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ShadowCorr: Cross-View Correspondence of 3D
Segments via Volumetric Consensus

Yiyan Ruan and Erik Komendera

Abstract—Associating per-view 3D object segments that origi-
nate from the same rock instance—segment-level correspondence
across viewpoints—is challenging when partial visibility pro-
duces non-overlapping fragments or when physically adjacent
rocks create ambiguous boundaries. Given a set of per-view 3D
segments produced by 2D instance segmentation back-projected
through depth, together with calibrated camera poses, this paper
introduces ShadowCorr, a voxel-based framework that infers
segment correspondences through volumetric consensus rather
than direct surface matching. Each segment is extended back-
ward into the space its underlying rock must occupy, using an
estimated thickness, generating confidence-weighted occupancy
voxels within a shared 3D grid. Segments belonging to the same
rock instance then produce overlapping volumes even when their
visible surfaces do not, and a sparse 3D convolutional neural net-
work reads these co-occurrence patterns into discriminative per-
voxel embeddings. Clustering then yields the final segment-level
correspondences. Evaluated on 200 synthetic lunar terrain test
scenes containing 18-20 rock instances per scene, ShadowCorr
achieves 99.04% rock purity and 98.88% cluster purity, for an
average of 98.96%, exceeding the best baseline by 9.64 points
(89.32%).

Index Terms—Sparse convolutional networks, cross-view cor-
respondence, 3D segmentation, multi-view geometry, planetary
robotics, point cloud processing, volumetric scene reasoning

I. INTRODUCTION

STABLISHING correspondences between segments, par-
tial 3D object observations produced by per-view in-
stance segmentation and back-projection through depth, across
multiple viewpoints is a fundamental challenge in robotics and
computer vision. Unlike classical correspondence pipelines,
which match local point-level descriptors across scans, the
problem here is to determine which per-view segments belong
to the same physical object. Solving this problem allows down-
stream tasks such as 3D reconstruction, navigation planning,
and object manipulation to reason at the object level rather than
at the viewpoint level. The challenge is especially important
in unstructured environments such as planetary surfaces and
disaster-response scenes. Fig. 1 contrasts terrestrial earthquake
rubble with lunar boulder fields; despite their different origins,
both exhibit dense clutter, severe occlusion, and fragmented
object visibility.
Prior work on related problems falls into several families.
Point-level feature methods match local descriptors across
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Comparison of (a) urban destruction in Idlib, Syria, after an
earthquake [1] and (b) boulders on the rim of Hadley Rille photographed
during Apollo 15 [2]. Both scenes exhibit visually similar cluttered rubble
fields, including dense irregular fragments and strong occlusions, motivating
the focus on correspondence in highly cluttered environments.

Fig. 1.

scans using hand-crafted [3], [4] or learned [5], [6] represen-
tations. Image-plane multi-object trackers such as SORT [7]
and ByteTrack [8] propagate object identities across video
frames. A third alternative fuses all views into a single point
cloud and applies a 3D instance segmentation method such
as Mask3D [9] or SoftGroup [10]. None of these families
was designed for the combination of partial per-view vis-
ibility, near-uniform surface appearance, and segment-level
correspondence considered here.

These limitations motivate a different perspective. Rather
than matching visible surface geometry directly, this work in-
fers segment-level correspondence from volumetric consensus
using known camera poses. Each observed segment is ray
cast through an estimated thickness to generate a volumetric
“shadow” extending backward into the space the underlying
rock must occupy. When segments from different viewpoints
cast overlapping shadows into the same 3D region, that spatial
consensus provides strong evidence that they correspond to the
same rock instance, even when their visible surfaces do not
overlap. This principle is illustrated in Fig. 2.

This voxel-based formulation is particularly useful because
a direct segment-level clustering strategy is less suitable for
the problem setting considered here. Segments contain highly
variable numbers of points and do not conform to a regular
spatial grid. Direct comparison therefore either requires global
pooling, which discards local spatial relationships, or exhaus-
tive pairwise computations across all segment pairs. In con-
trast, voxelization converts these irregular observations into a
shared discretized representation in which overlap is expressed


https://github.com/JXNICHOLAS/ShadowCorr
https://github.com/JXNICHOLAS/ShadowCorr
https://doi.org/10.5281/zenodo.18917286

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL. XX, NO. X, MONTH XXXX 2

() (d)

Fig. 2. (a) One lunar rock. (b) When the center of the rock is occluded, only
the two side segments remain visible. (c) Without additional information, such
as prior shape knowledge, traditional algorithms tend to cluster the two non-
overlapping segments separately. (d) With known camera poses, the correct
correspondence can instead be inferred from the overlap of the projected
volumetric shadows.

implicitly through position. When multiple segments project
into the same voxel, potential correspondence is naturally
encoded at that location. A permutation-invariant encoder can
then aggregate the variable-length set of segments associated
with each voxel into a fixed-length representation, enabling
efficient sparse 3D convolution for correspondence inference.

The method assumes that RGB-D imagery, 2D instance seg-
mentation, and calibrated camera poses are available as input.
These assumptions are reasonable in many robotic perception
pipelines. State-of-the-art 2D instance segmentation models,
such as SAM 2 [11], Mask R-CNN [12], and YOLOv11 [13],
have demonstrated strong performance across diverse bench-
marks. RGB-D sensing is also widely used in robotics. Camera
poses can be estimated through visual odometry [14], visual-
inertial odometry [15], SLAM [16], or registration meth-
ods such as ICP [17] when sufficient background geometric
overlap is present. Training and evaluation use a large-scale
synthetic dataset generated in Unreal Engine 5.5 [18] with
NASA lunar rock meshes [19], providing pixel-perfect ground-
truth annotations for controlled assessment.

Together, these design choices form ShadowCorr, a frame-
work that addresses segment-level correspondence from a
fundamentally different perspective by reasoning about where
rocks must be rather than matching only what is directly
visible. The main contributions of this work are:

o A volumetric segment-level correspondence formulation
that adapts classical multi-view back-projection ideas
to the problem of associating unidentified partial 3D
segments across viewpoints.

o« A finite-thickness, confidence-weighted projection
scheme that converts each visible segment shell into
a volumetric support region suitable for cross-view
correspondence reasoning.

o A scene-specific, permutation-invariant voxel encoder in-

spired by Word2Vec-style co-occurrence learning [20],
which learns segment-ID embeddings from within-voxel
co-occurrence and maps segment-ID sets to fixed-
dimensional voxel features.

o A sparse-tensor correspondence learning framework that
integrates local attention and a tailored multi-loss objec-
tive to learn discriminative embeddings for cross-view
segment association.

e A publicly released Unreal Engine multi-view RGB-D
lunar rock dataset with instance annotations [21].

o Experimental results on synthetic lunar terrain scenes
demonstrating strong gains over existing 3D instance
segmentation and clustering baselines.

II. RELATED WORK
A. Volumetric Inference

The broader idea of back-projecting observations into a
shared 3D volume has classical roots in visual hull [22] and
space carving [23]. These methods established that consistent
evidence from multiple calibrated viewpoints can be accu-
mulated in 3D space to constrain object geometry, providing
a principled foundation for volumetric multi-view reasoning.
Visual hull constructs the maximal volume consistent with
object silhouettes, while space carving further refines the
volume by removing voxels whose projected appearance is
inconsistent across views. However, both methods assume
that the relevant object support in each image is already
known through silhouettes or appearance cues associated with
the same object. As a result, correspondence is treated as
an implicit prerequisite for reconstruction rather than as the
problem to be solved.

ShadowCorr builds on this volumetric intuition but reformu-
lates it for correspondence discovery. Instead of reconstructing
shape from silhouettes or carving a globally consistent volume,
ShadowCorr projects pre-segmented partial depth shells into a
shared voxel grid and uses a learned sparse CNN to infer cor-
respondences from cross-view co-occurrence patterns. Unlike
unbounded silhouette back-projection, ShadowCorr extends
each segment only a finite distance behind the observed surface
using a confidence-weighted projection that limits volumetric
bleeding and captures depth uncertainty. In this sense, Shad-
owCorr inherits the volumetric consensus intuition from prior
multi-view geometry but replaces explicit reconstruction rules
with a learned correspondence inference pipeline.

B. 3D Instance Segmentation

Point cloud instance segmentation methods partition a single
scan into object-level instances. Early approaches used hand-
crafted geometric features together with region-growing algo-
rithms, whereas more recent learning-based methods extract
discriminative features with deep neural networks. Proposal-
based methods such as 3D-SIS [24] and 3D-MPA [25] generate
object proposals and refine them through classification, while
proposal-free methods such as PointGroup [26], HAIS [27],
and SoftGroup [10] directly group points using learned em-
beddings and bottom-up clustering strategies.
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Transformer-based architectures, including Mask3D [9] and
SPFormer [28], use attention mechanisms to capture global
context and improve instance boundary detection. These meth-
ods achieve strong performance on indoor-scene benchmarks
such as ScanNet [29] and S3DIS [30], where observations are
largely complete and represented in a unified coordinate frame.

These methods are designed for scenes in which observa-
tions are relatively complete and per-view identity is discarded
by construction when point clouds are fused. The segment-
level, partial-observation regime considered here differs on
both counts, motivating a representation that reasons about
cross-view co-occurrence rather than fused surface geometry
alone.

C. Point-Level Matching and Low-Overlap Registration

Classical local descriptor methods such as FPFH [3] and
SHOT [4] encode geometric context around each point us-
ing histograms of surface normals and curvature. Learned
counterparts such as 3DMatch [S] and FCGF [6] replace
hand-crafted features with deep network descriptors trained
on corresponding patch pairs. Both families perform well
when objects exhibit distinctive geometric structure and the
scans to be matched share substantial visible surface area.
In the segment-level correspondence setting considered here,
however, viewpoint-dependent segmentation often yields frag-
ments with little or no shared surface. Touching rocks ad-
ditionally produce adjacent segments with similar boundary
geometry, causing geometric matching to either split same-
instance segments or merge different-instance ones.

To address limited overlap more directly, several deep-
learning approaches infer shape compatibility or complete
missing geometry before matching. Methods such as CTF-
Net [31] improve matching under occlusion by jointly
predicting visibility masks and deformed geometry flows.
Completion-driven registration methods such as Mutual-
Prior [32] and PuzzleNet [33] use cross-fragment reasoning to
reconstruct missing surfaces and align complementary shapes,
enabling registration even when shared geometry is minimal.
Despite their effectiveness, these methods typically assume
that fragments arise from rigid objects with predictable or
learnable shape priors, such as indoor furniture or vehicles.
Lunar rocks, in contrast, exhibit highly irregular morphol-
ogy and viewpoint-dependent fragmentation, making category-
driven or prior-based completion unreliable.

D. 2D Multi-Object Tracking

Two-dimensional multi-object trackers such as SORT [7]
and ByteTrack [8] propagate object identity across frames
using Kalman-filter motion models and frame-to-frame
bounding-box IoU association, and are explicitly designed for
sequential monocular video with short occlusions. In the multi-
view setting considered here, each camera provides an inde-
pendent spatial observation rather than a temporally ordered
frame, so the motion-continuity assumption these trackers rely
on does not hold, making them inapplicable by design rather
than merely suboptimal.

Algorithm 1 ShadowCorr Preprocessing (one scene)

Require: Per-viewpoint segments { (P, Tcam,(, y)}: surface
points, camera pose, segment ID [, rock instance label y
Ensure: Sparse voxel grid {(c;, v, Si, 27°%, vi)}
1: for all segments (Pgt, Toam,!,y) do
2:  Voxel-downsample and remove statistical outliers from
P
3:  Fit error ellipsoid to Pg; compute axes /23 and
projection depth dg,.¢ (Sec. III-B)
4:  for all points p; € Py do
Compute py, assign pr())j,
points to P
end for
Discretize Pg; U Py into voxels; retain only voxels
with a point in the central 80% of the cell (Chebyshev
filter) (Sec. 1II-D)
: for all voxels ¢ touched by this segment do
9: Insert [ into S;; accumulate qb(cfz) into ~y;; record y
as candidate label for voxel ¢ (Eq. 5)
10:  end for
11: end for
12: Assign each voxel label y; by highest accumulated confi-
dence; retain top 50% of voxels by ~;
13: Build co-occurrence matrix O from {S;}; learn per-scene
embeddings {z(1)} via L, (Sec. 1II-E)
14: For each voxel i, set z{ < {o-norm (57 e, 2(1))
(Eq. 8)

ray-cast to add projected
(Sec. III-C)

III. DATA PREPARATION

The proposed pipeline converts synthetic multi-view rock
observations into the voxelized inputs used by the model.
Unreal Engine scenes provide segmented rock point clouds
together with calibrated camera poses, which are further
processed through camera-ray projection and discretized into
a fixed-resolution voxel grid. This representation encourages
segments from the same rock to produce consistent, overlap-
ping volumetric estimates, while segments from different rocks
remain separated in voxel space. Point cloud processing and
visualization are performed using the Open3D framework [34].
Algorithm 1 gives a complete summary; the subsections that
follow derive each step in detail.

A. Unreal Engine Synthetic Data

No existing public dataset provides multi-view calibrated
RGB-D, per-instance 3D labels, and ground-truth cross-view
correspondence for cluttered rock fields. To accelerate data
collection and increase scene diversity beyond what is practical
in real-world experiments, a custom virtual environment was
therefore developed in Unreal Engine 5.5 [18] to simulate
lunar-surface rock scattering.

The environment includes a high-fidelity lunar terrain
model, eight fixed virtual RGB-D cameras, and twenty high-
resolution NASA lunar rock meshes [19]. The released dataset
records all eight views, and four of them, spaced at 90°
azimuthal intervals for full 360° coverage, are used in the
experiments reported here. Unreal Engine’s lighting system
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Fig. 3. Unreal Engine-generated color, depth, and semantic images for one
scene from four camera positions.

reproduced the strong shadowing and brightness variation
characteristic of lunar polar illumination. Depth and seman-
tic segmentation images were rendered using custom depth
buffers and stencil-mask post-processing volumes. All images
were captured at a resolution of 1920 x 1080 pixels, with depth
stored in 32-bit floating-point format, as shown in Fig. 3.

A C++ script randomly instantiated 20 rocks, with diameters
ranging from approximately 36 mm to 157 mm, within a
Im x Im x 1.5m bounding volume above the terrain
without overlap, simulating natural rock scattering. The rocks
then underwent gravity-driven free-fall and settled onto the
surface. The terrain’s physical collision mesh was offset 5 cm
below the visual surface mesh, so rocks partially penetrated
the visual terrain layer after settling, creating rock—terrain
interfaces that mimic natural partial burial in regolith. Because
the terrain surface was modeled as a solid mesh, small regolith
fluctuations at the rock—surface interface were not represented.
However, these local variations have a limited influence on the
correspondence process because the regolith is stenciled out
as background during segmentation.

From these rendered observations, the pipeline extracts per-
viewpoint 3D rock segments together with their associated
camera poses. Both are obtained directly from the simulation:
camera poses follow the scene configuration, and segmen-
tation masks are extracted from color-coded stencil buffers,
providing pixel-perfect ground-truth labels independent of
upstream segmentation errors. Each segment consists of the
back-projected depth points visible from a single viewpoint,
forming a partial surface shell of the underlying rock. The full
dataset is publicly available [21].

B. Camera-Based Point Projection and Error Ellipsoid

Because each input segment represents only a partially
visible surface shell, the projection stage requires a principled
estimate of the rock’s local orientation and interior extent
before casting points into the occluded volume. To obtain this
estimate, an error ellipsoid [35] is fitted from the segment co-
variance, providing both principal directions and characteristic
axis scales for stable volumetric projection.

Let P = {p1,...,pn} denote the set of 3D points, where
Pr = (pkgﬂ,p;gy,pkz)T. For voxel-downsampled point clouds
with approximately uniform density, the error ellipsoid is fitted
from the segment’s sample mean p = % ZZ:l Px and sample
covariance ¥ = 1 3™ (pr — p)(pr — p) 7. Its eigenvalues

-

Fig. 4. Error ellipsoid, semi-axes, and camera projection direction for a rock
segment. red m Major semi-axis; green m Intermediate semi-axis; blue m Minor
semi-axis; yellow = Camera projection direction and length.

{A1, A2, A3} and eigenvectors {v1, va, v3} define the ellipsoid
axis lengths and orientation, respectively. The eigenvalues are
sorted in descending order, A\; > Ao > A3 > 0, so that /1, /o,
and /3 correspond to the major, intermediate, and minor axes:

gz’ - kellip )‘iv 1€ {17273} (l)

The axis scaling factor kepnip is a confidence-level parameter
derived from the chi-square distribution with 3 degrees of
freedom, where each value corresponds to a specific coverage
probability under a multivariate normal assumption. Here,
kenip = 1.765 was empirically tuned to fit the rock volumes
in NASA’s dataset [19].

Projection Direction: Each segment is represented by a
point cloud Py = {p;} and a camera pose Tcam € SE(3),
represented as a 4 x4 homogeneous transform from the camera
frame to the world frame. The projection direction is defined
from the camera position toward the segment’s error ellipsoid
center p. The ellipsoid center is also projected onto the camera
image plane to obtain the 2D projection center (ug, vo), which
is later used as the reference point for silhouette-based erosion
in Section III-C.

Projection Depth: As illustrated in Fig. 4, the intermedi-
ate eigenvalue )\ is used as a robust estimator of lateral width.
Using the largest eigenvalue \; often produces overly deep
projections for elongated objects, such as rod-like geometries,
whereas the smallest eigenvalue A3 tends to underestimate
thickness because of the limited depth information available
from a single view. The effective projection depth is therefore
defined by expanding the calibrated ellipsoid width:

dsurf = kproj kellip V )\2 (2)

The expansion factor kp,.; is tuned empirically in Section V-B
to balance volumetric completeness against geometric conser-
vativeness.

C. Silhouette-Aware Erosion

The projected volumetric points are discretized into a voxel
grid with voxel size vgi,0, Which controls the spatial resolution
of the representation. This parameter introduces a fundamental
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Fig. 5. Voxel generation for a rock segment. (a) red m denotes the ground-truth
segment points. (b) blue m denotes the projected points. (c) purple m shows the
resulting voxel volume; darker (less transparent) purple indicates higher voxel
confidence. Insets (b.1)—(b.3) visualize representative eroded projection layers
(2nd, 4th, and 7th) from the camera perspective, where filtered-out points are
shown in gray

trade-off: smaller voxel sizes preserve finer geometric detail at
the cost of increased memory and computation, whereas larger
voxel sizes reduce complexity but may under-represent small
objects. The optimal value of vy, is determined empirically
in Section V-B through evaluation of the accuracy—efficiency
trade-off on the dataset.

A silhouette-aware erosion function spatially modulates the
projection depth to avoid excessive lateral expansion near
object boundaries, as illustrated in Fig. 5. If all surface points
were projected to the same depth, the resulting volume would
exhibit unrealistic “fanning” artifacts, in which the projected
shape expands laterally with increasing distance from the
camera.

Specifically, for each surface point pg, let (£,7;) denote
its image-plane projection. The normalized silhouette distance
pr, measures the bounding-box-normalized elliptical radius of
this projection relative to the projected ellipsoid center:

(o) (Y

where (uo, vo) is the projected ellipsoid center and (wpp, Abb)
are the bounding-box dimensions used for normalization. This
formulation produces elliptical erosion contours that taper
the volumetric envelope along the image axes. Points with
pr > 1, which lie outside the normalized bounding region,
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Fig. 6. Voxel confidence scoring function ¢(zi) based on a Beta distribution,
normalized to have a maximum value of 1.0.

are assigned zero projection layers and are excluded from
volumetric generation.

The number of projection layers assigned to point pj is
then defined as

N = max (0, [ Nanax - (1= pi)]). )

where Nyax = [dsurt/Usize| 1S the maximum number of
layers, computed from the estimated projection depth dgyyt
and the voxel size vgi 0. As a result, boundary points (pr — 1)
contribute few or no depth samples, while central points (p;, —
0) are projected through the full estimated thickness. This
produces a smoothly tapered volumetric envelope that reduces
overlap artifacts across adjacent rocks while preserving the
overall object geometry.

D. Voxel Generation and Scoring

After ray casting, the observed surface points Py and
projected interior points P are merged and discretized into
a sparse voxel grid. A Chebyshev distance filter mitigates
aliasing and grazing artifacts at voxel boundaries: voxels are
instantiated only if a point lies within the central 80% of the
voxel volume, preventing spurious voxels from being created
by outlier points near voxel edges.

Within this shared voxel grid, each voxel is further assigned
a confidence value to reflect its geometric support relative
to the observed surface. Let ¢ denote the 3D centroid of a
voxel cell. The minimum Euclidean distance from c to the
observed surface is computed as dpi,(c). These distances
are then normalized as d(c) = dmin(€)/dmax, Where dpax
is the maximum distance among all voxels in the segment,
ensuring that d(c) € [0, 1]. For a voxel indexed by i, we write
d; := d(ci). The confidence score is defined by a Beta-kernel
scoring function:

¢(d) =Ky-d* M (1-d), 0<d<1 (5)

where d denotes d(c) for the voxel with centroid ¢, and K ®
is a normalization constant chosen so that max(¢) = 1. The
shape is borrowed from the Beta distribution kernel but max-
normalized rather than area-normalized. It is governed by o =
1.41 and B = 1.94, chosen empirically such that the score
peaks at d = (o — 1)/(ev 4+ 8 — 2) = 0.3037 and becomes
zero at the two boundaries, d=0and d= 1, as illustrated in
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Fig. 6. This target peak location is motivated by two competing
requirements: (i) the peak must be offset from the ground-
truth surface (cZ = 0) to prevent voxel bleeding when two rock
surfaces are in contact, ensuring that adjacent instances remain
separable; and (ii) the peak should remain relatively close to
the surface to maintain high confidence in the immediately
projected region, where geometric evidence is strongest. The
ratio 8/« =~ 1.38 produces an asymmetric profile that decays
gradually toward larger d. This reflects the natural decrease
in certainty with increasing depth into the occluded volume:
the farther from the observed surface, the less likely the rock
mass extends to that location.

After confidence assignment, projected voxels from all
segments are aggregated into a unified global grid. Each
global voxel stores the identifiers of all contributing segments
together with the cumulative confidence score from their
projections. Because qﬁ(d) is max-normalized to 1 per segment
contribution, the per-voxel confidence v; = > ). qﬁ(cfgl))
grows with the number of supporting segments rather than
being bounded to [0,1], so voxels with stronger multi-view
support receive proportionally higher scores. A global per-
centile filter is then applied to retain only the top 50% of
voxels ranked by confidence; this threshold was chosen em-
pirically to improve inter-instance separation while reducing
computational cost.

This filtering, combined with the confidence scoring, also
helps prevent large rocks from overwhelming smaller neigh-
boring ones. Although a large rock may project across a wider
spatial region, its confidence still decays with depth from its
own observed surface. As a result, voxels near the true location
of a smaller neighboring rock tend to receive relatively low
confidence from the large rock but high confidence from
the small rock itself. Retaining only the highest-confidence
voxels therefore preserves the smaller rock’s signature while
suppressing spurious shadow overlap from the larger one. In
addition, the Word2Vec-style segment-ID encoding described
in Section III-E captures per-voxel segment co-occurrence
patterns, further helping distinguish adjacent instances even
when their projected volumes are spatially close.

E. Word2Vec-Style Voxel Segment-ID Embedding

Each voxel records the segment IDs that project into it,
forming an unordered set with variable cardinality that must
be mapped to a fixed-dimensional vector before it can be used
by the sparse 3D CNN. To do this, a precomputed encoder
inspired by the Word2Vec distributional hypothesis [20] is
used. The core idea is that segment IDs that frequently co-
occur in the same voxels should be embedded nearby, while
unrelated IDs should be separated in embedding space. The
encoder is trained during preprocessing and then held fixed
during downstream network training and inference, yielding
a permutation-invariant mapping from unordered ID sets to
fixed-dimensional voxel features.

Here, a segment ID denotes the unique integer label assigned
to one segmented rock observation in the input. Because the
same physical rock may be observed from multiple viewpoints,
it can appear under several distinct segment IDs. Voxels inside

that rock’s projected volume may therefore contain multiple
IDs that correspond to the same underlying instance. These
repeated co-occurrence patterns provide the correspondence
signal used by the downstream network. Near object bound-
aries, however, a voxel may also contain IDs from adjacent
rocks due to overlap between projected volumes. Each voxel is
therefore naturally represented as an unordered set of segment
IDs with variable cardinality.

Input representation and embedding table: For each
voxel i, let S; = {l1,...,In,} denote the set of segment IDs
that project into that voxel, where NN; is the number of IDs in
the set and each [,,, is an integer segment ID. Let K denote
the number of unique segment IDs in a scene. Each segment
ID [ is assigned an embedding vector z(l) € RPem> through
a standard embedding lookup table, where Deyyp, = 12 in this
work. The embedding table is trained independently for each
scene so that the learned vectors reflect the scene-specific co-
occurrence structure of segment IDs.

Contrastive training via co-occurrence: A symmetric co-
occurrence matrix O € ZI;OXK is precomputed for each scene,
where Oy, counts the number of voxels in which segment IDs
a and b both appear. In practice, O, is set to zero, pairs with
Ogp > 0 are treated as positive pairs, and pairs with Oy, = 0
are treated as negatives. The raw counts are row-normalized
into a distribution over positive partners:

A Oab
Ow==—-">
Zq;ﬁa an

so that O, > 0 and > Oup = 1, with Oy, = 0 whenever
Oup = 0. The embedding table is then trained using a co-
occurrence-weighted multi-positive contrastive objective [36]:

(6)

1 > bia Oab exp(sim(za, 23) /Teo)
Z log

‘Cco = 7 .
\Z| Zb;ﬁa exp(sim(zq, 2b)/Tco)

(D

acl

where z, := z(a) denotes the embedding of segment ID
a, sim(-,-) denotes cosine similarity, 7., is a temperature
parameter, and Z is the set of segment IDs that have at least
one positive co-occurrence partner. We place the co-occurrence
weights Ou inside the logarithm rather than outside, as is
more common in supervised-contrastive formulations [37]. We
found this variant to yield more stable training in our setting,
where some positive pairs are weakly supported. Because
O forms a convex combination over positive partners, the
numerator is bounded by the denominator, ensuring L., > 0.
Pairs with larger Oy contribute correspondingly larger terms
to the numerator: segment pairs that co-occur in many voxels
therefore exert stronger attractive influence during optimiza-
tion, reflecting the strength of their correspondence evidence.
This weighting also captures indirect co-occurrence structure.
For example, two ID groups need not overlap directly to
be placed nearby in embedding space if they are linked
through intermediate co-occurrences. In this way, partially
observed segment relationships can still influence the learned
embedding geometry.

Voxel-level embedding and training strategy: After train-
ing, the embedding for voxel ¢ is computed as the {5-
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Fig. 7. ShadowCorr data preprocessing workflow: (a) original point cloud, (b) point cloud with projected dots, (c) voxelized grid, and (d) filtered voxel grid
retaining voxels with the top 50% confidence scores, which forms the neural network input. For visualization clarity, the voxel grids shown in (c) and (d) use
an enlarged voxel size of vgjze = 16, which is larger than the value used in the main experiments.

normalized mean of the embeddings of all segment IDs in
Sil
VOX Zl > 1 N1

S R v mzﬁz(lm), ®)
where z7°* € RPemv is the final voxel embedding (Demp =
12). Averaging over S; makes the construction permutation-
invariant by design, so the ordering of IDs within S; does not
affect the output. The ¢ normalization projects the averaged
embedding onto the unit hypersphere, keeping feature mag-
nitudes consistent across voxels. The embedding dimension
of 12 was selected empirically to balance representational
capacity and computational efficiency. In our implementation,
the embedding table is optimized with Adam at a learning
rate of 10~3 for 200 gradient steps, and the temperature in
Eq. 7 is fixed at 7., = 0.1. The resulting voxel embeddings are
stored together with voxel coordinates and confidence scores in
the NPZ files. During downstream clustering-network training
and inference (Section IV), these embeddings are loaded and
preprocessed as fixed input features and are not updated by
backpropagation.

IV. NEURAL NETWORK TRAINING

The data preparation pipeline described in Section III pro-
duces, for each scene, a sparse voxel grid with per-voxel
features comprising spatial coordinates, confidence scores, and
segment-set embeddings (Fig. 7). A sparse 3D convolutional
neural network implemented in TorchSparse [38] then maps
each occupied voxel to a discriminative high-dimensional em-
bedding. Throughout this section, features refer to intermediate
numerical representations at any stage of the network, whereas
embeddings specifically denote the final fixed-dimensional
vectors used for clustering. A multi-objective loss function
described in Section IV-D supervises training to promote both
global separability and local geometric consistency.

A. Instance Embedding Architecture

The input to the network is represented as a sparse tensor
X with two distinct components. First, the coordinate matrix
C € ZN*4 stores integer grid indices [batch, x,y, z] for each
of the IV occupied voxels, defining the discrete spatial structure
used by sparse convolution and attention operators for efficient

neighbor retrieval. Second, the feature matrix F € RN*16
contains the learnable representations processed by the neural
network.

For each occupied voxel ¢, the 16-dimensional input feature
vector concatenates the scalar confidence v; = gb(aAll) with cfl =
dA(cl) (Section II-D, Eq. 5), the scene-relative normalized
spatial coordinate r; € R® (computed from c;), and the 12-
dimensional segment-ID embedding z}°* from Eq. 8, giving
x; = [vi, v, , (zY°%)7T]T € R, The normalized coordinates
r; € [—1,1]® are centered at the scene’s spatial center and
uniformly scaled by the scene’s maximum extent, providing
continuous positional information as input features, distinct
from the integer grid indices in C, which define topology for

sparse operations.

B. Multi-Head Local Geometric Attention

A Multi-Head Local Attention mechanism complements the
sparse convolutional backbone to enhance feature discrim-
inability while maintaining computational tractability. For each
voxel i, the k,gn-nearest spatial neighbors Ny, (i) are re-
trieved in 3D coordinate space. Unlike full self-attention [39],
which computes pairwise relationships across all voxels with
O(N?) complexity, local attention restricts the receptive field
to kattn neighbors, reducing the complexity to O(Nkagin )-

The key difference from convolution is that convolutional
kernels apply fixed learned weights uniformly across spatial lo-
cations, whereas attention computes input-dependent weights
based on feature similarity. Let f; € RP7 denote the feature
vector for voxel i at the current layer, where f; is the i-th
row of the intermediate feature matrix and Dy is the CNN
feature dimension at that stage (32 after the first convolution
and 64 after the second). For each head h € {1,..., Ny}, the
features f; and f; (for neighbor j € N;, where N; := Ny, (¢)
is shorthand for voxel ¢’s k,ttn-NN neighborhood) are lin-
early projected into g)er-head uery, key, and value vectors
aV = Wit k" = Wit and vi" = WVt via
learned projection matrices Wéh),W,(ch), Wq(}h).

Attention weights are then computed via scaled dot-product
similarity and normalized over the neighborhood. Let D; =
Dy /Ny denote the per-head dimension, i.e., the dimensional-
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Fig. 8. Architecture overview of ShadowCorr neural network.
ity of each query and key vector: (kattn = 32, Ng = 8 heads) then operates on the higher-
dimensional features with an increased neighborhood size.
ox ( (h)Tk(h)/ﬁ) . "
o — p\q; _j h ) Stage 3 (Embedding projection): A 1 x 1 x 1 convolu-

Y doiren; exp(qgh)Tkgil)/\/Dh)
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Here, a;;” denotes the attention weight assigned by voxel i

to neighbor j under head h. The refined per-head feature is
obtained by the weighted sum f"i(h) =D jen, agf)vgh).
Outputs from all Ny heads are concatenated and linearly
projected to form the final enhanced feature f; € RPs, pre-
serving the input dimension so that the attention layers remain
compatible with the convolutional backbone. Because the at-
tention weights are input-dependent, each voxel’s aggregation
adapts to its local feature context rather than applying a fixed
kernel, and the multiple heads provide parallel projections of

the same neighborhood into different subspaces.

C. Network Architecture

The overall architecture follows a shallow sparse 3D con-
volutional backbone with interleaved local attention blocks to
better capture anisotropic rock geometries. As shown in Fig. 8,
the network consists of three sequential processing stages:

Stage 1 (Feature extraction): A 3 x 3 x 3 sparse 3D
convolution maps each 16-dimensional input x; to a 32-
dimensional intermediate representation, followed by Batch
Normalization [40] and ReLU activation [41]. A Multi-Head
Local Attention module (kaitn = 16, Ny = 4) then refines
the 32-dimensional features through adaptive neighbor aggre-
gation.

Stage 2 (Feature refinement): A 5 x 5 x 5 sparse 3D
convolution with a larger receptive field expands the repre-
sentation to 64 dimensions, followed by Batch Normalization
and ReLU. A second Multi-Head Local Attention module

tion projects the 64-dimensional features into the final 32-
dimensional discriminative embedding space. This compact
embedding dimension balances discriminative power with
computational efficiency during the subsequent clustering step.
The progressive expansion (16 — 32 — 64), followed by
compression (64 — 32), allows the network to learn rich
intermediate representations while maintaining a manageable
final embedding space suitable for MeanShift clustering.

D. Multi-Objective Clustering Loss

Let e; € R3? denote the embedding produced by the
network for voxel i. The network is trained with a multi-
objective loss function Ly, that combines three complemen-
tary clustering signals: discriminative instance spacing [42],
prototypical stability [43], and local graph consistency [44].

Ctotal = Wdisc»cdisc + wproto£proto + wgraph£graph~ (10)

1) Discriminative Loss (Lqaisc): A vectorized discriminative
loss [42] is used to enforce intra-cluster compactness and inter-
cluster separation:

(1)

where v denotes the concatenation of all cluster centroids in
the embedding space.

For each instance ¢ with voxel set C., the centroid in
embedding space is defined as v, = ﬁziec’c e;. The
variance loss penalizes embeddings that deviate too far from
their centroid:

Edisc = wvarﬁvar + wdistﬁdist + wregHVHQ;

N,
1 «— 1 2
Evar == ﬁc ; |CCI ZEZC maX(Hei - VCH2 - 6vara0) ) (12)
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where N, is the number of clusters in the batch.
The distance loss penalizes cluster centroids that are too
close:

ACdist =

lve — VC’H2aO)2-

N Z Z max (20gist —

C—l c’_l
c'#c
13)

2) Prototypical Loss (Lproto): A prototypical loss [43]
stabilizes training and provides global inter-cluster supervi-
sion. This loss treats clustering as a metric-learning problem
that models a distribution over instance assignments. Such a
probabilistic formulation provides stronger gradient signals for
ambiguous boundary voxels and encourages embeddings to
be separated by clear margins while forming well-structured
clusters in the embedding space.

Let &; = e;/|leill2 and . = v./|v.||2 denote the {o-
normalized embeddings and prototypes, respectively. ¢5 nor-
malization ensures that the distance metric operates on the
unit hypersphere, where Euclidean distance is proportional
to angular separation, making the loss invariant to embed-
ding magnitude and focusing purely on directional similarity.
Letting y; € {1,...,N.} denote the ground-truth instance
assignment of voxel ¢, the prototypical loss is defined as the
negative log-likelihood of correct assignments under a softmax
over normalized prototype distances:

proto = N Z

where N is the number of occupied voxels in the training
batch (the same NN as in the sparse tensor of Section IV-A)
and Tprot0 1S @ temperature parameter controlling the softness
of the distribution. This loss is minimized when each voxel
embedding lies closer to its own cluster prototype than to any
other. Lower temperatures produce sharper decision bound-
aries.

3) Graph-Based Consistency Loss (Lgrapn): A spatial
kgraph-NN graph constructed from voxel coordinates [44]
enforces local smoothness of the embedding field. Let G;
denote the Kgrapn-nearest spatial neighbors of voxel 4, and let
Epos = {(i,7) : j € Gi, y;i = y;} denote the set of directed
edges connecting spatial neighbors that share the same ground-
truth instance. Following graph-based manifold regularization
for deep embeddings [45], the loss maximizes cosine similarity
across same-instance neighbors:

1
AT A
E : Sgraph €; €;,

[Eposl ; S22

eXp (—1€: =y, ll2/Tproto)

1 eXp(_”el - Vc||2/Tproto)

)

ACgraph = - (15)

where €; is the /5-normalized embedding defined above and
Sgraph > 0 is the graph similarity scale.

Loss weights and hyperparameters: The final model
employs equal weights for all three loss components: wWproto =
Wdisc = Wgraph = 1.0. The discriminative loss parameters are
set to dyar = 0.9, dgist = 1.0, wyar = 0.8, wyist = 0.35,
and wyez = 0.0001. The prototypical loss uses temperature
Tproto = 0.1, and the graph-based loss uses sgrapn = 10 with
kgraph = 8 nearest neighbors.

E. MeanShift Clustering for Instance Extraction

After the network produces the 32-dimensional embeddings
{e;}¥,, the final instance segmentation is obtained via Mean-
Shift clustering [46]. MeanShift is a non-parametric, mode-
seeking algorithm that identifies local maxima (modes) in
the embedding-space density and assigns each voxel to its
nearest mode, thereby naturally discovering the number of
rock instances without requiring a pre-specified cluster count.
Because the number of visible rocks per scene varies with
occlusion and viewpoint, methods requiring a fixed cluster
count (e.g., k-means) need an additional estimation step that
MeanShift avoids entirely.

The algorithm iteratively shifts each embedding toward
a local density maximum by computing a weighted mean

of embeddings within a bandwidth b,,s. Defining the kernel
()

weight w;;” = Ii(”@j - mgt)||/bms), the update rule is:
1 > w(t') €
m{""Y = =L (16)
Zj Wy

where each sum over j runs over all voxel embeddings in the
scene being clustered (the same index set as ¢ = 1,..., N
in {e;}}Y, above), and k() is a flat, uniform kernel that
assigns equal weight to all points within the bandwidth by,
and zero weight outside. The mean m( ) is updated iteratively
until convergence, and embeddings that converge to the same
mode are assigned to the same cluster. The bandwidth b
controls the sensitivity of mode detection: smaller values yield
finer segmentation, whereas larger values may merge nearby
instances. The bandwidth b,,s = 0.7 is selected empirically.

A post-processing step then merges spurious clusters con-
taining fewer than 5 voxels into the nearest larger cluster
to reduce fragmentation artifacts. Once every voxel has been
assigned to a cluster, each input segment inherits its correspon-
dence label by majority voting across the cluster assignments
of all voxels within its projected shadow volume.

V. EXPERIMENTAL EVALUATION
A. Experiment Setup

Dataset: The dataset employed in this study was con-
structed using Unreal Engine 5.5 [18]. Each scene contains
only rock instances (18-20 per scene), with non-rock back-
ground elements filtered out during data generation. The
utilized dataset comprises 2,377 scenes, which were randomly
partitioned into a 1,977-scene training set, a 200-scene valida-
tion set, and a 200-scene test set. Before voxel processing, the
original point clouds contain an average of 220,833 points per
scene with a standard deviation of 12,637. After voxelization
with the selected parameters (vsi,e = 8 mm and kp.o; = 3, de-
termined in Section V-B), each scene contains approximately
78 segments and 5,227 voxels on average.

Training Details: The model was trained on a workstation
equipped with an NVIDIA RTX 5090 GPU and an AMD
Ryzen 9800X3D CPU. Training was conducted from scratch
using PyTorch [47] for 40 epochs, with mixed-precision
(AMP) [48] enabled for computational efficiency. Optimiza-
tion was performed using the Adam [49] optimizer with a
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ACCURACY AND RUNTIME UNDER DIFFERENT VOXEL SIZES (Vgjze) AND PROJECTION DEPTH MULTIPLIERS (kproj)-

TABLE I

Voxel Size Projection
(mm) Multiplier

Metrics (mean=std, %)

Runtime (ms)

Voxel ARI  Rock Purity Cluster Purity Avg Purity Preprocess Inference Postprocess — Total
2X 96.11+£3.45 97.88+£2.23 98.24+1.94 98.06+1.68  2269.3 8.7 700.6 2978.7
10 3X 98.37£1.78 99.06+1.34 98.36+1.89 98.71+£1.36  2634.7 10.5 584.6 3229.9
4X 97.99+1.85 98.83+£1.42 98294199 98.56+1.47  3058.6 11.6 668.9 3739.2
2X 96.87+£3.44 97.97£2.20 98.73£1.69 98.35+1.61  3180.3 15.0 1049.8 42452
8 3X 98.66+1.85 99.04+1.37 98.88+1.50 98.96+1.23  3712.8 15.5 949.5 4677.8
4X 98.36+£1.99 98.87+£1.43 98.78+1.52 98.82+1.29 41704 21.3 1222.0 5413.6
2X 96.32+3.70 96.98+2.81 99.21+1.14 98.10+1.65  4212.5 29.9 3191.2 7433.7
6 3X 98.71+£1.82 98.58+1.75 99.24+1.19 9891+1.31  5137.6 36.8 2799.6 7974.9
4X 98.36+£2.05 98.51£1.68 99.07+1.21 98.79+1.25  6208.5 51.4 3929.3 10189.2

fixed learning rate of 5 x 10~°. Model selection was based
on the Adjusted Rand Index (ARI) [50] on the validation set,
ensuring optimization for clustering quality rather than proxy
loss minimization alone.

Inference and Clustering: During inference, voxel em-
beddings are extracted from the trained network and clustered
with MeanShift using a bandwidth of 0.7. A seed value of
42 is used for reproducibility, and clusters with fewer than 5
voxels are merged into neighboring larger clusters.

Evaluation Metrics: Three complementary metrics are
used. ARI measures agreement across predicted and ground-
truth assignments. Rock purity measures over-segmentation
by evaluating whether segments from the same rock instance
remain grouped together. Cluster purity measures under-
segmentation by evaluating whether each predicted cluster
contains segments from only one rock instance. Their average
summarizes overall correspondence quality.

B. Voxel Size and Projection Depth Selection

Two critical parameters govern the volumetric representa-
tion: the voxel size vgi e (introduced in Section III-C) deter-
mines the spatial discretization resolution, while the projection
depth multiplier kp.o; (introduced in Section III-B) controls
how far behind the observed surface the volumetric projec-
tion extends. Both parameters involve fundamental trade-offs:
smaller voxel sizes provide finer geometric detail but increase
memory and computation, while larger projection depths im-
prove volumetric completeness but risk over-projection and
inter-instance overlap.

As shown in Table I, these parameters jointly affect segmen-
tation accuracy and runtime. The projection multiplier exhibits
a clear optimum: £,o; = 3 consistently achieves the highest
accuracy across all voxel sizes, outperforming both Ky = 2,
which provides insufficient volumetric coverage, and kpro; =
4, which causes ambiguity from excessive projection. For
voxel size, finer resolution improves representation quality,
particularly for smaller rocks. The smallest rock in the test set
(36 mm diameter) is represented by only 41 voxels at 10 mm
resolution, compared to 81 voxels at 8mm and 194 voxels
at 6 mm. Although 6 mm yields slightly higher cluster purity
(99.24% vs. 98.88% at 8mm), 8 mm achieves slightly higher
average purity overall (98.96% vs. 98.91%) with substantially

lower computational cost. The total processing time at 6 mm
is 70% longer than at 8mm (7974.9 ms vs. 4677.8 ms), while
providing only marginal performance differences. Based on
this systematic evaluation, vsize = 8mm and kp.o; = 3 are
adopted for all subsequent experiments as the best balance
between accuracy and efficiency.

C. Comparison with Baseline Methods

To evaluate ShadowCorr against existing approaches, we
compare it with three baselines spanning classical clustering
and learning-based 3D instance segmentation methods.

MeanShift [46] is a classical non-parametric clustering
algorithm applied directly to voxel centroids using projected
spatial coordinates and confidence scores, with the same
input representation as ShadowCorr but without co-occurrence
information. This provides a geometry-only baseline without
learned features. The bandwidth was selected as 0.2 as the
best value from an empirical sweep.

PointGroup [26] is a learning-based 3D instance segmen-
tation method that groups points using learned embeddings
produced by a sparse 3D convolutional backbone with RGB
and spatial features. The model was trained from scratch on
the point cloud data using a single semantic class (“rock™).

Mask3D [9] is a transformer-based 3D instance segmenta-
tion method that predicts instance masks directly from sparse
3D point cloud features using learned object queries and
masked cross-attention. Built on a sparse convolutional back-
bone, it iteratively refines instance-aware query features across
multiple scales and outputs all instance masks in parallel. It
was trained under the same setting as PointGroup, using the
point cloud data and a single semantic class (“rock”).

All methods are evaluated according to how accurately they
group rock segments belonging to the same instance. Because
the compared methods operate on different underlying repre-
sentations, ARI should be interpreted with care. MeanShift and
ShadowCorr perform correspondence inference on projected
volumetric voxels, and their ARI is therefore reported at the
voxel level. PointGroup and Mask3D instead operate on the
original point cloud, so their ARI is reported at the point level.
Rock purity and cluster purity are computed consistently at the
segment level for all methods, making them the most directly
comparable metrics.
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TABLE II
COMPARISON WITH BASELINE METHODS.

Metrics (mean-std, %)

Runtime (ms)

Method Modality
ARI Rock Purity  Cluster Purity ~ Avg Purity ~ Preprocess Inference Postprocess  Total
MeanShift [46] Spatial + Confidence 43.62+5.15  82.2244.62  8537+5.28  83.80+3.69 2888.7 N/A 11514 4040.1
PointGroup [26] Spatial + RGB 35.69+17.63  99.924+0.33  78.72+£8.45  89.32+4.23 34.7 1371.1 17.1 1422.8
Mask3D [9] Spatial + RGB 36.94+4.57 57.03+£4.28  72.96+3.81  64.9943.55 2178.1 2224 6.0 2406.6
ShadowCorr (Ours)  Spatial + Confidence + Segment ID  98.66+1.85  99.04+1.37 98.88+1.50 98.96+1.23 3712.8 15.5 949.5 4677.8
Ground Truth MeanShift PointGroup ShadowCorr (Ours)
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Fig. 9. Qualitative comparison of clustering results on a random test scene. The top row shows the predicted instance clusters for each method, and the
bottom row visualizes correctness: correctly clustered segments are highlighted in green m, while incorrectly clustered segments are highlighted in red m.

As shown in Table II, ShadowCorr outperforms all baselines
in correspondence quality on this task. MeanShift cluster-
ing on spatial centroids achieves 82.22% rock purity and
85.37% cluster purity, but relies only on geometric proximity
without learned features. PointGroup and Mask3D perform
poorly despite using RGB appearance and neural architec-
tures. PointGroup achieves high rock purity (99.92%) but low
cluster purity (78.72%), indicating severe under-segmentation:
segments from multiple rocks are merged into one predicted
cluster. Mask3D also performs poorly, with 57.03% rock purity
and 72.96% cluster purity, showing that surface appearance is
insufficient in severe-overlap scenes such as the one shown
in Fig. 9. Both learning-based baselines also show much
lower ARI (35.69% for PointGroup and 36.94% for Mask3D),
indicating weak dense correspondence before segment aggre-
gation.

In contrast, ShadowCorr achieves 99.04% rock purity and
98.88% cluster purity, showing that volumetric ray casting can
establish correspondences even when visible surfaces do not
overlap. Although PointGroup has the fastest total runtime
(1,422.8 ms), ShadowCorr’s total runtime (4,677.8 ms) is
dominated by preprocessing and postprocessing rather than
neural inference (15.5 ms); this preprocessing bottleneck is
discussed further in Section V-F.

Most existing 3D instance segmentation methods, includ-
ing PointGroup and Mask3D, were originally developed for
benchmark settings such as ScanNet [29] and S3DIS [30],

where observations are relatively complete and object bound-
aries are often visually distinctive. In lunar rock scenes,
however, appearance is nearly uniform and observations are
often partial, overlapping, or occluded. ShadowCorr instead
incorporates confidence and cross-view co-occurrence cues,
making it better suited for associating segments from the same
rock.

D. Ablation Study

A series of ablation experiments was conducted to verify
the effectiveness of the three key input cues: spatial coor-
dinates, segment IDs, and confidence scores. As shown in
Table III, spatial coordinates alone provide a strong baseline
(97.95% rock purity and 95.70% cluster purity), confirming
that geometric position is already highly informative. When
confidence scores are added to spatial features, both rock
purity and cluster purity improve. Among the tested additions,
segment IDs provide the largest gain, especially in cluster
purity. Pairing segment IDs with spatial features yields the
highest cluster purity (98.94%, +3.24%), while the full model
combining all three inputs achieves the best overall balance
(99.04% rock purity and 98.88% cluster purity), showing that
all three cues are complementary.

Voxel ARI is 92.14% with spatial features alone, rises
slightly to 93.22% when confidence is added without segment
IDs, and increases substantially once segment IDs are included
(97.65% with spatial + segment IDs, 98.66% for the full
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TABLE III
ABLATION STUDY.

. . Segment Voxel Rock Cluster Runtime
Spatial  Confidence . .
D ARI (%) Purity (%)  Purity (%) (ms)
v 92.14+£5.10 97.95+1.91 95.70+3.56 | 4471.3
v v 93.22+4.63 98.24+1.86 97.63+2.24 | 4472.0
v v 97.65+£3.08 98.32+1.79 98.94+1.48 | 4677.2
v v v 98.661+1.85 99.04+1.37 98.88+1.50 | 4677.8

model). Thus co-occurrence cues drive most of the ARI gain,
while confidence yields a further improvement once segment
IDs are present.

This pattern matches the design motivation for the segment-
ID embeddings. Voxels where multiple segments from the
same rock instance project to the same location exhibit co-
occurrence patterns that differ from random spatial overlap.
The Word2Vec-style segment-ID embeddings capture these
permutation-invariant patterns, enabling the network to dis-
tinguish true correspondences from geometric coincidence.

The incorporation of these additional features does not
substantially increase runtime: segment embedding and con-
fidence calculation add only ~ 200ms of overhead per
scene, while the end-to-end runtime remains dominated by
data preparation and clustering rather than the sparse CNN
backbone (15.5 ms).

E. Failure Mode Analysis

Across 200 test scenes containing 3,975 ground-truth rocks,
ShadowCorr achieves a perfect 1-to-1 instance match for
93.7% of all rocks, indicating that errors are concentrated
in a relatively small set of difficult cases. The dominant
failure types are over-segmentation and under-segmentation,
consistent with trends reported in prior instance-segmentation
work [9], [10], [26].

Over-segmentation, in which one rock is split into multiple
predicted clusters, is the more common failure. It affects 118
rocks (3.0% of all instances), or 0.59 per scene on average.
In nearly every case, the error is a simple pairwise split, and
no rock is fragmented into more than three pieces. Under-
segmentation, in which neighboring rocks are merged into one
cluster, affects 105 predicted clusters (0.53 per scene) and is
likewise almost always pairwise.

A more severe case is the split-merge chain, where a
rock is first split and one of its fragments is then merged
with a neighboring rock. This occurs in 64 scenes (0.32 per
scene). Even in these cases, however, the dominant rock in the
chain retains a mean cluster purity of 0.71. Missed detections
account for only 35 instances across all scenes (0.17 per scene)
and are strongly associated with small object size, with a mean
of 917 points compared with a scene-wide average of roughly
1,500 points. Across all 200 scenes, the method produces
no spurious clusters, indicating that it does not hallucinate
phantom instances.

These three failure modes can be traced back to the same
underlying coupling between the network’s fixed receptive
field and the fixed voxel size. Large rocks exceed the receptive

field, causing over-segmentation; touching rocks fall within a
single voxel boundary, causing under-segmentation; and the
smallest rocks span too few voxels to be reliably detected.
This coupling also has a runtime dimension: finer voxels,
the most direct way to resolve small and touching instances,
proportionally increase the cost of ray casting, voxel gener-
ation, and embedding computation, which already dominate
total runtime. Section V-F discusses these trade-offs and the
directions that could address them.

F. Limitations

ShadowCorr currently has two main limitations. First, the
fixed voxel size and the network’s fixed receptive field create
a coupled scale trade-off. At vgj,e = 8 mm, touching rocks
separated by less than one voxel fall within a shared boundary
that cannot be cleanly resolved. At the other end of the scale
range, the smallest rocks occupy too few voxels for the sparse
CNN and attention modules to form stable neighborhoods.

Using finer voxels would alleviate both problems, but it
would also spread large rocks across more voxels than the
receptive field can cover and would substantially increase
memory and computation. In larger scenes, this may also
exceed GPU memory and require patch-based tiling, which
can in turn degrade correspondence near patch boundaries.
Adaptive per-object voxel resolution, for example through an
octree representation [51], is a natural direction for increasing
resolution only where it is needed while controlling memory
growth.

The receptive-field side of the trade-off remains unresolved.
Wider convolutional kernels (e.g., 7 x 7 x 7) did not solve
the problem and instead reduced accuracy, likely due to over-
fitting. Future work should therefore investigate other ways
to expand spatial context, including dilated convolutions [52],
multi-scale feature aggregation [53], global attention mech-
anisms [39], and learnable clustering networks [54], [55]
that adapt grouping behavior to local embedding density and
feature variance.

Second, the preprocessing pipeline is computationally
heavy. Ray casting, voxel generation, and segment-ID embed-
ding computation dominate the total runtime (4.68s), far ex-
ceeding neural network inference alone (15.5 ms) and limiting
real-time deployment. This limitation is directly coupled to the
voxel-resolution bottleneck above: finer voxels, which are the
most direct way to improve separation of small or touching
rocks, would also increase preprocessing cost proportionally.
GPU-accelerated voxel generation and related preprocessing
would therefore help address both limitations at once.

VI. CONCLUSION

This work presented ShadowCorr, a voxel-based framework
that establishes multi-view segment correspondence through
volumetric consensus rather than surface matching. By casting
segments into a shared 3D grid and learning from spatial, con-
fidence, and co-occurrence patterns, the method directly ad-
dresses the dual challenge in unstructured rocky environments:
grouping fragments of the same object across viewpoints while
correctly separating physically adjacent instances.
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Experimental evaluation on test scenes shows substan-
tial gains over all baselines, with confidence weighting and
Word2Vec-style segment-ID embeddings each improving over-
all performance. The findings demonstrate that volumetric
consensus provides an effective basis for correspondence in
challenging settings where existing methods often struggle,
such as cross-view matching under object contact, partial
visibility, and weak texture cues. As autonomous systems are
increasingly deployed in unstructured planetary and terrestrial
environments, reasoning about object identity from incomplete
multi-view observations is an essential capability. Although
the present study is limited to synthetic data, real-world
deployment is a natural next step, and the directions below
outline the work required to enable it.

Beyond the engineering improvements discussed in Sec-
tion V-F, several broader directions remain open. Two others
target capability: a systematic study of reduced angular camera
coverage (e.g., 180° or 90°) would quantify how performance
degrades when full scene encirclement is not possible, while
validation on real-world imagery, like terrestrial construction
and demolition scenes or actual lunar surface data when
available, would test whether the volumetric consensus prin-
ciple transfers beyond the synthetic domain, especially when
depth observations are noisy, upstream 2D segmentation masks
are imperfect, and camera poses are uncertain rather than
known exactly. Two others target capability: extending the
framework to multi-class panoptic segmentation is a natural
next step, since when upstream 2D segmentation provides
semantic labels alongside instance masks, each voxel can carry
an additional class label with only a lightweight classification
head added to the current framework. Adapting ShadowCorr
to streaming inputs from a moving camera, via incremental
voxel map updates and online re-identification of displaced
fragments, would broaden applicability to disaster-response
robotics, where the scene evolves as rescue operations proceed.
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