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Abstract

We introduce LDL, a fast and robust algorithm that
localizes a panorama to a 3D map using line segments.
LDL focuses on the sparse structural information of lines
in the scene, which is robust to illumination changes and
can potentially enable efficient computation. While pre-
vious line-based localization approaches tend to sacrifice
accuracy or computation time, our method effectively ob-
serves the holistic distribution of lines within panoramic
images and 3D maps. Specifically, LDL matches the dis-
tribution of lines with 2D and 3D line distance functions,
which are further decomposed along principal directions of
lines to increase the expressiveness. The distance functions
provide coarse pose estimates by comparing the distribu-
tional information, where the poses are further optimized
using conventional local feature matching. As our pipeline
solely leverages line geometry and local features, it does not
require costly additional training of line-specific features
or correspondence matching. Nevertheless, our method
demonstrates robust performance on challenging scenar-
ios including object layout changes, illumination shifts, and
large-scale scenes, while exhibiting fast pose search termi-
nating within a matter of milliseconds. We thus expect our
method to serve as a practical solution for line-based local-
ization, and complement the well-established point-based
paradigm. The code for LDL is available through the fol-
lowing link: https://github.com/82magnolia/
panoramic-localization.

1. Introduction
Estimating the location of a mobile device or agent with

respect to a 3D map, widely referred to as visual localiza-
tion, has vast applications in robotics and AR/VR. Com-
pared to perspective images, which are more widely used
for localization, panorama images provide a 360◦ field of
view that contains ample visual evidence from the holistic
scene context. In this light, there have been recent advances
in visual localization using panoramic images [6, 7, 23, 24]

Figure 1. Overview of our approach. LDL assumes a 3D map
equipped with lines and local features, and similarly preprocesses
the 2D panorama prior to localization. LDL then selects candi-
date poses by matching 2D, 3D line distance functions through
decomposition along principal directions that effectively represent
the sparse geometry of lines. Finally, the selected poses are refined
via local feature matching [39] and PnP-RANSAC [13, 25].
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that demonstrate reasonably stable localization, with state-
of-the-art methods leveraging a two-step process of can-
didate pose selection and refinement [24, 38]. Neverthe-
less, many existing methods for this task have limitations
in computational efficiency and robustness, mainly stem-
ming from the costly or unstable pose selection process. As
global feature descriptors [2, 20] or a large number of col-
ored points [23, 24] are the main components for this step,
the pipelines can be memory and compute intensive or frag-
ile to large illumination changes [23, 24].

To overcome such limitations, we explore the alterna-
tive direction of using lines as the major cue for panoramic
localization. Lines have a number of desirable properties
compared to commonly used raw color, semantic labels or
learned global features [7, 23, 38]. First, due to the long-
standing work in line segment extraction [16, 17, 50, 53],
it is cheap and stable to extract line segments even amidst
dramatic changes in illumination or moderate motion blur.
Second, lines are sparse representations of a scene and can
potentially lead to small memory consumption and compu-
tation. Nevertheless, line segments alone are visually am-
biguous compared to other localization cues (color, global
features, etc.), which makes them harder to tailor for suc-
cessful localization. While there exist prior works in line-
based visual localization [14, 29, 51], many focus on using
lines for pose refinement after finding coarse poses from
conventional global feature comparisons [14, 51] or ex-
hibit unstable performance compared to conventional point-
based methods [29]. Further, prior works often involve ex-
pensive line-specific feature extraction to distinguish con-
texts and establish one-to-one line correspondences [51].

LDL is a fast and robust localization method that lever-
ages the holistic context from lines in panoramas and 3D
maps to effectively find the camera pose. In contrast to
previous works [14, 51], we retain our focus on using line
segments for pose search based on the observation that
conventional point-based matching [10, 39] performs sta-
bly once given a good initial pose. As shown in Figure 1,
given a panoramic image of an unknown location, we uti-
lize the distribution of extracted line segments and com-
pare it against those in the pre-captured 3D map. First, the
candidate pose selection step rapidly evaluates an immense
set of poses within a matter of milliseconds and selects the
coarse poses to further optimize. Here LDL compares the
distribution of lines in 2D and 3D evaluated on their spher-
ical projections using distance functions, as shown in Fig-
ure 1. The distance function imbues relative spatial context
even in featureless regions and quickly matches poses with-
out establishing explicit correspondences between detected
lines. We further enhance the discriminative power of dis-
tance functions by decomposition, and separately evaluate
lines aligned with each principal directions. Once a small
set of initial poses are found, LDL refines them with PnP-

RANSAC [13, 25], where we leverage powerful local fea-
tures from recent works [10, 39] to establish good 2D-3D
correspondences.

We evaluate LDL in various indoor scenes where it
performs competitively against all tested baselines while
demonstrating robust performance in scenes with object
changes or large illumination shifts. Further, LDL exhibits
an order-of-magnitude faster runtime compared to global
feature comparison [2, 15, 20] due to the efficient formu-
lation. By only using the geometric information of lines
and pre-trained visual features, we expect LDL to serve as
a practical localization algorithm that could enhance and
complement existing visual localization techniques.

2. Related Work

Line-Based Localization Inspired by abundant straight-
lines and rectangular structures in man-made objects, many
works attempt visual localization with line segments [1,
14, 29, 47, 51, 52]. Micusik et al. [29] utilize the line seg-
ments extracted from the 3D model to directly match line
segments in images by comparing the Chamfer distance in
2D and 3D. However, lines, even when perfectly matched,
are inherently subject to ambiguity along the line direc-
tion. Yoon et al. [51] suggest removing such ambiguities
by treating points on a line segment as verbal tokens in nat-
ural language processing, where line features are learned
using Transformers [48]. Such learning-based approaches
are trained with a database of pose-annotated images or
require additional computation [14, 51, 52]. Further, these
approaches only use lines for pose refinement, assuming a
coarse pose estimate to be given via global feature com-
parisons [2, 15]. LDL takes a different approach and fo-
cuses on robust pose selection based on lines. We com-
pare LDL against existing approaches for line-based local-
ization, where LDL performs competitively against these
methods while balancing robustness and efficiency.

Point-Based Localization Most visual localization algo-
rithms follow a point-based paradigm, focusing on sparse
feature point correspondences [8, 21, 26, 32, 36–38, 40–43],
dense matching via coordinate regression of scene points [4,
26], or minimizing color discrepancies of dense 3D points
via gradient descent [23, 24]. Conventional approaches us-
ing a perspective camera input take a two-step approach,
where coarse poses are first estimated using global feature
descriptors [2,15] and refined with PnP-RANAC from local
feature matches [10, 27, 39] or dense matches from scene
coordinate regression [26, 43]. Recent panoramic localiza-
tion methods [6, 7, 23, 24] also follow a similar two-step
approach, where exemplary methods find candidate poses
via color distribution matching and refine them using gra-
dient descent optimization [23, 24]. While these algorithms
can robustly handle a modest range of scene changes due to
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Figure 2. Motivation for (a) utilizing and (b) decomposing line dis-
tance functions. (a) Line distance functions disambiguate regions
with dense lines. Given two candidate poses close (A) and far (B)
from ground truth, Chamfer distance falsely favors B near dense
lines, whereas distance functions correctly rank the poses. (b) De-
composition further reduces ambiguities from rotation by sepa-
rately considering line segments with varying directions. Given an
original view close to the ground truth (green) and a rotated view
(red), the decomposition better distinguishes the two views by cor-
rectly selecting the original view over the rotated view.

the holistic view from panoramas, the algorithms can still
fail with significant changes in illumination. We compare
LDL against exemplary point-based methods and demon-
strate that line segments could be effectively utilized for ac-
curate and robust localization even without the costly cal-
culation of global features or color matching.

3. Method

LDL aims at finding the pose at which the query image I
is taken with respect to a 3D scene, where Figure 1 depicts
the localization steps taken by LDL. We first represent the
3D scene using a line map equipped with local feature de-
scriptors for keypoint locations, and similarly acquire line
segments and local descriptors for the query image prior to
localization (Section 3.1). We then estimate the three princi-
pal directions for 2D and 3D by voting, from which we can
deduce a set of rotations considering the sign and permuta-

tion ambiguity (Section 3.2). Given the fixed set of candi-
date rotations, we construct an initial set of possible poses
incorporating translations. We generate the decomposed
line distance functions at each pose and choose the promis-
ing poses by comparing the distance functions with a robust
loss function (Section 3.3). As the final step, the selected
poses are refined by performing PnP-RANSAC [13] using
feature matches [39] with the query image (Section 3.4).

3.1. Localization Input Preparation

Map Building LDL operates using a 3D map consisting
of line segments and local features. We build such a map
starting from a colored point cloud P = {X,C}. To ob-
tain the 3D line segments we use the line extraction method
from Xiaohu et al. [49], which can quickly process point
clouds containing millions of points within a few seconds.
We further remove short, noisy line segments from the raw
detection with a simple filtering step: given the point cloud
bounding box of size bx × by × bz , we filter out 3D line
segments shorter than λ(bx + by + bz)/3 with λ = 0.1 in
all our experiments. The 2D line segments are then filtered
with an adaptive length threshold to match the filtering rate
of 3D line segments. Specifically, we choose the threshold
value such that the ratio of lines filtered in 2D equals that in
3D.

To obtain local features embedded in the 3D map, we
first render synthetic views at various locations using the
point cloud color values. Specifically, we project the in-
put point cloud P={X,C} at a virtual camera and assign
the measured color Y (u, v)=Cn at the projected location
of the corresponding 3D coordinate (u, v)=Π(RXn + t) to
create the synthetic view Y . We then extract local features
for each synthetic view Y using SuperPoint [10], and back-
project the local features to their 3D locations, which in
turn results in keypoint descriptors embedded in 3D space.
Note that while we illustrate map building using a colored
point cloud, our setup can also work with line-based SfM
maps [28, 34, 35] since the input to our pipeline is lines and
associated local features.

Panorama Pre-processing Similar to map building, we
extract line segments and local features from the query
panorama image. We use LSD [16] to acquire line seg-
ments, which is a robust line detection algorithm that can
stably extract lines even under motion blur or lighting
changes. To remove noisy line detections as in the 3D case,
we filter 2D line segments with an adaptive length thresh-
old to match the filtering rate of 3D line segments. Specif-
ically, for each scene we choose the threshold value such
that the ratio of lines filtered in 2D equals that in 3D. Then,
we extract local feature descriptors using SuperPoint [10],
where the results will later be used for pose refinement in
Section 3.4.
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3.2. Candidate Rotation Estimation

Given the detected line segments, LDL first estimates a
set of feasible rotations by extracting principal directions,
which we define as the most common line directions in 2D
and 3D. Let L2D = {l} denote the line segments in 2D,
where l = (s, e) is a tuple of start point s ∈ S2 and end
point e ∈ S2. Note that we operate on the spherical projec-
tion space and treat lines and points on panoramas as arcs
and points on the unit sphere S2 respectively. Similarly, let
L3D = {l̃} denote the line segments in 3D, with l̃ = (s̃, ẽ)
being a tuple containing start and end points s̃, ẽ ∈ R3.

LDL estimates the vanishing point and votes for the prin-
cipal directions in 2D and 3D. In 2D we first extract vanish-
ing points by finding the points of intersection of extended
2D line segments. The 2D principal directions P2D={p}
are defined as the top k2D vanishing points containing the
most incident lines, where p ∈ R3 is a unit norm vector de-
noting the vanishing point location in the sphere. Similarly,
the 3D principal directions P3D={p̃} are defined as the top
k3D most common line directions from 3D line segments
obtained via voting. Note that the 3D direction p̃ ∈ R3 is
also normalized.

LDL estimates the feasible candidate rotations up to un-
certainty in the combinatorial ambiguities when matching
the principal directions in 2D and 3D. Specifically, we se-
lect triplets of directions from P2D and P3D, yielding a total
of

(
k2D

3

)
×
(
k3D

3

)
×3!×23 possible combinations, addition-

ally considering the sign and permutation ambiguity. For
each pair of triplets, we apply the Kabsch algorithm [22] to
find the optimal rotation that aligns the 2D directions to 3D
directions. Discarding infeasible rotations that have large
mean squared error, we obtain Nr rotations. The possible
rotations are further filtered using line distance function pre-
sented in the next section.

3.3. Line Distance Functions for Pose Selection

We propose line distance functions to efficiently eval-
uate a large pool of poses and select promising candidate
poses. The initial pool of poses is the combination of pos-
sible translations with the rotations found in the previous
section. To this end, Nt translations are chosen within grid
partitions of the 3D point cloud, where details are explained
in the supplementary material. The resulting Nt×Nr poses
are ranked using line distance functions.

Distance Function Definition Distance functions are de-
signed to compare the holistic spatial context captured
from the large field of view in panorama images. They
are defined for every point including void regions with-
out any lines and can quickly rank poses. Compared to
Chamfer distance or learned line embeddings used in prior
work [29, 51], LDL does not attempt pairwise matching

between lines, which is often costly and can incur failure
modes. For example, it is ambiguous to correctly match
between densely packed lines as shown in Figure 2a.

A line distance function is a dense field of distance val-
ues to detect lines in the 2D query image or the spherical
projection at an arbitrary pose in 3D. For a point x on the
unit sphere S2, the 2D line distance function is given as

f2D(x;L2D) = min
l∈L2D

D(x, l). (1)

Here D(x, l) is the spherical distance from x to line seg-
ment l = (s, e), namely

D(x, l) =

 sin−1 |⟨x, s× e

∥s× e∥
⟩| if x ∈ Q(s, e)

min(cos−1⟨x, e⟩, cos−1⟨x, s⟩) otherwise,
(2)

where Q(s, e) is the spherical quadrilateral formed from
{s, e,±(s× e)/∥s× e∥}.

Similarly, the 3D line distance function is defined for
each candidate rotation R ∈ SO(3) and translation t ∈ R3.
Using the spherical projection function Π(·) : R3 → S2 that
maps a point in 3D to a point on the unit sphere, the 3D line
segment l̃ = (s̃, ẽ) is projected to 2D under the candidate
transformation as l = (Π(Rs̃+ t),Π(Rẽ+ t)). For simplic-
ity, let ΠL(l̃;R, t) denote the projection of a line segment
in 3D to the spherical surface. Then the 3D line distance
function is defined as follows,

f3D(x;L3D, R, t) = min
l̃∈L3D

D(x,ΠL(l̃;R, t)). (3)

As shown in Figure 3, one can expect poses closer to the
ground truth to have similar 2D and 3D line distance func-
tions. Therefore, we evaluate Nt × Nr poses according to
the similarity of line distance functions.

We apply a robust loss function that measures inlier
counts to quantify the affinity of the line distance functions.
For each candidate pose {R, t} we count the number of
points whose distance function differs below a threshold τ ,

L(R, t) =−
∑
q∈Q

1{|f2D(q;L2D)−f3D(q;L3D, R, t)| < τ},

(4)
where 1{·} is the indicator function and Q ⊂ S2 is a set
of query points uniformly sampled from a sphere. The loss
function only considers inlier counts, and thus is robust to
outliers from scene changes or line misdetections. We vali-
date the efficacy of the robust loss function in Section 4.2.

Distance Function Decomposition To further enhance
pose search using line distance functions, we propose to de-
compose the distance functions along three principal direc-
tions. While line distance functions provide useful evidence
for line-based localization, they lack a sense of direction as
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Figure 3. Line distance function visualization and decomposition
at the ground truth pose R∗, t∗. LDL decomposes distance func-
tions using principal directions and enhances their expressiveness.

in Figure 2b, where the distance functions alone cannot ef-
fectively distinguish rotated views at a fixed translation.

We split line segments along the principal directions
used for rotation estimation and define separate line dis-
tance functions for each group of lines, as shown in
Figure 3. Recall from Section 3.2 that each candidate
rotation R is obtained from a pair of triplets in 2D
and 3D principal directions denoted as P̂R

2D={p1, p2, p3}
and P̂R

3D={p̃1, p̃2, p̃3}. We associate line segments
that are parallel to directions in P̂R

2D, P̂R
3D, leading to

three groups of line segments LR
2D={L1

2D, L2
2D, L3

2D}
and LR

3D={L1
3D, L2

3D, L3
3D} in 2D and 3D, respectively.

We separately define line distance functions for the
three groups using Equation 2, namely f2D(x;Li

2D) and
f3D(x;Li

3D, R, t) for i = 1, 2, 3. Then the robust loss func-
tion in Equation 4 can be modified to accommodate the de-
composed distance functions,

L(R,t)=−
3∑

i=1

∑
q∈Q

1{|f2D(q;Li
2D)−f3D(q;Li

3D,R,t)|<τ}.

(5)
We validate the importance of distance function decompo-
sition in Section 4.2.

3.4. Candidate Pose Refinement

After we select the top K poses from the pool of Nt×Nr

poses with the loss function values from Equation 5, we re-
fine them using local feature matching as shown in Figure 1.
Here we utilize the cached local features from Section 3.1.
Specifically, for each selected pose we first retrieve the set
of visible 3D keypoints at that pose and perform local fea-

ture matching against the 2D keypoints in the query image.
In this process we use SuperGlue [39] for feature matching
and select the candidate pose with the most matches. Fi-
nally, we apply PnP-RANSAC [13, 19, 25] on the matched
2D and 3D keypoint coordinates to obtain a refined pose es-
timate. Backed by local feature matching that stably oper-
ates given decent coarse estimates from line distance func-
tions, LDL can robustly function as an effective localization
method which we further verify in Section 4.

4. Experiments
We evaluate LDL in various localization scenarios and

analyze its performance. Our method is mainly imple-
mented using PyTorch [31], and is accelerated with a single
RTX 2080 GPU. In all our experiments we set the number
of principal directions as k2D=20, k3D=3, the inlier thresh-
old τ=0.1, and the number of query points as |Q|=42. We
report the full hyperparameter setup in the supplementary
material. Following prior works [6, 7, 23], we report the
median translation and rotation errors along with the local-
ization accuracy where a prediction is considered correct if
the translation error is below 0.1m and the rotation error is
below 5°.

Datasets We evaluate LDL in two indoor localization
datasets: Stanford 2D-3D-S [3] and OmniScenes [23].
Stanford-2D-3D-S [3] contains 1413 panorama images
from 272 rooms subdivided into six areas. Each area has
diverse indoor scenes such as offices, hallways, and audito-
riums where repetitive structure and featureless regions are
present. OmniScenes contains 4121 panorama images from
seven 3D scans, where the panorama images are captured
with cameras either handheld or robot mounted, and at dif-
ferent times of day including large changes in furniture con-
figurations. The dataset has three splits (Robot, Handheld,
Extreme) that are recorded in scenes with/without changes,
where images in the Extreme split are captured under large
camera motion.

Baselines We compare LDL against three point-based
baselines (PICCOLO, CPO, structure-based) and two line-
based baselines (Chamfer distance-based, Line Trans-
former [51]). PICCOLO (PC) [23] and the follow-up
work CPO [24] is an optimization-based algorithm that
finds pose by minimizing the color discrepancy between
the point cloud and the query image. Structure-based ap-
proach [38, 46] (SB) is one of the most prominent meth-
ods for visual localization using perspective cameras. We
implement a method for panorama images, where candi-
date poses are retrieved from an image database using a
global feature extractor [15] and further refined using Su-
perGlue [39] matches. For fair comparison, we undistort the
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t-error (m) R-error (◦) Accuracy
Dataset PC SB CD LT CPO LDL PC SB CD LT CPO LDL PC SB CD LT CPO LDL

Area 1 0.02 0.02 0.12 0.02 0.01 0.02 0.46 0.62 1.14 0.62 0.25 0.54 0.66 0.89 0.50 0.90 0.90 0.86
Area 2 0.76 0.04 1.16 0.04 0.01 0.02 2.25 0.72 11.54 0.72 0.27 0.66 0.45 0.76 0.35 0.74 0.81 0.77
Area 3 0.02 0.03 0.79 0.02 0.01 0.02 0.49 0.57 4.54 0.55 0.24 0.54 0.57 0.92 0.36 0.88 0.78 0.89
Area 4 0.18 0.02 0.33 0.02 0.01 0.02 4.17 0.57 1.97 0.56 0.28 0.48 0.49 0.91 0.46 0.91 0.83 0.88
Area 5 0.50 0.03 0.95 0.03 0.01 0.02 14.64 0.69 41.84 0.65 0.27 0.54 0.44 0.80 0.36 0.79 0.74 0.81
Area 6 0.01 0.02 0.50 0.02 0.01 0.02 0.31 0.63 1.20 0.60 0.18 0.50 0.69 0.88 0.47 0.87 0.90 0.83

Total 0.03 0.03 0.73 0.02 0.01 0.02 0.63 0.63 2.30 0.63 0.24 0.53 0.54 0.85 0.39 0.84 0.83 0.83

Table 1. Localization performance evaluation in Stanford 2D-3D-S [3], compared against PICCOLO (PC) [23], structure-based approach
(SB), Chamfer distance-based approach (CD), Line Transformer (LT) [51], and CPO [24].

Accuracy
Dataset PC SB CD LT CPO LDL

Original 0.45 0.69 0.21 0.68 0.72 0.89
Gamma 0.00 0.63 0.47 0.59 0.00 0.82
Intensity 0.00 0.56 0.40 0.58 0.80 0.76
White Balance 0.00 0.62 0.32 0.67 0.74 0.91

Table 2. Localization accuracy on synthetic color variations ap-
plied to Room 3 in the Extreme split from OmniScenes [23].

panorama image into cubemaps and perform feature match-
ing, where the results are then fed to PnP-RANSAC for re-
finement. In addition, we construct the database of pose-
annotated images by rendering synthetic views at various
locations in the colored point cloud.

Chamfer distance-based approach (CD), inspired from
Micusik et al. [29], ranks candidate poses by comparing the
spherical Chamfer distance of line segments in the synthetic
views against the query image. Line Transformer by Yoon
et al. [51] (LT) ranks candidate poses using Transformer-
based [48] matching learned for each line segment. As this
baseline also requires a pose-annotated database, we con-
struct a synthetic database similar to the structure-based ap-
proach, and apply the undistortion process for fair compar-
ison. We provide additional details about the baselines in
the supplementary material.

4.1. Localization Evaluation

Stanford 2D-3D-S We first assess the localization perfor-
mance of LDL against the baselines in the Stanford 2D-
3D-S dataset, as shown in Table 1. LDL performs com-
petitively against the strong baselines (Structure-based and
Line Transformer) that apply powerful neural networks for
candidate pose search. While the dataset contains hallways
and auditoriums with large featureless regions or repeti-
tive structure, LDL leverages the holistic distribution of
lines using distance functions and shows stable performance
without resorting to costly neural network computations.
Further, LDL shows superior performance when compared
against the Chamfer distance-based method, which indi-
cates that solely focusing on line matches for ranking can-
didate poses can lead to suboptimal performance.

Figure 4. Color variations for evaluating illumination robustness.

OmniScenes We additionally compare LDL against base-
lines in the OmniScenes dataset, as shown in Table 3. Un-
like the Stanford 2D-3D-S dataset, all images exhibit blur
from camera motion and approximately half of the images
contain changes in object layout. In splits not containing
changes, LDL performs competitively against the baselines,
which supports our claim that line distance functions en-
able effective pose search without using neural networks.
Further, LDL attains the highest accuracy in splits contain-
ing scene changes and notably in the extreme split that con-
tains the largest amount of motion blur. This is due to the
stable line extraction [16, 17, 50, 53] that enables resilience
against motion blur, and the robust distance function com-
parison (Equation 4) that rejects outliers for handling scene
changes. We further verify the importance of each compo-
nents in LDL in Section 4.2.

Illumination Robustness Evaluation To validate the il-
lumination robustness of LDL, we measure localization per-
formance after applying synthetic color variations. We se-
lect Room 3 from the Extreme split in OmniScenes for eval-
uation. As shown in Figure 4, the image gamma, white
balance, and average intensity are modified to an arbitrary
value, where further details are deferred to the supplemen-
tary material. We report the results of LDL along with the
baselines in Table 2. CPO, PICCOLO, and the structure-
based baseline all suffer from performance degradation, as
the color values are directly utilized for finding initial poses.
Notably, Yoon et al. [51] also shows performance drop, as
Transformer line features are affected by the illumination
changes of the image. As LDL relies on the spatial structure
of line segments for candidate pose search, it is robust to il-
lumination variations, leading to stable performance across
all color variations. Further, note that while all the methods
excluding PICCOLO [23] and CPO [24] use local feature
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t-error (m) R-error (◦) Accuracy
Split Change PC SB CD LT CPO LDL PC SB CD LT CPO LDL PC SB CD LT CPO LDL

Robot ✗ 0.02 0.03 1.74 0.03 0.01 0.02 0.27 0.58 89.23 0.59 0.12 0.49 0.69 0.99 0.31 0.99 0.89 0.98
Hand ✗ 0.01 0.03 2.10 0.03 0.01 0.03 0.23 0.63 89.02 0.64 0.13 0.54 0.81 0.95 0.29 0.95 0.80 0.97

Robot ✓ 1.07 0.04 1.78 0.04 0.02 0.03 21.03 0.64 89.27 0.65 1.46 0.58 0.41 0.93 0.30 0.94 0.59 0.95
Hand ✓ 0.53 0.04 1.70 0.04 0.02 0.03 7.54 0.71 88.50 0.70 0.37 0.64 0.47 0.92 0.30 0.90 0.60 0.92
Extreme ✓ 1.24 0.04 1.55 0.04 0.03 0.03 23.71 0.83 88.54 0.84 0.37 0.72 0.41 0.89 0.29 0.88 0.59 0.92

Table 3. Localization performance evaluation in OmniScenes [23], considering both scenes with and without object layout changes.

Figure 5. Pose error recall and runtime comparison between can-
didate pose search using LDL and NetVLAD [2].

Method t-error R-error Acc.(m) (◦)

SB (K=10) 0.06 1.18 0.63
SB (K=20) 0.05 1.07 0.71

LDL (K=10) 0.07 1.36 0.63
LDL (K=20) 0.07 1.27 0.69

(a) Multi-Room Localization

Component CPU GPU

Line Segment Extraction 0.141 0.141
Rotation Estimation 1.124 0.009
Distance Function Computation 0.052 0.001
Candidate Pose Refinement 5.573 0.587

Total Runtime (sec) 6.890 0.738

(b) Runtime on CPU and GPU

Table 4. Multi-room localization compared against Structure-
Based method (SB) with various number of candidate poses (K)
and runtime analysis of LDL.

matching for pose refinement, there is a large performance
gap between LDL and the other methods. This validates
our focus on designing a stable candidate pose selection
method, as modern feature descriptors and matching algo-
rithms [10, 11, 38, 39] are fairly robust against adversaries
such as illumination changes.

4.2. Performance Analysis

Candidate Pose Search Evaluation To evaluate the
efficacy of line distance functions for candidate pose
search, we compare the retrieval accuracy of LDL against
NetVLAD [2], which is a widely used global feature extrac-
tor [20, 38, 51]. Note that NetVLAD is used as the candi-
date pose selection module in the structure-based baseline.
We use the Extreme split from OmniScenes for evaluation,
where the translation and rotation error recall curve along

with the runtime for processing a single candidate pose is
reported in Figure 5. For fair comparison we use the iden-
tical pool of translations for both methods as Nt = 50 and
assign a large number of candidate rotations for NetVLAD
with Nr = 216. Additional setup details are reported in the
supplementary material. While neural network-based pose
search methods can perform city-scale search [2, 15, 18],
the line distance functions in LDL exhibit competitive per-
formance to NetVLAD in indoor environments. The dis-
tance functions provide highly discriminative spatial con-
text, which enables effective pose search. Furthermore,
the runtime for pose search in LDL is much shorter than
NetVLAD, due to the highly efficient computation of dis-
tance functions only conducted on sparse sphere points.
This is in contrast to NetVLAD where visual features are
computed with a neural network for each view. The line
distance functions enable quick and effective pose initial-
ization, which in turn allow LDL to be usable in various
practical localization scenarios.

Runtime Analysis We analyze the runtime of LDL in Ta-
ble 4b where we decompose the runtime for localizing a
single query image from OmniScenes [23]. We assume that
3D scanning along with map building is done offline and
only consider the computation time for online operations,
namely 2D line segment extraction, candidate pose selec-
tion and refinement. Overall, the pose selection process
including rotation estimation and distance function com-
putation exhibits a small runtime for both CPU and GPU,
which validates the efficiency of our proposed line-based
pose search. Nevertheless, the pose refinement exhibits a
relatively larger runtime, which is mainly due to the large
number of features in panoramas compared to normal im-
ages with a smaller field of view. While we attained our
focus in pose search and used the off-the-shelf local feature
matching algorithms for pose refinement [10, 39], devising
highly efficient feature matching algorithms tailored specif-
ically for panoramas is left as future work.

Scalability Analysis We assess the scalability of LDL
to large-scale indoor scenes using the OmniScenes [23]
dataset. While the previous set of experiments assume
room-scale localization scenarios, here we test LDL us-
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ing the entire OmniScenes dataset as the 3D map. Ta-
ble 4a shows the localization results, where LDL is com-
pared against the structure-based method at various number
of candidate poses (K). LDL exhibits performance on a par
with the structure-based method, which indicates that line
distance functions can scalably handle large scenes con-
sisting of multiple rooms. Nevertheless, scaling LDL to
even larger scale scenes (e.g. building-scale scenes as in
InLoc [46]) is left as future work.

Privacy Preservation Analysis While the main goal of
LDL is to offer fast and robust localization based on lines,
we find that with a small modification our method can offer
light-weight privacy protection in client-server localization
scenarios [5, 9, 12, 44, 45]. Following prior works [30, 45],
we consider the case where a client using an edge device
wants to localize oneself against a 3D line map stored in the
cloud. Privacy breaches occur if the service provider mali-
ciously tries to view the visual data captured by the client.
This is possible even when only the local feature descriptors
are shared between the client and server, by using feature
inversion methods [33] that reconstruct the original image
from a sparse set of local features as shown in Figure 6.

By changing LDL to only exploit local features near
lines during refinement, we can prevent privacy breaches in-
cluding feature inversion attacks without largely sacrificing
localization performance. First, as LDL uses line segments
for candidate pose selection the clients only need to share
the extracted line segments with the service providers for
initial pose search, instead of the entire view that would
be needed for global feature-based methods. Second, as
local features near line segments are shared with the ser-
vice provider for pose refinement, feature inversion meth-
ods cannot faithfully recover the original visual content.
We validate this claim with a small set of experiments per-
formed in the Stanford 2D-3D-S dataset [3], where we fil-
ter descriptors whose spherical distances to the nearest line
segment are over 0.05 rad. As shown in Figure 6, this line-
based filtering degrades the quality of feature inversion at-
tacks by hiding objects that potentially contain sensitive in-
formation while only incurring small drops in localization
accuracy. We report additional details and results regarding
the potential of LDL for privacy preservation in the supple-
mentary material.

4.3. Ablation Study

We ablate the distance function decomposition, number
of query points, and robust loss function, which are key
components of LDL in the OmniScenes Extreme split. In
Table 5a, LDL is first compared against the baseline that
does not apply decomposition and use the loss function in
Equation 4. Decomposition leads to a large performance
gain, as the distance functions are further disambiguated

Method t-error R-error Acc.(m) (◦)

w/o Decomposition 1.00 3.97 0.37

w/ |Q| = 10 0.04 0.85 0.77
w/ |Q| = 21 0.04 0.71 0.88
w/ |Q| = 84 0.03 0.66 0.95

Ours (|Q| = 42) 0.03 0.72 0.92

(a) Decomposition & Query Points

Method t-error R-error Acc.(m) (◦)

w/ L1 Loss 0.08 1.38 0.55
w/ L2 Loss 0.17 1.48 0.34
w/ Huber Loss 0.11 1.39 0.50
w/ Median Loss 0.08 1.22 0.55

Ours 0.07 1.22 0.68

(b) Choice of Loss Function

Table 5. Ablation study of various components of LDL.

Figure 6. Visualization of feature inversion attacks on panoramic
inputs along with the localization accuracy before and after line-
based feature filtering

and split into each principal direction. We further test the
effect of the number of query points |Q| on evaluating the
robust loss function. While increasing the number of query
points enhances performance, the improvement is not as
significant and incurs additional computation. Conversely,
using a smaller number of query points lead to ambiguities
in distance function matching, exhibiting poor performance.
The number of query points |Q| = 42 balances both the
computational efficiency and localization accuracy of LDL.
We finally validate the robust loss function in Equation 5 by
comparing LDL against variants using other loss functions:
L1, L2, Huber, and Median loss. Here we report results
from the Wedding Hall scene, as this scene contains drastic
scene changes with large amounts of outliers. As shown in
Table 5b, inlier counting proposed in Equation 5 attenuates
outliers and exhibits optimal performance, demonstrating
the effectiveness of the robust loss function.

5. Conclusion

We presented LDL, a fast and robust algorithm for
panorama to point cloud localization using line segments.
LDL benefits from the illumination-robustness of line seg-
ments and the holistic context of panoramas by using a
novel formulation based on line distance functions. The dis-
tance functions effectively handle visual ambiguities of line
segments, as they provide spatial meaning to void regions
often neglected by existing line-based localization meth-
ods. In addition, by evaluating distance functions only on
sparsely sampled query points, LDL performs rapid candi-
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date pose search with accuracy on a par with learning-based
global feature extractors. As a result, LDL performs robust
localization in various challenging scenarios with a short
runtime. We expect LDL to complement and enhance the
currently prevalent point-based localization algorithms for
highly robust and practical localization.
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