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Abstract
Cross-view geo-localization (CVGL) aims at local-
izing a ground-level query by retrieving its cor-
responding match from a database of geo-tagged
satellite images. Existing multi-modal CVGL
methods lack a structured design in the fusion
stage, limiting their ability to fully exploit the
information from multiple modalities. To over-
come this limitation, we propose a Structural-
Analysis-Based fusion principle that guides the de-
sign of network architecture. Following this princi-
ple, we present Decoupled Query Fusion (DQF),
a novel fusion module that decouples feature in-
teractions through role-specific learnable queries.
These learnable queries aggregate features into dis-
tinct slots. Specifically, modality-specific queries
capture unique information from each modality,
while cross-modal queries extract redundant and
synergistic information between different modal-
ities. To better discriminate positive samples at
varying geographic distances, we further propose
Geo-aware Circle Loss, which adaptively weights
supervision signal based on the geographical dis-
tance between samples and anchors. Extensive ex-
periments on large-scale benchmarks demonstrate
that our method significantly outperforms state-of-
the-art approaches. Comprehensive ablation stud-
ies further validate the effectiveness of each com-
ponent. Our code and models will be made publicly
available.

1 Introduction
Cross-View Geo-Localization (CVGL) aims to retrieve the
corresponding location from large-scale aerial or remote
sensing reference databases using ground-level observations
as queries. Even when the Global Positioning System (GPS)
is interfered with, CVGL can still ensure the stable opera-
tion of the navigation and positioning system. Therefore, an
increasing number of researchers have begun to pay atten-
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tion to and explore ways to enhance the application effective-
ness of CVGL. However, the large viewpoint gap, scale vari-
ations, and heterogeneous appearances make cross-domain
alignment challenging.

Current studies have primarily concentrated on uni-modal
CVGL approaches using either cameras [Shugaev et al.,
2024; Mi et al., 2024; Zhu et al., 2022; Shi et al., 2020b;
Wang et al., 2022] or LiDAR [Shi et al., 2025]. How-
ever, single-modality data often lack sufficient discrimina-
tive features to distinguish between correct and incorrect
matches. Firstly, the data from the ground-level perspec-
tive and the data from the aerial-level perspective have only a
small amount of information overlapping. Secondly, there are
numerous repetitive elements in a city area, making it difficult
to distinguish the remote sensing images of these locations.
Thirdly, when the sensor is disturbed, e.g., by sudden changes
in light intensity, the performance of the system will be fur-
ther compromised. To address this, recent work has explored
multi-modal fusion of street-view imagery and LiDAR [Wang
et al., 2025], showing promise in improving the performance
of CVGL. However, current methods mainly rely on the net-
work to implicitly learn the relationships between different
modalities during the multi-modal feature fusion stage, lack-
ing structural constraints. This limits the full utilization of
multi-modal information, degrading the performance of the
model. Additionally, existing methods treat all positive sam-
ples uniformly in the supervision stage. However, since pos-
itive samples are typically obtained from within a certain
neighborhood range of the anchor point, the distances be-
tween different positive samples and the anchor vary consid-
erably. As the distance increases, the feature similarity be-
tween the anchor and positive samples gradually decreases.
If these variations are not distinguished during the training
stage, the network may receive conflicting supervision sig-
nals, which can degrade the network’s performance.

To overcome this limitation, we analyze the fusion process
of multi-modal data from the perspective of information the-
ory [Williams and Beer, 2010], and proposed a principle for
guiding the design of multi-modal CVGL networks: In the
design of multi-modal fusion networks, structured constraints
should be imposed to explicitly decouple the fusion process,
thereby avoiding unstructured mixing of information from dif-
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ferent sources. Driven by this principle, we propose Decou-
pled Query Fusion (DQF). DQF uses role-specific (modality-
specific and cross-modal) learnable queries to organize the
fusion process of multi-modal features, ensuring that the final
fusion representation can more fully retain the information of
both. Furthermore, to ensure that the learned metric embed-
ding space better reflects real-world spatial relationships, we
propose a Geo-aware Circle Loss. Our loss function will as-
sign adaptive weights to the losses of positive sample pairs
based on the geographical distance between them. Specifi-
cally, sample pairs with a closer geographical distance will be
assigned a larger weight. This operation ensures that the de-
scriptors generated by the network can better reflect the conti-
nuity of the geographical space, making the descriptors more
discriminative.

The main contributions of this work are:

• We propose a Structural-Analysis-Based information fu-
sion principle to guide the design of the network frame-
work for multi-modal CVGL. This design strategy en-
ables the network to have greater interpretability and al-
lows it to better integrate multi-modal information.

• We present Decoupled Query Fusion, a novel fusion
module that disentangles feature interactions through
role-specialized learnable queries. Additionally, we pro-
pose a Geo-aware Circle Loss, which incorporates ge-
ographic priors into supervisory signals, enabling the
model to better preserve spatial relationships.

• Extensive experiments demonstrate the superiority of
our approach. On LiRSI-KITTI360 and KITTI360-
AG, our method achieves 75.4% and 44.9% relative
improvements over the state-of-the-art methods in Re-
call@1, respectively. Furthermore, comprehensive ab-
lation studies validate the effectiveness and necessity of
each proposed component.

2 Related Work
2.1 Uni-Modal Cross-View Geo-Localization
CVM-Net [Hu et al., 2018], as an early exploratory
work, adopts a Siamese network architecture and employs
NetVLAD [Arandjelovic et al., 2016] for feature aggrega-
tion, improving the accuracy of cross-view retrieval through
a ranking loss function. SAFA [Shi et al., 2019] reduces
the geometric domain gap between ground-level panoramas
and satellite images by performing polar coordinate transfor-
mation on satellite images, subsequently enhancing the dis-
criminability of feature through spatial attention mechanisms.
[Shi et al., 2020a] is the first to jointly train the tasks of po-
sition estimation and direction prediction for CVGL. [Regmi
and Shah, 2019] employs a conditional generative adversarial
network to transform ground-level panoramas into the aerial-
level domain, reducing the domain differences with satellite
images. [Toker et al., 2021] proposes a multi-task framework
to jointly optimize the view synthesis from satellite images
to street-view images and the CVGL in an end-to-end man-
ner. TransGeo [Zhu et al., 2022] adopts a Transformer archi-
tecture and models cross-domain correspondence through ex-
plicit position encoding. EgoTR [Yang et al., 2021] enhances

the generalization ability of representations through self-
attention and cross-attention mechanisms. DWDR [Wang et
al., 2024] reduces the correlation between channels of em-
bedded features through regularization. ConGeo [Mi et al.,
2024] leverages contrastive learning to align features from
ground-level observations at the same location but with dif-
ferent orientation and fields of view (FoVs), enabling a single
model to achieve orientation invariance and FoVs robustness.
L2RSI [Shi et al., 2025] significantly reduces the domain gap
between LiDAR point clouds and satellite images by aligning
them to a unified semantic space, achieving high-precision
cross-scene localization through a particle-based estimation
method.

2.2 Multi-Modal Cross-View Geo-Localization
Multi-modal CVGL aims to jointly leverage information from
multiple ground-level sensors to alleviate the problem of in-
sufficient discriminative information from single-modal ob-
servations in complex environments. However, compared to
single-modal CVGL, multi-modal CVGL is still in the explo-
ration stage. AGPlace [Wang et al., 2025] fuse ground-level
cameras and LiDAR for CVGL, introducing Neural Ordinary
Differential Equations to model the continuous cross-modal
alignment process, providing pioneering exploration for the
research of multi-modal CVGL.

2.3 Supervision for Cross-View Geo-Localization
Early work [Vo and Hays, 2016] explored the application of
metric learning in CVGL, arguing that ranking constraints are
crucial for the stability of retrieval. Based on this, CVM-
Net [Hu et al., 2018] proposed a weighted soft-margin rank-
ing loss to improve the stability of training. ConGeo [Mi
et al., 2024] introduced ground-to-ground constraints in ad-
dition to ground-to-aerial constraints. Specifically, it em-
ploys contrastive learning to align features of ground-level
images from the same location but with different orientations
and FoVs, thereby enhancing the robustness of model un-
der ground-level viewpoint perturbations. ArcGeo [Shugaev
et al., 2024] improved the retrieval accuracy under limited
FoVs conditions by introducing cosine margin into the Ar-
cFace loss. In multi-modal CVGL, AGPlace [Wang et al.,
2025] proposed a multi-domain alignment loss, enabling the
network to learn consistent representations between ground-
level fusion features and aerial-level features, as well as be-
tween individual modality features and aerial-level features,
thereby improving overall model performance.

3 Methodology
3.1 Problem Formulation
Previous research has shown that integrating LiDAR point
clouds and remote sensing images into a semantic domain
can effectively reduce the modal differences between them,
thereby enhancing the generalization ability of the model.
Specifically, we follow the semantic data processing proce-
dure in [Shi et al., 2025] to obtain the semantic BEV view
Sbev of the LiDAR point clouds and the semantic view Sa of
the remote sensing image.
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Figure 1: Overview of the proposed framework. The architecture consists of parallel ground-level and aerial-level streams. In the ground-
level stream, we employ the DQF module to integrate multi-scale features from street-view images and LiDAR point clouds. In the final stage
of the two streams, we employ an adaptive gating module to integrate the global embedding vectors from the original and semantic views,
generating a global embedding vector for cross-view retrieval.

Formally, let G = {Ig, Pg, Sbev} denote the multi-modal
ground-level input, where Ig and Pg represent the street-view
image and raw point clouds, respectively. Let A = {Ia, Sa}
represent the aerial-level input consisting of the satellite im-
age and its semantic view. Our objective is to learn two pa-
rameterized mapping functions:

zg = fg(G; θg), za = fa(A; θa), (1)

where zg, za ∈ RD are D-dimensional global embedding
vectors for ground-level input and aerial-level input respec-
tively, and θg, θa denote the learnable parameters of the
ground-level and aerial-level stream networks, respectively.

The learning objective is to optimize the network param-
eters such that the distance between the global embedding
vectors of matching pairs is minimized:

(θ∗g , θ
∗
a) = arg min

θg,θa
E(G,A)∼D+ [d(fg(G; θg), fa(A; θa))] ,

(2)
where D+ represents the set of positive ground-aerial pairs,
d(·, ·) is a distance metric.

3.2 Architecture Overview
As shown in Figure 1, our network framework takes ground-
level data (street-view images, LiDAR point clouds, seman-
tic BEV views) and aerial-level data (remote sensing images
and their semantic views) as inputs, and learns discrimina-
tive global embedding vectors through contrastive learning to
achieve robust cross-view retrieval.

Ground-Level Stream. In the ground-level stream, we em-
ploy different backbones to extract multi-scale features from
street-view images and raw point clouds, respectively. To bet-
ter integrate multi-modal information, we employ the DQF
module to fuse features from both modalities at each scale.
Subsequently, these multi-scale fused features are aggregated
through L transformer layers and pooled via Generalized
Mean (GeM) pooling to obtain the global fusion embed-
ding vectors zgo for the street-view images and the raw point
clouds. Concurrently, semantic features are extracted through

a separate backbone and pooled using GeM pooling, result-
ing in the global embedding vector zgs of the semantic BEV
view. Finally, we fuse zgo and zgs through an adaptive gated
module to obtain the ground-level global embedding vector
zg .
Aerial-Level Stream. The aerial-level stream follows a
symmetric encoding and integration pipeline. Specifically,
we employ different backbones with GeM pooling to pro-
cess the original view Ia and semantic view Sa of the remote
sensing images independently, yielding the global embedding
vectors zao and zas, respectively. Similarly, we use an adap-
tive gated module to fuse zao and zas to obtain the aerial-level
global embedding vector za.

3.3 Multi-Branch Feature Encoding
Street-View Image Encoder. For the street-view image Ig ,
we employ a 2D backbone Bimg to extract multi-scale fea-
tures:

{F i
img}3i=1 = Bimg(Ig), (3)

where F i
img denotes the feature map of street-view image at

scale i.
LiDAR Point Clouds Encoder. For the raw point clouds
Pg , we employ a 3D backbone Bpc to extract multi-scale fea-
tures:

{F i
pc}3i=1 = Bpc(Pg), (4)

where F i
pc denotes the feature vectors of LiDAR point clouds

at scale i.
Semantic BEV Encoder. We extract the features of the se-
mantic BEV view Sbev using a 2D backbone, and then obtain
its global embedding vector zgs through GeM pooling:

zgs = GeM(Bbev(Sbev)). (5)

Aerial-Level Encoders. The aerial-level stream encodes Ia
and Sa through dual backbones and GeM pooling:

zao = GeM
(
Brgb
a (Ia)

)
, zas = GeM(Bsem

a (Sa)) . (6)
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Figure 2: Illustration of the Decoupled Query Fusion module.

3.4 Decoupled Query Fusion
Structural-Analysis-Based Information Fusion Principle
From an information-theoretic perspective, the information
contained in the global embedding vectors generated by
multi-modal data at the ground-level can be decomposed into
three parts:

• Unique information: Information that exists only in
street-view images or LiDAR point clouds, e.g., color in-
formation in images and 3D geometric structure of point
clouds.

• Redundant information: Information that exists simulta-
neously in street-view images and LiDAR point clouds,
such as the outlines of buildings and the boundaries of
roads.

• Synergistic information: Information that can only be
obtained through the interaction of street-view images
and LiDAR point clouds, e.g., complete environment un-
derstanding in obstructed scenarios.

Obviously, in order to fully utilize the information of multi-
modal data, the final fused representation should retain the
above three parts of information as much as possible. How-
ever, if the network framework lacks structural constraints,
the model is prone to confuse the information of each part
during the training process. This will cause the network to
overly rely on one part of the information, resulting in the

loss of other information. Therefore, we propose a Structural-
Analysis-Based information fusion principle: In the design of
multi-modal fusion networks, structured constraints should
be imposed to explicitly decouple the fusion process, thereby
avoiding unstructured mixing of information from different
sources.

Decoupled Query Fusion Module
Motivated by the Structural-Analysis-Based information fu-
sion principle, we propose the Decoupled Query Fusion mod-
ule, as shown in Figure 2. DQF separately extracts modality-
specific and cross-modal information through role-specific
learnable queries.

For the i-th scale, the encoded token sequences of street-
view images and point clouds are defined as Xi

img ∈
RNimg×d and Xi

pc ∈ RNpc×d, respectively. DQF maintains
three learnable query sets:

Qi
img ∈ RKu×d, Qi

pc ∈ RKu×d, Qi
cm ∈ RKc×d, (7)

where Ku and Kc denote the numbers of modality-specific
and cross-modal queries.
Modality-Specific Slot. Modality-specific queries extract
information from their corresponding modalities through
intra-modal interactions:

Zi
img = CA(Qi

img, X
i
img, X

i
img), (8)

Zi
pc = CA(Qi

pc, X
i
pc, X

i
pc), (9)

where CA(·) denotes the multi-head cross-attention taking
(q, k, v) as query, key and value, respectively.
Cross-Modal Slot. Cross-modal queries capture redundant
and synergistic information by sequentially interacting with
both modalities:

Q̃i
cm = CA(Qi

cm, Xi
img, X

i
img), (10)

Zi
cm = CA(Q̃i

cm, Xi
pc, X

i
pc). (11)

Redundancy-Aware Gated Suppression. Currently, re-
dundant information exists simultaneously in cross-modal
queries and modality-specific queries. This would consume
the limited representation capacity and prevent the final fu-
sion representation from fully leveraging the information of
multi-modal data. Therefore, we introduce the Redundancy-
aware Gated Suppression mechanism to reduce the redun-
dant information in modality-specific queries, thereby ensur-
ing that the redundant information is concentrated as much as
possible in cross-modal queries:

Ri
img = CA(Zi

img, Z
i
cm, Zi

cm), (12)

Z̄i
img = Zi

img − σ
(
MLP(Concat(Zi

img, R
i
img))

)
⊙Ri

img,

(13)

Ri
pc = CA(Zi

pc, Z
i
cm, Zi

cm), (14)

Z̄i
pc = Zi

pc − σ
(
MLP(Concat(Zi

pc, R
i
pc))

)
⊙Ri

pc, (15)

where σ(·) is the sigmoid function, MLP(·) is a Multi-Layer
Perceptron and ⊙ denotes element-wise multiplication.
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Hybrid Slot Aggregation. The fused representation at
scale i is obtained by concatenating the refined modality-
specific queries and the cross-modal queries:

U i = Concat(Z̄i
img, Z

i
cm, Z̄i

pc). (16)

3.5 Multi-Scale Feature Aggregation
The multi-scale fusion features obtained from Sec.3.4 will
be concatenated together. Subsequently, we use the L-layer
multi-head self-attention (MHSA) module to integrate the
high-resolution detailed features and the low-resolution se-
mantic features:

H = MHSA(L)(Concat(U1, U2, U3)). (17)
Subsequently, we aggregate the features into a global embed-
ding vector through GeM pooling:

zgo = GeM(H). (18)

3.6 Semantic-Aware Gated Integration
To integrate the global embedding vectors of the original view
and the semantic view, we employ an adaptive gated mod-
ule. This mechanism enables the model to dynamically ad-
just the weight ratios between the two views according to the
feature distributions of different samples, thereby achieving
more flexible feature representation.
Ground-Level View. Given the zgo and zgs, we compute
a channel-wise gating mechanism to obtain the fused global
embedding vectors for the ground-level views:

gg = σ(MLPg(Concat(zgo, zgs))) , (19)

zg = gg ⊙ zgo + (1− gg)⊙ zgs. (20)
Aerial-Level View. Similarly, given the zao and zas, we
apply a channel-wise gating mechanism to obtain the fused
aerial-level global embedding vector:

ga = σ(MLPa(Concat(zao, zas))) , (21)

za = ga ⊙ zao + (1− ga)⊙ zas. (22)

3.7 Loss Function
To ensure robust cross-view alignment and effective feature
decoupling, we propose a composite objective function con-
sisting of a geometry-aware contrastive loss and a multi-scale
regularization term.

Geo-Aware Circle Loss
Standard metric learning losses treat all positive pairs uni-
formly. In the CVGL task, the positive samples are usually
selected from the specific-sized spatial neighborhood around
the anchor point. Therefore, the distances between differ-
ent positive samples and the anchor point are different. If
these differences are not distinguished during the training
process, the network may receive conflicting supervisory sig-
nals, which will lead to a decline in its performance. To ad-
dress this, we propose a Geo-aware Circle Loss, which cal-
ibrates the supervisory signal based on the spatial distance
between the positive sample pairs.

We use a Gaussian kernel function to assign corresponding
weights to positive samples of different distances:

wij = exp

(
−
∥pig − pja∥2

2h2

)
, (23)

where pig, p
j
a ∈ R2 represent the Universal Transverse Mer-

cator (UTM) coordinates of the ground-level and aerial-level
samples, and h denotes the bandwidth parameter that controls
the decay rate.

We adapt the Circle Loss [Sun et al., 2020] by integrat-
ing wij into the gradient re-weighting mechanism. The
geometry-aware coefficients for positive pairs α̂j

p and nega-
tive pairs αk

n are computed as:

α̂j
p = wij ·ReLU(Op−sij), αk

n = ReLU(sik−On), (24)

where s represents the similarity score between sample pairs,
Op and On denote the target boundaries for positive and neg-
ative scores, respectively. Consequently, the final geometry-
aware circle loss is formulated as:

Lgeo = log

1 + ∑
k∈N

eγα
k
n(sik−∆n)

∑
j∈P

e−γα̂j
p(sij−∆p)

 ,

(25)
where P and N denote the sets of positive and negative sam-
ples for the anchor sample i, respectively, γ is the scaling fac-
tor that controls the penalty strength, and ∆p,∆n are the mar-
gins. By incorporating the geometric weight wij into α̂j

p, the
loss function implements differentiated supervision on posi-
tive samples of different spatial distances. Specifically, the
contribution of distant matches is weakened, while the contri-
bution of close matches is enhanced. This mechanism guides
the model to learn more fine-grained spatial correspondences.

Multi-Scale Decoupling Regularization
To ensure the structural independence between modality-
specific and cross-modal features during multi-modal fusion,
we impose an orthogonality constraint. Specifically, for the
i-th scale,

Li
orth =

∥∥Z̄i
img(Z

i
cm)⊤

∥∥2
F
+
∥∥Z̄i

pc(Z
i
cm)⊤

∥∥2
F
, (26)

where ∥ · ∥F represents the Frobenius norm. The multi-scale
regularization loss is formulated as:

LDQF =
3∑

i=1

Li
orth. (27)

Overall Loss Function
The complete training objective is formulated as a weighted
combination of the geometry-aware contrastive loss and the
decoupling regularization:

Ltotal = Lgeo + λLDQF , (28)

where the hyperparameter λ controls the trade-off between
cross-view alignment accuracy and feature disentanglement
quality.
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Figure 3: Visualization of the extended LiRSI-KITTI360 dataset.
Left: Vehicle trajectories of all sequences overlaid on satellite im-
agery, with training sequences shown in blue and the test sequence
in red. Right: The satellite image covering the test area, illustrating
the geographic region used for evaluation.

4 Experiment
4.1 Datasets
We evaluate our proposed approach on LiRSI-KITTI360 [Shi
et al., 2025] and KITTI360-AG [Wang et al., 2025] bench-
mark datasets.

KITTI360-AG. KITTI360-AG is a multi-modal cross-view
geo-localization dataset built upon KITTI-360 [Liao et al.,
2022]. It correlates the ground-level modality with spatially
aligned aerial imagery. Following [Wang et al., 2025], we
conduct experiments on 7 sequences (00, 02, 03, 04, 05, 06,
09), using the first 85% of frames for training and the remain-
ing 15% for testing. Following the protocol in LiRSI [Shi et
al., 2025], we construct dense point cloud submaps at 5-meter
intervals along the vehicle trajectory.

LiRSI-KITTI360. LiRSI-KITTI360 is a large-scale
dataset derived from KITTI-360, designed for LiDAR-based
place recognition using remote sensing imagery. To adapt
this dataset for our research, we expand each LiDAR frame
with corresponding street-view image. To evaluate the
model’s generalization capability, we set sequence 02 as the
test set while using the remaining 8 sequences (00, 03, 04,
05, 06, 07, 09, 10) for training, as shown in Figure 3. To
prevent data leakage, we remove the training samples located
in the test remote sensing area.

4.2 Implementation Details
Our method is implemented in PyTorch. For feature extrac-
tion, we adopt MinkLoc3D [Komorowski, 2021] with a voxel
size of 0.5m as the 3D backbone and an ImageNet-pretrained
ResNet18 [He et al., 2016] as the 2D backbone. The net-
work is trained using the Adam optimizer for 100 epochs
with a batch size of 16. We set the initial learning rates of
1× 10−4 for the 3D branch and 1× 10−3 for the 2D branch,
both scheduled with CosineAnnealingWarmRestarts includ-
ing a 5-epoch linear warmup. Positive pairs are defined using
a spatial threshold of 30m. The circle loss adopts a scale fac-
tor γ = 80 and a margin m = 0.4. For the proposed module,
we set L = 2, Ku = 64, Kc = 32, and h = 20.

Method R@1 R@5 R@10

Sample4Geo [Deuser et al., 2023] 27.6 50.1 58.5
L2RSI [Shi et al., 2025] 43.0 64.2 71.8
MinkLoc++ [Komorowski et al., 2021] 26.8 48.2 55.1
AdaFusion [Lai et al., 2022] 27.9 50.6 60.4
MSSPlace [Melekhin et al., 2025] 25.2 47.3 54.7
LCPR [Zhou et al., 2023] 28.1 51.9 60.2
UMF [Garcı́a-Hernández et al., 2024] 27.4 50.8 61.5
AGPlace [Wang et al., 2025] 29.9 53.0 63.4
Ours 62.3 77.3 86.0

Table 1: Quantitative comparison on the KITTI360-AG dataset. We
report Recall@K (%) under the orientation-free setting. Best results
are highlighted in bold and the second-best results are underlined.

4.3 Experimental Results
Evaluation Metrics
Following [Wang et al., 2025], we adopt Recall@K to
evaluate the retrieval performance, where K ∈ {1, 5, 10}.
Recall@K is defined as the proportion of queries that contain
at least one ground-truth match among the top-K retrieved re-
sults. Specifically, for each ground-level query, we rank all
candidates in the remote sensing image database by their fea-
ture similarity to the query. A retrieval is deemed successful
if any of the top-K candidates lies within a spatial distance
threshold from the query location. This metric directly re-
flects the usability of the model in practical application sce-
narios.

Main Results
We mainly compare our method with multi-modal methods,
including MinkLoc++ [Komorowski et al., 2021], AdaFu-
sion [Lai et al., 2022], MSSPlace [Melekhin et al., 2025],
LCPR [Zhou et al., 2023], UMF [Garcı́a-Hernández et al.,
2024], and AGPlace [Wang et al., 2025]. Additionally,
among the uni-modal CVGL methods, we also select the rep-
resentative Sample4Geo [Deuser et al., 2023] and L2RSI [Shi
et al., 2025] for comparison. For the experiments with Sam-
ple4Geo, we use street-view images as the ground-level input.

Results on KITTI360-AG. We validate the fitting and
generalization capability of our approach on KITTI360-AG
benchmark. On this dataset, we follow the experimental pro-
tocol from [Wang et al., 2025] and operate without orienta-
tion information. As shown in Table 1, our method outper-
forms existing state-of-the-art approaches across all evalua-
tion metrics. Notably, our method achieves 62.3% on Re-
call@1, achieving a 44.9% relative improvement over L2RSI.
This substantial improvement demonstrates our method can
learn more discriminative global feature representations,
highlighting its strong potential for real-world deployment.

Results on LiRSI-KITTI360. To further validate the gen-
eralization capability of our method, we conduct additional
cross-scene experiments on the LiRSI-KITTI360 dataset.
Specifically, we evaluate two experimental settings:

1. Orientation-Free: The model does not utilize any ori-
entation prior information, relying solely on visual and
geometric features for matching.
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Figure 4: Visualization of retrieval performance along the testing
trajectory. Points closer to green represent locations where the cor-
rect match appears in the top-ranked retrieval results, requiring fewer
candidates. Conversely, points closer to red indicate locations where
more retrieval results must be examined to find the correct match.

Method Orientation-Free Orientation-Aware (±15◦)
R@1 R@5 R@10 R@1 R@5 R@10

Sample4Geo [Deuser et al., 2023] 2.6 5.9 10.2 11.1 20.7 28.0
L2RSI [Shi et al., 2025] 7.6 18.9 25.2 23.2 42.8 54.7
MinkLoc++ [Komorowski et al., 2021] 1.8 3.8 8.3 8.2 15.2 23.5
AdaFusion [Lai et al., 2022] 2.3 5.2 9.4 10.6 18.5 27.2
MSSPlace [Melekhin et al., 2025] 1.5 3.7 7.8 6.5 13.4 20.1
LCPR [Zhou et al., 2023] 1.8 4.1 8.0 8.9 15.8 23.0
UMF [Garcı́a-Hernández et al., 2024] 2.1 4.5 8.6 9.8 17.3 24.4
AGPlace [Wang et al., 2025] 3.1 8.7 13.9 12.6 25.1 33.8
Ours 16.6 31.1 41.6 40.7 65.6 76.2

Table 2: Quantitative comparison on the LiRSI-KITTI360
dataset. We report Recall@K (%) under both orientation-free and
orientation-aware (±15◦) settings. Best results are highlighted in
bold and the second-best results are underlined.

2. Orientation-Aware: The model incorporates orienta-
tion information to guide the retrieval process. To sim-
ulate the measurement errors of sensors (e.g., magne-
tometer) in real-world scenarios, we inject random per-
turbations within ±15◦ into the ground-truth orientation
data.

As shown in Table 2, our method significantly outperforms
all baseline methods in the orientation-free setting, demon-
strating its superior capability in extracting rotation-invariant
features. In the orientation-aware setting, our method also
maintains a significant advantage. These results validate the
strong cross-scene generalization ability of our approach. It
is worth noting that after introducing directional information,
Recall@1 and Recall@10 have increased from 16.6% and
41.6% to 40.7% and 76.2%, respectively. This highlights the
critical role of orientation information in cross-scene retrieval
task. To provide intuitive insights into the retrieval perfor-
mance, we visualize the per-query results along the test tra-
jectory in Figure 4.

4.4 Ablation Studies
To validate the effectiveness of individual components in
our framework, we conduct ablation studies on the LiRSI-
KITTI360 dataset. All experiments are performed under the
orientation-aware configuration. We investigate the contribu-
tions of two key components: the DQF module and the Geo-
aware Circle Loss. The quantitative results are presented in
Table 3.

Model R@1 R@5 R@10

full 40.7 65.6 76.2
full w/o DQF 34.1 58.9 70.6
full w/o Geo-Constraint 33.9 59.1 71.0

Table 3: Ablation study of key components on LiRSI-KITTI360 un-
der the orientation-aware setting. “full” represents our proposed ap-
proach. “w/o Geo-Constraint” denotes training with standard Circle
Loss instead of our proposed Geo-aware Circle Loss.

DQF. To evaluate the effectiveness of the DQF module, we
remove it from the complete framework. The results are
shown in the second row of Table 3. Without the DQF mod-
ule, Recall@1 drops from 40.7% to 34.1%. This significant
decrease demonstrates the module’s crucial role in enhanc-
ing feature discriminability. This also provides an additional
verification of the effectiveness of our proposed Structural-
Analysis-Based information fusion principle.
Geo-Aware Circle Loss. To evaluate the contribution of
Geo-aware Circle Loss, we replace it with the standard Cir-
cle Loss while keeping all other components unchanged. The
results are presented in the third row of Table 3. After remov-
ing the supervision weighting mechanism based on geograph-
ical distance, Recall@1 decreased by 6.8 percentage points.
Compared to the standard Circle Loss which treats all pos-
itive sample pairs equally, Geo-aware Circle Loss provides
more fine-grained supervision signals based on the geograph-
ical distance between samples. This enables the network to
better distinguish between positive samples from different ge-
ographical locations and prevents the inappropriate alignment
of samples with large spatial separations, leading to more dis-
criminative feature representations.

5 Conclusion
In this work, we investigate multi-modal cross-view geo-
localization. Specifically, we propose a Structural-Analysis-
Based information fusion principle that guides the design of
our DQF module. Furthermore, we introduce a Geo-aware
Circle Loss that provides fine-grained supervision signals
based on the geographical distance between samples. Exten-
sive experiments demonstrate that our method significantly
outperforms prior state-of-the-art approaches.

However, in the task of cross-scene generalization, our
method relies heavily on orientation information to achieve
strong retrieval performance, which constitutes a notable
limitation. Future work will focus on extracting rotation-
invariant features, aiming to maintain robust performance
even in the absence of directional cues.
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