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Abstract - Wavelet transform-based set-partitioned hyperspectral image compression algorithms have comparatively better
coding efficiency, moderate coding complexity, embeddedness property, and scalability property. These compression algorithms
use linked lists, arrays, or state tables to track the significance/insignificance of the partitioned sets/coefficients. The 3D-Set
Partitioning in Hierarchical Trees (3D-SPIHT) employs three linked lists for the tracking of the significant/insignificant
coefficients or zerotree nodes. These linked lists create problems associated with the coding complexity and exponential growth
of coding memory. There are many listless compression algorithms for hyperspectral images that have been proposed in the
past, but they suffer from low coding efficiency. The proposed compression algorithm 3D-One List- SPIHT (3D-OL-SPIHT) uses
the same partition rule as 3D-SPIHT, but it has a single list for tracking of coefficients or zerotree nodes instead of three lists
in 3D-SPIHT. From the experimental results, it is clear that the proposed compression algorithm reduces the coding complexity,

coding memory demand, and increases the coding efficiency compared to 3D-SPIHT.
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1. Introduction

Onboard HyperSpectral (HS) image sensors collect the
spectral and spatial information from 400 nm to 2500 nm in
the 5-10 nm interval of the electromagnetic spectrum, having
hundreds of grayscale images at different wavelengths [1, 2].
Owing with the valuable information, HS images are use in
countless applications over last couple of decades such as
astronomy [3], Biomedical Application [4], Biological
Diagnosis [5], Cultivation (agriculture) [6], Civil (Terrain
Detection, Land Cover Classification, Urban Planning) [7, 8],
Corrosion Detection [9], Counterfeit Detection [10], Defence
& Security [11], Environmental Research And Monitoring (oil
spill monitoring etc) [12], Food Safety [13], Forestry [14],
Forensics Research [15], Geography [16], Geology [17],
Medical Surgery [18], Mineral Exploration (Mineralogy) [19],
Pharma [20], Underwater Hyperspectral Imaging [21],
Weather Prediction [22], etc. Beside the mention fields,
remote sensing [23] is one of the fastest growing fields of
research which uses hyperspectral images extensively for the
different tasks (sub-applications) such as Change Detection
[24], Compression [25], Classification [26], Denoising [27],
Dimensionality Reduction [28], Feature Extraction [29],
Feature Identification [30], Feature Mapping [31], Fusion
[32], Inpainting [33], Object (Target) Detection [34], Object
Identification [35], Unmixing [36] and Segmentation [37].
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The HS images acquired by the remote sensing imaging
system are often of a large size (~ 150 MB for a single HS
image), thus requiring a lot of memory to store a single HS
image [38]. Therefore, HS image compression is an essential
step before the HS image is communicated through a
communication channel. Through the compression of the HS
image, the sensor performance has been improved, and the
requirement of the communication channel bandwidth has
also been reduced [39].

Each HS image has two different types of redundancies
present, named as spectral redundancy and spatial redundancy
[40]. The spatial redundancy exists due to the pixel statistical
dependencies on the nearby pixels present in the same frame
of the HS image, while spectral redundancy exists due to the
single pixel present at the same spatial coordinate at nearby
continuous frequency frames [29]. The ratio of original
(uncompressed) HS image to reconstructed (compressed) HS
image is known as the Compression Ratio (CR), which is a
non-unit (Ratio) parameter [41] and numerically represented
as in Equation 1.

Size of uncompress HS image

Compression Ratio (CR) = = -
Size of compressed HS image
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HyperSpectral  Image  Compression  Algorithms
(HSICAS) are divided into the sub-varieties on the basis of the
two parameters, namely, the process of coding or HS image
data loss. On the basis of data loss, the HSICAs can again be
categorized by lossless HSICA, lossy HSICA, and near
lossless HSICA. As the name suggests, for lossless HSICA,
there is no loss of any image data, and it has a low value of
CR, while for the near lossless HSICA, there is relatively
(slightly) high CR, but it has a loss of some HS image data.
For the lossy HSICA, as the name suggests, there is a loss of
HS image data, but the HSICA has eminent CR. Lossy HSICA
loses the HS image data, which is not significant for any
human visualization. HSICAs are bisected into the nine
distinct types based on the way the encoding/decoding process
has been performed to achieve the compression. They are
Transform Coding (TC) [42], Predicative Coding (PC) [43],
Vector Quantization (VQ) [44], Compressive Sensing (CS)
[45], Sparse Representation (SR) [46], Tensor Decomposition
(TD) [47], Neural Network (NN)-based HS Image
Compression [48], Machine Learning (ML)-based [49] and
Hybrid Compression Algorithm [50]. For coding complexity,
PC based HSICA is best, while for coding efficiency, NN-
based HSICA and ML-based HSICA are best.

Among the above-mentioned types of HSICA, TC-based
HSICAs can work for any type of compression (lossy or
lossless) and have the best error tolerance mechanism [51, 52].
TC-based HSICA uses mathematical transforms such as
cosine transform, Discrete Wavelet Transform (DWT),
Dyadic Wavelet Transform (Dy WT), Curvelet Transform
(CT), Shearlet Transform (ST) etc to translate the HS image
into the frequency domain, and then HSICA is applied on the
transformed image to obtain compression [53]. The choice of
using a type of HSICA for any application depends upon the
various factors such as memory usage, ease of deployment and
update, inference on resource-constrained devices, power
dissipation, and prediction latency. Besides these, for ML-
based HSICAs, ease of training/finetuning and ease of
distributed training are also important factors for choosing the
HSICAs [54]. The main objective of the current study in this
manuscript can be summarized as follows:

To reduce the complexity, two different thresholds are
used in the proposed compression algorithm. The
threshold in the top LLL. sub-band of the transform HS
image is four to sixteen times the threshold of the rest of
the transform HS image.

It avoids the revalidation of the significant root
(significant in the previous bit plane).

The structure of the present manuscript is organized as
follows: In Section 2, the problem of HS image compression
is revisited, and mathematical transform-based HS image
compression algorithms are introduced. Section 3 explicitly
explains the proposed 3D One List SPIHT (3D-OL-SPIHT).
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Section 4 covers the experimental results with a detailed
description of comparative results on the distinct performance
parameters. Section 5 concludes the manuscript with key
findings and remarks.

2. Preliminary

The TC-based HSICAs use a mathematical transform to
convert the HS image into the frequency domain and pack the
energy into a few coefficients (high-energy concentrated).
The mathematical transform works as a spectral decorrelator
and exploits both correlation (spectral and spatial). Among all
the mathematical transforms, the wavelet transform provides
better performance than other transforms. The based HSICAs
process is divided into two sections: the Transform stage and
Coding stage [52]. Mathematical Transform-based set
partitioned HSICAs are a special type of compression
algorithm that uses the set structures to define a large number
of insignificant coefficients in the top bit plane through a
single bit at a higher bit plane. Wavelet transform-based set
partitioned HSICA has been divided into four different
categories (basis of lists) based on the use of lists as List-based
HSICA, Listless HSICA, Array-based HSICA, and list &
marker-based HSICA. While on the basis of the set partition
rule, it can be defined in three different ways, such as zero
block, zerotree, or zero block tree [53].

3. 3D One List SPIHT (3D-OL-SPIHT)

The 3D-OL-SPIHT is a modified form of 3D-SPIHT [55]
in which coding complexity is reduced, and there is an
increase in coding efficiency by doing two small
modifications. The first modification is related to the use of
two different thresholds, while the second modification is
related to the significance testing of the tree roots for each bit
plane. It has been observed that the maximum threshold in the
LLLL sub-band is four to sixteen times the maximum value of
the other sub-bands of the transform HS image. The LLL sub-
band represents the average value of all transform coefficients.
Thus, the bit difference between the maximum value of the
coefficient present in the LLLL sub-band and the rest of the
transform HS image is 2 bits to 4 bits.

As in the other state-of-the-art HSICAs such as 3D-
SPIHT [55], 3D-NLS [62], 3D-MELS, 3D-SLS [75], 3D-
LEZSPC [72], a single threshold throughout the
encoding/decoding process, the 3D-OL-SPIHT uses two
different thresholds to save the coding memory, reduce coding
complexity, and processing power. The size of the output bit
stream also reduces for lossless compression, while for lossy
compression, the compression ratio and coding efficiency are
increased. When the root is present between the orientation
level of RO to R2 becomes significant, its associated offspring
0O(i,j,k) is added to the ‘LRS’ list. This significant root is tested
for every bit plane in 3D-SLS [75], but for 3D-OL-SPIHT, it
will not be tested because it is already present in the list; the
significance testing of the offspring of the roots present at the
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orientation level RL-1 is tested. Through this, there is a
reduction in the coding complexity. 3D-OL-SPIHT has two
passes called the Initialization pass and the Coding Pass. The
coding pass has three more sub passes called the sorting pass,
quantization pass, and refinement pass. In the initialization
pass, two thresholds had been initialized. After that, proposed
HSICA performed the coding process for the LLLL sub-band
in the mini coding Pass mentioned in the pseudo code in Table
1. The rest of the algorithm follows the same rule of 3D-SLS.

The decoding process of 3D-OL-SPIHT is symmetric and
follows the same operation as the encoding process, using
input instead of output. The decoder does not require
performing the significance testing for the coefficient or
SOTs. Thus, the decoding process is less complex and requires
less run time than the encoder. The decoder of 3D-OL-SPIHT
has to perform mid-tread dequantization for those coefficients
that are not fully encoded. The detailed code of the proposed
algorithm 3D-OL-SPIHT is covered in Table 1.

Table 1. Details of the proposed HSICA

Input
Preprocessing

Initialization Pass

Coding Pass (mini)

{
if {o(i,j,k) = (0 || 1)} do
{
Code_Pix (i,j,k)
}
}
for each coefficient (i,j,k) € LLL. do
{
if {o(i,j,k) =2} do
{
Ref_Pix(i,j,k)
}
}
T=(T/2)
}
Coding Pass Set: T=T
{
for each coefficient (i,j,k) € LLLY do
{
for each coefficient (i,j,k) € LLL. do
{
if {o(ij.k) = (0 1)} do
{
Code_Pix (i,j,k)
}
}
for each coefficient (i,j,k) € LLL. do
{

HS image cube of ‘3’ dimension ‘M.’

The ‘L’ wavelet transform is applied to the input image of dimension ‘M.’
The transform HS image is converted to the 1D array Y’ from the transform 3D HS image through
linear indexing.

The top-most LLL sub-ban is defined as LLL,,

The current threshold of any bit plane is defined as ‘T.’

Top bit plane n = log,|[max(Y)]

LLL sub-band of the HS image Y;,,

HS image other than LLL sub band Y,;per = [(Y) — (Yi1)]

Threshold I : Ty =2"

Threshold I1: T, = [log,{[Yotnerl}]

T=T

Add all the coefficients in the LLL sub-band to the LRS.

while (T>T2)

for each coefficient (i,j,k) € LLL_ do
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if {o(i,j,k) =2} do
{
Ref_Pix(i,j,k)
}
}
for each coefficient (i,j,k) € LRS do
if {o(i,j,k) = (0| 1)} do
{

Code_Pix (i,j,k)
if £6((i,j,K) = 1 && 5((i,j,k) € Ru_1 do
{

Compute O(i,j,k)

{
if { O(o(i,j,k))= (0] 1} do
{

Code_Pix (i,j k)
}

}
}

}
}
for each coefficient (i,j,k) € LRS do

{
if {o(ij,k) = 2} do
{

Ref_Pix(i,j,k)
}
if {8((i,j,k) =1 && 5 (i,j,k)) € Rm-1 do
{
Compute O(i,j,k)
{
if {O(i,j,k) = 2} do
{
Ref_Pix(i,j,k)
}
}
}
for each coefficient (i,j,k) € LRS do

{
if {3(i.j.k) = 0} do
{

if {SOT(i,j,k) is SG} do
{

Transmit ‘1’ to the bit stream.

8(ij.k) =1

Add O(i,j,k) to LRS

for each coefficient O(i,j,k) € LRS do
{

}

else

{

Code_Pix (i,j,k)

Transmit ‘0’ to the bit stream.
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}
}
}
}
T=(T/2)
}
Function 1 Code_Pix (i,j,k)
if {o(i,j,k) =0} do
{
if {|C(i,j,k)] = T} do
{
Transmit ‘1 to the bit stream.
o(i,j,k) =1
if {C(i,j,k) > 0} do
{
C@ij.k) ={C(i,jk) -T}
elseif {C(i,j,k) < 0} do
C@i,j.k) ={C(ijk) +T}
}
elseif {|C(i,j,k)| < 0} do
{
Transmit ‘0’ to the bit stream.
elseif {o(i,j,k) = 1} do
{
o(ij,k) =2
}
}
}
}
Function 2 Ref_Pix(i,j,k)
{

if {|C(ij.k)| > T} do
{

Transmit ‘1’ to the bit stream.
if {C(i,j,k) > 0} do
{

C(ijk) ={C(i,jk -T}

elseif {C(i,j,k) < 0} do

{
C(ij.k) ={C(i,jk) +T}
elseif {|C(i,j,k)| < T} do
{

Transmit '0' to the bit stream.
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4. Empirical Evaluation Discussion

This section presents a simulation assessment of the
performance of the proposed HSICA with the other state-of-
the-art HSICAs on the basis of different performance metrics
for coding complexity, coding memory, and coding efficiency
on four different HS images, which have artificial structures
(building, road, etc.) and natural scenes (forest, water body,
etc.). The HS image is transformed with a level wavelet
transform and converted into a 1D array from the 3D
transform HS image through linear indexing. The transform
coefficients are quantized to the nearest integer. The input
(original) HS image is denoted as A (ij,k) while the
reconstructed HS image after the compression process is
denoted as B(i,j,k).

4.1. Performance Metrics

Performance of the proposed coder with other coders is
evaluated on the basis of three parameters, which are named
as coding efficiency, coding memory, and coding complexity
[76-80]. The distinct performance metrics are used for the
comparative analysis between the HSICAs. For coding
efficiency, Peak Signal-To-Noise Ratio (PSNR), Structural
Similarity Index (SSIM), Feature Similarity Index (FSIM),
and Bjgntegaard Metric Calculation (BD-PSNR) are used as
performance metrics, while for the coding complexity, the
total time required by the HSICAs for the calculation of
encoding and decoding of the coefficients [73-81]. For the

coding memory calculation, the memory required to complete
the coding process is known as coding memory, and it is
calculated in KiloBytes (KB) [75-82]. Numerically, PSNR is
represented as in Equation 2, while linked Mean Squared
Error (MSE) is specified in Equation 3 [83].

PSNR (dB) = 20 log;o [~2C100) )

MSE = — %
(M XM xXM)

Zk Z] ZL[A(l,], k) - B(l']' k)]z
©)

SSIM [76] is Represented Mathematically as Equation 4

(2uapp+ C1)(20aB+ C2)
(u3+ug+Cq )(c%+ok+ Cz)

SSIM (A,B) =

(4)

Input HS image is defined as ‘A’ while its mean, average,
and variance are defined as 'u;, &'ac?’. Reconstructed HS
image is defined as ‘B’ while its mean, average, and variance
aredefinedas’uy &' o2'. Cyand C; are the correction factors
and o, is the cross-covariance between the input HS image
and the reconstructed HS image.

4.2. Hyperspectral Image Dataset
Four publicly available HS images are used, whose
details are covered in Table 2.

Table 2. Details of the HS images dataset

HS Image Notation Sensor Spatial Spectral Spectrgl Spatla_\I
T . HS Image . Resolution Resolution
in Simulation Test Detail Measurement Measurement
(nm) (mt)
Dataset 1 Washington |y g 1280 & 307 191 10 3to 4
DC Mall
Dataset 2 Botswana Nasa EO-1 1476 & 256 242 10 30
Dataset 3 Pavia Centre ROSIS 1096 & 1096 102 5 1.3
Dataset 4 Jasper Ridge AVRIS 100 & 100 224 10 411020

4.3. Experiment Result Analysis

Nine image compression algorithms have been used for
the analysis named as 3D-SPECKas Coder | [56], 3D-SPIHT
as Coder Il [55], 3D-WBTC as Coder Il [64], 3D-LSK as
Coder IV [61], 3D-NLS as Coder V [62], 3D-LMBTC Coder
VI [66], 3D-ZM-SPECK as Coder VII [68], 3D-M-ZM-
SPECK as Coder VIII [74], 3D-SLS as Coder 1X [75] and
compare the associated result with the proposed compression
algorithm named 3D-OL-SPIHT as Coder X.

4.3.1. Coding Efficiency

It is clear from Table 3 that 3D-OL-SPIHT has the best
performance with the other HSICAs. It is due to the use of two
different thresholds. It has been noticed from Table 3 that
variation between the PNSR of the proposed 3D-OL-SPIHT
and 3D-SPECK [56] exists in the range of 0.1 dB to 0.57 dB
for HS Image 1, 0.05 dB to 0.43 dB for HS Image Il, 0.22 dB
to 0.6 dB for HS Image Ill, and 0.23 dB to 1.04 dB for HS

235

Image IV. In the same way, variation between the PNSR of
proposed 3D-OL-SPIHT and 3D-SPIHT [55] exists in the
range of 0.31 dB to 0.7 dB for HS Image I, 0.2 dB to 0.51 dB
for HS Image 11, 0.43 dB to 0.65 dB for HS Image I1l, and 0.4
dB to 0.69 dB for HS Image IV. The variation of 3D-OL-
SPIHT and 3D-WBTC [64] exists in the range of 0.1 dB to
0.52 dB for HS Image I, 0.06 dB to 0.4 dB for HS Image I,
0.27 dB to 0.65 dB for HS Image 111, and -0.16 dB to 0.64 dB
for HS Image IV. The variation of 3D-OL-SPIHT and 3D-
NLS (listless HSICA) [62] exists in the range of 0.5 dB to 1.45
dB for HS Image I, 0.28 dB to 0.89 dB for HS Image 11, 0.5
dB to 0.81 dB for HS Image 111, and 0.38 dB to 0.77 dB for
HS Image IV. The variation of 3D-OL-SPIHT and 3D-SLS
[75] exists in the range of 0.03 dB to 0.12 dB for HS Image I,
0.05 dB to 0.21 dB for HS Image 11, 0.13 dB to 0.2 dB for HS
Image 111, and 0.06 dB to 0.23 dB for HS Image I1V. From
Table 4, it is clear that the proposed HSICA has a greater
number of refinement coefficients (already significant
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coefficients) for almost all bit rates to the 3D-SPIHT and 3D-
NLS, which gives a clear reason for the high coding
efficiency. In the same way, in most cases, the count of newly
significant coefficients is higher with reference to the 3D-
SPIHT and 3D-NLS. Table 5 sheds light on the Bjontegaard
Metric Calculation (BD-PSNR) of the proposed HSICA with
the other transform-based HSICA. Table 6 gives the
comparative analysis of SSIM [77], and Table 7 gives the
comparative analysis of FSIM [78].

4.3.2. Coding Complexity
Coding complexity of any HSICA is calculated by the
time required for encoding or decoding the transform
coefficients [84-86]. If any HSICA is complex, then the
calculation of the coefficient takes a lot of time, including the
associated arithmetical/logical/algebraic calculations [80]. It
has been clear from Table 8 and Table 9 that the encoding time
is greater than the decoding time. This is due to two reasons
e The decoder does not have to perform the significance
testing.
o Decoder does not need to build the SOTs during the
decoding process.

From the encoding and decoding time, we come to know
that the 3D-OL-SPIHT has the least encoding/decoding time
with reference to the other list-based HSICAs. It is due to the
use of only one list (or removing other lists), which reduces
the processing time in writing/reading memory operations.
Moreover, with reference to the 3D-SLS [75], speed
improvement is the result of eliminating the need to recompute
the offspring for every significant root. This root lies from the
resolution level of Ro to Rz twice in each biplane.

4.3.3. Coding Memory

The coding memory requirement of the proposed HSICA
is measured as the memory required by the HSICA for the
encoding or decoding of the coefficients [87, 88].

List other list-based HSICAs; 3D-OL-SPIHT coding
memory is variable. It has been clear from Table 10 that 3D-
OL-SPIHT has significantly lower coding memory
requirement than 3D-SPIHT and 3D-WBTC, but it has
slightly higher coding memory requirement than 3D-SLS. For
3D-SPIHT, the total memory required for the encoding of the
HS image, the coding memory at the full bit rate is considered.
At this rate, the number of entries for the LSP and LIP lists is
equal to twice the total coefficients (M x M x M) while the
total number of entries in LIS is equal to the ‘M x M x M/8’.
Thus, the total coding memory is defined as in Equation 5.

MEM3p_spiur = {3a(2N3) + 3B (%3)} (5)

Where a is the number of bits required to store the one
address of the coefficients present in LSP and LIP, while B is
the number of bits required to store each coefficient present in
the LIS, the proposed HSICA 3D-OL-SPIHT uses fixed size
memory where the total number of entries in the ‘LRS’ is ‘M
x M x M/8” and its size is 4 bits per coefficients and 2 bits per
root. The coding memory of the proposed HSICA is defined
as in Equation 6 (full HS image reconstruction)

N3

MEM3p_op-spinr = {33 (N?S) +4N3 + T} (6)

Table 3. Summary of coding efficiency in PSNR for compression algorithms

Bit Cod | Coder
Ra | Coder | | Coder Il | Coder Ill | Coder IV | Coder V | Coder VI Coder Coder er X
te [56] [55] [64] [61] [62] [66] VII[68] | VII[74] | 1X | (Propo
[75] sed)
Dataset 1

0.0 34.8

o5 34.56 34.43 34.54 34.47 34.43 34.35 34.44 34.11 9 34.92
0.0 36.7

5 36.52 36.27 36.47 36.51 36.28 36.52 36.48 36.34 7 36.84
01| 3853 | 3828 | 3850 3835 | 3812 | 38.29 38.33 38.04 32'6 38.69
0.2 41.54 41.34 41.52 41.49 41.27 41.19 41.42 41.17 42'7 41.82
0.2 43.2

5 42.97 42.89 43.08 43.12 41.92 42.02 42.17 42.87 6 43.37
0.5 46.81 46.6 46.81 46.76 46.41 46.09 46.73 46.21 42'8 46.91
0.7 51.0

5 50.54 50.41 50.59 50.61 50.33 50.37 50.51 50.11 1 51.11
1 53.52 53.32 53.51 53.49 53.33 53.46 53.47 53.12 5?:1'8 53.92
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2 | 6609 | 66.02 66.19 65.97 6591 | 6584 66.01 65.22 6?'4 66.53
Dataset 2
0.0 278
2| a7ss | 2ra 2752 27.32 2737 | 2731 27.32 26.98 18| 2792
0.0 303
D1 3022 | 2099 30.21 30.20 2097 | 3019 30.20 29.94 2% | 3042
01| 3257 | 3248 3257 32.48 3218 | 3204 32.07 31.89 331'7 32.84
02| 3478 | 3463 34.75 34.66 3451 | 3464 34.66 34.21 3‘;9 35.01
0.2 358
2| 362 | 355 35,62 35.63 355 3555 3556 35.25 >8 | 35.92
05| 3909 | 3903 39.18 38.76 3863 | 3846 38.47 38.02 33'3 39.52
0.7 42.2
| 4200 | 4nes | 4208 41.48 4192 | 4128 41.30 40.97 2% | 4238
1 | 4419 | 4405 | 4418 44.20 4405 | 43.89 43.91 43.55 4‘;3 44.48
2 | 5148 | 5133 51.47 51.22 5125 | 50.85 50.86 50.66 52'4 5153
Dataset 3
0.0 29.0
00| 2883 | 2868 28.82 28.68 2862 | 28.64 28.67 28.44 20| 2021
0.0 304
0| 3032 | 3006 30.30 30.29 3006 | 30.28 30.29 30.01 24| 3059
01| 3243 | 3217 32.38 32.23 32.01 32.25 32.29 31.98 321'5 32.65
02| 3484 | 3462 34.83 34.61 3451 34.56 3458 34.38 351'0 35.14
0.2 35.9
2| 3570 | 3549 35.69 35.49 3531 | 3542 35.44 35.08 7 | 3605
05| 3906 | 39.03 39.01 38.97 3885 | 38.77 38.78 38.64 398'4 39.66
0.7 424
| 4224 | 4204 | 4224 42.01 4197 | 4183 41.84 41.69 >4 | 4265
1 | 4516 | 4493 | 4516 45.14 4482 | 4450 4450 44.34 4‘?3'3 4558
2 | 5546 | 5531 55.46 55.34 5524 | 54.89 54.91 54.31 55;'5 55.74
Dataset 4
0.0 30.0
00| 2084 | 2068 29.82 29.73 2058 | 2071 20.74 2951 20| 3017
0.0 24
0| s227 | ave7 32.25 32.26 3188 | 32.30 32.22 31.97 4| 3262
01| 3508 | 3511 35.07 35.29 3504 | 3506 35.03 34.84 3%'4 35.71
02| 3935 | 3913 39.60 39.40 3901 | 3911 39.41 39.02 3%'5 39.78
0.2 416
2w | a4 | 420 41.74 4121 | 4145 41.28 40.89 L0 | a1
05| 4598 | 4633 | 46.78 46.26 4624 | 4591 46.14 45.87 4%8 47.02
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057 50.94 51.01 51.34 51.06 51.31 51.41 51.39 50.76 514 51.69
1 54,77 54.72 55.13 54.86 54.62 54.78 54.92 54.55 5.1 55.17
2 61.02 60.85 61.04 60.96 60.84 60.90 60.89 60.77 61.0 61.25

Table 4. Image quality of 3D-SPIHT, 3D-NLS, and the proposed coder for two HS images
Hyperspectral Image: Washington DC Mall
3D-SPIHT [55] 3D-NLS [62] 3D-OL-SPIHT
Y Y— Y
o o o
2 2 3
c n c %] c %]
2 IS 3 c 2 c
2 > 8 o 2 > S o 2 > S o 2
< = &= c o = £ c Q = = c Q
po g gs £ E g S £ = 8 8 £
@ o o= < ow | OZ 3 o oS 3
o Z 23 O = 23 O o Z 235 O
g n T = € % n S+~ € % n @ = r=
o [SIR%] o [SER7] o O 0
E™ = £ Ex- | g= £ E- =g £
[l <] ) cC o ) c o )
[%2) o C c %2] o C c 2} o C c
> x > 4 > 04
= = =
[«5] [«5] (5]
b4 2 b
0.025 34.43 10541 25353 34.43 10402 25459 34.92 10311 26029
0.05 36.27 20617 69016 36.28 20691 70002 36.84 21097 71109
0.1 38.28 59345 119603 38.12 57214 118256 38.69 59018 128591
0.3 43.3 151341 356404 43.3 152051 356018 43.75 153094 369088
0.5 46.6 342421 522362 46.41 342098 522419 46.91 354119 531002
0.7 49.53 544101 612576 49.5 544094 611812 49.87 551594 625847
1 53.32 639863 876652 53.33 640120 876694 53.95 649912 884183
Hyperspectral Image: Jasper Ridge
0.025 29.68 19512 25986 29.58 19422 25512 30.17 19844 26109
0.05 31.97 29512 69220 31.88 27051 68529 32.62 27159 69451
0.1 35.11 59406 119540 35.04 57256 115269 35.71 57789 117005
0.3 41.89 235813 278102 41.74 233584 277169 42.12 238419 279111
0.5 46.33 413563 415800 46.24 399779 411204 47.02 398411 420059
0.7 50.06 495537 584115 49.94 482911 562135 50.98 479957 569488
1 54,72 679566 769397 54.62 662581 754284 55.17 661125 769895
Table 5. Summary of BD-PSNR calculation for different HSICA
HS Coder Coder 11 Coder 111 Coder IV Coder Cc\);jler C\(}(Ij;ar C\?ﬂ?r Coder IX
Image 1 [56] [55] [64] [61] V [62] [66] [68] [74] [75]

Dataset 1 | 0.3209 0.4975 0.3101 0.3558 0.6913 | 0.662 | 0.5087 | 0.7291 0.0805
Dataset 2 | 0.2698 0.4043 0.2694 0.4291 0.5229 | 0.6176 | 0.6014 | 0.9177 0.0914
Dataset 3 | 0.3462 0.544 0.3651 0.4936 0.6517 | 0.6405 | 0.6216 | 0.8926 0.1501
Dataset 4 | 0.5535 0.5928 0.2574 0.4014 0.6357 | 0.5262 | 0.4872 | 0.7992 0.1774
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Table 6. Summary of coding efficiency in SSIM for compression algorithms

: s |z | S 2z 255 EE
@ 8 3 g g 5 g g 2 g | °g¢
O O O O O O 3 O

Dataset 1
0.025 0.385 0.386 0.384 0.385 0.386 0.386 0.384 0.377 0.39 0.395
0.05 0.480 0.479 0.480 0.480 0.479 0.480 0.480 0471 0.475 0.48
0.1 0.587 0.587 0.585 0.584 0.587 0.589 0.590 0.581 0.589 0.592
0.2 0.677 0.675 0.678 0.677 0.678 0.677 0.677 0.664 0.681 0.688
0.25 0.701 0.702 0.702 0.699 0.703 0.702 0.702 0.697 0.709 0.712
0.5 0.790 0.788 0.787 0.789 0.789 0.788 0.787 0.774 0.798 0.808
0.75 0.847 0.846 0.849 0.846 0.846 0.846 0.846 0.845 0.85 0.858
1 0.886 0.886 0.886 0.888 0.887 0.886 0.886 0.884 0.89 0.894
2 0.914 0.912 0.915 0.914 0.912 0.915 0.915 0.911 0.918 0.924

Dataset 4
0.025 0.297 0.288 0.299 0.299 0.285 0.300 0.301 0.299 0.302 0.311
0.05 0.346 0.338 0.345 0.346 0.341 0.349 0.349 0.248 0.339 0.351
0.1 0.437 0.431 0.437 0.436 0.430 0.437 0.437 0.437 0.432 0.442
0.2 0.518 0.513 0.518 0.518 0.514 0.518 0.518 0.517 0.511 0.525
0.25 0.545 0.543 0.545 0.552 0.545 0.553 0.553 0.550 0.547 0.558
0.5 0.603 0.601 0.603 0.608 0.606 0.611 0.611 0.604 0.601 0.612
0.75 0.63 0.629 0.63 0.636 0.631 0.636 0.636 0.633 0.632 0.641
1 0.645 0.645 0.645 0.648 0.646 0.647 0.647 0.644 0.649 0.658
2 0.666 0.666 0.666 0.666 0.666 0.668 0.668 0.663 0.666 0.667

Table 7. Summary of coding efficiency in FSIM for compression algorithms
A - - - -
@ 3 8 g g 5 g g g g | og
© O O © @) O 3 @)

Dataset 1
0.025 0.626 0.626 0.660 0.624 0.626 0.616 0.616 0.614 0.63 0.632
0.05 0.641 0.642 0.712 0.639 0.643 0.637 0.638 0.633 0.648 0.651
0.1 0.71 0.695 0.787 0.712 0.712 0.716 0.716 0.711 0.709 0.711
0.2 0.774 0.759 0.83 0.78 0.779 0.784 0.784 0.777 0.789 0.805
0.25 0.784 0.776 0.843 0.783 0.790 0.795 0.795 0.791 0.81 0.825
0.5 0.851 0.844 0.909 0.855 0.856 0.863 0.863 0.849 0.864 0.871
0.75 0.891 0.888 0.947 0.910 0.889 0.903 0.903 0.896 0.901 0.899
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0.919 0.917 0.970 0.920 0.918 0.918 0.918 0.912 0.931 0.933
2 0.978 0.978 0.996 0.980 0.980 0.981 0.981 0.978 0.988 0.991
Dataset 4
0.025 0.286 0.286 0.282 0.290 0.288 0.295 0.303 0.288 0.29 0.293
0.05 0.293 0.288 0.289 0.294 0.286 0.302 0.302 0.294 0.294 0.299
0.1 0.321 0.319 0.320 0.321 0.320 0.338 0.338 0.337 0.329 0.334
0.2 0.443 0.434 0.443 0.452 0.439 0.488 0.488 0.482 0.441 0.444
0.25 0.518 0.522 0.518 0.530 0.529 0.537 0.537 0.531 0.526 0.531
0.5 0.694 0.692 0.694 0.699 0.696 0.750 0.750 0.745 0.698 0.701
0.75 0.807 0.812 0.808 0.817 0.813 0.835 0.834 0.827 0.828 0.832
1 0.871 0.867 0.872 0.869 0.867 0.873 0.873 0.866 0.889 0.889
2 0.979 0.978 0.979 0.979 0.978 0.979 0.979 0.965 0.985 0.984
Table 8. Summary of encoding time for compression algorithms
Z s | | 221zl 5| % &%
@ g 3 g | g | 8|8 |8 | % g |9g
O O O O O O 8 O
Dataset 1
0.025 3.09 1.44 1.71 043 | 051 | 1.33 | 083 0.49 1.59 1.01
0.05 6.23 2.71 2.78 055 | 0.65 1.9 1.11 0.61 291 1.97
0.1 25.1 75 6.50 0.8 0.91 3.9 1.78 0.88 8.11 5.69
0.2 57.9 25.8 24.80 1.1 1.21 5.1 2.81 1.17 28.09 21.38
0.25 104.58 31.19 29.92 171 | 179 | 10.61 | 5.05 1.77 33.24 29.08
0.5 414.8 140.1 211.2 2.5 264 | 11.3 | 7.41 2.61 149 109.3
0.75 950.77 370.29 71302 | 357 | 3.88 | 17.22 | 1047 | 3.71 381.35 198.2
1 14975 575 804 441 | 457 | 2112 | 1321 | 4.49 594.2 487.1
2 3822.03 | 1426.61 | 4409.82 | 1155 | 1458 | 40.09 | 23.39 | 12.91 | 1484.21 1297.8
Dataset 2
0.025 5.19 1.08 2.05 051 | 199 | 233 | 155 0.91 1.24 0.85
0.05 8.01 2.19 3.68 094 | 943 | 3.08 | 2.08 1.74 2.59 2.01
0.1 42.11 5.47 7.26 201 | 12.38 | 479 | 3.49 3.12 7.02 5.19
0.2 68.31 17.14 20.14 427 | 1401 | 864 | 5.26 4.98 19.22 16.59
0.25 91.77 23.38 67.74 7.24 | 1756 | 10.44 | 9.09 8.17 28.95 22.31
0.5 402.48 100.15 17999 | 995 | 1822 | 1991 | 11.76 | 10.92 | 109.71 89.68
0.75 1066.62 | 581.78 682.40 | 12.17 | 20.19 | 29.03 | 17.10 | 16.68 | 602.37 518.9
1 1320.53 | 641.34 875.01 | 14.96 | 22.96 | 35.17 | 19.04 | 18.07 | 688.21 549.1
2 5495.06 | 2771.88 | 4096.40 | 26.44 | 41.94 | 75.21 | 38.87 | 34.14 | 2908.63 2789.2
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Dataset 3
0.025 5.34 1.96 2.15 057 | 334 | 242 1.1 1.03 2.08 1.94
0.05 10.17 8.34 3.31 203 | 772 | 462 | 3.69 3.12 8.91 8.08
0.1 24.02 17.65 6.54 365 | 1032 | 7.78 | 4.34 4.03 19.29 17.95
0.2 69.81 22.2 14.58 515 | 11.26 | 9.16 | 6.02 5.87 26.35 24.87
0.25 91.62 38.56 37.3 7.7 | 1492 | 12.26 | 8.16 7.91 40.6 37.21
0.5 371.82 187.18 198.26 | 9.4 | 17.71 | 1757 | 11.38 | 1057 | 198.21 184.2
0.75 955.11 440.87 597.21 | 11.01 | 21.48 | 2443 | 1432 | 12.86 | 478.77 357.1
1 1553.24 715.1 1011.4 | 13.69 | 24.92 | 27.96 | 18.64 | 16.28 731.02 702.9
2 4770.03 | 2338.89 | 3882.91 | 27.52 | 39.89 | 55.15 | 36.57 | 32.14 | 2501.16 2384.2
Dataset 4
0.025 3.01 1.34 1.66 049 | 053 | 1.38 | 0.86 0.51 1.51 1.27
0.05 6.01 2.55 2.36 056 | 067 | 2.06 | 1.14 0.63 2.94 2.51
0.1 21.1 7.6 6.4 0.9 1.09 3 1.77 1.03 9.03 8.19
0.2 54.2 20.6 17.7 1.2 1.34 5.2 2.84 1.27 22.31 21.17
0.25 97.1 37.92 21.35 1.84 | 1.99 | 872 | 473 1.91 54.29 52.29
0.5 315.3 101.6 182.4 2.6 274 | 109 | 6.24 2.72 121.38 111.3
0.75 705.45 267.31 530.54 33 377 | 17.79 | 10.63 | 351 299.74 197.8
1 757.3 425.4 942.8 5.1 534 | 227 | 1584 | 524 438.21 387.6
2 3255.3 1213.1 2380.4 | 955 | 142 | 59.26 | 56.42 | 13.67 | 12498 1201.2
Table 9. Summary of decoding time for compression algorithms
. g 3 T | E| g | B|lE| | E |.2
o 3 5 2 21 813818 2 g | %2
(&) O O O 8 O
Dataset 1
0.025 0.79 0.99 0.75 038 | 042 | 064 | 0.79 0.64 1.28 0.92
0.05 1.09 2.58 1.36 0.47 | 057 1 1.01 0.86 2.66 1.75
0.1 17.4 6.1 5.02 0.7 0.79 2.3 1.71 1.15 7.09 5.28
0.2 48.8 24.8 22.5 1.07 | 1.07 3.3 2.71 2.12 26.38 18.59
0.25 88.32 28.85 17.44 1.64 | 167 | 698 | 478 4.18 30.94 27.08
0.5 339.1 135.40 191.7 2.2 2.31 7.7 6.82 5.87 140.28 104.27
0.75 899.76 312.97 612.75 294 | 3.01 | 1384 | 9.01 9.01 341.97 184.1
1 1289.7 504.02 774.08 37 424 | 1550 | 12.31 | 10.97 547.16 452.7
2 3480.44 | 1196.24 | 4021.39 | 10.08 | 14.02 | 31.28 | 21.89 | 19.43 | 1298.27 12243
Dataset 2
0.025 4.03 0.87 1.43 044 | 114 | 134 | 143 | 079 1.08 0.74
0.05 7.21 167 2.49 081 | 866 | 201 | 1.74 | 161 211 1.89
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0.1 29.82 4.09 5.05 159 | 1048 | 354 | 3.08 | 294 6.58 4.59
0.2 49.95 15.09 1570 | 3.92 | 1257 | 6.61 | 451 | 4.02 17.81 14.51
0.25 69.76 21.09 5275 | 674 | 1619 | 845 | 824 | 7.94 2319 21.74
0.5 347.89 | 8945 | 167.04 | 912 | 17.04 | 1658 | 10.19 | 1008 | 10L.77 81.58
0.75 948.92 | 50529 | 598.09 | 11.77 | 1953 | 27.55 | 1522 | 1574 | ©°9°8.34 502.1
1 122743 | 600.26 | 804.18 | 13.98 | 20.84 | 32.83 | 17.79 | 17.12 | 641.89 537.2
2 487253 | 252511 | 3785.90 | 24.84 | 39.73 | 70.88 | 34.37 | 3297 | 272931 | 27892
Dataset 3
0.025 3.06 0.77 1.12 049 | 289 | 204 | 101 0.92 1.79 17
0.05 4.49 6.04 1.85 1.87 | 501 | 431 | 3.31 2.89 7.28 6.94
0.1 13.33 15.02 5.06 324 | 914 | 732 | 397 3.84 17.38 16.84
0.2 53.56 20.33 12.55 458 | 10.08 | 847 | 484 4.44 23.24 22.67
0.25 60.84 33.43 31.45 7.02 | 1417 | 1187 | 7.21 7.01 37.08 34.36
0.5 315.94 180.19 186.22 | 8.48 | 16.91 | 16.79 | 10.21 | 9.97 188.54 174.2
0.75 860.41 412.32 546.32 | 10.26 | 20.48 | 22.89 | 13.86 | 12.47 | 447.31 341.9
1 1445.08 | 684.96 976.09 | 12.99 | 23.42 | 23.81 | 18.01 | 15.84 | 702.97 694.2
2 4357.62 | 2151.76 | 342352 | 25.74 | 37.19 | 50.21 | 34.92 | 31.03 | 2271.05 2220.7
Dataset 4
0.025 1.89 1.22 1.19 038 | 047 | 065 | 0.83 0.44 1.38 119
0.05 35 1.98 2.04 047 | 058 | 1.02 | 1.12 0.52 2.17 241
0.1 15.3 7.41 457 0.75 | 0.97 1.9 1.73 0.94 8.02 7.34
0.2 37.03 17.6 15.3 1.1 1.22 3.7 2.7 1.15 20.35 19.87
0.25 72.4 31.06 19.45 1.14 | 1.54 6.2 411 1.47 44.27 52.98
0.5 290.8 98.5 178.4 2.5 2.59 9.3 6.06 2.57 114.21 108.2
0.75 615.41 232 41891 | 3.05 | 3.41 | 1956 | 9.51 3.33 248.21 187.1
1 726.9 421.3 923.1 4.3 502 | 21.8 | 1231 | 491 430.78 341.6
2 3062.8 1132.2 20689 | 6.69 | 13.54 | 47.2 | 45.18 | 12.65 | 1181.96 1184.2
Table 10. Summary of coding memory for compression algorithms
m o 3 o 3 S © 3 Kz o] Oox
© o 8 3 © | 8| 38| § S =
Dataset 1
0.025 54.87 54.42 5521 | 512 | 1024 | 12 0 32 8.95 10.23
0.05 136.1 145.3 137.9 | 512 | 1024 | 12 0 32 23.78 31.29
0.1 243.8 263.3 2501 | 512 | 1024 | 12 0 32 41.08 44.69
0.2 416.3 438 416 512 | 1024 | 12 0 32 68.33 74.61
0.25 586.67 | 60578 | 63049 | 512 | 1024 | 12 0 32 96.92 112.3
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05 1048.8 | 1060.5 1049 512 | 1024 | 12 0 32 | 16754 | 1978
0.75 1287.31 | 1333.19 | 1329.77 | 512 | 1024 | 12 0 32 | 29626 | 3354
1 18025 | 18267 | 17246 | 512 | 1024 | 12 0 32 411.42 | 4572
2 2865.17 | 2897 | 305200 | 512 | 1024 | 12 0 32 65248 | 7015
Dataset 2
0.025 60.22 63.41 6069 | 512 | 1024 | 12 0 32 10.54 12.28
0.05 114.86 | 120.09 | 11557 | 512 | 1024 | 12 0 32 20.39 23.68
0.1 24534 | 24727 | 24604 | 512 | 1024 | 12 0 32 46.74 50.35
0.2 46349 | 49561 | 473.86 | 512 | 1024 | 12 0 32 105.7 1193
0.25 628.84 | 651.89 | 63049 | 512 | 1024 | 12 0 32 123.4 129
05 11486 | 11648 | 11495 | 512 | 1024 | 12 0 32 261.8 298.1
0.75 1305.8 | 12993 1306 512 | 1024 | 12 0 32 288.7 308.8
1 2056 20904 | 20574 | 512 | 1024 | 12 0 32 470.8 499.1
2 3051 3081.8 | 30521 | 512 | 1024 | 12 0 32 708.3 759.8
Dataset 3
0.025 5484 | 6136 | 5503 | 512 | 1024 | 12 | 0 32 1009 | 1322
0.05 1364 | 150.95 | 1385 | 512 | 1024 | 12 0 32 24.83 29.91
0.1 24614 | 26059 | 25171 | 512 | 1024 | 12 0 32 413 41.2
0.2 418.18 | 462.06 | 41828 | 512 | 1024 | 12 0 32 79.07 83.87
0.25 60243 | 630.18 | 61053 | 512 | 1024 | 12 | O© 32 1179 | 1283
05 10423 | 10866 | 10419 | 512 | 1024 | 12 0 32 196.2 2113
0.75 1453.5 1488 14532 | 512 | 1024 | 12 0 32 335.2 367.1
1 1937.9 | 1919.7 | 19368 | 512 | 1024 | 12 | 0 32 4266 | 4646
2 27134 | 26657 | 27143 | 512 | 1024 | 12 0 32 633.1 662.8
Dataset 4
0.025 55.23 | 55.52 55.61 | 512 | 1024 | 12 | © 32 8.8 10.08
0.05 14302 | 1459 1433 | 512 | 1024 | 12 0 32 26.11 29.11
0.1 241.4 245.9 2458 | 512 | 1024 | 12 | © 32 46.31 50.47
0.2 440 445.7 4437 512 | 1024 | 12 0 32 87.22 9251
0.25 48011 | 4623 | 489.73 | 512 | 1024 | 12 | 0 32 | %029 | 9566
05 821.6 808.9 827.9 | 512 | 1024 | 12 0 32 168.5 181.2
0.75 1150.17 | 1152.97 | 115523 | 512 | 1024 | 12 | 0 32 271.3 281.3
1 149271 | 15038 | 15326 | 512 | 1024 | 12 0 32 346.5 3613
2 259252 | 2626.3 | 25031 | 512 | 1024 | 12 0 32 643.7 662.9

5. Conclusion

The manuscript presents a compression algorithm that
follows the same partition rule as 3D-SPIHT, 3D-NLS, and
3D-SLS. 3D-OL-SPIHT is a modified version of 3D-SLS,
which has high coding efficiency and low coding complexity

due to the change of the list structure and use of two different
thresholds. Due to the above-mentioned gains, 3D-OL-SPIHT
can be part of real-time hyperspectral image transmission
systems. Further use of advanced wavelet transforms, such as
curvelet shearlet transform, can increase the coding efficiency.
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