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Abstract - Hyperspectral images have rich spatial-spectral information, which is used in various applications. But the large size
of hyperspectral images poses a significant challenge to the image sensor performance. To properly handle the HS image data,
an efficient compression algorithm is required to compress the HS image data. There are many types of compression algorithms
that have been proposed in the past, but wavelet transform-based set-partitioned hyperspectral compression algorithms have
superior coding performance. But, these compression algorithms do not provide the desired features of progressive transmission
and spatial scalability at very low bit rate coding. Also, these compression algorithms use a linked list for tracking of the
coefficients during the coding process, which becomes a bottleneck for fast implementation. The proposed compression
algorithm uses markers instead of lists, which reduces the complexity significantly by ~10% to ~20% with reference to 3D-NLS.
The significance reordering of the transform coefficients in the proposed algorithm ensures that highly significant coefficients
are encoded first to exploit the energy compaction of the transform and increase the coding efficiency. Thus, the proposed

compression algorithm is a choice for the low-resource HS image sensors.

Keywords - Hyperspectral Image, Compression, Zerotree, Set Partition Hyperspectral Image Compression Algorithm, Coding,

Wireless Sensor Network, Energy Efficiency.

1. Introduction

Hyperspectral (HS) images gather rich spatial-spectral
information of the single scene in hundreds of narrow and
continuous (from the visible spectrum to near-infrared
spectrum) spectral bands (frequency frames) captured by
onboard hyperspectral remote sensors and are more effective
in distinguishing different land cover types than other
multispectral images or RGB images [1, 2]. Therefore, HS
image is used in several applications ranging from agriculture
[3], biomedical engineering [4], environment (weather,
droughts, sandstorms, wildfires etc) [5], geological
exploration [6], meat quality analysis [7], mineral exploring
[8], remote sensing [9], urban change detection (urban
planning, land classification) [10] etc. Although HS image
technology has several benefits in different applications, as
mentioned above, researchers face numerous challenges.
These challenges are addressed with the development of the
computer based algorithms on change detection [11],
classification [12, 13], compression [14], dimension reduction
[15], feature extraction and selection [16], frequency band
selection [17], denoising [ 18], object identification [19], target
detection [20], unmixing [21] etc. The size of a single HS
image is around 150 MB. To transmit this HS image data, a
lot of transmission data bandwidth, a huge onboard memory

requirement, and ample processing power are required for
processing the HS image data [22]. Thus, compression of the
HS image becomes a necessary preprocessing step before the
transmission of the HS image from the transmitter of the
onboard HS image sensor to the ground station [23].
Compression Ratio (CR) is a unitless parameter that is defined
as a ratio between the number of bits in the original HS image
and the number of bits used in the reconstructed HS image
after the compression process [24]. Mathematically, it is
defined as:

CR Bits use in the original HS image

)]

" Bits use to represent the reconstucted HS image

The HSICAs are split into different groups on the basis of
the HS image compression process or HS image data loss.
Again, it is divided into three subgroups named lossless, near
lossless, and lossy HS image compression. As the name
suggests, in lossless compression, there is no loss of any HS
image data during the compression process, and the associated
CR to the compression algorithm is also very low (near two to
four), while in near lossless compression, there is a slight loss
in the HS image data, but it has slightly higher CR. The lossy
compression, as the name suggests, has a loss of the HS image
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data, but it has high CR. In lossy compression, the HS image
can be compressed according to the CR, while in lossless and
near lossless compression, this cannot be performed [25-27].

On the basis of the coding process, the compression
algorithms are divided into seven subgroups named as
Prediction Coding (PC) based HSICA [28], Vector
Quantization (VQ) based HSICA [29], Transform Coding
(TC) based HSICA [30], Compression Sensing (CS) based
HSICA [31], Tensor Decomposition (TD) HSICA [32],
Machine Learning (ML) based HSICA [33], and hybrid
compression algorithms [34].

Among the above-mentioned types of HSICA, on the
basis of coding efficiency, ML-based HSICA has higher
performance, while on the basis of coding efficiency, PC
based HSICA is the least complex. TC-based HSICA works
with lossy, lossless, and near-lossless compression according
to the need [35].

Further, in the TC-based HSICA, a special type of
subclass  called  Transform-based  Set  Partitioned
Hyperspectral Image Compression Algorithms, which uses
the set structures to define a large number of insignificant
coefficients at the higher bit planes. These compression
algorithms exploit the property (energy compaction) of the
wavelet transform to achieve the compression of the HS
image. These compression algorithms have an embeddedness
property in which decoding of the compression algorithm can
be performed with a lower bit rate [36-43].

The contributions for this manuscript are summarized as
follows:

e The proposed compression algorithm uses a smaller
number of markers, which reduces the demand for
memory by 25% to the conventional 3D-NLS.

e The proposed compression algorithm has low coding
complexity (encoding and decoding time) compared to
the conventional 3D-NLS because of the use of a smaller
number of markers, which reduces the multiple read/write
operations.

e We also provide an empirical evaluation and
experimental comparison of representative algorithms on
three popular datasets, offering assistance with
performance analysis and providing some discussions on
future research.

The rest of this manuscript is organized as follows.
Section 2 provides the preliminary details of this study, which
include a detailed discussion of state-of-the-art HSICA 3D-
SPIHT [37] and its listless version 3D-NLS [40]. The
proposed compression algorithm is covered in Section 3,
including its pseudo-code. In Section 4, experimental
(simulation) results on four HS image datasets are provided to
illustrate the effectiveness of the proposed compression
algorithm and compare its performance with eight state-of-
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the-art HSICAs. Finally, in Section 5, we conclude this
manuscript with a summary.

2. Related Work

The set partition-based HSICA is further split into three
categories named as Zero block cube, zero block tree, and zero
block cube tree [43]. The categorization is based upon the
orientation of the insignificant coefficients, which are
represented by the single bit [42]. In the zero block cube, the
whole insignificant block cube for the current bit plane is
represented by one bit, and the block cube is called the zero
block cube [42]. 3D-SPECK [36], 3D-LSK [39] and 3D-ZM-
SPECK [42]. In the zerotree, the whole tree is a zerotree if it
is insignificant to the current bit plane, and a whole zerotree is
represented by the one single digit ‘0’. 3D-SPIHT [37] and
3D-NLS [40] are state-of-the-art HSICA that belong to this
family. The last type of compression algorithms uses the best
property of the zeroblock cube and zerotree based HSICAs
[41]. These HSICAs have high coding efficiency at very low
bit rates as they can represent eight times more insignificant
coefficients than the zeroblock cube-based HSICA. 3D-
WBTC [38] and 3D-LMBTC [41] are the major HSICA that
fall under this category.

A short overview of the different transform-based set
partitioned HSICAs is covered in Table 1.

3. 3D Modified No List SPIHT (3D-M-NLS)

The coding efficiency is the prime concern for any
compression algorithm for the HS images. Many attempts
have been made in the last decades to increase the coding
efficiency, but the gain in coding efficiency comes at the cost
of coding complexity or coding memory. An approach for
low-complexity compression requires fewer mathematical and
logical calculations, which can save both processing time and
the amount of power that the sensor requires. The demand for
coding memory can be reduced for high bit rates through the
use of the listless approach, but it comes at the cost of coding
efficiency.

In the proposed HSICA, rather than searching up the
zerotree to fetch predictable insignificance, special state
symbols (state table markers) with three bits per coefficient
are set in a table of a defined size on particular lower nodes of
insignificant zerotrees when the trees are built. This is done in
order to avoid the hassle of searching up the zerotree.
Whenever partitioning results in the formation of new
zerotrees that are of no significance, these markers are
updated.

The proposed HSICA uses the same set of structures and
partition rule as 3D-SPIHT [37] and 3D-NLS [40]. It uses the
six different markers to define the state of the coefficients. The
size of the marker is three bits per coefficient. The detailed
description of the markers is covered in Table 2.
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Both the DES and GRANDES markers have meanings
that are comparable to those of the 3D-SPIHT [37] set type A
and type B. In 3D-SPIHT, type A and type B are associated
with the zerotree root coefficient of a set, which is not actually
in the set. On the other hand, these markers are directly related
to a coefficient that is contained within the set.

The computation of the two maximum descendant
magnitude matrices is carried out. The phrase ‘dmax (i, j, k)’
refers to the maximum magnitude of the descendant set that is
rooted at node (i, j, k), while the phrase ‘gmax (i, j, k)’ refers
to the maximum magnitude of the grand descendant set that is
rooted at node (i, j, k).

During the process of encoding, these data are computed
by scanning the first quarter of the transform coefficients
matrix from the fine level to the coarse level using the
following equations. This process is carried out in order to
obtain the data.

gmax (i,j,k) = max {dmax (a,b,c) ; dmax
(a,b,ct+1) ; dmax (a,b+1,c) ; dmax (a,b+1,c+1)
; dmax (a+1,b,c) ; dmax (a+1,b,ct1) ; dmax
(at1,b+1,c) ; dmax (a+1,b+1,c+1)}

dmax(i,j,k) = max { C (a,b,c) ; C (a,b,ctl) ; C
(a,b+1,c); C (a,b+1,ct1); C (atl,b,c); C 3)
(atl,b,ctl) ; C(atl,b+l,c); C (atl,b+l,ctl);
gmax(i,j,k)}

2

Where nodes (a,b,c), (a,b,ct+1), (a,b+1,c), (a,b+1,c+1),
(at+1,b,c), (at+l,b,ct1), (at+1,b+1,c) and (a+1,b+1,c+1) are the
offspring nodes rooted at node (3, j, k), due to the fact that these
nodes do not have any grand descendants, the value zero is
substituted for the gmax (i, j, k) function when the node (i, j,
k) is located within the highest two levels.

The most significant non-zero bit plane is discovered by
scanning the baseband and a tiny piece of the dmax waveform,
and then transmitting the results. In order to begin the process
of initializing the state table, each baseband coefficient is
assigned the symbol ‘SIC’, and each full-size spatial tree is
assigned the symbol ‘DES’. During the initialization process,
just a small number of the coefficients are indicated.

Starting from the bitplane with the highest significance
and working its way down to the bitplane with the least
significance, the encoding process continues until a bit budget
is reached. It is possible to compute the maximum descendant
magnitude matrix, dmax (i, j, k), and the maximum grand
descendant magnitude matrix, gmax (i, j, k), that are required
during set partitioning by using the bitwise ‘OR’ function
rather than the max function. Using bitwise ‘AND’ operations,
it is possible to perform the significance analysis of
coefficients while the encoding passes are being performed.

Using input rather than output, and changing the bits and
signs of coefficients using bitwise 'OR' rather than verifying
them with bitwise 'AND', are two examples of the slight
changes made compared to the encoder. The decoder follows
the same general approach as the encoder, with a few minor
modifications.

It is important to note that the coefficient values and the
maximum descendant magnitude values are analysed in the
order of the scan during each run. Indeed, there is no
multiplication involved, and the real addition is only required
for indexing the coefficient coordinates in our algorithm. In
other words, there is no multiplication involved.

The associated pseudo-code of the proposed HSICA is
covered in Table 3.

Table 1. Summary of different Set Partitioned HSICAs (mathematical transform-based) with associated comparative analysis

HSICA Ref Year Partition List M Embedde Arithl.netic
Type dness Coding
3D-SPECK [36] 2006 List (2) Variable
3D-SPEZBC [44] 2007 List (2) Variable
3D-LSK [39] 2010 Listless Fixed
3D-ST-SPECK [45] 2015 Zero Block List (2) Variable
3D-ZM-SPECK [42] 2022 Cube Listless Zero Yes No
3D-BCP-ZM-SPECK [46] 2023 Listless Fixed
3D-M-ZM-SPECK [46] 2023 Listless Zero
FrWF based ZMSPECK [47] 2023 Listless Zero
3D-LBCSPC [35] 2024 Listless Fixed
B ppned 47 | 2025 Listless Zero
nggggzd [47] | 2025 Listless Zero
3D-CT-LSK [48] 2025 Listless Fixed
3D-SPIHT [37] 2004 List (3) Variable
3D-F-SPIHT [49] 2012 | Zero Tree List 3) Variable Yes No
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3D-NLS [40] 2013 Listless Fixed
3D-SDB-SPIHT [50] 2017 List (3) Variable
3D-LEZSPC [48] 2023 Listless Fixed
3D-BPEC [46] 2023 Array (6) Variable
3D-MELS [46] 2023 Listless Fixed
3D-LMZC [46] 2024 Listless Fixed
3D-SLS [46] 2025 Listless Fixed
3D-WBTC [38] 2019 List (3) Variable
3D-LMBTC [41] 2019 Zero Block Listless Fixed
3D-M-WBTC [14] 2019 Cube Tree List (3) Variable Yes No
3D-LCBTC [43] 2022 List (2) Fixed
3D-LBCTC [46] 2022 Listless Fixed
Table 2. Description of the markers in the proposed compression algorithm
Marker Description
SIC The coefficient is not tested or insignificant for the current bit plane
SNC The coefficient is newly significant to the current bit plane.
SSC The coefficient is significant to the previous bit plane, and refinement is necessary for the current bit plane.
Similar to SIP, however, it is done while partitioning in the sorting pass. This means that the new coefficient
SCC set will be assessed for significance immediately within the same sorting pass, whereas SIP coefficients will
be skipped.
DES The coefficient is the offspring node, also known as the direct child, in a set that takes into account all of the
nodes that are descendants of its parent.
GRANDES In a set that includes all of the grand descendant nodes of its grandparent coefficient, the coefficient is the
grandchild node. However, the children of the grandparents are not included in this set.
Table 3. Pseudo code for the proposed compression algorithm, 3D-M-NLS, for the hyperspectral images
Input 5 level wavelet transform is applied to the HS image
3D transform HS image is converted to the 1D array ‘C;’ through the Morton mapping
Coordinates of the
Output Embedded Bit Stream from the encoder end to the decoder

Initialization Pass

Set: Number of bit planes
Set: Threshold (Initial) T = 2"
for (i,j,k) € Root

{
State (i,j,k) = SIC
for (a,b,c) € O (i,j,k)
{
State (a,b,c) = DES
H
H

Bit Plane Pass

Insignificant Coefficient Pass

{
for ((i,j.k) € U)

if{State (i,j,k) == SIC}
{ Output((bit == C (i,j,k) && s)
if (bit)
{
Output sign {C(i,j,k)}
State (i,j,k) = SNC
}
}
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}

Insignificant Set Pass

{
for (i,j,k) € Root

for (a,b,c) € D(ij k)
{
if (State(a,b,c) = = DES)

Output (bit = (dmax(i,j,k) = SCC))

if (bit)

{
State(a,b,c) = State(a,b,c+1) = SCC
State(a+1,b,c) = State(a,b+1,c+1) = SCC
State(a+1,b+1,c) = State(a+1,b+1,c+1) = SCC
for (p,q,r) € 0 (a,b,c)
{

State(p,q,r) = GRANDES

elseif(state (a,b,c)) == GRANDES

Output(bit = (gmax (i,j,k) && s))

if(bit)

{
State(a,b,c) = State(a,b,c+2) = DES
State(a+2,b,c) = State(a,b,+2c+2) = DES
State(a+2,b+2,c) = State(a+2,b+2,c+2) = DES

H
elseif(state(a,b,) == SCC)

Output(bit = (C(i,j,k) && s)
if (bit)
{
Output sign (C(i,j,k))
State(a,b,c) = SNC
}

else

{
H

State(a,b,c) = SIC

}

Refinement Pass

{ for (ij.k) € U
{ if (State(ij,k) = = SSC)
{ Output (C(i,j.k) && )
} e{:lseif (State(ij,k) == SNC)

}

State (i,j,k) = SSC

17
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4. Results and Discussion

The performance of any compression algorithm is
measured on the three performance parameters named coding
efficiency, coding memory, and coding complexity.

4.1. Evaluation Metrics

To evaluate the performance of the proposed HSICA, six
different performance metrics are used, named as Peak Signal
to Noise Ratio (PSNR), structural similarity index measure
(SSIM), Feature-Similarity Index Measure (FSIM),
Bjontegaard metric calculation (BD-PSNR) for coding
efficiency measurement, while coding complexity is measured
in the computation execution time of encoding and decoding
process [51-53]. The coding memory is calculated as the
memory required by the compression algorithm for the
encoding or decoding process [54, 55]. The original HS image
is denoted by A(x,y,z) while the reconstructed HS image after
the compression process is defined as B(x,y,z) [46]. The
coefficient location is denoted by ‘x’, ‘y ’, and ‘z’. PSNR is a
unitless parameter defined in decibels (dB) [56]. It is used to
quantify the reconstruction quality of HS images affected by
lossy compression of the HSICA [57-59].

PSNR = [20log(MAX,) — 10log(MSE)] 4

MAX, is the maximum value of the input HS image,
while MSE is represented as the mean square error, which is
defined as in the mathematical expression below.

1
MSE = Gy 2.2, 20D~y ()
z y x

SSIM [58, 60] is a perceptual metric that quantifies
image quality degradation caused by the HS image data loss
during the compression process in lossy HSICAs.
Mathematically, it is defined as the following mathematical
expression [52]

Quapg + C)Raoyp + C3)

SSIM (A,B) =
@B = |Gzr i3+ i+ g+ &)

(6)

The relationship between the different features of the
original HS image and the reconstructed HS image is
measured by the Feature-Similarity (FSIM) index [43].

4.2. HS Image Data Sets

The four different HS images available in the public
domain are used for the analysis. Washington DC Mall,
Cuprite, Urban, and Jasper Ridge have the features of natural
resources (trees, river, mountain, desert, etc) and man-made
structures (roads, buildings, etc). Each HS image is cropped
from the left corner to the size of an HS image cube, and a
level wavelet transform is applied to the same. The
transformed HS image is converted into a 1D array through
the linear indexing [35].
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4.3. Benchmark Hyperspectral Image
Algorithms

For the comparative analysis, eight benchmark transform-
based set partitioned HSICAs have been used to compare the
performance of the proposed HSICA. These compression
algorithms are 3D-SPECK (CA-I) [36], 3D-SPIHT (CA-II)
[37], 3D-WBTC (CA-III) [38], 3D-LSK (CA-IV) [39], 3D-
NLS (CA-V) [40], 3D-LMBTC (CA-VI) [41], 3D-ZM-
SPECK (CA-VII) [42], and 3D-LCBTC (CA-VII) [43]. The
proposed HSICA 3D-M-NLS is defined as CA-IX in the result
analysis. The first three HSICAs are list-based HSICAs, while
the rest of the HSICAs, except 3D-LCBTC, are listless (state
table marker) HSICAs. 3D-LCBTC uses two short lists with
state table markers. These compression algorithms are
executed on the same hardware platform (20 GB RAM) and
software environment (Windows 11 operating system and
Matlab 2023 A simulation software).

Compression

4.4. Coding Efficiency

The coding efficiency of any HSICA is calculated by the
performance metrics named as PSNR, SSIM, and FSIM
[42,61].

From Table 4, the difference of PSNR between the
proposed HSICA 3D-M-NLS and 3D-SPIHT is 0.42 dB to
1.06 dB for HS image I, 0.34 dB to 1.44 dB for HS image II,
0.39 dB to 0.74 dB for HS image III, and 0.3 dB to 0.66 dB
for HS image IV. In the same way, the difference between the
proposed HSICA 3D-M-NLS and 3D-NLS is 0.41 dB to 1.69
dB for HS image I, 0.36 dB to 1.5 dB for HS image II, 0.41
dB to 0.83 dB for HS image III, and 0.39 dB to 0.76 dB for
HS image IV. The coding efficiency of the proposed HSICA
is higher than that of 3D-SPIHT and 3D-NLS because the
proposed HSICA generates a higher number of newly
significant coefficients than 3D-SPIHT and 3D-NLS, as we
know that the weight of a newly significant bit is higher than
the old refinement bit.

Table 5 provides the information about the comparative
analysis of the SSIM values, which are nearly similar values
for every bit rate, while the FSIM comparative analysis of two
HS images is also covered in Table 5. Table 6 shows a
quantitative comparison of different HSICA with the proposed
HSICA for ten-bit rates for BD-PSNR.

4.5. Coding Memory

Since the proposed HSICA uses markers for the tracking
of the partition coefficients or sets, it has constant coding
memory, which does not depend on the bit rates. It has been
observed from Table 7 that the proposed compression
algorithm required a fixed-size memory of 768 KB. On the
basis of coding memory, proposed HSICA outperforms 3D-
SPIHT [37] and 3D-NLS [40] while it has higher coding
memory demand with reference to the 3D-LSK [39], 3D-ZM-
SPECK [42], 3D-LCBTC [43], and 3D-LMBTC [41].
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4.6. Coding Complexity

The complexity of the compression algorithm is
determined by the number of computations (logical, algebraic,
and arithmetic) performed during the compression process
[42,62]. The other way to determine the complexity of the
compression algorithm is coding (encoding and decoding)
time required by the HSICA to calculate the coefficients
(encoding coefficients and decoding coefficients) [44]. It has
been known that listless HSICAs require very little coding
time while list-based HSICAs require a lot of coding time [48,
63]. This is due to the multiple read/write operations
performed by the list-based HSICAs. From Table 8 (encoding
time and decoding time), it is clear that the proposed HSICA
outperformed 3D-SPIHT and 3D-NLS. This is due to the
reordering of the coefficients and the effective use of the
markers. Also, the proposed HSICA required a smaller
number of markers than 3D-NLS, which reduces the
computational time for the proposed HSICA. 3D-LSK, 3D-
ZM-SPECK, and 3D-LCBTC have less coding time
requirement due to the use of a smaller number of markers, as
3D-ZM-SPECK does not require any markers, while 3D-LSK
and 3D-LCBTC use fewer markers than the proposed HSICA.
The visual representation of the HS images (before
compression & after compression process) for the four sub
bands (frame 29, 59, 89, 119) for our Urban HS image and
Washington DC MALL HS image is shown in Figures 1 and
2.
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Appendix
Table 4. Summary of PSNR for state-of-the-art HSICA with 3D-M-NLS for 4 HS images at different bit rates
A g
(-5 | |
- R R - T R = = - = A I = = -
< < < g ! < < < < g ! <
= @) < @) <
= © &) &) o &) &) S &) © o &) S &) &) S &)
Washington DC Mall Urban

0.1 | 38.53 | 38.28 | 38.50 | 38.35 | 38.12 | 38.29 | 38.33 | 38.31 | 39.01 | 57.04 | 56.94 | 57.12 | 57.04 | 56.92 | 57.08 | 57.09 | 57.14 | 57.33

0.2 | 41.54 | 41.34 | 41.52 | 41.49 | 41.27 | 41.19 | 41.42 | 41.59 | 41.94 | 58.95 | 58.8 | 58.99 | 58.76 | 58.65 | 58.7 | 58.72 | 59.02 | 59.37

0.3 ] 4351 | 433 | 43.49 | 43.55 | 433 | 43.48 | 43.57 | 43.58 | 43.84 | 60.43 | 60.29 | 60.49 | 60.43 | 60.29 | 60.54 | 60.55 | 60.53 | 60.89

0.4 | 4526 | 45.11 | 45.25 | 45.09 | 45.09 | 44.59 | 45.24 | 45.28 | 45.59 | 61.77 | 61.67 | 61.86 | 61.64 | 61.65 | 61.46 | 61.57 | 61.91 | 62.11

0.5 ] 46.81 | 46.6 | 46.81 | 46.76 | 46.41 | 46.09 | 46.73 | 46.83 | 47.11 | 62.95 | 62.79 | 63.01 | 62.89 | 62.64 | 62.56 | 62.82 | 62.99 | 63.19

0.6 | 48.45 | 48.24 | 48.43 | 48.42 | 48.21 | 48.38 | 48.39 | 48.49 | 48.83 | 64.16 64 64.21 | 64.05 | 63.94 | 64.02 | 64.02 | 64.28 | 64.51

0.7 1 49.76 | 49.53 | 49.74 | 49.73 | 49.50 | 49.17 | 49.69 | 49.78 | 50.05 | 65.37 | 65.27 | 65.45 | 65.35 | 65.27 | 65.32 | 65.32 | 65.47 | 65.89

0.8 | 51.12 | 50.84 | 51.09 | 51.07 | 50.76 | 50.28 | 50.97 | 51.17 | 51.42 | 66.33 | 66.21 | 66.47 | 66.29 | 66.17 | 65.92 | 66.22 | 66.53 | 66.75

0.9 | 52.24 | 52.06 | 52.22 | 52.24 | 52.06 | 51.67 | 52.12 | 52.26 | 52.51 | 67.36 | 67.25 | 67.48 | 67.23 | 67.25 | 66.73 | 67.14 | 67.59 | 67.85

1 | 53.52 | 53.32 | 53.51 | 53.49 | 53.33 | 53.46 | 53.47 | 53.59 | 53.74 | 68.4 | 68.23 | 68.59 | 68.31 | 68.12 | 67.69 | 68.29 | 68.93 | 68.91

Cuprite Jasper Ridge

0.1 | 25.64 | 24.67 | 25.77 | 25.65 | 24.61 | 25.6 | 25.79 | 25.49 | 26.11 | 35.08 | 35.11 | 35.07 | 35.29 | 35.04 | 35.06 | 35.03 | 35.14 | 3541

0.2 13092 | 29.44 | 31.03 | 30.88 | 29.33 | 30.77 | 30.87 | 30.84 | 30.2 | 39.35 | 39.13 | 39.6 | 39.40 | 39.01 | 39.11 | 39.41 | 39.51 | 39.58

0.3 | 34.55 | 33.36 | 34.58 | 34.55 | 33.27 | 34.42 | 34.59 | 34.61 | 33.98 | 41.72 | 41.89 | 42.4 | 41.95 | 41.74 | 41.71 | 41.92 | 42.62 | 42.33

0.4 | 38.05 | 37.04 | 38.15 | 38.05 | 36.97 | 37.50 | 38.16 | 38.18 | 38.01 | 44.52 | 44.41 | 44.81 | 44.55 | 44.31 | 44.52 | 44.56 | 44.97 | 44.98

0.5 | 41.27 | 40.51 | 41.37 | 41.32 | 40.45 | 41.17 | 41.26 | 41.39 | 41.21 | 4598 | 46.33 | 46.78 | 46.26 | 46.24 | 4591 | 46.14 | 46.89 | 46.91

0.6 | 43.46 | 42.58 | 43.57 | 43.47 | 42.5 | 43.36 | 43.43 | 43.52 | 43.38 | 48.17 | 48.19 | 48.62 | 48.31 | 48.07 | 48.18 | 48.23 | 48.83 | 48.62

0.7 | 45.55 45 45.81 | 45.78 | 44.89 | 45.60 | 45.68 | 45.83 | 45.57 | 49.94 | 50.06 | 50.53 | 50.05 | 49.94 | 49.95 | 49.98 | 50.73 | 50.48

0.8 |47.12 | 46.43 | 47.26 | 47.07 | 46.38 | 47.03 | 47.11 | 47.16 | 47.09 | 51.73 | 51.74 | 52.02 | 51.91 | 51.96 | 52.13 | 52.07 | 52.17 | 52.29

0.9 | 48.74 | 47.95 | 48.85 | 48.75 | 4791 | 48.66 | 48.78 | 48.91 | 48.68 | 52.97 | 53.09 | 53.51 | 53.30 | 53.01 | 52.98 | 53.02 | 53.68 | 53.74

1 |49.83 | 49.24 | 49.98 | 49.86 | 49.22 | 49.68 | 49.71 | 50.01 | 49.96 | 54.77 | 54.72 | 55.13 | 54.86 | 54.62 | 54.78 | 54.92 | 55.21 | 55.38

Table S. Summary of SSIM & FSIM for state-of-the-art HSICA with 3D-M-NLS for 2 HS images at different bit rates

D ] ] .

sz lzlz s 055 elzlslelels]sls)2]e
< <« | = < < <« | « < : <
2| “ o ® ® O S| 5|3 ® © O ® ® S o | 35| S|

Structural Similarity Index

Washington DC Mall Jasper Ridge

0.1 ] 0.587 | 0.587 | 0.585 | 0.584 | 0.587 | 0.589 | 0.59 | 0.589 | 0.591 | 0.437 | 0.431 | 0.437 | 0.436 | 0.430 | 0.437 | 0.437 | 0.437 | 0.432

0.2 ] 0.677 | 0.675 | 0.678 | 0.677 | 0.678 | 0.677 | 0.677 | 0.678 | 0.681 | 0.518 | 0.513 | 0.518 | 0.518 | 0.514 | 0.518 | 0.518 | 0.518 | 0.512

0.3]0.713 | 0.713 | 0.713 | 0.713 | 0.712 | 0.714 | 0.714 | 0.715 | 0.716 | 0.561 | 0.558 | 0.56 | 0.563 | 0.56 | 0.565 | 0.565 | 0.56 | 0.558

0.4 ] 0.766 | 0.765 | 0.765 | 0.767 | 0.765 | 0.771 | 0.766 | 0.767 | 0.766 | 0.585 | 0.582 | 0.585 | 0.588 | 0.582 | 0.588 | 0.588 | 0.587 | 0.582

0.5] 0.79 | 0.788 | 0.787 | 0.789 | 0.789 | 0.788 | 0.787 | 0.791 | 0.788 | 0.603 | 0.601 | 0.603 | 0.608 | 0.606 | 0.611 | 0.611 | 0.603 | 0.6

0.6 | 0.814 | 0.815 | 0.814 | 0.814 | 0.815 | 0.814 | 0.814 | 0.816 | 0.816 | 0.617 | 0.616 | 0.617 | 0.619 | 0.615 | 0.618 | 0.618 | 0.619 | 0.618
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0.7 ] 0.83 0.83 | 0.829 | 0.833 | 0.833 | 0.836 | 0.829 | 0.837 | 0.835 | 0.626 | 0.626 | 0.626 | 0.632 | 0.628 | 0.633 | 0.632 | 0.627 | 0.629
0.8 ] 0.849 | 0.848 | 0.852 | 0.852 | 0.853 | 0.851 | 0.849 | 0.855 | 0.854 | 0.634 | 0.633 | 0.634 | 0.637 | 0.635 | 0.639 | 0.639 | 0.64 | 0.633
0.9 | 0.873 | 0.869 | 0.872 | 0.872 | 0.869 | 0.872 | 0.871 | 0.874 | 0.871 | 0.641 | 0.641 | 0.641 | 0.643 | 0.642 | 0.642 | 0.642 | 0.643 | 0.64
1 | 0.886 | 0.886 | 0.886 | 0.888 | 0.887 | 0.886 | 0.886 | 0.889 | 0.888 | 0.645 | 0.645 | 0.645 | 0.648 | 0.646 | 0.647 | 0.647 | 0.647 | 0.647
Feature Similarity Index
Washington DC Mall Jasper Ridge
0.1 ] 071 | 0.695 | 0.709 | 0.712 | 0.712 | 0.716 | 0.716 | 0.708 | 0.695 | 0.321 | 0.319 | 032 | 0.321 | 0.32 | 0.338 | 0.338 | 0.334 | 0.32
0.2]0.774 | 0.759 | 0.77 | 0.78 | 0.779 | 0.784 | 0.784 | 0.771 | 0.759 | 0.443 | 0.434 | 0.443 | 0.452 | 0.439 | 0.488 | 0.488 | 0.479 | 0.434
0.3 ] 0.803 | 0.804 | 0.802 | 0.801 | 0.79 | 0.805 | 0.805 | 0.801 | 0.804 | 0.554 | 0.548 | 0.548 | 0.572 | 0.558 | 0.599 | 0.599 | 0.587 | 0.548
0.4 ] 0.831 | 0.825 | 0.827 | 0.847 | 0.826 | 0.852 | 0.852 | 0.829 | 0.825 | 0.65 | 0.627 | 0.65 | 0.659 | 0.628 | 0.665 | 0.658 | 0.651 | 0.627
0.5] 0.851 | 0.844 | 0.847 | 0.855 | 0.856 | 0.863 | 0.863 | 0.848 | 0.844 | 0.694 | 0.692 | 0.694 | 0.699 | 0.696 | 0.742 | 0.75 | 0.744 | 0.692
0.6 | 0.865 | 0.865 | 0.865 | 0.872 | 0.865 | 0.865 | 0.865 | 0.874 | 0.865 | 0.715 | 0.708 | 0.715 | 0.732 | 0.712 | 0.749 | 0.759 | 0.756 | 0.708
0.7] 088 | 0.88 | 0.88 | 0.899 | 0.886 | 0.898 | 0.898 | 0.884 | 0.88 | 0.801 | 0.794 | 0.799 | 0.805 | 0.804 | 0.787 | 0.787 | 0.792 | 0.794
0.8 | 0.898 | 0.893 | 0.896 | 0.912 | 0.901 | 091 | 091 [ 0911 | 0.893 | 0.82 | 0.82 | 0.819 | 0.819 | 0.822 | 0.84 | 0.84 | 0.824 | 0.82
0910914 | 0912 | 0914 | 0913 | 0912 | 0917 | 0917 | 0.917 | 0.912 | 0.833 | 0.827 | 0.833 | 0.839 | 0.834 | 0.849 | 0.849 | 0.847 | 0.827
1 10919 | 0917 | 0.919 | 0.920 | 0918 | 0918 | 0.918 | 0.921 | 0.917 | 0.871 | 0.867 | 0.872 | 0.869 | 0.867 | 0.873 | 0.873 | 0.874 | 0.867
Table 6. Summary of BD-PSNR for state-of-the-art HSICA with 3D-M-NLS for 4 HS images

HS Image CA-1 CA-II CA-III CA-1V CA-V CA-VI CA-VII CA-VIII
Washington DC Mall 0.6561 06857 0.5756 0.6069 0.8174 0.7491 0.6293 0.6471
Cuprite -0.0118 0.6983 -0.0114 0.0111 0.7653 0.143 -0.0203 0.0993

Urban 0.4363 0.5304 0.4093 0.5045 0.589 0.5533 0.5006 0.3781

Jasper Ridge 0.3101 0.4453 0.1473 0.2733 0.5317 0.3837 0.3103 0.0855

Table 7. Summary of coding memory for state-of-the-art HSICA with 3D-M-NLS for 4 HS images at different bit rates
x| 5|5 |&g|%z|5|E|E |8 3|5 |8 |g|z|5/8 B |&
= I T s T O O < T T O s A T O s R - I R
Washington DC Mall | Urban
0.1 | 2438 263.3 250.1 | 512 | 1024 | 12 0 300.59 | 768 | 293.2 299.4 2943 | 512 | 1024 | 12 0 300.59 | 768
0.2 | 416.3 438 416 512 | 1024 | 12 0 300.59 | 768 | 478.1 529.8 483.5 | 512 | 1024 | 12 0 300.59 | 768
0.3 | 701.1 628.6 704 512 | 1024 | 12 0 300.59 | 768 | 841.2 864 842.7 | 512 | 1024 | 12 0 300.59 | 768
0.4 | 733.8 723.6 733 512 | 1024 | 12 0 300.59 | 768 | 841.2 867 842.7 | 512 | 1024 | 12 0 300.59 | 768
0.5 | 1048.8 | 1060.5 1049 512 | 1024 | 12 0 300.59 | 768 | 1076.6 | 1110.3 1077 | 512 | 1024 | 12 0 300.59 | 768
0.6 | 1191.1 | 1222.6 | 11954 | 512 | 1024 | 12 0 300.59 | 768 | 14194 | 14449 | 14248 | 512 | 1024 | 12 0 300.59 | 768
0.7 | 1277.3 | 1302.1 | 1281.7 | 512 | 1024 | 12 0 300.59 | 768 | 1491.8 | 1499.2 | 14935 | 512 | 1024 | 12 0 300.59 | 768
0.8 | 1407.7 | 14153 | 14044 | 512 | 1024 | 12 0 300.59 | 768 | 15634 | 1586.4 | 1564.1 | 512 | 1024 | 12 0 300.59 | 768
0.9 | 1702.5 | 1725.5 | 1704.6 | 512 | 1024 | 12 0 300.59 | 768 | 1590.3 | 1714.6 | 1589.8 | 512 | 1024 | 12 0 300.59 | 768
1 1802.5 | 1826.7 | 1724.6 | 512 | 1024 | 12 0 300.59 | 768 | 1889.5 | 1906.4 | 1888.9 | 512 | 1024 | 12 0 300.59 | 768
Cuprite | Jasper Ridge

01 2777 | 2776 | 282.8 [ 512 [ 1024 [ 12 [ 0 [ 30059 | 768 | 2414 | 2459 | 2458 [512 ] 1024 | 12 | 0 | 300.59 | 768
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0.2 | 4145 434.3 417.2 | 512 | 1024 | 12 0 300.59 | 768 440 445.7 443.7 | 512 | 1024 | 12 0 300.59 | 768
03 | 5443 514.7 546.3 | 512 | 1024 | 12 0 300.59 | 768 | 541.3 555.3 5493 | 512 | 1024 | 12 0 300.59 | 768
04 | 601.9 576.5 5945 | 512 | 1024 | 12 0 300.59 | 768 | 729.6 759.5 741.6 | 512 | 1024 | 12 0 300.59 | 768
0.5 | 671.2 701.9 674.5 | 512 | 1024 | 12 0 300.59 | 768 | 821.6 808.9 827.9 | 512 | 1024 | 12 0 300.59 | 768
0.6 854 783.7 857.6 | 512 | 1024 | 12 0 300.59 | 768 | 1099.9 | 1123.2 | 1106.7 | 512 | 1024 | 12 0 300.59 | 768
0.7 | 947.5 865.5 971.7 | 512 | 1024 | 12 0 300.59 | 768 | 1123.8 | 11459 | 1131.2 | 512 | 1024 | 12 0 300.59 | 768
0.8 | 1065.3 964.6 1057.3 | 512 | 1024 | 12 0 300.59 | 768 | 1178.9 | 1192.7 | 1189.1 | 512 | 1024 | 12 0 300.59 | 768
0.9 | 11585 | 11824 | 11595 | 512 | 1024 | 12 0 300.59 | 768 | 1443.2 1468 1450.3 | 512 | 1024 | 12 0 300.59 | 768
1 1286.1 | 1308.2 | 1292.1 | 512 | 1024 | 12 0 300.59 | 768 | 1492.7 | 1503.8 | 1532.6 | 512 | 1024 | 12 0 300.59 | 768
Table 8. Summary of encoding time & decoding time for state-of-the-art HSICA with 3D-M-NLS for 4 HS images at different bit rates
0z 3|5 |&e|z|5|5|E|&g|z|5|858|g|%2 |5/ §5|¢8]|¢
S| S| & |d|3|s|z|F 3| |33 |3|c|3]|F|%)3
Encoding Time
Washington DC Mall Urban
0.1 25 7.5 6.5 0.8 | 091 3.9 1.78 | 0.76 | 0.84 15.6 6.8 6.9 1.6 1.81 3.5 | 225 1.53 1.71
0.2 57.9 25.8 24.8 1.1 1.21 5.1 2.81 | 1.04] 1.11 49.5 19.7 19.1 3 3.19 5.6 3.5 2.96 3.02
0.3 92.1 37.5 32 1.5 1.65| 7.7 | 3.68 | 141 | 1.53 85.7 48.9 26.4 4.1 4.37 7.8 | 457 | 4.02 | 431
0.4 269.7 117.9 | 195.5 2 212 | 9.7 | 569|193 | 2.01 | 3124 | 102.1] 191.8 | 5.6 5.89 | 10.7] 6.09 | 5.55 5.73
0.5 414.8 140.1 | 211.2 25 | 264 113 | 741 | 244 | 252 | 4162 | 158.1| 253.6 | 7.1 824 | 11.7| 7.06 | 7.07 8.09
0.6 576 166.4 | 2479 29 |1 3.02 ] 133 | 799 | 2.82 | 294 | 886.9 | 206.7| 300.3 8.8 9.07 | 13.2 | 8.15 8.64 8.84
0.7 887.5 405.7 625 32 | 337 18.1 | 9.66 | 3.13 | 3.21 | 905.1 | 211.9] 371.7 | 9.5 | 1071 [ 169 | 94 9.39 | 10.54
0.8 1130.5 | 4742 | 710.2 3.8 | 3.96 20 991 | 385| 3.74 | 11252 | 541.8| 788.7 | 11.1 | 11.34 | 183 | 10.6 | 11.11 | 1091
0.9 1334.6 | 555.7 746 4 4.14 | 20.6 | 12.5| 4.04 | 408 | 1542.7 | 774.1 | 1067.1 | 12.7 | 13.02 | 19.5 | 12.16 | 12.67 | 12.84
1 1497.5 575 804 441 | 457 21.1 | 132 | 438 | 443 | 1702.8 | 780.2 | 1184.5| 144 | 1453 | 209 | 12.96 | 1439 | 14.09
Cuprite Jasper Rid
0.1 17.3 6.3 4.7 0.9 1.12 | 3.2 1.78 | 0.86 | 0.97 | 21.1 7.6 6.4 0.9 1.09 3 1.77 | 0.88 0.91
0.2 55.8 26 16.6 1.2 1.54 | 6.8 [ 3.01 ] 1.09| 148 | 542 20.6 17.7 1.2 1.34 52 | 2.84 1.11 1.21
0.3 107.9 45.5 39.1 2 227 7.1 4.08 | 1.92| 221 | 100.6 | 394 42.8 1.5 1.64 7.5 | 4.76 1.47 1.58
0.4 182.3 75.6 68.2 2.1 241 9.2 | 521|207 229 | 1509 | 478 70.7 2.2 2.32 93 | 590 | 2.18 2.11
0.5 276.1 95.4 933 22 | 258 11.1 | 632 | 2.11 | 252 | 3153 | 101.6| 1824 | 2.6 274 | 109 | 6.24 | 2.58 2.49
0.6 298.4 161.7 | 155.7 34 | 3.61 | 129 | 7.55| 3.24| 3.54 356 1153 ] 2275 | 3.03 | 3.21 13.5| 7.65 | 297 | 297
0.7 438.8 179.2 | 202.2 39 | 4.21 15 8.76 | 3.79 | 4.11 | 426.1 | 232.3| 4809 | 3.2 342 | 152 | 8.70 | 3.14 3.28
0.8 558.7 198.5 | 358.5 42 | 448 | 16.5 | 9.66 | 4.02 | 429 | 585.7 | 3823 | 6764 | 3.7 395 | 17.8 | 1445| 3.62 3.74
0.9 656.1 282.8 371 44 | 469 | 18.1 | 11.2 | 412 | 453 | 701.2 | 415 | 7719 4 429 | 18.8 | 1298 | 4.04 | 4.01
1 905.1 364 652.5 5 523 ] 203 | 159 ] 5.02| 508 | 7573 | 4254] 9428 | 5.1 534 | 22.7| 1584 | 5.07 5.21
Decoding Time
Washington DC Mall Urban

0.1 17.4 6.1 5 0.7 1079 23 1.71 | 0.64 | 0.71 11.8 4.3 4.80 1.5 1.67 1.7 1.9 1.48 1.51
0.2 48.8 24.8 22.5 1.07 | 1.07 ]| 33 | 271|101 | 099 | 41.6 16.8 16.4 2.4 2.94 3.2 2.9 236 | 2.74
0.3 75.4 34.8 28.5 145 | 143 ] 49 | 359133 138 723 42.5 23.2 3.2 4.09 4.7 | 3.65 | 3.14 3.91
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0.4 264.2 106.3 | 180.4 1.7 1 194 | 8.1 | 541 | 1.62| 1.79 | 2922 | 883 | 1845 | 47 | 5.74 6 4.66 | 4.63 | 5.52
0.5 339.1 1354 | 191.7 | 22 | 231 | 7.7 | 682|207 | 2.15| 3884 | 148.8]| 2432 | 54 | 795 | 73 5.4 533 | 7.67
0.6 532.4 149.6 | 2446 | 26 | 279 | 98 | 795|248 | 2.64 | 487.2 | 197.2| 2947 | 6.1 887 | 86 | 589 | 6.07 | 8.49
0.7 807.6 | 327.1 558 2.7 | 304 ] 116 | 88 | 253 291 | 592.7 | 201.1] 365.7 | 82 | 1052 | 10 | 7.08 | 8.11 | 10.02
0.8 1058.1 | 4489 | 6753 | 3.1 | 3.67 | 134 | 938 | 3.09 | 3.38 | 1066.7 | 507.4| 771.7 | 8.8 | 11.08 | 11.4| 7.96 | 8.72 | 10.79
0.9 11423 | 486.2 725 32 1393 | 13.6 | 11.8 | 3.33 | 3.74 | 15064 | 749.8 | 10523 | 9.4 | 12.84 | 12.6 | 8.76 | 933 | 1241
1 1289.7 504 774 3.7 1424 | 155 | 123 | 3.87 | 4.02 | 1661.8 | 761.9| 1173.4| 10 | 1422 | 13.9 | 9.5 | 10.04 | 13.94
Cuprite Jasper Rid

0.1 134 5 3.1 0.7 1094 | 2.2 1.7 | 0.63 | 091 15.3 7.41 457 1 075] 097 19 | 1.73 | 0.71 | 0.89
0.2 46.7 22.1 14.6 1 132 | 4.8 | 2.92 | 091 | 1.21 37 17.6 153 1.1 122 | 3.7 2.7 1.04 | 1.18
0.3 93.7 40.2 354 1.8 |1 204 | 55 | 398 1.69] 197 | 847 | 37.1 40 1.4 1.51 6.1 | 473 | 141 1.47
0.4 162.5 70.1 65.8 19 | 231 7 5.07 | 1.81 ] 2.11 | 128.8 45 69 2.1 217 | 87 | 514 | 2.04 | 2.04
0.5 236.1 88.3 91.5 2 245 85 | 6.01 | 1.92| 231 | 290.8 | 98.5 | 1784 | 2.5 259 | 93 | 6.06 | 247 | 234
0.6 281.2 160.9 149 29 | 338] 102 | 717 [ 2.79| 3.19 | 3309 | 101.8| 217.1 | 2.8 | 298 | 10.5| 7.23 | 2.74 | 2.68
0.7 435 1758 | 196.8 | 3.1 | 403 | 11.9 | 8.28 | 2.97 | 3.89 | 386.4 | 232.2| 432.1 3 3.17 | 113 | 841 | 297 | 294
0.8 525.9 195.3 316 3.8 1 424 | 13.1 | 9.21 | 2.61 | 4.08 | 487.8 | 382.2| 6084 | 3.5 372 | 129 | 9.86 | 3.46 | 3.49
0.9 599.2 | 273.5 | 366.9 4 4.47 15 103 | 3.83 | 422 | 6674 | 402.7| 6735 | 3.6 | 397 | 17.5| 11.73 | 3.55 | 3.75
1 884.4 | 346.6 596 45 | 5.07] 159 14 | 438 | 489 | 7269 | 421.3| 923.1 | 43 5.02 | 21.8 ] 1231 | 4.24 | 4.82

(e)

(b)
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Fig. 1 Urban HS image before compression process (a) Frame 29, (b) Frame 59, (¢) Frame 89, (d) Frame 119,
urban HS image after compression process with CR=10 (e) Frame 29, (f) Frame 59, (g) Frame 89, and (h) Frame 119.
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Fig. 2 Washington DC MALL HS image before compression process (a) Frame 29, (b) Frame 59, (c) Frame 89, (d) Frame 119,
washington DC MALL HS image after compression process with CR=10 (e) Frame 29, (f) Frame 59, (g) Frame 89, and (h) Frame 119.
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