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Abstract— The problem of localization on a large-scale satel-
lite image given a frame of query ground view point clouds
remains challenging. Existing LiDAR-to-image cross-view lo-
calization methods struggle in large-scale scenarios due to
limited semantic alignment and the modality gap between point
clouds and satellite images. This paper introduces the large-
scale LiDAR-to-image geo-localization pipeline called GeolSF.
GeolISF introduces an instance semantic forest constructed
using WordNet, which enhances temporal semantic represen-
tation and discriminative power by integrating semantic trees
from multiple frames. By leveraging environmental semantic
representation as a shared medium, GeolSF effectively bridges
the modality gap and improves semantic matching accuracy.
Extensive experiments demonstrate the superior performance
of GeolSF in large-scale cross-view localization, 13.22 times
better than the parallel LiDAR-to-image method in the R@10
metric on the KITTI dataset. The proposed method addresses
the existing gap in large-scale LiDAR-to-image cross-view
localization, offering a robust solution to the computational and
accuracy challenges inherent in such scenarios. We will release
the code as an open-source resource available online for the
broader research community.

I. INTRODUCTION

Cross-view localization has attracted considerable research
interest, which struggles with large-scale scenarios [1]. The
satellite imagery employed in current LiDAR-to-image meth-
ods is constrained to a relatively narrow spatial extent,
typically on the order of 250 meters by 250 meters [2]. In
practical applications, pinpointing a specific location within
a satellite image spanning several kilometers is a routine yet
critical task, where the intricate nature of scenes presents
significant challenges for cross-view localization. The dense
semantic elements and repetitive road structures necessitate
the development of efficient screening and retrieval mech-
anisms [3]. The core challenge in large-scale cross-view
localization lies in effectively extracting and semantically
matching environmental features. To bridge the gaps, we
introduce the instance semantic forest (ISF) as a shared
medium for ground-to-satellite semantic matching. In this
paper, a novel ground-to-satellite geo-localization pipeline
called GeolSF is proposed to locate the robot in a large-scale
satellite image, marking the first attempt at LIDAR-to-image
cross-view localization in large-scale scenarios.
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Current large-scale cross-view localization algorithms pri-
marily rely on matching query images with satellite image
databases [4], achieving notable success in image-to-image
matching. However, their ability to handle spatial structures
and adaptability to lighting and weather conditions are not
as good as those of LiDAR [5]. In contrast, LIDAR-to-image
cross-view localization algorithms are relatively nascent, yet
they have shown promising results, particularly in enhancing
precision in complex scenarios [6]. Nevertheless, current
LiDAR-to-image cross-view localization algorithms exhibit
notable limitations due to the modality gap between point
clouds and satellite images. Some approaches utilize local
SLAM for pose estimation, requiring multi-frame image
fusion and an initialization phase [2], [7]. Others primar-
ily emphasize radar, highlighting potential enhancements in
LiDAR-based fine-grained matching [8]. Moreover, several
global localization algorithms, such as Saliencyl2PLoc [9],
have been developed for aligning images with point clouds,
which are limited to ground-to-ground scenarios.

Despite these efforts, no method for large-scale ground-to-
satellite localization based on point clouds has been proposed
yet, with the understanding and efficient processing of shared
semantics remaining a significant limiting factor. Leveraging
advancements in natural language generation models [10],
text emerges as an alternative modality that can effectively
extract key semantics, serving as an intermediary between
images and point clouds to enable cross-modal feature
matching [11]. In the proposed algorithm, text generation is
applied to each cropped satellite image patch, aligning it with
structured semantic labels. It allows for a certain degree of
matching error during the progressive semantic distillation,
eliminating patches that do not conform to road structures,
thereby enhancing the accuracy of cross-view localization.

In the context of point cloud segmentation, perspective
variations and scene occlusions significantly complicate the
matching and retrieval processes [12]. However, the inher-
ent containment relationships and spatial correspondences
among instances can positively influence retrieval outcomes,
with textual references providing valuable context for these
spatial relationships. Motivated by these insights, this paper
proposes the construction of the ISF based on WordNet
[13], offering a semantically rich and comprehensive tem-
poral semantic feature representation for point clouds. The
instance semantic forest leverages the structural semantic
ontology information extracted from point clouds, integrating
semantic trees from multiple frames to enhance the temporal
semantic representation. This approach not only improves the
effectiveness of semantic information but also enhances its
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discriminative power, facilitating more accurate and robust
cross-view localization. To summarize, the main contribu-
tions of this paper are threefold:

(1) A novel instance semantic forest-based geo-localization
pipeline called GeolSF is proposed in this paper. Lever-
aging shared semantics between ground and satellite,
GeolSF effectively accomplishes large-scale cross-view
geo-localization tasks by integrating point clouds and
satellite imagery, marking the first attempt in this field.

(i) This paper introduces an innovative temporal seman-
tic representation method that constructs a semantic
forest through a tree-based ontology, integrating both
geometric information and text description semantics.
Compared to conventional approaches, the proposed
method significantly enhances the capture of temporal
dynamics and the effectiveness of semantic information
based on semantic distillation.

(iii) We present a comprehensive experimental evaluation
across two datasets covering various environments.
Experimental results demonstrate that the proposed
pipeline outperforms all comparable algorithms under
the density level of a 64-channel LiDAR, achieving an
r@1% value of 91.53%, which is 2.97 times better than
the state-of-the-art LiDAR-to-image parallel method.

II. RELATED WORKS
A. Large Scale Cross View Localization

Recently, cross-view localization has made significant
progress. However, large-scale scenarios continue to receive
little attention. LiDAR-to-image methods are pivotal in this
domain [2], [7], but comprehensive studies on large-scale
environments are still lacking. Dominating the field, image-
to-image localization algorithms typically align ground-level
images with satellite images through feature matching and
similarity computation. Several methods utilize the particle
filter to address the requirements of temporal localization,
thereby enabling wide-area cross-view localization [14], [15].
However, the high precision of these algorithms necessitates
prolonged robotic movement, often spanning kilometers. The
other typical approaches are based on the goal of one-to-
one image retrieval: given a ground image and a database
of satellite images, determine which satellite image is the
best match [16], [17]. These retrieval-based methods excel
when training and testing sets are from the same region,
but performance drops significantly in cross-area scenarios,
highlighting the need for further advancements.

B. Semantics-Based Scene Understanding

As a well-known lexical database, WordNet [13] has been
utilized in different semantics-driven multimedia applica-
tions. WordNet is tree-structured, and each node of the tree
comprises a set of words, each with one or more meanings.
Each meaning has its synset, and three relationships (hy-
pernyms, holonyms, and meronyms) are used to represent
the relationship among a set of words. With the available
semantic hierarchy for concepts and related semantic mea-
sures, WordNet has been applied in building benchmarks for

various visual understanding tasks [18], which involve 2D
object images, 3D models, and 2D scene images. As a prior
related work, Yuan et al. proposed a semantic-tree-based
approach for 3D scene model recognition [19]. The semantic
tree is a hierarchical, directed graph, that utilizes semantic
relatedness information between each scene object’s label
and the corresponding 3D scene’s label. Furthermore, they
also designed a novel method to construct a comprehensive
scene semantic tree that integrates valuable scene semantic
information, automatically encoding learned scene object
occurrence probabilities within a scene category [13].

III. METHOD

The framework of the proposed method is illustrated in
Fig. 1. The algorithm hierarchically organizes nodes by
leveraging textual labels derived from scene semantics within
a single frame of point clouds, constructing an instance
semantic tree (IST). Subsequently, by integrating ISTs across
multiple timestamps, the ISF is established. Following the
progressive semantic distillation process based on the ISF,
the ground query point clouds are aligned with the filtered
satellite imagery to determine the final position.

A. Construction of Instance Semantic Forest

1) Construction of IST: Inspired by the hierarchical struc-
ture of humans looking for the location, we construct the
instance-driven semantic forest 7 = {717, T5, ..., T} based
on the spatial relationship. As illustrated in Fig. 1, the
instance semantic tree 7} in time k is an instance-level
hierarchical structure that organizes corresponding instances
and their attributes based on the semantic hierarchy of
WordNet synsets. The process commences by transforming
the textual labels, extracted through panoptic segmentation
based on Panoptic polarnet [20] and road structure extraction
based on AVBM [12], into a richly attributed, dynamic graph
representation. Both algorithms exhibit stable performance
while satisfying real-time requirements. Each identified se-
mantic instance (e.g., intersections, buildings) within the
scene is instantiated as a node n; € N. Each node n; is
meticulously annotated with a descriptor tuple:

di - (ci7fiappafigeom7t7pi)' (1)

Here, c; denotes the semantic class grounded in the
established ontology, fi*” encapsulates appearance-based
features robust against viewpoint variations, and f“°"™ cap-
tures critical intrinsic geometric properties. ¢t is the time
stamp ensuring temporal coherency across sequential inputs,
and p; represents the centroid position in the egocentric
frame. The proposed method incorporates AVBM to directly
identify the nearest unique road intersection ahead of the
robot. This ensures node uniqueness in multi-intersection
scenarios while excluding cases with no intersections. In
GeolSF, the road intersection serves as a root node in the
instance semantic tree, satisfying the criterion:

Nyroot = {ni‘d)topo(.f{qeom) > Troot}7 )
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Fig. 1.

Framework of the proposed method. The algorithm first extracts textual labels through panoramic segmentation and road structure detection, and

constructs a temporal semantic forest based on semantic ontology. For large-scale satellite image, the initial step involves uniformly cropping the images
both horizontally and vertically. The cropped patches cover an approximate spatial extent of 200 meters by 200 meters. Subsequently, SRSS-based semantic
segmentation and ChatGPT-based text generation are applied on each satellite patch. On this basis, a progressive semantic distillation method is designed
to reduce the number of satellite images to be matched, and feature matching is performed with point cloud semantics in the filtering results, taking the

group with the highest similarity as the final result.

where ¢.op, 18 a topological significance metric evaluating
node centrality and structural connectivity [21], and 7,0 is @
learned threshold. Building upon this dynamically populated
set of attributed nodes A/, the hierarchical extraction sub-
module orchestrates the formation of relational structures.
It establishes semantic edges e?ft between nodes n; and
n; based on contextual predicates reflecting real-world adja-
cency, containment, and functional association.

aCt =o(fi @ f]} Ap”,At)
1, Zf SaCt > Tedge 3)

€ij = .
0, otherwise

Here, f; and f; denote the geometric features of nodes n;
and n;, while s‘w75 represents the similarity between them,
determining whether they are connected in the IST. Ap;;
and At refer to the spatial distance and temporal difference
between the two nodes, respectively. In addition, ¢ : RF —
[0,1] is a similarity metric modeled as:

p(-) = o(WoReLU(W1[fi @5 Ipi—pjll20[ti—;]])), 4)

where ¢ is the sigmoid function, W; and Wy are learnable
weights, @ denotes concatenation, and 7,44 is a sparsity-
inducing threshold. By incorporating geometric features and
positional discrepancies between two nodes, the computed
similarity effectively assesses their spatial coincidence and
geometric relationships. Nodes spatially proximate or func-
tionally linked form directed edges e;; from parent n; to

child n;. Starting from root nodes, trees grow iteratively by
connecting child nodes to their most probable parent:

T, = U argmax stCt, (5)
an ¢Tk

where k denotes various timestamps. In this strategy, the
intersection nodes typically serve as the root nodes of the
hierarchical structure, with building nodes occupying the
second level and surrounding nodes designated as leaf nodes,
thereby forming a tree structure as depicted in Fig. 1.

2) Construction of ISF: Based on IST, the dynamic con-
struction incorporates the concept of virtual connections to
implicitly model potential or non-explicit spatial-semantic
relationships that cannot be directly ascertained from imme-
diate adjacency or containment rules. Each IST corresponds
to a frame of point clouds. These connections, denoted e”"t,
are probabilistically established between node pairs (n;, nj)
based on the compatibility and similarity of their respective
descriptor tuples d; and d;, utilizing a learned similarity
metric ¢(d;, d;). Specifically, the probability is defined as:

P(ei-)’-irt = ].) = Ue(¢(dia dj; @))’ ©

ij
where o, is a sigmoid function, and © parameterizes the
model evaluating feature coherence. These virtual edges
ef}” are not enforced physical links but represent hypoth-
esized topological continuities within the scene structure.
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This mechanism provides an essential capacity to repre-
sent fragmented or partially occluded entities and antici-
pate latent spatial-semantic relationships critical for holistic
scene interpretation when explicit hierarchical structuring
occurs. The instance semantic forest at various timestamps
is constructed as F = {T1,T5,...,T;}. This hierarchical
aggregation intrinsically encodes scene semantics through
conditional dependencies, where higher-level nodes govern
contextual relationships of subordinated elements.

B. Semantics-Driven Cross View Image Retrieval

1) Progressive Semantic Distillation: To navigate vast
geospatial data efficiently, the approach employs progres-
sive semantic distillation, leveraging the inherent hierarchies
within the instance semantic forest F,. Analogous to the
construction of instance semantic forest from ground multi-
frame point clouds, instance semantic forests are similarly
generated from satellite image patches with semantic extrac-
tion. ChatGPT 4.0 is leveraged to produce descriptive textual
representations of satellite imagery, where specific generation
templates are established to regulate the output structure. The
descriptor tuple is denoted as ds; = (csi, fsi, Psi), Where
cs; represents the semantic class, fy; means the extracted
features, and pg; denotes the position. The connection is
defined as sf]‘-” = ¢(fi, f;, Api;) based on the spatial rela-
tionship. Through the combination of nodes and hierarchical
connections, the instance semantic forest F,; is constructed
for the semantic distillation.

As an alternative to computationally intensive brute-force
matching, it proposes a strategic cascade of abstractions.
Given that both satellite image text generation and point
cloud semantic extraction rely on real-world physical mea-
surements, the derived F; and Fg,; are comparable without
the need for scale alignment. Given the point clouds P
and the satellite image database S, S1,99, ..., 5N,
the constructed ISFs are denoted as F, and Fyq, (i =
1,2, ..., N). The distillation framework progressively reduces
the candidate space through hierarchical constraints, lever-
aging structural isomorphism between JF, and F,,. Initial
filtering enforces node existence alignment, requiring:

Vcky Hdsz S ]:sati I Csi > Ck, (7)

yielding 2, C (). Here, c; represents the semantic class in
Fisat;» While ¢, denotes the semantic class in Fy. cs; > ¢
indicates that the semantic category in F,, encompasses
that in JF,. Subsequent cardinality matching imposes:

vcka |{dg € ]:g|cg = Ck}| < |{dét S ‘Fsati‘csi = Ck}|a (8)

generating 2 C 3. The semantic class in the descriptor
tuple dy is represented by c,. In addition, a critical prereg-
uisite is the semantic coherence constraint, which ensures
spatial compatibility. Therefore, we introduce the Semantic
Intersection-over-Union (SIoU):

_ LFQ m~7;an‘

SIoU(Fy, Fsat;) = 17y U Four
g satq

. p(A"Tqa A]:sati)a (9)

where p computes structural consistency via edge gradient
correlation [22]. This discards geometrically incompatible
candidates, and generates {23 C {25. The process of semantic
distillation progressively prunes the candidate space while
preserving localization fidelity, collapsing the expansive
satellite database S,.4,, into a sparse set of semantically co-
herent anchor points Ssp4sc. Final localization then resolves
efficiently within this distilled, high-likelihood set.

2) Feature Matching: Following the semantic distillation,
the fine-grained matching establishes geometric correspon-
dence between the point clouds P and the filtered satellite
image database Sspqrsc = S1, 52, ..., Sg. Given the extracted
feature vector fp for the point clouds and f; for the satellite
images, we formulate matching as a maximization of nor-
malized feature correlation to quantify alignment precision.
For 5;, a sliding-window search is executed over P within a
bounded displacement window W centered on prior filtering
outputs. At each candidate position p = (x,y) € W, a local
patch Rp(p) is extracted from P. The similarity between
S; and Rp(p) is evaluated via the cosine similarity of their
flattened feature vectors:

sim(i,p) o Uec(fsi) 'Uec(pr(p))

- . (10
Toecra)ll - Toeel fap)ll” O

where vec(-) denotes vectorization. sim(i, p) measures an-
gular consistency in high-dimensional semantic space, ren-
dering the comparison robust to nonlinear intensity variations
between ground and aerial perspectives. The optimal align-
ment position p; and its score sim; for S; are derived as:

(1)

pi, sim] = argmax sim(i,p).
peW

The global matching solution is then determined by rank-
ing the similarity scores sim7, ..., stm};. The satellite image
Sk and position pj associated with the top-ranked score
constitute the final matched pair, achieving high-precision
geographic coordinates through the semantic feature space
correlation paradigm. This strategy effectively bridges cross-
modal domain gaps while preserving spatial discriminability.

IV. EXPERIMENTS
A. Experimental Data and Setup

The experiment was conducted using two distinct datasets:
KITTI-raw [23] and NCP-Intersection [12]. The point clouds
in the KITTI dataset were collected via the Velodyne HDL-
64E LiDAR, whereas those in the NCP-Intersection were
obtained using a Velodyne VLP-16 LiDAR. Given the ab-
sence of a dedicated dataset for large-scale LiDAR-to-image
cross-view localization, we have refined the satellite image
coverage using two existing datasets. In contrast to current
cross-view localization datasets, which are limited to satellite
imagery of a few intersections, our newly acquired large-
scale satellite images encompass hundreds of intersections.

We follow Congeo [16] and FRGeo [24] in using the recall
accuracy at top K and top 1% as the evaluation metric for our
method. A retrieval is deemed correct if the corresponding
satellite image is included within the retrieved set. Given that
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TABLE I
COMPARISONS BETWEEN THE PROPOSED AND STATE-OF-THE-ART METHODS ON THE KITTI ANDD NCP-INTERSECTION DATASETS. BEST AND

SECOND BEST RESULTS SHOWN IN BOLD AND UNDERLINE, RESPECTIVELY.

Type Method KITTI (64-channel) NCP-Intersection (16-channel)
r@1 r@5 r@10 r@1% r@l r@5s r@l0 r@1%
SAFA [25] 1.15 7.97 1477 40.52 0.58 542 12.63  35.85
VIGOR [26] 8.31 19.24 28.64 5547 5.27 1542 2505 5293
TransGeo [27] 1492 3041 4283 69.25 11.77 2438 3495 57.62
Image-to- SAIG [28] 1487 3234 47.82  72.68 1427 28.09 37.52 63.82
image GeoDTR [29] 2042 41.89 5371 77.37 1838  39.92 4925 74.17
GeoDTR+ [30] 22.08 4462 5975 79.20 | 21.72 43.78 56.01 76.03
FRGeo [24] 23.16 4093 54.14 71.02 | 22.11 39.83 52.80 70.19
Congeo [16] 27.74 4633 62.81 80.64 | 27.69 48.20 59.76 81.95
Zhang et al. [31]+Hu et al. [2] - 2.37 15.92 - - 1.15 11.74

Sun et al. [32]+Hu et al. [2] - 2.88 18.63 - - 1.64 12.81
Image-to-  Wang et al. [33]+Hu et al. [2] - 3.06 19.62 - - 2.31 14.40
LiDAR Hu et al. [2] - 5.48 30.87 - - 3.96 18.74
SCLM [7] - 2.19 17.36 - - 1.58 13.02
Proposed 3135 5292 7244 91.53 | 20.65 39.81 5473  77.09

the metric is limited to retrieval accuracy, discrepancies in
orientation angle are excluded from consideration. To assess
the performance of the proposed method, we performed
extensive comparative analysis against 13 state-of-the-art
approaches on the KITTI and NCP-Intersection datasets.
These comparative methods encompass 8 image-to-image
techniques and 5 LiDAR-to-image methodologies. The for-
mer category comprises established cross-view localization
algorithms rooted in image retrieval, including SAFA [25],
VIGOR [26], TransGeo [27], SAIG [28], GeoDTR [29],
GeoDTR+ [30], FRGeo [24], and Congeo [16]. The latter
category includes Zhang et al. [31], Sun et al. [32], Wang
et al. [33], Hu et al. [2], and SCLM [7]. While the primary
focus of Zhang et al. [31], Sun et al. [32], and Wang et
al. [33] was initially curb and intersection detection, these
methods have been subsequently enhanced in Hu et al. [2] to
facilitate cross-view localization tasks. It should be noted that
the majority of the comparative algorithms are specifically
designed for image retrieval-based cross-view localization
and are not inherently tailored to address localization tasks in
large-scale scenes. Nevertheless, the retrieved satellite image
index can be effectively utilized as a foundational reference
for localization within extensive satellite imagery datasets.

B. Evaluation Results

To validate the effectiveness of the proposed algorithm, we
performed comprehensive comparative experiments utilizing
the KITTI and NCP-Intersection datasets, as detailed in Table
I. The experiments are rigorously designed to operate under
cross-area conditions. The proposed method emphasizes the
spatial attributes of ground query point clouds, demonstrat-
ing superior efficacy across all settings. As presented in
Table I, the optimal comparison algorithm for the image-
to-image approach achieves an r@1% value of 80.64% on
the KITTI dataset, whereas its counterpart in the image-to-
radar paradigm attains a significantly lower value of 30.87%.
The primary reason lies in the fact that existing LiDAR-to-
image cross-view localization algorithms predominantly con-
centrate on 3-DoF pose estimation, with minimal emphasis
on retrieving query images from databases. This fine-grained

pose matching paradigm is inherently ill-suited for the task
of geo-localization in large-scale scenarios.

In contrast, the proposed method relieves the critical
gap in large-scale LiDAR-to-image cross-view localization.
As demonstrated in the performance of the KITTI dataset,
our approach significantly outperforms comparable algo-
rithms. In comparison to the reproduced LiDAR-to-image
algorithms, the proposed algorithm demonstrates significant
enhancements, achieving a 2.97-fold improvement in the
r@1% metric and a 13.22-fold improvement in the R@10
metric. Furthermore, it exhibits substantial gains in the
R@1 and R@5 metrics, with enhancements of 31.35% and
52.92% from zero, respectively. Furthermore, when bench-
marked against state-of-the-art image-to-image algorithms,
our method demonstrates a notable improvement of 10.89%
in 1@1% and 9.63% in r@10 under cross-area conditions.

On the NCP-Intersection dataset, the proposed method
maintains a substantial performance advantage over the
LiDAR-to-image approaches, achieving a 4.11-fold enhance-
ment in the r@1% metric and a 13.82-fold improvement in
the R@10 metric. Additionally, it achieves notable gains in
the R@1 and R@5 metrics, with improvements of 20.65%
and 39.81% from zero, respectively. Compared to image-
to-image algorithms, the proposed method demonstrates
superior performance over most existing approaches, but
underperforms compared to Congeo [16], which achieves
a 1@1% of 81.95%. In contrast to the KITTI dataset,
NCP-Intersection features sparser point clouds. Specifically,
the point cloud in KITTI comprises 64 channels, whereas
the NCP-Intersection dataset contains only 16 channels.
This disparity leads us to hypothesize that LiDAR density
significantly influences the algorithm’s efficacy, explaining
the observed underperformance of the proposed algorithm
compared to Congeo on the NCP-Intersection dataset.

To validate this hypothesis, we utilized the 64-channel data
from the KITTI dataset as a baseline and conducted ablation
experiments by extracting point clouds with 32 and 16 chan-
nels, with the corresponding results presented in Table II. The
experimental results demonstrate a significant correlation be-
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TABLE I
ABLATION STUDY ON VARYING NUMBERS OF LIDAR SCAN CHANNELS IN KITTI DATASET. (BOLD: BEST)

Method 64-channel 32-channel 16-channel
r@1 r@5 r@10 r@1% r@1 r@5 r@10 r@1% r@1 r@5 r@10 r@1%
Zhang et al. [31]+Hu et al. [2] - - 2.37 15.92 - - 1.87 14.14 - - 1.28 11.36
Sun et al. [32]+Hu et al. [2] - - 2.88 18.63 - - 2.29 15.84 - - 1.81 12.92
Wang et al. [33]+Hu et al. [2] - - 3.06 19.62 - - 2.71 16.22 - - 2.49 15.21
Hu et al. [2] - - 5.48 30.87 - - 4.70 23.13 - - 4.39 20.13
SCLM [7] - - 2.19 17.36 - - 1.95 15.18 - - 1.73 13.76
Proposed 3135 5292 7244 91.53 2495 44.19 68.06 85.64 18.52 40.68 52.08 75.19
TABLE III
THE FULL TABLE OF ABLATION STUDIES ON FOV=90°, 180°, AND 360°0F LIDAR IN THE KITTI DATASET. (BOLD: BEST)
Method FoV=360° FoV=180° FoV=90°
r@l1 r@5s r@l0 r@1% r@l1 r@5 r@l0 r@1% | r@el r@5 r@I0 r@1%
Zhang et al. [31]+Hu et al. [2] - - 2.37 15.92 - - 0.57 591 - - - 0.95
Sun et al. [32]+Hu et al. [2] - - 2.88 18.63 - - 1.25 7.23 - - - 1.12
Wang et al. [33]+Hu et al. [2] - - 3.06 19.62 - - 1.43 9.06 - - - 0.77
Hu et al. [2] - - 5.48 30.87 - - 3.62 18.51 - - 1.12 5.89
SCLM [7] - - 2.19 17.36 - - 1.82 14.85 - - 0.86 6.01
Proposed 3135 5292 7244 9153 16.74 39.16 50.12 68.44 | 229 7.32 1533 31.08
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Fig. 2. Image retrieval examples on NCP-Intersection and KITTI dataset.

The satellite image bordered by red square is the groundtruth.

tween point cloud density and algorithm performance within
the same dataset. Specifically, as the point clouds become
sparser, the algorithm’s performance deteriorates. The r@1%
metric for the 16-channel LiDAR is 75.19%, while the r@1
metric is 18.52%. This phenomenon can be attributed to
the impact of sparse point clouds on semantic extraction,
which subsequently leads to inaccuracies in constructing the
semantic forest. Notably, when utilizing a 32-channel LiDAR
configuration, the r@1% improves to 85.64% and the r@1
increases to 24.95%, achieving performance comparable to
that of Congeo, as evidenced by the data in Table I.

The experimental results presented in Tables I and II

demonstrate that with the enhancement to a 64-channel
LiDAR, the proposed algorithm achieves optimal perfor-
mance, outperforming all benchmarked algorithms in the
comparative analysis. As the density of point clouds dimin-
ishes, GeolSF exhibits a marginal decline in performance
metrics, while it consistently surpasses the majority of the
parallel algorithms. In comparison, the inherent limitations
of ground images in adapting to varying lighting and weather
conditions render them less robust compared to ground point
clouds. In GeolSF, the modal discrepancies between point
clouds and satellite images are effectively alleviated through
the construction of instance semantic trees. As evidenced by
the performance on the KITTI dataset presented in Table I,
the proposed algorithm surpasses all other parallel algorithms
in performance at a LiDAR density of 64 channels.

In addition, LiDAR offers a distinct advantage by enabling
panoramic scanning and extraction of structural features
surrounding the robot in contrast to forward-facing cameras.
Consequently, we performed ablation studies on the LIDAR’s
field of view (FoV), evaluating the performance at FoV
settings of 90 degrees, 180 degrees, and 360 degrees using
the KITTI dataset, as detailed in Table III. The proposed
algorithm exhibits its poorest performance at a FoV of 90 °,
achieving merely 31.08% for r@1% and 2.29% for r@1. This
suboptimal performance is attributed to the restricted FoV,
which significantly constrains the range of road structure
extraction and semantic segmentation. Consequently, the spa-
tial representation capability around the robot is substantially
diminished, further impeding the effective construction of a
semantic forest. With the expansion of the FoV, the accuracy
of the algorithm exhibits a consistent improvement. Specifi-
cally, for the r@1% metric, the performance at FoV=360°is
1.34 times that at FoV=180°and 2.94 times that at FoV=90°.
These findings underscore the sensitivity of the proposed
algorithm to the FoV range, and they confirm that optimal
results are achieved when the FoV is set to 360°.

The qualitative performance of our algorithm on the two
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Fig. 4. Comparison of the proposed method and other existing approaches
[16], [24]-[30]: All models are trained on KITTI dataset.

datasets is illustrated in Fig. 2 and Fig. 3. The experimental
dataset encompasses a large-scale satellite image spanning
approximately 14km x 7km. The proposed approach es-
tablishes similarity by efficiently retrieving the correspon-
dence between ground point clouds and localized satellite
imagery, thereby enabling the precise localization of the geo-
localization within a large-scale satellite image. In addition,
we conducted experiments to evaluate recall accuracy in top-
k scenarios on the KITTI dataset, as illustrated in Fig. 4.
The results demonstrate that the proposed algorithm con-
verges faster and outperforms other algorithms, achieving an
impressive r@1% of 91.53%.

C. Ablation Study

The proposed method consists of three modules: 1) ground
semantic segmentation; 2) construction of an instance se-
mantic forest; and 3) feature matching. Therefore, we also
conduct ablation experiments on these three modules to ver-

Large-scale geo-localization examples on KITTI and NCP-Intersection datasets.

TABLE IV
ABLATION STUDY OF THE ROLE OF OUR METHOD IN KITTI AND
NCP-INTERSECTION. (BOLD: BEST)

Dataset | M"l‘;“le c | et res el rei%
v X X - - - 2.51
v v X 1.57 3.25 5.92 13.74
KITTI v X v - 2.58 4.63 7.19
v v v | 3135 5292 7244 9153
v X X - - - 1.62
NCP- v v X - 2.29 4.75 10.16
Intersection | v X V' - 1.83 3.60 5.41
v v v | 2065 3981 5473 77.09

ify the benefits of their combinations. In Table IV, modules
A, B, and C represent feature matching, construction of an
instance semantic forest, and ground semantic segmentation.
Based on experiments conducted on two datasets, it is
evident that the absence of an instance semantic forest in
either ground or satellite images has a significant impact
on localization accuracy. The optimal localization effect
can only be achieved when all three modules are operated
simultaneously. Therefore, although the functions of the
three modules differ, they are all essential for ensuring the
accuracy and robustness of the localization effect.

V. CONCLUSION

This paper presents a novel approach to large-scale
ground-to-satellite geo-localization based on point clouds,
addressing the critical challenges of semantic alignment
and modality gaps in cross-view localization. The proposed
method introduces an innovative instance semantic forest
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constructed using WordNet, which enhances temporal se-
mantic representation and discriminative power by integrat-
ing semantic trees from multiple frames. By leveraging
environmental semantic representation as a shared medium,
our approach effectively bridges the modality gap between
point clouds and satellite images, significantly improving
semantic matching accuracy. Extensive experimental results
demonstrate the superior performance of our algorithm in
large-scale cross-view localization, offering a robust solution
to the accuracy challenges inherent in such scenarios.
Currently, a significant shortage exists in cross-view local-
ization methods that utilize LiDAR and satellite images. This
scarcity is primarily attributed to the challenges associated
with feature alignment stemming from cross-modal input.
This paper attempts to narrow this gap by leveraging the
semantic forest from a ground-to-air perspective in large-
scale scenarios. The proposed method not only advances the
state-of-the-art in this domain but also opens up new avenues
for future research, particularly in the areas of computational
efficiency and adaptive localization in dynamic environ-
ments. In our future endeavors, we strive to advance 3-DoF
cross-view pose estimation tasks by incorporating additional
ground semantics in large-scale outdoor environments.
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