PlanaReLoc: Camera Relocalization in 3D Planar Primitives
via Region-Based Structure Matching

Supplementary Material

https://github.com/3dv-casia/PlanaReLloc

In this supplementary material, we provide the following:

* details on dataset preparation (Section A);

e auxiliary settings for baseline methods, including map
truncation and the oracle coarse initialization (Section B);

» comprehensive implementation details for PlanaReLoc,
including the network architecture, training scheme, and
the pose estimation and post refining process (Section C);

¢ additional analysis and visualizations (Section D);

e discussion of limitations and future work (Section E).

A. Dataset Preparation

In this section, we provide details on the preparation of our
experimental datasets. Both the data and the preparation
code will be made publicly available.

3D Planar Maps for both the ScanNet and 12Scenes
datasets are extracted from their official dense reconstruc-
tions using the sequential RANSAC [5] plane-fitting scripts
provided by [13, 30]. Specifically, maps from the Scan-
Net are extracted under the guidance of semantic annota-
tions: (1) mesh vertices are first grouped by their semantic
instance labels, and plane fitting is performed within each
instance that belongs to plane-supporting categories (e.g.,
walls, floors, and tables); (2) vertices identified as inliers
supporting a primitive are then projected onto their corre-
sponding plane, while preserving their internal connectiv-
ity; (3) adjacent planar primitives within the same cate-
gory are merged to produce a set of complete and seman-
tically aware planes. Lastly, primitives with an area smaller
than 0.01 m? are discarded. Non-planar vertices and edges
connecting distinct primitives are also removed. Mean-
while, each primitive is associated with its planar param-
eters w := [n',d] ", where the plane normal n is oriented
consistently with the original surface normal.

In contrast, for the 12Scenes dataset, map primitives are
extracted directly using sequential RANSAC without aux-
iliary semantic annotations and are not further merged, re-
sulting in potentially fragmented and irregular configura-
tions. To ensure a level of compactness comparable to that
of ScanNet, each map primitive in 12Scenes is further op-
timized using the Isotropic Explicit Remeshing method im-
plemented in MeshLab [3].

To obtain colored maps for baselines that require realis-
tic map appearance in our main experiments (see Tab. 1),
we preserve all plane-supporting vertices along with their
original colors. Conversely, when visual appearance is not
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Figure 7. Statistics of 1513 3D planar maps constructed from
ScanNet. Left y-axis: distribution of 3D planar maps grouped by
their number of planar primitives. Right y-axis: average storage
footprint of the colored and simplified map versions in each bin.

required, the map can be further compressed by retaining
only a few key vertices per primitive to represent its spa-
tial extent, using geometry simplification techniques such
as the quadric-based edge collapse [6] or cascaded polygon
union [7]. Figure 7 groups the constructed 3D planar maps
from ScanNet by the total number of planar primitives. For
each bin, it reports the proportion of maps in the group (left
y-axis) and the average storage footprint of both the colored
and the simplified map versions (right y-axis). The simpli-
fied maps occupy an average of 154.3 KiB, which is approx-
imately 3.2% of the size of their colored counterparts.

Query Images are sampled from the original RGB-D se-
quences at regular intervals: every 20 and 30 frames for
the ScanNet train and test splits, respectively, and every 5
frames for the 12Scenes test split. Following the proto-
col of [24], each sampled frame is then verified using its
ground-truth camera pose and depth. Frames that fail this
consistency check are discarded to ensure precise alignment
between the query and the corresponding map. Moreover,
frames capturing fewer than three map primitives are ex-
cluded to guarantee adequate plane observations and geo-
metric constraints for viable pose estimation.

B. Auxiliary Settings for Baseline Methods

Map Truncation (Map Trunc.) is employed to crop struc-
tures far from the ground-truth pose for the image-to-point
cloud registration baselines, i.e., GeoTransformer [20] and
Free-FreeReg [27], which may struggle to operate stably


https://github.com/3dv-casia/PlanaReLoc

| ScanNetv2 - A- 12Scenes |
T T T T
\
6 ! ]
¥

z AR
2 4 v B
[ I; \
D F

2 ot B

4
[T . T o N o o S 2=gle o
0.1 0.3 0.5 0.7 0.9

(a) Visual overlap between the GT pose and the truncated map

2
>
b=
%]
c
8 1

0
=15 |-
o
%
20
@
5
No05 |-

0

(c) Number of covisible planes between the GT pose
and the Coarse Init.

Figure 8. Visual overlap analysis for the map truncation in (a)
and the oracle coarse initialization strategy in (b) and (c).

on the full-scene maps (see Tab. 1). Specifically, given
the ground-truth pose and depth map, we define a refer-
ence point as the 3D point on the principal ray located at
the mean scene depth. Then, we retain only the structures
within a 3 m-sized axis-aligned bounding box centered at
the reference point. As illustrated in Fig. 8a, the strategy
yields an average 2D-3D overlap exceeding 60 %, as mea-
sured by the protocol from [20].

Oracle Coarse Initialization (Coarse Init.) is used to pro-
vide a 6-DoF reference pose for the baselines that rely on
map renderings (see Tab. 1). Specifically, we construct a
sub-map containing 20 primitives by first including all vis-
ible ones and then supplementing with nearest ones to the
reference point defined above. To obtain a reference ro-
tation, we first compute the mean normal vector of these
primitives. The camera’s viewing direction is then aligned
with the opposite of this average normal vector, towards the
map, while its up vector is fixed to the global up direction
(0,0,1)T. The reference translation is computed by shift-
ing the center of each primitive by 2 meters along its normal
direction and then taking the mean of the resulting shifted

centers. Figures 8b and c show the distributions of visual
overlap (as defined by [22]) and the number of covisible
planes resulting from these heuristic rules, respectively. In
summary, our oracle initialization heuristics achieve an av-
erage visual overlap of 34.7 % (~5.3 covisible planes) on
ScanNet and 51.6 % (~7.0 covisible planes) on 12Scenes.
This provides reasonable viewpoints for rendering synthetic
images used in matching.

More Details. For MeshLoc methods, following the pro-
tocol of [17, 18], we render synthetic views using only the
model’s base vertex color, without computing any lighting
effects, and use PoseLib [12] as the robust pose estimator
for all point-matching approaches. For all methods, we ap-
ply a final clamping step to ensure that the estimated poses
lie within the bounds of the scene maps.

C. Implementation Details for PlanaReLoc

2D Plane Embeddings. As shown in Fig. 9, instead of
employing an independent image backbone, we augment
MoGe-2 [28], the monocular geometry estimation model
for plane recovery, with an additional head comprising
lightweight convolutional layers to extract dense features
for 2D plane embeddings. This design allows the model to
leverage powerful visual representations learned on large-
scale datasets, thereby improving accuracy while maintain-
ing efficiency during both training and inference. Further
ablation studies of this design choice can be found in Sec. D.

The query images are first resized to a resolution of 640
x 480 and fed into MoGe-2 to obtain an estimated metric
depth map, which is subsequently downsampled to match
the size of the feature map (80 x 60). The RANSAC mod-
ule [5, 29] operates on the downsampled depth map directly,
as higher resolution yields little performance improvement
but incurs extra computational overhead. During plane ex-
traction, a point is considered an inlier of a plane hypothe-
sis if both (1) its distance residual to the plane is less than
10cm and (2) their normal similarity, measured by the dot
product, exceeds 0.9. The module iteratively extracts planes
from the depth map, until either 16 primitives have been ex-
tracted or the number of inliers falls below 1 % of the total
number of pixels in the depth map.

3D Plane Embeddings. Both the object and scene encoders
are instantiated using PointNet [19], operating on point
clouds sampled from the map primitives. For each map
primitive, we uniformly sample L=1024 points, which are
then centralized, batched, and fed into the object encoder.
For the scene encoder, we first retain 16 points per primi-
tive to ensure each primitive will be represented. Additional
points are then randomly sampled from the entire map until
the total number of points reaches 16 x 1024=16 384 (based
on the assumption of a maximum of 1024 map primitives).
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Figure 9. Architecture of the front-end network on the query side. We retrofit the monocular geometry estimation model MoGe-2 [28]
with an additional head to encode dense features for 2D plane embedding.

Training Scheme. Our model, which consists of the front-
end encoders (see Sec. 3.1) and the matching network (see
Sec. 3.2), is trained on the ScanNet training split by min-
imizing the loss defined in Eq. (3). We train the model
with a batch size of 16, distributed across 2 NVIDIA A800
GPUs, for 90 000 iterations, equivalent to approximately 31
epochs. The overall training scheme consists of two stages:
(1) during the initial 45k iterations, we use the ground-
truth primitives augmented with noise to replace the online
monocular plane recovery for improved training efficiency;
(2) in the remaining 45k iterations, we switch to the full
pipeline, enabling online plane recovery. For both stages,
we employ the AdamW optimizer [ 14] with an initial learn-
ing rate of 1 x 107, The learning rate is decreased by a fac-
tor of 0.1 at 24k and 36k iterations using a multi-step sched-
uler. Throughout training, we apply data augmentation to
both the query images (random resizing and cropping) and
the maps (random rotation and scaling). The entire training
process completes in about 12 h.

Estimating Camera Translation, as introduced in Eq. (7),
involves the joint optimization of the metric scale factor s:
tg, s* = argtrsnln ZAwi(tTnjm —dj + sd?)?.

(i,))EM
The initial translation ty and the optimal s* can be solved
efficiently by rewriting the above equation as a standard
linear least-squares problem: (1) for each correspondence
(i,5) € M, we construct a linear equation by setting the
row vector to a := [(n]")",df] and the target to b :=
d;"; (2) stacking all correspondences yields a linear system
Ax = b, with the variable vector x := [t] ,s]T € R, the
data matrix A € RIMIX4 and the target b € RIMI: 3) we
introduce the diagonal weight matrix W = diag(,/w;)
and formulate the final weighted linear least-squares prob-

lem as
x* = arg min || W (Ax — b)||3, (1

which can be efficiently solved in closed form using
SciPy [26]. The degeneracy rate, i.e., the percentage of
cases where the number of correspondences with non-
parallel normals is less than 3, is empirically observed to
be less than 2 %.

Pose Refinement. We optimize for the relative transfor-
mation T}, alongside the offset seeds {J;} by minimizing
the depth alignment cost Fqeptn defined in Eq. (10). The
optimization is performed using the Adam optimizer [11],
following the practice in [15]. Specifically, the optimization
variable T, is converted into a differentiable 6-dimensional
vector via LieTorch [25] and then optimized for 200 itera-
tions with a learning rate of 1 x 1073, The offset seeds {9, }
are initialized to one and optimized with a learning rate
of 1 x107*. For efficiency, in each iteration we compute
Egeptn on a multinomial sample of 4096 pixels from the
2D plane segments, rather than capitalizing on every pixel.

D. Additional Experimental Results

Cumulative Accuracy Curves. Figure 10 presents the cu-
mulative accuracy curves w.r.t. translation and rotation er-
rors on both ScanNet and 12Scenes datasets. Our method
achieves solid performance on both datasets, with particu-
larly favorable results in camera rotation, which may bene-
fit from the reliable normal priors predicted by the powerful
monocular model. In contrast, estimating camera transla-
tion is largely affected by depth inaccuracy, a limitation that
can be mitigated through the post-refinement procedure in-
troduced in Sec. 3.4.

Ablating 2D Encoder Variants. We compare different de-
signs of the query-side encoder. In addition to our default
design depicted in Fig. 9, we also evaluate three alternative
configurations: (1) training a dedicated ResNet-50 [8] from
scratch; (2) employing the official pretrained DINOv2-Vit-
L/14 [16] as a frozen backbone; (3) a variant of (2) aug-
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Figure 10. Camera relocalization results on ScanNet and

12Scenes datasets. We plot cumulative accuracy curves that show
the proportion of correctly localized frames as a function of vary-
ing translation and rotation error thresholds.

Table 6. Ablation study on 2D encoder variants. Experiments
are conducted on ScanNet with no post-refinement.

Plane Matching (%)1  Pose Time
Prec. Rec. F, Recall T (ms/iter)

(1) ResNet50 [8] 623 569 595 34.2 ~ 63.9
(2) DINOV2 [16] 655 59.6 624 35.5 ~95.0
— (3)w/ Conv. head 66.3 60.3 63.1 36.2 ~97.1
Ours 67.6 613 64.3 371 ~59.9

mented with the same learnable convolutional head as in our
default design to better adapt the features to our task. As re-
ported in Tab. 6, the results suggest that the DINOv2 ViT
encoder fine-tuned by MoGe-2 [28] possesses enhanced ge-
ometric and structural perception, contributing to the slight
performance improvement over the official frozen DINOv2
features. Moreover, the reuse of visual representations from
the pretrained backbone for 2D plane embedding provides
good computational efficiency. Collectively, these results
highlight the effectiveness of our architectural design.

Impact of the Query Primitive Size. We analyze how
plane matching performance varies w.r.t. the size of prim-
itives observed in query images. Specifically, all detected
query primitives on ScanNet are collected and categorized
into bins according to their pixel areas. We then com-
pute the matching precision for each bin, defined as the
proportion of correctly matched primitives. As shown in
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Figure 11. Impact of the Query Primitive Size on Matching
Performance. Left y-axis: the size distribution of all detected
query primitives, where size is defined as the percentage of the
image area occupied. Right y-axis: the matching precision for
each size bin.

Fig. 11, our purely geometric plane recovery method tends
to over-segment planar regions due to occlusions and noise.
Consequently, a large number of small plane segments are
produced, typically covering less than 10 % of the image
and exhibiting low matching reliability. Moreover, the Mu-
tual Nearest Neighbor (MNN) matching strategy, which im-
poses a one-to-one correspondence constraint, also leads to
lower matching precision in these small planar primitives.
Meanwhile, performance drops significantly for extremely
large planes that occupy more than 80 % of the image area.
As noted in our main paper, this likely stems from the re-
duced plane richness and the consequent lack of discrim-
inative patterns. In contrast, the remaining medium-sized
query primitives strike a good balance between salience and
discriminativeness, achieving a remarkable matching preci-
sion of over 90 % on average.

Evaluation on 7Scenes. To better position the task and the
PlanaReLoc method within the broader visual localization
literature, we additionally include a cross-dataset evaluation
on the standard 7Scenes dataset [23] to compare against
more representative methods and assess the performance
gap. Specifically, we construct planar maps using the depth
scans from the 7Scenes train split, and evaluate PlanaReLoc
on the test split. The results are reported in Tab. 7. While
maintaining a compact map representation and exhibiting
consistent cross-dataset performance, we acknowledge that
PlanaReLoc still lags behind state-of-the-art visual local-
ization methods that fully leverage thousands of reference
images which provides rich visual cues and pose priors.

Additional Qualitative Results. More visualizations of in-
termediate outputs and relocalization results on 12Scenes
and ScanNet are shown in Fig. 12 and Fig. 13, respectively.



Table 7. Camera relocalization results on the 7Scenes dataset. We report median position and rotation errors in centimeters (cm) and
degrees (°), respectively. We summarize the map type, map size, the time needed for mapping, and whether mapping and localization rely
on visual appearance or pose priors (e.g., image retrieval). Results of other methods are taken from the literature.

Methods Map Map Mapping Visual Pose

. A . Avg.]

Type Size| Time| Cues Prior Chess Fire Heads Office Pumpkin Kitchen Stairs (cm/®)
PoseNet17 [10] Network 50MB 4h-24h 13/4.5 27/11.3 17/13.0 19/5.6 26/4.8 23/5.4 35/12.4 23/8.1
HLoc(SP+SG) [21] SfM points ~2GB ~15h v/ v 2/08 2/09 1/0.8 3/09 513 4/14 5/1.5 3/1.1
GoMatch(SP) [31] SfM points ~56MB ~ 1.5h v 4/1.6 12/3.7 5/34 7/1.8 8/57 14/3.0 58/13.1 18/4.6
ACE [2] Network  5MB 5 min v 0.6/0.2 0.8/0.3 0.5/0.3 1/0.3 1/0.2 0.8/0.2 3/0.8 1/0.3
Reloc3r [4] Ref. images ~1.6GB  7s v v 3/09 3/08 1/1.0 4/09 6/1.1 4713 7/1.3 4/1.0
STDLoc [9] 3IDGS ~08GB ~2h v 0.5/0.2 0.6/0.2 0.4/0.3 1/0.2 1/0.2 0.6/0.2 1/0.4 0.8/0.2
Ours Planes 04MB 2min 26/3.7 19/3.8 32/3.7 19/3.6 27/2.6 43/3.3 61/6.2 32/3.9

(a) Input: map & query (b) Monocular plane recovery (c) Plane correspondences (d) Poses (viewpoint 1 & 2)

Figure 12. Qualitative examples on 12Scenes. Correspondences in (c) are color-coded, with true positives outlined in green and false
ones in red. Legend for different relocalizers in (d): =7 the ground truth, &7 PlanaReLoc(Ours), &7 GeoTransformer-T,
Init., &7 MASt3R, &7 NOPE-SAC.

Coarse



(a) Input: map & query (b) Monocular plane recovery (c) Plane correspondences (d) Poses (viewpoint 1 & 2)

Figure 13. More qualitative examples on ScanNet. Correspondences in (c) are color-coded, with true positives outlined in green and
false ones in red. Legend for different relocalizers in (d): =7 the ground truth, &5 PlanaReLoc(Ours), &7 GeoTransformer-T, ©

Coarse Init.,, &7 MASt3R, &7 NOPE-SAC.



E. Limitations and Future Work

Limitations A key bottleneck of our method lies in the
monocular plane recovery module, given its critical role in
providing 2D plane proposals and geometric priors for sub-
sequent matching and pose estimation. Despite significant
progress in this area, unreliable predictions from this mod-
ule under challenging scenarios can still lead to catastrophic
failures, even with our robust pose estimation and refine-
ment pipeline designed to mitigate errors.

Another issue arises in environments with a limited level
of detail or exhibiting highly repetitive structures, or when
the query image captures only weak structural hints (see
Fig. 14). This limitation is also indicated by Tab. 5 in the
main paper: even when provided with ground-truth monoc-
ular plane recoveries, PlanaReLoc may still fail to establish
enough correct matches in certain cases.

Furthermore, in large multi-room scenarios (see Fig. 15),
PlanaReLoc’s performance is constrained by the increasing
structural ambiguities and the fixed point budget that the
scene encoder consumes. Increasing the point budget or
processing subdivided regions in parallel yield limited per-
formance improvements, but at the cost of substantial mem-
ory and computational overhead.

Finally, PlanaReLoc is currently better suited to indoor
settings and is not trained or validated in outdoor environ-
ments, where the plane distribution may differ significantly.

Future Work. Although PlanaRel.oc demonstrates strong
performance in cross-modal 2D-3D matching and enables a
plane-centric paradigm for room-level 6-DoF camera relo-
calization, scaling it up to larger and more complex scenes
demands improved scene understanding and structural dis-
ambiguation. This could be addressed by enhancing struc-
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Figure 14. A representative case where PlanaReLoc under-
performs. Despite four out of six primitives being correctly
matched (colored in ), the pose estimation framework fails
to reject matching outliers (colored in ) due to the perfectly
repeated pattern (compare the query image with the colored ren-
dering from the predicted pose).
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Figure 15. Relocalization results on Integrated Rooms. Follow-
ing [1], we arrange scenes in 12Scenes inside a 2D grid with a cell
size of 5m and integrate varying numbers of adjacent scenes to
form larger maps. As the integration size increases, PlanaRelL.oc’s
performance degrades due to increased ambiguities and the scene
encoder’s limited capacity for larger maps.

tural feature encoding, incorporating plane semantics, and
adopting a coarse-to-fine strategy. Moreover, exploring an
end-to-end approach that jointly tackles structural matching
and pose estimation could further improve robustness and
accuracy. Lastly, extending the method to sequential inputs
offers another promising direction for practical use.
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