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 a b s t r a c t

Cross-view geo-localization confronts significant challenges due to large perspective changes, especially when 
the ground-view query image has a limited field of view (FoV) with unknown orientation. To bridge the cross-
view domain gap, we explore learning the bird’s eye view (BEV) representation directly from the ground fea-
ture. However, the unknown orientation of ground images combined with the absence of camera parameters 
leads to ambiguity between BEV queries and ground references. To tackle this challenge, we propose a novel
Window-to-Window BEV representation learning framework, termed W2W-BEV, which adaptively matches BEV 
queries to ground reference at window-scale and generates the BEV feature for each grid by attending to the se-
mantically relevant ground features within the matched window. Additionally, we employ depth-guide BEV 
initialization to project the ground feature into BEV space, thus facilitating the high-quality window matching. 
By performing window-scale matching in a learnable manner, our W2W-BEV allows the BEV space to learn fea-
tures by borrowing information from limited FoV, and aligning it with satellite imagery. Extensive experimental 
results on benchmark datasets demonstrate significant superiority of our W2W-BEV over previous state-of-the-art 
methods under challenging conditions of unknown orientation and limited FoV.

1.  Introduction

Cross view geo-localization refers to the process of matching a query 
ground-level image against a database of reference satellite images an-
notated with accurate GPS labels to determine the geographic location 
of the ground-level image. It holds great prospect in robotic navigation 
(Shetty & Gao, 2019) and autonomous driving (Li et al., 2019). This 
task is usually cast as an image retrieval problem, with the aim of learn-
ing viewpoint-invariant feature embeddings. However, the great domain 
gap between ground and aerial views makes the above representation 
learning extremely challenging.

To bridge the domain gap, a body of works (Shen et al., 2024; Shi 
et al., 2019, 2020b; Zhang et al., 2023; Zhu et al., 2023b) utilize deep 
metric learning to implicitly align cross-view features extracted from 
dual-branch convolutional neural networks (CNNs). Some other meth-
ods (Fervers et al., 2023a; Regmi & Shah, 2019; Shi et al., 2019) ex-
plicitly align different views by transforming images from one view into 
another view in pixel (Shi et al., 2020a, 2022) or feature (Shi & Li, 
2022; Shi et al., 2023) space. For instance, polar transform (Shi et al., 
2019) and projection transform (Shi et al., 2022) are developed to map 
aerial images to ground-level panoramas, whereas cross-view feature 
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transformation is usually achieved by predicting the rotation and trans-
lation matrix (Shi & Li, 2022; Shi et al., 2023). Significant performance 
improvement is observed by incorporating these geometric transforma-
tions into CNN-based frameworks. However, these geometric transfor-
mations easily cause image distortion, leading to the loss of valuable 
geometric information. Furthermore, all of these works assume that the 
ground-level query image is a panorama and is perfectly aligned with the 
reference aerial image. Nevertheless, in practical scenarios, the ground-
level images typically exhibit a limited Field of View (FoV) with un-
known orientations, which incurs obvious performance degradation.

More recent studies (Shi et al., 2020a, 2022; Wang et al., 2024; Yang 
et al., 2021; Zhai et al., 2017; Zhu et al., 2022, 2023b) have thus shifted 
their focus towards these more practical scenarios. To cope with the ex-
acerbated domain disparity, Shi et al. (2020a) propose a Dynamic Sim-
ilarity Matching (DSM) model to establish the patch-level correspon-
dences between cross-view features, so that cross-view features could 
be matched in a more accurate manner in presence of orientation mis-
alignment and limited FoV; L2LTR (Yang et al., 2021) and TransGeo 
(Zhu et al., 2022) resort to Vision Transformer (ViT) (Dosovitskiy et al., 
2020) to learn robust global representations; DeHi (Wang et al., 2024) 
combines CNN and ViT to learn a multi-scale feature representation ro-
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bust to orientation misalignment. Despite some improvements, the per-
formance of these methods is still far from satisfactory when the FoV is 
reduced down to 90◦ or smaller, which is usually featured by standard 
cameras mounted on autonomous driving systems.

In this work, we attempt to leverage bird’s-eye-view (BEV) repre-
sentation learning (Li et al., 2023, 2022) to enhance cross-view geo-
localization, especially under limited FoV. Transforming ground-level 
image features into BEV space is attractive, since it could explicitly 
align cross-view images in feature space. However, in practical scenar-
ios where the orientation of ground-level image is unknown and camera 
parameters are missing, how to determine the point correspondences be-
tween the ground-level and BEV feature maps is challenging. One fea-
sible solution might be to establish point-to-point correspondences in a 
learnable manner, which suffers from heavy computation. To this end, 
we develop a context-aware window matching strategy to determine 
the patch-level correspondences between BEV and ground-level feature 
maps in a learnable manner, as shown in Fig. 1(a). Thereby, each grid in 
a BEV window could generate its feature by attending to those seman-
tically relevant ground features within the matched window. By match-
ing and learning at window scale, we could improve matching efficiency 
while preserving the semantic integrity of the reference ground features. 
Furthermore, to facilitate high-quality window matching, we introduce 
a depth-guided BEV initialization method, which leverages the predicted 
depth to transform the ground-level features into BEV space. Extensive 
experimental results demonstrate that our proposed W2W-BEV outper-
forms the state-of-the-art (SOTA) by a large margin under limited FoV 
and unknown orientation. To summarize, our main contributions are as 
follows:

∙ We propose a novel window-to-window BEV representation learn-
ing framework to enhance cross-view geo-localization under limited 
FoV and unknown orientation. The BEV representations learned from 
ground-level image features could effectively capture the underlying 
spatial structures similar to that of aerial images even under limited 
FoVs, thereby reducing cross-view disparities.

∙ We develop a context-aware window matching strategy to estab-
lish the local correspondence between BEV and ground-level feature 
maps in a learnable manner, allowing BEV space to leverage rele-
vant ground-level semantics within the limited FoV for reasoning 
and imagination. When combined with the proposed BEV initializa-
tion strategy, it could effectively facilitate the learning of BEV rep-
resentation under limited FoV.

Fig. 1. Regular methods utilize camera parameters to find the locationally 
corresponding point (green square) for each query point in BEV space and learn 
BEV features using deformable attention. In contrast, our method localizes the 
most semantically relevant ground window for each BEV window in a fully 
learnable manner. Here, FoV = 180◦.

∙ Extensive experimental results on benchmark datasets show that our 
method achieve significant improvements under unknown orienta-
tion and limited FoV.

2.  Related work

2.1.  Feature extractor

Earlier works in cross-view geo-localization primarily employ a dual-
branch CNN framework to extract features from ground-level and aerial 
images, respectively (Hu et al., 2018; Lin et al., 2015; Vo & Hays, 2016; 
Workman et al., 2015). In subsequent work, several methods for extract-
ing global features have been introduced. SAFA (Shi et al., 2019) pro-
poses a spatial-aware feature aggregation module. MCCG (Shen et al., 
2024) introduces cross-dimensional feature interaction to enhance fea-
ture diversity. L2LTR (Yang et al., 2021) and TransGeo (Zhu et al., 
2022) opt for transformer-based architectures as backbones to extract 
powerful global features. Dehi (Wang et al., 2024), leveraging the su-
perior performance of ViT in cross-view geo-localization, proposes a hi-
erarchical feature extraction framework that improves model capabil-
ity through multi-level feature learning. Meanwhile, other researchers 
have focused on local-context feature extraction, particularly in Drone-
Satellite cross-view geo-localization (Zheng et al., 2020; Zhu et al., 
2023a). LPN (Wang et al., 2021) partitions feature maps into square-
ring regions to extract both target and contextual information. However, 
its center-alignment assumption limits its applicability in more realistic 
scenarios (e.g., VIGOR Zhu et al., 2021). FSRA (Dai et al., 2021) employs 
heatmaps to segment features and achieve region alignment, which 
works well in Drone-Satellite scenarios(where shared information is 
abundant) but struggles in Ground-Satellite cross-view geo-localization, 
where viewpoint differences are more pronounced and shared features 
are scarce. To address domain-alignment challenges, DAC (Xia et al., 
2024) performs cross-batch scene alignment, and CCR (Du et al., 2024) 
employs a counterfactual causal reasoning-based learning approach to 
extract effective alignment features. These methods are either unsuit-
able for ground-satellite cross-view geo-localization or rely on the as-
sumption that street-view images are panoramic, making them difficult 
to generalize to real-world scenarios with unknown orientations and 
limited FoVs. DSM (Shi et al., 2020a) dynamically infers relative orien-
tations through similarity matching to align cross-view features. Con-
Geo (Mi et al., 2024) leverages a contrastive learning strategy to cap-
ture the similarities and differences between panoramic images with 
known orientations and street-view images with limited FoV and un-
known orientations, demonstrating excellent robustness to variations 
in both FoV and orientation. These methods implicitly achieve cross-view 
alignment by learning global, viewpoint-invariant feature embeddings through 
deep metric learning. In contrast, our W2W-BEV adopts a fundamentally 
different strategy: we learn an Bird’s-Eye View (BEV) representation from 
ground features, thereby aligning cross-view features in a clear and defined
manner.

2.2.  Viewpoint transformation

Several studies (Lu et al., 2020; Regmi & Shah, 2019; Shi & Li, 
2022; Shi et al., 2019, 2023, 2020a) focus on aligning cross-view per-
spectives to reduce the gap between different viewpoints. SAFA (Shi 
et al., 2019) proposes leveraging polar coordinate transformations to 
geometrically convert satellite images into street-view-like representa-
tions, which subsequent works (Shi et al., 2020a; Wang et al., 2024) 
have validated as effective for cross-view image geo-localization. How-
ever, it is constrained by the underlying assumption of orientation 
alignment. Works (Shi & Li, 2022; Shi et al., 2023) further employ 
neural networks to predict unknown rotation matrices and transla-
tion vectors, projecting satellite image features into ground-view fea-
ture spaces to mitigate cross-view discrepancies. On the other hand, 
Generative Adversarial Network-based approaches (Lu et al., 2020; 
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Regmi & Shah, 2019) synthesize satellite images from ground-view im-
ages and utilize these generated images for satellite image retrieval. 
While these methods demonstrate efficacy, they inevitably introduce 
image distortions or artifacts that interfere with robust feature extrac-
tion. Different from these works, we learn BEV representation by borrow-
ing related information from ground-level features via window-based cross-
attention. The learned BEV feature has the capability to imagine the unseen
contents.

2.3.  BEV transformation

BEV representation learning can effectively project front-view im-
ages into a bird’s-eye view perspective. BEVFormer (Li et al., 2022) and 
LLS (Philion & Fidler, 2020) established exemplars for BEV represen-
tation learning, while subsequent methods like BEVFix (Li et al., 2025) 
further leverage 3D point cloud distributions to refine the BEV represen-
tations after view transformation. PolarFusion (Shi et al., 2025) replaces 
the spatial correspondences of Cartesian coordinates with those of polar 
coordinates, significantly enhancing the accuracy of BEV algorithms in 
object detection tasks. Recent studies start to introduce BEV into cross-
view geo-locaziation, aims to reduce the cross-view domain gap. The 
work (Fervers et al., 2023b) utilizes camera in/extrinsic parameters to 
determine the reference points on ground-level feature maps for each 
BEV query grid. In the absence of camera parameters, C-BEV (Fervers 
et al., 2023a) employs column-wise attention to transform the panorama 
image features to a polar BEV representation, which is then projected 
to cartesian coordinates through bilinear resampling to generate BEV 
representation. Despite impressive results on street-view panoramas, C-
BEV fails to handle limited FoV due to the use of column-wise cross at-
tention for cross-view projection. The spherical transformation (Wang 
et al., 2024) is utilized for ground panorama images, projecting them 
onto the BEV perspective through geometric transformations, resulting 
in image distortion and significant information loss. Crucially, unlike C-
BEV and spherical transformation, which is limited in its ability to handle lim-
ited FoV, we develop a context-aware window matching strategy to establish 
semantic correspondence between the BEV and image feature space in a learn-
able manner. This window-scale matching allows each BEV grid to generate 
its features by attending to the most semantically relevant ground features. 
Therefore, our method can robustly handle various challenging conditions, 
including missing camera parameters, unknown orientation, and limited
FoV.

3.  Methodology

The overall framework of our proposed W2W-BEV is shown in Fig. 2. 
It is mainly composed of an image feature extractor followed by a 
BEV representation learning method. The former utilizes CNN to extract 
multi-scale features from the input ground-level image, whereas the lat-
ter, which comprises three key components-depth-guided BEV initializa-
tion, context-aware window matching, and window-based BEV encoder-
is responsible for generating the BEV representation from the ground-
level CNN features. The obtained BEV feature map and ground-level 
CNN feature map go through an average pooling layer respectively to 
produce the feature embeddings, which are added together to form the 
final retrieval descriptor. Contrastive learning has been widely adopted 
for cross-view alignment tasks (Deng et al., 2025; Deuser et al., 2023); 
therefore, we employ the InfoNCE function (van den et al., 2018; Rad-
ford et al., 2021) as our loss function.

3.1.  Multi-scale feature extraction

We follow Sample4Geo (Deuser et al., 2023) to harness Con-
vNeXt_base (Liu et al., 2022) to extract features from the input ground-
level image. Similar to the previous works (Guo et al., 2020; Lin et al., 
2017), we consider the feature activation output by four stages, and se-
quentially apply up-sampling and addition operations to generate the 
multi-scale features, denoted as 𝑭 𝑔,𝑠, 𝑠 ∈ {1, 2, 3, 4}. Subsequently, we 
construct BEV representations by leveraging the extracted multi-scale 
features from ground-level images.

3.2.  Window-to-window BEV learning

3.2.1.  Depth-guided BEV initialization
We transform ground-level features into BEV space based on their 

geometric relations for the purpose of BEV intialization. This is achieved 
by first predicting a depth distribution for each ground-level pixel, re-
projecting the ground-level feature back into 3D space based on the 
predicted depth, and finally aggregates the recovered 3D feature map 
along the height dimension through pooling. Specifically, the first-stage 
CNN feature 𝑭 𝑔,1 ∈ ℝ𝐶×𝐻1×𝑊1  is considered for BEV initialization as it 
contains abundant fine details. For each ground-level image, we define 
a fixed-size BEV feature map 𝑭 𝑏 ∈ ℝ𝐶×𝑁×𝑁 , where 𝑁 is set to be much 
smaller than the width 𝑊1 of 𝑭 𝑔,1 extracted from FoVs ranging from 70◦
to 360◦. Then, we predict the depth distribution over a set of discrete 

Fig. 2. Illustration of our method framework, which consists of three main components: depth-guided BEV initialization, context-aware window matching, and 
window-based BEV encoder.
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depths for all pixels on 𝑭 𝑔,1 as follows:

𝑷 = Sof tmax(FC(𝑭 𝑔,1)), (1)

where FC refers to one fully connected layer; 𝑷 ∈ 𝑅𝐷×𝐻1×𝑊1  with each 
element 𝑷 (𝑑, ℎ,𝑤) denoting the probability that the pixel with coordi-
nate (ℎ,𝑤) is at the discrete depth 𝑑. To facilitate subsequent projecting, 
𝐷 is set equal to 𝑁 . Using the predicted depth distribution, the 3D fea-
ture map 𝑭 3𝐷 ∈ 𝑅𝐶×𝐷×𝐻1×𝑊1  is constructed by performing weighted fea-
ture duplication along the depth dimension, which could be described 
as follows:

𝑭 3𝐷(∶, 𝑑, ℎ,𝑤) = 𝑷 (𝑑, ℎ,𝑤) ∗ 𝑭 𝑔,1(ℎ,𝑤). (2)

Note that when the ground-level image has a limited FoV, transforming 
the ground-level feature directly into BEV space based on the predicted 
depth will lead to the initialized BEV space not aligned with the com-
plete aerial view space. To handle varying FoVs, we diffuse the recon-
structed 3D feature 𝑭 3𝐷 along the width dimension to obtain a complete 
feature 𝑭 𝑐 ∈ ℝ𝐶×𝐷×𝐻1×𝑁  as follows:

𝑭 𝑐 = FC(𝑭 3𝐷). (3)

This diffusion process can be seen as imaging panoramic 3D features 
based on limited FoV features. Finally, max pooling is performed on 𝑭 𝑐
along the height dimension to produce the BEV feature 𝑭 𝑏.

3.2.2.  Context-aware window matching
We perform window partition first before window matching. To be 

specific, we divide the fixed-size BEV feature map 𝑭 𝑏 ∈ ℝ𝐶×𝑁×𝑁  evenly 
into 𝐾 non-overlapping square windows, denoted as {𝑭 𝑘

𝑏}
𝐾
𝑘=1. In con-

trast, each ground-level feature map 𝑭 𝑔,𝑠 ∈ ℝ𝐶×𝐻𝑠×𝑊𝑠  is segmented only 
along the width dimension because the ground maps display the height 
information of objects, which helps reduce the compromise of seman-
tic information integrity. Since the width 𝑊𝑠 of the feature map 𝑭 𝑔,𝑠
varies with FoVs of the ground-level image, the division occurs in dif-
ferent ways. If its width 𝑊𝑠 could be divided by 𝐾, the feature map 𝑭 𝑔,𝑠
will be evenly divided into 𝐾 non-overlapping windows; Otherwise, it 
will be divided into 𝐾 overlapping windows. Under the scenarios of 
an extremely small FoV or high feature level, the width 𝑊𝑠 might be 
smaller than 𝐾. The implementation details are shown in Algorithm 1. 
In such cases, the feature map 𝑭 𝑔,𝑠 is simply divided into 𝑊  strips. The 
set of window-scale ground features is denoted as {𝑭 𝑘

𝑔,𝑠}
𝐾′
𝑠

𝑘=1, where 𝐾 ′
𝑠

refers to the number of windows. Once the window-scale features from 
both BEV and ground spaces are available, we find the best matching 
ground window for each BEV window by measuring the visual similar-
ity between cross-view window pairs, and considering the ground win-
dow with the maximum similarity score as the matched window. In this 
work, we compute the inner product between the features from cross-
view window pairs to measure their similarity. For instance, consider 
the scenario where we attempt to find the matched windows for the 𝑘th 
BEV window. The searching procedure over each ground-level feature 
map 𝑭 𝑔,𝑠, 𝑠 ∈ {1, 2, 3, 4} is described as follows:

𝑓𝑘
𝑏 = Norm(Avg(𝑭 𝑘

𝑏 )), 𝑓
𝑖
𝑔,𝑠 = Norm(Avg(𝑭 𝑖

𝑔,𝑠)), (4)

𝑘,𝑠 = argmax𝑖∈{1,…,𝐾′
𝑠}

⟨

𝑓𝑘
𝑏 , 𝑓

𝑖
𝑔,𝑠

⟩

, (5)

where Avg denotes the global average pooling, Norm represents the nor-
malization operation, ⟨., .⟩ is dot-product operation, and 𝑤𝑘,𝑠 refers to the 
index of the matched window on feature map 𝑭 𝑔,𝑠. This context-aware 
window matching strategy allows each BEV window to attend to those 
important ground windows containing more critical cues, such as roads, 
while filtering out less important windows, such as those dominated by 
sky semantics.

Algorithm 1 Window segmentation strategy.
Require: Feature tensor 𝑭 𝑔,𝑠 ∈ ℝ𝐵×𝐶×𝑊 ×𝐻 , window count 𝐾
Ensure: Segmented windows {𝑭 𝑘

𝑔,𝑠}
𝐾′
𝑠

𝑘=1
1: Initialize 𝐵,𝐶,𝑊 ,𝐻 ← shape(𝑭 𝑔,𝑠)
2: 𝑠𝑡𝑎𝑟𝑡 ← 0, 𝑒𝑛𝑑 ← 1 ⊳ Sliding window pointers
3: if 𝑊 > 𝐾 and 𝑊 mod 𝐾 = 0 then
4:  𝑠𝑐𝑎𝑙𝑒 ← 𝑊 ∕∕𝐾
5:  for 𝑘 = 1 to 𝐾 do
6:  𝑭 𝑘

𝑔,𝑠 ← 𝑭 𝑔,𝑠[∶, ∶, 𝑠𝑐𝑎𝑙𝑒 ⋅ (𝑘 − 1) ∶ 𝑠𝑐𝑎𝑙𝑒 ⋅ 𝑘, ∶]
7:  end for
8: else if 𝑊 > 𝐾 and 𝑊 mod 𝐾 ≠ 0 then
9:  𝑠𝑐𝑎𝑙𝑒 ← 𝑊 ∕∕𝐾 + 1
10:  𝑜𝑣𝑒𝑟𝑙𝑎𝑝_𝑛𝑢𝑚 ← 𝐾 ⋅ 𝑠𝑐𝑎𝑙𝑒 −𝑊
11:  for 𝑘 = 1 to 𝑜𝑣𝑒𝑟𝑙𝑎𝑝_𝑛𝑢𝑚 do
12:  𝑠𝑡𝑎𝑟𝑡 ← 𝑒𝑛𝑑 − 1 ⊳ 1-unit overlap
13:  𝑒𝑛𝑑 ← 𝑠𝑡𝑎𝑟𝑡 + 𝑠𝑐𝑎𝑙𝑒
14:  𝑭 𝑘

𝑔,𝑠 ← 𝑭 𝑔,𝑠[∶, ∶, 𝑠𝑡𝑎𝑟𝑡 ∶ 𝑒𝑛𝑑, ∶]
15:  end for
16:  for 𝑘 = 𝑜𝑣𝑒𝑟𝑙𝑎𝑝_𝑛𝑢𝑚 + 1 to 𝐾 do
17:  𝑠𝑡𝑎𝑟𝑡 ← 𝑒𝑛𝑑
18:  𝑒𝑛𝑑 ← 𝑠𝑡𝑎𝑟𝑡 + 𝑠𝑐𝑎𝑙𝑒
19:  𝑭 𝑘

𝑔,𝑠 ← 𝑭 𝑔,𝑠[∶, ∶, 𝑠𝑡𝑎𝑟𝑡 ∶ 𝑒𝑛𝑑, ∶]
20:  end for
21: else
22:  for 𝑘 = 1 to 𝑊  do
23:  𝑭 𝑘

𝑔,𝑠 ← 𝑭 𝑔,𝑠[∶, ∶, 𝑘 − 1 ∶ 𝑘, ∶]
24:  end for
25: end if
26: return {𝑭 𝑘

𝑔,𝑠}
𝐾′
𝑠

𝑘=1 where 𝐾 ′
𝑠 = min(𝐾,𝑊 )

3.2.3.  Window-based BEV encoder
To learn a robust BEV representation, we build a window-based BEV 

encoder, which reconstructs the feature of each BEV window by bor-
rowing multi-scale ground features from matched windows. Our BEV 
encoder consists of a cross-attention module (Lin et al., 2022) followed 
by a self-attention module (Vaswani et al., 2017). The cross-attention 
module processes each BEV window independently. To generate the fea-
ture of the 𝑘th BEV window, it receives the BEV feature 𝑭 𝑘

𝑏 combined 
with the relevant ground-level features 𝑭 𝑘

𝑚 = {𝑭𝑤𝑘,𝑠
𝑔,𝑠 }4𝑠=1 as inputs with 

𝑭 𝑘
𝑏 and 𝑭 𝑘

𝑚 acting as queries and keys/values respectively, and update 
the BEV features as follows:
𝑭 𝑘

𝑏 = CrossAtt(𝑄 = 𝑭 𝑘
𝑏 , 𝐾 = 𝑭 𝑘

𝑚, 𝑉 = 𝑭 𝑘
𝑚), (6)

where CrossAtt refers to the regular cross-attention block (Lin et al., 
2022). Afterwards, the updated BEV feature map 𝑭 𝑏 goes through a self-
attention block to model global interactions between BEV features, and 
a feedforward neural network (FFN) is used to provide non-linearity:
𝑭 𝑏 = SelfAtt(𝑄 = 𝑭 𝑏, 𝐾 = 𝑭 𝑏, 𝑉 = 𝑭 𝑏), (7)

𝑭 𝑏 = FFN(𝑭 𝑏), (8)

where SelfAtt refers to regular self-attention module (Vaswani et al., 
2017). The learned BEV feature 𝑭 𝑏 and the high-level CNN feature 𝑭 𝑔,4
are pooled and summed to serve as the final query feature descriptor:
𝑭 𝑞 = Avg(𝑭 𝑏)⊕ Avg(𝑭 𝑔,4). (9)

4.  Experiments

4.1.  Datasets and evaluation metrics

CVUSA (Zhai et al., 2017) and CVACT (Liu & Li, 2019) are two com-
monly used benchmarks in cross-view geo-localization. Both datasets 
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Table 1 
The performance comparison with state-of-the-art methods on the standard CVUSA and CVACT datasets, where the orientation is 
aligned, and the ground map is a panoramic image. † denotes which models are using the polar transformation. ♠ indicates that 
the same data mining strategy Deuser et al. (2023) is used. 

 Approach  CVUSA  CVACT_val  CVACT_test
 R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%

†SAFA  89.84  96.93  98.14  99.64  81.03  92.80  94.84  98.17  –  –  –  –
†DSM  91.96  97.50  98.54  99.67  82.49  92.44  93.99  97.32  –  –  –  –
†LPN  92.83  98.00  98.85  99.78  83.66  94.14  95.92  98.41  –  –  –  –
†L2LTR  94.05  98.27  98.99  99.67  84.89  94.59  95.96  98.37  60.72  85.85  89.88  96.12
 TransGeo  94.08  98.36  99.04  99.77  84.95  94.14  95.78  98.37  –  –  –  –
†DeHi  94.34  98.63  99.22  99.82  84.96  94.48  95.98  98.58  –  –  –  –
†GeoDTR  95.43  98.86  99.34  99.86  86.21  95.44  96.72  98.77  64.52  88.59  91.96  98.74
†SAIG-D  96.34  99.10  99.50  99.86  89.06  96.11  97.08  98.89  67.49  89.39  92.30  96.80
 OR-CVFI  98.02  99.50  99.68  –  91.24  96.54  97.31  –  –  –  –  –
 Sample4Geo ♠  98.68  99.68  99.78  99.87  90.81  96.74  97.48  98.77  71.51  92.42  94.45  98.70
 ConGeo ♠  98.30  –  –  99.90  90.10  –  –  98.20  71.70  –  –  98.30
 C-BEV ♠  98.72  99.77  99.83  99.85  91.68  96.62  97.42  98.75  75.94  93.23  94.85  98.77
 Ours♠  98.65  99.67  99.75  99.90  90.92  96.52  97.23  98.62  72.64  92.69  94.51  98.54

consist of pairs that involve one-to-one matching, including a panoramic 
image and a directionally aligned aerial image. The CVUSA dataset pro-
vides 35,532 pairs of images for training and 8884 pairs for testing. The 
CVACT dataset includes 35,532 pairs for training and 8884 pairs for 
validation (denoted as CVACT_val). Additionally, CVACT offers a larger 
version of the dataset for testing (denoted as CVACT_test), containing 
92,802 pairs of images. VIGOR (Zhu et al., 2021) collects 90,618 satel-
lite reference images and 105,214 street-view query images from four 
cities. The dataset is divided into training and testing sets according to 
two configurations: same-area and cross-area. In the same-area train-
ing setting, all four cities contribute 90,618 aerial images and 52,609 
ground images, while the testing setting includes the same number of 
aerial images but 52,605 ground images. For the cross-area setting, 
the training set contains 44,055 aerial and 51,520 ground images from 
two cities, while the test set, sourced from the other two cities, con-
tains 46,563 aerial and 53,694 ground images. VIGOR assumes that the 
ground query image can occur at arbitrary locations in the target area, 
so it is not spatially aligned to the center of any aerial reference images 
in both training and testing datasets. To be precise, for a ground query 
image, there is one positive reference image and three semi-positive 
references, all of which are partially covering the query location. The 
positive reference with the nearest GPS is considered as ground-truth. 
We employ recall accuracy at recall-k, denoted as R@k, as our pri-
mary evaluation metric, and report recalls at top-1, top-5, top-10 and
top 1%.

4.2.  Implementation details

We crop ground-level panoramic images to 192 × 768 and aerial 
images to 384 × 384 on CVUSA and CVACT datasets. On VIGOR, the 
panoramic images are cropped to 384 × 768 and satellite images 
are cropped to 384 × 384. During training, we randomly translate 
panoramic images and further crop them along the width direction to 
simulate real scenarios with unknown orientation and limited FoV. We 
use ConvNext_base as the backbone model. We split the BEV embed-
dings and ground features into four windows. In our main experiment, 
the number of blocks in our BEV encoder is 3 and the number of at-
tention heads is 4, and the size of the BEV embeddings is set to 28 ×
28. Our models are trained using the AdamW (Loshchilov & Hutter, 
2017) optimizer with initial learning rate of 0.0001 and cosine learn-
ing rate schedule. If not specified, all the experiments are conducted on 
two 24GB 4090 GPUs, with batch size of 16 and epoch of 60. Addition-
ally, we employ the same data mining approach as Sample4Geo (Deuser 
et al., 2023), and also adopt its data augmentation strategy: empirically 
applying rotation with a probability of 0.75 and flip with a probablity 
of 0.5 to each image. For fair comparison, we reproduce Sample4Geo 

results under unknown orientation and limited FoV by using the same 
batch size and learning rate as ours.

4.3.  Comparison with state-of-the-art methods

4.3.1.  Localization with panoramic image
We first evaluate the performance of our W2W-BEV in standard set-

ting with center-aligned panorama. we compare our method with some 
state-of-the-art methods, including SAFA (Shi et al., 2019), DSM (Shi 
et al., 2020a), L2LTR (Yang et al., 2021), TransGeo (Zhu et al., 2022), 
DeHi (Wang et al., 2024), GeoDTR (Zhang et al., 2023), SAIG-D (Zhu 
et al., 2023b), OR-CVFI (Cheng et al., 2025), Sample4Geo (Deuser et al., 
2023), ConGeo (Mi et al., 2024), and C-BEV (Fervers et al., 2023a). 
As shown in Table 1, our method is competitive with the state-of-the-
art approaches. Notably, C-BEV demonstrates a significant advantage 
on the CVACT_test dataset. This can be attributed to its two-stage de-
sign. And C-BEV preprocesses the spatial resolution of satellite imagery 
within the dataset to achieve uniformity, thereby enhancing the baseline 
performance. However, C-BEV necessitates annotations of the original 
spatial resolution of the satellite imagery, which imposes constraints 
on its practical applicability. Then, we evaluate the performance of our 
W2W-BEV in a challenging localization scenario, where the orientation 
of the ground-level query image is unknown. Several state-of-the-art 
methods, including DSM (Shi et al., 2020a), DeHi (Wang et al., 2024), 
Sample4Geo (Deuser et al., 2023), C-BEV (Fervers et al., 2023a) and 
ConGeo (Mi et al., 2024) are considered for performance comparison. 
DeHi employs polar transform to reduce the domain disparity and intro-
duce the delicately designed modules to learn orientation-invariant fea-
tures; Sample4Geo takes a data-centric approach, which enhances rep-
resentation learning by proposing two effective data mining methods; 
DSM estimates orientation by exhaustively computing feature similar-
ity across discrete angles. C-BEV, on the other hand, first projects ground 
features into a polar coordinate space via an attention mechanism, then 
transitions them to the BEV space, and finally computes the orientation 
estimation through similar discrete sampling to find the maximum sim-
ilarity offset. Although both methods resolve orientation ambiguity for 
panoramic inputs, they neglect scenarios with a limited FoV, leading to 
a significant performance degradation or even rendering them unusable 
in limited FoV settings. ConGeo shifts the solution to a contrastive train-
ing framework to improve FoV robustness, but its reliance on additional 
panoramic reference samples leads to overfitting and poor cross-dataset 
generalization. In contrast, our W2W-BEV method addresses these limi-
tations by diffusing and segmenting features and then performing adap-
tive feature similarity matching. This approach not only removes the 
dependency on orientation priors and eliminates the need for complex 
explicit orientation alignment, but also inherently robustly handles vari-
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Table 2 
The performance comparison with state-of-the-art methods on the CVUSA and CVACT datasets with unknown orientation. 
“†" denotes models that use polar transform to approximately align the two views. “♣" denotes that methods incorporates 
orientation prediction to explicitly align cross-view images. “∗" indicates the use of a single model trained with contrastive 
learning from ConGeo and “-" indicates that this metric was not reported in the original paper. 

 Approach  CVUSA  CVACT_val  CVACT_test
 R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%

†DSM ♣  78.11  89.46  92.90  98.50  72.91  85.70  88.88  95.28  –  –  –  –
†DeHi  82.38  93.53  96.30  99.36  77.94  90.62  93.26  97.65  –  –  –  –
 Sample4geo  90.80  97.14  98.05  99.10  81.27  89.98  91.68  95.70  64.49  82.59  85.68  95.78
 C-BEV ♣  97.13  99.07  99.16  99.29  89.46  94.62  95.46  97.17  73.94  90.53  92.17  97.15
 ConGeo  96.60  98.90  99.20  99.70  83.00  90.60  92.40  96.30  –  –  –  –
 Ours  93.22  97.99  98.72  99.35  83.09  91.20  92.98  96.45  65.91  84.32  87.28  96.55
 ConGeo∗  85.20  95.10  96.90  98.90  62.60  79.90  84.70  93.90  –  –  –  –
 Ours∗  93.61  98.36  98.99  99.56  73.65  85.29  87.96  93.75  –  –  –  –

Table 3 
The performance comparison with state-of-the-art methods on the CVUSA, CVACT_val, and CVACT_test datasets with unknown orientation 
and limited FoV. † denotes models that use polar transform to approximately align the two views. 

 Dataset  Approach  FoV = 180◦  FoV = 90◦  FoV = 70◦
 R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%

 CVUSA †DSM  48.53  68.47  75.63  93.02  16.19  31.44  39.85  71.13  8.78  19.90  27.30  61.20
 GAL  48.91  69.87  78.50  95.68  22.54  44.36  54.17  83.59  15.20  32.86  42.06  75.21
†L2LTR  56.69  80.86  87.75  98.01  26.92  50.49  60.41  86.88  13.95  33.07  43.86  77.65
 TranGeo  58.22  81.33  87.66  98.13  30.12  54.18  63.96  89.18  –  –  –  –
†DeHi  60.42  81.81  88.16  98.03  31.53  55.13  65.57  90.84  –  –  –  –
†ArcGeo  –  –  –  –  44.18  70.33  78.84  –  –  –  –  –
 Sample4geo  83.51  94.54  96.23  98.83  47.24  71.24  79.14  93.96  36.77  62.20  71.92  92.06
 ConGeo  92.30  97.90  98.70  99.70  55.50  75.40  81.50  93.90  49.10  70.80  78.00  93.10
 Ours  86.55  95.63  97.13  98.95  64.75  84.66  89.37  96.88  43.33  68.73  77.41  93.78
 ConGeo∗  92.30  97.90  98.70  99.70  55.90  73.20  79.00  90.90  37.10  55.70  62.80  81.40
 Ours∗  85.60  95.72  97.48  99.34  57.37  77.19  82.75  94.16  47.91  68.63  75.65  90.26

 CVACT_val †DSM  49.12  67.83  74.18  89.93  18.11  33.34  40.94  68.65  8.29  20.72  27.13  57.08
 GAL  49.93  68.48  77.16  93.01  26.05  49.23  59.26  85.60  14.17  32.96  43.24  77.19
 Sample4geo  58.36  77.25  83.01  93.73  26.70  50.69  60.96  85.05  18.37  38.88  48.98  78.55
 ConGeo  70.30  85.20  88.60  95.10  40.60  62.60  69.80  86.60  24.60  45.30  54.30  80.60
 Ours  63.17  81.09  86.10  94.89  32.22  57.49  66.85  88.16  24.28  47.70  58.16  84.87
 ConGeo∗  70.30  85.20  88.60  95.10  34.80  56.90  69.80  86.60  24.60  45.30  54.30  80.60
 Ours∗  66.43  81.19  85.46  93.75  36.68  58.14  65.80  83.97  29.05  49.96  58.18  79.56

 CVACT_test  Sample4geo  32.59  55.64  63.30  92.50  9.82  23.99  31.72  82.70  5.09  14.79  20.81  75.38
 Ours  37.88  62.35  69.67  94.99  12.67  30.14  38.85  88.56  7.58  21.09  28.89  85.16

ations in the FoV. The recall results of our W2W-BEV and all baselines 
are presented in Table 2. As can be seen, our W2W-BEV outperforms the 
first five compared methods by a large margin when the orientation is 
unknown. Due to the use of 360-aligned images for contrastive learning 
in ConGeo’s training method, it performed well in specific angle training 
and testing. To fairly compare, we use the contrastive learning training 
method used in ConGeo, as shown in the last two lines of each exper-
iment of Table 2. Specifically, our approach achieved an improvement 
on the CVUSA dataset from 85.20% to 93.61% (+8.41%), and on the 
CVACT dataset from 62.60% to 73.65% (+11.05%) on R@1 accuracy. 
This indicates that our approach has achieved a significant improve-
ment in model performance. Subsequent experiments further demon-
strate that the integration of our model with ConGeo exhibits superior 
generalization capabilities.

4.3.2.  Unknown-orientation localization with limited FoV
A more realistic localization scenario with unknown orientation and 

limited FoV is considered. Please note that we add four more models 
including GAL (Rodrigues & Tani, 2022), L2LTR (Yang et al., 2021), 
TransGeo (Zhu et al., 2022) and ArcGeo (Shugaev et al., 2024) for com-
parison in addition to the previous six compared methods. The recall 
results of all the above methods on CVUSA and CVACT datasets are 
presented in Table 3. We observe that our W2W-BEV brings significant 

improvements across all different FoVs of 180◦, 90◦, and 70◦ on all three 
datasets compared to all model-based approaches. Overall, the relative 
improvements for R@1 increase as the FoV of the ground-level query 
image gets reduced on all of the three datasets. To be specific, we gain 
relative improvements of 16.2%, 29.0%, and 48.9% respectively under 
FoVs of 180◦, 90◦, and 70◦ on CVACT_test, 8.2%, 20.7%, and 32.2% 
respectively under FoVs of 180◦, 90◦, and 70◦ on CVACT_val, 3.6%, 
37.1%, and 17.8% respectively under FoVs of 180◦, 90◦, and 70◦ on 
CVUSA. Our model demonstrates better generalization ability compared 
to ConGeo at smaller orientation angles, such as 90◦ and 70◦, which il-
lustrates the compatibility with advanced training methods. Due to the 
challenging nature of VIGOR, little attention has been paid to its lim-
ited Fov. Therefore, we only compared with the latest method, ConGeo. 
Even for ConGeo, which only reports robustness at 90◦ on the VIGOR 
dataset, to enable a more comprehensive comparison with ConGeo, we 
further evaluate its performance on VIGOR using their publicly released 
source code. We rigorously reproduce their experimental results under 
the FoV-specific training paradigm. Table 4 shows the performance of 
our method on VIGOR and compared with ConGeo. Our model demon-
strates substantial improvements in R@1 accuracy, achieving improve-
ments of 23.77%, 13.82%, and 12.08% respectively under FoVs of 180◦, 
90◦, and 70◦ on Same-Area setting, 6.52%, 2.38%, and 0.5% respec-
tively under FoVs of 180◦, 90◦, and 70◦ on Cross-Area setting. The above 
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Table 4 
The performance on the VIGOR dataset with unknown orientation and limited FoV. ’-’ indicates that this metric was not reported in the 
original paper. 

 Dataset  Approach  FoV = 180◦  FoV = 90◦  FoV = 70◦
 R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%

 Same-Area  ConGeo  13.24  29.18  37.11  87.42  5.93  15.35  21.02  72.03  4.88  13.23  18.49  70.20
 Ours  37.01  63.19  70.59  93.14  19.75  41.95  50.79  90.36  16.96  37.15  45.93  89.34

 Cross-Area  ConGeo  3.14  8.72  12.49  55.41  1.36  4.19  6.30  43.01  0.87  3.10  4.95  38.58
 Ours  9.66  22.18  28.81  72.88  3.74  10.81  15.54  63.58  1.37  4.57  7.26  48.89

Table 5 
The recall rates of our W2W-BEV on CVUSA and CVACT_val when it is trained and tested on different FoVs. 

 Dataset  train
 test  FoV = 180◦  FoV = 90◦  FoV = 70◦

 R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%  R@1  R@5  R@10  R@1%
 CVUSA  180◦  86.55  95.63  97.13  98.95  55.19  73.62  79.45  90.50  26.31  46.68  54.85  75.38

 90◦  81.54  94.05  96.17  99.04  64.75  84.66  89.37  96.88  28.77  51.99  61.04  82.33
 70◦  64.09  85.27  90.72  98.28  47.52  73.04  80.99  95.37  43.33  68.73  77.41  93.78

 CVACT_val  180◦  63.17  81.09  86.10  94.89  32.56  54.99  64.15  85.51  22.04  42.83  52.06  77.90
 90◦  53.05  74.63  81.49  93.88  32.22  57.49  66.85  88.16  23.28  46.27  55.89  82.95
 70◦  41.06  65.14  73.50  91.84  27.46  51.64  62.06  86.71  24.28  47.70  58.16  84.87

Table 6 
The R@K in the CVUSA → CVACT and CVACT → CVUSA cross-dataset 
settings, which demonstrates the generalization ability of the model 
across the different datasets. 

 Datasets  FoV  Approach  R@1  R@5  R@10  R@1%
 CVUSA  360◦  L2LTR  47.55  70.58  77.39  91.39

 TransGeo  53.16  75.62  81.90  93.80
↓  Sample4Geo  56.62  77.79  87.02  94.69

 Ours  63.15  82.38  87.14  95.90
 90◦  Sample4Geo  0.97  3.11  5.28  18.92

 ConGeo  1.29  4.00  6.20  23.00
 CVACT  Ours  1.63  5.10  6.80  25.46
 CVACT  360◦  L2LTR  33.00  51.87  60.63  84.79

 TransGeo  44.07  64.66  72.08  90.09
↓  Sample4Geo  44.95  64.36  72.10  90.65

 Ours  44.84  64.28  72.37  91.23
 90◦  Sample4Geo  1.09  3.37  5.20  18.45

 ConGeo  1.70  4.89  7.88  23.05
 CVUSA  Ours  1.85  6.80  9.70  28.03

superiority of our W2W-BEV could be explained by its capability to suc-
cessfully imagine those important structure features, which fall outside 
the field of view, in BEV space by borrowing information from those 
known ground-level features.

4.3.3.  Generalization across different datasets and FoVs
In cross-view geo-localization, cross-dataset evaluations such as 

CVUSA → CVACT and CVACT → CVUSA are commonly used to assess 
the model’s generalization ability. In the Table 6, we report a compari-
son of our method with other state-of-the-art methods in terms of gen-
eralization across different datasets, under the condition of panorama 
with known orientation and 90◦ FoV. It is evident that our model shows 
consistent improvement in generalization ability. In real-world applica-
tions, the FoV of the camera mounted on autonomous systems may not 
equal to the one used for collecting training samples. Therefore, evaluat-
ing the generalization performance across different FoVs holds practical 
significance. Hence, we also investigate the generalization performance 
of our W2W-BEV by training it under a specific FoV and testing the mod-
els across various FoVs. As shown in Table 5, for a model trained under a 
specific FoV, the achieved recall results increase with the FoV of testing 
images. Furthermore, for a given testing FoV, the best performance is 
achieved by the model trained under the same FoV. Performance drop 

Table 7 
Ablation studies on main components on CVUSA, with "✓" indicating the 
use of the respective method. 

 FoV  BEV  Initial  Matching  R@1  R@5  R@10  R@1%
 70◦  36.77  62.20  71.92  92.06

✓  40.46  65.81  74.85  93.63
✓ ✓  42.59  67.94  76.20  93.66
✓ ✓  41.21  67.60  76.37  94.02
✓ ✓ ✓  43.33  68.73  77.41  93.78

 90◦  47.24  71.24  79.14  93.96
✓  60.57  82.32  88.77  98.14
✓ ✓  62.90  83.30  89.11  97.60
✓ ✓  62.48  82.96  88.69  97.58
✓ ✓ ✓  64.75  84.66  89.37  96.88

is observed when the training and testing FoVs are different. Despite 
performance degradation, the recall results are still promising. For in-
stance, when the testing FoV is 70◦, we gain 23.28% and 22.04% for 
R@1 on CVACT_val, respectively from models trained on FoV=90◦ and 
FoV=180◦, which are still better than that achieved by Sample4Geo 
trained under FoV=70◦ (i.e., 18.37% as shown in Table 3).

4.4.  Ablation experiment

4.4.1.  Effectiveness of main components
In this section, we validate the effectiveness of the key components 

by conducting ablation studies on the proposed BEV initialization and 
window matching modules. When they are not employed, we replace 
them with random initialization and random matching, respectively. As 
shown in Table 7, when the BEV initialization and window matching 
modules are separately incorporated, we gain an increase of 2.13% and 
0.75% for R@1 respectively at FoV = 70◦, and 2.33% and 1.91% respec-
tively at FoV= 90◦. When they are used together, our method performs 
the best, achieving 43.33% and 64.75% respectively for R@1 at FoVs 
of 70◦ and 90◦. The observations demonstrate the effectiveness of these 
two key components. Another notable observation is that when the ran-
dom initialization and matching techniques are considered in our BEV 
learning framework, we still achieve 40.66% and 60.57% for R@1 re-
spectively at FoVs of 70◦ and 90◦, outperforming the pure CNN-based 
baseline at row 1 by a large margin. We speculate this is due to the 
strong correlations between ground windows under small FoVs, which 
make random matching still work.
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Fig. 3. The effect of the size of windows on recall results under different FoVs. The more windows there are, the less feature information each window contains.

Table 8 
Effect of the depth extraction network on model performance. “Random" 
denotes replacing the depth value with a random value. 

 FoV  Depthnet  R@1  R@5  R@10  R@1%
 70◦  Random  41.50  64.14  72.17  88.82

 BEVDepth  44.75  69.54  77.45  93.58
 1 × 1 Conv  43.33  68.73  77.41  93.78

 90◦  Random  60.22  82.36  88.67  98.15
 BEVDepth  63.47  83.73  88.81  96.33
 1 × 1 Conv  64.75  84.66  89.37  96.88

Table 9 
Comparison of different feature partitioning strategies under limited FoV 
and unknown orientation on the CVUSA Dataset. 

 FoV  Partition  R@1  R@5  R@10  R@1%
 90◦  Window  64.75  84.66  89.37  96.88

 Stripe  61.57  82.89  88.59  97.42
 Point  62.08  82.40  87.16  95.24

 70◦  Window  43.33  68.73  77.41  93.78
 Stripe  40.09  63.87  72.47  90.51
 Point  39.21  62.15  70.26  87.28

4.4.2.  Depthnet for initialization
Although the ablation study of the main components confirms the 

effectiveness of depth-guided initialization, we further investigate the 
influence of depth quality on W2W-BEV. Specifically, we replace the 
depth network with either random depth values or a more sophisticated 
depth estimator from BEVDepth (Li et al., 2023). As shown in Table 8, 
using random depth values leads to a clear performance drop, whereas 
introducing a more complex depth network does not yield notable im-
provements. We attribute this to the absence of a camera-parameter en-
coder in our framework, which makes BEVDepth difficult for depth es-
timators to be directly integrated and effectively utilized.

4.4.3.  Spatial partition strategies
W2W-BEV establishes spatial correspondences via window-level 

matching, which identifies window-to-window associations based on 
maximal semantic similarity. Unlike the other two potential partitioning 
strategies-point-wise and stripe-wise, our window-level approach better 
preserves semantic completeness while remaining computationally ef-
ficient. Specifically, in the absence of camera parameters, point-wise 
partitioning suffers from incomplete and ambiguous semantic informa-
tion, making it difficult to identify coarse spatial correspondences purely 
from semantic similarity. On the other hand, stripe-wise partitioning in-
troduces geometric ambiguity in the correspondence mapping. Taking 
the depth direction as an example, stripe-wise partitioning groups fea-
tures from different depths into the same region, forcing semantically 
distinct structures at different depths to share a single matching area. 
This assumption contradicts the real-world scenario, where semantic 
content at different depths is inherently diverse. Therefore, the proposed 

Table 10 
Comparison of training memory consumption, training time, GLOPS, inference 
speed, and R@1 accuracy of different models on the CVUSA dataset under FoV 
= 90◦. 
 Method  Train Mem.  Train Time  GFLOPs  Infer. Speed  R@1
 TransGeo  5G  10h  6.96  19ms  30.12
 ConGeo  21.5G  9h  14.18  26ms  55.50
 W2W-BEV  19.80G  9h  41.51  72ms  64.75
 W2W-BEV(128)  14.6G  9h  –  55ms  59.39
 W2W-BEV(256)  27.3G  10h  –  107ms  66.00

Table 11 
Random seeds are chosen from [1, 2025]; results report the mid-
range accuracy and the semi-range computed from the best and worst 
runs. 

 FoV  R@1  R@5  R@10  R@1%
 90◦  63.78±(1.01)  83.91±(0.85)  88.81±(0.72)  95.95±(0.05)
 70◦  43.54±(0.98)  68.90±(0.89)  77.60±(0.60)  93.83±(0.05)

window-level partitioning preserves the semantic diversity of the BEV 
embedding. As shown in Table 9, on the CVUSA dataset under both 90◦
and 70◦ FoV settings, the window-wise partition consistently achieves 
the best performance. This indicates that window-wise segmentation is 
more conducive to effective BEV embedding learning.

4.4.4.  Window size
We investigate the impact of the number of windows 𝐾 on re-

call rates by varying the value of 𝐾. Specifically, we consider non-
overlapping square partitions of the BEV feature map, with configura-
tions of 𝐾 = 2 × 2, 𝐾 = 4 × 4, and 𝐾 = 7 × 7. The more windows there 
are, the less feature information each individual window contains. The 
recall rates on the CVUSA dataset for these three configurations are re-
ported in Fig. 3. As observed, the performance decreases as the number 
of windows increases. This is because a larger number of windows re-
sults in smaller window granularity, causing the matching scheme to ap-
proach a point-wise pattern in which each window contains less seman-
tic information. Consequently, the correspondence between windows 
becomes more ambiguous, making it difficult to identify the optimal 
match based on feature similarity, whereas a larger window increases 
the computational cost of attention-based interactions. Therefore, we 
choose 2 × 2 as the number of windows.

4.4.5.  Size of BEV space
We conduct a comprehensive analysis of the impact of BEV space 

size on recall rates by evaluating different values of 𝑁 , i.e., 20, 24, 28. 
As shown in Fig. 4, it demonstrates a consistent improvement in R@1 as 
the size of the BEV space increases. This improvement can be attributed 
to the ability of a larger BEV space to facilitate more effective learning 
of information from the ground features. However, increasing the size 
of the BEV space comes at the cost of higher computational overhead, 
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Fig. 4. The effect of the size of BEV space on recall results under different FoVs. A larger BEV space size enhances the ability to capture fine-grained details, but it 
also increases computational overhead and memory consumption.

Fig. 5. The effect of the number of BEV encoder on recall results under different FoVs. Increasing the depth of BEV encoder typically raises the number of trainable 
parameters and architectural complexity. While this improves the model’s capacity to learn feature representations, it also escalates computational costs, memory 
usage.

Fig. 6. The figure shows the mapping of the BEV embedding’s pooled features onto the panoramic image. The red boxes indicate the range of viewpoints used during 
both training and inference.

which includes greater memory usage and longer training times. After 
weighing these considerations, we choose a BEV space of 28 × 28 for all 
our primary experiments, as it offers a favorable compromise between 
recall rate improvements and computational feasibility.

4.4.6.  Block of BEV encoder
We further investigate the impact of the number of blocks in the 

BEV encoder on the performance of the model by varying the number 
of blocks from 1 to 6. As shown in Fig. 5, a significant performance drop 
is observed across different FoVs when the number of blocks is reduced 
to just 1. This suggests that a single block is insufficient to capture the 
necessary global features. However, it is noteworthy that increasing the 
number of blocks to 6 does not improve the model’s performance. We 
hypothesize that under limited FoV, the available effective information 
decreases, and simply adding more blocks does not enhance the model’s 
capability.

4.5.  Analysis

4.5.1.  Model complexity analysis
To further evaluate the practical applicability of W2W-BEV, we an-

alyze and compare the computational complexity of W2W-BEV with 
several open-source baselines. The Table 10 presents a comprehensive 
comparison in terms of training memory consumption, training time, 
GFLOPs, and inference speed. It is important to note that GFLOPs re-
flects the computational complexity of each model. Therefore, all meth-
ods are evaluated using the same input resolution (ground-view images 
at 112× 611 and satellite images at 256× 256 Zhu et al., 2022). Infer-
ence speed is measured on a single RTX 4090 GPU with a batch size 
of 16. TransGeo employs a lightweight DeiT-S backbone, achieving low 
parameter count and memory usage, but this comes at the cost of a sub-
stantial drop in accuracy. Moreover, Its two-stage training also requires 
offline storage of attention maps, adding overhead. ConGeo leverages 
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Fig. 7. Illustration of successful retrieval examples with different FoVs. The first column shows the ground query images with unknown direction and limited FoV, 
and the second to sixth columns represent the top-5 retrieved images. The green border indicates the ground-truth. The red border indicates mismatched references.

panoramic images for contrastive learning, which increases memory 
consumption. While its architectural simplicity allows for relatively fast 
inference, its performance under limited FoV remains insufficient, and 
the single-view contrastive learning design leads to severe degradation 
in cross-dataset generalization. For W2W-BEV, the introduction of BEV 
representation learning inevitably increases computational complexity 
and memory usage. Nevertheless, the additional overhead is justified 
by substantial gains in retrieval accuracy. In addition, We further eval-
uate the effect of street-view input resolution. As expected, when the
resolution is reduced to 128× 512, the model exhibits a noticeable per-
formance drop due to the loss of semantic detail. Increasing the resolu-
tion to 256× 1024 improves performance from 64.75% to 66.00%, but 
this gain comes with a significantly higher computational burden.

4.5.2.  Model stability analysis
To evaluate the robustness of our model, we randomly select three 

integers from the range [1, 2025] as random seeds and report the mid-
range accuracy together with the semi-range, computed from the best 
and worst runs. As shown in Table 11, the performance variation of 
W2W-BEV across three independent runs remains within a reasonable 
range, indicating that the effectiveness of W2W-BEV is consistent and 
not attributable to random fluctuations during training.

4.5.3.  Visualization
We visualize the BEV representations of the regions of interest in 

both the panorama and aerial image using Grad-cam (Selvaraju et al., 
2017) method. In Fig. 6 (a), it is evident that BEV embedding can dis-
tinctly recognize critical features such as roads. Furthermore, under the 
three different FoVs, the BEV embedding is capable of inferring similar 
road features beyond the FoV to varying extents. This observation helps 
explain why our method achieves notable improvements even with a 
limited FoV. Compared with Fig. 6(b), it is clear that depth-guided ini-
tialization significantly enhances the BEV embedding’s ability to accu-
rately recognize critical road regions in the ground map, thus optimizing 
the BEV learning process.

We present successful retrieval examples of our method under 360◦, 
180◦, 90◦, and 70◦ and compare them with ConGeo. As shown in Fig. 7, 
it can be observed that as the FoV decreases, the effective information 
provided by the ground-level images diminishes, yet W2WBEV still suc-
cessfully retrieves matching aerial images. Additionally, we showcase 
examples of retrieval failures. As shown in Fig. 8, in the case of 360◦
with unknown orientation (first and second rows on the right), although 
both W2W-BEV and ConGeo achieve successful retrieval under the Top-
1 metric, W2W-BEV returns top-5 candidates with extremely high sim-
ilarity, whereas ConGeo retrieves top-2 and top-3 candidates that ex-
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Fig. 8. Illustration of unsuccessful retrieval examples with different FoVs.

Fig. 9. Illustration of unsuccessful retrieval examples with different scenes.
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hibit noticeable dissimilarity to the ground truth. However, when the 
FoV is further reduced to 90◦ and 70◦, W2W-BEV fails to retrieve the 
correct satellite image under the top-1 metric. We speculate that this is 
because, at smaller FoVs, the effective visual information is drastically 
reduced, severely disrupting the integrity of semantic structures (roads, 
buildings, and terrain) and their spatial relationships. As a result, in se-
mantically dense regions such as towns and urban areas (as shown in 
Fig. 8), relying solely on incomplete semantic and spatial information 
makes it difficult to reconstruct the global semantic layout, leading to 
retrieval failures. Nevertheless, it is worth noting that under a 90◦ nar-
row FoV, although W2W-BEV does not successfully retrieve the exact 
ground-truth image, its top-ranked satellite retrievals exhibit high se-
mantic and structural similarity to the ground truth. This observation 
confirms that W2W-BEV is still able to learn meaningful semantic and 
spatial representations under small-FoV conditions, while also revealing 
that incomplete visual information limits the model’s ability to distin-
guish globally complex layouts. When the FoV is further reduced to 70◦, 
the semantic information becomes severely fragmented, rendering the 
retrieval unreliable. We attribute these failures to the highly extreme 
scene condition.

We further investigated the performance boundaries of W2W-BEV 
and presented examples where W2W-BEV completely fails in the top-5 
under panoramic views, as shown in Fig. 9. We observed that W2W-
BEV struggles with heavily occluded scenes, such as cross-view retrieval 
failures caused by dense outdoor trees and semi-outdoor scene.
5.  Conclusion

Exploring cross-view image geo-localization under limited FoVs and 
unknown orientations is critical for real-world applications. We pro-
pose a novel window-to-window BEV representation learning method, 
termed W2W-BEV. By learning BEV grid embeddings from ground image 
features, the gap between different viewpoints is effectively reduced. 
This method introduces context-aware dynamic window matching to 
match BEV queries to ground references at the window scale, based 
on depth-guided BEV initialization, which eliminates the dependency 
of BEV mapping on camera intrinsic and extrinsic parameters. Exten-
sive experimental results on benchmark datasets show that W2W-BEV 
achieves significant improvements under limited FoV and unknown ori-
entation. Additionally, W2W-BEV can be flexibly adapted to video-based 
cross-view geo-localization. This can be achieved by performing tem-
poral modeling on video frames, followed by representation learning 
across frames through cross-attention. Alternatively, BEV representa-
tion can first be learned for each individual frame, followed by temporal 
modeling on the resulting BEV representations. Therefore, flexibly and 
effectively transferring BEV to video-based cross-view geo-localization 
holds practical significance for future work.
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