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Abstract

We propose NormalLoc, a novel visual localization method
for estimating the 6-DoF pose of a camera using texture-
less 3D models. Existing methods often rely on color or
texture information, limiting their applicability in scenar-
ios where such information is unavailable. NormalLoc ad-
dresses this limitation by using rendered normal images
generated from surface normals of 3D models to establish a
training scheme for both global descriptor computation and
matching. This approach enables robust visual localization
even when geometric details are limited. Experimental re-
sults demonstrate that NormalLoc achieves state-of-the-art
performance for visual localization on textureless 3D mod-
els, especially in scenarios with limited geometric detail.

1. Introduction

Visual localization, the task of estimating the 6-Degrees of
Freedom (DoF) pose of a camera from a given query image,
is a fundamental technique in various fields, including aug-
mented reality (AR) [20, 30], autonomous driving [12], and
drone navigation [26]. For accurate pose estimation, many
approaches tipically rely on structure-based visual localiza-
tion pipelines. These pipelines rely on a 3D model of the
target scene acquired prior to localization. This 3D model
can be a Structure-from-Motion (SfM) point cloud [1, 39]
reconstructed from database images (i.e., images of the tar-
get scene), or a laser-scanned colored point cloud [46]. In
the latter case, the point-colors are often provided by im-
ages captured by cameras accompanying the laser scan-
ner, and these images can also serve as database images
for visual localization. These pipelines generally involve
two main stages: (1) global descriptor computation to re-
trieve database images visually similar to the query, and (2)
matching to establish 2D-2D correspondences between the
query and retrieved images. These 2D-2D correspondences
then enable the establishment of 2D-3D correspondences to
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Figure 1. Given a (a) textureless 3D model, NormalLoc estimates
the 6-DoF pose of a (b) real image by generating (c) rendered
normals as database images.

the 3D model, allowing for camera pose estimation using
algorithms such as PnP solvers [9, 32].

Recent studies [10, 23, 34] show an increasing focus on
visual localization techniques that employ textureless 3D
models, as they are often easier and more cost-effective
to acquire. For instance, pre-existing CAD designs elim-
inate the need for field data collection for database cre-
ation, and colorless point clouds can be obtained more
affordably from standalone LiDAR systems compared to
camera-equipped ones. According to the CADLoc bench-
mark, MeshLoc [33], a method that applies global descrip-
tor computation and matching to synthetic images rendered
from a textureless 3D model, can achieve accurate 6-DoF
pose estimation if the 3D model contains high geometric
detail. However, the use of 3D models with limited geomet-
ric detail, as illustrated in Fig. 1(a), remains a challenging
task. A potential explanation for the performance degra-
dation of MeshLoc on such low-geometric-detail models is
that it directly utilizes pre-trained networks for both global
descriptor computation and matching, and these networks
are trained on real image domains. These networks may
perform poorly when applied to synthetic images rendered
from 3D models with low geometric detail because rendered
images do not resemble real images.
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In this paper, we propose NormallLoc, a more robust
visual localization method for textureless 3D models with
low geometric detail. NormalLoc achieves robustness by
establishing a training scheme for global descriptor com-
putation and matching that leverages both real images and
a synthetic rendered image representation, which we re-
fer to as rendered normals (see Fig. 1(c)). Rendered nor-
mals are generated from the surface normal vectors of the
3D model and can be applied not only to CAD models
but also to meshes, point clouds, and SfM datasets such
as MegaDepth [25], which are commonly used to train
matching networks in the real image domain [28, 45]. This
enables training a network capable of handling both real
and rendered normal images using large-scale SfM datasets
for global descriptor computation and matching, which can
then be applied to various types of 3D models. Experimen-
tal results demonstrate that NormalLoc achieves state-of-
the-art performance, particularly for 3D models with low
geometric detail.

2. Related Work

2.1. Visual Localization on 3D Models With Color
Information

Visual localization is most often achieved through using a
database of real images of the target scene. Such methods
often employ image retrieval strategies, referred to as Visual
Place Recognition (VPR) [2, 3, 14, 17], to obtain a coarse
camera location. For more precise 6-DoF camera pose es-
timation, 3D structure-based methods are utilized. These
approaches establish 2D-3D correspondences between the
query image and a 3D model, often via initial 2D-2D match-
ing to database images, followed by PnP solvers. Com-
mon 3D models include SfM point clouds [1, 39, 42], tex-
tured meshes [33, 47, 54], or Digital Elevation Models
(DEMs) [6].

2.2. Visual Localization on 3D Models Without
Color Information

Many approaches have been proposed to perform visual lo-
calization using 3D models without color information to
leverage more readily available 3D models, such as col-
orless LiDAR point clouds and textureless CAD models,
compared to colored point clouds and textured meshes. A
common approach is to use a point cloud as the 3D model
and perform 2D-3D matching between the query image and
the point cloud [10, 19, 23, 24, 35, 51, 53, 55]. Although
direct matching between a 2D image and a 3D point cloud
is challenging due to the different scene representations, re-
cent advances in deep learning have enabled simultaneously
learning of 2D and 3D descriptors [10, 35]. However, direct
2D-3D matching is inherently challenging because the per-
spective distortions and occlusions present in the 2D query

image are not directly represented in the 3D point cloud. In
addition, it is difficult to prepare training datasets for learn-
ing correspondences between real images and CAD models
with varying geometric detail.

Another approach for visual localization with textureless
models is to use synthetically rendered images generated
from the 3D model as database images [33, 52]. These
methods first convert the 3D model into a set of rendered
images using specific shaders [33] or depth maps [52].
These studies demonstrate that deep learning models pre-
trained on image datasets can be applied to visual localiza-
tion in textureless scenarios. However, [52] focuses only
on the matching stage, i.e., establishing 2D-2D correspon-
dences between the query image and the already retrieved
image. MeshLoc [33] uses both global descriptor compu-
tation and matching, but the performance degrades when
applied to 3D models with low geometric detail [34].

3. Proposed Method

The goal of visual localization is to estimate the 6-DoF pose
of a camera, given a query image and its known intrinsic pa-
rameters. The world coordinates of the estimated pose are
defined with respect to a given 3D model. Unlike standard
visual localization setups, which rely on real images or tex-
tured 3D meshes, we do not assume any additional color
information for the 3D model.

Fig. 2 gives an overview of the proposed NormalLoc
pipeline. The pipeline consists of an offline step to pre-
pare a database of images, and an online step to estimate
the 6-DoF pose of the query image based on the prepared
database.

The proposed pipeline is inspired by standard visual lo-
calization pipelines [39] and MeshLoc [33], which include
global descriptor computation and matching. A key feature
of NormalLoc is its use of rendered normals (Fig. 1(c)) to
construct the database instead of real images. This approach
is motivated by the versatility of normal vectors, which
can be computed for various 3D representations, includ-
ing CAD models, meshes, LiDAR point clouds, 3D Gaus-
sian Splattings (3DGS) [15, 18], Neural Radiance Fields
(NeRF) [31, 49], and especially depth maps derived from
StM/MVS. This versatility enables applying global descrip-
tor computation and matching, trained on large datasets
(e.g., SIM/MVS [25]), to visual localization on diverse 3D
models.

In the following subsections, we describe the offline step
(Sec. 3.1), the online step (Sec. 3.2), and the network for
global descriptor computation and matching (Sec. 3.3).

3.1. Offline Step

The offline step prepares a database consisting of rendered
normals and computes global descriptors for each rendered
normal.
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Figure 2. The pipeline of NormalLoc.

First, we convert the 3D model into a point cloud, for
example, by uniformly sampling points from the surfaces
of the 3D model. This process allows us to apply Nor-
malLoc to various types of 3D models, as a point cloud
can be easily obtained from most 3D models. We then
compute normal vectors for each point, typically using a
k-Nearest Neighbors (k-NN) search and built-in functions
from Open3D [56].

Second, we place the virtual cameras in the 3D space
to render normal images. We follow the default configura-
tion for each evaluation dataset in our experiments, while
generic camera placement strategies, such as on sphere sur-
faces [34] or grid [4, 38], have also been discussed in the
literature. For each virtual camera, we then obtain a depth
map and a rendered normal. The depth map is used in the
online step to lift 2D-2D correspondences to 2D-3D. We use
the Pulsar renderer [22], which can render the point cloud
densely by representing each point as a 3D sphere. This
renderer allows us to obtain a depth map and a normal map,
which is a 3-channel image where each pixel directly stores
the normal vector (ng, n,,n) instead of (R, G, B) values.
However, normal maps have two undesirable properties as
database images: (i) the direction of the normal vectors de-
pends on the definition of the world coordinate system, even
if the 3D model itself does not change, and (ii) the sign of
the normal vectors is ambiguous. Therefore, we normal-
ize the direction of the normal vectors stored in the normal
map by applying the rotation matrix of the virtual camera’s
extrinsic matrix to remove the dependence on the world co-
ordinate system. We then choose the sign of the normal
vectors so that they point towards the virtual camera. The
result of this normalization is the rendered normal.

Then, finally, we compute a global descriptor for each
rendered normal. This descriptor should be similar to the
global descriptor computed from a real image if the ren-
dered normal and the real image represent a similar part of
the target scene. We describe the details of the global de-

scriptor in Sec. 3.3.

As aresult of the offline step, we obtain a set of rendered
normals, each of which is associated with a global descrip-
tor, the extrinsic parameters of virtual camera, the intrinsic
parameters of the virutal camera, and the depth map.

3.2. Online Step

The online step estimates the 6-DoF pose of the query im-
age based on the prepared database. As shown in Fig. 2,
the online step mainly consists of global descriptor compu-
tation for the query image, image retrieval based on global
descriptors, and matching.

First, a global descriptor is computed for the query image
using the network described in Sec. 3.3. This descriptor is
then used to retrieve top-K most similar rendered normals
from the database, as measured by Lo distance.

Second, for each of the top-K retrieved cameras, 2D-
2D correspondences are established between the query im-
age and the rendered normal using the matching method
described in Sec. 3.3. These 2D-2D correspondences are
lifted to 2D-3D correspondences using the depth map as-
sociated with each database image. After performing the
matching for all K retrieved cameras, all 2D-3D correspon-
dences are concatenated to form a single set. PnP solver
with LO-RANSAC [7], provided by PoseLib [21], is then
applied to this combined set to obtain a robust 6-DoF pose.

The online step thus yields the 6-DoF pose of the query
image. The details of the network for global descriptor com-
putation and matching are described in Sec. 3.3.

3.3. Network for Global Descriptor Computation
and Matching

3.3.1. Network Architecture

Fig. 3 illustrates the network architecture used for global
descriptor computation and matching.

Our network architecture is primarily inspired by
LoFTR [45], an end-to-end approach that learns 2D-2D
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Figure 3. Network architecture used for the global descriptor computation and the matching.

correspondences without explicit keypoint detection, which
also facilitates cross-modality matching [48]. Our network
is designed to jointly learn global descriptors and 2D-2D
correspondences for a pair of a real image (I*') and a ren-
dered normal (I5).

The network employs a standard convolutional architec-
ture, FPN [27], as its CNN backbone for multi-scale fea-
ture extraction, yielding 1/8 scale features (F{‘}S, ng) and

1/2 scale features (Ff‘}z, FIB/2) from the real image and ren-
dered normal, respectively. These backbones do not share
any weights. To generate global descriptors, self-attention
layers are applied to each 1/8 scale feature. The outputs
of these self-attention layers are then processed through a
multi-layer perceptron (MLP), max-pooling, and Lo nor-
malization to obtain the high-dimensional global descrip-
tors (g, g?). Concurrently, the network estimates 2D-
2D correspondences between I and 17 using the LoOFTR
module, following the design introduced in the original
LoFTR [45]. Consistent with recent work [28], we replace
absolute positional encoding with rotary embeddings [44]
in each self-attention layer.

3.3.2. Training on STM/MVS Dataset

We train the network on MegaDepth [25], which is a large
StM dataset commonly used for training matching networks
on real images [40, 45]. These datasets provide dense
depths, from which we can obtain rendered normals by con-
verting them into point clouds and applying k-NN normal
computation. This allows us to adapt common training pro-
cedures for real image matching by substituting the real im-
age input with the corresponding rendered normal I2.

To train the global descriptor computation, we augment
the original LoFTR loss with a global loss £,. Our total
loss is formulated as £ := Ly + L. + Ly, where L is the
negative log-likelihood loss over the confidence matrix and
Ly is the Ly loss for the final 2D-2D correspondences.

As depicted in Fig. 4, we explore two strategies for in-

-
By 4

15‘
Triplet (Our Default) Directly Learn AP-GeM
D : Global descriptor computation for real image

D : Global descriptor computation for rendered normal
D : Pretrained AP-GeM

Figure 4. Two strategies for learning global descriptors.

corporating L,: a triplet loss [43] or direct learning (dis-
tillation) of the AP-GeM descriptor [36]. The distillation
strategy, which shares similarities with approaches such
as MeshVPR [5] (a VPR method on textured meshes),
is motivated by the larger number of scenes available in
the Landmarks-clean dataset (586 scenes) compared to
MegaDepth (196 scenes). Our experiments in Sec. 4.4
demonstrate that the triplet loss achieves superior perfor-
mance despite this potential disadvantage, and is therefore
adopted as the default for NormalLoc.

Specifically, the two strategies are formulated as follows.
For the triplet loss strategy, given a rendered normal I”
sampled from another scene of 7, the global loss is de-
fined as £, := [d(g*, g®) — d(g9*, 9P) + o], where ¢g”
denotes the global descriptor derived from I7, d(x,y) =
lz = yll2, [x]+ := max(z,0), and « is a margin value.
On the other hand, for the direct learning strategy, given a
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real image IB related to IB, the global loss is defined as
Ly = d(g*, g*) + d(gB, gP), where g4 and g7 denote
the global descriptors obtained by applying the pre-trained
AP-GeM to I and I~B, respectively.

4. Experiments

We evaluate NormalLoc for visual localization on texture-
less CAD models (Sec. 4.2) and city-scale mesh models
(Sec. 4.3). We also analyze the impact of the global loss
induction strategy (Sec. 4.4).

4.1. Implementation Details

The input real images and rendered normals are resized
such that their longer side is 640 pixels during both train-
ing and inference. The network consists of Ny, = 2 self-
attention layers, N, = 3 LoFTR modules, and uses a 2,048-
dimensional global descriptor. The margin « in the triplet
loss is set to 0.1.

We train our network on the MegaDepth dataset [25],
which comprises internet images from 196 outdoor scenes.
To enhance generalization across various 3D model qual-
ities, we generate three rendered normals for each image
with different k& values (k = 8,64,512) from the corre-
sponding dense depth map. One of these is randomly se-
lected as the input IZ during training. Training proceeds
for 30 epochs (approx. 1.5 days) on 8 Quadro RTX5000
GPUs with a batch size of 8. For each epoch, 96 pairs per
scene with overlap ratios from 0.1 to 0.7 are sampled. The
initial learning rate is 2.0 x 10~4, warmed up to 2.0 x 103
over the first 4 epochs, and then halved every 4 epochs.

For inference, rendered normals are computed with & =
64 nearest neighbor points. The number of retrieved cam-
eras K is set to 20 for CAD models and 50 for mesh models.

4.2. Evaluation on CADLoc

We evaluate NormalLoc on the CADLoc benchmark [34],
which contains 17 textured and 9 textureless CAD models
representing five building-scale scenes, along with corre-
sponding real query images. For this evaluation, we focused
only on the 9 textureless models (Fig. 5). These models ex-
hibit varying levels of geometric detail.

For the CADLoc evaluation, CAD models are converted
into point clouds by uniformly sampling 100 million points
and downsampling by an interval of 0.01 (CADLoc normal-
izes scene length to 1 unit, so 0.01 is a relative interval).
Following the CADLoc setup, virtual cameras are placed on
three concentric spheres (radii 0.6, 1.2, 1.8) centered at the
3D model’s centroid. Camera elevation is limited to £15
degrees. A total of 432 camera positions are sampled at 10-
degree intervals for azimuth and elevation, with each cam-
era aimed at the model’s centroid and configured to produce
640x640 pixel square images with a 500-pixel focal length.

Notre Dame (E) Notre Dame (F)  Notre Dame (G)

Pantheon (C) Pantheon (D) Pantheon (E)

Reichstag (E) Reichstag (F)

St. Peters
Square (D)

HIGH

Geometric Detail LOW

Figure 5. All textureless CAD models in CADLoc [34].

We evaluate performance using the success ratio
for mean Dense Correspondence Reprojection Error
(DCRE) [34, 50], computed at three thresholds (10%, 20%,
30%) with the official CADLoc script. DCRE, for each
pixel in the query image, measures the pixel error between
ground truth (GT) and estimated poses. Specifically, for
each pixel, its 3D position is calculated using the depth map
derived from the CAD model at the GT pose. This 3D point
is then projected onto the image plane using both the GT
and estimated poses to compute the pixel error. The mean
DCRE for each query image is normalized by the query im-
age diagonal and is referred to as "Mean DCRE - GA” in the
original CADLoc. The DCRE computation is independent
of database images.

Table 1 compares NormalLoc’s success ratios on Notre
Dame CAD models against MeshLoc [33], the CADLoc
benchmark baseline. NormalL.oc consistently outperforms
MeshLoc across all Notre Dame models. The performance
gap is particularly significant for Notre Dame (F), which
has less geometric detail than Notre Dame (E). However,
for models with minimal surface geometry such as Notre
Dame (G), NormalLoc’s accuracy decreases, similarly to
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Table 1. Comparison of success ratios under three thresholds (10% / 20% / 30%) for mean DCRE evaluated on the Notre Dame CAD

models.
Notre Dame (E)  Notre Dame (F)  Notre Dame (G)
MeshLoc - LoFTR 70.9/75.7/82.0 53/122/21.2 1.6/10.1/20.1
MeshLoc - Patch2Pix+SG  66.1/74.6/80.4 6.9/18.0/24.3 1.6/5.8/22.2
MeshLoc - SuperGlue 70.9/78.3/83.1 23.8/36.5/48.1 4.8/14.3/30.7
NormalLoc 78.8/82.5/86.2 79.9/82.5/87.3 5.8/21.2/39.2
MeshLoc. and tricolor images simulated with three colored directional

Fig. 6 shows the success ratios under the 30% thresh-
old for mean DCRE for all textureless CAD models in
CADLoc. NormalLoc consistently achieves superior per-
formance across all models, with a particularly significant
advantage for those with low geometric detail.

Fig. 7 shows examples of matching between query im-
ages and rendered normals using pre-trained LoFTR [45]
and our trained network. In these visualizations, 2D-2D cor-
respondences are color-coded by confidence (red for high-
est, blue for lowest). Our network is effective at matching
even when unrelated objects appear in the query image, or
when the query image captures only a portion of the CAD
model.

4.3. Evaluation on Aachen Day-Night v1.1

We evaluate NormallLoc’s performance using the Aachen
Day-Night v1.1 benchmark [41], a large-scale outdoor vi-
sual localization dataset with query images acquired in the
city of Aachen, Germany. The dataset comprises 6,697 day-
time reference images, 824 daytime query images, and 191
nighttime query images. Consistent with MeshLoc [33], we
exclusively utilize the more challenging nighttime queries.
To evaluate localization on textureless 3D models, we em-
ploy the meshes provided by MeshLoc [33]. These meshes
were generated by applying Screened Poisson Surface Re-
construction (SPSR) [16] to a point cloud derived from
StM/MVS of the reference images. MeshLoc provides
four meshes, designated AC15, AC14, AC13, and AC13-
C, which have different levels of surface quality due to the
control of the maximum resolution of the Octree in the
SPSR procedure. Notably, AC13-C is a compressed ver-
sion of ACI13 that preserves color information as surface
textures rather than vertex properties. Fig. 8 shows these
four meshes represented as rendered normals. The AC13-C
model offers the least geometric detail but features signifi-
cantly smaller storage requirements (0.27GB) compared to
the AC15 model (2.36GB), which possesses the most geo-
metric detail.

As illustrated in Fig. 9, our evaluation utilizes not only
rendered normals as database representations but also four
additional image types provided by MeshLoc [33]: real im-
ages, texture images rendered directly from meshes, Ambi-
ent Occlusion (AO) images computed using MeshLab [8],

light sources. All rendered images, including the rendered
normals, were generated using the same camera extrinsics
and intrinsics as the Aachen Day-Night v1.1 reference im-
ages. To generate the rendered normals, we convert the
meshes into point clouds by uniformly sampling 1 billion
points and downsampling them at 3 cm intervals. Normal
computation for the highly detailed AC15 model typically
takes about 13 minutes.

To benchmark NormalL.oc against pipelines that directly
apply global descriptor computation and matching pre-
trained on real image datasets, we established a baseline.
This baseline differs from NormalLoc only in its global de-
scriptor computation and matching components. Specifi-
cally, the baseline employs pre-trained AP-GeM [36] global
descriptor and pre-trained LoFTR [45] matcher. Addition-
ally, we compare NormalLoc’s performance with that re-
ported for MeshLoc [33] using tricolor images. MeshLoc
operates in a hybrid scenario, where real images are uti-
lized for global descriptor computation and rendered im-
ages are used only for matching. This hybrid setup explores
the applicability of pre-trained image matchers to rendered
images.

Table 2 presents the success ratios for the Aachen Day-
Night v1.1 dataset, evaluated under three thresholds for ab-
solute camera position and pose error: (0.25m, 2°), (0.5m,
5°), and (5m, 10°). The table is vertically divided into three
scenarios: the textured scenario, where color information
(e.g., real or texture images) is used for both global descrip-
tor computation and matching; the hybrid scenario, which
employs color information only for global descriptor com-
putation; and the fextureless scenario, where no color infor-
mation from the 3D model is used for either global descrip-
tor computation or matching.

As shown in Table 2, NormalL.oc achieves the highest
performance in the textureless scenario. Furthermore, Nor-
malLoc achieves higher performance than MeshLoc in the
hybrid scenario on the AC13-C model, which has the least
geometric detail. However, a performance gap persists be-
tween NormalLoc and the baseline utilizing texture images.

4.4. Impact of Global Descriptor Loss

As introduced in Sec. 3.3.2, we consider two strategies
for incorporating the global loss: a triplet loss or directly
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Figure 6. Comparison for all textureless CAD models in CADLoc. Performance is measured by the success ratio under the 30% threshold
for mean DCRE.

Table 2. Performance evaluation for the Aachen Day-Night v1.1 dataset. The performance is evaluated as the success ratios under three
thresholds for the absolute error of the estimated camera position and pose: (0.25m, 2°), (0.5m, 5°), and (5m, 10°). The table is divided
vertically into three scenarios: the textured scenario, which uses color information of the 3D models for both global descriptor computation
and matching; the hybrid scenario, which uses color information only for global descriptor computation; and the textureless scenario, which
uses no color information for either global descriptor computation or matching.

AC15 ACl14 AC13 AC13-C

Textured Scenario

Baseline (real image) 72.8/88.0/95.3 73.8/88.0/95.3 73.3/88.0/953 72.8/88.0/95.8

Baseline (texture) 61.8/775/843 623/77.5/827 555/723/79.6 63.4/81.2/88.5
Hybrid Scenario

MeshLoc - Patch2Pix+SG [33] 40.3/66.0/80.1 39.3/68.6/80.6 23.0/55.0/78.5 9.4/25.1/57.6

MeshLoc - SuperGlue [33] 372/60.7/77.5 33.0/654/79.1 22.0/50.8/74.3 7.3/23.0/53.9
Textureless Scenario

Baseline (AO) 3.7/10.5/24.6 5.8/15.2/325 0.0/05/84 0.0/0.0/2.6

Baseline (tricolor) 8.4/209/37.2 8.4/225/41.9 2.6/9.9/29.3 0.5/42/199

NormalLoc 47.6/654/78.0 445/63.9/749 43.5/60.2/759 36.1/57.1/76.4

AC15

AC14 AC13

HIGH Geometric Detail LOW

Figure 8. Examples of rendered normals for the four meshes pro-

vided by MeshLoc.
LoFTR Ours
gies on the Aachen Day-Night v1.1 dataset (AC13 model,
Figure 7. Examples of matching between real image and rendered (5m, 10°) threshold). We vary K (the number of retrieved
normal. images) among 5, 10, and 50. To assess the impact of global

descriptor learning, we compare the triplet loss and direct
learning strategies against a baseline where the network is
learning pre-trained AP-GeM global descriptors. Fig. 10 trained only for matching (i.e., without a global loss) and
presents an evaluation of these different global loss strate- applies pre-trained AP-GeM to rendered normals during
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Figure 9. Examples of database images used for evaluation on the Aachen Day-Night v1.1 dataset.
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Figure 10. Comparison of global descriptor losses on Aachen Day-
Night v1.1. The performance is evaluated as the success ratio un-
der the (5m, 10°) threshold for the absolute error of the estimated
camera position and pose on the AC13 model with various K val-
ues, where K is the number of retrieved images.

Table 3. Performance evaluation on the DUCI1 scene in the In-
Loc [46] dataset. Performance is evaluated as the success ratio
under the both of the 10° absolute pose error and three thresholds
for absolute camera position (0.25m, 0.5m, 1.0m).

Method

0.25m/0.5m/ 1.0m (@10°)

KAPTURE [13]+R2D2 [37]
HLoc [39]+LoFTR [45]

41.4/760.1/73.7
47.5/7172.2/84.8

NormalLoc 6.1/12.6/16.7

inference. The results indicate that the triplet loss strat-
egy achieves higher performance than the direct learning
strategy. Furthermore, the direct learning strategy performs
slightly worse than training only the matching component.

4.5. Limitations

Localization on Indoor Environments. Normall.oc’s
performance on indoor environments, specifically the In-
Loc [46] dataset, is evaluated in Table 3. InLoc is a large-
scale indoor dataset featuring 3D models acquired by ter-
restrial laser scanners and provided as point clouds. We
apply the same settings as used in the Aachen Day-Night
v1.1 evaluation (Sec. 4.3). Although NormalLoc can suc-
cessfully localize query images capturing general views of
halls or stairs, even when acquired at different times than
the 3D model, it achieves a low success ratio of only about
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15%. This reduced performance is likely attributable to the
shorter distances to scene geometry typical of indoor en-
vironments, similar to challenges encountered in textured
scenarios. Specifically, NormalLoc often struggles with
queries that depict geometrically simple subjects such as
plain walls or floors, or those captured in close proximity
to objects. In these cases, distinguishing the normal map
rendered at the ground truth pose from those rendered at
incorrect positions becomes highly challenging. Such diffi-
cult queries are more prevalent in indoor settings. For future
work, exploring wider FoV queries or integrating Normal-
Loc with matching methods that incorporate line correspon-
dences in addition to 2D-2D point correspondences [11, 29]
could improve performance on indoor environments, as dis-
cussed for textured scenarios.

5. Conclusion

In this paper, we have presented NormalLoc, a novel vi-
sual localization method designed for textureless 3D models
with low geometric detail. NormalLoc leverages rendered
normal images, generated from 3D model surface normals,
to establish a robust training scheme for global descriptor
computation and matching. The versatility of rendered nor-
mals bridges the gap between diverse 3D data represen-
tations such as CAD models and SfM point clouds, and
thereby enables a unified training framework. Our experi-
mental results on the CADLoc and Aachen Day-Night v1.1
datasets demonstrate that NormalLoc achieves state-of-the-
art performance, particularly in scenarios with limited geo-
metric detail. We note that the design of NormalLoc, with
its initial conversion of 3D models to point clouds, opens
avenues for further exploration of broader applications us-
ing different types of 3D models beyond CAD models and
meshes, such as mobile or airborne LiDAR point clouds.
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