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Abstract. Accurate endoscopic camera relocalization in a given map
is critical in minimally invasive surgery (MIS), yet remains challenging
under extreme viewpoints and ambiguous anatomical geometry. Recent
feed-forward 3D reconstruction methods have emerged as feasible and
efficient scene representations, but they produce dense scene maps with-
out storing feature descriptors, rendering conventional descriptor-based
localization pipelines incompatible. To enable descriptor-free relocaliza-
tion on such maps, we propose EndoDefLoc, a framework that nov-
elly formulates endoscope relocalization as a dense registration problem.
Crucially, to improve localization accuracy and robustness under large
viewpoint changes and in anatomical scenes with low discriminability,
we extend this formulation with two task-driven innovations. First, a
rotation-invariant feature crafting (RIFC) stage, utilizing point-pair fea-
tures to enhance geometry-based feature matching across extreme view-
point changes. Second, a geometry—appearance fusion (GAF) module in-
tegrates color cues with the aforementioned rotation-invariant geometry
in a dual-branch hierarchical design to enhance feature distinctiveness.
Experiments on public ex-vivo datasets demonstrate the efficacy of the
proposed designs, while empirical studies further validate EndoDefLoc
as a pioneering step towards descriptor-free localization for feed-forward
endoscopic scene representations.

Keywords: Endoscopy localization - 2D-3D matching - Point cloud reg-
istration.
1 Introduction

Camera localization is a crucial task [24,15] in computer-assisted minimally in-
vasive surgery, enabling recovery from tracking failures in intraoperative naviga-
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tion [6], augmented reality, and simultaneous localization and mapping (SLAM) [9].
Unlike camera tracking, which estimates relative poses between adjacent frames,
camera localization estimates the query pose in a pre-built 3D map, where large
viewpoint changes are common after tracking failure. Conventional localization
pipelines [24,19,9] detect 2D keypoints [3,17], match them to pre-computed vi-
sual descriptors stored in the map, and estimate the 6DoF camera pose. However,
recent feed-forward 3D reconstruction methods [26] produce dense scene maps
storing 3D coordinates and RGB rather than explicit visual descriptors, ren-
dering descriptor-based localization incompatible and motivating descriptor-free
localization on modern feed-forward maps [5,21,23].

Existing descriptor-free localization methods adopt different strategies. Meth-
ods based on rendering, e.g. GS-CPR [13], render novel views from the map and
perform keypoint matching, incurring additional computation while requiring a
reliable initial pose for sufficient overlap. Other methods [28,2] directly establish
sparse 2D—-3D correspondences without descriptors, under-utilizing the available
color cues in the map. Follow-up methods [22,27] further exploit geometry and
color, yet remain designed for sparse structure-from-motion (SfM) maps [18§],
making them less suitable for dense feed-forward scene representations. More-
over, these methods target large-scale indoor or urban environments, resulting
in a substantial domain gap to MIS scenes.

Unlike sparse structure-from-motion (SfM) maps, feed-forward reconstruc-
tion preserves dense scene geometry rather than sparse visual descriptors, nat-
urally recasting localization as a dense 3D correspondence problem. Motivated
by this paradigm shift, we reformulate endoscopic localization as a dense 3D—
3D registration problem. This reformulation is non-trivial because endoscopic
localization in MIS scenes presents distinct challenges and opportunities beyond
conventional geometric registration. Specifically, (1) localization must remain
robust to the large viewpoint changes encountered after tracking failure; and
(2) repetitive anatomical structures often lead to ambiguous geometry-only cor-
respondences, while localization naturally provides complementary appearance
cues from both the query image and reconstructed map for more discriminative
correspondence estimation. Existing registration methods improve robustness to
large transformations through data augmentation [8,11] or carefully designed
attention mechanisms [16], yet lack an inherently rotation-invariant representa-
tion. Meanwhile, appearance remains largely underexplored in 3D registration
methods [8,11,16,14,25], which predominantly rely on geometric representations.

In this paper, we present EndoDefLoc, a descriptor-free endoscopic localiza-
tion framework for dense feed-forward scene maps. Specifically, we (i) reformulate
localization as dense 3D—3D registration and introduce a localization pipeline tai-
lored to feed-forward scene representations; (ii) propose a rotation-invariant fea-
ture crafting (RIFC) stage for robust relocalization under large viewpoint shifts;
and (iii) propose a geometry—appearance fusion (GAF) module to exploit com-
plementary color cues for more discriminative localization in anatomical scenes.
Evaluation experiments and empirical studies demonstrate the efficacy of our
method for localization in modern feed-forward maps of MIS scenes.
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2 Method

In this section, we present the proposed localization pipeline. We first introduce
our novel reformulation of the conventional endoscopy localization problem as a
3D-3D registration problem under a descriptor-free setup (Sec. 2.1). Subsequent
sections detail the network design of EndoDefLoc, beginning with the rotation-
invariant feature crafting stage. We then introduce the geometry—appearance
fusion module, which hierarchically fuses these geometric features with color
cues—information unique to the endoscopic localization task—via a dual-branch
hierarchical design. Finally, Sec. 2.4 and Sec. 2.5 detail the adoption of best
practice for differentiable matching and loss designs from existing registration
literature for the complete method.
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Fig. 1. Overview of our descriptor-free relocalization pipeline: EndoDefLoc. On top of a
reformulation of localization as registration, we highlight the proposed task-driven inno-
vations: (1) the rotation-invariant feature crafting (RIFC) stage and (2) the geometry-
appearance fusion (GAF) backbone.

2.1 Problem Reformulation: Localization via Registration

Given a query image I : 2 — R? a depth map D : 2 — R,, and camera
intrinsics K € R3*3, we estimate the rigid 6-DoF transformation T* that aligns
the query observation to a pre-built 3D scene map S. We reformulate localization
as 3D-3D registration between a source point cloud @ reconstructed from the
query image and a target point cloud P C S sampled from the 3D scene map.
The query cloud is back-projected from valid image pixels as

Q = {q(u,v) = D(u,v) K '[u,v,1]" | (u,v) € 2, D(u,v) >0}. (1)

Both inputs are represented as oriented point clouds with RGB cues:

P = {(pini, D)1, Q= {(gg.my, )}, 2)

where IV, and IV, denote the numbers of map and query points pi,q; € R? are 3D

coordinates, n;, m; € S? are unit surface normals, and c¢Z, ¢ € [0,1]3 are RGB

J
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color cues. Surface normals are estimated by PCA over local 3D neighborhoods
after voxelization, using the finest-scale point cloud. Our objective is to recover

T*(q) = R*q+t*, R* € SO(3), t*cR> (3)

such that transformed query points are aligned with their corresponding map
points. The proposed network learns multi-scale point descriptors for the subse-
quent coarse-to-fine matching stage.

2.2 Rotation-invariant Feature Crafting Stage

In the proposed rotation-invariant feature crafting (RIFC) stage, we explicitly
compute the Point Pair Feature (PPF) [4] to serve as a rotation-invariant geo-
metric representation. For an oriented reference point (p;, n;) and one neighbor
(pj,nj) € N(p;), the 4D PPF is

PPF“vJ) = (||dij||2a0475,’}’)7 (4>
where
dij =pj —pi, «=Z2(ng,diy;), B=Z2L(njdi), ~v=ZL(ning). (5)

Here, Z(a,b) € [0, 7] denotes the unsigned angle between two vectors. More ex-
plicitly, d;; € R3, ||di;||2 € Ry, and «, 3,7 € [0, 7], so each point pair contributes
a 4D vector. Because rigid rotations preserve Euclidean distances and pairwise
angles between rotated vectors, the PPF tuple is invariant to the global camera
rotation. The distance term ||d;;||2 is normalized by the local search radius to
ensure scale consistency. These features are computed within each local neigh-
borhood N (p;); in our setup, the RIFC input uses K = 8 neighbors per point.
The resulting K x 4 local feature tensor is processed by a two-layer MLP with
Group Normalization to aggregate neighborhood information into one rotation-
invariant embedding per point.

2.3 Geometry-Appearance Fusion Module

Different from the geometry feature, which requires special crafting for rotation
robustness, the appearance, indicated by the color cue, is naturally less sensitive
to viewpoint transformation. In the GAF module, we integrate color cues with
the invariant geometric features via a dual-branch design. Specifically, the per-
point RGB colors are first projected in a higher-dimensional feature space via
a 2-layer MLP and fused with the geometry feature via a learnable weighted
summation. The fused feature is then processed by a Group-Normalized, Feature
Pyramid Network [12] style Kernel Point Convolution [20] backbone to enhance
the fusion and obtain multi-scale features for coarse-to-fine matching. This fusion
improves discriminability in anatomically ambiguous regions, where geometry or
appearance alone may be insufficient for robust correspondence estimation.
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2.4 Coarse-to-fine Matching

Following established registration frameworks [16,10], we adopt a standard hier-
archical coarse-to-fine matching pipeline to instantiate the proposed localization
formulation. Let P, = {z; }Z Land Q. = {yj} denote the downsampled super-
points. The GAF backbone produces multi- scale descriptors, where hl’, hQ € R

denote the coarse-level descriptors, and f, fb € R% denote the ﬁne—level de-
scriptors. We first compute the coarse similarity matrix

S eRNDNE sy = exp (IInf = hPI3) (6)

and select the top-k entries as coarse superpoint anchors. For each anchor (x;, y;),
let Gfi and Gi denote the corresponding fine-resolution point patches contain-
ing n; = |Gfi| and m; = |G§| points, respectively. Dense correspondences are
estimated by an optimal-transport layer with Sinkhorn normalization:

Z; = Sinkhorn (exp(A; /7)), (7)

where 7 is the temperature and A; = [a’ ;] € R"*™i is the score matrix whose
entries are computed from normalized cosine similarities,

ib_ < fb> .
R V7 MV P

The final point correspondences between p, € Gfi and qp € G?i are extracted
from the mutual top-%’ entries of Z;:

Ci = {(Pa> @24 p) | (a,b) € mutual top-k'(Z;)} . (9)

(8)

2.5 Loss Computation and 6DoF Pose Estimation

Following the standard registration pipeline [16], we adopt the same coarse and
fine matching losses for end-to-end training:

L= AL+ L. (10)

The coarse loss is an overlap-aware circle loss over the coarse descriptors:

R DI (S WELEEh SELCE) RS

i€A JEP; keEN;

where A denotes the anchor superpoints, P; and N; denote the positive and
negative sets associated with anchor i, and &;; = ||hF — h?“g. The fine loss
supervises the Sinkhorn transport matrix using the ground-truth correspondence

set M;:

Ly = Z log 2, ;.- (12)

S X
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The final 6DoF pose is estimated from the aggregated correspondence set C =
U, Ci via weighted SVD-based Procrustes alignment:

* *\ 3 .. . — . 2
(B, 1) = arg RESO(3). 1R (‘Z):ec wij llps = (R + 1)l - (13)
ij

where w;; denotes the matching confidence associated with correspondence (i, 5).

3 Experiments

3.1 Experiment Setting

Datasets and Evaluation. We evaluate the proposed method on the ex-vivo
SCARED dataset [1], a widely used benchmark. The dataset provides endo-
scopic stereo sequences of porcine abdominal anatomy with ground truth labels
of camera intrinsics and extrinsics. We construct the query—map pointcloud pairs
following the practice in [10,28]. Specifically, given metric depth annotations as
computed in[7], each query frame is back-projected as the source cloud, and
keyframes with 5-frame fused fragments are used as target maps. These clouds
are voxelized at Imm resolution and selected with valid overlap ratios in the
range 30-90% so that the pairs have sufficient geometric correspondence while
not being overly difficult. The number of pairs for train/val is 6000/900, re-
spectively, and we prepare 1500 test samples representing large viewpoint shifts
to simulate the tracking-failure scenarios where localization algorithms are typ-
ically invoked. We report localization performance using Relative Translation
Error (RTE, mm), Relative Rotation Error (RRE, °), Inlier Ratio (IR, %), and
Chamfer Distance (CD, mm).

Implementation Details.We implemented our method with PyTorch, and
all experiments are conducted on an NVIDIA RTX-A5000 GPU. Following the
setup in [16], we train our network with batch size 1 and weight decay 107°. The
learning rate starts from 104 and decays exponentially by 0.05 every epoch.

3.2 Validation of the Localization Formulation

Table 1. Evaluation on SCARED dataset

IR (%)TRTE (mm)/RRE (deg){CD (mm)|

Baseline [16]  63.7 1.97 2.73 4.27
Ours 70.6 1.76 1.23 3.81

We select GeoTransformer [16] as the baseline, as existing localization meth-
ods rely on visual descriptors stored in sparse SfM maps and are therefore not
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directly comparable to our descriptor-free setting. GeoTransformer is a represen-
tative transformation-invariant 3D-3D registration framework with a KPConv
backbone and hierarchical coarse-to-fine matching. As the closest generic regis-
tration solution, it provides a representative and sufficient baseline for evaluating
the benefit of our localization-specific designs beyond the problem reformulation.
For a fair comparison, we retrain GeoTransformer using the same training pro-
tocol. As a generic registration framework, GeoTransformer does not exploit the
localization-specific properties of endoscopic scenes, while EndoDefLoc explicitly
crafts rotation-invariant geometric features and exploits endoscopy-specific color
cues. As shown in Tab. 1, EndoDefLoc consistently improves all metrics. These
results validate the feasibility of descriptor-free localization on feed-forward scene
maps and further demonstrate the benefit of the proposed localization-specific
designs over a generic registration framework.

3.3 Compatibility with Feed-forward Reconstruction

3D Trajectory
ATE=1.22mm, RRE=1.02°

—c J
—— Prediction

Fig. 2. Compatibility evaluation with feed-forward reconstruction. Left: Endo3R dense
map for SCARED dataset 1 keyframe 1 sequence. Right: predicted camera trajectory
from our descriptor-free localization on the same feed-forward scene representation. We
highly recommend the supplementary video for better animation.

We also evaluate the practical applicability of our proposed method on a dense
map generated by Endo3R [5], a recent endoscopy feed-forward reconstruction
method. We conduct the experiment on the keyframe 1 sequence (197 frames)
from the dataset 1 split of the SCARED dataset. The qualitative result in Fig.2
shows stable and consistent camera tracking, demonstrating that the proposed
descriptor-free localization formulation can operate directly on modern feed-
forward scene representations without requiring descriptor reconstruction.
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Table 2. Architectural ablation and training augmentation on SCARED

(a) Architectural ablation (b) Training augmentation
GAF RIFC IRt RTE| RRE|, CDJ IRt RTE, RRE| CDJ
v 4 61.7 2.57 1.85 4.74 w/o aug. 61.7 2.57 1.85 4.74
X 4 55.7 3.36 2.34 6.17 large rot. 70.6 1.76 1.23 3.81
X X 36.6 9.25 7.16 14.74

3.4 Ablation Study on Architectural Design

We investigate the contributions of RIFC and GAF on SCARED. As shown
in Table 2(a), each component consistently improves localization performance:
RIFC provides the dominant IR gain, indicating improved robustness to large
rotations, while GAF adds a further IR gain, showing that appearance cues
provide complementary discriminative information in anatomically ambiguous
regions.

We further investigate the effect of large-rotation augmentation during train-
ing. As shown in Table 2(b), large-rotation augmentation consistently improves
all evaluation metrics on the hard test set. The improvement suggests that the
model does not merely memorize the augmented hard cases, but learns repre-
sentations that generalize better to large rotational variations.

4 Conclusion

We presented EndoDefLoc, a descriptor-free localization framework for dense
feed-forward scene maps in minimally invasive surgery. Motivated by the paradigm
shift from sparse SfM maps storing visual descriptors to feed-forward scene rep-
resentations preserving dense geometry and color, we reformulated endoscopic
localization as a dense 3D—3D registration problem compatible with descriptor-
free scene representations. To address localization-specific challenges beyond
generic registration, EndoDefLoc introduces a rotation-invariant feature crafting
(RIFC) stage for robust feature matching under large viewpoint changes, to-
gether with a geometry—appearance fusion (GAF) module that exploits comple-
mentary color cues to improve correspondence discriminability in anatomically
ambiguous scenes. Extensive experiments on public ex-vivo dataset demonstrate
the effectiveness of both the proposed formulation and the task-driven designs.
We hope this work provides a foundation for future research on descriptor-free
localization using modern feed-forward scene representations.

Limitations This work establishes descriptor-free localization under a registra-
tion formulation for dense feed-forward scene maps. The proposed formulation
does not explicitly incorporate mechanisms for suppressing dynamic observations
during localization. Future work could extend the framework with correspon-
dence filtering or outlier rejection strategies that enable pose estimation to rely
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primarily on geometrically consistent static structures in more challenging sur-
gical scenes involving tissue deformation, surgical tool motion, and tool-tissue
interactions.
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