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Abstract. Cross-View Geo-Localization (CVGL) is crucial for naviga-
tion in GPS-restricted environments. However, bridging the severe per-
spective gap between ground and aerial views remains challenging. Exist-
ing approaches either rely on coarse image-level retrieval, suffer from un-
stable optimization in pose regression, or require expensive fine-grained
annotations. These limitations suggest that current formulations of cross-
view geo-localization are insufficient for reliable fine-grained localization.
To address this limitation, we introduce a new task, Sector-Level Cross-
View Geo-Localization (SLCVGL), which aims to perform fine-grained
sector-level geo-localization of a limited Field-of-View (FoV) ground im-
age within an omnidirectional aerial image, while simultaneously infer-
ring its ground-view orientation without manually annotated pose labels.
To operationalize this task, we propose an Azimuthal Scanning frame-
work. It decomposes aerial feature maps into multiple azimuthal sectors,
instead of relying on holistic matching. By aligning ground features with
these sectors, the model explicitly retrieves a sector-level sub-region and
implicitly estimates orientation, eliminating the need for continuous pose
regression supervision. This design also reduces interference from unob-
served overhead regions. To benchmark the proposed task, we repur-
pose standard panoramic datasets into a limited-FoV sector-level proto-
col with random FoV cropping and soft labeling. Extensive experiments
on CVUSA and CVACT demonstrate improvements over state-of-the-
art methods, with a 30.17% R@1 improvement on CVACT under the 70°
FoV setting, while maintaining strong robustness across varying FoVs.

Keywords: Cross-View Geo-Localization - Image Retrieval - Limited

Field-of-View

1 Introduction

Cross-view Geo-localization (CVGL) has emerged as an effective vision-based al-
ternative, providing robust localization when GPS signals are obstructed or per-
turbed by noise [5}/7}/1332)37./39]. The core objective of CVGL is to ascertain the
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Fig.1: Comparison of different cross-view geo-localization tasks. (a) Image-
Level Cross-View Geo-Localization focuses on coarse-grained matching but remains
orientation-agnostic. (b) Cross-View Pose Estimation attempts to regress the 3-DoF
pose but suffers from high optimization complexity and strict pairwise data depen-
dency, limiting its scalability in large-scale retrieval. (c) Object-Level Cross-View Geo-
Localization achieves fine granularity but relies on expensive manual annotations and
rigid instance-level correspondences. (d) Ours introduces a fine-grained scanning mech-
anism that explicitly retrieves the sector-level sub-region and implicitly determines the
orientation without requiring explicit pose labels or labor-intensive supervision.

geo-localization of a ground query image by matching it against a geo-referenced
database of aerial imagery. However, despite remarkable strides in deep represen-
tation learning, this task remains a formidable challenge. The primary difficulty
stems from the drastic perspective gap between ground and aerial views, which
manifests as severe geometric deformations and significant variations in visual
appearance . Consequently, overcoming these challenges is criti-
cal for unlocking advanced applications such as autonomous navigation ,
augmented reality , and precise search and rescue missions |18].

Existing research generally formulates the problem into three distinct tasks.
Image-Level Cross-View Geo-Localization (Fig. ) enables efficient coarse-scale
matching, yet remains limited by a significant granularity gap, as it lacks explicit
modeling of spatial position and orientation. In contrast, fine-grained tasks such
as Cross-View Pose Estimation (Fig. [[b) and Object-Level Cross-View Geo-
Localization (Fig. [Ik) attempt to address this limitation, but introduce substan-
tial practical challenges. The former explicitly regresses pose parameters under a
pairwise alignment formulation, which limits its scalability to large-scale retrieval
settings. The latter relies on expensive instance-level annotations and assumes
explicit instance-level correspondence between cross-view targets, which hinders
scalability in large-scale real-world deployments.

Consequently, existing tasks remain trapped between coarse image-level re-
trieval and costly fine-grained localization. To break this impasse, we argue that
fine-grained spatial cues can be extracted from inherent geometric constraints
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rather than relying on expensive manual annotations. We thus revisit the ge-
ometric inclusion relationship between ground and aerial views. The disparity
in their FoVs implies that a limited-FoV ground image corresponds to a spatial
sub-region of the omnidirectional aerial scene. Building upon this sub-region rela-
tionship, the limited-FoV of a ground image further constrains the corresponding
aerial region to a continuous azimuthal range. From a top-down perspective, such
an angular constraint naturally translates into a wedge-shaped sector. Based on
this observation, we propose a new task named Sector-Level Cross-View Geo-
Localization (SLCVGL) (Fig. [Id). The objective is to identify the specific aerial
sector whose features optimally align with the limited-FoV ground query. The
spatial position of the matched sector provides fine-grained localization, while
its azimuthal span implicitly indicates the orientation of the ground image. This
design enables simultaneous sector-level localization and orientation inference,
without manually annotated pose labels or labor-intensive instance-level labels.

To operationalize the new task, we introduce a new framework, termed Sec-
torGeo, built upon an Azimuthal Scanning mechanism. Instead of treating the
aerial image as a monolithic block, we model it as a continuous search space. We
decouple the aerial feature map into overlapping azimuthal sectors, simulating
azimuthal scanning around the aerial image center. During the matching process,
the ground image is compared against these generated aerial sectors through the
Joint Azimuthal Alignment and Relational Retrieval Stream. In this way, iden-
tifying the correct aerial image anchors the global position, while pinpointing
the best-matching sector yields a finer-grained spatial localization and simulta-
neously reveals the discrete azimuthal orientation of the ground query.

To rigorously evaluate the proposed task, we observe that 360°-t0-360° eval-
uation protocols are designed for coarse image-level retrieval, rendering them
incapable of quantifying the precision of sector-level localization and orientation
inference. Accordingly, we repurpose standard panoramic benchmarks (CVUSA
and CVACT) into a rigorous sector-level evaluation protocol. To address the in-
herent label ambiguity arising from overlapping sectors and continuous orienta-
tion discretization, we introduce a Ground-Truth Soft Labeling mechanism. This
provides smooth optimization targets derived directly from geometric priors, en-
abling both robust training and fine-grained benchmarking without requiring
additional manual annotations. Our contributions are summarized as follows:

— To address the challenge of bridging coarse image-level retrieval and expen-
sive fine-grained methods, we introduce a new task, Sector-Level Cross-View
Geo-Localization (SLCVGL). Given a limited Field-of-View (FoV) ground
image, the task requires identifying the corresponding aerial sector and im-
plicitly estimating its orientation. By exploiting the geometric inclusion re-
lationship between views, SLCVGL transforms fine-grained localization and
continuous orientation estimation into a discrete sector-level retrieval prob-
lem, enabling explicit localization and implicit orientation inference without
the need for pairwise alignments or labor-intensive annotations.

— To operationalize this task, we introduce a sector-based Azimuthal Scanning
framework. The aerial feature map is decomposed into overlapping azimuthal
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sectors, which are structurally aligned with the limited-FoV ground features.
This alignment suppresses interference from unobserved regions. Crucially,
by predicting the azimuthal sector of the ground query through discrete
feature matching, our framework avoids the optimization challenges inherent
in traditional pose regression.

— We establish an evaluation protocol by repurposing panoramic benchmarks
and introducing a Ground-Truth Soft Labeling mechanism. This mechanism
addresses label ambiguity arising from overlapping azimuthal sectors and
continuous orientation angles by providing smooth optimization targets.

— Extensive experiments on the repurposed CVUSA and CVACT benchmarks
demonstrate that SectorGeo achieves substantial improvements over state-
of-the-art methods. Moreover, it maintains strong consistency between image
retrieval and sector-level alignment, validating the effectiveness of SLCVGL.

2 Related Work

2.1 Image-Level Cross-View Geo-Localization

Image-Level Cross-View Geo-Localization is generally treated as an image re-
trieval task |1L[11L|17]23}29]/34}:35}/39,40,42,43|. Given a ground-level query im-
age, the objective is to retrieve the most relevant aerial reference image from a
large-scale database. Early approaches relied on Convolutional Neural Networks
(CNNs) to bridge the drastic domain gap. Liu et al. [14] pioneered the integra-
tion of orientation information into neural networks to assist feature alignment,
while Shi et al. [23] employed Optimal Feature Transport theory to address spa-
tial misalignment. Wang et al. [26] further emphasized the importance of local
patterns, demonstrating that attending to salient regions significantly facilitates
retrieval. With the advent of Vision Transformers (ViTs), the focus shifted to-
ward capturing global dependencies. Yang et al. [32] proposed a layer-to-layer
Transformer architecture to model long-range correlations. Ye et al. [34] proposed
a Panorama-BEV Co-Retrieval Network to leverage complementary views. Most
recently, Li and Zhu introduced PLGeo [11], a patch-level framework designed
to explicitly overcome severe orientation discrepancies in retrieval tasks. Despite
these advancements, standard geo-localization remains a coarse-grained task. It
retrieves an aerial image covering a large physical area but fails to provide the
specific coordinate or orientation within that image.

2.2 Cross-View Pose Estimation

Cross-View Pose Estimation aims to regress the precise 3-DoF pose (latitude,
longitude, and orientation) of the ground image [4,9,30]. Shi et al. [22] retrieves
a candidate image and then utilizes feature matching to estimate geometric
offsets, achieving meter-level accuracy. SliceMatch [9] introduced a geometry-
guided aggregation module, applying circular convolution to aerial feature slices
to robustly estimate azimuth. To enhance reliability, Xia et al. [31] combined
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metric localization with uncertainty estimates, allowing the model to quantify
the confidence of its predicted pose. While pose estimation methods can achieve
high localization accuracy, they suffer from several inherent limitations. First,
they rely on precise pose annotations, which are costly and difficult to obtain
at large scale. Second, learning continuous pose regression across different view-
points is inherently challenging, often leading to unstable optimization.

2.3 Object-Level Cross-View Geo-Localization

Object-Level Cross-View Geo-Localization focuses on locating an object ob-
served in a ground query within the aerial reference images [8}|12}[241[37.|38}[41].
Sun et al. |24] refined feature alignment for target detection. Recently, Zhang
and Zhu [37] proposed breaking rectangular shackles, moving beyond bounding
boxes to perform cross-view object segmentation, achieving pixel-level localiza-
tion. The primary bottleneck of this task is the high cost of supervision. Training
these models requires laborious manual annotations (e.g., bounding boxes).

Existing tasks trade off between localization granularity, flexibility, and su-
pervision cost. To bridge these gaps, we propose a task, called SLCVGL. By de-
coupling aerial features into directional sectors, our method enables fine-grained
sub-region retrieval and implicit orientation estimation, bypassing the require-
ment for expensive annotations or rigid pose assumptions.

3 Method

3.1 Problem Statement

The goal of this research is to tackle a more complex and practical localization
challenge: identifying the corresponding aerial image for a limited-FoV query
while simultaneously retrieving its optimally matched azimuthal sector, thereby
explicitly identifying a finer-grained sector within the aerial image and implicitly
inferring the discrete camera orientation.

We define 79 = {I7}¥ | as a set of N ground query images and % = {Ij}Jle
as a gallery of M geo-referenced aerial images. Each query I is a sub-region
randomly cropped from a North-aligned panoramic image with a specific FoV
¢ € {70°,90°,135°,180°}. Geometrically, a ground image captures a limited
horizontal perspective, covering only a fraction of the surrounding environment.
Consequently, when mapped onto the top-down aerial footprint, a limited-FoV
query inherently corresponds to an azimuthal sector, rather than the entire 360°
aerial image. Formally, given a query I¢ with an unknown orientation # and a
known FoV ¢, the task is to jointly identify the optimal aerial reference image
index j* and the regional sector index p*:

(4%,p*) = argmax .F(Iq,Sector(I?,p, ¢)) (1)
je{1,....M}
p€e{l,....,P}
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Fig. 2: Overview of the proposed framework. Given a limited-FoV ground query and
a geo-referenced aerial image, the model performs azimuthal scanning by decomposing
aerial features into multiple directional sectors and aligning them with the ground rep-
resentation. The optimal sector correspondence jointly determines the matched aerial
reference, the sector-level sub-region, and the estimated camera orientation.

where Sector(I]‘% p, @) represents the p-th azimuthal sector of the aerial image I3
with an angular span ¢. In our protocol, all candidate sectors are generated by
rotating a sector-shaped scanning window around the center of the aerial image.
This center-based mask generation serves as a consistent scanning convention for
defining sector candidates, rather than a requirement that the ground camera
center must exactly coincide with the aerial image center. Here, F denotes the
overall cross-view matching objective, and P is the total number of candidate
sectors. The arg max operator essentially formulates a global search, identifying
the specific index pair (j*, p*) that maximizes the matching similarity across all
M aerial references and their P directional sectors. By uniformly discretizing the
360° azimuth into P sectors, the optimally matched index p* intrinsically defines
the geographical heading of the sector, which directly yields the estimated discrete
orientation 0 of the ground camera.

3.2 Feature Extraction and Representation

As shown in Fig. [2] we employ a dual-branch architecture based on ConvNeXt-
Base to extract features from both views. By sharing parameters, the model
maps ground and aerial images into a unified embedding space, thereby mitigat-
ing the inherent domain gap and facilitating cross-view alignment.
Ground-view Branch. Given a limited-FoV ground query I?, the backbone
network serves as a global encoder. It directly extracts a high-level semantic
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representation, which is then Lo normalized to obtain the final global descriptor
f7 € R, where C denotes the feature dimension.

Acerial-view Branch. Unlike the ground branch, the aerial image I* requires
the preservation of spatial information to support directional alignment. To this
end, we remove the final global pooling layer and the fully connected head,
utilizing the backbone as a dense feature extractor to produce a spatial feature
map F? € REXHEXW wwhere H x W represents the spatial resolution.

Azimuthal Feature Decoupling. To bridge the gap between the global
query vector f¢ and the spatial feature map F¢, we perform an azimuthal scan-
ning process by rotating a sector-shaped mask around the aerial image center.
This fixed center is used only to define a unified set of directional sector candi-
dates. Specifically, we generate a set of P binary sector masks {Mp}zlf:l, where
each mask M, € {0,1}*W defines a sector-shaped region with an angular
span ¢ matching the FoV of the query. These masks are generated by rotating
a sector-shaped scanning window clockwise in the circular azimuthal space with
a constant angular step A, yielding P = |360°/A6] candidate sector positions.
Each sector has an angular span of ¢, matching the FoV of the ground query.
In this way, the aerial feature map is scanned over a full azimuthal cycle, while
the degree of overlap between adjacent sectors is determined by the relationship
between ¢ and A#.

To aggregate the spatial features within each sector, we employ a masked
average pooling strategy. Since the backbone feature map already encodes high-
level spatial semantics, the sector-level pooling acts as a robust regional summa-
rization rather than destroying the underlying spatial structure. Let F*(h,w) €
RY denote the feature vector at spatial location (h,w), and M, (h,w) € {0,1}
denote the corresponding scalar mask value. The p-th azimuthal descriptor v, €
RY is computed by spatially integrating the masked features:

S N F (h,w)M, (h, w)
Zthl Z?‘ﬁ/:l M, (h,w) + €

where € is a small constant, and || - |2 denotes Lo normalization. This process
yields a sequence of directional candidates V* = {v,}}"_,, effectively transform-
ing the aerial feature into an orientation-aware feature sequence that structurally
corresponds to discrete geographic headings. Since sectors may be partially trun-
cated by image boundaries, normalization by the masked area ensures that each
descriptor remains scale-invariant with respect to sector size.

(2)

Vp‘
2

3.3 Joint Azimuthal Alignment and Relational Retrieval

We propose a dual-path framework that decouples the task into: (i) a Relational
Retrieval Stream for image-level matching, and (ii) an Azimuthal Alignment
Stream for fine-grained sector localization and implicit orientation estimation.
Relational Retrieval Stream (RRS). The primary objective of the rela-
tional retrieval stream is to determine the global similarity between the limited-
FoV ground query and the aerial reference images by evaluating the fine-grained
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correspondences between the query and individual azimuthal sectors. Geomet-
rically, a direct image-to-image comparison is suboptimal because the narrow-
angle query only corresponds to a specific azimuthal sub-region of the omnidirec-
tional aerial image, while the remaining sectors act as noise. To address this, we
propose a hierarchical process that calculates sector-wise similarities and refines
them into a robust image-level retrieval score.

Azimuthal Context Aggregation (ACA). To bridge the gap between the om-
nidirectional aerial sequence and the limited-FoV ground view image, we employ
the ACA mechanism to perform semantic reconstruction. This module utilizes
each aerial azimuthal candidate V® € RF*C to adaptively aggregate cues from
the ground descriptor 9. Specifically, an affinity matrix A € R”*! is first com-
puted via matrix multiplication:

A = LeakyReLU (V°f9). (3)

Here, the matrix multiplication calculates the raw geometric cosine alignment in
the latent space. The application of LeakyReLU introduces non-linearity while
preventing zero-gradients for diametrically opposed directions, ensuring train-
ing stability. The affinity vector A is then Lo normalized and transformed into
attention weights via a smoothed Softmax. Although f¢ is a single global de-
scriptor, the attention weights modulate its contribution differently for each
azimuthal sector, yielding sector-specific semantic emphasis. The reconstructed
ground context C, € R¥ %€ which represents the ground-level information se-
mantically aligned to each aerial heading, is derived as:

C, = Softmax(A/||All2)(£7)T. (4)

The model allocates semantic information of the query across the P aerial head-
ings. By scaling the ground feature with the distributed probabilities, the model
inherently amplifies the ground signal along the most likely matching direc-
tions while suppressing its magnitude along highly mismatched headings, thereby
yielding a highly discriminative, direction-specific context representation.
Cross-Sector Relational Reasoning (CSRR). We perform an element-wise fu-
sion between the reconstructed context C, and the original azimuthal sequence
V® using the Hadamard product @. The fused representation is then projected
through a linear transformation W; and Ly normalized to form the initial simi-
larity embedding Eq:
B = (C, © VW]l (5)

where W, is a learnable projection matrix. This embedding encapsulates the raw
matching strength between the ground observations and each individual aerial
sector in the latent space. Relying strictly on isolated sector-wise comparisons
is prone to local visual ambiguities, as distinct geometric locations may share
similar local patterns. To ensure a robust match, it is crucial to verify the holistic
spatial configuration of the 360° aerial image. To capture these global contextual
dependencies and suppress isolated false positives, we employ T iterative CSRR
blocks (indexed by t = 1,...,T). Each block treats the similarity embeddings of
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the azimuthal sectors E;_; as nodes in a graph and updates their states through
a dynamic self-attention mechanism:

M, = Softmax (E;—1Wg)(E—1Wk)'), E;=ReLU((M;E;_1)W,), (6)

where Wqo, Wi, W are learnable projection matrices and M, represents the
inter-sector affinity. Finally, this refined sequence of orientation-aware similarity
embeddings is converted into a reliable global retrieval score. Specifically, the
score S..; € R is computed by applying average pooling over the refined node
features Er along the sector dimension, followed by a linear projection W,:

Sret = (113 ;ET(p>> W€7 (7>

where W, € RE*! is a learnable projection matrix. The relational retrieval
stream addresses the viewpoint asymmetry between queries and omnidirectional
references. By modulating ground context via aerial headings and enforcing
structural consensus, the network suppresses regional noise and visual ambigui-
ties. Consequently, S;.¢; ensures that the top candidates share strong structural
correspondences with the limited-FoV ground query images.

Azimuthal Alignment Stream (A AS). The azimuthal alignment stream
aims to identify the specific azimuthal sector within the aerial image that cor-
responds to the ground-level view. By establishing a sector-wise correspondence
between the ground descriptor f¢ € R and the candidate orientation-aware
sequence V¢ = {vp}f::l, we treat orientation estimation as a discrete sector
localization task. The alignment response Sqign € R¥ is computed via:

Salign = V°fe (8)

The AAS serves as a geometric anchor. By localizing the optimal sector
index p* = argmax(Saign), the orientation of the query image is implicitly
determined by the heading of the matched sector. This stream operates on cosine
similarity without contextual reasoning, providing a lightweight geometric prior
for orientation estimation instead of a discriminative verification signal.

The core strength of this design lies in the reciprocal synergy between the
Azimuthal Alignment Stream and the Relational Retrieval Stream. While the
Azimuthal Alignment Stream provides implicit orientation supervision, the Re-
lational Retrieval Stream refines this direction awareness by forcing the model
to distinguish fine-grained structural details during scoring. As these tasks are
optimized simultaneously, the discriminative features from the retrieval process
back-propagate to enhance the precision of sector localization, resulting in a
more robust and orientation-aware representation.

Inference Pipeline. During inference, we leverage this dual-path design
to form an efficient coarse-to-fine localization pipeline. For a given query, we
first compute the image-level retrieval scores S;; to rank all aerial references
in the global database. Subsequently, the azimuthal alignment stream Sg;;gy, is
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directly evaluated on the top-K aerial candidates to estimate the most likely
corresponding sector, thereby simultaneously yielding the sector-level location
and the discrete orientation with limited additional computational overhead.

3.4 Training Objective

Given a mini-batch of size B, we jointly optimize the relational retrieval and
azimuthal alignment objective.

Relational Retrieval Loss. Let S, (7, j) denote the retrieval score between
the i-th query and the j-th reference produced by the relational retrieval stream.
For a mini-batch of size B, the pairwise scores form a similarity matrix S,¢; €
RBXB . We adopt InfoNCE loss |19] with learnable temperature parameter 7:

B .
1 exp (Spet(i,4)/7)
Limg = 5 Zlog ZB
i=1

) 9
j=1CXp (Sret(i,5)/7) ©)

Azimuthal Alignment Loss. For the azimuthal alignment stream, the

model outputs azimuthal logits St(zlz)l gn € R¥ for the i-th query, where each el-

ement corresponds to the predicted score of one azimuthal sector. Instead of

using a hard one-hot label, we construct a soft target distribution y* € R

by assigning non-zero weights wy) and wy) to the two neighboring sector in-

dices {pgi) , pg)} based on the linear inverse angular distance to the ground-truth
(4) (6 _

orientation 04, satisfying w;”’ + wy’ = 1. The alignment loss is defined:
1 B.P _
Lioe = 5 Z Z yz()’) log (Softmax (Ssl)lgn)p> . (10)
i=1 p=1

Overall Objective. The final loss is a weighted combination:

£:6£loc+(1_ﬁ)£img; (11)

where 8 balances the weights of azimuthal alignment and relational retrieval.

4 Experiments

4.1 Datasets

CVUSA and CVACT. CVUSA [27] comprises 35,532 training and 8,884 test-
ing pairs, covering rural environments. CVACT [14] offers a similar scale with
35,532 training and 8,884 testing pairs, but focuses on dense urban structures.
CVUSA-C and CVACT-C. To evaluate the robustness against real-world
environmental challenges, we validate our model on two corruption robustness
benchmarks, CVUSA-C [36] and CVACT-C [36].
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4.2 Sector-Level Geo-Localization Protocol

Ground-Truth Soft Labeling. While random FoV cropping provides the nec-
essary limited-FoV queries, it introduces a critical challenge for our specific
sector-level task: a randomly sampled continuous orientation 6 rarely aligns per-
fectly with a discrete sector center. To resolve this and successfully repurpose the
dataset for orientation estimation, we introduce a Ground-Truth Soft Labeling
mechanism. Given the discretization of the orientation space into P azimuthal
sectors, we formulate the alignment target as a soft distribution. For a query
with orientation 6, we identify the two closest discrete sector indices {pi,p2}
and assign their weights {w;,ws} via linear interpolation based on angular dis-
tance [6,125], such that wq + we = 1. This soft-labeling strategy preserves the
continuous geometric information of the camera heading and provides a smoother
optimization landscape compared to traditional one-hot encodings.

Metrics. We evaluate the performance using two metrics: Image-Level
Recall (RQK) and Sector-Level Recall (S-RQK). RQK follows the stan-
dard retrieval protocol, measuring the percentage of queries whose ground-truth
aerial image is ranked within the top K candidates (K € {1,5,10}). S-R@K is
a stricter joint metric specifically tailored to the proposed sector-level task. For
each query, we first determine whether its ground-truth aerial image is retrieved
within the top K candidates according to the image-level retrieval ranking. If so,
we further evaluate the predicted azimuthal sector associated with this ground-
truth aerial image. A query is counted as correct under S-R@QK only when the
ground-truth aerial image is retrieved within the top K candidates and the pre-
dicted sector index exactly matches the closest ground-truth sector, defined as
the sector with the maximum soft-label weight.

4.3 Implementation Details

Model Architecture. We use Sample4Geo |1] as baseline and adopt ConvNeXt-
Base [15] as backbone. To preserve the distinct geometric properties of each view,
we apply specific resizing strategies. The aerial reference images are resized to
384 x 384. For the ground view, the original full-view panoramas are resized to
140x768. During training and inference, the limited-FoV queries are dynamically
cropped from these panoramas based on the specified FoV angle ¢.

Training Protocol. Our model is implemented in PyTorch and trained on
a single NVIDIA A100-SXM4-40GB GPU. The training spans 40 epochs with a
batch size of 64. We employ the AdamW optimizer with an initial learning rate
of 1 x 107 and a weight decay of 0.05. The learning rate follows a cosine decay
schedule ending at 1 x 107°.

Baseline Adaptation. To ensure a fair comparison under the proposed
sector-level protocol, all methods are retrained on the repurposed CVUSA and
CVACT datasets with the same limited-FoV query generation strategy. Since
most existing methods are originally designed for image-level retrieval, we equip
them with the same Azimuthal Feature Decoupling strategy described in Sec.
[3:2) to obtain sector-level aerial descriptors. For each ground query and aerial
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Table 1: Quantitative comparison on the repurposed CVUSA and
CVACT benchmarks. We report performance across varying limited-FoVs (¢ €
{70°,90°,135°,180°}) with unknown orientations. Bold and underline indicate the
best and second-best performance, respectively. All comparison methods are imple-
mented according to publicly available source code settings to ensure a fair comparison.

CVUSA CVACT

Methods ‘ R@l1 R@5 RQ10|S-RAI S-R@5 S-R@10| R@1 R@5 R@10|S-R@1 S-R@5 S-R@10

Set

FRGeo [35] |10.03 20.54 34.10| 9.41 23.18 3220 | 7.82 21.52 30.91| 7.20 19.55 27.96

o | GeoDTR 0] | 4.20 9.23 1247| 240 494 629 | 389 847 1058| 221 456 598
| GeoDTR+ [39]| 478 10.24 1458 | 3.67 584 1047 | 424 924 1298| 324 524  9.68
I | SampledGeo [1]| 35.33 62.83 73.35| 34.20 60.73 70.82 | 6.96 18.73 26.51| 6.24 16.69 23.55
= | ConGeo [I7] |40.49 64.13 72.81 | 39.74 62.66 71.04 | 8.31 20.05 27.02| 7.60 18.25 24.57
M| PLGeo |IT] |44.56 69.35 77.53 | 28.69 44.17 48.95 |11.33 26.47 35.31| 9.78 21.97 28.79
Ours 63.79 84.62 89.91|59.92 78.47 82.95 |41.50 64.27 72.82|39.81 61.02 68.83

FRGeo [35] |11.82 28.96 39.75| 11.31 27.27 38.10 | 8.36 20.78 29.72| 7.74 18.83 26.80

o | GeoDTR [A0] | 6.47 1354 25.21| 4.96 9.58 1154 | 524 1157 20.14| 436 9.24  10.68
S | GeoDTR+ [39]| 7.01 15.84 26.96| 578 1027 13.84 | 6.16 12.98 21.74| 547 9.87 11.58
Il SampledGeo [1]| 40.48 69.42 79.04 | 39.29 67.42 76.67 |12.02 27.42 36.09 | 11.12 24.88 32.50
Z | ConGeo [17] |48.77 72.47 80.15| 47.81 70.89 78.34 |11.290 25.06 32.99| 10.70 23.39  30.59
M| PLGeo |IT] |53.94 77.96 85.03 | 40.42 58.34 63.78 |19.69 36.47 44.20| 15.53 26.55 30.72
Ours 72.44 89.87 93.62|66.41 81.43 84.66 |49.30 71.05 77.66|40.75 56.74 61.23

FRGeo [35] |19.80 42.74 55.08| 19.30 41.68 53.66 |13.44 32.14 43.34| 1147 27.09 36.77

o | GeoDTR [40] | 11.37 22.46 28.13| 529 10.31 12.83 | 9.57 20.58 25.64| 5.01 9.87 11.23
%3 | GeoDTR+ [39]| 12.85 25.98 30.47| 6.89 12.58 16.58 | 9.89 21.47 26.22| 6.31 10.44 13.24
Il |SampledGeo [I}| 50.40 79.19 87.40 | 49.08 77.13 85.10 |22.53 43.77 53.52| 21.10 40.07 48.34
= | ConGeo [17| | 67.01 86.26 90.52 | 65.89 84.69 88.71 |21.43 40.01 48.28 | 20.44 37.61 44.85
= | PLGeo [I1] |55.88 79.92 86.36| 51.19 72.97 78.59 |27.61 45.88 53.88 | 24.52 38.80 44.38
Ours 81.33 94.55 96.76| 77.44 89.19 91.12 |52.47 73.62 80.73|42.59 57.64 61.89

FRGeo [35] |31.42 57.00 67.83| 30.07 54.40 64.62 |23.48 48.22 58.81|21.67 43.88 53.15

o | GeoDTR 40] |12.78 23.50 29.64| 5.98 10.96 13.70 |11.24 19.68 25.41| 504 7.89 11.24
% | GeoDTR+ [39]| 14.89 29.87 32.47| 7.48 13.24 19.89 |13.47 23.57 27.47| 7.21 1257 15.96
Il |SampledGeo [1]| 65.47 87.32 92.19 | 63.28 84.30 88.93 |40.36 63.13 70.72 | 37.24 57.58 64.02
= | ConGeo [17|”|79.71 92.69 95.09 | 77.90 90.07 92.23 |37.92 57.96 64.93 | 35.78 53.24 59.08
= | PLGeo [11] |77.30 93.02 95.89 | 73.66 88.23 90.79 |37.72 5895 66.83 | 36.50 56.76 64.24
Ours 87.87 96.75 98.01|83.67 91.12 92.02 |57.38 76.52 82.04|46.11 59.23 66.56

reference, the predicted sector index is determined by selecting the aerial sec-
tor descriptor with the highest similarity to the ground descriptor. Therefore,
RQ@K evaluates image-level retrieval performance, while S-RQK further mea-
sures whether the predicted sector associated with the ground-truth aerial image
matches the ground-truth sector label.

Hyperparameters. The parameter 8 in Eq. (11) is set to 0.9 and 0.3 on
the repurposed CVUSA and CVACT datasets. The parameter T in Eq. (7) is
set to 3 on the repurposed CVUSA and CVACT datasets.

4.4 Comparison with State-of-the-Art Methods

Effectiveness of Image Retrieval. Table [I] presents a comparison on the re-
purposed CVUSA and CVACT benchmarks. The proposed method consistently
outperforms state-of-the-art methods. The performance margin is particularly
pronounced in the most constrained scenarios (¢ € 70°,90°). Specifically, on the
urban CVACT dataset, our framework achieves RQ1 improvements of 30.17%
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and 29.61% over the second-best methods at 70° and 90° settings, respectively.
Similar trends are observed on the rural CVUSA dataset. In these restricted set-
tings, the limited FoV of the ground image reduces overlapping context with the
aerial image, making holistic matching prone to errors. Our Azimuthal Scanning
mechanism decomposes the aerial feature map into directional sectors, aligning
ground features with the most relevant sub-regions. This targeted alignment re-
duces interference from unobserved areas and directly contributes to the observed
performance gains, particularly under tight FoV constraints.

Precision of Azimuthal Alignment. Unlike competing methods that ex-
hibit significant performance drops when transitioning from image retrieval to
joint sector alignment, our framework demonstrates remarkable resilience. For in-
stance, the performance of PLGeo on CVUSA at 70° drops sharply from 53.94%
(R@1) to 40.42% (S-RQ1). In contrast, our framework preserves metric consis-
tency. Under the 90° FoV, our S-R@1 reaches 66.41% on CVUSA and 40.75%
on CVACT, outperforming the second-best methods by 18.60% and 25.22%, re-
spectively. This consistent joint performance confirms that our model effectively
aligns the limited-FoV ground query with its corresponding geometric sub-region
rather than merely retrieving visually similar global images. Empowered by the
Ground-Truth Soft Labeling, our discrete sector-matching mechanism reliably
identifies the correct azimuthal sector, achieving robust directional localization.

4.5 Ablation Study

Effectiveness of Components and Pooling Strategies. To validate the
contribution of each component and determine the optimal pooling strategy,
we conduct a comprehensive ablation study on the CVUSA dataset, as sum-
marized in Table [2] The full model achieves the strongest image-level retrieval
performance, with R@Q1, R@5, and R@Q10 reaching 87.87%, 96.75%, and 98.01%,
respectively. It also obtains the highest S-R@1 of 83.67%, indicating superior
top-1 sector-level localization accuracy. Specifically, removing the CSRR mod-
ule decreases RQ1 from 87.87% to 77.74%, resulting in a substantial drop of
10.13 percentage points. This demonstrates that CSRR is essential for propa-
gating sector-level information across different azimuthal directions and main-
taining structural consistency. Similarly, omitting the ACA module reduces RQ1
to 84.48%, corresponding to a 3.39 percentage-point drop, which validates its role
in aligning ground descriptors with specific aerial headings before relational mod-
eling. Regarding feature aggregation within the Azimuthal Feature Decoupling
module, we evaluate Max and Mixed which combine Average and Max pooling
for generating the sector-specific descriptors. Standard Average Pooling yields
the best top-1 and image-level retrieval performance. The superiority of Average
Pooling implies that preserving the global distribution of features within a sector
is more beneficial for orientation-aware representations than focusing on isolated
local salient peaks.

Impact of Azimuthal Step Size Af. To determine the optimal azimuthal
step size A6 for generating sector-specific descriptors, we evaluate various sam-
pling densities on CVUSA, as summarized in Table [3] The results demonstrate
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Table 2: Ablation study of key com-
ponents and pooling strategies on
CVUSA with 180° FoV. ‘Avg’, ‘Max’,

Table 3: Ablation study on the az-
imuthal step size A9 on CVUSA. P
represents the number of sampled sectors,

and ‘Mix’ represent Average Pooling, Max
Pooling, and their combination.

calculated as P = [360°/A6].

26¢) P FoV=180
Modules | FoV_180° R@l R@5 R@I0 S-R@l S-R@5 S-R@10
CSRR ACA | Re1 RG5> RAI0]S-RO1 S-RA5 S-RO10 40 9 87.23 9624 97.65 83.01 89.96 91.53
v Avg ‘77-74 92.23 95-97‘ 75.74 89.82 92.37 50 7 87.87 96.75 98.01 83.67 91.12 92.02
v Avg |81.48 0481 9684|8286 91.97 9355 60 6 86.92 96.38 97.70 80.13 87.74 88.72
v ' Max |81.40 94.20 96.66 | 79.60 91.12 93.09 70 5 87.33 96.62 98.14 &83.54 91.77 92.86
v v Mix |81.28 94.44 96.86| 79.78 91.75 93.60 80 4 84.56 96.18 97.93 80.95 91.50 92.98
v v Avg [87.8796.7598.01|83.67 91.12 92.02 90 4 8594 96.32 97.66 82.56 91.42 92.40
100 3 82.04 95.17 97.12 78.25 90.23 92.06

Reference Image FoV = 90° Ground Query Image
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%

Fig. 3: (a) Qualitative visualization of attention heatmaps on the reference aerial im-
ages given ground inputs with varying FoVs (180°, 90°, and 70°). (b) Qualitative visu-
alization of the top-3 retrieval results for ground queries with a 90° FoV. The red and
blue borders indicate the positive and negative samples, respectively. The overlaid col-
ored masks represent the specific azimuthal sectors localized by the proposed method.

that the evaluated granularity (A6 = 50°, P = 7) achieves the highest recall.
While the performance remains relatively stable between 50° and 90°, increas-
ing the step size to 100° results in a performance decline. A large step size
increases the quantization error between the discretely sampled aerial headings
and the actual ground orientation. Conversely, denser sampling generates a finer
sequence of directional candidates, ensuring a higher probability that at least
one extracted aerial sector geometrically covers the true query FoV. While very
fine-grained sampling, such as A8 = 40°, slightly reduces performance compared
to the optimal 50° step, likely due to increased redundancy and potential over-
fitting, indicating that excessively small step sizes are not necessarily beneficial.

4.6 Visualization

Visualization of Heatmaps. Fig. provides heatmap visualizations on ref-
erence aerial images to evaluate spatial alignment under limited-FoV query im-
age. A direct spatial correspondence exists between the ground and the high-
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activation regions within the aerial heatmap. When the ground image captures
specific landmarks such as church buildings or road junctions, the heatmap high-
lights the exact geographical sector containing these features. As the FoV nar-
rows from 180° to 70°, the activation area on the aerial image becomes more
localized and directional. This transition indicates that the azimuthal scanning
filters irrelevant overhead information and anchors the orientation of the query
by matching the horizontal perspective with the corresponding aerial sector.

Visualization of Retrieval Results. Fig. Bb] presents the top-3 retrieval
results for ground queries with 90°FoV. The framework successfully retrieves the
correct aerial map as the rank-1 candidate. Furthermore, the azimuthal scanning
mechanism accurately localizes the specific geometric sub-region corresponding
to the ground query. This precise sector localization, highlighted by the overlaid
masks in the positive samples, aligns consistently with the ground-truth annota-
tions. For the incorrect rank-2 and rank-3 candidates, the network still extracts
plausible structural sectors based on local visual similarities. However, since the
image retrieval fails for these negative samples, their corresponding sector pre-
dictions are mismatched. This confirms that the proposed architecture effectively
couples cross-view image retrieval with fine-grained sector-level localization via
explicit geometric correspondences.

5 Conclusion

In this paper, we introduce Sector-Level Cross-View Geo-Localization, a novel
task that exploits geometric inclusion relationship between limited-FoV ground
queries and omnidirectional aerial imagery. Through the Azimuthal Scanning
framework, we reformulate fine-grained sector localization and orientation in-
ference as a discrete sector retrieval task. This allows the model to explicitly
retrieve fine-grained sector-level sub-regions and implicitly estimate orientation,
without relying on manually annotated pose labels or instance-level supervision.
Furthermore, we establish a new sector-level benchmarking protocol equipped
with ground-truth soft labeling. Extensive experiments demonstrate that Sector-
Geo significantly outperforms state-of-the-art methods while maintaining strong
robustness across varying FoVs.
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