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Highlights

What are the main findings?

* The review provides a focused and systematic analysis of lossless hyperspectral image
compression, categorizing existing algorithms into transform-based, prediction-based,
and deep learning-based methods.

¢ It uniquely emphasizes the second stage of the compression pipeline—scanning and
encoding order optimization—an aspect often overlooked in previous reviews but
crucial for improving compression efficiency.

What is the implication of the main findings?

* By distinguishing the principles and performance characteristics of different algorithm
classes, the review offers a comprehensive framework that helps researchers and practition-
ers select suitable lossless compression schemes for diverse remote-sensing applications.

¢ The analysis highlights future research directions, including the integration of deep
learning with reversible transforms and the exploration of adaptive scanning strategies
to enhance compression ratio and computational efficiency.

Abstract

The rapid advancement of imaging sensors and optical filters has significantly increased
the number of spectral bands captured in hyperspectral images, leading to a substantial rise
in data volume. This creates major challenges for data transmission and storage, making
hyperspectral image compression a crucial area of research. Compression techniques can
be either lossy or lossless, each employing distinct strategies to maximize efficiency. To
provide a more focused and comprehensive analysis, this review concentrates exclusively
on lossless compression, which is categorized into transform, prediction, and deep learning-
based methods. Each category is systematically examined, with particular emphasis on the
underlying principles and the strategies adopted to enhance compression performance. In
addition to the core algorithms, encoding and scanning orders are also discussed, which is
an essential aspect that is often overlooked in other reviews. By integrating these aspects
into a unified framework, this paper offers an up-to-date and in-depth overview of the
methodologies, trends, and challenges in lossless hyperspectral image compression.

Keywords: hyperspectral images; lossless compression; transform methods; prediction
methods; deep learning
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1. Introduction

With advancements in imaging technology, hyperspectral images can now capture data
across thousands of spectral bands, ranging from 400 nm to 2500 nm, far beyond the visible
light spectrum. This enables hyperspectral images to store significantly more information,
including details undetectable in traditional RGB images, making them indispensable in
various remote sensing applications, such as surveillance [1], mineralogy [2], industrial
inspection [3], agricultural analysis [4], and environmental monitoring [5]. However,
the enhanced information content in hyperspectral images comes at the cost of increased
file sizes, necessitating effective compression algorithms to manage storage space and ease
data transmission.

Hyperspectral image compression algorithms can be either lossy or lossless. As their
names imply, lossy compression is an irreversible process that permanently discards a
substantial portion of information, while lossless compression is fully reversible, allowing
for perfect reconstruction of the original image, albeit at the cost of a lower compression
ratio. Additionally, the design principles behind these two methods differ significantly:
lossy compression achieves higher compression ratios primarily by eliminating data that is
less perceivable by human vision, whereas lossless compression focuses on decorrelating
and removing repetitive information. For example, JPEG2000 [6], which supports both
types of compression, relies heavily on truncating less significant bits using the Embedded
Block Coding with Optimized Truncation (EBCOT) scheme in its lossy mode; whereas
in lossless mode, the compression mainly stems from encoding repetitive values such
as sequences of “0”s. In term of noise presented in the original data, lossy compression
may unintentionally remove the unwanted sensor noise. However, this inevitably affect
subtle spectral features or introduce artifacts, leading to unwanted information loss that
degrades image’s scientific value. In contrast, lossless compression preserves all original
data, including both the valuable signal and the inherent noise, thereby guaranteeing
perfect reconstruction.

Due to its reversibility, lossless compression is particularly valuable in high-precision
applications where any data loss is unacceptable. This includes areas such as medical
imaging [7] and materials analysis [8], where hyperspectral imaging facilitates noninvasive
diagnosis by capturing the absorption, fluorescence, and scattering characteristics of the
scanned samples. Additionally, lossless compression is also crucial for managing image
datasets, where the original data must be retrievable after compression to maintain appli-
cation performance. To provide a more focused and thorough analysis, this review will
concentrate on reviewing lossless compression methods only.

While several reviews on hyperspectral image (HSI) compression [9-11] exist, they
generally present broad overviews that cover both lossy and lossless techniques, with a
stronger emphasis on the lossy side. However, since the underlying principles and objec-
tives of lossy and lossless compression differ fundamentally, such surveys cannot provide
an in-depth treatment of the lossless domain. More recent work, such as [10], narrows
its focus to deep learning approaches, highlighting their rapid progress in the field. Yet,
deep learning methods are inherently better aligned with lossy scenarios, leaving lossless
methods relatively underexplored. This review addresses that gap by offering an up-to-
date, focused analysis of lossless HSI compression algorithms. In addition, it contributes
unique value by devoting particular attention to the often-overlooked second stage of the
compression pipeline: determining optimal scanning and encoding orders, which play a
pivotal role in efficiently compressing transformed data or prediction residuals.

Understanding the compression processes allows for straightforward inference of the
corresponding decompression algorithms, which will not be covered in this review. It is
important to note that certain algorithms, particularly prediction methods, rely heavily on
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information from preceding bands or rows. Consequently, different prediction rules are
applied to the first band and row, as well as to some boundary pixels. This review will not
address these cases unless explicitly stated. By focusing on these core categories and their
methodologies, we aim to provide a comprehensive framework for understanding the land-
scape of lossless compression in hyperspectral imaging. This review categorizes lossless
compression algorithms for hyperspectral images into three primary classes: transform, pre-
diction, and deep learning methods. While these approaches employ distinct principles for
redundancy removal, they share a common final stage of entropy encoding, as illustrated
in Figure 1. This stage, which is seldom discussed, determines the scanning and encoding
order used to efficiently compress the transformed data or prediction residuals, and is de-
scribed in detail in Section 2. Among the three classes, transform methods generally apply
global, reversible transforms to decorrelate the entire image block, producing a compact set
of coefficients for encoding, as in Section 3. In contrast, prediction methods operate locally
and sequentially, estimating the current pixel value from its neighbors and encoding the
resulting prediction residuals, discussed in Section 4. Meanwhile, deep learning methods
represent an emerging approach that leverages deep networks to learn non-linear, data-
driven mappings, described in Section 5. Lastly, an overarching quantitative comparisons
is analyzed in Section 6.1 and conclusion remark is given in Section 7.
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Figure 1. The general framework of hyperspectral image lossless compression.

1.1. Unique Characteristics of Hyperspectral Images

To effectively design and evaluate lossless compression algorithms for HSI, it is crucial
to first understand the intrinsic properties that distinguish HSI from conventional RGB
or grayscale images. These characteristics directly shape the priorities and challenges
in compression algorithm design. This section elaborates on these properties and their
implications for lossless compression.

¢ High Dimensionality: Unlike RGB images that contain only three channels, HSIs
consist of dozens to thousands of spectral bands, with each pixel representing a full,
high-resolution spectrum. This high dimensionality results in extremely large data
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volumes, often reaching gigabytes per scene. Consequently, the goal of compression
shifts from simple storage reduction to enabling practical data transmission and
archiving. This demand necessitates highly efficient algorithms capable of exploiting
all forms of data redundancy.

*  Strong Spectral Correlation: A defining feature of HSIs is the strong correlation
between adjacent spectral bands. Furthermore, the spectral correlation is often stronger
than the spatial correlation within a single band. Therefore, algorithms that effectively
leverage spectral correlation typically achieve superior compression performance
compared with approaches that treat bands independently. This is a fundamental
distinction from traditional 2D image compression, where the emphasis lies primarily
on spatial redundancy.

*  Spatial-Spectral Heterogeneity: Although spectral correlation is generally strong, its
degree can vary significantly across different spatial regions and spectral ranges. For in-
stance, homogeneous regions exhibit high correlation, whereas areas with sharp edges
or material boundaries exhibit weaker correlation. This spatial-spectral heterogeneity
complicates algorithm design, as a one-fits-all algorithm may be suboptimal. Effective
methods must therefore adaptively balance the use of spatial and spectral context.

*  Sensor-Specific Noise: Hyperspectral sensors are prone to various noise sources and
artifacts, including thermal noise, shot noise and striping. In lossless compression,
all information must be perfectly preserved. Because noise introduces randomness
that is inherently uncorrelated with both spatial and spectral neighbors, it reduces the
predictability of pixel values, which directly limits the compression ratios. Compres-
sion algorithms must be robust in the presence of noises without suffering substantial
performance degradation.

1.2. Evaluation Metrics

Unlike lossy compression, which requires evaluating the quality of the decompressed
image using metrics such as peak signal-to-noise ratio (PSNR), structural similarity index
measure (SSIM) [12], and spectral angle mapper (SAM) [13], lossless compression ensures
that the decompressed image is identical to the original input. As a result, image quality is
inherently preserved at the maximum level. Therefore, the evaluation of lossless compres-
sion focuses more on compression efficiency, typically measured by Compression Ratio
(CR) or Bits Per Pixel Per Band (BPPPB). Specifically, CR is defined as the ratio between the
size of the original image and the size of the compressed bitstream, while BPPPB represents
the average number of bits required to encode one pixel in a single spectral band. Further
practical considerations include memory cost and computational complexity, which can
be analyzed using big O notation, or measured in bytes and floating-point operations per
second (FLOPs).

1.3. Notations

The main notations used in this review is summarized in Table 1. Scalars are rep-
resented in non-bold italic font, vectors and matrixes are represented in bold non-italic
font. Both I(x,y) and p are defined as the current compressing pixel, which are used
interchangeably, whichever is more suitable. The neighbouring pixels around p is defined
asa ~ hinband z and a,_1 ~ h,_1 in band z — 1, whose relative positions are visualized
in Figure 2a,b.
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Table 1. Notations.

X Horizontal position of the current compressing pixel

y Vertical position of the current compressing pixel

z Band index of the current compressing pixel

X Height of image

Y Width of image

V4 Number of bands of image

I The input image

I(x,y) Pixel value of image I at x" column y* row zth band

L.(x,y) Predicted pixel value of image I at ™ column y™ row zt band
I Mean of I,

p Pixel value of I (x,y)

p Predicted pixel value of I (x, y)

Pz-1 Pixel value of I,_1(x,y)

a~h Neighbours of I, (x, y) in band z

a,_q ~h,_1 Neighbours of I,_1(x,y) inband z — 1

S, A vector storing a ~ h, i.e., [a,b,..., nT

6 Difference image between the current band and previous band
82(a) Pixel value of difference image at band z position a

J Ay

h, |, 0|b,o|d,

g f €, 2|4, 2|Pr dz—l

h ¢ b d Band z-2 eZ*l aZ*l 14 z—1 d
Band z\

€ a | p Band z e a|p

(a) Inband z (b) Inbands z — 2 to z

Figure 2. Position of neighbouring pixels around p.

2. Scanning and Encoding Patterns
2.1. Scanning Patterns

HSl is typically acquired in one of several modes, such as Band Interleaved by Line (BIL),
Band Interleaved by Pixel (BIP), or Band Sequential (BSQ). For the purpose of compression, it
is generally assumed that the entire data cube is available to the algorithm. While specialized
compression methods tailored to specific acquisition modes do exist [14,15], they typically
build upon a core algorithm that remains unchanged, with only marginal impacts on
throughput and memory cost. The scanning patterns used during compression can be
broadly categorized by their dimensional traversal strategy. Most patterns originate from
2D image processing and can be applied to HSI in two fundamental ways: as pure 2D
spatial scans applied band-sequentially, or extended to true 3D patterns that mix spatial
and spectral dimensions. Among them, 2D patterns apply scanning along the spatial
dimensions first, processing each spectral band independently before moving to the next
band; 3D patterns mix spatial and spectral dimensions during scanning, treating the data
as a unified volume to leverage correlations across all dimensions simultaneously.

2.1.1. 2D Scanning Patterns
Raster Scan

This is the most widely used and fundamental scanning order in most algorithms.
It processes or encodes the input image sequentially, from left to right, top to bottom,
and from the first band to the last, as illustrated in Figure 3a.
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Figure 3. Demonstration of different scanning orders.

Hilbert Scan

Designed to improve the correlation between neighboring pixels during encoding,
the Hilbert scan [16] is depicted in Figure 3b. However, despite its attempt to improve
compression ratios, ref. [17] demonstrated that the simpler Raster scan is often more
effective than the more complex Hilbert scan.

Stripe-Based Scan

This scanning order is more widely adopted than the Hilbert scan. It has been im-
plemented in JPEG2000 [6] for processing monochromatic and RGB images, as shown in
Figure 3c. This method is both simple and effective, fully leveraging the spatial correlation
between pixels.

Double Snake Scan

Similar to the stripe-based scan, the Double Snake scan [18] is shown in Figure 3d.
It further reduces the average distance between previously encoded pixels and the cur-
rent pixel.

Block Scan

In this method, the input image is divided into non-overlapping blocks, with each
block fully processed before moving on to the next in the raster order, as shown in Figure 3e.
Within each block, any scanning pattern, such as Raster, Hilbert, stripe-based, or double
snake can be applied.

2.1.2. 3D Scanning Patterns
3D Extensions of 2D Patterns

Fundamental 2D patterns like raster and Hilbert can be extended to 3D through
mathematical generalization such as 3D Hilbert curves [19]. However, these are less
commonly used in HSI compression due to computational complexity and the superior
performance of specialized 3D patterns like those used in wavelet-based methods.
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Wavelet Scan

Wavelet coefficients are typically encoded sub-band by sub-band, starting from the

lowest frequency sub-band and progressing to the highest. An example of a 3-level Discrete

Wavelet Transform (DWT) is illustrated in Figure 3f. Typical wavelet coding techniques
include Embedded Zerotrees of Wavelet Transforms (EZW) [20,21], Set Partitioning in
Hierarchical Trees (SPIHT) [22], and Set Partitioning Embedded bloCK (SPECK) [23]. These
methods can be lossy by discarding less significant bits (bit position-wise) or less important

bits (human perception-wise). In lossless compression, this discarding step is omitted.

Furthermore, any scanning pattern can be applied within each sub-band.

Embedded Zerotrees of Wavelet Transforms: This method [20,21] is also named as
Embedded Zerotree Wavelet (EZW). The scanning order of EZW is shown in Figure 3g,
where the indexes represent the hierarchical structure. All coefficients, except those in
the highest and lowest decomposition levels, have four direct descendants. For ex-
ample, coefficients Aa, Ab, Ac, and Ad are the direct descendants of coefficient A,
while Aal, Aa2, Aa3, and Aa4 are the direct descendants of Aa. By inheritance, all
coefficients within the blue box are descendants of A. If a coefficient and all its descen-
dants (both direct and indirect) are insignificant, they are encoded into a single output,
reducing the file size.

Set Partitioning in Hierarchical Trees: SPIHT [22] is an improved version of EZW. One
drawback of EZW is that it requires five outputs if a coefficient is significant but all its
descendants are insignificant. SPIHT addresses this by separating the encoding of the
coefficient from its descendants. As a result, the same example can be encoded with
only two outputs instead of five. The extension of EZW and SPIHT from 2D to 3D
can follow similar scanning orders, where the encoding pattern is applied separately
to each bit-plane and spectral band. Alternatively, a more systematic extension can be
implemented by increasing the number of direct descendants for each coefficient from
four to eight (or from three to seven for low-frequency coefficients) [24], as shown in
Figure 4a, which illustrates a 2-level 3D DWT. However, this structure is broad and
shallow, lacking optimization of wavelet coefficients’ inter-dependencies. An optimized
hierarchical structure is proposed in [25], capping the number of direct descendants at
four, as shown in Figure 4b. Besides modifying the scanning order, a variation of SPIHT,
known as 3D-Wavelet Block Tree Coding (3D-WBTC) [26], classifies each block into three
types and encodes them using different rules.

Set Partitioning Embedded Block: The aforementioned scanning orders utilize the
spatial and spectral consistency of wavelet coefficients, where coefficients derived
from the same set of pixels tend to have similar magnitudes. In contrast, SPECK [23]
leverages sub-band consistency, where coefficients within the same sub-band exhibit
similar magnitudes. This leads to a different hierarchical structure, as depicted in
Figure 3h. If all coefficients with identical initial indices, such as “Ba” to “Bh”, are
insignificant, they can be encoded as a single output. The 3D extension of SPECK is
done by grouping wavelet coefficients into 3D cubes instead of 2D blocks, as illustrated
in Figure 4c. It is noteworthy that the concept of 3D SPECK can be applied to non-
wavelet coefficients as well, such as the k2-raster coding method in [27]. Besides,
SPECK can be further enhanced by ZM-SPECK [28], which reduces the memory
requirements while encoding.
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Figure 4. Demonstration of different extension of EZW and SPIHT from 2D to 3D.

2.2. Encoding Methods

As illustrated in Figure 1, all lossless compression methods require an encoding
step as the final stage. It has been established in the literature that both transformed
coefficients [29] and prediction residuals [30] can be approximated by Laplace distributions.
Consequently, the same entropy encoding techniques are applied to both transform and
prediction methods. These encoders are categorized by their fundamental processing unit:
pixel-based methods that encode complete integer values, and bit-based methods that
operate on individual bitplanes. Pixel-based encodings typically adheres to the scanning
orders introduced in Section 2.1. In contrast, bit-based encoding follows a hierarchical
structure where the data is first organized into bitplanes, which are processed from the
most significant to the least. For each bitplane, the encoder applies the spatial-spectral
scanning patterns from Section 2.1 before proceeding to the next bitplane.

2.2.1. Pixel-Based Encoding
Straight Coding

Straight coding encodes pixel values in their binary form. It is often applied to the first
pixel (or the first few rows) of a hyperspectral image compressed by predictive methods [31].
These pixels are not subject to prediction due to the unavailability of surrounding information.

Huffman Coding

When the distribution of the encoded pixels is known, Huffman Coding (HC) serves
as an optimal prefix encoder, designed under the principle that more frequent data are
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encoded with fewer bits. Hyperspectral image lossless compression algorithms that use
HC include [31-34], and they can operate in either adaptive or hard-coded modes. In hard-
coded mode, a hypothetical frequency distribution initializes the lookup Huffman code-
book, which remains unchanged throughout encoding. In adaptive mode, the codebook
is updated after encoding each piece of data. Due to the complexity of constructing a
codebook, hard-coded HC is generally preferred [32].

Run Length Coding

Run-length coding (RLC) is particularly effective for data with consecutively repeating
patterns. For example, the sequence “0000101010” can be encoded as 4 “0”s followed
by 3 “10”s. To further enhance its effectiveness, RLC is often used in conjunction with
other encoding methods. In JPEG, RLC is applied to compress high-frequency Discrete
Cosine Transform (DCT) coefficients, which are predominantly “0”s, whereby the length of
consecutive “0”s is further Huffman encoded. RLC has also been used in hyperspectral
image lossless compression to encode high-frequency coefficients after 3D DCT [35].

Golomb Coding

There are various types of Golomb coding, including standard Golomb coding,
Golomb-Rice coding, and exponential-Golomb coding. All of these methods are adaptive,
adjusting a positive integer denominator M € Z™.

*  Golomb Coding It is an optimal prefix code when the input follows a Laplace distribu-
tion. It encodes a non-negative integer pixel value p € Z°" into a codeword consisting
of two parts: a prefix and a suffix. The prefix contains the unary code of |p/M]|,
and the suffix represents the truncated binary form of mod(p, M), with a bit length of
[log,(M)]. Here, | -] and [-] represent the floor and ceiling operations respectively,
mod(p, M) is the remainder when p is divided by M. The most widely used implemen-
tation of M can be determined from the mean absolute error of previously encoded
data. Other adaptions of M include geometrical distribution [36], correlation-based
adaptation [37] and deep learning-based estimation [38].

*  Golomb-Rice Coding This variation is a simplified variant of standard Golomb coding,
where M is restricted to a power of 2, i.e., M = 2k for some non-negative integer
k € Z°F. The value of M is computed by rounding down the sample mean of
previously encoded data to the nearest power of 2. This constraint significantly
improves computational efficiency, making Golomb-Rice coding popular in many
compression algorithms [39].

¢ Exponential-Golomb coding This encodes a pixel value p into a codeword composed of

two parts: a prefix and a suffix. The prefix contains the unary code of u = [log, ( % )]

and the suffix holds the truncated binary form of mod ( p + M, 24+ ), with a bit length
of u + k. It is worth noting that exponential-Golomb coding is quite similar to the
Huffman encoding used for DC coefficients in JPEG. A similar encoder named integer
square root is described in [40], where the square root value of p is recorded in 4-bits
binary form, and the residual is encoded as unary.

Lastly, since Golomb-based coding only encodes non-negative integers, a “mapping”
process is required when dealing with inputs that can be negative, ensuring all values are
non-negative before encoding, formulated as

/ 2p p=0
= . 1
P { —2p —1 otherwise M
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Context-Based Extensions

To further enhance the coding efficiency of pixel based encoding, pixels can be classi-
fied into groups based on their contexts. For instance, if the encoder identifies a pixel on
an edge, the prediction residual is likely having a larger value than that in a flat region.
In this case, “on an edge” is the contexts of this pixel. For each context, the Huffman table
or parameter M from previously encoded pixels is calculated and used to encode the next
pixel in the context. If there are n contexts, n corresponding Huffman tables or parameter
Ms are recorded. An algorithm making full use of the multiple context is Context-based
Adaptive Lossless Image Codec (CALIC) [41], which will be detailed in Section 4.7.

2.2.2. Bit-Based Encoding
Arithmetic Coding

The basic concept of arithmetic coding (AC) [42] involves encoding information within
a range between 0 and 1, based on the probabilities of different inputs, while tracking both
the lower and upper bounds of this range. For example, encoding the binary sequence “101”
with a constant probability of “1” equal to 0.8 initializes the range to [0,1). The sequence
modifies the range sequentially to [0.2,1), [0.2,0.38), and [0.236,0.38), as illustrated in
Figure 5. In fixed-point representation within [0, 1), “01” corresponds to 0.25, which falls
within [0.236,0.38) demonstrated by the yellow area. Thus, the binary sequence “101” is
encoded as “01” in AC.

Input Arithmetic Coding Representation
Lo 02 I
0 02 038 1

1

*o—
Encoded o 02 0.236 0.38 ~
00

01 10 11

Figure 5. The arithmetic representation of binary sequence 101.

The explanations above imply that the encoder computes the lower and upper bounds
with infinite precision, converting them to their final forms only at the end of the encoding
process. However, rather than simulating infinite precision, most arithmetic coders operate
at a fixed limit of precision, which they determine to be adequate for input sequences
of limited length. For longer input sequences, renormalization is applied after encoding
each input to prevent the finite precision from restricting the total number of encodable
symbols. In practice, renormalization ensures that the interval [/, ) does not shrink below
the numerical resolution of the machine. In binary implementations, renormalization
enlarges the interval by a factor of 2 whenever the range becomes smaller than half of the
available precision. More concretely:

e Ifl,Lu<05,thenl=I*x2andu =ux2;
e Ifl,u>05thenl=1%x2—1T,u=ux2-—1;
e Ifl>025andu <0.75thenl =1%2—-05u=u*x2—0.5.

At each step, a binary digit is emitted when [ and u lie entirely within the same half
of the current range. If I and u straddle the midpoint, a special handling rule known is
applied to delay the emission of bits until the interval can be safely normalized.

Range Coding

Range coding (RC) [43] closely resembles AC but initializes the range to [0, R) instead
of [0,1), with both u and I constrained to integers, where R € VAR represents the maxi-
mum range. It is commonly believed that RC was developed to circumvent AC’s patent.
Algorithms utilizing RC, such as [44-48], can be modified into AC with minimal efforts.
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Asymmetric Numeral Systems

The concept of asymmetric numeral systems (ANSs) [49] is derived from symmetric
numeral systems (SNSs), which include binary, decimal, and hexadecimal systems. In SNSs,
an input pixel p € Z%" can be encoded from an existing number n € Z°* to n’ € Z° using
the function Es(+),

n' =Es(n,p) =nxb+p, )

where p € [0, b —1] and b € Zy is the base of the system. For example in a decimal system
withb =10, n = 12 and p = 3, then n’ = 12 x 10 + 3 = 123. Correspondingly, p can be
decoded from n’ by Ds(-) as

[n, p] = Ds(n) = [[n'/b], mod (n', )]. ®)

The coding efficiency of SNSs is maximized when p is uniformly distributed in the
range [0, b —1]. However, if p is not uniformly distributed, ANSs can be employed to
improve the coding efficiency. The encoding function of ANSs is defined as follows:

n' = Ea(n,p,w,p) = N x B+ P, 4)
where
N = [n/wp],
B :Il)br (5)

P =1, + mod(n, wp),

w e 7z} Land € Zgil are the pre-defined tables containing the count of occurrence and
the corresponding cumulative count of occurrence for p respectively. The terms w, and
P, represent the p" coefficient in w and 1 respectively. Assuming b = 3 and w is [5, 3, 4]
(wg =5, w1 = 3, and wy = 4), then P would be [0, 5, 8,12].
For decoding, i.e., [, p] = Da(n/, w, ), it is straightforward to see the value of P can
be calculated as follows,
P = mod (1, B), (6)

and the input p can be decoded from P by

p =argmin(P —1p;, VP —1p; > 0). @)

Finally, n is decoded using,
n=[n"/B| xw,+P—1, (8)

An ANS achieves a compression ratio comparable to that of AC while offering faster
processing speeds. Additionally, it can be adaptive by varying w and 1\. However, it is
important to note that the decoded stream is in reverse order compared to the input, which
may result in increased memory usage and make the ANS less convenient for applications
in hyperspectral image lossless compression [50,51]. A summary of scanning and encoding
orders reviewed in this section is given in Table 2.
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Table 2. Summary of Scanning and Encoding Orders.

Method

Underlying Principle

Strengths

Limitations

Raster Scan

Sequentially processes pixels from
left-to-right, top-to-bottom,
band-by-band

Simple, widely used, low
complexity

May not exploit local spatial
correlation optimally

Hilbert Scan

Space-filling curve that improves
locality of neighboring pixels

Enhances neighbor correlation,
potentially better compression

Computationally more complex;
sometimes less effective than
Raster

Stripe-based Scan

Processes data in stripes, as used
in JPEG2000

Balances complexity and
efficiency, good for spatial
correlation

Slightly more complex than Raster

Alternating stripe scanning to

Reduces prediction distance,

Double Snake Scan minimize distance between . . More complex implementation
S improves correlation
successive pixels
D1V1§1es 1mage nto blOCkS. al?d Facilitates local processing, May introduce block boundary
Block Scan applies scanning order within

each block

parallelizable

artifacts if not handled carefully

Run-Length Coding

Encodes consecutive repeating
symbols as run-length pairs

Excellent for sparse/ highly
repetitive data

Inefficient for highly variable data

Wavelet Coding (EZW, SPIHT,

Encodes wavelet coefficients in

Multi-resolution representation,
progressive transmission possible,

Higher computational cost; needs
careful bit-plane ordering for

SPECK) hierarchical or sub-band order . .
good compression ratio lossless mode
EZW Encodes zerotrees of wavelet Compact representation of Requires multiple outputs for
coefficients insignificance some cases
Improves EZW by separating More efficient than EZW, fewer Lo .
SPIHT parent/child significance output symbols 3D extension increases complexity
Groups coefficients by sub-band Efficient sub—band exP101tat1(?n, May be less ef'flc.lent when
SPECK d des sienifi memory-efficient variants exist sub-band statistics vary
and encodes sightiicance (ZM-SPECK) significantly
. . . . Extremely simple, useful for . - .
Straight Coding Directly encodes raw pixel values initialization No compression efficiency gain
Huffman Coding Optimal prefix code based on Slmplg, well-studied, fast Requl'res frequepcy table;
symbol frequency decoding adaptive mode incurs overhead
. . . . . . Requires parameter M tuning;
Golomb Coding Prefix + suffix coding optimal for ~ Adaptive, near-optimal for mapping required for

Laplacian distributions

prediction residuals

non-negative integers

Golomb-Rice Coding

Restricts M to powers of 2 for
efficiency

Very fast, hardware-friendly, used
in CCSDS-123

May be slightly less optimal than
general Golomb coding

Exponential-Golomb Coding

Uses logarithmic prefix + binary
suffix

Compact for small values, used in
video coding

Slightly higher complexity than
Rice

Context-based Extensions

Adjusts coding tables/
parameters per pixel context

Improves coding efficiency by
modeling local statistics

Increases encoder complexity and
memory usage

Arithmetic Coding

Encodes data into a fractional
interval based on probabilities

Achieves near-entropy
compression, highly efficient

Computationally expensive,
requires renormalization

Range Coding

Integer-based version of AC

Similar compression to AC,
avoids patent issues

Computationally expensive

Asymmetric Numeral Systems

Generalizes numeral systems for
non-uniform distributions

Comparable ratio to AC, faster,
vectorizable

Produces output in reverse order,
higher memory usage

3. Transform Methods

Transform Methods refer to a class of lossless compression techniques that convert the
original image data into a different domain through reversible mathematical operations.
The primary goal of this transformation is to decorrelate the spatial and spectral information
of HSI, thereby concentrating its energy into a smaller number of coefficients. These
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transformed coefficients are typically more amenable to efficient entropy encoding, while
ensuring perfect reconstructability through inverse transformation.

The most commonly used transformations for hyperspectral image lossless com-
pression include the discrete cosine transform (DCT), Karhunen—Loeve transform (KLT),
and discrete wavelet transform (DWT). Among these, DWT is the most widely adopted due
to its superior performance and versatility. While DCT is more effective in lossy compres-
sion and can outperform DWT in such cases, it is less efficient for lossless compression [52].
KLT excels at spectral decorrelation but is computationally expensive and less effective for
spatial decorrelation. In addition to reversible transformations, irreversible transformations
with quantization and vector quantization can be applied to lossless compression as well;
however, the quantization residuals must be recorded alongside the transformed coeffi-
cients. Finally, traditional 2D compression methods can be adapted for 3D hyperspectral
images by making simple modifications to convert them into 2D representations.

3.1. Discrete Cosine Transform

Comparing among lossy compression methods, DCT is generally less favorable for
lossless hyperspectral image compression, where it is typically applied either spectrally or
in three dimensions. For instance, [52,53] utilize reversible one-dimensional DCT spectrally,
while [54] first reduce brightness and contrast differences through luminance transfor-
mation, followed by applying three-dimensional DCT to the entire transformed image.
However, it has been demonstrated in [53] that the discrete wavelet transform (DWT) with
a 5/3 filter is more effective than DCT at capturing spectral correlation, suggesting that
DCT may not be the optimal choice for lossless hyperspectral image compression.

3.2. Karhunen—Loeve Transform

In the context of lossless compression of discrete data, the terms KLT, principal com-
ponent analysis (PCA), and principal components transform (PCT) [55] are often used
interchangeably in the literature. Unlike DWT, which decorrelates images locally using a
fixed set of filters, KLT generates global, data-dependent eigenvectors, leading to superior
decorrelation and denser energy compaction. Besides KLT, a similar concept is Orthogonal
Subspace Projection (OSP). By projecting the spectral data onto orthogonal subspaces, OSP
effectively minimizes inconsistencies in reconstruction and enhances the independence
among spectral channels [21].

With n spectral bands, KLT decomposes a spectrum into a weighted average of n
spectra, necessitating the storage and transmission of n eigenvectors of length #, resulting in
n? coefficients overhead. To minimize the compressed file size while ensuring reversibility,
these coefficients are often stored as integer values, prompting research into integer-to-
integer approximations of eigenvectors. However, constraining eigenvectors to integer
values makes optimization NP-hard, which means that it is more practical to obtain only
sub-optimal solutions [55-57].

KLT is particularly effective for decorrelating spectral information, based on the
assumption that similar materials produce similar spectra. Notably, it has been shown
that replacing DWT with KLT in the spectral direction for JPEG2000 can improve the
compression ratio by approximately 5% [57]. Given that correlation in the spectral direction
is generally much stronger than in the spatial directions [58], it is logical to focus KLT
application in the spectral domain. For spatial two-dimensional transformations, either
DWT [57,59,60] or binDCT [52] can be utilized. It is important to note that the sequences
of transformations can also impact the compression ratio. In [60], one-dimensional KLT
is performed before two-dimensional DWT; however, it has been found in [56,57] that
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reversing this order (applying 2D DWT followed by 1D KLT) can yield a compression ratio
improvement of around 10% [57].

3.3. Discrete Wavelet Transform

DWT is a widely used transformation in lossless compression and has been stan-
dardized in JPEG2000 for both lossy and lossless modes. While DWT is typically applied
to one-dimensional and two-dimensional data, it can also be readily extended to three-
dimensional images by adding an additional layer of decomposition along the spectral
direction [61].

3.3.1. Wavelet Filters

Several adjustable parameters in DWT can significantly influence the overall com-
pression ratio. Researchers in [62-64] conducted detailed analysis of the effects of various
wavelet filters, including 5/3 [65], 2/6 [66], S+P transform version B (SPB) [67], S+P
transform version C (SPC) [67], 9/7-M [68], (2, 4) [69], (6, 2) [69], 2/10 [70], 5/11-C [71],
5-11-A [72],6/14 [73], 13/7-T [68], 13-T-C [73], and 9/7-F [74]. Different from the previous
reviews which focused on forward wavelet transforms, this reviews display the coefficients
for low pass and high pass filters to provide a different angle analysis. A direct observation
from these filter coefficients is the number of vanishing moments. A filter with N vanishing
moments annihilates polynomials of degree N — 1, thus a filter with a higher number of
vanishing moments can represent signals more compactly.

The coefficients of the forward transforms for these filters are summarized in Table 3.
Among them, SPB and SPC are based on finite impulse response (FIR) and infinite impulse
response (IIR) filters, not all of which have linear phases. In contrast, the other 10 wavelets
are based on linear-phase FIR filters. The properties of wavelet filters are further analyzed
in [71], while their computational complexities, memory requirements, and performance in
lossless image compression are detailed in [63].

Table 3. Coefficients of Forward Transforms for Different Wavelet Filters.

Names Low Pass Filter Coefficients High Pass Filter Coefficients
5 1) (~1,1]
5/3[65] 11-1,2,6,2, 1] i-1,2,-1]
2/6[66] 111,1) 11,1,-8,8,-1,-1]
SPB [67] 111,1] +12,2,-15,17,-7,1]
SPC [67] 11,1 +1-1,-1,5,5,-28,36, —20,4]
9/7-M [68] &11,0,—8,16,46,16,—8,0,1] +[1,0,-9,16,-9,0,1]
(2, 4) [69] 35 (3, —6,—16,38,90,38, —16, 6, 3] 1-1,2,-1]
(6,2) [69] 10213,0, 22,0, ~175,256, 724,256, ~175,0, ~22,0,3] 7%[3,0,-25,0,-150,256, —150,0, 25,0, 3]
2/10[70] 111,1) 5 [—3,—3,22,22, -128,128, —22, —22,3, 3]
5/11-C [71] 11-1,2,6,2, 1] m51—1,2,7,0,—70,124,-70,0,7,2, 1]
5/11-A [72] 11-1,2,6,2,-1] 7:1-1,2,7,0,—134,252,-134,0,7,2, 1]
6/14[73] +£1-1,1,8,8,1,—1] s (L, —1,—14, —2,47,49, —244,244, —49, —47,2,14,1, —1]
13/7-T[68]  55(-1,0,18, 16, 63,144,348, 144, —63, -16,18,0, 1] +(1,0,-9,16,-9,0,1]
13/7-C[73]  2[-1,0,14,-16,-31,80,164,80, ~31, - 16,14,0, 1] 1(1,0,-9,16,-9,0,1]
9/7-F [74] 2713]-5075,3200, —1958, 3200, ~5075] 2726[4,977,763, 3,138,688, —3,225,2631, 60,831,488, — 32,252,631, — 3,138,688, 4,977,763]

Notably, [63] found that no single transform consistently outperforms others across
all types of images. For natural (smooth) images, the 5/11-C, 5/11-A, and 13/7-T filters
demonstrate relatively better performance; in contrast, the 5/3 filter excels for images with
more high-frequency content. Furthermore, the strengths of different wavelet filters appear
to be generalizable, as evidenced by [63], which indicates that the performance of various
filters tends to be consistent across most lossless coders. In addition to filter selection,
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the number of decomposition levels also impacts the compression ratio. This parameter
can be fixed at 3 [75] or 5 [76], or made user-definable as seen in JPEG2000.

3.3.2. Wavelet Packet Transform

In ordinary DWT, decomposition occurs only on the lowest-frequency sub-band.
In contrast, the Wavelet Packet Transform (WPT) [77-79] decomposes every sub-band.
As the distribution of coefficients within a sub-band tends to be consistent, WPT can
decorrelate wavelet coefficients more effectively, making it particularly suitable for wavelet
encoders. Experimental results indicate that WPT can improve the compression ratio by
3.20% and 3.57% for SPECK and SPIHT, respectively [78,79]. Notably, a three-dimensional
WPT can be employed to process hyperspectral images as a whole [77], or it can focus
solely on decorrelating spectral information, while the remaining spatial information is
decorrelated using ordinary DWT [80].

3.3.3. Multiwavelet Transform

To address the limitations of DWT, which cannot simultaneously exhibit properties of
compact support, orthogonality, symmetry, vanishing moments, and short support [81],
the MultiWavelet Transform (MWT) [82,83] was proposed. MWT can be viewed as an
iterative application of DWT using two or more pairs of filters, thus increasing the design
flexibility of wavelet filters. This is expected to enhance image compression performance
compared to ordinary DWT. For example, [82] reported an improvement in compression
ratio by 10% over ordinary DWT using 9/7 and 5/3 filters.

3.3.4. Regression Wavelet Transform

The Regression Wavelet Transform (RWT) [84] represents another variation of DWT
aimed at further reducing redundancy in high-frequency information. In RWT, low-
frequency coefficients are encoded normally, while high-frequency coefficients are predicted
from the corresponding low-frequency coefficients using a regression model, as these co-
efficients are significantly correlated. The process is conducted level by level until the
coefficients with the highest frequency are predicted, with the regression model and pre-
diction residuals recorded. Various models and variants, including the maximum model,
restricted model, fast variant, and exogenous variant, were compared in [85,86], revealing
that the fast-restricted RWT performed best. Additionally, the number of decomposition
levels impacts performance: RWT with five levels outperforms those with one or eight
levels. Experimental results indicate that RWT outperforms the Haar and 5/3 wavelet
transforms by approximately 0.5 bit per pixel per channel (bpppc) [84].

3.3.5. Dyadic Wavelet Transform

Dyadic wavelet transform is a specialized form of the general wavelet transform in
which scales and translations are restricted to dyadic (power-of-two) values. This approach
produces the minimum number of coefficients required to represent an image. Although it
can be applied to hyperspectral image lossless compression [87], it is generally more suitable
for low bit-rate scenarios and tends to be less effective for strictly lossless compression.

3.4. JPEG2000-Based Methods

JPEG2000-based method is a special subset of discrete wavelet transform (DWT)
methods. JPEG2000 [6] is a renowned compression algorithm designed for color images,
notable for its high compression ratio at the cost of high computational complexity. It
offers both lossless and lossy compression modes. In lossless mode, input images undergo
preprocessing that includes tiling, DC shifting, and color transformation. Tiling divides
images into non-overlapping rectangular blocks, DC shifting centers pixel values around
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zero, and color transformation reversibly converts images from RGB to the modified YCbCr
color space. Each tile’s three channels of YCbCr are separately processed using 2D DWT
with 5/3 filters. The transformed coefficients are then encoded through embedded block
coding with Embedded Block Coding with Optimized Truncation (EBCOT), followed by
context-based arithmetic coding to produce the compressed bitstreams.

While JPEG2000 can compress hyperspectral images with up to 16,385 bands, it was
initially designed for monochromatic or RGB images. Efforts have been made to enhance
its compatibility with hyperspectral data through spectral (inter-band) decorrelation and
3D extensions. JPEG2000 Part I [6] allows decorrelation only for RGB images, treating each
hyperspectral band as an individual monochromatic image. JPEG2000 Part II [88] addresses
this limitation by permitting arbitrary spectral decorrelation methods, including wavelet
transforms [89]. Additionally, the JPEG group introduced “JPEG2000 Part 10—Volumetric
Data Encoding” [90], which incorporates systematic modifications for 3D support in tiling,
DWT, EBCOT, and arithmetic coding contexts. This extension allows user-defined tile sizes
and wavelet decomposition levels across all three dimensions. Furthermore, for EBCOT
and arithmetic coding, the number of neighboring bits used for context determination
increases from 8 to 26. These adaptations enable JPEG 2000 to achieve up to 6.8% higher
efficiency than CCSDS for noiseless images, but it is less effective for noisy images due to
the transform-based nature [91]. Besides, the scanning order can also impact compression
efficiency: [92] suggests scanning in a band-by-band order within a bitplane, as opposed
to the traditional bitplane-by-bitplane approach, yielding an average improvement of
0.04 bpppc without any additional cost.

In addition to the official JPEG2000 extensions, other modifications have been pro-
posed in the context of hyperspectral data. For instance, [75] explored various filters, includ-
ing Haar, 2/6, CDF 9/7,9/3, and 5/11-C—at different decomposition levels, concluding
that a 5-level DWT with the CDF 9/7 filter offers the most effective compression setup.

3.5. Simple Modification from 2D Compression Methods
3.5.1. Spectral Decorrelation

Compared with hyperspectral images, the compression of monochromatic and RGB
images has been extensively studied, resulting in numerous established lossless compres-
sion standards such as PNG [93] and JPEG2000 [6] and JPEG-LS [94]. Although these
standards were originally designed for two-dimensional images, they can be adapted for
hyperspectral data. A common and straightforward approach is to introduce a spectral
decorrelation pre-processing step.

The predominant strategy applies one-dimensional transformations in the spectral
domain, followed by JPEG2000 encoding. Typical spectral decorrelation techniques include
DWT [53,75], RWT [86], KLT [95], and DCT [53]. Experimental studies [53] consistently
show that DWT outperforms DCT for spectral decorrelation, with CDF 9/7 wavelet and
five decomposition levels yielding particularly strong results [75,76].

In addition, JPEG-LS [94] compression can achieve more than a 100% improvement
in compression ratio when the input is first spectrally decorrelated using a three-level
DWT with the 9/7 filter [76]. Another method for extending JPEG-LS to hyperspectral
data involves enhancing the MED predictor by incorporating information from preceding
spectral bands [96,97].

3.5.2. 3D to 2D Image Conversion

It is noteworthy that other transforms specific to hyperspectral images do exist [98]
proposes a method that converts a 3D image into a 2D representation, which transforms
each band of a hyperspectral image into a 1D stripe and stacking these stripes into a 2D
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image, as illustrated in Figure 6. This conversion effectively changes a 3D hyperspectral
image of size ZH*"*L into a 2D image of size Z!"W*L, thereby allowing the direct appli-
cation of standard 2D image compression algorithms. The study in [98] shows that this
conversion can yield a 10% to 20% improvement in compression ratios when applied to
various algorithms, such as CALIC, JPEG-LS, and JPEG2000, compared to applying these
algorithms independently to each band.

Channel 1

/

Channel 2107

Figure 6. 3D -to-2D conversion presented in [98].

3.6. Irreversible Transforms with Residual Encoding

With irreversible transforms, the image is first decomposed using an approximation
model, followed by the calculation of approximation residuals. This process requires encod-
ing and storing three sets of information: the transformed coefficients, the approximation
model, and the residuals. Viewed from another perspective, irreversible transform methods
can be likened to cascading lossy compression techniques combined with residual encoding.

Both irreversible KLT and DCT could effectively concentrate most energy into a small
number of coefficients. In the case of KLT, these filters are spectral-oriented eigenvectors
with large eigenvalues, while for DCT, they represent spatially oriented decomposition
filters concentrated in the low-frequency sub-bands. Following these transformations,
filters with high energy content can be quantized, while those with low energy content
can be omitted to reduce the size of the compressed file. Two representative algorithms
of this type include [35,99]. In [99], lossy KLT is used to create a lossy compressed image,
which is then transformed using a 3D Discrete Wavelet Transform (DWT), and the DWT
coefficients are encoded. Conversely, ref. [35] applies a 3D DCT and subsequently encodes
the transform residuals, calculated by subtracting the original image from the image
reconstructed using inverse 3D DCT of the quantized coefficients. Experiments conducted
in [35] explored various parameters and determined that a quantization interval of 64,
along with partitioning the spectral data into groups of 20 bands for the spectral DCT,
typically yields the best compression ratio. The results indicate that residual DCT can
outperform Vector Quantization (VQ) by approximately 0.5 bpppc.

3.7. Vector Quantization

Vector quantization (VQ) [100] is a special subset of irreversible transform methods
with residual encoding. It begins by partitioning the input image into non-overlapping
blocks, each containing n pixels, which are then reshaped into n-dimensional vectors. VQ
quantizes these vectors by dividing the vector space into several lower-dimensional sub-
spaces, each represented by an index. These subspaces function as reference vectors, and the
relationship between the vector space and reference vector indexes is stored in a codebook.
Consequently, the n pixels in a block can be represented by a single index. However,
as implied by the term “quantization,” not all information is captured by the index, necessi-
tating the recording of quantization residuals for lossless compression. Therefore, VQ must
document three types of information: the codebook, indexes, and quantization residuals.
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The codebook generation method is primarily established through the Generalized
Lloyd Algorithm (GLA) [101], a clustering algorithm that iteratively optimizes the centroid
and index of each cluster until convergence. Ideally, all image vectors should be used as
the training set, but this can be time-consuming. Research [102] indicates that a training set
of 1000 randomly selected vectors is statistically sufficient, significantly reducing codebook
generation complexity.

3.7.1. VQ Parameters

Several parameters influence VQ performance, including block shape, vector length,
and the number of reference vectors. Blocks can be purely spectral [102], spatial [103],
or three-dimensional. As the number of spectral bands increase, the spectral correlation
becomes more pronounced, making spectral blocks increasingly popular. The vector length
also significantly impacts compression ratio: longer vectors reduce address entropy but
increase residual entropy, while shorter vectors do the opposite. A balance found in [102]
sets the vector length to 16. Although [100] suggests a variable vector length based on
the differing entropy of pixel values across bands, it simply uses an exhaustive search
without a systematic method for optimization. An optimal reference vector number of 32
was found [102]. Similarly, this optimal number may not be suitable to all vectors and thus
optimal bit allocation of reference vectors is proposed in [104]. This optimization is done
with marginal analysis [105], which ensures a local optimal of bit allocation can be reached.

3.7.2. VQ Techniques

Besides the three main factors introduced above, several techniques can further affect
compression ratios, such as forcing the DC component of all vectors to 0 by subtracting the
mean [106]; normalizing vectors by dividing them with the mean [102] or the Euclidean
norm [107] for the ease of quantization; post-processing the quantization residuals by
recording the differences between current and previous bands instead [108]. Notably, nor-
malization with mean yielded the most significant improvement in compression ratio [102].
Lastly, to mitigate codebook overhead, ref. [104] proposed using pre-computed VQ that
does not need to be transmitted to the decoder, particularly effective for compressed im-
ages belonging to the same category, such as sounder data, which exhibit similar features
across images.

3.8. Modification Add-Ons: Clustering

Clustering is a straightforward approach for grouping similar pixels, thereby increas-
ing redundancy within each group. For instance, ref. [109] proposed improving KLT by
dividing the spectral bands into distinct clusters, allowing KLT to be performed indepen-
dently on each. This clustering strategy can marginally improve the compression ratio
while significantly accelerating calculations. In a related direction, ref. [110] classifies
spectral bands into high- and low-information categories and apply different compres-
sion strategies to them, based on an analysis of wavelet coefficients using Histogram of
Oriented Gradients and K-means clustering. Alternatively, ref. [111] refines the RWT by
clustering pixels based on their spectral information and applying different regression rules
for each cluster, achieving an enhancement of 0.1 bpppc in compression. Beyond trans-
formation methods, clustering can also be utilized in prediction methods, where pixels
are spatially clustered using superpixel [112] or k-means [113] techniques. A summary
of transform-based hyperspectral image compression methods reviewed in this section is
given in Table 4.
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Table 4. Summary of Transform-based Hyperspectral Image Compression Methods.

Method

Underlying Principle

Strengths

Limitations

KLT + DCT [52]

Performs 1D KLT along spectral
dimension followed by 2D DCT in
spatial domain

Compact energy representation;
enables lossy-to-lossless
compression

DCT is suboptimal for strictly
lossless compression; eigenvector
computation overhead from KLT

KLT + DWT [60]

Applies 1D spectral KLT followed
by 2D DWT in spatial domain

Strong spectral decorrelation
combined with multi-resolution
spatial representation; typically
better than pure DWT

High computational complexity
for eigen-decomposition and
multilevel wavelet transform

DWT [25]

Applies 3D DWT with
improved SPECK

Highly effective for spatial and
spectral decorrelation

Filter choice and decomposition
levels should be tuned per dataset

Wavelet Packet Transform [80]

Decomposes not only the
low-frequency sub-band but all
sub-bands into further wavelet
packets, allowing finer frequency
partitioning

Provides more complete
decorrelation; improves
compression ratio for
SPIHT /SPECK

Computationally expensive due
to additional decompositions

Multiwavelet Transform [81]

Employs multiple pairs of scaling
and wavelet functions
simultaneously

Better compression than scalar
DWT; flexible design space

Complex filter construction and
implementation

Regression Wavelet
Transform [85]

Predicts high-frequency wavelet
coefficients using regression
models based on low-frequency
coefficients at each
decomposition level

Significantly reduces redundancy
in high-frequency sub-bands;
improved coding efficiency over
ordinary DWT

Requires storage of regression
parameters and prediction
residuals; model choice impacts
performance

Dyadic Wavelet Transform [87]

Restricts scale and translation
parameters to dyadic
(power-of-two) values,
minimizing number of coefficients
required to represent signal

Extremely compact
representation; low
computational complexity;
efficient at low bit-rates

Less effective for strictly lossless
compression; limited adaptability

JPEG2000 (Part II: Extensions) [88]

Extends JPEG2000 to 3D images
by allowing arbitrary
spectral decorrelation

Internationally standardized;
supports up to 16,385 spectral
bands; progressive bitplane
coding; excellent compression
efficiency for noiseless data

High computational complexity;
transform-based approach is
sensitive to noise and can
propagate errors

DWT + JPEG-LS [76]

Applies 1D spectral DWT
followed by 2D JPEG-LS in
spatial domain

Simple to implement;
computationally efficient;
improved coding efficiency over
ordinary JPEG-LS

Compression performance lower
than full 3D transform
approaches; sensitive to filter and
decomposition level selection

RWT + JPEG2000 [86]

Applies 1D spectral RWT
followed by 2D JPEG2000 in
spatial domain

Competitive compression results
with reduced complexity
compared to KLT-based
approaches; benefits from
regression decorrelation

Less efficient than KLT+DWT
combination; residual coding
overhead still present

3D-to-2D + JPEG2000 [98]

Rearranges hyperspectral cube
into 2D strip image before
standard JPEG2000 coding

Allows direct application of
mature 2D coders; improved
coding efficiency over per-band
compression

Ignores intrinsic 3D correlation
structure; performance depends
on band ordering; less effective
for highly nonlinear spectral
correlations

DCT + Residual Encoding [35]

Applies lossy 3D DCT to obtain
compact representation, then
encodes residuals for

perfect reconstruction

High energy compaction; tunable
trade-off between compression
ratio and reconstruction fidelity;
outperforms vector quantization
in some settings

Requires transmitting DCT
coefficients and residuals; careful
quantization design critical to
avoid file-size overhead

Vector Quantization [100]

Divides data into vectors,
quantizes them by mapping to
nearest codebook entries,

and stores indexes plus residuals

Very effective for highly
correlated data; parameters can be
tuned for target performance

Codebook generation can be
computationally expensive;
overhead for transmitting
codebook; sensitive to training set
quality

4. Prediction Methods

Unlike transform methods which transform a block of pixels globally, prediction meth-

ods focus on compressing individual pixels and encoding the prediction residuals. This

type of methods is also called differential pulse code modulation (DPCM). Upon encoding
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a pixel, local information is inserted. This information can be extracted from the current
band or previous bands, forming spatial or spectral predictors. Under prediction methods,
a large number of predictors are proposed in the literature, which can be categorized as
spatial, differential, linear, hybrid and Look Up Table (LUT) predictors. Furthermore, two
popular standards including CCSDS and CALIC, one add-on modification named band
reordering are introduced.

4.1. Lookup Table

Although the term LUT [44] is used, this method does not require storing a LUT as
a codebook, making it fundamentally different from VQ. Instead, the LUT is generated
and updated dynamically during encoding, allowing it to be reproduced during decoding
without the need for any side information. The principle behind the LUT is that if two
pixels in band z — 1 have the same value, they are likely to have the same value in band
z. To predict 1, (x,y), we search in band z — 1 for a pixel at position (x/,y’,z’ — 1) with the
same value as I, 1(x,y), i.e, I, 1(x,y) = I,_1(x’,y), then set I,(x,y) to I,(x',v'). If no
such pixel is found in band z — 1, the pixel is considered an outlier, and iz(x, y) is set to
I,_1(x,y). If two or more pixels in band z — 1 share the same value as I,_1(x, y), the pixel
closest to (x,y) is selected. However, the calculation of distances between every two pixels
is resource intensive. To simplify this, when multiple pixels in band z — 1 match I,_1(x,y),
the most recently encoded pixel is used to predict 1,(x, ).

This principle is practically implemented as follows, which allows the LUT to be
generated and updated during encoding, avoiding the need for exhaustive search. For each
band, a new LUT is initialized. While encoding band z, whenever a new value I,_1(x’, ')
inband z — 1 is encountered, it is recorded as the index of the LUT, and I, (x’,y’) is recorded
as the corresponding value. If I,_1(x/,y’) already exists as an index, its corresponding
value is updated to I,(x’,y"). Consequently, when encoding iz(x, y), if index I,_1(x,y)
exists in the LUT, I,(x, y) is predicted as the corresponding value; otherwise, it is predicted
asI,_1(x,y).

4.1.1. Locally Averaged Interband Scaling

Various modifications have been made to this LUT method. For example, instead of
predicting ,(x,y) as I,_1(x,y) for outliers, ref. [114] proposed a method called Locally
Averaged Interband Scaling (LAIS), which calculates the average scaling factor between
bands z and z — 1 around the position (x,y). LAIS then predicts 1,(x,y) as the product
of I,_1(x,y) and the scaling factor, thereby preserving the local interband scaling. How-
ever, ref. [115] later found that LAIS does not always improve the prediction of outliers.
If LAIS is closer to 1, the conventional outlier prediction (2 (x, y) = I;_1(x,y)) should be
used instead.

Moreover, instead of storing a single pixel value in the LUT, ref. [114] proposed
storing up to N values for each index, creating N prediction candidates. The candidate
whose value is closest to the LAIS-predicted value is selected as the final prediction [116].
Simultaneously, refs. [117,118] introduced the idea of generating M LUTs for the previous M
bands, resulting in N x M prediction candidates per index. Similarly, the candidate closest
to the LAIS prediction is chosen as the final prediction. According to [117], the benefits of
increasing N and M diminish quickly as they grow larger, with optimal values of N = 20
and M = 4 balancing computational cost and compression efficiency. Further research
by [115] introduced three additional LAIS variations, demonstrating that the “Quotient of
Local Sums” outperforms standard LAIS in most scenarios.
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4.1.2. LUT with Outliers

With the pixel bit depth increases from 8 to 16 bits for modern hyperspectral im-
ages, the LUT becomes sparser, causing more pixels to be classified as outliers. Since the
prediction accuracy for outliers is generally lower than for those stored in the LUT, this
sparsity significantly reduces overall prediction accuracy. To address this issue, ref. [119]
proposed quantizing I,_1(x, y) before searching or inputting values into the LUT. They
recommended using a uniform quantization factor of 10 for applications requiring lower
computational complexity or optimizing the quantization factor through exhaustive search
for scenarios demanding higher compression ratios.

4.1.3. Prediction Residuals of LUT

While the LUT-based method can accurately predict 1, (x,y), the resulting prediction
residuals are not well-suited for entropy encoding. As shown in Figure 7, the distribution
of prediction residuals for both LUT and LAIS-LUT fluctuates at an irregular frequency,
whereas FL (Fast Lossless, a linear prediction method) produces residuals with a smoother
distribution. Most entropy encoders are less effective at encoding residuals with such spiky
distributions [120], which still remains a challenge.

0.06
—— LUT

0.05f coereen LAIS-LUT | ]
....... - FL

0.04

Fraction
o
o
w

Prediction Residual

Figure 7. The distribution of prediction residual for LUT-based and linear prediction methods [120].

4.2. Spatial Predictors

Spatial predictors were initially designed for monochromatic and RGB images but can
also be applied to hyperspectral images, either directly or with modifications. These predictors
rely solely on the spatial correlation between pixels, classifying each pixel into different groups
based on the values of its neighboring pixels and then applying specific prediction rules. Two
prominent spatial predictors are the Median Edge Detector (MED) [121] and the Gradient
Adjusted Predictor (GAP) [41].

4.2.1. Median Edge Detector

MED [121] is the core of the Low Complexity Lossless Compression for Images (LOCO-
I) algorithm, a well-known 2D image compressor recognized for its low complexity. LOCO-I
has been adopted by the international JPEG-LS standard [122]. MED utilizes five pixels
surrounding (x,y) to predict p, as shown in Figure 8. The underlying idea of MED is
straightforward: if a vertical line exists to the left of p, it assumes that p is also on the
same vertical line and predicts p = a; similarly, if a horizontal line exists above p, then
p = b. If neither condition is met, p is assumed to lie in a flat region, and a +b — ¢
is used to predict p. Since LOCO-I focuses on low complexity, MED employs a simple
decision rule for distinguishing edge pixels from flat-region pixels: p is predicted as being
in a flat region if ¢ lies between a and b, and the predictor uses a 4+ b — ¢, based on the
assumption that p — 3 (a +b) equals J(a +b) — c. Otherwise, the pixel is predicted to be
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on a vertical edge if abs(c — a) > abs(c — b), resulting in p = b, or on a horizontal edge if
abs(c —a) < abs(c — b), resulting in p = a. These prediction rules are summarized as

cad‘
‘ebﬁ

Figure 8. A causal template for MED.

a+b—c ifa<c<borb<c<a
p=4q b elsif [c —a| > |c — b , )
a elsif [c — a|] < |c —b]

and simplified to (10). It is worth noting that pixels d and e are not involved in the prediction
phase but are used later in the context-based entropy encoding stage.

min(a,b) if c > max(a,b)
Iy = { max(a,b) elsifc < min(a,b) . (10)
a+b—c otherwise

To make MED more appropriate to HSIs, a new fusion rule [96] is introduced in on
top of (10) that analyzes local consistency, resulting in a 24% improvement in compression
ratio. If both the absolute differences |a — a,_1| and |b — b,_1| are less than a threshold T,
then p is predicted as p,_1 +a —a;_4,

pr1ta—a, 1 ifla—a, 1| <TAnd|b—b, 1| <T

.} min(a,b) elsif ¢ > max(a, b) (11)
P= max(a, b) elsif ¢ < min(a, b)
a+b—c otherwise

Alternatively, refs. [37,123] categorize the neighbors of p into four spatial groups (north,
west, north-west, and north-east directions) and one spectral group. This categorization
yields four types of neighborhood local sums and nine types of local differences, which are
used to select the prediction mode and subsequently predict p. This method is referred to
as simple lossless algorithm (SLA) by the author [124]. The neighborhood pixels can also
be rearranged in band-interleaved-by-line [14] or band interleaved by pixel [15] orders to
enhance its compatibility.

4.2.2. Gradient Adjusted Predictor

The Gradient Adjusted Predictor (GAP) forms the basis of the CALIC algorithm [41,125].
Like MED, GAP categorizes pixels based on the direction and magnitude of surrounding
edges and applies different prediction rules accordingly. However, GAP provides a finer
classification, distinguishing between weak, normal, and sharp horizontal and vertical edges,
as well as smooth regions. GAP proceeds in two main steps. First, the horizontal gradient Jy
and vertical gradient J are estimated by

Oy =|la—e|+|b—c|+1|d—Db|, (12)

oy = la—cl+[b—fl+lc—gl (13)

Next, different prediction rules are applied based on the relative magnitudes of J, and
dy. If 65 exceeds d, by more than a threshold T, p is predicted to lie on a strong vertical
edge, with p = a. Conversely, if J; is smaller than 6, by Ty, a strong horizontal edge is
assumed, and p = b. If the difference between 6, and 4, is less than T3, the pixel is classified
as being in a flat region, with p = # + %. In other cases, p is predicted as the weighted
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average of a, b, and

atb | d—c
7 Tt

, depending on the direction and magnitude of the edges.

The full set of prediction rules is detailed in (14), where the thresholds T} > T, > T3 > 0
are typically set to 80, 32, and 8, respectively.

a if 6y — 6y > Ty
b elsif 6, — 6, < =T
Jot 4+ 4E) +da elsifé—0, > T
p= %(#—}—%) —i—%b elsif 6y — 0y < —T» . (14)
%(%4—%)4—%&1 elsif 6, — 8, > T3
g(# 4 %) +1p elsif 6, -6, < — Ty
ath 4 doc otherwise

4.3. Differential Predictor

Differential Predictor (DP), or differential encoding [91], might be the most funda-
mental and straightforward prediction methods. It assumes that pixel values between
neighboring pixels are correlated, and thus predicts the current pixel value based on its
neighbors. To minimize encoding complexity and memory cost, the neighbor selected for
monochromatic or RGB image compression is typically the last encoded pixel, i.e., p = a or
p = b. Besides calculating the difference, a similar concept can be achieved by employing
a bitwise exclusive or (XOR) operation [126]. While the exact origin of DP is unclear, it
has been widely applied in computationally efficient methods such as DC component
prediction in the JPEG international standard [127], which exploits spatial correlation.
For hyperspectral images, which exhibit strong spectral correlation, DP is usually used as a
spectral predictor, i.e., p = p,_1. In [128], the predictor is further refined by dividing each
spectral band into non-overlapping blocks, which are then predicted independently. In this
case, p is assumed to be linearly related to p,_1,

ﬁ = IB “Pz-1, (15)
with a constant scaling factor j for all pixels in a block.

4.3.1. Scaling Factor of DP

Since B cannot be generated by the decoder, it must be transmitted and stored with
the prediction residual. Although smaller block sizes yield more accurate values of §, they
also increase overhead. Trial experiments in [128] determined a block size of 16 x 16 to
be optimal.

To reduce the storage overhead,  can be predicted during encoding using surrounding
information. This is achieved by assuming that p at position (x,y) is similar to the values
at (x —1,y), (x,y — 1), and other neighboring positions. Thus,  is computed by solving a
linear regression problem,

2
a,_q a
min b= b (16)
B Cz—1 ¢
2

To further enhance accuracy, a bias term « is introduced [129], reformulating (15) to

p=pB pz1+ua,

(17)
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and the regression problem becomes,
2
a;_1 a
min || sl B = min||8B +a — A3 (18)
B Cao1 c ap >
2
which is solvable by
N N N
N Zl Aan - Zl An Zl Bn
_ n—= n—= n= , 19
P N N 2 19)
N LB (5
n=1 n=1
DIy
N = — An - '87 Bn. (20)
N n=1 N n=1

where N is the number of neighboring pixels.

4.3.2. Higher Order DP

Other ways to improve prediction accuracy is by either increasing the context win-
dow [130], or prediction order. In [31,131]. A third-order predictor is proposed, formulated as

p=pz1+P1(pz—1— Pz-2) + P2(Pz—3 — P2—4) + B3(P2—3 — P2-4), (21)

where 1, B2 and B3 are derived by solving the Wiener-Hopf equation,

o1 012 013 B1 o0
Ol 02 023 Bo | = | 02 |- (22)
013 023 033 B3 003

Here, 0;; represents a quantity similar to the covariance of neighboring pixels around
(x,y) between band i and band j (where 0y, represents the covariance btween band z and
band z — 2).

In addition, spatial information can be integrated to DP by incorporating additional
terms into the prediction rules. For instance, instead of simply predicting p as p,_1, infor-
mation from neighboring pixels can be included to enhance prediction accuracy [132] as

. 1 1
P:szl+§(€l—azfl)+§(b—b‘z,]). (23)

4.4. Linear Predictor

Linear prediction, also known as Fast Lossless (FL) [133], encompasses a group of
methods that predict the current pixel p based on a weighted average of pixels at the same
(x,y) position across the previous P spectral bands. The prediction order is typically fixed
to one, as inter-band correlations are generally linear. Experimental results indicate that
adding second-order terms to the prediction model does not justify the added complexity
and overhead [134,135]. Linear prediction is formulated as

p=wW'y, (24)
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where
1
Pz—1
V = p272 , (25)
Pz—p

and W is the weight vector, having the same dimension as V. The first element in V
represents a DC shift, which can be omitted.

Other than predictions based on p,_1 to p,_p, pixels from the current band can also
be incorporated into the vector V. For example, [136,137] allows the inclusion of 4, b, and ¢
in the prediction, i.e.,

v=| ° | (26)
Pz-1

Pz—p

4.4.1. Weight Vector of LP

There are multiple ways to compute W. One approach, as described in [47,138],
involves classifying all spectral data into clusters. This clustering can be performed using
k-means or soft k-means [139], by minimizing the standard deviation of pixel values within
each cluster, or by minimizing the variance of KLT coefficients for all pixels in a cluster [134].
Within each cluster, W is optimized by minimizing the squared prediction error for each
band. However, this method requires both the cluster index and all W values to be stored,
leading to significant overhead. To address this, [140] proposes dividing each band into
16 x 16 non-overlapping blocks (or 8 x 8 blocks [141]) and assigning a single W to all pixels
within each block, theoretically reducing the overhead by a factor of %.

To eliminate the overhead associated with storing the coefficients of W, several adap-
tive methods have been proposed that predict W using previously encoded information.
For example, ref. [46] suggests encoding and decoding a small number of representative
spectral data points from the image, then optimizing W based on these data points. Al-
ternatively, ref. [142] proposes predicting W using spectral data from neighboring pixels,
specifically those located to the left, top-left, top, and top-right of the current pixel. How-
ever, this method limits the number of coefficients in W to four, meaning P is capped at
three. Including more spectral data would allow the optimization of W with additional
coefficients, but this significantly increases computational complexity. To address this
issue, an update scheme for W is employed, where the next W is updated from the current
W by minimizing the square error recursively, which is also named least mean squares
(LMS) [143]. It can also be solved with recursive least squares (RLS) [144] at the cost of
high complexity. Similar to other update schemes, W is first initialized and then updated to
compensate for prediction errors, with further details discussed in Section 4.6, based on the
international CCSDS standard. Furthermore, the forgetting factor in RLS plays a crucial role
in prediction. In the standard RLS, this factor is typically considered fixed. Ref. [145] takes
an innovative step by proposing a variable forgetting factor, which significantly improves
prediction accuracy.

4.4.2. Lenghth of Weight Vector

In addition to the estimation methods for W, the choice of prediction length P can
significantly impact the compression ratio. The value of P can be fixed at 2 [136], 3 [137],
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4 [146], or include all previous bands [147]. In some cases, P is selected from values between
10 and 200 in steps of 10, through an exhaustive search to achieve the best compression
ratio [48]. Moreover, the selection of bands used to predict the current band can also
be optimized [148] proposes calculating the spatial correlation between the current band
and all previous bands, then choosing the best P bands for prediction. If the correlations
between the current band and all previous bands exceed a threshold, the pixel values are
encoded directly (i.e., f is set to 0) instead of encoding the prediction residual.

4.5. Hybrid Methods
4.5.1. Pre-Processing with Spectral Decorrelation

Spatial and spectral information can be decorrelated by pre-processing hyperspectral
images. For spatial predictors, spectral decompositions can be performed prior to predic-
tion. For instance, refs. [149,150] utilize a 5-level 2D discrete wavelet transform (DWT) with
a 5/3 filter to decompose each spectral band, followed by DP and AC, achieving a 10%
improvement in compression ratio over CALIC. Additionally, ref. [97] proposed predicting
the difference between p and p,_;. Specifically, ref. [97] applies MED to the difference
image &, which represents the difference in pixel values between the current and previous
bands at position a: §,(a) = a — a,_1. This modification enhances the compression ratio
by 81%.

) if 8;(c) > max(8z(a),8,(b))
p=13 p.—1+max(8z(a),8z(b)) elsif 8,(c) < min(8,(a), 82(b)) . (27)
) — 8z(c) otherwise

4.5.2. Pre-Processing with Spatial Decorrelation

Similarly, spatial decorrelation can be applied before using spectral predictors.
The CCSDS [39] can be viewed as a modified linear predictor that operates on a difference
image 8, where each pixel is calculated by subtracting the current pixel value p from the
average of four surrounding pixels, given by

&W)Zp—iw+b+c+@. (28)

Afterward, the prediction shifts from p to 8, (p). The detailed process for calculating
8,(p) is presented in Section 4.6. Once &, (p) is determined, the predicted pixel value p can
be obtained as follows, 1

p=38z(p)+ y(atbtc+d). (29)

Besides (28), the local-mean-removed pixel values can be formulated as 8,(p) =
p—(a+b+c)in[151]. Alternatively, p can be derived by averaging T previously encoded
pixels, as described in [112].

4.5.3. Cascading Different Predictors

Besides pre-processings, [97] utilizes MED predictor on the difference image & to generate
a residual image, which is further predicted spatially using Presigua = %(aresidual + bresidual )-
The residuals of residual image are entropy encoded to produce the output bitstream [131]
takes a step further by implementing a hybrid method in the first stage, using both a median
predictor and a linear predictor selected based on the band index, with predicted pixel
values refined through a modified LUT method. The residuals of refined predictions are
subsequently encoded.

It is noteworthy the number of cascaded operations for prediction are not limited to
two, as demonstrated by [152], which is a modified version of [131]. Ref. [152] performs
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hybrid prediction identical to [131], refining the results with LUT methods that incorporate
multiple candidates and prediction bands, followed by another refinement with a modified
LUT method. Experimental results indicate that [152] could outperform [131] by 1.5%.
Similarly, [113] employs a three-level cascaded predictor, consisting of a similar neigh-
borhood mean predictor to eliminate spatial redundancy, a low-order RLS predictor to
address spectral redundancy, and a high-order LMS predictor to obtain the final predicted
value. However, due to their complexity and ineffectiveness, multi-stage algorithms are
not preferred in the literature.

4.5.4. Cascading Bias Cancellation to Predictors

Another technique for processing residual images is is bias cancellation (BC). Af-
ter prediction, the residuals undergo BC first, followed by the encoding of the compensated
residual. Assuming the residuals are Laplacian distributed, shifting the mean of the resid-
uals to zero reduces their overall magnitude, which ultimately shortens the bitstream
generated by the entropy encoder.

There are various forms of BC, with two typical examples adopted by CALIC [41] and
LOCO-I [121]. Both methods generate the compensated pixel value by adding a bias e (n.)
to the predicted pixel value p, i.e.,

p=p+en) (30)

Here, € is a vector whose size corresponds to the number of contexts defined by the
encoder, e(n.) refers to the n.M bias in €, and n. is the index of the context to which the
current pixel p belongs.

Among these, CALIC tracks the prediction error between the predicted pixel value p
and the actual pixel value p, setting the bias to the mean error, i.e.,

e(n.) = mean(p — p,Vp € context n,). (31)

In contrast, LOCO-I utilizes the residual between the compensated pixel value § and
the actual pixel value. Whenever the residual after bias compensation averages 0.5 or more
(or —0.5 or less), the bias is incremented (or decremented) by 0.5,

€(n.) = [mean(p — p,Vp € context nc) x 2] /2. (32)

4.5.5. Band Adaptive Selection

Various studies indicate that no single predictor can accurately estimate p across all
frequency bands. As shown in [153], Figure 9 compares the entropies of spatial and spectral
prediction residuals and unprocessed pixel values for each band in the Jasper Scene 3 image.
While the spectral predictor yields the lowest average entropy, the spatial predictor or raw
pixels perform better in many bands. Consequently, using different predictors for different
bands has been proposed to improve compression.

The simplest predictor assignment relies on fixed rules. For instance, refs. [34,125,154]
apply spatial predictors to the first band and spectral predictors to the rest. Similarly,
refs. [136,153] note that images in the same dataset have similar spectral responses, enabling
a single rule for all images. For AVIRIS, spatial predictors are used for bands 14, 107-
114, 154-166, and 221-224, with spectral predictors for the others. A more accurate but
costly method encodes each band with both predictors, selects the one with the least mean
absolute error, and stores its choice as 1-bit side information per band.
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Entropy VS Band Numnber Jasper Scene 3
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Figure 9. Entropy plots for different predictors in different bands [153].

In addition to this simple approach, adaptive spectral band grouping can also be
employed [125] uses the spectral correlation factor Cz(z1,22) to estimate the correlation
between bands z; and z,, as

X Y _ —
;1 ;1 (111 (xr]/) - IZl) (Izz(x/y) - 122)
C:(21,22) = ——m : (33)
X Y _ 2 X Y _
\/Z Z (IZ1 (xry) - 121) Z Z (Ilz(x/y) - 122)
x=1y=1 x=1y=1
alongside the spatial correlation factor Cyy(z),
X-1Y-1 _ _
E L (L(xy)-E)LE+1Ly+1)-L)
x= =
Cryl2) = — X—1Y-1 =12 ‘ 9
Z Z (IZ(x/y) - IZ)
x=1y=1

When C;(z,z2) (typically z; = z — 1) exceeds Cyy(z), a spectral predictor is used; oth-
erwise, a spatial one is applied. To simplify, [155] computes only C, and selects the spectral
predictor if it exceeds 0.9. This band-level choice is stored as binary side information.
Alternatively, [32,33] avoid computing C, by predicting the first row or column with both
predictors, encoding the residuals, and choosing the predictor with the better compression
ratio for the rest of the band.

4.5.6. Block Adaptive Selection

This method divides each band into non-overlapping blocks [146] or clusters [18],
followed by applying neighbor-driven rules based on pixel position. Ref. [156] improves it
by computing spectral correlations to enable more precise predictor selection. Predictor
choices can be sent as side information, inferred from an arbitrary pixel’s error, or approxi-
mated using neighboring blocks. Finer granularity can be achieved by assigning predictors
per pixel based on pixel-wise correlation Cj, with neighbors [129],

IS S| 15|
|S|‘Z S21(5)S2,(s)— L Sz, (5) L S, (s)
Cp(z1,22)= = =1 =1 . (35)

s, (18 ? s, (18] ?
SIZ 897~ L8a(s) | | x| SIL82(5)7~( L8x(s)
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Other variations of correlation coefficients do exist, including the example in [157],
where the variance of S,, is used in the denominator.

1| || ||
|S| igl Szl (S)SZZ (S) - sgl Szl (S) sgl SZz (S)

CP(ZLZZ) = (36)

| 8| 2
I S5a(s)2 — L Sa(s)

When the correlation exceeds a threshold T, a spectral predictor is applied; otherwise,
spatial prediction is used. In [129], the threshold T is set at 0.5. The equation in (35)
also has variations, such as using 4 or 21 neighboring pixels to compute C, in [157,158],
respectively, instead of the 8 pixels used in (35). Instead of assigning predictors rigidly,
the assignment can be performed more flexibly [138,159] suggest applying both spatial
and spectral predictors for all bands, then computing a weighted average prediction value,

ie,p= Cpﬁspatial + (1 - CP)ﬁspectral-

4.5.7. Kalman Filtering

Kalman filtering can be applied to predict p [160]. It is well-known that Kalman
filtering requires three inputs: predicted value p, measured value w and Kalman coefficient
K. The final predicted pixel value p is calculated as

p=p+Kw-p). (37)

In the context of image compression, Kalman Filtering is fundamentally predicting p
using using two different methods and output the weighted average of p and w, where the
weighting is controlled by K. Here, p is calculated using DP as in (18), while w is obtained
via the standard 3D-CALIC algorithm. The Kalman coefficient K is according

PT=pPF +e_, (38)
P
K=—o—0p, (39)
P~ +€
Pt =(1-K)P". (40)

The first equation computes the a priori estimate P~ from the prediction error covari-
ance. The second equation then calculates the Kalman coefficient K, which is subsequently
used in the third equation to update the a priori estimate to an a posteriori estimate P.
In these equations, § is taken from (18), while sg_l and ¢ ; can be seen as the errors of p
and w respectively,

& =p.1—Bp2 (41)
€1 = Wz1— Pz-1, (42)

since the actual value of the predicting pixel p = p; is not available, p,_; is used instead.
Overall, Kalman filtering combined with 3D-CALIC as the measurement input yields a 5%
improvement in compression ratio over the baseline 3D-CALIC.

4.6. CCSDS

The CCSDS [39] algorithm is built upon LP. It adopts local-mean-removed pixel &,(p)
for prediction, as formulated in (28). It assumes that 8, (p) is closely related to the values in
the preceding P bands, denoted as 8,-1(p), 8z—2(p),-.., 5z—p(p). Therefore, the predicted
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value 8,(p) is considered a weighted average of the previous P number of §(p) values,
formulated as

5,(p) =WTV, (43)
where
8z-1(p)
Vx,y,z = bz-2 (P) ’ (44)
&,-p(p)

and W is the weight vector with the same dimension as V. The elements of W are continu-
ally updated after each pixel prediction to capture the statistical properties of the image.
Similar to other feedback algorithms, the initialization and updating of W are critical for
achieving accurate predictions.

In the CCSDS, W is initialized as

RSN

W= , (45)

7
8P
which the sum is not necessarily equal to 1. This does not introduce significant errors
because the mean of 8 is assumed to be zero, and the sum of W approaches 1 over multiple
iterations. The initialization strategy assigns lower weights to pixels (or channels) further
from the current one.
On the other side, W is updated according to

W — W +sgn(8,(p) — 82(p))27°V, (46)

where sgn(-) denotes the sign function, controls the direction of update, while 27° and V
control the magnitude of update. The logic behind the sign function is that if 8, (p) > 8,(p),
the predicted value &,(p) should increase, which is achieved by aligning the signs of
(8,(p) — 8,(p)) with those in V. Conversely, if §,(p) < 8,(p), the signs should be opposite,
resulting in a negative product and decreasing 8,(p). The magnitude of the update is
proportional to V because both & and V have a mean of zero. A larger coefficient in V
suggests that more significant information exists in that channel, so the weight vector W
should adapt more quickly. Finally, the second term, 27°, controls the learning rate of
W. As with most learning algorithms, the learning rate should be fast at the beginning to
achieve rapid convergence, then slow down for fine-tuning. The parameter p governs this

P:vmin+<x_x>/ 47)

tinc

learning rate by

where vpin and tinc are user-defined parameters, and X represents the image width.

With both W and V defined, the predicted difference 8, (p) can be calculated using (43).
Once §,(p) is determined, the CCSDS-123.0-B standard can losslessly encode the prediction
residual 8,(p) — 8,(p). The standard achieves a high compression ratio with low complex-
ity [161], and has been demonstrated through a verified Python 3.7 implementation [162].

4.7. CALIC
4.7.1. 2D CALIC

The Context-based Adaptive Lossless Image Codec (CALIC) [41] is a two-dimensional
compression scheme comprising prediction, bias cancellation, and coding modules.
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The prediction module employs GAP as the predictor. After performing GAP, CALIC
classifies the current pixel into a context. This context is determined by the values of [4, U, c,
d,e, f,2a — f,2b — e] and an error energy estimator calculated by oy + d, +2|p,_1 — po—1|.
The former 8 coefficients are quantized to 2 levels by threshold p,_;, whereas the error
energy estimator is quantized to 4 levels at thresholds 15, 42 and 85. These quantization
creates 4 x 28 = 1024 contexts in total. Among them, certain combinations are dependent
on the others which reduces the number of valid contexts to 576. Within each context,
the residuals undergo bias cancellation and sign flapping: if the mean of all encoded
residuals is negative, the sign of the encoding residual is reversed, otherwise the sign
stays unchanged. The 576 contexts are further quantized to 32 contexts. Standard AC is
performed for this final residual based on the 32 contexts.

In order to make 2D CALIC applicable to 3D hyperspectral images, [163,164] proposes
to modify the encoding scheme. Three different coding strategies are used under different
conditional entropies of the final residual between the current and previous band. If the
conditional entropy is 0, it means that the current and the previous bands are identical,
thus no further information is needed. On the other side, if the conditional entropy
approaches 1, the current band can be considered as independent of the previous band,
and thus the ordinary adaptive arithmetic is applied. Otherwise, biplane-wise distributed
source coding [165] is applied, making full use of the redundant information between
adjacent bands.

4.7.2. 3D-CALIC

The 3D Context-based Adaptive Lossless Image Codec (3D-CALIC) [129] employs
two types of predictors: intraband and interband predictors. When the current and pre-
vious bands exhibit weak correlation, GAP is applied as CALIC; otherwise, DP as in (18)
is utilized.

However, DP may not perform well when p lies on a strong edge, which can be either
horizontal or vertical. These edges are predicted using different formulas as

Pr=a+pB(p.-1—a:-1), (48)

po="b+B(pz—1 — bz-1). (49)

with pj, and p, representing the candidates for predicted values assuming horizontal
and vertical edges, respectively. It is important to note that the DC shift « is omitted in
Equations (48) and (49). The predicted candidates can be combined using a soft approach by

|sz1 - azflmh + |szl - bzflmv' (50)

P= |pz—1 - az—1| + |Pz—1 - bz—1|

Or perform a hard combination as

f)h if|7’2—1—ﬂz—1|_|Pz—1—bz—1| >T
ﬁ = f)v if |Pz—1 - bz_1| — |pz_1 — az—1| >T . (51)
%(lah + py) otherwise

4.7.3. Multiband CALIC

Multiband CALIC (M-CALIC) [166] is an improved version of 3D-CALIC. In 3D-
CALIC, a prediction rule selection module is utilized, where the interband predictor is
applied to predict a pixel only if the current and previous bands are locally correlated.
However, it has been shown in [166] that the interband predictor is generally more effective
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for hyperspectral images. Consequently, M-CALIC employs only the interband predictor,
eliminating the need for a prediction rule selection module.

Unlike 3D-CALIC, which uses only the previous band as the reference band, ref. [166]
demonstrates that the current band is strongly correlated with several previous bands.
Assuming a linear relationship, the pixel in the reference band # is formulated as

p=ki+kp—1+ksp:—2, (52)
which is a regression problem solvable by

min |k1 + kol 1+ k3l—o — IZ|§ . (53)
klrkZIk?)
For simplicity, k1, k2, and k3 are set to 8, 0.65, and 0.35 respectively for all images based
on trial experiments. Since the distribution of images varies, this reference pixel f is refined
through bias compensation with the average error of the previous band:

p'=p— (84065, »+035, 3—IL_1). (54)
Finally, DP is applied to compute p:

p=p-7+a (55)

4.8. Modification Add-Ons: Band Reordering

Compression algorithms with spectral predictors assume that the current band is
closely correlated with the previous band. However, it has been observed that the most
correlated band may not necessarily be the preceding one. By reordering the prediction
sequence of bands according to their degree of correlation, the prediction residual and,
consequently, the compression ratio can be enhanced. In fact, it has been demonstrated
in [166] that an improvement in compression ratio of 18% can be achieved with optimal
band reordering. A figure in [134] clearly illustrates this concept: after calculating the corre-
lation (using mutual information in this case) between all bands permutatively, as shown
in Figure 10a, an optimal prediction dependency emerges in Figure 10b. Here, the circles
and edges indicate band indexes and correlations respectively. Band 5 is encoded first,
followed by Band 4 and Band 2, while both Bands 1 and 3 use Band 2 as the reference band.
The degree of correlation can be approximated using mutual information or the correlation
coefficient introduced in (33).

The most basic reordering method involves selecting the best reference band from
all previously encoded bands [18,154]. Alternatively, the current band can be set as the
reference, encoding the most correlated band subsequently [167]. If a group of images is
generated by the same type of hyperspectral camera, the band ordering can be calculated in
advance [159,168]. More advanced methods convert reordering into a minimum spanning
tree (MST) problem in weighted graphs, where the bands are vertices and the correla-
tions between bands are edges. This graph can be directed or undirected. For directed
graphs, this means that each band can serve as the reference band only once, which can be
solved using Edmonds’ algorithm [169]. Conversely, for undirected graphs [155,170-172],
this limitation is removed, and the optimal connections can be found using Prim’s algo-
rithm [173], which offers a less complex approach for optimization calculations [155]. Given
that constructing the MST for all spectral bands is complex, adaptive band grouping can
be employed, followed by creating the MST within each group to reduce complexity [174].
Other modifications to band reordering include applying different types of reordering
methods for different images [175], and utilizing reordering aided by normalization [31]. A
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summary of prediction-based hyperspectral image compression methods reviewed in this
section is given in Table 5.

Table 5. Summary of Prediction-based Hyperspectral Image Compression Methods.

Method

Underlying Principle

Strengths

Limitations

Lookup Table [44]

Dynamically builds a lookup table
during predicting, mapping pixel
values in band z — 1 to their
corresponding values in band z

Requires no side information;
simple to implement; efficient
when strong spectral correlation
exists

Suffers from sparsity as bit depth
increases, more outliers; residuals
have irregular distribution,
reduced coding efficiency

Lookup Table with LAIS [118]

Enhances LUT by computing local
scaling factors between bands;
multiple candidates per index and
multi-band prediction (N x M
LUTs)

Improves prediction accuracy for
outliers and captures subtle
scaling effects between bands

Gains diminish as N and M
increase; little improvement when
LAIS approaches 1; adds
computational overhead

Median Edge Detector [121]

Classifies pixels into flat or edge
regions based on causal
neighborhood and applies simple
piecewise predictors

Low complexity; well-suited for
natural images

Considers only local context;
struggles with highly textured or
noisy hyperspectral data

Simple Lossless Algorithm [124]

Groups neighbors into spatial and
spectral categories and predicts
using local sums and differences

Exploits both spatial and spectral
correlation simultaneously

Neighborhood grouping must be
carefully designed; higher
complexity compared to MED

Gradient Adjusted Predictor [125]

Classifies pixel into edge or flat
categories, and applies weighted
prediction rules

High prediction accuracy; robust
to edges and local variations

More computationally expensive
than MED; requires careful
threshold tuning for classification

Differential Predictor [91]

Predicts current pixel value from
the corresponding pixel in the
previous spectral band

Simple and efficient; low
computational cost

Limited modeling capacity; poor
performance for weak spectral
correlation

Higher-Order Differential
Predictor [31]

Uses multiple previous bands and
spatial neighbors to improve
prediction accuracy

Captures long-range spectral
dependencies; improved
compression over simple DP

Increased computational cost and
memory usage; requires
parameter estimation and storage

Linear Predictor [145]

Predicts pixel as a weighted linear
combination of previous bands
and spatial neighbors,

with weights adaptively updated

Accurately models linear
inter-band correlation; supports
adaptive learning; yields high
compression performance

Weight estimation and update
add computational complexity;
sensitive to initialization and
learning rate

Band-Adaptive Selection [174]

Selects MED for spatially
correlated bands and DP for
spectrally correlated bands based
on inter-band statistics

Computationally efficient;
adaptively chooses best predictor
per band

Not suitable for scenes with rapid
spatial variability or low
band-to-band correlation

Block-Adaptive Selection [18]

Divides image into blocks and
selects predictor type per block
using correlation

Improves local adaptability;
boosts compression efficiency on
heterogeneous scenes

Requires correlation computation
per block; incurs side information
overhead

Three-Level Cascaded
Predictor [113]

Applies a multi-stage prediction:
local-mean removal — DP — LP
refinement.

Significantly reduces residual
energy; exploits spatial and
spectral redundancy hierarchically.

Multi-stage approach adds
computational cost and memory
usage

CCSDS-123 [161]

Standardized predictor for
spaceborne applications; uses
local-mean-removed pixel with LP

High compression efficiency; low
complexity

Suboptimal for highly nonlinear
or nonstationary spectra; requires
careful learning rate tuning

M-CALIC [166]

Extends CALIC to hyperspectral
data by combining inter-band
predictors

State-of-the-art prediction-based
compression; excellent
performance on diverse image
statistics

Computationally expensive;
memory-intensive; complex to
implement in real-time systems

Band Reordering +
3D-CALIC [168]

Reorders bands to maximize
spectral similarity before applying
3D-CALIC prediction

Ensures stronger spectral
correlation and improves residual
compressibility

Requires preprocessing step for
band ordering; increases latency
and overall complexity

Kalman Filtering +
3D-CALIC [160]

Fuses DP with 3D-CALIC using
Kalman gain for better prediction

Achieves additional compression
gain over 3D-CALIC; theoretically
optimal fusion

High computational cost; requires
per-pixel covariance estimation
and storage
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(a) Image Barbara (b) 1-level MWT of Barbara

Figure 10. Demonstration of 1-level MWT for image Barbara.

5. Deep Learning

Traditional hyperspectral image compression algorithms rely on handcrafted trans-
forms and explicit statistical models, such as linear transforms, predictive coding, and en-
tropy coding. Their design is analytically derived, assuming specific signal statistics such
as Gaussianity or local correlation. In contrast, deep learning-based methods replace these
manually designed components with data-driven neural models that learn transforms or
predictors directly from data through optimization. These approaches can capture complex
nonlinear correlations across spatial and spectral domains, offering greater representational
flexibility. However, since neural networks act as high-accuracy regressors, they generate
estimated values rather than exact ones, making them unsuitable for direct application
in lossless compression. As a result, they are typically employed either as irreversible
transforms with residual encoding (see Section 3.6) or as pixel-by-pixel prediction methods.

5.1. Deep Learning as Irreversible Transforms

The most popular irreversible transform in deep learning is the auto-encoder struc-
ture [176-178]. This structure integrally reduces the dimensionality of the input data
while reconstructing the original data with minimal errors. For such structures, both the
bitstream outputted by the encoder and the reconstruction residuals need to be stored
in order to reconstruct the original image losslessly. To reduce these residuals, ref. [179]
employed a stacked autoencoder. Alternatively, deep learning can be used more simply
as a downsampling and upsampling tool, serving a similar function but with greater in-
terpretability than autoencoders, as demonstrated in [180]. Recent research has seen a
growing reliance on transformer-based models to capture long-range dependencies in data,
which is a key limitation of convolutional autoencoders. For instance, ref. [181] proposed
a hybrid convolution-transformer autoencoder that uses a 1D CNN for local spectral fea-
tures and transformer layers with rotary embeddings for global dependencies, achieving
competitive compression fidelity. Similarly, ref. [182] designed a CNN-transformer mix-
ture architecture for compressed sensing, significantly improving reconstruction quality.
In a different approach, ref. [183] introduces a fully transformer-based autoencoder that
surpasses convolutional models with reduced computational requirements.

Beyond basic autoencoders, learned compression for HSI has evolved significantly.
Generative neural networks have been proposed [184] to learn the underlying probability
distribution of HSI data, offering a compact representation. To enhance the preservation of
critical information, methods now incorporate semantic guidance. For instance, ref. [185]
uses classification maps to maintain the spectral fidelity, while [186] employs contrastive
learning to prevent the collapse of discriminative spectral features during compression.
Architecturally, specialized models like [187] explicitly target spatio-spectral redundancies
using channel attention and 3D convolutions. At the frontier of generative modeling,
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diffusion-based frameworks such as [188] decouple efficient residual compression from
high-fidelity, iterative reconstruction, achieving superior spectral and perceptual quality.

Additionally, ref. [189] subsamples the input image into six subimages. The main di-
agonal subimage is compressed using a traditional method, while the other five subimages
are compressed by P2Net using the prior probability distribution obtained from the main
diagonal subimage. Building on this idea, ref. [190] further incorporates pixel probability
modules to achieve more accurate predictions.

5.2. Deep Learning as Prediction Methods

For prediction methods leveraging deep learning, the Recursive Neural Network
(RNN) is particularly well-suited for predicting sequential data. For example, ref. [191]
proposes a C-DPCM-RNN network to enhance the generalization ability and prediction ac-
curacy of the model. Meanwhile, ref. [192] incorporates the receptance weighted key value
(RWKYV) for both line and spectral predictors, facilitating fast and accurate predictions [193]
further integrates an attention module into the RNN. By focusing on important features,
attention mechanisms help in achieving more efficient and visually pleasing compressed
images. Moreover, ref. [194] applies a simple transformer encoding unit to predict the
current pixel value from 20 neighbors. Unlike pixel-by-pixel prediction, ref. [195] further
advances the approach by predicting entire rows, using inputs from preceding rows in the
same band as well as corresponding rows from previous bands.

Beyond directly predicting pixel values, ref. [196] advances this approach by predicting
the weight W of a linear predictor described in Section 4.4, leveraging the longer-term
dependencies of W. It inputs the predicted W into a RNN, which outputs the adjusted W.
Conversely, ref. [197] predicts W directly using a convolutional neural network by inputting
pixel values surrounding the current pixel. Moreover, the prediction with deep learning
can also be performed in the wavelet domain, as demonstrated in [198]. A summary of
deep learning hyperspectral image compression methods reviewed in this section is given
in Table 6.

5.3. Challenges in Strictly Lossless Compression

Despite the strong representational power, deep learning models face significant
hurdles in strictly lossless compression scenarios, which limit their practicality, especially
for onboard deployment.

¢  Entropy Modeling and Residual Encoding: The prediction or reconstruction residuals
generated by deep networks often deviate significantly from the smooth, Laplacian-
like distributions that traditional entropy coders are optimized for. These residuals
can be sparse, multi-modal, or exhibit irregular patterns. Consequently, the bit savings
from the compact latent representation can be offset by the cost of encoding the
residuals, reducing the overall performance.

¢  Computational and Memory Overhead: The computational and memory footprint
of deep models is typically orders of magnitude higher than that of traditional algo-
rithms like CCSDS-123. The requirements for powerful GPUs/CPUs and large RAM
buffers are incompatible with the low-power, radiation-hardened hardware used in
spaceborne or aerial platforms, making real-time, onboard inference infeasible for
most current architectures.

e Limited Generalizability: A model trained on one type of HSI often generalizes poorly
to data from different sources or with different characteristics, due to changes in the
underlying data distribution. Furthermore, deep networks may overfit to the specific
statistical properties of their training set, learning to exploit redundancies that do
not generalize across scenes. As a result, when encountering a new type of scene,
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prediction accuracy declines, yielding larger residuals and ultimately reducing the

compression ratio.

Table 6. Summary of Deep Learning Hyperspectral Image Compression Methods.

Method

Underlying Principle

Strengths

Limitations

Autoencoder [177]

Learns a nonlinear mapping to
compress input data into a
low-dimensional latent
representation, then reconstructs
it. Residuals must be encoded for
lossless reconstruction.

Powerful nonlinear
dimensionality reduction;
effective feature extraction;
flexible architectures.

Requires storage of residuals;
training can be computationally
expensive.

Stacked Autoencoder [179]

Uses multiple autoencoders in
sequence to iteratively reduce
residual error.

Reduced residuals compared to a
single autoencoder

Increased network depth leads to
higher computational cost and
memory consumption.

Transformer-based
Autoencoder [181]

Uses self-attention mechanisms to
capture long-range dependencies
in data.

Better modeling of global
correlations; competitive
compression fidelity.

High computational complexity;
requires large training data.

Generative Models [188]

Learns underlying probability
distribution of HSI data using
generative networks.

Compact representation; superior
spectral and perceptual quality.

Training instability; complex
architecture; slow sampling.

Transform with Subimages [190]

Subsamples input to multiple
subimages, compresses one
subimage conventionally,

and predicts others using learned
probability distribution.

Effectively reduces redundancy
between subimages; improves
coding efficiency by exploiting
spectral-spatial priors.

More complex architecture and
longer training time.

Pixel-wise Prediction [192]

Use neural network for
pixel-by-pixel prediction.

High prediction accuracy; good
generalization ability.

Sequential nature may limit
inference speed; computationally
heavy for large scenes.

Row-wise Prediction [193]

Predicts entire rows based on
previous rows and bands, instead
of pixel-by-pixel.

Significantly accelerates
prediction; reduces
context-switching overhead.

May lose fine local adaptivity
compared to pixel-wise
prediction.

LP with Weight Prediction [197]

Predicts linear predictor weights
W using neural network to gather
both spatial and spectral
dependencies.

Adapts well to varying spectral
statistics; reduces residual
entropy.

Training requires large datasets;
may overfit if spectral variability
is low.

Prediction in Wavelet
Domain [198]

Performs prediction in the
wavelet-transformed domain,
leveraging multiscale features.

Improves coding efficiency by
separating frequency components;
reduces spatial redundancy.

Additional computational
overhead for wavelet transforms.

6. Algorithm Performance and Comparative Assessment

6.1. Quantitative Comparisons

The quantitative comparison of representative hyperspectral image lossless compres-

sion algorithms is presented in Table 7, expressed in bits per pixel per band (BPPPB) across
five standard datasets: Botswana (BO), Kennedy Space Center (KS), Indian Pines (IP), Pavia
University (PU), and Salinas (SA) [199]. To ensure a reproducible and fair comparison,
all experiments were conducted under a consistent environment. The experiments were
conducted on Windows 10 with an AMD 7900X CPU and an NVIDIA GeForce RTX 4090
GPU. Traditional methods were implemented in MATLAB 2019a, while deep learning
models were built using PyTorch. For methods requiring training, we employed a leave-
one-image-out cross-validation scheme, where each test image was trained on the other four
available images. The data was partitioned into patches of size 64 x 64 x 48. All networks
were trained for a maximum of 160 epochs with a batch size of 32, using the Adam optimizer
with an initial learning rate of 5 x 10~* and He initialization for the weights.

Among the transform-based methods (Methods 1-11), an interesting observation is
that converting 3D hyperspectral data into 2D followed by JPEG2000 compression [98]
achieves the best performance. This is likely because the spectral correlation is generally
much stronger than the spatial one; hence, methods capable of fully exploiting spectral
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redundancy alone can achieve high compression efficiency. Among the three DWT-based
schemes (Methods 1-3), SPECK [25] outperforms others, as coefficients within the same
wavelet band exhibit similar magnitudes, forming more zerotrees. Between DWT [75]
and KLT [95], the decorrelation capabilities are comparable, and varying the wavelet
basis for DWT yields only marginal compression differences on these datasets. Both
DCT+residual [35] and VQ [100] must store the lossy coefficients along with residuals,
leading to inferior compression efficiency compared with standard transform-based SPECK.

Table 7. Summary of Compression Performances.

Class Group Method BO KS IP PU SA AVG
EZW [20] 7.74 5.70 7.80 7.58 6.00 6.96 23
22
3D DWT SPIHT [22] 7.35 6.21 7.59 710 6.08 6.86
SPECK [25] 7.07 5.40 7.23 6.97 5.39 6.41 %8
JP2K [88] 852 547 7.83 9.70 6.46 7.60 28
JP2K + DCT [53] 8.46 527 8.18 858 6.55 7.412%6
Transform Spectral JP2K + KLT [95] 732 410 7.86 7.80 6.16 6.65 18
Decorrelation  ypo 4 DWT5/11-C [75] 7.71 4.58 7.70 725 5.96 6.64 16
JP2K + DWT 5/3[75]  7.76 4.44 7.57 756 5.94 6.65 18
JP2K + 3Dto2D [98] 7.40 3.88 7.43 726 5.69 6.33 %
Irreverse DCT + Residual [35] 7.35 5.44 6.96 795 575 6.69 20
Transform VQ [100] 750 5.47 7.00 749 5.75 6.64 10
LUT [44] 781 3.74 7.36 7.67 5.39 6.40 %7
LUT LUT + LAIS [118] 7.44 4.86 7.40 735 6.06 6.62 14
LUT + Distance [118] 7.64 3.88 6.94 742 5.20 6.22 05
MED [121] 8.84 5.97 8.34 9.79 7.34 8.06 30
Spatial Simple Lossless [124] ~ 8.04 4.10 8.12 7.68 6.98 6.98 24
GAP (CALIC) [125] 8.68 5.50 7.84 9.35 6.64 7.60 28
DP [91] 724 640 7.17 695 5.31 6.6113
Differential -
_ Higher Orders DP [31] 7.17 5.80 7.07 6.70 5.32 6.41 Y8
Prediction e
Linear [145] 6.65 4.88 6.54 6.96 5.09 6.02 03
Linear
CCSDS-123 [161] 6.46 4.38 6.48 6.56 4.74 5.72 02
3D-CALIC [168] 741 424 7.39 7.16 6.78 6.60 11
CALIC
M-CALIC [166] 724 421 7.11 6.85 5.46 6.17 %4
Band Adaptive [174] 741 4.24 7.39 7.16 6.78 6.60 11
Hybrid Block Adaptive [18] 8.50 5.13 8.29 7.29  8.00 74427
Kalman Filtering [160] ~ 7.06 5.98 7.12 6.66 6.31 6.63 15
Transform AE [177] 7.65 6.75 7.71 794 6.79 7.37 %
Deep Pixel [192] 7.09 581 6.78 6.66 5.77 6.42 10
Learning Prediction Row [193] 743 622 7.09 712 6.09 6.79 21
LP [197] 6.38 4.36 6.38 6.40 4.73 5.65 01

The overall performance rank is denoted by superscripts of the average BPPPB. The top five and next five ranked
average BPPPB are emphasized in bold and underline.
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Prediction-based methods (Methods 12-26) generally outperform transform-based
ones. The international standard CCSDS-123 [161] achieves the best results by effectively
utilizing spectral correlation through adaptive weights W and spatial correlation via local
mean removal. LUT-based schemes (Methods 12-14) show limited benefit from LAIS
matching for outliers [118], while distance-based matching provides modest improvement.
Compared with spatial predictors such as MED [121], simple lossless (an improved MED
variant) [124], and GAP [125], spectral predictors like DP [91] and linear regression [145]
perform better, with the linear model showing particularly strong results. CALIC [125], 3D-
CALIC [168], and M-CALIC [166] represent successive refinements of the same principle,
yielding progressively improved compression performance. Although adaptive schemes
(Methods 24-26) attempt to merge spatial and spectral prediction, their fusion mechanisms
are not fully systematic, resulting in limited gains.

For deep learning-based methods (Methods 27-30), the LP network [197] achieves the
lowest average BPPPB, demonstrating that adaptive linear prediction integrated with neural
modeling can approach near-optimal lossless compression. Autoencoder-based [177], pixel-
wise [192], and row-wise [193] predictors also deliver promising results. Although their
compression ratios are slightly inferior to those of finely tuned statistical models, these
methods offer greater flexibility by learning nonlinear spatial-spectral dependencies directly
from data.

Overall, deep learning-based prediction [197] exhibits the greatest potential for fu-
ture improvement and is particularly suited for applications with stringent storage con-
straints, as training can be customized for specific datasets. In contrast, CCSDS-123 [161]
remains an excellent choice for resource-limited environments due to its low complexity
and competitive performance. Finally, for scenarios requiring compatibility with stan-
dard decompression tools, JPEG2000 with 3D-to-2D conversion provides a practical and
effective solution.

6.2. Comparative Analysis of Algorithm Categories

Based on the comprehensive review of methodologies and quantitative results pre-
sented in Table 7, this subsection provides an analysis of the three main categories of HSI
lossless compression algorithms, highlighting their inherent characteristics, performance,
and application scenarios.

e Transform methods decorrelate HSI by projecting it into a different domain. The main
strength lies in exploiting global redundancies while enabling useful features such
as progressive transmission and multi-resolution analysis, which are advantageous
for data browsing and scalable streaming. However, the computational cost and
large memory footprint make them less suitable for real-time, on-board compres-
sion. Overall, for use cases requiring broad compatibility and convenient decoding,
transform-based approaches, particularly JPEG2000 with 3D-to-2D conversion, offer a
practical and effective solution.

*  Prediction methods estimate each pixel from its neighbors and encode the resulting
prediction residuals. They typically achieve high compression efficiency with low
complexity, due to the ability to capture local spatial and spectral correlations with
minimal memory usage. The main drawbacks are limited parallelization due to se-
quential processing and a vulnerability to error propagation. Despite these constraints,
prediction-based approaches, especially the CCSDS-123 standard, remain highly suit-
able for resource-constrained platforms such as satellite on-board systems, where low
computational demand and strong overall performance are essential.

¢ Deep learning methods replace manually designed transforms and predictors with
data-driven deep networks. Their key advantage is the capacity to learn complex
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nonlinear spatial-spectral dependencies, enabling flexible and potentially superior
compression. The primary challenges include high training costs, limited interpretabil-
ity, and the lack of standardized frameworks. Nevertheless, deep learning-based
prediction currently shows the greatest promise for future advances, particularly in
scenarios with severe storage constraints where a model can be tailored to a specific hy-
perspectral dataset to achieve near-optimal performance in controlled, ground-based
processing environments.

7. Conclusions

Hyperspectral image lossless compression has garnered significant attention, lead-
ing to extensive research across various aspects of compression algorithms, including
entropy encoders, scanning orders, primary compression techniques, and other modifica-
tion add-ons. This review offers a detailed analysis of the principal compression algorithms,
systematically categorizing them into three distinct groups. The other areas are briefly
introduced, creating a comprehensive understanding of the entire compression process
from beginning to end. For each category, we present various methods along with modifi-
cation techniques highlighted in the literature, establishing a solid foundation for future
advancements. Through this review, we aim to illuminate areas that require further explo-
ration, ultimately guiding future research endeavors toward overcoming existing gaps and
enhancing the efficacy of hyperspectral image compression.

Despite these advances, several critical challenges remain unresolved:

e The trade-offs between compression efficiency and computational complexity, which
limit practical deployment in real-time or resource-constrained scenarios.

e The lack of standardized and universal datasets that are consistently tested across
different methods, hindering fair comparisons and reproducibility.

*  Robust performance across diverse scenes, varying noise conditions, and heteroge-
neous acquisition scenarios continues to be a major challenge.

¢  The limited adaptability of existing entropy coders to the highly correlated and com-
plex distributions inherent in hyperspectral data.

¢  The prevalence of traditional methods that are largely based on permutations or
incremental modifications of existing techniques, restricting significant innovation.

¢  The insufficient exploration and development of learning-based methods that strictly
adhere to lossless requirements, leaving their potential untapped.

Future research directions should focus on building large-scale, standardized bench-
mark datasets that can support fair evaluation across methods, while also exploring entropy
modeling techniques tailored to the unique statistical structures of hyperspectral data.
The integration of physics-driven priors and domain knowledge into machine learning
frameworks could enhance robustness and interpretability, especially under noise and
varying acquisition conditions. Moreover, hybrid approaches that bridge traditional algo-
rithmic strategies with learning-based paradigms may unlock new levels of compression
efficiency while preserving strict lossless guarantees.
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