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Abstract

This paper introduces an approach that combines a transport-based model of
hyperspectral pixels and a bootstrap sampling strategy to construct an ensemble
of background subspaces in the signed cumulative distribution transform (SCDT)
domain for robust anomaly detection in hyperspectral images characterized by
complex and varied background clutter. Each spectral signal (i.e., pixel) is treated
as an observation of an unknown background template pattern that has undergone
unknown, but restricted, deformation due to factors such as shadowing, look angle,
or atmospheric absorption. When combined with the SCDT—a transport-based
transform with close connections to one-dimensional Wasserstein embedding—the
model induces convexity of hyperspectral pixel representations in the SCDT space
and facilitates the construction of subspace models that characterize dominant
background signals. A bootstrap sampling strategy in the ambient domain yields
an ensemble of background subspace models in SCDT domain and anomalies are
subsequently detected as pixels that do not conform to any of the learned subspace
models. Experiments on six benchmark hyperspectral datasets demonstrate that
the approach effectively captures spectral variability and reliably detects anomalies
with low false alarm rates, outperforming state-of-the-art comparison methods in
most cases. These results underscore the potential of transport-based subspace
representations for robust and interpretable hyperspectral anomaly detection across
diverse imaging scenarios. Finally, the geodesic properties of the SCDT embedding
are leveraged to provide a geometric interpretation of the method via visualization
of paths between test signals and their subspace projections.

1 Introduction

Hyperspectral imaging (HSI) captures detailed spectral information, enabling the detection of subtle
differences between ground objects. Unlike standard RGB cameras, HSI sensors densely sample
the spectrum, preserving fine material information that is often lost in conventional imaging. Hy-
perspectral anomaly detection (HAD) aims to identify pixels in an HSI whose spectral signatures
deviate from the surrounding background. HAD has proven effective in numerous applications,
including environmental monitoring |Xu et al.|[2019], intelligent agriculture |Goel et al.|[2003]], min-
eral exploration [Tan et al.|[2019], and defense or surveillance Su et al.|[2021]. However, the task
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remains challenging due to variability in background spectra, atmospheric conditions, illumination
changes, and alterations in target properties. Unsupervised HAD methods are particularly useful in
such scenarios, as they can reliably detect anomalies without requiring prior information about target
or background signatures.

HAD methods can be grouped into model-based, representation-based, and deep learning-based
approaches. Model-based techniques, such as Reed-Xiaoli (RX) Reed and Yu|[[1990] and its variants
Nasrabadi [2008]], [Kwon and Nasrabadi [2005]], Matteoli et al.|[2010]], detect anomalies by assuming
specific statistical distributions for the background, but their performance may be limited when
these assumptions do not fully hold. Representation-based methods overcome this limitation by
reconstructing background pixels from a dictionary and identifying anomalies as deviations |Liu et al.
[2012], Xu et al.|[2015]], though they are often iterative and require careful parameter tuning. Deep
learning approaches, including autoencoders and self-supervised models [Fan et al.|[2021]], Wang
et al.| [2023blla]], offer strong detection performance but lack explicit background modeling, which
can limit interpretability and theoretical guarantees [Li et al.|[2023].

Optimal transport—based techniques have recently been applied to estimation and detection problems
due to their ability to simplify certain nonlinear tasks |Park et al.[[2018]], |Aldroubi et al.| [2022],
Thareja et al.|[2022]], Rubaiyat et al.|[2022]]. In Emerson et al.| [2018]], a kernel principal component
analysis (kPCA)-based background modeling approach for HSI was proposed, utilizing an optimal
transport geodesic—based augmentation strategy to enhance the KPCA feature space. Following this
line of research, Rubaiyat et al.| [2025]] introduced an optimal transport-based anomaly detection
method that combines the SCDT with principal component analysis (PCA) to construct a linear
subspace for modeling the HSI background in the transform domain. Anomalies were identified
as signals that did not conform to this subspace. While effective, this single-subspace assumption
may not adequately capture the variability present in many real hyperspectral scenes. The method
we propose here extends this framework by constructing multiple subspaces in the SCDT domain,
facilitating a more accurate representation of the spectral diversity in hyperspectral data.

We briefly discuss the application of the SCDT to HAD in Section 2] and in Sections[3.1]and [3.2] we
present a transport-based mathematical model to represent hyperspectral pixels, assuming that their
spectral signals are generated from a set of templates under unknown deformations. In Section[3.3]we
use a bootstrap sampling strategy in the ambient domain to construct multiple subspaces in the SCDT
domain from the sampled signals. Anomalies are then identified as pixels whose spectral signatures
do not conform to any of the constructed subspaces, indicating deviations from the proposed transport
model. In Section [3.4] we leverage the geodesic properties of the SCDT embedding to provide a
geometric interpretation of the HAD method by visualizing the paths between test signals and their
projections onto the constructed subspaces. We evaluate the approach on multiple hyperspectral
datasets and compare against competing methods in Section ] before concluding in Section [5]

2 Background on Hyperspectral Anomaly Detection in SCDT Domain

2.1 Signed Cumulative Distribution Transform

Park et al.| [2018]] first introduced the cumulative distribution transform (CDT), a transport-based
transform, for positive probability densities. Consider a signal s(z) and a fixed reference so(y),
both positive within their respective domains Q, and Q,, with unit total mass: [, s(u)du =

Jo so(u)du = 1. The CDT of s with respect to reference s is defined as s*(y) = S~'(So(y)).
50

where S(x) = fiif(ﬂ ) s(u)du and Sy(y) = fii’lf(g ) so(u)du. When the reference signal s is
s S0

uniform, the CDT simplifies to:

s'(y) =S~ (), e))
which is the formulation adopted throughout this work. |Aldroubi et al.|[2022] extended the CDT
framework to handle general finite signed signals, introducing the signed cumulative distribution
transform (SCDT). For a non-negative signal s(x) with arbitrary total mass, the SCDT is given by:

sy — 4 W) llsllz,), ifs #0
S(y)_{(O,O), L ifs =0,

where s* represents the CDT (eq. ) of the normalized signal W For a general signed signal
1

@)

s(x), the transform first decomposes s into: s(z) = sT(x) — s~ (z), where s7(z) and s~ (z) are the



absolute values of the positive and negative components of the signal s(z). The SCDT of s(z) is then

expressed as:
8(y) = (57 (), 5 v), 3)

where 51 (y) and 5~ () represent the transforms of the positive and negative components of s(z), as
defined in eq. (2).

2.2 SCDT Subspace Model for Hyperspectral Anomaly Detection

The SCDT possesses several useful properties, including composition and convexity properties
Aldroubi et al.| [2022]], that help simplify data geometry |L1 et al.| [2022], thereby making it more
suitable for solving many nonlinear estimation and detection problems Rubaiyat et al.| [2024alb].
Rubaiyat et al.|[2025] recently introduced an HAD method that leverages the SCDT in combination
with subspace modeling of hyperspectral pixel signatures. In their framework, the spectral responses
of the background (non-anomalous) pixels are assumed to follow a certain mathematical model:

b b
s® = {55 = gjo 0 95,9, € G}, )

where each spectral signal sg-b) is expressed as a deformed version of a template ©(*), and G represents

a set of differentiable, increasing deformations, such as scaling or warping. Here, s o ¢ = s(g(x))
denotes the composition of s(z) with an invertible function g(z), where ¢’ = dg(z)/dx. For instance,
under translation and scaling, g(z) = wz — p, yielding s,(z) = ws(wz — p). In the SCDT domain,
these background spectra are assumed to be well approximated by a low-dimensional subspace,

denoted as V() = Span (§(b)). The anomaly score for a given test signal s is then computed as the

distance between s and its nearest point in Vo, larger distances are expected for anomalous pixels
compared to background pixels. While this approach performs well across various HSI datasets, the
assumption in eq. (#)—that the hyperspectral scene is predominantly homogeneous—may not hold
in more complex environments. In the following section, we extend this framework and propose an
improved model to better represent background pixels.

3 Proposed Approach

This section presents a transport-based mathematical model for hyperspectral pixels, defines the HAD
problem based on the model, and introduces a new method to address anomaly detection. Finally, it
provides a geometric interpretation of the proposed approach.

3.1 Transport-based Model for Anomaly Detection Problem

Consider a hyperspectral image, S = {s;}¥.; € RP* where N denotes the total number of pixels
and D is the number of spectral bands, with each spectral signal s; € R”. The pixels in S can be
categorized into two groups: background (non-anomalous) and anomalous. In a homogeneous HSI
setting, background pixels typically exhibit strong spectral correlation. Based on this assumption, the
method proposed in|Rubaiyat et al.|[2025] modeled the spectral signatures of background pixels using
a single representative set, as shown in eq. (). However, in real-world scenarios, the background
of an HSI usually comprises diverse materials and objects, such as vegetation, roads, buildings, and
shadows. As a result, the model in eq. (@) is insufficient to fully represent the complexity of real
HSI backgrounds. To address this, we model background signals as originating from a collection of
templates, rather than a single template, with each spectral signal undergoing unknown deformations.
Under this assumption, the set of all possible background signals is represented as a union of subsets,
where each subset corresponds to the spectral signals generated from a specific template.

Let S denote the set of all possible background pixel responses. For a set of strictly increasing 1D
deformations denoted as G C 7T, the 1D transport-based model for the set S® ig defined as:

M
S® = U S, g» With S o) ;= {s;b2n|s;bzl = g;«pg;) 0gj.g; > 0,95 € Q} , 5
m=1



where G defined such that G~! = {Zle ;i fi, o > 0}, {f1, fay. .., fx} is a collection of linearly
independent, strictly increasing functions over the signal domain, & is a positive integer, and 7
denotes the set of all increasing diffeomorphisms. In this formulation, the subset S L g Tepresents
the spectral responses corresponding to the m-th background object and is generated from the
template <p( ) under strictly increasing deformations specified by G. In essence, each of the m
background materials in a scene has an underlying template spectrum that undergoes deformations
defined by G. While these templates and deformations are unknown, the proposed approach uses the
sampling scheme described below to construct subspaces that approximate the background subspaces
corresponding to these theoretical ground truth templates, enabling effective anomaly detection.

Problem Statement: Let S denote a hyperspectral image (HSI) consisting of a large number of
background pixels S() C S® and a small number of anomalous pixels S(®), with S(*) 0 S®) = .
Suppose the background set S(*) is characterized by the model in eq. . The objective is to decide,
for a given pixel s € S, whether it is anomalous; that is, to determine if s ¢ S(®)

3.2 Proposed Solution

To leverage the advantageous properties of the SCDT, we first map the spectral signals to the SCDT
domain and subsequently conduct anomaly detection in the transform space. In the transform domain,
the background model defined in eq. (§) is expressed as:

M
SO — U Sgoﬁfi),g’ with Sg;i,’i),g = { | = ‘_ o 2 fegn } ©
m=1

where 9;1 o @S}? denotes the SCDT of the signal g;- @Sf’) o g;, obtained using the composition property

of the SCDT. The set G~ 1, defined in eq. , is convex by construction. Previous studies |Rubaiyat
et al.[[2024alb] have demonstrated that many practical signal classes can be modeled through such
differentiable, strictly increasing deformations. Consequently, by the convexity property of the SCDT,

each subset S o® g is convex for any template @5,2) Given, the set S® is constructed as a union of

subsets S(puq) G the background pixels can accordingly be viewed as lying in a union of multiple
subspaces, with each subspace associated with one of these subsets. We therefore define the subspace
generated by the convex set S ROWR

Pm’

VS;) = span (gwgrb&g) . @)

By applying the definition of G~! to eq. (@, the set S B g in the SCDT domain can be expressed as
g(b) {(Zaf)mp(b a1>0}

where { f1, f2, ..., fx} is a set of k linearly independent, strictly increasing functions, for example,

integrals of positive basis functions such as Gaussian or polynomial functions. This formulation
implies that the subspace VS;) is k-dimensional.

Now, if a test data point s € S, belongs to the background, then it is generated according to the model
in eq. . In such a scenario, there exists a template <p§f;) such that d?(, VS,?) = 0, where, d(-,-)
denotes the Euclidean distance between 5 and its nearest point in Vg,l;). Conversely if s is anomalous,

it does not conform to the background model, and for every template @572), we have d? (5, WA/SQ)) > 0.
Therefore, assuming that the background pixels in S are generated according to the model in eq. (3)),
the anomaly score for a test data point s € S is defined as:

co =min d2(3E,VY), m=1,2,..., M. (8)
Since an anomalous point does not belong to any of the subspaces, the anomaly score ¢, will be
higher for anomalous data points than for background pixels. It is worth noting that, although the
model assumes background signals are generated from a set of templates <p$£? under deformations in
G, the algorithm does not require prior knowledge of either the templates or the deformation set.



Algorithm 1 Bootstrap sampling-based subspace modeling in SCDT domain for HAD

1: Input: HSI'S = {s;} Y, parameters: number of bootstrap iterations N., number of pixels per
iteration NV

2: Qutput: Anomaly score €, for test signal s € S

3: for! = 1to N, do

4: Draw N, pixels from S with replacement to form S; = {si}f\fl cS

5: Compute SCDT of each sample in S; and form: S; = {?Z}f\il

6: Apply PCA to S; and choose k principal components explaining at least 99.99% of total
variance

7: Form subspace basis matrix B; = [b1, ba, . .., b;] using the k components

8: end for

9: Compute anomaly score for test signal s:

€0 = min||5 - BB 5],

3.3 Approximating Background Subspaces for Anomaly Detection

The proposed method begins by applying the SCDT to the spectral signals of a given HSI. Since
all the datasets considered in this work contain non-negative spectral signals, we use the SCDT
formulation in eq. for all signals. The next step is to construct the subspace @53) in the SCDT
domain. However, because the templates ga%’;) are unknown and the problem is unsupervised, the
subsets S¢£g> g cannot be explicitly constructed. Consequently, it is not possible to directly estimate

{752) using eq. H In this work, we adopt a bootstrap sampling strategy to construct multiple subsets
of hyperspectral pixels from a given HSI. Specifically, we randomly draw N pixels (Ny << N)
from the HSI S to form the first subset. This process is repeated IV, times with replacement, yielding
a total of IV, subsets. Each subset is denoted as S; = {si}ﬁv:sl C S,wherel = 1,2, ..., N.. For each
subset, we first apply tlle SCDT to every spectral signal in S;, yielding the transformed set §z~ Next,

PCA is performed on S; and the k£ most significant principal components are extracted. Following
Rubaiyat et al.|[2025]), the value of the parameter & is chosen such that the first k£ components explain
at least 99.99% of the total variance of the HSI.

Let B; = [b1,ba, ..., b denote the matrix whose columns are the k principal components of §l.
Since each subset S; is generated from randomly sampled pixels of an HSI that contains a large
proportion of background pixels, the basis vectors in B; predominantly span a background subspace.
=(b)
We denote this subspace as V; , where | = 1,2, ..., N.. Although a bootstrap-generated subset
= (b)
S; does not strictly satisfy the definition of S@(m o in this work we assume that V;, serves as an

approximation to WA/S;) for some pair of indices [ and m. Under this assumption, the anomaly score in
eq. () can be approximated as:

= (b)
€a ~ min d*(3,V, ), 1=1,2,...,N.. )

For a test signal s, the corresponding anomaly score is computed by:

€a ~ min |s— B,B/'3]3,, (10)

where B;B]'S represents the projection of § onto the subspace spanned by the columns of B.

Equivalently, this can be viewed as reconstructing 5 using only the components within the background-
= (b)

dominated subspace V; . Thus, if s is anomalous, its reconstruction error—and hence the anomaly

score—will be larger than that of a background signal. Algorithm T]outlines the proposed approach

used to evaluate the anomaly score. Note that for a given set S;, the distance in eq. is obtained in

closed form, making the proposed method highly computationally efficient.
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Figure 1: Visualizing the geodesic path p,, between a test datum and its projection onto the nearest
subspace modeled by the proposed method. (Upper panel) Path between a background signal and
its projection. Given the constructed subspace is background-dominated, both the projection and
intermediate signals (for « = 0.25,0.5,0.75) closely resemble the background signal s € S®),
(Lower panel) Path between an anomalous signal s € S(®) and its projection. In this case, the
projection and path signals differ visibly from the original signal. Also note that the anomaly score
€, 1s much smaller for the background signal than for the anomalous signal.

3.4 Geometric Interpretation of the Proposed Method

This section provides a preliminary interpretation of the proposed subspace modeling—based HAD
method using the geometric properties of the SCDT embedding. According to |Li et al.| [2022],
a geodesic does not necessarily exist between arbitrary signals in the SCDT space. However, a
Euclidean geodesic exists between two signals s and p := ¢'s o ¢ in the SCDT space, where
g : R — R is a strictly increasing differentiable function. Given the SCDTs 5 and p, as defined in
eq. (2) for non-negative signals, the geodesic & — p,, Vo € [0, 1] is expressed as:

Pa = [(1 = )|sllz, +allple,] (1 = @)s™ + ap™) (11)

in the SCDT domain. Here, p,, represents the SCDT of p,, a point along the geodesic path. As
outlined in the previous section, the proposed algorithm employs a bootstrap sampling approach to
construct multiple subspaces representing the background spectral signals. The anomaly score for
a test datum s is then computed as its distance to the nearest subspace in the SCDT domain. If the
approach can accurately capture the subspace containing s, its projection s' onto the corresponding
subspace should ideally coincide with s; in practice, we observe s! ~ s. Moreover, the path defined
by eq. between s and s is expected to contain signals of similar shape (upper panel of Fig. .
In contrast, for an anomalous signal s € S(® that does not satisfy the model in eq. (5), the path may
include signals of arbitrary shape (lower panel of Fig. [I).

4 Experiments and Results

Six hyperspectral datasets are used to evaluate the proposed method. AVIRIS-I|Xu et al.| [2015]],
collected over San Diego, CA, USA using the Airborne Visible/Infrared Imaging Spectrometer
(AVIRIS), contains 224 spectral bands, of which 186 bands are retained after removing low-SNR
bands. A 100 x 100 subregion is selected from the upper-left corner of the full AVIRIS scenario, with
airplane pixels labeled as anomalies. AVIRIS-II|Huyan et al.|[2018]], a 200 x 200 subregion from
the same AVIRIS image, includes more diverse background materials, and airplane pixels are again
considered anomalous. The HYDICE Urban dataset Xu et al.| [2015]] has a spatial size of 307 x 307
pixels with 162 bands. It depicts an urban scene with vegetation, construction sites, and roads, where
roof pixels are marked as anomalous. The Pavia University dataset|Grana et al.|[2021]], acquired by
the ROSIS (Reflective Optics System Imaging Spectrometer) sensor, contains 610 x 340 pixels and
103 spectral bands. It provides an aerial view of a campus area with various land-cover types, where
painted metal sheets are treated as anomalies. The Airport dataset Kang et al.|[2017]], collected over
Gulfport city by the AVIRIS sensor, consists of 100 x 100 pixels and 191 bands, and contains three
anomalous aircraft of different sizes and shapes. Finally, the HYDICE Forest Radiance I dataset
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Figure 2: ROC curves and AUC scores (FPR < 1072) for all methods across six hyperspectral
datasets. The dark blue curve represents the average ROC of the proposed method over 50 runs,
with the shaded area indicating one standard deviation (computed using Python NumPy; TPR
values assumed normally distributed at each FPR value). Results are reported up to FPR < 1072
to emphasize performance under low FPRs. Experiments for the proposed method were run on
Windows 10 with a 13th Gen Intel Core i9-13950HX CPU and 64 GB RAM. The associated run
times averaged across the 50 runs were approximately 28, 89, 328, 231, 37, and 282 seconds for the
Aviris I, Aviris II, Urban, Pavia, Airport, and Forest datasets, respectively.

Olsen et al.|[[1997] consists of 210 spectral bands, of which 158 are retained. Following|Olson and
Doster [2017]], a 600 x 293 subregion from the original 1280 x 308 image is used for evaluation.

To benchmark the proposed approach, we compared its performance with several widely used anomaly
detection techniques, including Reed—Xiaoli (RX) |[Reed and Yu|[[1990]], unsupervised ensemble-
kernel PCA (UE-KPCA) Merrill and Olson| [2020], low-rank and sparse representation (LRASR)
Xu et al.[[2015]], robust graph autoencoders (RGAE) [Fan et al.|[2021]], pixel-shuffle downsampling
blind-spot reconstruction network (PDBSNet) [Wang et al.|[2023b]], and blind-block reconstruction
network (BockNet) |Wang et al|[2023a]]. Additionally, to highlight the improvement over single
subspace modeling, we included a comparison with the SCDT-SS method proposed in|[Rubaiyat et al.
[2025]). To implement the proposed method, we utilized the SCDT functionality from the PyTransKit
package [Imaging and data science lab|[2021]] and the PCA module from scikit-learn |Pedregosa et al.
[2011]]. The parameters N and N, were empirically set to 256 and 128, respectively; future work
may investigate systematic approaches for their optimization. The evaluation was carried out on the
six hyperspectral datasets introduced above. Performance was measured using the area under the
receiver operating characteristic (ROC) curve (AUC), which is a widely adopted metric in anomaly
detection. The AUC ranges from O to 1, with higher values corresponding to stronger discrimination
between anomalous and background pixels.
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Figure 3: Row (a): Approximate RGB images of the datasets; (b) corresponding ground-truth maps;
(c) binary detection maps generated by the proposed method with a specific threshold for each set
that yields F PR = 10~2; and (d) binary detection maps generated by the best competing methods
with thresholds corresponding to F PR = 10~2. From left to right, the best competing methods are
SCDT-SS for AVIRIS-I, AVIRIS-II, Urban, and Pavia, and BockNet and LRASR for Airport and
Forest, respectively.

The AUC score is generally obtained by integrating the ROC curve up to a false positive rate (FPR)
of 10°. In practice, however, detection performance at low FPR values is often more critical. Fig.
presents the ROC curves and AUC scores up to FPR = 102 for all comparative methods across
the six datasets. Due to the stochastic nature of the bootstrap sampling strategy, the proposed method
was executed 50 times per dataset. The dark blue curve in Fig. |represents the average ROC, with
the shaded region indicating one standard deviation. The results indicate that the proposed method
outperforms other approaches on four datasets—AVIRIS-I, HYDICE Urban, Pavia University, and
Airport. For AVIRIS-II, the method achieves nearly the same performance as SCDT-SS, the best-
performing competing method, implying that the dataset’s background is effectively captured by
a single subspace in the SCDT domain. On the HYDICE Forest Radiance I dataset, however, the
proposed method attains a slightly lower AUC under FPR < 102 compared to LRASR.

Fig. illustrates the binary detection maps obtained with thresholds chosen to maintain an FPR of
10~# for each dataset. The approximate RGB images of the HSI datasets are provided in Fig. a), and
the corresponding ground-truth anomaly maps are shown in Fig.[3(b). The detection maps generated
by the proposed method appear in row (c), while those from the best-performing competing methods
are shown in Fig. [3(d). Overall, the proposed method achieves more precise anomaly localization
with fewer false alarms across most datasets. Notably, on HYDICE Urban and Airport, it provides
substantial improvements over competing approaches, underscoring the benefit of modeling multiple
background subspaces. For AVIRIS-I, AVIRIS-II, and Pavia University, the detection maps are nearly
indistinguishable from those of SCDT-SS, which aligns with the quantitative results discussed earlier.
This demonstrates that the proposed extension of the SCDT-SS framework is able to consistently
improve upon the single-subspace model, or at the very least, match its performance when the latter
already provides an adequate representation. The only case of relatively weaker performance is
observed on Forest Radiance I, where tree shadows combined with a small road segment create
considerable background variability, causing some regions to be misclassified as anomalous and
resulting in slightly lower performance compared to LRASR. These qualitative findings not only
support the quantitative evidence in Fig. 2|but also highlight the robustness of the proposed approach



across diverse hyperspectral scenes. Taken together, the results demonstrate the practical effectiveness
of the method and motivate its application to real-world anomaly detection tasks.

5 Conclusion

We describe a novel transport-based multiple subspace modeling approach for hyperspectral anomaly
detection where the problem is formulated under the assumption that the spectral signals of back-
ground pixels are observations of a set of arbitrary templates subjected to strictly increasing defor-
mations of a specific form. We then introduce a bootstrap sampling strategy in the ambient domain
and construct multiple subspaces in the SCDT domain that characterize the background space of a
hyperspectral image. The anomaly score for each test signal is then computed as its distance to the
nearest subspace in the SCDT domain. By modeling multiple subspaces to capture varied background
spectral characteristics, the proposed method robustly identifies anomalous pixels across diverse and
challenging hyperspectral scenes characterized by varied background spectral classes. Experimental
results on six datasets demonstrate that the approach consistently achieves accurate and robust de-
tection, often outperforming or closely matching the performance of existing techniques. Moreover,
due to the geodesic property of the SCDT embedding, the method is inherently interpretable, as its
operations and decisions can be understood in terms of geometric relationships within the transform
domain. These findings highlight the method’s ability to handle diverse hyperspectral scenes, under-
scoring its potential as a practical and reliable tool for real-world hyperspectral anomaly detection.
Future work will focus on gaining a deeper understanding of the bootstrap-based approximation
of background subspaces and developing systematic strategies for selecting optimal values of the
parameters [N, and N.. We also plan to investigate more cluttered hyperspectral scenarios to better
characterize when multiple background subspaces offer advantages over a single-subspace model.
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