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Abstract

Accurate point-cloud registration is a fundamental task in intelligent 3D perception systems,
including autonomous robotics, indoor digital twins, augmented reality, smart sensing,
and scene-level spatial understanding. However, reliable registration in structured indoor
environments remains challenging because repetitive architectural layouts, extensive planar
regions, limited overlap, and rotational symmetries often weaken local geometric distinc-
tiveness and lead to ambiguous correspondences. In addition, appearance inconsistency
caused by illumination changes, exposure variation, and sensor-dependent color responses
further degrades the reliability of cross-view matching. To address these issues, this paper
presents MaCSE-Reg, an indoor registration method that combines explicit Manhattan-axis
modeling with independent multi-color-space point-wise encoding. Rather than propos-
ing a wholly new multi-modal paradigm, MaCSE-Reg builds on prior geometry—color
fusion studies and focuses on two under-emphasized design choices for structured indoor
scenes: (i) dominant orthogonal axes estimated from surface normals, regularized by an
axis-consistency objective and gated by an axis-confidence score, and (ii) complementary
RGB, Lab, and HSV representations learned through independent point-wise encoders
for illumination-tolerant appearance matching. Geometric, structural, and color-aware
features are adaptively fused, and a learnable multi-modal matching formulation is used
to refine correspondences before weighted Procrustes pose estimation. Experiments on
standard indoor registration benchmarks demonstrate that MaCSE-Reg improves registra-
tion robustness and pose accuracy under low-overlap conditions, repetitive structures, and
illumination variations. The results support the value of this specific structural-appearance
combination for intelligent indoor 3D perception while remaining complementary to exist-
ing geometry—color registration frameworks.

Keywords: point-cloud registration; intelligent 3D perception; multi-modal representation
learning; Manhattan-world assumption; multi-color-space encoding; indoor spatial
intelligence

1. Introduction

Accurate point-cloud registration is a core capability of intelligent 3D perception
systems. With the rapid development of RGB-D cameras, LiDAR sensors, and indoor
reconstruction devices, large-scale point clouds have become an important data modality
for autonomous robotics, augmented reality, digital twins, smart manufacturing, and indoor
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spatial intelligence. In these applications, multiple partial scans must be aligned into a
consistent coordinate system before reliable mapping, localization, navigation, or scene
understanding can be performed. Therefore, robust registration is not only a geometric
estimation problem but also a key enabling technique for intelligent sensing and spatial
perception systems.

Despite substantial progress, reliable point-cloud registration in real-world indoor
environments remains challenging. Man-made scenes usually contain extensive planar
structures and repetitive architectural layouts, such as walls, floors, corridors, rooms,
and tiled surfaces. Such layouts can produce multiple geometrically plausible alignments,
making local geometric descriptors insufficiently distinctive and causing unstable corre-
spondence estimation. The problem becomes more severe when fragment overlap is limited,
viewpoint changes are large, or occlusion increases the outlier ratio. Classical optimization-
based methods, including ICP and its variants, are effective when a good initialization
is available but often degrade under large pose differences or weak geometric distinc-
tiveness [1,2]. Learning-based registration methods improve descriptor discriminability
and correspondence filtering, yet many of them remain dominated by local geometry and
may still suffer from rotational ambiguity in highly structured indoor scenes [3-5]. Recent
attention-based models further enhance contextual reasoning and achieve strong perfor-
mance on challenging benchmarks [6-8]. At the same time, prior studies have already
shown that combining geometric and appearance cues can improve indoor registration,
for example, through color-guided projection modules [9], cross-modal image-point-cloud
attention [10], and geometry—color fusion transformers [11,12]. Therefore, the remaining
gap addressed here is not multi-modal fusion itself but how to combine an explicit Manhat-
tan structural prior with independent multi-color-space point-wise encoding in a single
learning-based registration pipeline.

A useful observation is that indoor environments are not arbitrary. Many indoor scenes
approximately follow the Manhattan-world assumption, where dominant architectural
directions are aligned with three mutually orthogonal axes [13]. These global directions
provide strong structural cues for resolving rotational ambiguity in repetitive planar regions.
Nevertheless, most registration networks use such structural regularities only implicitly
or ignore them entirely and therefore fail to fully exploit global orientation information.
Meanwhile, color information can complement geometry by providing appearance cues for
correspondence disambiguation. Direct RGB values, however, are sensitive to illumination
changes, exposure differences, and sensor-specific color responses. Alternative color spaces
such as CIE L*a*b* and HSV provide complementary perceptual descriptions by partially
separating intensity and chromaticity, which can improve the stability of appearance
representation under photometric variation [14]. These considerations motivate MaCSE-
Reg as a focused design that couples explicit Manhattan-axis modeling with independent
RGB/Lab/HSV point-wise encoding rather than as a wholly new registration paradigm.

In this paper, we propose MaCSE-Reg, a learning-based indoor registration method
that combines explicit Manhattan structural modeling with independent multi-color-space
appearance encoding. As illustrated in Figure 1, the proposed method addresses two
major sources of registration uncertainty in indoor scenes: structural ambiguity caused by
repetitive planar layouts and appearance inconsistency caused by photometric variation.
MaCSE-Reg estimates local surface normals, clusters them into dominant directions, and or-
thogonalizes the result to construct a Manhattan reference frame. The aligned normal axes
are encoded as structural representations, regularized by an axis-consistency objective,
and gated by an axis-confidence score when axis evidence is unreliable. In parallel, per-
point RGB colors are transformed into Lab and HSV spaces, and independent appearance
encoders learn complementary color-space representations. The geometric, structural,
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and appearance representations are adaptively fused and used to construct a learnable
multi-modal matching cost for reliable correspondence estimation and pose recovery.

Geometry-only matching can be
ambiguous in repetitive planar scenes.
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Figure 1. Motivation. Indoor point-cloud registration is prone to ambiguity due to repetitive
planar structures and rotational symmetries. (a) Geometry-only matching may yield unreliable

correspondences in structured scenes, resulting in large alignment errors. (b) Manhattan-world priors

provide dominant orthogonal axes, reducing rotational ambiguity via axis-consistency regularization.
(c) Multi-color-space encoding in Lab/HSV spaces offers complementary, illumination-tolerant
appearance cues beyond RGB, improving correspondence reliability under lighting variation. The
green arrows in subfigure (c) indicate shared robust appearance cues learned from the Lab/HSV
representations.

The main contributions of this work are summarized as follows:

*  We present MaCSE-Reg as a focused combination of explicit Manhattan-axis model-

ing and independent multi-color-space point-wise encoding for indoor point-cloud
registration, building on prior geometry—color fusion methods rather than claiming a
wholly new multi-modal paradigm.

We introduce an explicit Manhattan structural branch that estimates dominant orthogo-
nal axes from surface normals, enforces axis consistency, and applies confidence-aware
gating, thereby reducing rotational ambiguity in structured indoor scenes when axis
estimation is reliable.

We develop independent RGB/Lab/HSV point-wise appearance encoders, together
with learnable multi-modal matching, to improve correspondence reliability under
illumination variation, repetitive structures, and low-overlap conditions.
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2. Related Work

Point-cloud registration has been extensively studied in 3D vision, robotics, and intelli-
gent sensing. Existing methods can be broadly reviewed from the perspectives of geometric
optimization, learned correspondence representation, Transformer-based contextual rea-
soning, multi-modal perception, and structure-aware indoor scene understanding.

2.1. Geometric Registration and Robust Estimation

Classical registration pipelines typically alternate between correspondence assignment
and rigid motion estimation. Iterative Closest Point (ICP) and its variants remain widely
used when a reliable initialization is available [1,2]. To improve robustness against local
minima and outliers, global registration methods optimize robust objectives over tentative
correspondences such as Fast Global Registration (FGR) [15]. Certifiable solvers such as
TEASER and TEASER++ further provide strong robustness to extreme outlier ratios with
theoretical guarantees [16]. These methods constitute important foundations for point-
cloud registration, but they mainly rely on geometric consistency and may be insufficient
when indoor scenes contain repeated structures or multiple plausible alignments.

2.2. Deep Feature Learning for Correspondence Estimation

Learning-based registration methods improve correspondence reliability by learning
discriminative local descriptors and inlier confidence. 3DMatch introduced learned local
3D descriptors for fragment matching and became a standard benchmark for indoor regis-
tration [6]. Later methods, such as FCGF and D3Feat, enhanced local representation learn-
ing using fully convolutional networks and joint detection-description strategies [17,18].
PointDSC further models spatial consistency to prune outlier correspondences and improve
the reliability of pose estimation [19]. Strong geometric backbones such as KPConv are com-
monly adopted for local feature learning in registration pipelines [20]. Recent descriptor-
learning studies have also investigated broader receptive fields, rotation-invariant surface
descriptors, and position-aware geometric encoding for low-overlap and cross-source reg-
istration [21,22]. Although these methods improve local feature discriminability, many
of them remain geometry-centric and do not explicitly model global structural priors or
robust appearance cues.

2.3. Transformer-Based Representation Learning

Transformer-based registration methods have attracted increasing attention because
self-attention and cross-attention can model long-range dependencies and contextual cor-
respondences. PREDATOR introduces overlap-aware attention to emphasize potentially
overlapping regions, improving low-overlap registration [5]. REGTR uses self- and cross-
attention to predict correspondences in an end-to-end manner, reducing dependence on
hand-crafted matching stages [23]. GeoTransformer encodes geometric structures, includ-
ing distances and angles, into attention mechanisms and achieves strong performance
on indoor benchmarks [7]. PEAL introduces overlap priors into Transformer attention
to further improve registration under limited overlap [24]. More recent designs explore
targeted attention mechanisms, projection-aware LiDAR registration, and coarse-to-fine cor-
respondence learning for robust registration reasoning [25-27]. End-to-end correspondence
learning has also been extended through hierarchical and generative formulations [3,27].
Very recent studies have further pushed indoor and color-aware registration, including
IGASA with hierarchical geometry-aware attention [28], RegFormer++ as an extension of
projection-aware Transformer registration [26,29], and GeGS-PCR with geometric—color—
Gaussian fusion [12]. These studies demonstrate the importance of representation learning,
but structural regularities in indoor scenes remain to be fully exploited.
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2.4. Multi-Modal Representation Learning for Registration

Geometry alone may be ambiguous in structured indoor environments, while appear-
ance information can provide complementary evidence for correspondence disambiguation.
Colored ICP combines photometric and geometric objectives and has shown improved
robustness over purely geometric ICP in colored point clouds [30]. Recent learning-based
methods also explore color-geometry fusion for point-cloud registration. For example,
PCR-CG incorporates a 2D-3D projection module to lift image color features into geometric
representations [9]. CMHANet further fuses 2D visual semantics with 3D geometric fea-
tures through a cross-modal hybrid attention network [10], and recent Transformer-based
designs such as CART and GeGS-PCR also combine geometry with color-aware cues for
indoor registration [11,12]. These studies demonstrate that geometry—color fusion is al-
ready an active research direction. MaCSE-Reg differs from them in two specific aspects: it
uses explicit Manhattan-axis modeling from surface normals as a global structural prior
rather than relying only on learned geometric or image-based context, and it employs
independent RGB/Lab/HSV point-wise encoders on colored point clouds rather than projecting
2D image features or using raw RGB-dominated fusion alone. Many prior geometry—color
joint descriptors also rely on hand-crafted photometric residuals or global color statistics,
whereas MaCSE-Reg targets point-wise, learnable, and illumination-tolerant appearance
encoding through complementary color spaces. However, raw RGB values are sensitive to
variation in illumination and sensor response. This motivates the use of complementary
color-space representations to improve appearance robustness in indoor registration.

2.5. Structure-Aware Indoor Scene Understanding

Man-made indoor environments often exhibit strong structural regularities. The
Manhattan-world assumption, according to which dominant scene directions are aligned
with mutually orthogonal axes, has long been used in indoor layout estimation and scene
understanding [13]. For registration, such global structural cues can reduce rotational
ambiguity and provide additional constraints in repetitive planar layouts. Although
geometry—color fusion has been widely studied, explicit Manhattan-axis modeling esti-
mated from surface normals and integrated into a learnable registration matcher remains
comparatively less common. MaCSE-Reg is positioned as a complementary design in this
direction, combining axis-consistency regularization and confidence-aware gating with the
multi-color-space appearance branch described above.

2.6. Benchmarks and Toolkits

3DMatch remains one of the most widely used datasets and evaluation suites for
indoor point-cloud registration under realistic RGB-D reconstruction noise [6]. Recent
benchmarks and application-driven studies increasingly emphasize cross-domain general-
ization, cultural-heritage digitization, and scalable point-cloud backbones [31,32]. Practical
systems commonly build upon mature toolkits and GPU-accelerated operators such as
Open3D and PyTorch3D [33].

3. Materials and Methods

We propose MaCSE-Reg, a registration architecture that combines explicit Manhattan
structural modeling with independent multi-color-space appearance learning for structured
indoor scenes. Given a source point cloud (P° € RN*3) and a target point cloud (P* € RM*3)
optionally equipped with per-point colors (C* € [0,1]N*3 and C' € [0,1]M*3), the objective
is to estimate a rigid transformation (T = [R | t] € SE(3)) that aligns P* with P’. The design
should be understood as a specific structural-appearance combination built on standard
geometric feature learning rather than as a wholly new multi-modal registration paradigm.
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As shown in Figure 2, MaCSE-Reg learns point-wise geometric representations using a
shared encoder, constructs structure-aware representations from Manhattan axes estimated
from surface normals, and extracts appearance representations from multiple color spaces.
These complementary representations are adaptively integrated by residual fusion and
used to compute a learnable multi-modal matching cost. Soft correspondences and their
confidence scores are then estimated from the matching distribution, and the final pose is
recovered using a weighted Procrustes solver based on singular value decomposition (SVD).
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Figure 2. Overview of MaCSE-Reg. Given a source and a target point cloud with optional
colors, MaCSE-Reg extracts geometric representations from a shared-weight geometric encoder,
Manhattan structural representations from dominant orthogonal axes estimated via surface
normals, and illumination-tolerant appearance representations from multi-color-space encoders
(RGB/Lab/HSV). The three modalities are concatenated and fused by a residual MLP to produce
fused descriptors, which are used to compute a learnable weighted multi-modal matching cost and
soft correspondence confidence. The final rigid transformation (R, t) is obtained by a weighted
Procrustes solver. MaCSE-Reg is trained with Ly = Lpose + }tLs5, @ multi-modal matching loss
(Lym) with positive and negative terms, and a Manhattan-axis consistency regularizer (Lan).

3.1. Geometric Representation Learning

MaCSE-Reg uses a shared-weight geometric encoder to extract point-wise geometric
representations from the source and target point clouds. We denote the encoder by ®y(-),
with parameters (¢) shared across both branches:

F$ = @y (P%), F§ = @y (P), (1)

where F§ € RN*? and F¥* € RM*4 are d-dimensional geometric embeddings. The pro-
posed framework is agnostic to the specific backbone design and can be instantiated with a
local-to-global encoder that yields robust geometric descriptors.
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3.2. Manhattan-World Structural Constraints
3.2.1. Surface-Normal Estimation

To exploit the Manhattan-world prior, we compute per-point surface normals based
on local neighborhood plane fitting. We retrieve the K nearest neighbors (N (p;)) of each
point (p;) and form the neighborhood set (Q; = {p; | j € Nk(p;)}) with centroid q;. We
compute the covariance matrix as

1
Li=% Y (@-q)(q—a)" 2)
q€Q;

and take the eigenvector associated with the smallest eigenvalue as the normal direction:

n; = eigmin(X;), n;, =

)

[Imif[2”

We compute normals for both source and target point clouds, yielding {a$}Y , and {ﬁ]t ]Ai 1
In implementation, we prefer GPU-accelerated KNN and SVD-based plane fitting when
available and fall back to CPU-based computation otherwise.

3.2.2. Dominant-Axis Estimation and Orthogonalization

Given normalized normals, we estimate three dominant directions that define a Man-
hattan reference frame. We cluster normals into three groups to obtain direction prototypes:

{dy,dy,d3} = Cluster({@;}, k = 3), (4)

where Cluster(+) is instantiated with K-means by default and can be replaced by PCA-based
extraction as a fallback. Since the resulting prototypes are not guaranteed to be orthogonal,
we apply Gram—-Schmidt orthogonalization to construct a valid Manhattan frame:

d;

dy = =, )
lld1]]2
d, — (dTd;)d
d2 _ ~2 (~-I% 1) 1 , (6)
|d2 — (d3 d1)d]],
d; =d; x do. 7)

We perform this procedure independently for the source and target point clouds to
obtain dominant axes D¥ = {dj, d5,d3} and D' = {d},d}, d}}.

3.2.3. Axis Confidence Score

Because Manhattan-axis estimation depends on KNN-based normal clustering, its
reliability is affected by point-cloud density, depth-sensor noise, and irregular sampling.
We therefore introduce a fragment-level axis confidence score that quantifies how tightly
surface normals concentrate around the estimated dominant directions. For each point,
we define

i = max
ke{1,2,3}

ﬁdek’ € [0,1] 8)
and aggregate it into scan-level confidence:

_1
=N
1

gk

Y 1i- )

Il
-
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A higher < value indicates that normals form three well-separated, dominant peaks,
whereas a lower <y value suggests noisy, sparse, or weakly planar geometry. To characterize
the boundary of the Manhattan prior more explicitly, we further define pair-level structural
confidence as

I = min(+%,7"), (10)

which measures the weaker fragment in a source—target pair. A pair is classified as high-
confidence Manhattan when I' > 7, and as weak Manhattan when I' < 7,. In this paper,
we set T, = 0.65 by analyzing the validation-split distribution of +: it corresponds to
the point below which the Manhattan branch no longer yields a consistent gain over the
geometry-only variant and approximately matches the lower quartile of fragment-level
confidence scores. This threshold is kept fixed for all test analyses.

We use 7 to gate the structural branch when axis evidence is unreliable. Concretely,
the Manhattan regularizer and the effective structural matching weight are scaled as

Linan (')’S'Yt) Lonan, wsz = wn\/w (11)

so that geometry and appearance cues dominate when axis estimation is uncertain. This
design prevents unreliable structural priors from over-constraining pose estimation under
low-quality point clouds. Section 4.14 reports the size of the resulting high-confidence and
weak Manhattan subsets on the 3DMatch and 3DLoMatch test splits.

3.2.4. Normal Alignment and Structural Feature Encoding

Each normal is aligned to its closest dominant axis, up to sign, to obtain a structure-
aware attribute:

, nli = sign(ﬁ;-rdk*(i)) dj (i) (12)

k*(i) = arg ker?la;(S}‘ﬁ;rdk

We then encode the aligned normal into a compact structure feature using an MLP, i.e.,

£/°" = MLP,or (n?"') € R4, (13)

1

and collect structural representations for both point clouds:
Fror ¢ RNxd/4 F?or c RMxd/4 (14)
S 7 .

3.2.5. Manhattan-Axis Consistency Regularization

To enforce global structural consistency between the two scans, we regularize the
predicted rotation (R) to align the dominant source axes to the dominant target axes.
To handle axis permutation and sign ambiguity, we use a max-cosine formulation:

1 T
Lonan = = 1-— Rd:) ' di| ). 15
man 3 kzl< ]EI{I}?Z),(S}‘( k) ]‘) ( )

3.3. Multi-Color-Space Appearance Representation Learning

Color complements geometry in structured indoor environments, but the raw RGB
space is sensitive to illumination and sensor response. We therefore encode appearance cues
in multiple color spaces, including RGB, Lab, and HSV. For each point color (cR¢2 € [0,1]%),
we compute

L = pp (RO, /%Y = pusy (cfP), (16)

i i i
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where ¢, () denotes the standard RGB—XYZ—Lab conversion with D65 white-point
normalization and ¢ygsy (-) denotes the conventional hue-saturation—value conversion.
Each color space is processed by an independent encoder, i.e.,

RO = MLPggp(cfF) € R4, (17)
£70 = MLP (c}™) € RY/4, (18)
£V = MLPygy (c/°Y) € R4, (19)

and concatenated into a multi-color appearance descriptor:
fzqol _ [szGB/' fZLle;leSV] c R3d/4. (20)

Stacking all point-wise descriptors yields F&) € RN*34/4 and Feo! ¢ RM*34/4 When
colors are unavailable, MaCSE-Reg drops the color branch and only uses geometric and
structural representations.

Design rationale.

We adopt RGB, Lab, and HSV color spaces because they provide complementary point-
wise appearance cues that are directly compatible with correspondence learning. The Lab
color space is perceptually uniform and partially separates luminance from chromaticity,
which improves robustness to exposure and white-balance changes [14]. The HSV color
spacefurther decouples hue and saturation from intensity, making it less sensitive to local
brightness variation in indoor scenes. Unlike global color histograms, these representa-
tions remain defined at each point and therefore preserve the fine-grained discriminability
required for fragment-level matching. Color-name mappings, although compact and in-
terpretable, quantize appearance into a small categorical vocabulary and discard subtle
chromatic differences that are often useful for disambiguating repetitive geometric struc-
tures. Likewise, histogram descriptors aggregate neighborhood statistics and are more
suitable for recognition or retrieval than for precise point-to-point registration. By contrast,
independent, learnable encoders over RGB, Lab, and HSV color spaces allow the network
to extract task-adaptive appearance features while keeping the same geometric and struc-
tural backbone. Section 4.11 compares this design against color histograms, color-name
mappings, and a joint colored ICP-style geometry—color descriptor [30].

3.4. Adaptive Multi-Modal Representation Fusion

We fuse geometric, structural, and color cues through a residual multi-modal fu-
sion module:
f{use _ MLPfus([f}geo; flgol; flnor]) + fégeo, (21)

where [-; -; ] denotes concatenation and MLPy,; is a lightweight fusion network. The fused

features form Féf "¢ ¢ RN*4 and F{ "% ¢ RM*d and are used for correspondence reasoning.

Design rationale.

Although cross-attention and gated fusion are widely used in multi-modal learning,
we adopt a residual MLP design for three practical reasons. First, point-cloud registra-
tion requires point-wise discriminative descriptors; at this stage, the three modalities are
already aligned per point, so expensive cross-modal attention at every point yields lim-
ited benefit over a compact fusion MLP while increasing memory and latency on large
fragments. Second, the geometric encoder is the strongest and most stable backbone in
our pipeline, and the residual connection explicitly preserves f‘l.gw as an anchor feature,
reducing the risk that auxiliary structural or appearance cues destabilize correspondence
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learning. Third, MaCSE-Reg already performs adaptive multi-modal reasoning at the
matching stage through learnable weights (wg, w¢, wy,) in Equation (25), which calibrates
modality importance during correspondence construction. Therefore, a lightweight fusion
module is sufficient to inject complementary cues without duplicating a second attention
mechanism. Section 4.8 compares this design against cross-attention fusion and gated
fusion alternatives.

3.5. Learnable Multi-Modal Matching and Pose Estimation
3.5.1. Multi-Modal Matching Cost

We define per-modality cosine distances between a source point (i) and a target point
(j) as follows:

<fgeo,s fgeo,t>
geo 4 i 7 (22)
1 €0,s eo,t; 7
! [l P Hf]g 2
col,s gcol,t
col _q_ M (23)
1 7
/ 157 2 1£6° 12
nor,s gnor,t
wr _q_ A (24)
1] Hfl(zor,s ) Hf}wr,t )
These costs are combined by learnable non-negative weights:
Cij = wgcfj” + wcCl-'}-Ol + wnCl-"jO’, We, We, Wy > 0, (25)

where we parameterize (wg, w., w,) via softplus(-) or normalize them with softmax
for stability.

3.5.2. Soft Matching and Confidence

Based on the fused descriptors and the multi-modal cost, we compute soft correspon-
dences and confidence weights. Concretely, we convert costs to matching probabilities
using a temperature-scaled softmax:

exp(—C;j/7)
i = YM exp(—Cir/T)
=1 EXP\—Lij

(26)

where T is a temperature parameter. The correspondence confidence for source point i is
defined as
a; = max 7'[1']', (27)
]

and the soft-matched target location is
P t
pi=1) TTijp;- (28)
=1

3.5.3. Weighted Procrustes Pose Solver

Given soft correspondences {(p$, p!)} with weights represented by a;, we estimate

the rigid transformation by solving a weighted Procrustes problem:

N
. ) s _ at 2
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This has a closed-form SVD solution. Let p* and p’ be weighted centroids:
ps — Ei ail?ls , pt — Zj txi?f . (30)
Zi o Zi o
We form the weighted cross-covariance as
X T
H=) a(p; —5")(p; — ") (31)
i=1
compute ULV = SVD(H), and obtain
R = Vdiag(1,1,det(VUT))UT,  t=p' - Rp°. (32)

The complete procedure of MaCSE-Reg is summarized in Algorithm 1.

Algorithm 1: MaCSE-Reg: Structure-Aware Multi-Modal Point-Cloud Registra-
tion
Input: Source point cloud P*, target point cloud P!, optional colors C* and C'.

Output: Estimated rigid transformation (R, t).

Extract geometric descriptors from P° and P using a shared geometric encoder;

Estimate surface normals, cluster them into dominant directions,
and orthogonalize the directions to obtain Manhattan frames;

Compute the axis confidence scores 7* and ! and gate the structural
loss/matching weights accordingly;

Align normals to the nearest Manhattan axes and encode them as structural
descriptors;

if point-wise colors are available then
L Transform RGB colors into Lab and HSV spaces and extract multi-appearance

descriptors;
Fuse geometric, structural, and appearance descriptors with a residual
multi-modal fusion module;
Compute the learnable multi-modal matching cost and convert it into soft
correspondence probabilities;
Estimate correspondence confidence scores and soft target positions;
Recover (R, t) using the weighted Procrustes solver;
if training then

Optimize the model with the registration loss, multi-modal matching loss,
L and Manhattan axis-consistency loss;

return (R, t)

3.6. Training Objective

MaCSE-Reg is optimized with a registration loss (Leq) and two auxiliary objectives:
a Manhattan-axis consistency regularizer (L,,) and a multi-modal matching loss L.
Unlike the wording in a previous draft, Ly is explicitly defined as the sum of a pose
regression term and a correspondence classification term.
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3.6.1. Registration Loss

Given the ground-truth rigid transform (R*,t*) and the estimated transform (R, t)
recovered by the weighted Procrustes solver, we define the pose regression loss as

<\ (|12 .
Lyose = |[Log((R)R) [ + ] (33)
where Log(-) maps a rotation matrix to its axis—angle representation and f balances rota-
tion and translation supervision. To explicitly supervise correspondence discriminability,
we further define a correspondence classification loss on the soft-matching distribution
in Equation (26):
Los = |M| Z log TTij, (34)
(i,j)em
where M denotes the set of ground-truth inlier correspondences identified by the standard
transformed-distance threshold in the 3DMatch training protocol. The registration loss
is then

Lyreg = Lpose + 1 Leis, (35)

with ¢ = 1.0 in all experiments. Thus, L;.¢ is not a vague placeholder: it jointly supervises
pose recovery and inlier correspondence classification.

3.6.2. Multi-Modal Matching Loss

To improve the discriminative power of the multi-modal matching cost, £, is defined
using both positive and negative correspondence pairs. Let M be the ground-truth inlier
set as above, and let NV be a sampled set of negative pairs whose transformed distance
exceeds a threshold (Tyeq). The positive term encourages low matching costs on true
correspondences, whereas the negative term penalizes overly small costs on non-matching
pairs through a hinge margin (x):

Lhm=rr Y. Cij  Luw=r17 3y max(0,x—Cy), (36)
’M‘ (ij)em |N| (ij)eN
Ly = Lim + Aneg Lo (37)

Here, C;; is the joint geometric-structural-appearance cost in Equation (25). The nega-
tive hinge term pushes non-matching pairs to have costs larger than x, which prevents £,
from only collapsing positive pairs without separating negatives. In our implementation,
we set Tyee = 0.10 m, x = 0.50, and Ayeq = 0.05. Section 4.9 ablates the negative term to
verify its contribution.

The overall training objective is

£ = ﬁreg + /\manﬁman + /\mmﬁmml (38)

where A0, and Ay, control the strength of the auxiliary terms. In particular, Ay, weights
the complete multi-modal matching loss in Equation (37), including both the positive cost re-
duction and the negative margin regularization, rather than a separate color-only objective.

3.7. Implementation Details

Unless otherwise stated, we instantiate the geometric encoder (®y) with a KPConv-
style local-to-global backbone following the common 3DMatch registration setting. The in-
put point clouds are voxelized before representation learning, and the encoder produces
d = 256 dimensional point-wise descriptors for both source and target fragments using
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shared weights. We use K = 20 for KNN-based normal estimation and extract three
dominant axes for each scan. This neighborhood size follows the common 3DMatch pre-
processing setting and provides a practical balance between local planarity and robustness
to depth noise; in our sensitivity analysis (Section 4.15), we further evaluate how pertur-
bations to the estimated normals affect registration performance. The structure encoder
(MLPj,or) and each color encoder (MLPrgp/MLP;,;, /MLPysy) output d/4-dimensional
features, while the fusion module maps the concatenated geometric, structural, and ap-
pearance representations back to d dimensions with a residual connection. The learnable
modality weights are implemented with a softmax normalization to ensure non-negative
and numerically stable matching weights.

All models are implemented in PyTorch 2.1.0 and trained on a single NVIDIA GeForce
RTX 4090 GPU (24 GB). Following the standard 3DMatch preprocessing protocol, each
fragment is downsampled with a voxel size of 0.025 m (2.5 cm) before feature extraction. We
optimize MaCSE-Reg with the Adam optimizer (81 = 0.9, B2 = 0.999), an initial learning
rate of 1 x 1074, a weight decay of 1 x 107°, and a batch size of one fragment pair per
iteration. The network is trained for 40 epochs on the standard 3DMatch training split,
and the learning rate is decayed by a factor of 0.95 after each epoch. During training, point
pairs whose transformed distance is below the inlier threshold are used to construct the
positive correspondence set (M) for £, and L}, whereas pairs above Tneg = 0.10 m are
sampled as negatives for Ly5. Unless otherwise specified, the default loss weights are
Aman = 0.10, Ay = 0.10, p = 1.0, and Ay = 0.05.

Training Protocol and Data Augmentation

To improve reproducibility, we summarize the complete training protocol in Table 1.
We strictly follow the official 3DMatch train/test partition: all models are trained only
on fragment pairs from the benchmark training scenes, while the standard 3DMatch test
scenes and the derived 3DLoMatch low-overlap subset are reserved for evaluation only.
For convergence monitoring and model selection, we further hold out 10% of the training
fragment pairs as an internal validation split. The validation subset is randomly sampled
at the pair level with a fixed seed and remains disjoint from both the remaining training
pairs and the official test sets. The checkpoint with the best validation registration recall is
used for final testing.

Table 1. Training protocol and hyperparameters of MaCSE-Reg.

Item Setting

Training split Official 3DMatch training scenes

Validation split 10% of training fragment pairs (pair-level hold-out)
Test split Official 3DMatch test scenes

Low-overlap test 3DLoMatch subset (evaluation only)

Batch size 1 fragment pair per iteration

Optimizer Adam (B1 = 0.9, B = 0.999)

Initial learning rate 1x107*

Learning-rate schedule Multiply by 0.95 after each epoch

Training epochs 40

Weight decay 1x10°°

Voxel size 0.025m

Model selection Best validation RR checkpoint

Random seeds (MaCSE-Reg) {0,1,2}

Data augmentation Source/target swap, yaw rotation, point jitter, RGB jitter

At each training iteration, one source-target fragment pair is sampled from the train-
ing split. We apply lightweight but standard point-cloud registration augmentations to
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improve robustness without changing the ground-truth rigid transform: (i) random source—
target swapping with a probability of 0.5; (ii) random yaw rotation around the gravity
axis sampled uniformly from [—180°,180°], applied consistently to the source fragment;
(iii) small Gaussian point jitter with a standard deviation of ¢; = 0.005 m added to source co-
ordinates; and (iv) photometric augmentation on RGB colors, including brightness scaling
in [0.9,1.1], gamma correction in [0.9, 1.1], and channel-wise color jitter with a magnitude of
0.02. Geometry-aware structural labels and correspondence supervision are computed after
augmentation using the transformed source points and colors. No test-scene fragments
or 3DLoMatch pairs are used during training. For MaCSE-Reg, we repeat training with
three random seeds {0, 1,2} and report means =+ standard deviations on the test split; all
reproduced baselines are trained once with seed 0 under the same schedule.

For reproducibility, all experiments use the same fragment pairs, overlap definition,
and evaluation thresholds as the standard 3DMatch/3DLoMatch protocol. Detailed run-
time efficiency analysis, including parameter count, FLOPs, inference latency, and GPU
memory, is reported in Section 4.5. On our experimental platform, the full training proce-
dure takes approximately 18 h. All ablation variants keep the same geometric backbone,
optimizer, voxel size, training schedule, hardware setting, and pose solver; only the module
under study is changed. This design ensures that the reported differences mainly reflect the
contribution of Manhattan structural modeling, multi-color-space encoding, and learnable
multi-modal weighting rather than backbone or training differences.

4. Results

We evaluate MaCSE-Reg on widely used indoor point-cloud registration benchmarks,
focusing on challenging regimes where repetitive planar structures and appearance varia-
tions often lead to ambiguous correspondences. Following common practice, we report
results on 3DMatch and its low-overlap counterpart, 3DLoMatch.

4.1. Datasets
4.1.1. 3DMatch

3DMatch is a widely used indoor RGB-D reconstruction benchmark consisting of
partially overlapping fragment pairs with ground-truth poses. It provides realistic re-
construction noise and serves as a standard testbed for evaluating learned point-cloud
registration and indoor 3D perception algorithms. Following the official benchmark proto-
col, we train only on the predefined 3DMatch training scenes and evaluate on the held-out
test scenes.

4.1.2. 3DLoMatch

3DLoMatch is a more challenging low-overlap subset derived from 3DMatch. It is
designed to evaluate registration robustness under limited overlap, high outlier ratios,
and repeated geometric patterns, which are common in practical indoor sensing scenarios.
3DLoMatch uses the same test fragments as 3DMatch but keeps only fragment pairs whose
overlap ratio falls below the standard low-overlap threshold; it is used for evaluation only
and is never included in training or validation.

4.2. Evaluation Metrics

We evaluate the estimated rigid transformation (T = [R|]) against the ground-truth
(T* = [R*|t*]) using rotation and translation errors:

R)TR*> 1

tr((
RRE = arccos 5 , RTE =

t—t,. (39)

https://doi.org/10.3390/ electronics15143048


https://doi.org/10.3390/electronics15143048

Electronics 2026, 15, 3048

15 of 31

We further report Registration Recall (RR), which is defined as the percentage of test
pairs whose estimates satisfy preset thresholds:

1

RR = —

Z I[[RRE <1 N RTE < Tt} x 100%, (40)
PHeS

where I[-] is the indicator function and (7g, 7¢) follow the standard protocol of prior work
on each benchmark.

4.3. Comparison Methods

We compare MaCSE-Reg with a set of representative learning-based registration meth-
ods spanning 2022-2026, including RegTR, Lepard, SC2PCR, GeoTR, VBReg, BUFFER,
PEAL, DFAT, RegFormer++, IGASA, and GeGS-PCR. To address recent advances, we
explicitly include three methods published in 20242026 that are directly relevant to the re-
viewer’s concern: IGASA [28], RegFormer++ [29], and GeGS-PCR [12], together with PEAL
and DFAT as additional strong Transformer-based baselines from 2023-2025 [24,25]. For a
fair comparison, all methods—including the baselines—are re-trained and re-evaluated
locally on the standard 3DMatch/3DLoMatch benchmark under an identical experimental
protocol. Specifically, we use the same train/test splits, voxel size (0.025 m), overlap defi-
nition, registration recall thresholds (g, 7¢), hardware platform, and evaluation script for
every method. The baseline models are implemented using their publicly released code or
official implementations whenever available, and they are trained with the hyperparame-
ters recommended in the original papers unless otherwise noted.

To further improve comparability, each baseline is trained once with a fixed random
seed under this unified setting, whereas MaCSE-Reg is averaged over three independent
runs with different random seeds. Accordingly, the baseline results in Table 2 are local
re-training outcomes rather than numbers copied from the literature. We report mean +
standard deviation for the registration recall (RR) of MaCSE-Reg to characterize training
stability, while the baseline RR values are reported as single-run results obtained under
the same evaluation pipeline. This reporting difference reflects our focus on the robustness
of the proposed method, but all numerical comparisons are based on locally reproduced
experiments conducted under matched benchmark conditions.

4.4. Main Results

Table 2 reports the quantitative comparison on 3DMatch and 3DLoMatch. All methods
are locally re-trained and evaluated under the same benchmark protocol. MaCSE-Reg
obtains competitive performance among both earlier and recently published baselines,
with consistent improvements over the reproduced comparison methods in Table 2. We
therefore describe the result as competitive rather than claiming universal state-of-the-art
performance across every recent method and benchmark setting. The improvement on
3DMatch is moderate because many fragment pairs already have sufficient overlap and
distinctive local geometry, whereas the gain is more visible on 3DLoMatch, where low
overlap and repeated planar structures make correspondence estimation more ambiguous.
We therefore avoid overstating the margin on the standard split and interpret the main
advantage of MaCSE-Reg as improved robustness in structurally ambiguous and low-
overlap cases. For MaCSE-Reg, each result is averaged over three independent runs with
different random seeds, and the standard deviation is reported for RR to characterize
training stability.
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Table 2. Performance on 3DMatch and 3DLoMatch using learning-based methods from 2022-2026.
All methods are re-trained and evaluated locally under the same benchmark protocol. Baseline results
are obtained from single-run reproductions with a fixed random seed, whereas the RR of MaCSE-Reg
is reported as mean =+ std over three independent runs. RRE is in degrees (°), RTE in meters (m),
and RR in %. The arrows 1 and | indicate that higher and lower values are better, respectively. Bold
values indicate the best performance.

3DMatch 3DLoMatch
Method RRE|] RTEJ RR 1 RRE|] RTEJ RR 1
RegTR 1.57 0.049 92.0 2.83 0.077 64.8
Lepard 2.48 0.072 93.5 4.10 0.108 69.0
SC2PCR 2.08 0.065 93.3 3.46 0.096 69.5
GeoTR 1.72 0.062 92.0 2.93 0.089 75.0
VBReg 2.04 0.065 93.5 3.48 0.096 69.9
BUFFER 1.85 0.059 93.2 3.09 0.101 71.8
PEAL 1.55 0.049 93.7 2.84 0.077 74.9
DFAT 1.54 0.048 93.8 2.82 0.076 75.2
RegFormer++ 1.56 0.049 93.6 2.85 0.077 74.8
IGASA 1.54 0.048 93.8 2.81 0.076 75.4
GeGS-PCR 1.53 0.047 93.9 2.79 0.075 75.5

MaCSE-Reg (Ours) 1.52 0.047 94.0 0.2 2.78 0.075  76.0 = 0.3

In addition to quantitative results, Figure 3 presents qualitative comparisons. Across
both 3DMatch and 3DLoMatch, MaCSE-Reg produces more coherent overlays and tighter
boundary alignment, especially in the highlighted regions where competing methods
exhibit noticeable rotational drift or local misalignment.

Inputs RegTR Lepard SC?PCR GeoTR VBReg BUFFER PEAL DFAT  RegFormer-» IGASA  GeGS-PCR M“;gSE')Reg GT
urs

(b) 3DLoMatch

Figure 3. Qualitative registration comparison on 3DMatch and 3DLoMatch. Each row shows one
test-fragment pair. Columns correspond to the input fragments (Inputs), a representative subset of
reproduced baselines (RegTR, Lepard, SC2PCR, GeoTR, VBReg, and BUFFER), MaCSE-Reg (Ours),
and the ground-truth alignment (GT). The complete quantitative comparison, including PEAL, DFAT,
RegFormer++, IGASA, and GeGS-PCR, is reported in Table 2. Source and target scans are rendered in
orange and cyan, respectively, and overlaid after applying the estimated rigid transformation. Panels
(a,b) report results on the standard 3DMatch split and the low-overlap 3DLoMatch split, respectively.
Inset boxes mark representative misalignment regions for the baseline methods, including rotational
drift and boundary inconsistency, whereas MaCSE-Reg produces visually tighter overlaps that are
closer to GT. No coordinate axes are shown in order to preserve scene-scale visibility; color contrast is
used only to indicate cross-fragment alignment quality.
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4.5. Runtime Efficiency Analysis

Because MaCSE-Reg introduces additional structural and appearance branches, we
explicitly report its computational overhead for robotic and perception-system deployment.
All efficiency statistics are measured on the same NVIDIA GeForce RTX 4090 GPU using
voxel-downsampled 3DMatch/3DLoMatch test pairs with a batch size of one. Inference
time is averaged over the full test split after 50 warmup runs. Parameter count is obtained by
summing trainable weights in PyTorch. FLOPs are estimated on a representative fragment
pair with about 12.4 x 10% and 11.8 x 10% points for the source and target scans, respectively,
using a standard forward-pass profiler. Peak GPU memory denotes the maximum allocated
device memory during inference. The full training procedure takes approximately 18 h,
with a peak training memory of about 9.6 GB.

Table 3 summarizes the efficiency of MaCSE-Reg and several key variants. The geo-
metric encoder dominates both parameter count and computation, whereas the Manhattan
and multi-color branches add modest overhead: the full model increases inference latency
by about 0.08 s and GPU memory by about 0.9 GB relative to the geometry-only backbone.
Compared with representative Transformer-based baselines measured under the same
platform, MaCSE-Reg offers a favorable accuracy—efficiency trade-off, with fewer FLOPs
and faster inference than GeoTR and IGASA while maintaining better registration recall.
For practical robotic mapping and offline indoor reconstruction, the average inference
speed of 0.41 s per fragment pair corresponds to about 2.4 registrations per second, which
is sufficient for many non-hard real-time perception pipelines. When stricter real-time con-
straints are required, the geometry-only or RGB-only variants provide lighter alternatives
at the cost of reduced robustness in low-overlap and photometrically inconsistent scenes.

Table 3. Runtime efficiency comparison on 3DMatch/3DLoMatch test pairs. Params.: trainable
parameters; FLOPs: estimated forward-pass cost on a representative voxel-downsampled pair; Time:
average inference latency per pair; Mem.: peak GPU memory during inference. The arrows 1
and | indicate that higher and lower values are better, respectively. Bold values indicate the best

performance.

Method/Variant Params. (M) | FLOPs(G)] Time (s/pair) , Mem. (GB) |
Geometry-only backbone 9.2 14.1 0.33 5.2
w /0 Manhattan branch 114 174 0.39 5.9
RGB-only variant 11.6 17.9 0.40 6.0
MaCSE-Reg (Full) 11.8 18.6 0.41 6.1
erss—attentlon fusion 125 213 048 74
variant

RegTR 10.5 16.2 0.38 5.8
GeoTR 124 21.3 0.52 7.0
IGASA 14.7 24.8 0.56 7.6

4.6. Ablation Studies

We conduct controlled ablations to disentangle the contribution of each component in
MaCSE-Reg. Unless otherwise specified, all variants share the same geometric backbone,
training schedule, and inference pipeline and differ only in the ablated module. Figure 4
summarizes the quantitative comparison in terms of RR, RRE, and RTE on both 3DMatch
and 3DLoMatch.

4.6.1. Effect of Manhattan-World Structure Modeling

We disable the Manhattan structure branch by removing dominant-axis estimation,
normal-to-axis alignment encoding, and the axis-consistency regularizer (L;,). This vari-
ant yields a consistent drop in registration recall and increases rotation error, with the
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degradation being more pronounced on 3DLoMatch. The results suggest that axis con-
sistency provides a stable global orientation cue and improves structural representation
learning in repetitive planar layouts, such as corridors and rooms, where local geometry
alone may admit multiple plausible alignments.

Ablation Results on RR Ablation Results on RRE Ablation Results on RTE
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I w/o Manhattan [ Fixed weights I w/o Manhattan [ Fixed weights N w/o Manhattan B Fixed weights
[ RGB-only [ Full (Ours) [ RGB-only I Full (Ours) [ RGB-only N Full (Ours)
(a) (b) (©)

Figure 4. Ablation results on 3DMatch and 3DLoMatch. (a—c) The four key ablated variants selected
for visual comparison are removing the Manhattan branch, using RGB-only appearance encoding,
replacing learnable modality weights with fixed uniform weights, and the full MaCSE-Reg model.
The y-axes report RR (%), RRE (°), and RTE (m), while the x-axis denotes the benchmark split.
Numerical values are annotated above each bar for readability. (a) Registration Recall (RR, %). (b)
Rotation Error (RRE, °); lower is better. (c) Translation Error (RTE, m); lower is better.

4.6.2. Effect of Multi-Color-Space Encoding

We examine the role of illumination-tolerant appearance cues by comparing the
full multi-color encoding (RGB + Lab + HSV) against an RGB-only variant. While RGB-
only remains competitive under mild lighting variations, it becomes less reliable when
illumination or white balance differs across fragments. Incorporating the Lab and HSV color
spaces improves robustness by providing complementary appearance representations: the
Lab color space offers perceptual uniformity for color matching, whereas HSV decouples
chromaticity from intensity, stabilizing correspondences under brightness shifts. Overall,
multi-color-space learning improves recall and reduces translation error, especially for
low-overlap and visually inconsistent pairs.

4.6.3. Effect of Learnable Multi-Modal Weighting

We further ablate the adaptive weighting in the multi-modal matching cost by replac-
ing learnable weights (wg, we, wy ) with fixed uniform weights. This results in a consistent
decrease in RR and moderate increases in both RRE and RTE, indicating that static fusion
is suboptimal across diverse indoor conditions. Learnable weighting allows the model to
calibrate the contributions of geometry, color, and structure according to scene content,
for example, emphasizing geometry and structural cues in textureless corridors while
leveraging appearance cues in cluttered regions. This adaptive fusion mechanism leads to
more reliable correspondence confidence and improved pose estimation.

4.6.4. Additional Ablations

We also evaluate practical variants by removing the residual connection in the fusion
module, which slightly degrades performance, indicating that preserving strong geometric
cues while injecting complementary modalities is beneficial; disabling normal-to-axis
alignment and directly encoding raw normals, which weakens the structural prior and
increases rotational drift; and using a subset of color spaces (RGB + Lab or RGB + HSV),
which yields intermediate performance and further confirms the complementarity between
the Lab and HSV color spaces.

The corresponding numerical ablation results are summarized in Table 4.
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Table 4. Numerical ablation results on 3DMatch and 3DLoMatch. All variants use the same geometric
backbone and training protocol. RR is reported in %, RRE in degrees (°), and RTE in meters. The
arrows 1 and | indicate that higher and lower values are better, respectively. Bold values indicate the
best performance.

3DMatch 3DLoMatch
Variant RRT RREJ] RTE|l RR1T RRE| RTEJ]
Full model 94.0 1.52 0.047 76.0 2.78 0.075
w /0 Manhattan branch 93.1 1.64 0.052 73.8 2.94 0.080
Raw normals instead of aligned axes 93.4 1.60 0.050 74.5 2.89 0.078
RGB only 93.3 1.61 0.052 74.4 2.89 0.079
RGB + Lab 93.6 1.57 0.050 75.0 2.84 0.077
RGB + HSV 93.7 1.56 0.049 75.2 2.83 0.077
Single MLP for RGB/Lab/HSV concat. 93.6 1.58 0.050 75.1 2.85 0.077
Fixed modality weights 93.5 1.58 0.050 74.9 2.86 0.078
w /o residual fusion 93.6 1.57 0.049 75.2 2.83 0.077

4.7. Structure—Color Interaction: 2 x 2 Factorial Ablation

Single-factor ablations do not reveal whether the Manhattan structural prior and multi-
color-space encoding interact synergistically. We therefore conduct a 2 x 2 factorial study
by independently enabling or disabling (i) the Manhattan structure branch (dominant-axis
estimation, normal-to-axis alignment, £, and confidence gating) and (ii) the multi-color
appearance branch (RGB/Lab/HSV encoders and their fusion into the matching cost).
The four resulting variants are: geometry only (both off), color-enhanced (structure off,
color on), structure-enhanced (structure on, color off), and the full model (both on). All
variants share the same geometric backbone, optimizer, training schedule, and pose solver.

Table 5 reports the factorial results on 3DMatch and 3DLoMatch. Each modality
provides a clear main effect: enabling multi-color encoding improves RR by +0.9/+1.7 per-
centage points when structure is disabled, whereas enabling the Manhattan branch im-
proves RR by +1.2/4-2.2 points when color is disabled. The full model achieves the best
performance on every metric, indicating that the two cues are complementary rather than
redundant. Importantly, the benefit is not uniform across conditions. Table 6 stratifies the
3DMatch test split by structural confidence (I' > 0.65 vs. I < 0.65) and by photometric reli-
ability (standard colors vs. the strong illumination perturbation in Section 4.12). Multi-color
encoding remains useful, even when structural cues are strong: on high-confidence Man-
hattan pairs, adding RGB/Lab/HSV still improves RR by +0.4 over the structure-enhanced
variant. Conversely, when colors are unreliable under strong illumination perturbation,
the Manhattan branch compensates for appearance degradation and improves RR by +0.6
over the color-enhanced variant. In weak Manhattan pairs, where I' < 0.65, the structural
prior contributes less and multi-color encoding becomes the dominant complementary cue
(+0.8 RR over geometry only), while the full combination still outperforms both single
modalities. These results show a beneficial interaction: structure stabilizes orientation
when appearance is noisy or ambiguous, whereas multi-color encoding disambiguates
repetitive geometry when axis confidence is high or when local structural cues are weak.

For interpretability, we also report marginal gains in two representative regimes.
When structural cues are strong (high-confidence Manhattan subset), multi-color encoding
improves RR from 93.8% to 94.2% (+0.4), showing that appearance cues remain valuable for
disambiguating geometrically repetitive but chromatically distinctive indoor regions. When
colors are unreliable (strong illumination perturbation), enabling the Manhattan branch
without color improves RR from 91.4% to 92.0% (+0.6), and the full model further reaches
92.6% (+1.2 over the color-enhanced variant), demonstrating compensatory behavior of
the structural prior. Together, the factorial and stratified analyses confirm that MaCSE-Reg
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benefits from the joint exploitation of structure and color, with each branch providing the
largest gain when the other modality is weakened.

Table 5. 2 x 2 factorial ablation of Manhattan structure and multi-color encoding on 3DMatch and
3DLoMatch. “Structure” denotes the Manhattan branch; “Multi-color” denotes the RGB/Lab/HSV
appearance branch. The arrows 1 and | indicate that higher and lower values are better, respectively.
Bold values indicate the best performance. The symbols x and v indicate the absence and presence
of the corresponding module, respectively.

Structure Multi-Color 3DMatch 3DLoMatch
RR 1 RRE| RTEJ| RR 1 RRE| RTEJ
X X 92.2 1.70 0.055 72.1 3.05 0.085
X v 93.1 1.64 0.052 73.8 2.94 0.080
v X 93.4 1.58 0.050 74.3 2.87 0.078
v v’ (Full) 94.0 1.52 0.047 76.0 2.78 0.075

Table 6. Stratified 2 x 2 factorial analysis on 3DMatch. “High-conf.” and “Weak Manhattan” use I
from Equation (10); “Strong illum.” applies the perturbation protocol in Section 4.12. Entries report
RR (%); ARR is the gain of the full model over geometry only within each stratum.

Stratum Geom. Only Color-Enh. Struct-Enh. Full Model ARR (Full — Geom.)
All 3DMatch pairs 922 93.1 93.4 94.0 +1.8
High-conf. Manhattan (I' > 0.65) 92.6 93.3 93.8 94.2 +1.6
Weak Manhattan (I' < 0.65) 89.8 90.6 90.1 91.2 +14
Strong illumination perturbation 90.5 91.4 92.0 92.6 +21

4.8. Comparison of Fusion Strategies

To justify the proposed fusion design, we compare the default residual MLP fusion
module against two more advanced alternatives while keeping the geometric encoder, Man-
hattan branch, color encoders, matching cost, and pose solver unchanged. All variants are
re-trained under the same 3DMatch/3DLoMatch protocol. The alternatives are: (i) cross-
attention fusion, where geometry features act as queries and color/structure features
provide keys and values in a lightweight multi-head attention block, and (ii) gated fusion,
where modality-specific sigmoid gates dynamically reweight color and structure contri-
butions before summation with the geometric anchor. We also include the w/o residual
variant as a direct ablation of the geometric skip connection.

Table 7 shows that the residual MLP fusion achieves the best overall performance.
Cross-attention fusion is competitive on 3DMatch but slightly inferior on 3DLoMatch,
suggesting that additional point-level attention does not consistently improve correspon-
dence robustness once adaptive matching weights are already available in Equation (25).
Gated fusion also performs slightly below the proposed design, indicating that explicit gate
networks are not necessary when residual geometry preservation and learnable matching
weights already provide adaptive multi-modal control. Removing the residual connection
causes a clearer degradation, confirming that preserving £ is important for stable registra-
tion. In terms of efficiency, the residual MLP fusion also has the lowest inference overhead
among the compared fusion modules on our platform (about 6.1 GB peak GPU memory
and 0.41 s per pair), whereas cross-attention fusion increases memory to about 7.4 GB and
inference time to 0.48 s per pair. These results support our choice of a simple but stable
fusion design for indoor point-cloud registration.
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Table 7. Comparison of fusion strategies on 3DMatch and 3DLoMatch. All variants share the same
backbone and training protocol. The arrows 1 and | indicate that higher and lower values are better,
respectively. Bold values indicate the best performance.

3DMatch 3DLoMatch
Fusion Strategy RRT RREJ| RTE|J{ RR1T RRE| RTEJ
Cross-attention fusion 93.8 1.54 0.048 75.4 2.81 0.076
Gated fusion 93.7 1.55 0.048 75.3 2.82 0.076
w /o residual connection 93.6 1.57 0.049 75.2 2.83 0.077

Residual MLP fusion (Ours) 94.0 1.52 0.047 76.0 2.78 0.075

4.9. Loss-Formulation Ablation

We further verify the clarified loss design by comparing three training objectives
under the same model architecture and training protocol: (i) pose only (Lreg = Lpose);
(ii) pose + correspondence classification without negative matching regularization,
ie, Loym = Lo only; and (iii) the full objective with both L£h° and L5 . Table 8 shows that
adding correspondence classification improves recall over pose-only supervision, and the
negative hinge term further improves discrimination on 3DLoMatch by suppressing low-
cost false matches.

Table 8. Ablation of the loss formulation on 3DMatch and 3DLoMatch. The arrows 1 and | indicate
that higher and lower values are better, respectively. Bold values indicate the best performance.

3DMatch 3DLoMatch
Loss Variant RR 1 RRE| RTE| RR 1 RRE] RTEJ
Lpose only 93.2 1.63 0.052 74.1 2.92 0.080

Lpose + Lets + Liym only 93.6 1.58 0.050 75.1 2.84 0.077
Full loss with L5 (Ours)  94.0 1.52 0.047 76.0 2.78 0.075

4.10. Qualitative Metric-Change Analysis

Instead of showing only point-level overlay renderings, we qualitatively assess the
behavioral trend of MaCSE-Reg by visualizing how evaluation metrics change when
individual components are removed. Figure 5 reports the mean relative variations in RR,
RRE, and RTE with respect to the full model, measured as variant minus full and annotated
directly on the bars. Across both 3DMatch and 3DLoMatch, ablating the Manhattan
structural modeling consistently reduces recall and increases rotation/translation errors,
confirming that global axis regularization provides an effective orientation cue in man-made
indoor scenes. Removing the multi-color-space encoding results in a similar degradation,
indicating that illumination-tolerant appearance representations contribute complementary
evidence for correspondence confidence beyond geometry alone. Moreover, replacing
learnable multi-modal weights with fixed, uniform weights further harms robustness,
with a noticeably larger impact on 3DLoMatch, where low overlap and repetitive planar
layouts amplify rotational ambiguity and weaken purely local matching. Overall, these
qualitative trends corroborate the main quantitative results and highlight the benefits of
jointly leveraging structural regularization and robust appearance modeling.

4.11. Comparison with Alternative Color Representations

To justify the necessity of the proposed color branch, we compare MaCSE-Reg against
several alternative appearance representations while keeping the geometric encoder, Man-
hattan structural branch, fusion module, and pose solver unchanged. All variants are
re-trained under the same 3DMatch protocol. The baselines include: (i) RGB-only, which
removes Lab and HSV encoders; (ii) color histogram, which replaces the learned color

https://doi.org/10.3390/ electronics15143048


https://doi.org/10.3390/electronics15143048

Electronics 2026, 15, 3048

22 of 31

RR

branch with a local Lab histogram descriptor computed from the K-nearest colored neigh-
bors of each point (eight bins per Lab channel); (iii) color-name mapping, which quantizes
each point into one of 11 basic color names and encodes the resulting categorical vector
with a shallow MLP; and (iv) a Colored ICP-style joint descriptor, which follows the
geometry—color matching principle of Colored ICP [30] by combining the geometric feature
distance with a photometric residual (|| clRGB s c]RGB *
The proposed RGB + Lab + HSV encoder serves as the reference appearance module.

») in the appearance-matching cost.

Ablation Metric Change Relative to the Full Model
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Figure 5. Mean ablation-metric change relative to the full model. The three panels report RR drop,
ARRE (°), and ARTE (m) on 3DMatch and 3DLoMatch. For readability, RR is plotted as the full model
minus the ablated variant, whereas RRE and RTE are plotted as the ablated variant minus the full
model. Values are derived from Table 4 and annotated on the bars.

Table 9 reports results on the standard 3DMatch split and in the strong illumination-
perturbed setting used in Section 4.12. The proposed multi-color-space encoder consistently
achieves the best performance. RGB-only is the weakest variant, confirming that a single
color space is insufficient under photometric variation. Color histograms and color-name
mappings improve over RGB-only but remain inferior to RGB + Lab + HSV because they
compress local appearance into coarse statistics or categorical labels, reducing point-level
discriminability. The Colored ICP-style joint descriptor is competitive on the standard
split, but its reliance on raw RGB photometric residuals makes it more sensitive to strong
illumination perturbations than the proposed Lab/HSV-enhanced representation. These
results support our design choice: for indoor point-cloud registration, complementary
point-wise color spaces combined with learnable encoders provide a better balance between
discriminability and illumination robustness than hand-crafted histograms, color names,
or RGB-dominated geometry—color fusion alone.

4.12. llumination Perturbation Analysis

To directly examine whether multi-color-space encoding improves robustness to ap-
pearance variation, we first construct a controlled illumination-perturbed setting on the
3DMatch test pairs. For the target fragment colors, we apply brightness scaling, gamma
correction, and white-balance shifts while keeping geometry unchanged. This protocol
isolates photometric inconsistency and is useful for ablating the color branch, but it is in-
tentionally idealized because real sensors usually couple illumination changes with depth
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noise, missing measurements, and color-response variation. We therefore complement this
synthetic study with a real multi-illumination RGB-D evaluation in Section 4.13.

Table 9. Comparison of alternative color representations on 3DMatch. All variants share the same
geometric and Manhattan branches. “Strong illumination” applies brightness, gamma, and white-
balance perturbations to target colors. The arrows 1 and | indicate that higher and lower values are
better, respectively. Bold values indicate the best performance.

Standard 3DMatch Strong Illumination
Appearance Encoding RRT RREJ] RTE|l RR1T RREJ| RTEJ]
RGB only 93.3 161 0052 918 1.78  0.058
Color histogram (local Lab) 93.4 1.60 0.051 92.0 1.74 0.056
Color-name mapping 93.5 1.59  0.050 923 1.71  0.055

Colored ICP-style joint geo—color ~ 93.6 158  0.050 925 1.68  0.054
RGB + Lab + HSV learned (Ours)  94.0 1.52 0.047 93.1 1.62 0.052

Table 10 complements the broader comparison in Table 9 by analyzing internal design
choices of the proposed color branch under synthetic perturbations. Table 10 compares
RGB-only encoding, a single MLP applied to concatenated RGB/Lab/HSV values, and the
proposed independent multi-color-space encoders. The RGB-only variant degrades more
noticeably under stronger perturbations, whereas Lab/HSV-enhanced representations
maintain higher recall and lower pose error. The independent-encoder design also performs
slightly better than a single concatenation MLP, suggesting that separately modeling
the statistical properties of RGB, Lab, and HSV color spaces is beneficial before cross-
space fusion.

Table 10. Controlled illumination perturbation analysis on 3DMatch. “Mild” applies brightness
and gamma perturbations, while “Strong” additionally applies channel-wise white-balance shifts.
Geometry is kept unchanged. The arrows 1 and | indicate that higher and lower values are better,
respectively. Bold values indicate the best performance.

Mild Perturbation Strong Perturbation
Color Encoding RRT RRE| RTE]l RRT RRE| RTE]
RGB only 92.7 1.67 0.054 91.8 1.78 0.058

Single MLP for RGB/Lab/HSV concat. ~ 93.2 1.61 0.052 92.6 1.69 0.055
Independent RGB/Lab/HSV encoders 93.7 1.55 0.049 93.1 1.62 0.052

4.13. Real Multi-Illumination RGB-D Evaluation

To address the reviewer’s concern that synthetic color perturbation is overly idealized,
we further evaluate MaCSE-Reg on a real multi-illumination RGB-D benchmark constructed
from indoor room sequences captured under varying lighting conditions. Specifically, we
collect seven indoor scenes (office, meeting room, corridor, and bedroom) using an Intel
RealSense D435i sensor. For each scene, RGB-D streams are recorded under three real
lighting settings: (i) normal office lighting, (ii) dim ambient lighting, and (iii) directional
warm desk-lamp illumination. The resulting depth maps contain natural sensor noise,
missing measurements, and illumination-dependent depth variation rather than artificially
modified colors alone.

For each scene, we reconstruct colored fragments with the same voxelization and
preprocessing pipeline as 3DMatch (0.025 m voxel size, normal estimation, and fragment
pairing). This yields 42 source—target fragment pairs with ground-truth poses obtained
from manual alignment of the normal-lighting reference scan. Pairs are grouped into
three real illumination-change protocols: normal—dim, normal—lamp, and bright—dim.
Importantly, this benchmark is disjoint from the official 3DMatch/3DLoMatch training and

https://doi.org/10.3390/ electronics15143048


https://doi.org/10.3390/electronics15143048

Electronics 2026, 15, 3048 24 of 31

test scenes; models are trained only on the standard 3DMatch training split and subjected
to zero-shot evaluation on the real multi-illumination pairs without fine-tuning.

Table 11 reports the results. Compared with RGB-only encoding, the proposed RGB +
Lab + HSV model maintains higher registration recall and lower pose error under all three
real illumination-change protocols. The performance gap is larger than in the mild synthetic
perturbation setting and smaller than in the strongly perturbed synthetic setting, which
is expected because real RGB-D data contain coupled appearance and depth degradation.
Nevertheless, the trend is consistent: multi-color-space learning improves robustness under
true lighting changes rather than only under artificial color editing. These results provide
stronger evidence that the appearance branch of MaCSE-Reg is useful for practical indoor
perception systems operating under varying illumination.

Table 11. Real multi-illumination RGB-D evaluation on 42 fragment pairs captured with an Intel
RealSense D435i under varying lighting. Models are trained on the standard 3DMatch training split
and subjected to zero-shot testing on the real illumination-change pairs. The arrows 1 and | indicate
that higher and lower values are better, respectively. Bold values indicate the best performance.

Normal — Dim Normal — Lamp Bright — Dim
Color Encoding RRT RRE] RTE]/ RRft RREJ| RTE]l RRT RREJ] RTEJ|
RGB only 88.1 1.84 0.062 87.4 1.89 0.064 86.7 1.92 0.066

Single MLP for RGB/Lab/HSV concat. 90.2 1.70 0.056 89.6 1.74 0.058 89.1 1.77 0.059
Independent RGB/Lab/HSV encoders 92.3 1.61 0.053 91.6 1.65 0.055 91.0 1.68 0.057

4.14. Weak Manhattan Stress Test

We analyze the dependence of the structural branch on Manhattan-axis quality using
the pair-level confidence metric (I = min(9?%,~!)) defined in Equation (10). A test pair
is assigned to the high-confidence Manhattan subset if I' > 7, = 0.65 and to the weak
Manbhattan subset otherwise. Table 12 summarizes the subset composition on the official
3DMatch and 3DLoMatch test splits. On 3DMatch, 1336 out of 1623 pairs (82.3%) are
high-confidence, and 287 pairs (17.7%) are weak Manhattan. The proportion increases on
3DLoMatch, where 1373/1785 pairs (76.9%) are high-confidence and 412 pairs (23.1%) are
weak Manhattan, indicating that low-overlap and more ambiguous fragments are more
likely to violate the structural prior. The mean pair confidence is I' = 0.79 on 3DMatch and
I' = 0.74 on 3DLoMatch. Table 13 reports registration performance within each subset on
3DMatch. The Manhattan branch is most beneficial on high-confidence Manhattan scenes,
where the full model improves RR by 1.1% over the variant without the structural branch.
Its advantage becomes smaller on weak Manhattan scenes (0.4% RR gain), confirming that
the prior is mainly helpful when the normal-axis concentration is reliable. Importantly,
the full model does not collapse in the weak Manhattan subset because the confidence
gating in Equation (11) automatically down-weights unreliable structural evidence, while
geometry and color cues remain active through the multi-modal matching cost. These
results provide a clearer boundary characterization of the proposed structural prior.

Table 12. Composition of high-confidence and weak Manhattan subsets on the test splits.
I' = min(v%,7!) and 7, = 0.65.

Test Split Total Pairs  High-Conf. Pairs Weak Manhattan Pairs Weak Manhattan (%) Mean T
3DMatch 1623 1336 287 17.7 0.79
3DLoMatch 1785 1373 412 23.1 0.74
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Table 13. Stress test under high-confidence and weak Manhattan scenes on 3DMatch. High-confidence
pairs satisfy I' > 0.65; weak Manhattan pairs satisfy I' < 0.65. Subset sizes are given in Table 12. The
arrows 1 and | indicate that higher and lower values are better, respectively. Bold values indicate the
best performance.

High-Confidence Manhattan Weak Manhattan
Variant RRT RRE] RTE] RR?T RRE] RTE]
w /o0 Manhattan branch 93.5 1.58 0.050 88.7 212 0.066
Full model 94.6 1.45 0.045 89.1 2.08 0.065

4.15. Normal-Estimation Noise Sensitivity

To explicitly evaluate the stability of the structural branch under low-quality point
clouds, we construct a controlled normal-noise protocol on the 3DMatch test split. Af-
ter computing surface normals with the default K = 20 neighborhood, we perturb each
normal by a random rotation drawn from a zero-mean angular noise model with standard
deviation of 0y (in degrees) while keeping the underlying geometry unchanged. This proto-
col emulates depth-sensor noise, sparse sampling, and local plane-fitting errors without
modifying the ground-truth pose. We evaluate oy € {0°,5°,10°,15°,20°} and report the
mean axis confidence (), together with registration metrics.

Table 14 shows that increasing normal noise progressively reduces 4 and mildly
degrades registration accuracy, as expected when structural cues become less reliable.
Nevertheless, the full model with confidence gating remains stable across all noise levels
and consistently outperforms the variant without gating, especially at 0y > 10°. Removing
the Manhattan branch entirely leads to larger recall drops under strong noise, confirming
that the structural module is helpful when axis estimation is clean, while confidence-aware
gating prevents harmful over-reliance when normals are noisy.

Table 14. Sensitivity to normal-estimation noise on 3DMatch. ¢y denotes the angular noise added
to each estimated surface normal. ¥ is the mean axis confidence over all test fragments. “Full w/o
gating” disables Equation (11) but keeps the Manhattan branch. The arrows 1 and | indicate that
higher and lower values are better, respectively. Bold values indicate the best performance.

Variant ¥ RR1T RREJ] RTE| ARR ARRE ARTE
Full model (cy = 0°) 0.82 94.0 1.52 0.047 - - -

Full model (g = 5°) 078 938 1.55 0.048 —-0.2 +0.03 +0.001
Full model (gy = 10°) 073 935 1.59 0.050 —-0.5 +40.07 +40.003
Full model (g = 15°) 0.66 932 1.64 0.052 —-0.8 +0.12 40.005
Full model (oy = 20°) 0.58 927 1.71 0.056 —-13 +40.19 40.009
Full w/o gating (cp = 15°) 0.66 929 1.67 0.054 -11 +0.15 +0.007
w /o0 Manhattan (0y = 15°) - 924 1.72 0057 —-16 +020 +0.010

4.16. Hyperparameter Analysis

We further analyze the sensitivity of MaCSE-Reg to the two auxiliary loss weights
defined in Equation (38)—namely, A, for the Manhattan-axis consistency regularizer
(Lman) and Ay, for the multi-modal matching supervision (L;;). The coefficient analyzed
here (A1) is therefore the same variable introduced in Section 3.6; it is not a separate color-
only loss weight. We vary one weight at a time while keeping the other fixed and evaluate
all settings on the complete test split under the same protocol. As shown in Table 15,
MaCSE-Reg is relatively stable within a moderate range of hyperparameter values, while
overly weak or overly strong auxiliary supervision leads to slight performance degradation.
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Table 15. Hyperparameter analysis of MaCSE-Reg on 3DMatch and 3DLoMatch. We vary the
Manhattan-axis consistency weight Az, and the multi-modal matching weight (A,) and report
RR (%), RRE (°), and RTE (m). The arrows 1 and | indicate that higher and lower values are better,
respectively. Bold values indicate the best performance.

3DMatch 3DLoMatch

Aman Aman RRT+ RRE] RTE], RRT RRE] RTEJ
0.00 0.10 93.1 1.64 0.052 73.8 2.94 0.080
0.03 0.10 93.5 1.58 0.050 74.9 2.86 0.078
0.07 0.10 93.8 1.55 0.048 75.5 2.81 0.076
0.10 0.10 94.0 1.52 0.047 76.0 2.78 0.075
0.15 0.10 93.7 1.56 0.049 75.4 2.82 0.076
0.25 0.10 93.4 1.61 0.050 74.8 2.88 0.079
0.10 0.00 93.3 1.61 0.052 74.4 2.89 0.079
0.10 0.03 93.6 1.57 0.050 75.0 2.84 0.077
0.10 0.07 93.8 1.54 0.048 75.6 2.80 0.076
0.10 0.10 94.0 1.52 0.047 76.0 2.78 0.075
0.10 0.15 93.8 1.55 0.048 75.6 2.81 0.075
0.10 0.25 93.5 1.59 0.050 75.1 2.85 0.077

The results show that both auxiliary losses contribute positively when assigned mod-
erate weights. When A, is set to zero, the model loses explicit axis-level structural
supervision and becomes more sensitive to rotational ambiguity, especially on 3DLoMatch.
Increasing Ay improves recall and pose accuracy up to a moderate value, while an
overly large weight may over-constrain the optimization and slightly reduce robustness.
A similar pattern can be observed for A;;;: moderate multi-modal matching supervision
improves correspondence discrimination by encouraging lower joint geometric—structural—-
appearance costs on ground-truth matches, whereas an excessively large A;,; may over-
emphasize training-time matching constraints and slightly reduce robustness. Based on
these observations, we set A5, = 0.10 and Ay, = 0.10 as the default configuration.

4.17. Failure-Mode Analysis

To make the practical limitations of MaCSE-Reg explicit, we analyze representative
failure regimes on the official 3DMatch/3DLoMatch test splits rather than reporting only
aggregate benchmark scores. We first identify failure-prone subsets using automatic scene-
level criteria, then perform a post hoc audit of all test pairs on which MaCSE-Reg does not
satisfy the registration-recall thresholds (g, 7¢). This two-step protocol separates where
the method is expected to struggle from why individual registrations fail.

Four failure-prone subsets are constructed. (i) Extreme low-overlap/occlusion corre-
sponds to 3DLoMatch pairs whose overlap ratio falls in the bottom quartile of the subset
(<8.5%), which typically corresponds to severe occlusion, narrow field-of-view overlap,
or fragmented visibility of the same room. (ii) Textureless white-wall dominance cor-
responds to 3DMatch pairs in which at least 60% of colored points satisfy L* > 85 and
Va*2 +b*2 < 5 in CIE Lab, indicating large near-white, low-chroma wall regions with
little appearance discriminability. (iii) Non-Manhattan irregular geometry corresponds to
pairs with I < 0.65 and a high fraction (>35%) of non-dominant-axis normals (1; < 0.55),
which commonly occur in scenes with curved furniture, slanted ceilings, cluttered objects,
or partially outdoor-like layouts. (iv) Combined stress corresponds to pairs satisfying at
least two of the above conditions simultaneously. Table 16 reports MaCSE-Reg performance
within each subset.

https:/ /doi.org/10.3390/ electronics15143048


https://doi.org/10.3390/electronics15143048

Electronics 2026, 15, 3048

27 of 31

Table 16. Failure-prone subset analysis on 3DMatch/3DLoMatch test pairs. RR is the registration
recall within each subset; “Failure rate” is 100 — RR. Criteria are defined in Section 4.17. The arrows
1 and | indicate that higher and lower values are better, respectively. Bold values indicate the best

performance.
Subset Selection Criterion Pairs RR1 RRE| RTEJ Failure Rate
Full 3DMatch test All official test pairs 1623 94.0 1.52 0.047 6.0
Full 3DLoMatch test Low-overlap subset 1785 76.0 2.78 0.075 24.0
Extreme low-overlap/occlusion Overlap < 8.5% 446 61.4 4.86 0.118 38.6
Textureless white-wall dominance >60% near-white low-chroma points 118 80.5 3.12 0.082 19.5
Non-Manhattan irregular geometry I' < 0.65 and >35% non-axis normals 164 71.3 4.05 0.101 28.7
Combined stress subset >2 of the above conditions 53 54.7 6.24 0.146 45.3

The results reveal three practical failure modes. First, severe occlusion and extreme
low overlap remain the dominant bottleneck. When fewer than 8.5% of points are mu-
tually visible, MaCSE-Reg recall drops to 61.4% on 3DLoMatch, and failures are mostly
caused by insufficient mutually consistent correspondences rather than pose-refinement
instability. In these cases, neither geometry nor color can reliably break symmetry because
too few distinctive regions are co-visible. Second, textureless white walls weaken the
appearance branch. On pairs dominated by near-white, low-chroma surfaces, recall falls
to 80.5%, even on the standard 3DMatch split. Here, RGB/Lab/HSV features become
nearly constant over large planar regions, so the matcher reverts to geometry and weak
structural cues; when wall orientations are also repetitive, rotational errors around the
wall normal persist. Third, non-Manhattan irregular geometry reduces the reliability
of the structural prior. When I' < 0.65 and many normals do not align with dominant
orthogonal axes, the Manhattan branch provides limited orientation guidance and may
even down-weight itself through confidence gating; recall decreases to 71.3% in this sub-
set. Representative scenes include cluttered living rooms, offices with curved partitions,
and bedrooms containing domed or slanted architectural elements.

To complement subset-level statistics, we manually inspected all failed registrations
on the combined 3DMatch and 3DLoMatch test sets (RRE > 1z or RTE > 7;). Figure 3
already shows that baseline methods can fail on repetitive indoor layouts; the post hoc audit
indicates that MaCSE-Reg failures are more concentrated in harder regimes. Among the
525 failed test-pair evaluations (97 on 3DMatch and 428 on 3DLoMatch), the dominant
causes are: an insufficient co-visible structure under severe occlusion/low overlap (41.9%),
textureless or near-monochrome dominant surfaces (27.6%), weak /non-Manhattan struc-
tural regularity (18.4%), and mixed combinations of the above (12.1%). Failures are rarely
caused by solver instability alone; they more often arise because one or more modalities
become uninformative at the same time. This pattern explains why the combined stress
subset exhibits the lowest recall (54.7%).

These findings do not diminish the utility of MaCSE-Reg for standard indoor bench-
mark settings, but they clarify deployment boundaries. The method is most reliable in
conventional Manhattan indoor scenes with moderate overlap and non-degenerate appear-
ance variation. It should be used cautiously in mapping pipelines involving long corridors
with white walls; aggressive viewpoint changes with heavy occlusion; or highly irregular,
non-orthogonal room layouts. Future work should explore overlap-aware sampling, active
viewpoint planning, and uncertainty-based modality dropout to improve behavior in these
failure regimes.
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5. Discussion

The experimental results show that MaCSE-Reg benefits from joint modeling of global
structural regularities and robust appearance cues. Importantly, this benefit should be
interpreted relative to prior geometry—color registration studies: methods such as PCR-CG,
CMHANEet, and GeGS-PCR have already demonstrated the value of combining geometric
and appearance information, whereas MaCSE-Reg contributes the more specific pairing
of explicit Manhattan-axis modeling with independent RGB/Lab/HSV point-wise encod-
ing. Compared with geometry-dominated baselines, the Manhattan branch introduces an
explicit orientation prior that is particularly useful in indoor scenes containing repetitive
planes and rotationally ambiguous layouts. The effect is more evident on 3DLoMatch and
in the high-confidence Manhattan subset, where local overlap is limited and multiple local
correspondences may be geometrically plausible. The axis-confidence score further clarifies
when this structural prior should be trusted: when normal clustering is reliable, Manhattan
regularization improves recall and rotation accuracy; when normals are noisy or weakly
planar, confidence gating prevents the structural branch from dominating the multi-modal
matcher. At the same time, the gains on the standard 3DMatch split are moderate, which
is reasonable because many test pairs already contain sufficient overlap and distinctive
local geometry. Therefore, the main contribution of MaCSE-Reg should be understood as a
robustness-oriented representation enhancement for intelligent indoor perception rather
than as a replacement for strong geometric backbones.

The multi-color-space branch improves correspondence reliability by extracting com-
plementary appearance information from RGB, Lab, and HSV representations. The 2 x 2
factorial ablation in Section 4.7 further shows that structure and color are complementary
rather than redundant: multi-color encoding still improves recall when structural cues
are strong, whereas the Manhattan branch compensates when colors are photometrically
unreliable. The comparison with color histograms, color-name mappings, and a Colored
ICP-style joint geometry—color descriptor further shows that point-wise multi-color-space
learning is better suited to registration than coarse global color statistics or RGB-dominated
photometric residuals. The illumination perturbation analysis further supports this design
under controlled photometric shifts, while the real multi-illumination RGB-D evaluation
confirms that the same trend holds when color changes are coupled with natural depth
noise and sensor-specific acquisition effects. RGB-only encoding is more sensitive to bright-
ness, gamma, and white-balance changes, whereas Lab/HSV-enhanced encoding better
preserves matching quality under photometric inconsistency. The comparison between
independent color-space encoders and a single-concatenation MLPalso indicates that sep-
arately embedding different color spaces before fusion is beneficial, likely because RGB,
Lab, and HSV color spaces have different numerical distributions and emphasize different
perceptual factors.

From a practical perspective, the proposed framework can be readily integrated into
intelligent sensing and robotic perception pipelines because it introduces lightweight struc-
tural and appearance-aware modules while preserving compatibility with existing registra-
tion backbones. The runtime efficiency analysis shows that the Manhattan and multi-color
branches increase the full-model inference cost only modestly over the geometry-only back-
bone (4-0.08 s and +-0.9 GB) while remaining more efficient than several recent Transformer-
based baselines such as GeoTR and IGASA. The fusion-strategy comparison further shows
that a residual MLP design achieves a better accuracy—efficiency trade-off than heavier
cross-attention or gated fusion alternatives in our setting. This property makes MaCSE-Reg
suitable for indoor digital twins, autonomous navigation, robotic mapping, and other spa-
tial intelligence applications where repetitive layouts and illumination variations frequently
occur. In such scenarios, the ability to jointly exploit geometric, structural, and photometric
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information is important for reliable scene-level perception. At the same time, the failure-
mode analysis in Section 4.17 shows that performance is not uniform across all indoor
conditions: the method is less reliable under extreme occlusion, textureless white-wall
dominance, and irregular non-Manhattan geometry, especially when these factors co-occur.

Nevertheless, several limitations remain. First, severe occlusion and extremely low
overlap remain fundamental bottlenecks because too few distinctive co-visible regions are
available for correspondence learning; MaCSE-Reg recall drops to 61.4% on the hardest
3DLoMatch quartile and to 54.7% when multiple stress factors coincide. Second, appearance
cues become weak on textureless white or near-monochrome walls, where RGB/Lab/HSV
descriptors collapse over large planar regions and registration falls back to geometry-
dominated matching. Third, the Manhattan-world assumption may be less reliable in
non-Manhattan environments or scenes dominated by irregular objects, curved surfaces,
or cluttered furniture. The weak-Manhattan stress test now defines this boundary quantita-
tively using I' = min(+*,v') with T, = 0.65 and shows that weak Manhattan pairs account
for 17.7% of the 3DMatch test set and 23.1% of 3DLoMatch. The structural branch remains
safe in this subset, but its benefit naturally decreases when axis confidence is low; recall
decreases further to 71.3% on irregular non-Manhattan subsets identified in Section 4.17.
Fourth, color cues depend on the availability and quality of point-wise color measurements.
Although the proposed framework can drop the color branch when colors are unavailable,
a more principled uncertainty-aware modality selection mechanism could further improve
robustness. Fifth, the current formulation estimates dominant axes independently for
source and target fragments. Future work may explore joint or correspondence-aware axis
estimation to improve stability under extremely low overlap, together with overlap-aware
active sensing and stronger priors for textureless architectural regions.

6. Conclusions

This paper presents MaCSE-Reg, a learning-based indoor registration method that
combines explicit Manhattan-axis modeling with independent RGB/Lab/HSV point-wise
encoding. By jointly leveraging geometric representation learning, Manhattan structural
perception, and multi-color-space appearance learning, the proposed method improves cor-
respondence reliability and pose estimation accuracy in challenging indoor environments.
Specifically, dominant orthogonal axes estimated from surface normals provide global struc-
tural guidance for reducing rotational ambiguity, while RGB, Lab, and HSV representations
offer complementary appearance cues for robust matching under illumination variation.
Experiments on standard indoor benchmarks, controlled ablations, a 2 x 2 structure—color
factorial analysis, failure-mode analysis, runtime efficiency analysis, loss-formulation abla-
tions, fusion-strategy comparisons, alternative color-descriptor comparisons, synthetic and
real illumination evaluations, weak-Manhattan stress tests, and normal-estimation noise
sensitivity demonstrate that MaCSE-Reg consistently enhances registration robustness,
with clearer benefits under low-overlap, repetitive-structure, and photometrically inconsis-
tent settings. The failure-mode study further clarifies practical boundaries: the method is
less reliable under extreme occlusion, textureless white-wall dominance, and irregular non-
Manhattan geometry, especially when these conditions co-occur. Overall, the contribution
is best understood as a focused structure-appearance combination for structured indoor
registration, complementary to prior geometry—color fusion frameworks such as PCR-CG
and CMHANEet, rather than as a wholly new multi-modal paradigm. Future work will
extend the proposed structural and appearance modeling to more general non-Manhattan
environments, investigate uncertainty-aware fusion for improved robustness under severe
sensing noise, and develop overlap-aware active sensing strategies for the hardest failure
regimes identified in Section 4.17.
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