512 1024 12 0 32 0.28 
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0.05 114.86 120.09 115.57 512 1024 12 0 32 0.28 

0.1 245.34 247.27 246.04 512 1024 12 0 32 0.28 

0.2 463.49 495.61 473.86 512 1024 12 0 32 0.28 

0.25 628.84 651.89 630.49 512 1024 12 0 32 0.28 

0.5 1148.6 1164.8 1149.5 512 1024 12 0 32 0.28 

0.75 1305.8 1299.3 1306.0 512 1024 12 0 32 0.28 

1 2056.0 2090.4 2057.4 512 1024 12 0 32 0.28 

2 3051.0 3081.8 3052.1 512 1024 12 0 32 0.28 

 Dataset III 

0.025 54.84 61.36 55.03 512 1024 12 0 32 0.28 

0.05 136.40 150.95 138.50 512 1024 12 0 32 0.28 

0.1 246.14 260.59 251.71 512 1024 12 0 32 0.28 

0.2 418.18 462.06 418.28 512 1024 12 0 32 0.28 

0.25 602.43 630.18 610.53 512 1024 12 0 32 0.28 

0.5 1042.3 1086.6 1041.9 512 1024 12 0 32 0.28 

0.75 1453.5 1488.0 1453.2 512 1024 12 0 32 0.28 

1 1937.9 1919.7 1936.8 512 1024 12 0 32 0.28 

2 2713.4 2665.7 2714.3 512 1024 12 0 32 0.28 

 Dataset IV 

0.025 55.23 55.52 55.61 512 1024 12 0 32 0.28 

0.05 143.02 145.90 143.30 512 1024 12 0 32 0.28 

0.1 241.40 245.90 245.80 512 1024 12 0 32 0.28 

0.2 440.00 445.70 443.70 512 1024 12 0 32 0.28 

0.25 480.11 462.30 489.73 512 1024 12 0 32 0.28 

0.5 821.60 808.90 827.90 512 1024 12 0 32 0.28 

0.75 1150.17 1152.97 1155.23 512 1024 12 0 32 0.28 

1 1492.71 1503.80 1532.60 512 1024 12 0 32 0.28 

2 2592.52 2626.30 2503.10 512 1024 12 0 32 0.28 

 

Table  7. Summary of coding efficiency (PSNR) of the compression algorithms  
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Dataset I  

0.025 34.56 34.43 34.54 34.47 34.43 34.35 34.44 34.11 34.21 

0.05 36.52 36.27 36.47 36.51 36.28 36.52 36.48 36.34 36.44 
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0.1 38.53 38.28 38.50 38.35 38.12 38.29 38.33 38.04 38.31 

0.2 41.54 41.34 41.52 41.49 41.27 41.19 41.42 41.17 41.44 

0.25 42.97 42.89 43.08 43.12 41.92 42.02 42.17 42.87 43.08 

0.5 46.81 46.60 46.81 46.76 46.41 46.09 46.73 46.21 46.67 

0.75 50.54 50.41 50.59 50.61 50.33 50.37 50.51 50.11 50.49 

1 53.52 53.32 53.51 53.49 53.33 53.46 53.47 53.12 53.45 

2 66.09 66.02 66.19 65.97 65.91 65.84 66.01 65.22 65.84 

 
Dataset II  

0.025 27.53 27.41 27.52 27.32 27.37 27.31 27.32 26.98 27.25 

0.05 30.22 29.99 30.21 30.20 29.97 30.19 30.20 29.94 30.11 

0.1 32.57 32.48 32.57 32.48 32.18 32.04 32.07 31.89 32.38 

0.2 34.78 34.63 34.75 34.66 34.51 34.64 34.66 34.21 34.58 

0.25 35.62 35.50 35.62 35.63 35.50 35.55 35.56 35.25 35.61 

0.5 39.09 39.03 39.18 38.76 38.63 38.46 38.47 38.02 38.69 

0.75 42.09 41.95 42.08 41.48 41.92 41.28 41.30 40.97 41.35 

1 44.19 44.05 44.18 44.20 44.05 43.89 43.91 43.55 44.02 

2 51.48 51.33 51.47 51.22 51.25 50.85 50.86 50.66 51.05 

 Dataset III 

0.025 28.83 28.68 28.82 28.68 28.62 28.64 28.67 28.44 28.67 

0.05 30.32 30.06 30.30 30.29 30.06 30.28 30.29 30.01 30.21 

0.1 32.43 32.17 32.38 32.23 32.01 32.25 32.29 31.98 32.21 

0.2 34.84 34.62 34.83 34.61 34.51 34.56 34.58 34.38 34.61 

0.25 35.70 35.49 35.69 35.49 35.31 35.42 35.44 35.08 35.54 

0.5 39.06 39.03 39.01 38.97 38.85 38.77 38.78 38.64 38.92 

0.75 42.24 42.04 42.24 42.01 41.97 41.83 41.84 41.69 42.12 

1 45.16 44.93 45.16 45.14 44.82 44.50 44.50 44.34 45.02 

2 55.46 55.31 55.46 55.34 55.24 54.89 54.91 54.31 55.21 

 Dataset IV 

0.025 29.84 29.68 29.82 29.73 29.58 29.71 29.74 29.51 29.67 

0.05 32.27 31.97 32.25 32.26 31.88 32.30 32.22 31.97 32.08 

0.1 35.08 35.11 35.07 35.29 35.04 35.06 35.03 34.84 34.94 

0.2 39.35 39.13 39.60 39.40 39.01 39.11 39.41 39.02 39.44 

0.25 41.11 41.24 42.01 41.74 41.21 41.45 41.28 40.89 41.36 

0.5 45.98 46.33 46.78 46.26 46.24 45.91 46.14 45.87 46.09 

0.75 50.94 51.01 51.34 51.06 51.31 51.41 51.39 50.76 50.87 

1 54.77 54.72 55.13 54.86 54.62 54.78 54.92 54.55 54.65 

2 61.02 60.85 61.04 60.96 60.84 60.90 60.89 60.77 60.84 
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Table 8. Summary of Bjøntegaard Delta PSNR gain for compression algorithms 

HS Image 
Coder I 

[79] 

Coder II 

[78] 

Coder 

III [82] 

Coder 

IV [ 80] 

Coder V 

[81] 

Coder VI 

[83] 

Coder VII  

[84] 

Coder VIII  

[85] 

Dataset I - 0.1185 0.0581 - 0.1293 - 0.0836 0.2519 0.2226 0.0693 0.2897 

Dataset II - 0.2547 - 0.1202 - 0.2551 - 0.0954 - 0.0016 0.0931 0.0769 0.3933 

Dataset III - 0.1722 0.0257 - 0.1532 - 0.0248 0.1333 0.1221 0.1033 0.3743 

Dataset IV - 0.0366 0.0026 - 0.3328 - 0.1888 0.0455 -0.064 - 0.103 0.209 

 
Table  9. Summary of Structural Similarity (SSIM) index for compression algorithms 
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Dataset I  

0.025 0.385 0.386 0.384 0.385 0.386 0.386 0.384 0.377 0.377 

0.050 0.480 0.479 0.480 0.480 0.479 0.480 0.480 0.471 0.472 

0.100 0.587 0.587 0.585 0.584 0.587 0.589 0.590 0.581 0.583 

0.200 0.677 0.675 0.678 0.677 0.678 0.677 0.677 0.664 0.667 

0.250 0.701 0.702 0.702 0.699 0.703 0.702 0.702 0.697 0.699 

0.500 0.790 0.788 0.787 0.789 0.789 0.788 0.787 0.774 0.775 

0.750 0.847 0.846 0.849 0.846 0.846 0.846 0.846 0.845 0.848 

1.000 0.886 0.886 0.886 0.888 0.887 0.886 0.886 0.884 0.887 

2.000 0.914 0.912 0.915 0.914 0.912 0.915 0.915 0.911 0.91 

 
Dataset IV 

0.025 0.297 0.288 0.299 0.299 0.285 0.300 0.301 0.299 0.301 

0.05 0.346 0.338 0.345 0.346 0.341 0.349 0.349 0.248 0.344 

0.1 0.437 0.431 0.437 0.436 0.430 0.437 0.437 0.437 0.439 

0.2 0.518 0.513 0.518 0.518 0.514 0.518 0.518 0.517 0.52 

0.25 0.545 0.543 0.545 0.552 0.545 0.553 0.553 0.550 0.552 

0.5 0.603 0.601 0.603 0.608 0.606 0.611 0.611 0.604 0.606 

0.75 0.630 0.629 0.630 0.636 0.631 0.636 0.636 0.633 0.63 

1 0.645 0.645 0.645 0.648 0.646 0.647 0.647 0.644 0.646 

2 0.666 0.666 0.666 0.666 0.666 0.668 0.668 0.663 0.665 

 
Table  10. Summary of Feature-Similarity (FSIM) Index for compression algorithms 
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Dataset I  

0.025 0.626 0.626 0.660 0.624 0.626 0.616 0.616 0.614 0.611 

0.05 0.641 0.642 0.712 0.639 0.643 0.637 0.638 0.633 0.637 

0.1 0.710 0.695 0.787 0.712 0.712 0.716 0.716 0.711 0.712 
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0.2 0.774 0.759 0.830 0.780 0.779 0.784 0.784 0.777 0.774 

0.25 0.784 0.776 0.843 0.783 0.790 0.795 0.795 0.791 0.79 

0.5 0.851 0.844 0.909 0.855 0.856 0.863 0.863 0.849 0.843 

0.75 0.891 0.888 0.947 0.910 0.889 0.903 0.903 0.896 0.899 

1 0.919 0.917 0.970 0.920 0.918 0.918 0.918 0.912 0.917 

2 0.978 0.978 0.996 0.980 0.980 0.981 0.981 0.978 0.974 

 
Dataset IV  

0.025 0.286 0.286 0.282 0.290 0.288 0.295 0.303 0.288 0.289 

0.05 0.293 0.288 0.289 0.294 0.286 0.302 0.302 0.294 0.293 

0.1 0.321 0.319 0.320 0.321 0.320 0.338 0.338 0.337 0.339 

0.2 0.443 0.434 0.443 0.452 0.439 0.488 0.488 0.482 0.485 

0.25 0.518 0.522 0.518 0.530 0.529 0.537 0.537 0.531 0.529 

0.5 0.694 0.692 0.694 0.699 0.696 0.750 0.750 0.745 0.746 

0.75 0.807 0.812 0.808 0.817 0.813 0.835 0.834 0.827 0.829 

1 0.871 0.867 0.872 0.869 0.867 0.873 0.873 0.866 0.869 

2 0.979 0.978 0.979 0.979 0.978 0.979 0.979 0.965 0.967 

 
 

 
 

  

 
 

  

 
 

  

 
 

(a)  (b)  (c)  (d) 

 

 
 

  

 
 

  

 
 

  

 

(e)  (f)  (g)  (h) 

Fig. 2 Original Washington DC MALL HS image before compression (a), (b), (c), (d) Reconstructed Washington  DC MALL HS 

image with CR 16  (e), (f), (g), (h) 

 

5. Conclusion  
In the present study, a low-complexity version of the 

3D-CE-ZM-SPECK is proposed. It stores the maximum 

numeric values of each partitioned sub-band in the buffer 

coding memory, which has a very small size. Through this, 

the complexity of the 3D-ZM-SPECK is reduced 

significantly. The coding memory of the proposed 

compression algorithm is independent of the size of the HS 

image, the HS image pixel depth, and the bit rates. It depends 

only on the level of the wavelet transform. Although the 

present compression algorithm is focused on the complexity 

of the algorithm, it can be extended to color images, video, 

and multi-temporal hyperspectral images. 
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