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Abstract—Although supervised machine learning provides a
powerful framework for image classification and segmentation,
it requires comprehensive, consistent data sets, which are not
available for many remote-sensing applications. Remote-sensing
datasets are expensive to collect, and each is acquired under dif-
ferent environmental conditions, or with significant variations in
system operating parameters. Unsupervised clustering algorithms
analyze the structure of each dataset independently, rather than
drawing on similarities with existing ‘training’ examples, and are
thus well suited for practical remote-sensing applications.

We introduce VoroClust, a fast, density-based unsupervised
clustering algorithm applicable to high-resolution and high-
dimensional data. VoroClust runs as fast as distance-based
clustering methods, while capturing complex regional geometries
at least as well as current density-based methods. It uses a data-
centered sphere cover to reduce computational demands, while
still capturing data topology. It then propagates clusters outward
from local peaks in density. We show that VoroClust provides
fast, state-of-the-art clustering for both high-resolution polari-
metric synthetic aperture radar (PolSAR) and high-dimensional
hyperspectral imaging (HSI) datasets.

Index Terms—Hyperspectral image analysis, polarimetric
SAR, remote sensing, unsupervised clustering.

I. INTRODUCTION

EMOTE-SENSING (RS) applications analyze raw sen-
sor data. In terrain-cover identification, the goal is to
identify objects such as buildings and regions of material such
as water, grass, and pavement from measurements collected
by sensors on aircraft and satellites. Remote-sensing technolo-
gies such as polarimetric synthetic aperture radar (PolSAR)
and hyperspectral imaging (HSI) provide measurements with
higher dimensionality than traditional optical images. The
additional information can enable more refined distinctions be-
tween terrain-cover types, but it increases the difficulty of data
analysis. This can create a critical computational bottleneck
for time-sensitive remote-sensing applications that require near
real-time analysis to provide actionable information (e.g., sce-
narios involving emergency response and management efforts
related to floods, oil spills, and wildfires [1]-[3]).
While dimensionality-reduction methods such as principal
component analysis [4] can speed up analysis and enable vi-
sualization, the information loss can undermine the benefits of
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Fig. 1. (a) Hyperspectral image (dimensions reduced for visualization) and
(b) clusters representing different terrain covers such as soil, trees, and roads.

working with PolSAR and HSI technologies. Recent research
has shown the potential of supervised machine learning for
remote sensing [5]-[9], but these approaches are intractable
for many practical use cases due to scarcity and heterogeneity
of remote-sensing data. Data collected using new and unvetted
sensors, or under a variety of system operation parameters and
environmental conditions (e.g., changes in weather, lighting or
aircraft), can exhibit unique characteristics distinct from any
existing reference data. This leads to a case-by-case analysis
of sensor data, considering each dataset in isolation.

In this article, we restrict our attention to real-time terrain-
cover identification from remote-sensing datasets with insuffi-
cient data for supervised machine learning. Thus we consider
the unsupervised clustering problem: partition a d-dimensional
dataset D C RY, such as pixel locations representing high-
dimensional feature vectors from PolSAR or HSI images, into
disjoint subsets called clusters. Points in the same cluster are
“closer” to each other than they are to points in other clusters.
Closeness is typically defined relative to a distance function,
such as the Euclidean distance p(z,y) = (Z?:l |lzs — yi|?)/?
for two d-dimensional points  and y in Euclidean space, or
in terms of point density. Intuitively, a successful clustering
partitions data points into interpretable groups (e.g., one cluster
for soil and another cluster for trees'), as shown in Fig. 1.

Related work. Many clustering techniques have been pro-
posed for remote sensing. Zhai et. al.’s review article [10]
gives a high-level summary of these techniques. We restrict
our attention to algorithms with asymptotic complexity that
is sub-quadratic with respect to the number of data points,

As is typical for image clustering (other than convolutional neural net-
works), we cluster only the values. Thus all pixels with “soil” values will be
in a single cluster. We use 2D pixel geometry only for output visualization.
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|D|, and the data dimension, d. These are the only algorithms
that are currently practical for real-time analysis. This criterion
rules out methods such as Gaussian mixture models [11], [12],
spectral clustering [13], sparse subspace clustering [14], and
clustering by fast search and finding density peaks [15]. It also
rules out Voronoi-clustering methods that explicitly compute
a Voronoi diagram [16], [17], which can have ©(n%/?) points
for n data points in d dimensions.

Our complexity requirements also exclude most graph-
based algorithms. Wang et. al.’s papers [18], [19] are two
notable exceptions, which achieve sub-quadratic complexity
by computing only on a subset of data points called ‘anchor
points’. Despite the lower complexity, these algorithms are still
too slow for real-time analysis®. Kokate et al.[20] survey clus-
tering algorithms for streaming data, where points arrive over
time. These algorithms largely focus on constraints specific to
data streams, so they are not directly relevant to our remote-
sensing application, where we cluster each image as a whole.
However, there are some algorithmic similarities, most notably
with DBSTREAM [21], which we discuss in Section II-B.

In distance-based approaches, such as k-Means [22], points
in the same cluster are assumed to be positioned around a
central location, and clustering is performed by identifying
the center of each cluster. Density-based approaches, such
as DBSCAN [23], [24] and HDBSCAN [25]-[27], model
clusters more geometrically. They identify regions with high
concentrations of data points and determine cluster boundaries
based on drops in density [28]. k-Means and HDBSCAN are
most commonly used in practice. k-Means is easy to use
and is fast. However, it requires the user provide the number
of clusters k£ and, because of its simplified assumptions on
cluster geometry, it often fails to capture the true geometry of
clusters, as shown in Fig. 2. k-Means does not identify noise
and outlier regions, which can bias how clustering results are
interpreted. HDBSCAN automatically determines the number
of clusters, identifies noise and outliers, and models clusters
more accurately. But it is frequently too slow for real-time
applications, especially for high-dimensional data.

We compare our new algorithm to k-Means, DBSCAN,
HDBSCAN, and BIRCH [29]. BIRCH enables clustering
on very large datasets, but it still faces similar limitations
to k-Means in terms of its simplified assumptions on clus-
ter geometry. We describe these algorithms in more detail
in Section IV-B. We also discuss the impact of applying
dimensionality-reduction techniques prior to clustering in Ap-
pendix A, and we discuss clustering with more recent pre-
trained models in Appendix B.

Contributions. In this work, we propose VoroClust, a novel,
density-based clustering algorithm specifically designed for
the real-time analysis of remote-sensing data. We define our
algorithm in the full-dimensional data space to take advantage
of the rich information acquired by PolSAR and HSI sensors.
To reduce the computational complexity, we operate on a
carefully selected subset of the data. VoroClust’s complexity
for a set of d-dimensional points D is O(d - |D| - |S|), where

2We do not have access to the code for direct comparisons, but the times
reported in these papers are an order of magnitude slower than our algorithm.

k-Means

VoroClust

Fig. 2. The k-Means algorithm (top) works well when clusters correspond
to convex, symmetric regions, but it can fail entirely for more complex
data structures. k-Means also lacks noise assignment, making it difficult
to identify outliers in the clustering results. The proposed density-based
algorithm (bottom) provides more accurate geometric models for each cluster
and detects noise (black), while maintaining minimal computational overhead.

S C D denotes the sub-selected data and |S| < |D|. The
algorithm parallelizes naturally and scales well empirically
with respect to both the dimension and resolution of remote-
sensing images. The primary contributions of this work are:

1) We introduce a fast, near real-time clustering algorithm
that efficiently handles both high-dimensional and high-
resolution remote-sensing datasets.

2) Our algorithm creates density-based models that accu-
rately capture the geometry of cluster regions, as well
as noise, with minimal computational overhead.

3) We define clustering rules to account for material mixing
and noise common to HSI and PolSAR data [30], [31].

These contributions have been tailored to remote-sensing
applications that often require high-dimensional imaging for
improved discrimination, as well as high-resolution imaging
for increased spatial precision or greater scene coverage. The
graph-based analysis incorporates descent rules that have been
specifically designed to account for mixed pixels and blurred
boundaries that arise from the underlying physics of this
remote-sensing imaging system application.

The remainder of this article is organized as follows. We
describe the proposed VoroClust algorithm in Section II. We
provide an overview of the PolISAR and HSI data formats in
Section III. We describe our experimental design in Section IV,
discuss the experimental results in Section V, and conclude in
Section VI.

II. METHODOLOGY
A. VoroClust

In this section, we introduce VoroClust, a density-based
clustering algorithm designed for remote-sensing applications.
VoroClust creates clusters one at a time. It iteratively chooses
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Fig. 3. Overview of the graph traversal procedure with a finalized cluster in
blue and an orange cluster still in the process of expansion. The blue cluster
is surrounded by boundary points, marked with red X’ symbols, which have
prevented it from expanding any further. The orange cluster has a non-empty
front, shown in gray, consisting of neighbors of vertices added to the cluster
in previous iterations. We use this front to gather candidates for inclusion in
the current cluster and to determine which vertex will be visited next.

a region with high data-point density to seed a new cluster.
It then carefully extends the cluster outward into regions
of decreasing density. Our algorithm controls the expansion,
stopping cluster growth in a given direction when the density
drops too low or upon evidence of touching a different cluster.

VoroClust runs faster than most density-based clustering
algorithms by significantly down-selecting the data points
using a sphere cover, as described in Section II-B. Each sphere
is centered at a point from the original dataset and assigned a
user-specified radius R. The sphere centers are representative
of the full data set, so we perform most calculations using
these points alone. Unlike grid-based approaches for down-
selection, the proposed sphere cover does not introduce the
curse of dimensionality since it is not axis-aligned.

Once the data has been down-selected, we construct a
graph to model topological properties of the sphere cover.
A graph has a set of vertices, which represent objects, and
a set of edges, which represent relationships between objects.
Graphs can be visualized using circles to represent vertices and
lines to represent edges, as shown in Fig. 3. In our density
graph, vertices represent spheres and edges connect spheres
that overlap. We also assign weights to the vertices which
store estimates for the data-point density of each sphere. Two
vertices connected by an edge are referred to as neighbors,
and we make clustering decisions for each vertex based on
comparisons with its neighbors, as described in Section II-D.

Our algorithm removes some vertices and partitions the
remaining vertices into connected subgraphs. Each subgraph
represents a cluster, and we designate some clusters as noise.
The spheres in each cluster are labeled and become the seeds
of an implicit Voronoi tessellation® [32] in the original data
space. We then assign each data point the label of its closest
seed, which completes the clustering process. The high-level
workflow for the algorithm is outlined in Fig. 4, and we
provide the technical details involved with each step below.

3We avoid creating an explicit representation of the Voronoi tessellation
since this is intractable in higher dimensions.

B. Sphere Cover and Density Graph

The VoroClust algorithm is defined by one principal pa-
rameter, the sphere radius R > 0, along with three auxiliary
parameters «, 5,7 € [0, 1] that control how noise is handled
(as discussed in Section II-E). The radius parameter introduces
a smoothing effect, similar to the bandwidth parameter in
kernel density estimation techniques [33], and controls the
level of compression during data sub-selection.

Our sub-selection procedure is based on a data-centered
sphere cover. This is a subset of the data such that all data
points are within a distance of R from at least one point in
the subset. More formally, a sphere cover is defined as:

SCD with DcC USGS Br(s), (1)

where S denotes the sub-selected data points, or sphere
centers, and Bg(s) is the ball of radius R centered at point s.

This allows us to reduce analysis of the full |D| observations
to a much smaller set of |S| < |D| representative points. To
avoid redundancy, we construct well-separated sphere covers,
meaning each point s € S is contained in precisely one sphere:

s & Bgr(s') Vs #s. )

This is accomplished using a simple, iterative procedure:
we randomly select a data point that is not contained in any
of the existing spheres, include the point as the center for a
new sphere in the cover, mark all points inside this sphere as
covered, and repeat until the entire dataset has been covered.

Once the spheres have been selected, we compute the
number of data points contained in each sphere and use these
values as density estimates:

fls) = |Br(s)ND| = |[{x €D : p(z,s) <R}. (3)

We next construct the densiry graph G = (S,&), which
is where we will perform the core clustering operations. We
define this density graph with vertices, S, given by the sphere
centers (weighted by their density estimates) and edges, &,
formed between all overlapping spheres:

& = {(s,s) : s#5,Br(s)NBg(s) #0}. &

We create clusters by traversing this density graph, “vis-
iting” each vertex a single time to determine its cluster
assignment. When visiting a vertex s € S, we make clustering

decisions based on its density estimate, f(s), and comparisons
with the density estimates of its neighbors, denoted by N (s).

This initial setup is conceptually similar to the ‘microclus-
ter’ technique introduced in DBStream [21]. In particular, DB-
Stream uses spheres to capture incoming data and represents
that data using a density graph. The authors were primarily
concerned with streaming applications, so their algorithm
focuses on managing and updating the graph as new data
arrives. Their clustering procedure does not scale well to high-
dimensional data due to its use of empirical volume estimates.
Since the remote-sensing applications we are targeting often
involve high-dimensional data, our graph traversal is defined
using operations that extend well to higher-dimensions.
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Fig. 4. Overview of VoroClust workflow. (a) The input is unlabeled data (b) a data-centered sphere cover is used to down-select points. We compute density
estimates for each sphere and form a graph based on overlapping spheres. (c) Density estimates are used to cut vertices and identify subgraphs corresponding
to clusters and noise. (d) Subgraphs induce an implicit Voronoi tessellation on the data space which defines the final clusters and noise regions.

C. Boundary Spheres and Cluster Subgraphs

The goal of the graph traversal is to partition the graph into
smaller, disjoint subgraphs which will ultimately determine
the clusters for the original dataset. While the transition
from the full dataset to the representative spheres reduces
the computational impact of the dataset size |D|, we are still
working in the full-dimensional space R?. For remote-sensing
applications with high-dimensional data, graph connectivity
increases sharply, and we will need to cut a significant number
of vertices to form disjoint subgraphs.

We use the symbol B to denote the set of vertices that
have been cut from the graph (along with their edges) to
help separate clusters. Intuitively, these vertices correspond
to boundary regions between clusters. Our goal is to find a
meaningful partition of the non-boundary vertices:

S\B= |JC with CNC" =0 forall C#C’, (5)
Ccee€

where each C' € 4 corresponds to the vertices of a connected
subgraph of G. We refer to these sets as cluster subgraphs,
or simply clusters, since they will determine the final labels
we assign to the dataset. We have no information regarding
the boundary set B, or the cluster count ||, beforehand; so
we will attempt to construct clusters sequentially, identifying
boundary vertices along the way, until we exhaust the graph
and obtain the desired partition.

D. Front Propagation and Density Descent

To ensure all clusters are connected with respect to the
density graph, we expand each cluster gradually along a front

F C S of candidate vertices. Conceptually, the front models
the outer limits of a cluster while it is still in the process of
expansion (as depicted in Fig. 3).

At each iteration of the algorithm, we select the vertex s*
with the highest density on the front and compare it with
its neighbors. We then decide whether the vertex s* should
be included in the current cluster or cut from the graph and
marked as a boundary region. If the vertex is included in
the cluster, we add its neighbors to the front as candidates
for further expansion. If the vertex is cut from the graph, no
additional vertices are added to the front. In either case, we
remove s* from the front and begin the next iteration at the
highest density vertex remaining on the front.

When the front is exhausted, we finalize the current cluster
and proceed to search for a new cluster (repeating until all
vertices have been visited). We do this by re-initializing the
front with a single element, the vertex with highest density
among all remaining vertices, and propagate the new front
using the same procedure described above. By construction,
this front propagation technique ensures each cluster forms
a connected subgraph since a vertex can only be added to a
cluster if it neighbors one of the cluster’s existing vertices.

While this procedure does create connected clusters, we still
need to establish a set of rules for including (or cutting) ver-
tices that results in meaningful clusters. We achieve the desired
clustering behavior using the following, primary descent rule:
a vertex is marked as a boundary region, and cut from the
graph, if any of its unvisited neighbors have higher density.
This criterion ensures that the front is always descending
and that the cluster never spreads over other nearby, lower-
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Algorithm 1 on_boundary (s*, N(s*)NU, fc)
1: // Propagate front through noise in high-density regions
S if f(s*) > - fo then

return False
. end if

. if f(s*) < B fc then
return True

: end if
10:
11: // Add to boundary if the density begins to rise
12: if f(s*) < f(s') for any s’ € N'(s*) N then
13:  return True
14: end if

2
3
4
5
6: // Stop propagation if density is too low relative to peak
7
8
9

density clusters. This rule is specifically designed to handle
mixed pixels that arise in remote-sensing applications, as these
pixels can blur the boundaries between clusters, resulting in
a separation region that still retains a non-trivial density. By
tracking locations where the density transitions from descent
to ascent (i.e., inflection points), the algorithm is capable of
separating clusters in a manner that is robust to the presence
of mixed pixels and blurred cluster boundaries. Two additional
rules are incorporated to handle noise, and we describe these
in the following section. We provide the precise formulation
of the descent rules in Algorithm 1, and the full descent
procedure is summarized in Algorithm 2.

E. Accounting for Noise

For practical applications, effectively accounting for noise
is essential to an algorithm’s performance. In this section,
we discuss the three auxiliary parameters «, 8,7 € [0, 1] that
control how noise is handled by VoroClust.

There are two fundamentally distinct types of noise that
need to be accounted for in the clustering procedure: noise
intrinsic to the dataset D and noise resulting from the empir-
ical density estimates. Ideally, we would like to capture the
intrinsic noise in our final cluster results (since it reflects a
property that is genuinely present in the data). But we want
to minimize the impact of the estimation noise, since it arises
from numerical limitations and does not reflect the data itself.

To reduce the impact of noisy density estimates, we modify
the front propagation criteria based on two density-based
thresholds «, 5 € [0, 1]. The detail ceiling, «, allows fronts
to propagate more freely in high density regions (relative to
the current cluster peak), and the descent limit, (3, prevents
fronts from propagating into low density regions which may
comprise outliers or noise. We keep track of the current clus-
ter’s peak density fc by storing the density of the first vertex
added to the front, as indicated in Line 11 of Algorithm 2.

For each vertex s* on the front of cluster C', we perform two
checks concerning its relative density before considering the
primary descent criterion. If f(s*) > «- fc, we automatically

Algorithm 2 VoroClust Clustering Algorithm
1: // Initialize unvisited vertices U, front F, and boundary B
22U =S, ]::@; B=10
3. while [¢/| > 0 do

4:

5:  if front F is empty then

6: / Initialize a new front to identify the next cluster
7: C < Next cluster index

8:

9: /I Populate new front and store the peak density fC
10: 5 +— Unvisited vertex with highest density

11: fc — f(?)
12: F + {s}
13:  end if

15:  // Select the highest density vertex on the front

16: 5" < argmax,cr f(s)
17:  Remove s* from the front and mark as visited

19:  // Compare with unvisited neighbors to determine if s*
20:  // is a boundary vertex or should be added to cluster
21:  if on_boundary (s*, N(s*)NU, fc) then

22: Assign s* to boundary B

23:  else

24: Assign s* to cluster C

25: Add unvisited neighbors, N'(s*) N, to the front F
26:  end if

27: end while

include the vertex s* in the cluster since it corresponds to a
high-density region. This relaxes the descent rule at the top of
each cluster and reduces the impact of false peaks arising from
noisy egtimates, as illustrated in Fig. 5. At the other extreme,
when f(s*) < - fo, we automatically cut the vertex s*.
This check prevents clusters from expanding into low-density
regions and reduces the impact of outliers, as well as noise,
on the final cluster geometry.

Once the graph traversal is complete, we perform a post-
processing step to handle small clusters that were identified by
the algorithm but may be insignificant for practical purposes.
We use a threshold parameter, 7, to control how these small
clusters are handled, and we provide two distinct modes for
employing it based on application requirements: 7)., € N and
Nnoise € [0,1). The first mode removes the smaller clusters,
while the second uses them to model noise and outlier regions.

For applications where noise is believed to be negligible,
we use the cut threshold 1.,+ € N to specify the maximum
number of clusters. If the algorithm identifies excess clusters,
we sort the clusters according to the total weight of their
vertices. We then remove the smaller clusters from the graph,
keeping only the 7., largest clusters. The final labeling
procedure (described in Section II-F) is performed using the
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Fig. 5. Noise in the empirical density estimates often results in ‘false-peaks’
which can interfere with cluster expansion. The detail ceiling parameter, c,
prevents clusters from artificially splitting at false-peaks by allowing fronts to
propagate through density increases near the top of each cluster. The descent
limit parameter, [3, prevents fronts from descending too low relative to the
cluster’s peak density (where it may become biased by overlaps with other
nearby clusters or overly influenced by noise).

remaining clusters, and all data points are assigned to one of
the remaining, larger clusters.

For applications where noise identification is relevant, we
use the noise threshold np.ise € [0,1) to consolidate the
smallest, isolated clusters into a dedicated noise cluster.
More precisely, we collect the family of smallest clusters
Gnoise C € whose cumulative size is less than 7,0ise - | D]
and assign these cluster regions to a single cluster label
Chroise = UCG%M“ C. This cluster provides a geometric
model of noisy regions in the data, and points in these regions
are explicitly marked as noise in the final cluster results.

With regard to the density graph, clustering is now com-
plete. All that remains is to show how the clusters identified
on the graph can be carried over to label the original dataset.

F. Final Label Assignment via Voronoi Partition

We label the original data space using an implicit Voronoi
tessellation with seeds given by the non-boundary vertices of
the density graph. That is, we partition R into convex regions
of the form:

V(s) = {zeR: p(x,s) < p(z,s') Vs €S\ B}, (6)

which consist of all points whose closest non-boundary vertex
is s € §\ B. We use these Voronoi regions to cluster
the original dataset by assigning each region a label, C(s),
corresponding to the unique cluster C' € % assigned to s
during the graph traversal phase. For each s € S\ B, we
collect the data points inside region V' (s) and assign them the
label C(s). Since the Voronoi regions partition the complete
space R, every data point will be assigned a label by the
end of this procedure. We can also use the same procedure to
efficiently label new or withheld data since the Voronoi regions
implicitly cluster all points in R, as illustrated in Fig. 4(d).
The final label assignment can be implemented naively by
performing a nearest-neighbor search for each individual data
point. But to improve the algorithm’s computational efficiency,
we want to avoid making additional distance checks whenever
possible. Fortunately, we can avoid a substantial number of
these checks by storing information when we compute the

density estimates described in Section II-B. More precisely,
when we calculate the number of interior points for a given
sphere, we also track the indices of the data points contained
in that sphere. Using this information, we assign all data points
in Bg(s) the label C(s) immediately after the graph traversal
(without performing any distance checks). Since the spheres
included in the final clusters generally have high densities,
this accounts for a significant portion of the dataset and
considerably improves the speed of the algorithm. We label the
remaining data points using a direct, nearest-neighbor search
(often only required for 10% to 20% of the data in practice).

G. Complexity Analysis

The computational complexity of the algorithm is domi-
nated by the initial sphere calculations. The sampling proce-
dure used to generate sphere covers requires O(d-|D|-|S|) op-
erations, corresponding to approximately |D| distance checks
per sphere. An additional O(d-|D|-|S|) operations are required
to estimate the density of each sphere. The complexity for
constructing and traversing the density graph is O(d - |S|?),
and assigning the final labels has a worst-case complexity of
O(d - |D] - |S]). In practice, the operations required for label
assignment can be reduced significantly, as described at the
end of Section II-F. The overall complexity of the VoroClust
algorithm is O(d - |D| - |S|) with |S| < |D].

For high-resolution datasets, we construct a k-d tree [34] for
more efficient searches. The complexity of k-d tree construc-
tion is O(d - |D| - log |D|), and computing density estimates
using the k-d tree is O(d-log |D|-|S|). The overall complexity
is still the same due to the final labeling procedure, but we
found the k-d tree implementation to be considerably faster
for high-resolution datasets in practice.

The initial sphere calculations only depend on the radius
parameter [2. Once spheres have been assembled for a given
radius, the auxiliary parameters («, 3,7) can be calibrated
quickly with minimal computational overhead. Selecting pa-
rameters, especially the radius, is a key component of the
algorithm. We provide a detailed discussion on parameter
selection in Sections V-C through V-E.

III. DATA

To assess the performance of the proposed VoroClust al-
gorithm, we have conducted a series of experiments with
applications to terrain cover identification for PoISAR and HSI
remote-sensing datasets. Before discussing the results, we give
a brief technical overview of each sensing modality.

A. Polarimetric Synthetic Aperture Radar

A radar system moving along a trajectory can operate in
synthetic aperture radar (SAR) mode [35] to capture finely-
resolved data for distant scenes. SAR systems transmit and
receive a series of electromagnetic pulses during their motion
along trajectories. The benefit of operating a radar system in
SAR mode is that, with proper reconstruction algorithms, a
much larger aperture can be synthesized than the physical
aperture (antenna) of the actual radar system. This allows the

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢
content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3686609

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. , 2025 7

Bosque River 1

Reference VoroClust k-Means
Fig. 6. Bosque River I is a 3593 x 4703 x 6 PolSAR dataset with terrain consisting of grass, trees, water, and sandbars. The clusters identified by VoroClust,

k-Means, and BIRCH are all very similar, with only minor differences regarding vegetation on sandbars and radar shadows in the trees. VoroClust’s runtime
(24.5 s) is competitive with k-Means (7.7 s), and faster than BIRCH (269.3 s), while DBSCAN and HDBSCAN failed to finish clustering after several hours.

Bosque River 2

k-Means BIRCH

Fig. 7. Bosque River 2 is a 4759 x 3591 x 6 PolSAR dataset with terrain consisting of trees, grass, and a small section of riverbank. VoroClust, k-Means,
and BIRCH identified similar clusters for this dataset and had reasonable runtimes of 44.8 s, 7.4 s, and 293.4 s, respectively. DBSCAN and HDBSCAN failed

Reference VoroClust

to produce results after running for several hours.

radar system to create higher-resolution images of scenes, as
shown in Figs. 6-9.

A polarimetric SAR (PolSAR) system coherently measures
four permutations of orthogonal electric field polarizations
at each pulsing location of a trajectory. One of the most
commonly used polarization bases is linear, where pulses with
vertically oriented electric fields are transmitted, and responses
from the scene are received on both vertically and horizontally
oriented antenna receive ports. Similarly, pulses with horizon-
tally oriented electric fields are transmitted (in a time-division
multiplexed fashion), and re-radiated energy from the scene is
received on vertically and horizontally oriented antenna ports.
The full set of polarimetric permutations is V'V, HV, VH,
and HH, where the notation XY indicates polarization Y
was transmitted and polarization X was received. A complex-
valued SAR image is formed from each polarization channel;
thus, a fully-polarimetric image set contains four different
complex-valued images. The relative magnitude and phase
responses between the pixels in PoISAR image sets, processed
through polarimetric decompositions, gives rise to physically
meaningful scattering physics of objects within a scene.

Two widely used building blocks for polarimetric decom-
positions are the Pauli feature vector and the corresponding
coherency matrix, denoted as p and 7', respectively [36]. For
a monostatic POISAR system, where HV ~ V H, p is a three
element vector,

HH +VV
HH -VV|. (N
HvV +VH

p:

Sl

T is the 3 x 3 matrix composed of the spatial average of p
vectors,

Ty Tip Ti3
T= <PPH> = | To1 Toy Tog |, 3)
T31 T32 133

where (-) is a spatial ensemble average and the superscript H
denotes a complex-conjugate transpose. By construction, 7' is
a Hermitian matrix and is uniquely determined by its diagonal
and upper off-diagonal entries.

The coherency matrices are computed for every pixel lo-
cation in PolSAR image sets. For the feature vectors used
in this paper, the diagonal and upper off-diagonal values are
converted to decibel (dB),

Tij = 10 - logy, (|T3]) , for j >, 9

where the tilde indicates the conversion to dB. The ﬁ-j values
are also normalized to the interval [0, 1] by limiting the global
dynamic range across all values of T;; then normalizing each
by the dynamic range. The resulting six-dimensional PolSAR
feature vectors that we use in this work are defined as:

S o
VSAR:[TH Toy T3z Ti2 Ti3 T23] (10)

B. Hyperspectral Imaging

Hyperspectral imaging (HSI) is a passive optical remote
sensing technique that captures measurements across broad
ranges of wavelengths by filtering the incoming electromag-
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Golf Course

" BIRCH

Fig. 8. Golf Course is a 4713 x 3593 x 6 PolSAR dataset with features including roads, trees, radar shadows, and varying types of grass. These features
are clustered similarly by the algorithms, although there are some noticeable differences in how the types of grass are clustered; the VoroClust results include

Reference VoroClust k-Means

slightly less detail than k-Means and BIRCH for this scene.

Open Field

BIRCH
Fig. 9. Open Field is a 4713 x 3593 x 6 PolSAR dataset. The VoroClust and k-Means results both capture the agricultural pattern in the lower-left corner
of the scene, while BIRTCH misses this detail. VoroClust also provides clear, near-uniform clustering for the rectangular plots of grass, while the k-Means

Reference \\/oro' k-Means

results are much more pixelated and noisy in these regions.

Salinas A

# ol

Ground Truth VoroClust k-Means BIRCH DBSCAN HDBSCAN

Fig. 10. Salinas A is an 83 x 86 x 204 HSI dataset. The scene consists of several agricultural fields containing distinct types of crops. A partial ground truth
is available for this dataset, and we use this to compute additional metrics when evaluating cluster quality (locations without ground-truth labels are shown
in black). VoroClust receives the highest scores for both the Adjusted Rand and Fowlkes-Mallows metrics, which measure how closely the proposed clusters
match the ground truth. HDBSCAN receives similar scores but has a runtime of 5.41s, while VoroClust takes only 0.03s. The scores for the remaining

Reference

algorithms are much lower, with k-Means and DBSCAN producing visible clustering artifacts and BIRCH missing an entire cluster.

netic energy into narrow spectral bands. HSI collects both
spatial and spectral measurements that provide discriminative
information for material and target detection and character-
ization applications [37]. Common HSI spectral resolutions
are often sufficient for differentiating materials with similar
spectra such as healthy and diseased crops [38] and geologic
materials [39]. HSI measurements often consist of hundreds of
spectral bands at each pixel location, making the observations
very high dimensional. The HSI datasets considered in this
article contain between 103 to 274 spectral measurements and
are shown in Figs. 10-12.

Let IV denote the number of spectral measurements from an
HSI sensor and h; denote the i*" spectral measurement. The
HSI feature vector that we use in this work is defined as:

VHSI = [ hi  hs hn }T (1D

IV. EXPERIMENT DESIGN
A. Datasets

We selected four PolSAR and three HSI datasets, summa-
rized in Table I. These datasets vary widely in the number of
pixels and features. Two of the HSI datasets have ground-truth
labels, which allows us to compute additional metrics when
evaluating their cluster results. We now give more details on
each type of dataset.

1) PolSAR Datasets: Sandia National Laboratories (SNL)
collected fully-polarimetric SAR data using the SNL-
developed Facility for Advanced RF and Algorithm Devel-
opment (FARAD) X-band (9.6 GHz center frequency) radar
system, flown on a DHC-6 airplane. The image sets were
autofocused; within each image set, the same focus correction
was applied to each polarization channel. The images were
formed using effectively a -35 decibel (dB), n = 4 Taylor
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Pavia University

BIRCH

Fig. 11. Pavia University is a 610 x 340 x 103 HSI dataset with terrain cover including grass, roads, parking lots, and a variety of buildings. DBSCAN
and HDBSCAN identify similar clusters, with one cluster capturing the grass terrain (in purple) and another that combines buildings and roads into a single
cluster (in yellow). BIRCH identifies these features as well, but its clusters are less sharp (e.g., blurred boundaries between roads and grass). The VoroClust
and k-Means results provide more detail; for example, both separate the parking lots (in beige) from the main roads (in yellow). A partial ground truth is

Reference Ground Truth VoroClust k-eéns DBSCAN HDBSCAN

available for this dataset, and VoroClust receives the highest cluster-quality scores for both the Adjusted Rand and Fowlkes-Mallows metrics.

window for sidelobe level control. Calibration consists of com-
pensating for the effective antenna patterns (magnitude and
phase) of the different polarization channels, accounting for
the differential phase that occurs from multiplexing the pulses,
and radiometric calibration which balances the polarimetric
channels and converts the image data to units of radar cross-
section (RCS).

See [40] for a public version of the PoISAR data sets with
images from each polarization channel. The images in [40]
have a smaller geographic spatial extent than the images we
used. Bosque River 1, Bosque River 2, Golf Course, and Open
Field correspond to public images polSAR_02, polSAR_33,
polSAR_23, and polSAR_18 respectively.

2) Nevada Road: This dataset is one of many HSI products
that SNL collected with a linear pushbroom visible and near
infrared (VNIR) Headwall Photonics Nano-Hyperspec hyper-
spectral imager with an onboard global positioning system
(GPS) and inertial measurement unit (IMU), deployed on an
unmanned aerial system (UAS). This system offers over 270
spectral bands over the wavelength range A ~ 400 — 1000 nm.
The VNIR image sets were processed from raw to radiance
products in the Headwall Photonics, Inc. SpectralView data
processing and analysis software.

3) Salinas A: This is a small piece of a larger measurement
of the Salinas Valley in California. It was taken by the
NASA/JPL AVIRIS sensor [41], and made publicly available
by the Grupo de Inteligencia Computacional (GIC)*, of the
Universidad del Pais Vasco. GIC provided a ground truth for
this dataset.

4) Pavia University: This dataset was captured by the
OpAiRS ROSIS sensor [42] over Pavia, Italy. GIC made it
publicly available and provided a ground truth.

B. Comparison Algorithms

We compared the performance of VoroClust to that of
four well-established unsupervised clustering algorithms: k-
Means, BIRCH, DBSCAN, and HDBSCAN. We used the

4Salinas and Pavia University data available at https://www.chu.eus/
ccwintco/index.php?title=Hyperspectral_Remote_Sensing_Scenes

TABLE I
SUMMARY OF DATASETS USED FOR THE EXPERIMENTAL RESULTS. ‘(R)’
INDICATES A REDUCED-RESOLUTION VERSION. DIM MEANS DIMENSION.

Name / Ground
Short Name Type Size Dim | Truth
Bosque River 1/BR1 PolSAR 16,897,879 6 No
Bosque River 1 (R)/BRI(R) | PolSAR 266,208 6 No
Bosque River 2/BR2 PolSAR 17,089,569 6 No
Bosque River 2 (R)/BR2(R) | PolSAR 151,512 6 No
Golf Course / GC PolSAR | 16,933,809 6 No
Golf Course (R) / GC(R) PolSAR 264,012 6 No
Open Field / OF PolSAR | 16,933,809 6 No
Open Field (R) / OF(R) PolSAR 264,461 6 No
Nevada Road / NR HSI 349,796 274 No
Salinas A/ SA HSI 7138 204 Yes
Pavia University / PU HSI 207,400 103 Yes

implementations for the first three algorithms in the SciKit
Learn [43] Python package. HDBSCAN was recently added to
SciKit Learn, but we used the implementation provided by the
algorithm’s creators [44]. We evaluated the output clusters in
Python 3.11 using the scoring metrics in SciKit Learn. We now
provide brief descriptions of the four reference algorithms.

1) k-Means partitions the data points into & disjoint clusters,
where k is user specified, trying to minimize the average intra-
cluster variance. The center of each cluster, referred to as
the centroid, is the numerical average of the points in the
cluster. The k-Means algorithm seeks to minimize the sum
of the squares of the distances from each point to its cluster
centroid. Lloyd’s algorithm [45] is the most popular k-Means
implementation. It requires an initial set of k& centroids, which
can be arbitrary. We use the k-Means++ [46] initialization,
which selects a random data point as the first centroid, and
then iteratively selects another data point with probability
proportional to its squared distance from the closest, existing
centroid, until it has % points. After initialization, Lloyd’s algo-
rithm assigns each point to the closest centroid, recomputes the

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/


https://www.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote_Sensing_Scenes
https://www.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote_Sensing_Scenes

This article has been accepted for publication in IEEE Journal of Selected Topics in Applied Earth Observations and Remote Sensing. This is the author's version which has not been fully ¢

content may change prior to final publication. Citation information: DOI 10.1109/JSTARS.2026.3686609

IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. , 2025 10

Reference VoroClust k-Means

Nevada Road

BIRCH DBSCAN HDBSCAN

Fig. 12. Nevada Road is a 628 x 557 x 274 HSI dataset with features including vegetation, packed dirt roads, and natural dirt terrain. The VoroClust,
k-Means, and BIRCH algorithms each identify similar clusters, with a few noticeable differences. Both k-Means and BIRCH separate the natural dirt terrain
into two clusters (beige and blue) while VoroClust does not differentiate between these dirt types (and blue corresponds to radar shadows). VoroClust includes
more detail for the packed dirt roads, however, with an additional cluster in white that identifies areas that are driven on more frequently (e.g., the lot in the
lower-left corner). VoroClust also provides outlier information for this scene (shown in black) which flags the concrete pad in the center of the image (missed
by both k-Means and BIRCH) along with some of the vehicles in the upper-left corner. DBSCAN and HDBSCAN required significantly more time to cluster

this dataset and ultimately identified most pixels as noise.

centroid for each cluster, and continues until the centroids have
sufficiently converged. This method gives a local optimum
of the objective function but does not guarantee a global
optimum. Using k-means++ for initialization guarantees a
clustering with average variance that is within O(logk) of
optimal value [46].

k-Means is fast and gives good results for many appli-
cations, but it tends to struggle when the data has complex
cluster geometries. The algorithm requires users to select an
appropriate value of k, and the best automated method for
determining k is still under debate [47].

2) Balanced Iterative Reducing and Clustering using Hier-
archies (BIRCH [29]) first creates a clustering-feature (CF)
tree by considering data points one at a time. The CF-tree
has two parameters: the branching factor B and a diameter
threshold 7. The leaves of the tree contain up to a fixed
number of initial clusters, each represented by a data tuple:
(number of data points, sum of data points, sum of squares of
data points). These values allow computation of the centroid
and diameter of the leaf cluster, and also allow internal nodes
to compute the values associated with the combined cluster
they represent. Interior nodes have up to B children and store
the CF values for the subcluster of each child. To insert a point,
BIRCH starts at the root, and follows the child with the closest
centroid repeatedly until it arrives at the leaf cluster with the
centroid closest to the new point. It inserts the new point into
that cluster if the diameter would still be within the threshold.
If not, it creates a new cluster. This can involve adding new
leaves and new levels to the CF-tree. If the tree gets too large,
BIRCH starts over with a larger diameter threshold. BIRCH
then applies a user-specified clustering algorithm on the leaf
clusters, followed by an iteration of Lloyd’s algorithm. It labels
points too far from a cluster as outliers.

BIRCH’s compact representation is well-suited for large
datasets. It can also be used as a preprocessing step for other
algorithms, such as k-Means.

3) Density Based Spatial Clustering of Applications with
Noise (DBSCAN) [23] is intended for large spatial data sets
with noise. It requires two parameters, a sphere diameter e,
and an integer MinPts. Points within a distance ¢ of a point

p are p’s neighbors, and a datapoint is core if is has at least
MinPts neighbors. DBSCAN grows clusters point by point.
All points are initially unlabeled. DBSCAN starts with an
arbitrary point p, and determines if it is core. If not, it is
labeled noise. Otherwise, it starts a new cluster with point p,
and all its neighbors that are not already part of another cluster.
This can add points originally labeled as noise. DBSCAN
then expands the search from any newly added core points.
When that cluster is complete (all core points in the cluster
are expanded), it picks a new, unlabeled point to potentially
start a new cluster. It ends when there are no unlabeled points.

DBSCAN can model clusters of arbitrary shape (e.g., spher-
ical, linear, and non-convex clusters), and, as described above,
it identifies noise and outliers.

4) Hierarchical Density Based Spatial Clustering of Ap-
plications with Noise (HDBSCAN) is conceptually similar
to DBSCAN and aims to improve performance on variable
density clusters while simplifying the parameter selection
process [48]. The HDBSCAN algorithm performs DBSCAN
clustering on data points using an array of € values, as opposed
to the single value used in DBSCAN [25]. HDBSCAN then
calculates a distance matrix, extracts a hierarchy of connected
components in the form of a dendrogram tree, and assigns
data points to clusters by working up from the roots of the
tree [48]. While the addition of the hierarchy step helps
improve clustering quality, it can also increase the runtime
considerably when working with high-dimensional data [44].

C. Clustering Evaluation Metrics

To assess the performance of each algorithm, we selected
three metrics that provide quantitative measures of clustering
quality. We computed all metric scores using the imple-
mentations from Python’s SciKit Learn package [43]. When
ground-truth data is available, we use the Adjusted Rand
Index [49] and the Fowlkes—Mallows Index [50] to assess
clustering quality. For these metrics, a higher value indicates
greater similarity between clustering results and the ground
truth. Since these metrics assess quality through comparisons
with the ground truth, they are generally reliable indicators
of clustering performance. However, ground-truth labels are
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TABLE II
SUMMARY OF THE RUNTIMES FOR EACH CLUSTERING ALGORITHM WITH ‘X’ INDICATING RUNTIMES THAT EXCEEDED 5 HOURS. THE FASTEST
RUNTIMES FOR EACH DATASET ARE UNDERLINED AND SHOWN IN BOLD, AND THE SECOND-FASTEST RUNTIMES ARE ITALICIZED IN BOLD.

Runtime, seconds
Algorithm BR1 BR1 (R) BR2 BR2 (R) GC GC (R) OF OF (R) | SA PU NR
k-Means 7.67 0.16 7.36 0.18 16.69 0.30 10.58 021 | 0.11 0.54 3.90
BIRCH 269.33 4.30 293.39 2.66 278.56 4.61 285.29 10.81 0.17 11.57 8.26
DBSCAN X 4.40 X 3.18 X 86.95 X 13.82 | 0.24 | 240.26 365.34
HDBSCAN X 27.70 X 15.61 X 68.29 X 43.28 5.41 | 2450.42 | 21630.34
VoroClust 24.54 0.31 44.83 2.66 61.01 0.64 44.59 0.58 0.03 5.96 6.09
TABLE III

SUMMARY OF DAVIES—-BOULDIN CLUSTER QUALITY FOR DATASETS WHERE GROUND-TRUTH LABELS ARE NOT AVAILABLE. VOROCLUST RESULTS ARE

GENERATED USING THE 7)¢yt MODALITY TO PROVIDE HEAD-TO-HEAD COMPARISONS WITH ALGORITHMS THAT DO NOT ASSIGN NOISE. LOWER SCORES

INDICATE BETTER CLUSTERING PERFORMANCE; BEST SCORES ARE UNDERLINED IN BOLD, AND SECOND-BEST SCORES ARE ITALICIZED IN BOLD. THE
RESULT FOR DBSCAN FOR NEVADA ROAD (NR) IS CROSSED OUT BECAUSE DBSCAN LABELED ALMOST ALL POINTS NOISE. (SEE FIG. 12)

Davies—Bouldin Index (# Clusters)

Algorithm BR1 BR1 (R) BR2 BR2 (R) GC GC (R) OF OF (R) NR
k-Means 0.6313 (3) | 0.6391 (3) | 0.8289 (4) | 0.9067 (4) | 1.1237 (4) | 1.0241(3) | 1.0316 (3) | 1.0062 (3) | 0.7481 (4)
BIRCH 0.6461 (3) | 0.6468 (3) | 0.8050(4) | 0.9825(4) | 1.1397 (4) | 0.8969 (3) | 0.8176 (3) | 0.8108 (3) | 0.7357 (4)

DBSCAN N/A 2.6152 (4) N/A 3.2278 (2) N/A 6.6158 (2) N/A 1.9362 (3) | 0A4HT(2)

HDBSCAN N/A 2.8233 (3) N/A 3.0556 (3) N/A 5.2718 (3) N/A 2.2349 (3) | 2.1105(3)

VoroClust 0.6336 (3) | 0.6331 (3) | 0.8139 (4) | 0.8506 (4) | 1.1959 (4) | 0.8375(3) | 0.9052 (3) | 0.8218 (3) | 0.6634 (4)

TABLE IV

SUMMARY OF CLUSTERING PERFORMANCE FOR DATASETS WITH GROUND-TRUTH LABELS USING THE ADJUSTED RAND (AR), FOWLKES-MALLOWS
(FM), AND DAVIES—-BOULDIN (DB) METRICS. BEST SCORES ARE UNDERLINED IN BOLD, AND THE SECOND-BEST SCORES ARE ITALICIZED IN BOLD.

Salinas A Pavia University

Algorithm AR FM DB # Clusters AR FM DB # Clusters

k-Means 0.7746 0.8187 0.5869 8 0.4978 0.6301 0.8062 6

BIRCH 0.7020 0.7681 0.4776 6 0.4212 0.6494 1.1777 7
DBSCAN 0.7857 0.8279 1.8491 7 0.5161 0.6715 2.7101 4
HDBSCAN 0.8359 0.8704 1.4702 8 0.3680 0.5509 2.9921 4

VoroClust 0.8494 0.8802 0.7790 8 0.5513 0.7053 0.7536 6
Ground Truth 1.0000 1.0000 0.9198 7 1.0000 1.0000 1.8603 10

difficult to generate and are not readily available for most V. RESULTS

real-world applications [51].

When datasets do not have ground-truth labels, we use the
Davies—Bouldin Index [52] to assess results. Conceptually,
a lower score indicates good inter-cluster separation and less
scattered points within clusters. But the Davies—Bouldin metric
assumes clusters are well-characterized by their centroids,
and all calculations are defined relative to these locations.
When the true clusters are non-convex, especially when two
clusters have similar centoid locations (e.g., the concentric
circles in Fig. 2), the scores become biased and do not
provide a reliable indicator of clustering quality. In light of this
limitation, we also use qualitative assessments of clustering
quality (e.g., visual inspection and human explanations of
clusters). These assessments show cases where metric scores,
particularly Davies—Bouldin, are misleading.

In this section, we present the clustering results of the
proposed VoroClust algorithm, along with four comparison
algorithms, evaluated on a collection of PolSAR and HSI
datasets. For the high-resolution PoISAR datasets, the run-
times of the density-based comparison algorithms exceeded
several hours. To compare VoroClust’s cluster quality with
these algorithms, we created reduced-resolution versions of
the PolSAR datasets®. Figs. 612 show visualizations of the
clustering results produced by each algorithm. Tables II-IV
give quantitative results, which we discuss in detail below.

A. HSI Results

Every algorithm successfully clustered Salinas A, the small-
est HSI dataset. VoroClust and HDBSCAN performed best ac-
cording to the Adjusted Rand and Fowlkes—Mallows metrics,

SWe created reduced-resolution images using the Python Scikit-Image
package [53] to rescale images down by a factor of eight along each axis.
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indicating a strong agreement with the ground-truth labels.
BIRCH and k-Means performed best according to the Davies—
Bouldin index, despite receiving the worst scores for both
metrics based on the ground truth. This illustrates the issues®
with Davies—Bouldin’s assumptions discussed in Section IV-C.

For the Pavia University dataset, VoroClust achieved the
top scores in all three metrics. DBSCAN received the second-
highest scores for Adjusted Rand and Fowlkes—Mallows,
identifying clusters that align well with the ground truth but
provide less detail than VoroClust (e.g., VoroClust separates
parking lots from streets, as shown in Fig. 11). k-Means had
the fastest runtime for this dataset, followed by VoroClust
and BIRCH. VoroClust was considerably faster than the other
density-based algorithms, producing clusters 40 times faster
than DBSCAN and over 400 times faster than HDBSCAN.

Nevada Road is the largest HSI dataset, with 274 spectral
measurements per pixel location. DBSCAN had the best
Davies—Bouldin score, but, from a practical standpoint, it per-
formed much worse than the other algorithms’ (see Fig. 12).
Omitting the DBSCAN results, VoroClust received the best
Davies—Bouldin score, followed closely by BIRCH and k-
Means. The k-Means algorithm had the fastest runtime for this
dataset. VoroClust and BIRCH had comparable, but slightly
slower runtimes than k-Means. HDBSCAN was significantly
slower, taking 6 hours whereas k-Means and VoroClust took
only a few seconds.

VoroClust also provides useful information regarding outlier
regions in the Nevada Road dataset. From the results in
Fig. 12, we see a concrete pad in the center of the image is
determined to be an outlier by VoroClust. k-Means and BIRCH
both identify this region as dirt and provide no indication that
a man-made structure exists. This is a key shortcoming of
the distance-based algorithms: individual objects, and regions
with unique types of terrain cover, are often too small to form
clusters on their own. As a result, they are assigned labels
based on the more prominent features in the scene, making
outlier objects indistinguishable from their surroundings.

For remote-sensing applications, identifying anomalous re-
gions can be critical. We believe noise assignment is an
important feature of VoroClust. While DBSCAN and HDB-
SCAN can also identify noise, they are orders of magnitude
slower than VoroClust, thus generally unsuitable for real-time
applications. We computed all metric scores using the )¢
modality of VoroClust®, (i.e., removing small clusters), but we
observed similar performance when using noise assignment.

B. PolSAR Results

For the Bosque River 1 and Bosque River 2 datasets, the
VoroClust, k-Means, and BIRCH algorithms all performed

5The ground truth itself receives a Davies—Bouldin score of 0.9198 for the
Salinas A dataset, which suggests relatively poor cluster quality.

"DBSCAN labels the vast majority of points as noise and identifies one,
very small cluster for trees. The trees have low intra-cluster variance, and due
to the formulation of the Davies-Bouldin index, the relatively large separation
between the centers of the two clusters has an exaggerated impact on the score.

8Including noise in the metric scores biases the comparisons in favor
of algorithms without noise (since noise ‘clusters’ have high intra-cluster
variance). Omitting noise biases scores in favor of algorithms with noise
assignment (since they can remove difficult, intermixed regions in the data).
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Fig. 13. The runtime for VoroClust increases significantly as the sphere radius
is decreased (since the sphere count |S| approaches |D| in the limit R — 0).
In practice, as shown in prior results, VoroClust is fast because it can produce
good labelings with a relatively large radius.

similarly in terms of the Davies—Bouldin metric and the
qualitative results. k-Means and BIRCH slightly outperform
VoroClust on the Golf Course dataset, obtaining better metric
scores and providing more detailed clusters, as shown in Fig. 8.

For the Open Field dataset, BIRCH has the best Davies—
Bouldin score, but its clusters are less detailed than the
VoroClust and k-Means results (see Fig. 9). VoroClust and
k-Means both clearly identify the agricultural pattern in the
scene, which BIRCH misses. VoroClust also provides a clean,
homogeneous representation of the fields in the scene, while
k-Means has much noisier performance in these regions.

k-Means was consistently the fastest algorithm for the full-
resolution PolSAR datasets, with an average runtime of 10.6s,
while VoroClust averaged 43.7 s, and BIRCH averaged 281.6 s.
The DBSCAN and HDBSCAN algorithms were both outliers
on the PolSAR datasets, with worse Davies—Bouldin metric
scores and considerably longer runtimes. We tested these
algorithms on reduced-resolution versions of the datasets to
produce results in a reasonable time frame; however, the
clustering quality for these algorithms was inferior in both
the metrics and qualitative assessments.

C. Performance

Table II summarizes algorithm runtimes. The k-Means al-
gorithm is the fastest algorithm for all but the smallest dataset,
Salinas A. VoroClust is the second fastest, demonstrating
competitive performance across all ranges of dimensionality
and dataset size. VoroClust is significantly faster than the
density-based alternatives. VoroClust runs successfully on
high-resolution data where DBSCAN and HDBSCAN timed-
out, and VoroClust runtimes were several orders of magnitude
shorter in general.
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The runtime of VoroClust depends strongly on the choice
of radius. With a smaller radius, more spheres are required to
cover the dataset. This increases the operation count for each
step of the algorithm. Fig. 13 shows the effect on runtime.
Some scenes required much smaller radius values than others
for VoroClust to capture enough detail to produce quality
clusters. Thus some similarly sized datasets had noticeably
different runtimes for VoroClust.

D. Parameter Sensitivity

VoroClust results depend on multiple parameters, as well
as the randomness of sphere sampling. Since parameter se-
lection is currently manual, algorithm (non)sensitivity to each
parameter and randomness is important for usability.

To test this, we needed a way to compare the quality of
many results. While it is usually easy to judge qualitatively at a
glance, that is not practical at large scale. The Davies-Bouldin
Index does not require a ground truth, but it can be unreliable
by giving very good scores to very poor results. Instead, we
use the Adjusted Rand Index. Since this requires a ground
truth for comparison, we chose a good VoroClust result for
our sensitivity-test ground truth. This is valid because these
ARI scores are only used to compare VoroClust with itself,
rather than against other algorithms as in earlier sections.

Next, we generated results over a wide range of radii,
keeping the secondary parameters v and (8 fixed to the same
values as were used for the ground truth. For each radius value,
we ran VoroClust 30 times to compute an average Adjusted
Rand Index and to estimate the variance in the score introduced
by the randomized sphere cover. Finally, to test sensitivity
to o and (8, we picked a good radius from the previous test
and a fixed seed to control randomness. We then computed
ARI for the full range of o and . These results are shown
in Fig. 14 and Fig. 15. A high ARI, close to 1.0, indicates
close agreement with a reference clustering result selected by
a subject matter expert. For some datasets, such as Bosque
River 1 or Pavia University, we see consistent results over a
wide range of R, and also over wide ranges of the secondary
parameters. However, other datasests such as Nevada Road are
less predictable. The ARI are lower on average, which is partly
a consequence of the experiment relying on comparison to a
single baseline run. Upon further visual inspection, we found
many labelings with low ARI which still appear to represent
the data well despite differences with the chosen baseline.

The parameter sweeps show the full allowable ranges of
parameters, but the underlying theory suggests we should
almost always have a detail ceiling above 0.5 and a descent
limit below 0.5, so the bottom left corner of these plots is the
most important region to consider. Changes to the descent limit
are explicitly designed to expand/contract decision boundaries
between clusters, and selecting a very low detail ceiling will
merge clusters by construction, which can both lead to large
drops in ARI in their extremes. Sensitivity plots for additional
datasets are provided in Appendix C.

E. Parameter Selection

When searching for effective parameters, we recommend
starting with large values of R, which can be evaluated quickly,
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Fig. 14. (Left) The Adjusted Rand Index compares results to a ground truth.
Radius is varied over a wide range, and auxiliary parameters are held constant.
At each radius, we run 30 times to test sensitivity to random seed. We show
the mean and variance, with the shaded blue region representing one standard
deviation above and below the mean. High values of ARI over a wide range
show that VoroClust results are very stable for Bosque River 1. (Right) We
hold the radius and seed constant, while testing VoroClust using the full range
of the auxiliary parameters: ‘descent limit’ and ‘detail ceiling’. A high ARI
indicates significant agreement with a ground truth.
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Fig. 15. In comparison to Bosque River 1 shown in Fig. 14, Nevada Road
has far more variability due to randomness and changing parameters.

and gradually reducing the radius until distinct clusters begin
to form. We found that the radius should generally give a
ratio of spheres to data points between 1:100 and 1:1000. This
number is dependent on the resultion and scale of your data.
For the auxiliary parameters, we recommend starting with the
default values: o = 0.8, 8 = 0.25, and 1 = 0.05.

Most of VoroClust’s runtime is spent in sphere sampling,
which depends only on the radius. After choosing an effective
radius, most users can quickly tune the auxiliary parameters
to improve cluster quality based on application requirements
without repeating sphere selection. Increasing the noise thresh-
old  can remove smaller clusters. Decreasing the detail
ceiling parameter o can expand clusters. For applications
with very little noise, the descent limit 3 can be dropped
to zero to obtain sharper cluster results. If very few clusters
are appearing, users may need to raise the descent limit [,
which encourages clusters to break at higher density levels. For
the HSI datasets, we found that considerably higher descent
limits were required. This is likely due to the material mixing
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Fig. 16. VoroClust performance with multiple threads. Note, VoroClust uses
a k-d tree for fast searches in lower dimensions (Bosque River 1). The
construction of the k-d tree is not parallel, which creates a floor for multi-
threaded runtime: approximately 22s for the Bosque River dataset shown
above.

effect common in HSI data and was the original motivation
for including the descent limit parameter in the algorithm.

F. Implementation Details and Parallelization

The VoroClust algorithm admits a natural parallel imple-
mentation. Most steps of the algorithm are trivially paralleliz-
able with OpenMP parallel loops. The only exception is sphere
selection, where we use multithreaded batch processing due to
data dependencies between loop iterations.

For low-dimensional data, such as PoISAR, we construct a
k-d tree [34] from the input data for more efficient searches.
k-d tree construction has a fixed cost that depends only on
the input data. This forces a minimum (serial) cost in multi-
threaded runs’. VoroClust does not use a k-d tree for the
HSI datasets since the speed advantage becomes negligible in
higher-dimensions. Fig. 16 shows VoroClust scaling for high-
dimensional and low-dimensional examples.

Although we do not currently have a precised procedural
method for fine tuning these parameters, there are some key
intuitive rules that can be used to guide parameter calibration.
If VoroClust produces a large number of small clusters, this
can indicate that the radius is too small because density
variation within a cluster is being captured as boundaries
between clusters. In addition to adjusting the radius, this effect
could also be managed by reducing the detail ceiling. This
causes noise near the high density cores of clusters to be
ignored, preventing breakage into smaller clusters until the
overall density is smaller. Conversely, if VoroClust produces
a single dominant cluster this can indicate a radius which
is too large: single spheres are crossing the gaps between
clusters without major drops in density. It is also possible for
the highest density cluster to spread out to cover all of the
low density regions, taking a greater fraction of the domain
simply because of the order that clusters are defined. This
can be controlled by raising the descent limit, which breaks
propagation in low density regions and allows subsequent
clusters to spread to their outskirts properly.

9Omitting the k-d tree implementation removes this runtime barrier, but we
found the k-d tree improved performance when using limited cores.

G. Hardware

We performed most experiments on an Intel® Core™ i5-
11600 CPU at 2.8 GHz, with 6 cores and 12 logical processors.
The parallel scaling tests shown in Fig. 16 were performed on a
single node of the Attaway supercomputer, at Sandia National
Laboratories, which contains the 2.3 GHz Intel® Xeon® Gold
6140 CPU, with 2 sockets containing 18 cores each.

VI. CONCLUSION

We introduced a new unsupervised clustering algorithm,
VoroClust, designed for terrain-cover identification in remote-
sensing datasets. The algorithm begins by generating a set of
spheres that covers the full dataset. This reduces complexity,
and allows the algorithm to scale well to high-resolution data,
such as PolSAR images. We compute density estimates for
each sphere and form a density graph to model topological
properties of the data distribution. VoroClust traverses this
graph by descending from local peaks in density, breaking
the graph into disjoint components that represent clusters.
The spheres from each cluster induce an implicit Voronoi
tessellation of the data space, which provides a geometric
model for each cluster, as well as noise and outlier regions.

We tested the algorithm using an extensive collection of
remote-sensing datasets, including PolSAR and HSI images
with a wide range of resolutions and feature dimensions. We
provide a detailed assessment for each dataset. Overall, Voro-
Clust matches, or exceeds, the cluster quality of several estab-
lished algorithms including k-Means++, BIRCH, DBSCAN,
and HDBSCAN. VoroClust’s speed is far more competitive
with that of distance-based algorithms, such as k-Means++,
than any of the existing density-based alternatives. Unlike
distance-based approaches, however, our algorithm does not
make simplifying assumptions on cluster geometry, and it is
capable of providing noise and outlier information which k-
Means++ cannot.

The current VoroClust algorithm has several key opportuni-
ties for improvement. With multiple tunable parameters, it can
take some effort to achieve the desired clustering results for
a given dataset. In future work, we hope to improve the algo-
rithm’s ease-of-use by automating the selection of the auxiliary
parameters. Secondly, the reliance on a single global radius
for sphere coverage can limit the ability to capture certain
geometries. A method of automated parameter selection could
enable adaptive sphere radii to more accurately cluster regions
that have distinct intrinsic scales. With additional research
targeting these improvements, we believe VoroClust can be
extended to provide a flexible clustering framework that adapts
to the natural scales of the data. This regional scale informa-
tion could also help simplify, and potentially automate, the
parameter selection process in the future. Additionally, while
the algorithm was designed explicitly with remote-sensing
applications in mind, the proposed clustering algorithm can
also be applied to more general datasets, and we plan on
directing future research efforts to assess how well VoroClust
generalizes to data collected from applications outside of the
remote-sensing domain.
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APPENDIX A
RESULTS WITH DIMENSIONALITY-REDUCED DATA

A standard way to accelerate clustering on high-dimensional
data is to perform dimensionality reduction, e.g., using prin-
cipal component analysis (PCA), before clustering. This ap-
proach reduces the computational costs of clustering by map-
ping the original data to a lower-dimensional space, while
attempting to retain as much information about the original
dataset as possible. The dimension for HSI images is the
number of spectral bands. PCA can map the original image
with shape [H,W,d] to a reduced representation of shape
[H,W,dg], with dr < d.

To assess how dimensionality reduction impacts the perfor-
mance and cluster quality of VoroClust, we conducted addi-
tional tests where applied PCA to reduce the dimensionality
of each image to dr = 3. We then applied either VoroClust
or k-Means for comparison. Table V summarizes the results.

For k-Means, applying PCA before clustering causes min-
imal change in the Davies-Bouldin scores. This seems to
indicate that the k-Means algorithm is not using the higher-
dimensional features in the original datasets. This is perhaps
unsurprising since the algorithm is designed around centroids
and averages of points, and these values are likely less
sensitive to the effects of dimensionality reduction.

For VoroClust, applying PCA before clustering consistently
produces lower-quality clusters (with the Bosque River 1
dataset being the only exception). This suggests that VoroClust
can take advantage of information in the higher-dimensional
representation that is lost during dimensionality reduction.
Since the difference in scores is relatively modest, there is
likely not a significant amount of data lost for these particular
examples. However, for more complex datasets, it is possible
that more PCA modes would be required to achieve compara-
ble cluster results. Algorithms that can cluster in the original
data space need not select the number of PCA modes and they
ensure that data loss is not impacting the clustering results.

While collecting data on the runtimes of the PCA and non-
PCA approaches, we discovered that the choice of hardware
had a significant impact on the timing results. We found the
Intel® Core™ i5-11600 CPU that we used for the results
in Section V performs quite poorly when running the large-
matrix operations required to apply PCA to the remote-sensing
datasets. Table VI summarizes the runtimes with the Intel chip.
On average 56% of the runtime was spent performing PCA.
To provide a more fair comparison of the PCA runtimes, we
conducted additional tests using a more modern Apple M3
Max chip. Table VII summarizes these results.

Overall, we do not observe any significant change in runtime
for k-Means when using PCA, although the PCA approach
can be significantly slower when running on older hardware.
For VoroClust, there are some instances where PCA yields a

noticeable speed-up in the algorithm; however, there is also a
drop in cluster quality for these examples. This suggests that
the decision of whether or not to use PCA should be made
based on the trade-off between cluster quality and runtime
constraints.

TABLE V
SUMMARY OF THE DAVIES-BUILDIN SCORES FOR VOROCLUST AND
K-MEANS WITH AND WITHOUT DIMENSIONALITY REDUCTION.

Davies-Bouldin Index
Algorithm | BR1 | BR2 GC OF SA PU NR
VoroClust | 0.6270 | 0.7427 | 1.0892 | 0.8075 | 0.6166 | 0.7867 | 0.5827
+ PCA [0.5859 [0.8057 | 1.0960 | 0.8211 | 0.6786 | 0.8452 | 0.6066
k-Means [0.6310(0.8295[1.1232|1.0326 {0.7209 | 0.8065 | 0.7476
+ PCA [0.6315]0.8312|1.1254|1.0316 |0.6513 | 0.8063 | 0.7483
TABLE VI

SUMMARY OF THE RUNTIMES FOR VOROCLUST AND K-MEANS WITH AND
WITHOUT DIMENSIONALITY REDUCTION. [INTEL® CORE™ 15-11600]

Runtime, seconds
Algorithm | BR1 | BR2 | GC OF SA | PU | NR
VoroClust | 29.15 | 47.93 | 68.81 | 52.93 | 0.04 | 6.24 | 6.16
+ PCA | 28.06 | 3546 | 27.38 | 28.39 | 0.17 | 3.20 | 13.75
k-Means | 7.75 | 12.36 | 10.93 | 7.08 | 0.04 | 045 | 3.50
+ PCA | 14.15 | 16.59 | 15.66 | 13.71 | 0.18 | 3.29 | 13.26
TABLE VII

SUMMARY OF THE RUNTIMES FOR VOROCLUST AND K-MEANS WITH AND
WITHOUT DIMENSIONALITY REDUCTION. [APPLE M3 MAX]

Runtime, seconds
Algorithm | BR1 | BR2 | GC OF SA | PU | NR
VoroClust | 11.07 | 17.18 | 20.43 | 17.26 | 0.01 | 1.80 | 2.09
+ PCA 1041 | 14.18 | 11.02 | 10.92 | 0.05 | 0.73 | 3.27
k-Means | 2.86 | 3.67 | 3.56 | 2.60 | 0.06 | 0.66 | 3.59
+ PCA 3.00 | 3.73 | 3.52 | 2.82 | 0.06 | 0.70 | 3.56
APPENDIX B

PRE-TRAINED MODELS FOR REMOTE-SENSING DATA

Another emerging strategy for clustering and image segmen-
tation is the use of large, pre-trained transformer models, such
as the Segment Anything Model (SAM 3) [54], [55]. These
models are trained on a diverse corpus of image data and have
been shown to perform well at zero/few-shot segmentation
tasks for a variety of applications [56], [57]. Since the models
are trained on standard RGB images with three channels
(i.e., three dimensions per pixel), a dimensionality-reduction
technique such as PCA must first be applied to reduce the
dimensionality of PolSAR and HSI datasets to three dimen-
sions before using a pre-trained model. We conducted a short
series of numerical tests to determine whether a pre-trained
transformer model could potentially be used to cluster remote-
sensing datasets. Due to the large number of parameters
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required by these transformer models, running these models
typically requires a hardware accelerator such as a GPU.

For our experiments with pre-trained models, we used
the SAM 3 model running on an NVIDIA L40S GPU. We
initially used channel-wise PCA for dimensionality reduction.
However, we found that even after shifting and rescaling values
to match the values of standard RGB images, the model
struggled to produce any meaningful clustering results with
these inputs. The model performed considerably better on
RGB reference images that were created for visual inspection
(i.e., those shown at the far left of the figures in the main text).

The SAM 3 model also accepts text-based ‘prompts’ to
direct the model to perform specific tasks. For example, if an
application requires identifying all of the buildings in a scene,
the model can be provided this information through the prompt
and will (if successful) return pixel-wise segmentation masks
for buildings, while omitting other features in the scene. We
experimented with a series of different prompting strategies,
but ultimately found limited success when working with the
PolSAR and HSI remote-sensing datasets.

On Nevada Road, SAM 3 fails to identify any objects at all
for the majority of prompts. The prompt ‘Identify the dirt in
this overhead image’ yielded the output closest to clustering
results, which is shown in Figure 17. SAM 3 can identify a
few (though not all) of the vehicles when prompted to do so,
but we found no prompts that could produce any meaningful
full clustering of the terrain. This is consistent with Zhang
et al.’s findings [58]. They note that pre-trained transformer
models generally have trouble with ‘amorphous regions’ such
as roads and other types of land cover. They propose an
extended architecture specifically to address this problem. This
approach would still require GPU hardware and a dedicated
server instance of the model in order to provide anywhere near
real-time predictions.

On the Pavia University dataset, the SAM 3 model can
identify buildings with straight-forward prompting, as shown
in Figure 18. However, we counld not find any prompts that
produced meaningful clustering of any of the roads or terrain
types in the scene. Also, most of the segmentation results
exhibited imprecise boundaries, often blurring regions between
buildings and the surrounding terrain.

In practice, we observed that the resulting three-channel
representations for remote-sensing images often have less
visual contrast and much less diverse color ranges than one is
accustomed to seeing in standard RGB images. It is possible
that this perceptible difference in dimensionality-reduced im-
ages has a negative impact on the performance of pre-trained
models, as we found the results on the PolSAR and HSI
remote-sensing datasets were far less accurate than the results
on standard RGB overhead images.

APPENDIX C
PARAMETER SENSITIVITY ANALYSIS

To assess the sensitivity of the VoroClust algorithm to
the selection of hyperparameters, we conducted a series of
numerical studies by sweeping the radius and auxiliary pa-
rameters and computing the change in cluster quality relative

Nevada Road

SAM 3 Segmentation
T U

Fig. 17. SAM 3 segmentation results on the RGB reference image for the
Nevada Road dataset when provided prompt ‘Identify the dirt in this overhead
image’.

Pavia University SAM 3 Segmentation

Fig. 18. SAM 3 segmentation results on the RGB reference image for the
Pavia University dataset when provided prompt ‘Identify the buildings in this
overhead image’.

to the baseline results presented in the main text using the
Adjusted Rand Index. The results of the sensitivity studies are
summarized in Figures 19-23.
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Fig. 19. Parameter sensitivity results for Pavia University dataset.
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