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ABSTRACT: Unmanned Aerial Vehicle (UAV)-based geo-localization supports autonomous navigation in GPS-denied or GPS-degraded
environments by matching real-time UAV-view images with geo-referenced satellite imagery. A key challenge is to learn a discriminative retrieval
space that remains robust to severe cross-view viewpoint discrepancies and temporal shifts. Although visual appearance provides fine-grained
discriminative cues, it is sensitive to illumination, seasonal, and perspective variations. In contrast, geographic structures, such as road layouts
and building footprints, offer more stable cues, but explicit structural modeling often increases computational cost. To balance robustness and
efficiency, we propose STAR, a lightweight STructure-Aware Representation learning framework. STAR uses structural semantics as training-time
geometric guidance for visual retrieval manifold learning. Specifically, a structural stream derives structure-aware representations from paired
UAV and satellite images and constructs pairwise structural affinities to describe geographic layout relationships. These affinities regularize the
discriminative retrieval space at the manifold level, enabling compact visual descriptors to retain structural awareness for robust cross-view
matching. We further introduce UniT-1652, a benchmark for evaluating UAV-based geo-localization under temporal shifts. Extensive experiments
on University-1652, SUES-200, and UniT-1652 show that STAR achieves state-of-the-art performance across multiple retrieval settings, with
improved robustness to temporal and viewpoint variations and fewer parameters than existing methods.
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1 Introduction

Unmanned aerial vehicles (UAVs) are playing an
increasingly important role in intelligent transportation
systems, where transportation perception and operations are
gradually extending from fixed ground-based sensing
toward cooperative air-ground autonomy. Unlike ground
vehicles and fixed roadside infrastructures, UAVs operate
from controllable low-altitude viewpoints, which allows
them to complement terrestrial sensing systems and acquire
transportation-related information across broader, more
dynamic, and less accessible regions (Z. Li et al., 2024; Yuan
et al., 2025). Such capabilities have made UAVs valuable in a
wide range of transportation applications, including traffic
monitoring, emergency response, infrastructure inspection,
and post-disaster assessment.

Localization is a fundamental capability for mobile robots,
as it establishes the spatial reference required for perception,
navigation, planning, and decision-making (Gao et al., 2025;
Liao et al, 2024a). For UAVs deployed in various
environments, this requirement is further complicated by
GPS-denied or GPS-degraded conditions, which commonly
arise in urban canyons, tunnels, underpasses, dense road
networks surrounded by high-rise buildings, and post-
disaster  regions  with  damaged
infrastructure (Chen et al., 2024). In such scenarios,
accumulated drift from inertial measurements or visual

communication

odometry can impair navigation reliability, making visual
localization an essential complementary capability (Huang
et al, 2024). UAV-based geo-localization addresses this
problem by matching real-time UAV-view images with geo-
referenced satellite-view images. The geographic metadata
associated with the retrieved satellite images provide global
localization evidence, which can support pose correction,
drift recovery, route
verification, and higher-level mission decisions in UAV
operation workflows (X. Wang et al., 2025). Technically,
UAV-based geo-localization is commonly formulated as a
cross-view image retrieval problem, where a UAV-view
query image is matched against a geo-referenced satellite-
view gallery. The objective is to learn a discriminative
representation space in which geo-aligned UAV-satellite
image pairs are embedded close to each other, while non-
matching pairs are separated. Although recent deep learning
methods have substantially improved
representation learning for UAV-based geo-localization
(Chen et al., 2025; T. Wang et al., 2021), their practical
deployment remains constrained by two critical challenges.

The first challenge stems from temporal shifts. In real-world
deployment, real-time UAV images are frequently matched
against satellite imagery that may have been acquired
months earlier (X. Wang et al., 2025; Zhang et al., 2024). This
temporal lag introduces substantial appearance variations,
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such as seasonal vegetation changes, snow coverage, and
shifting illumination. Consequently, discriminative feature
spaces established on datasets collected under synchronized
timeframes struggle to drastic

distributional discrepancies caused by temporal shifts.
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Fig. 1. Conceptual comparison of representation learning
paradigms. (a) Existing structure-aware methods commonly rely
on explicit appearance and structural modeling, resulting in
decoupled manifolds and a complex retrieval space that imposes a
heavy computational burden. (b) STAR introduces structural
guidance to regularize the discriminative visual embedding space,
shaping a compact structure-aware retrieval manifold for UAV-
based geo-localization.

The second challenge arises from viewpoint discrepancies.
UAV images are typically captured from oblique angles at
varying altitudes, whereas satellite images provide a strict
nadir perspective. These drastic perspective differences
significant distortions appearance,
including texture stretching and object occlusion (Zhu et al.,
2023a). Consequently, constructing a unified low-
dimensional discriminative feature space is inherently
difficult, as the severe domain discrepancy hinders the
model from recognizing consistent and stable semantic
features across both domains.

To address these challenges, UAV-based geo-localization
has gradually evolved from appearance-dominated
representation learning toward structure-aware
representation learning. Early methods (Shi et al., 2020; T.
Wang et al., 2021) mainly construct the retrieval space from
visual appearance cues, such as color, texture, and local
object patterns. Although these representations are effective
under standard benchmark settings, they are inherently
sensitive to temporal variations and cross-view perspective
discrepancies, where the same geographic location may
exhibit substantially different visual appearances. Structural
semantics provide a more stable source of information for
cross-view geo-localization. Geographic structures, such as
building land-cover
distributions, are generally less sensitive to seasonal changes,
illumination variations, and moderate viewpoint differences
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road layouts, footprints, and

than local visual appearance. Motivated by this observation,
recent methods (Q. Li et al., 2024; Zhang et al., 2023) have
through  multi-branch
architectures to improve retrieval robustness. However,
explicitly maintaining separate appearance and structural
representations often increases model complexity, feature
dimensionality, and inference cost, which is undesirable for
UAV platforms with limited onboard computational

incorporated  structural cues

resources. This raises an important question: How can
structural information be exploited to improve robustness while
preserving a compact and efficient retrieval representation?

To answer this question, we propose STAR, a lightweight
STructure-Aware Representation learning framework for
robust UAV-based geo-localization. Instead of treating
structural semantics as an additional retrieval modality,
STAR uses them as training-time geometric guidance to
shape the discriminative retrieval manifold. Specifically,
STAR introduces a structural stream to extract cross-view
structural representations from paired UAV and satellite
images. These representations are used to supervise
structural consistency between matched cross-view samples
and to construct structure-induced affinities that regularize
the visual embedding space. As illustrated in Fig. 1, STAR
transfers the stability of geographic structures into the
learned visual descriptors, enabling the model to obtain a
compact structure-aware representation for UAV & Satellite
retrieval. The main contributions are threefold:

1) We propose a structure-guided retrieval manifold
learning framework for UAV-based geo-localization.
STAR  regularizes the discriminative
embedding space with structural affinities, shaping a
compact structure-aware manifold for robust UAV-
based geo-localization.

2) We introduce UniT-1652, a benchmark built upon the
University-1652 dataset that simulates deployment-
time temporal shifts. UniT-1652 provides a controlled
benchmark for evaluating robustness
deployment-relevant temporal appearance shifts.

3) We validate STAR on three benchmarks, University-
1652, SUES-200, and UniT-1652, where it achieves
state-of-the-art performance with fewer parameters.
Ablation studies further confirm the critical role of
structural awareness in enhancing robustness against
temporal shifts and viewpoint discrepancies.

visual

under

2 Related work

2.1. UAV-based geo-localization

UAV-based geo-localization aims to estimate the geographic
location of a UAV by matching UAV-view images with geo-
referenced satellite-view images. Existing deep learning
mainly constructing a shared
discriminative embedding space for cross-view retrieval.
Early approaches typically rely on appearance cues, such as
color, texture, shape, and local object patterns, to align UAV
and satellite images. CNN-based methods (Deuser et al.,
2023; Guo et al, 2022) have been widely adopted for
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extracting discriminative visual descriptors, while LPN (T.
Wang et al., 2021) introduced a part-wise representation
learning strategy to capture fine-grained contextual
information. With the success of Transformer architectures
in visual recognition, subsequent studies have explored
attention-based models to improve global context modeling
for UAV-based geo-localization (Zhang et al., 2023). For
example, GeoFormer (Q. Li et al., 2024) introduced an
efficient separable perceptron module to reduce the
computational complexity of Transformer-based retrieval.
Although these methods achieve competitive performance
standard  benchmarks, their
representations are primarily driven by visual appearance.
As a result, they can be sensitive to temporal appearance
changes and viewpoint-induced geometric distortions,
geographic exhibit
substantially different visual patterns across UAV and
satellite views. To improve robustness, recent studies have
introduced structural semantics into UAV-based geo-
localization. Compared with local appearance, geographic
structures such as road layouts, building footprints, and
spatial scene layouts are relatively stable across time and
viewpoints. Based on this observation, structure-aware
methods incorporate semantic parsing, spatial layout
modeling, attention-based structural reasoning, or multi-
branch feature fusion to enhance cross-view representation
learning. For instance, GeoDTR+ (Zhang et al., 2024)
explicitly employed a geometric branch to extract layout
information and fuse it with visual features. Other works
have used Transformer-based modules to model spatial
correlations across views (Zhang et al., 2023), or multi-head
attention mechanisms to capture global
relationships between UAV and satellite images (Wang et al.,
2022). These methods demonstrate that structural semantics
can provide complementary information for handling

and efficiency on

where the same location may

structural

viewpoint and appearance variations.

Nevertheless, many existing structure-aware methods rely
on explicit structural branches, multi-modal fusion, or high-
dimensional joint representations to incorporate structural
information. While effective for improving retrieval
accuracy, such designs may increase model complexity and
computational cost, which limits their suitability for
resource-constrained UAV  platforms. Unlike these
approaches, STAR uses structural information to guide the
learning of the retrieval representation itself. By deriving
structural affinities from geographic semantics and using
them to regularize the discriminative visual embedding
space, STAR aims to learn a compact structure-aware
retrieval manifold for efficient and robust geo-localization.
2.2. Learning using privileged information
Learning using privileged information (LUPI) refers to a
learning paradigm in which additional information is
available  during  training but absent during
inference (Vapnik and Vashist, 2009; Yang et al, 2017).
Rather than referring to a specific algorithm, LUPI provides

a general framework for transferring training-only
knowledge to the deployed model. The goal is to improve
generalization, robustness, or learning efficiency without
increasing the computational cost of the deployed model
(Alehdaghi et al., 2025). Existing LUPI-related methods can
be organized according to the role that privileged
information plays in the learning objective. The first category
performs output-level knowledge transfer through teacher—
student distillation. In this paradigm, a teacher model with
richer inputs or stronger capacity provides privileged
information, such as predictions, features, attention maps, or
relational outputs, which are transferred to a compact
student through feature-alignment loss functions. For
example, Liao et al. (2024b) proposed HLTP++, a teacher—
student framework for autonomous driving trajectory
prediction. The second category introduces privileged
information as auxiliary supervision (Liu et al., 2018; H. Wu
et al.,, 2022). Under this formulation, training-only labels,
semantic attributes, auxiliary modalities, or explanatory
annotations are used to construct additional learning
objectives that regularize the representation learned for the
primary task. For example, Liu et al. (2019) proposed a
hierarchical encoder with auxiliary supervision for table-to-
text generation, where auxiliary sequence labeling, text auto-
encoding, and multi-label classification tasks are jointly
optimized to improve the semantic representation of
structured tables. The third category incorporates privileged
information at the constraint or optimization level. In this
line of research, privileged features are used to characterize
sample-dependent uncertainty, reliability, or difficulty, and
are further embedded into the optimization objective
through slack variables, margins, or instance-adaptive
constraints. A representative example is SVM+ (Vapnik and
Vashist, 2009), which introduces a correcting function in the
privileged feature space to estimate the slack variables of
standard SVMs, thereby allowing privileged information to
guide the formation of the decision boundary. Following this
formulation, subsequent studies have extended LUPI to a
wide range of learning problems, including ranking,
clustering, Gaussian processes, multi-task and multi-class
classification, domain adaptation, and metric learning (Z.
Wu et al,, 2022; You et al., 2017). These methods prove that
privileged information can be exploited to modulate the
optimization geometry of the primary task, providing a
principled mechanism for improving learning behavior
when additional training-time information is available.
LUPI provides a promising perspective for improving the
robustness of UAV-based geo-localization without
increasing inference complexity. From this perspective,
structural information can serve as privileged guidance to
shape the visual retrieval space during training. Specifically,
STAR representations  into
pairwise structural affinities and imposes them on the

converts structure-aware

discriminative retrieval space as manifold regularization,
rather than using them as an auxiliary inference.
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Fig. 2. The overall framework of the proposed lightweight structure-aware representation learning model, termed STAR. During training,
STAR leverages a structural stream to guide the TinyViT backbone, enabling it to learn structure-aware discriminative features that are

robust to temporal shifts and viewpoint discrepancies.

3 Methodology

3.1. Problem formulation

UAV-based geo-localization plays a vital role in aerial
navigation and surveillance. This task is formulated as a
bidirectional cross-view image retrieval problem between
UAYV and satellite views (Zheng et al., 2020). The first sub-
task is target localization, where the objective is to retrieve
the GPS-tagged satellite-view image that is most similar to a
given UAV-view image, thereby inferring the position of the
target object. The second sub-task is UAV navigation, which
uses a satellite-view image as a reference to retrieve the
corresponding UAV-view image, enabling the UAV to
navigate toward a designated target area. In practice, UAV
and satellite images are encoded as discriminative features
(Xia et al., 2024; Zhang et al., 2024), with cross-view
similarity computed using cosine similarity.

3.2. Model overview

As illustrated in Fig.2, the proposed STAR adopts an
asymmetric learning strategy that treats structural
information as privileged knowledge. Specifically, the
framework integrates two parallel pathways during the
training phase: (1) A visual backbone (implemented via
TinyViT (K. Wu et al., 2022)) that extracts discriminative
features F; from raw images; (2) A structural stream, which
comprises a Semantic Encoder to generate appearance-
agnostic semantic maps M;, and a Structure-Aware Decoder
to transform these maps into invariant structural features F.
To ensure efficiency, the Structural Stream is detached
during inference, and STAR operates solely using the
lightweight TinyViT backbone.

3.3. Semantic encoder
Rather than extracting structural features directly from
images, which are often entangled with appearance cues,
STAR employs a semantic encoder to generate semantic
maps M as an intermediate representation, as outlined in
Algorithm 1. This design is based on the intuition that
structural understanding can be decomposed into two stages:
recognizing the semantic entities present in the scene and
then reasoning about their spatial organization. The
semantic encoder therefore converts the input image into
category-level scene semantics, which provide a stable basis
for subsequent structure-aware representation learning.
3.3.1 Feature embedding
Given an input image I € R¥**#*" the semantic encoder first
adopts an EfficientNet backbone (Tan and Le, 2019) to
extract a hierarchy of multi-scale features {F;, F,, F3, F,}. Here,
F; € RE>HWi denotes the feature map at the i-th level. These
features gradually increase in semantic abstraction while
decreasing in spatial resolution, allowing the encoder to
capture both local details and high-level semantic context.

To strengthen the interaction between low-level spatial
details and high-level semantic representations, we
construct enhanced encoder features through downsampled
skip connections and feature recalibration (Hwang et al.,
2024). Specifically, shallow- and middle-level features are
first projected to deeper feature levels and fused by element-
wise addition after resolution and channel alignment:

G, =F, + @72 (F), Gs =F;+ ®57%(F,), @

where CD?’. (-) denotes a downsampling projection from
level i to level j. The fused features are then recalibrated by
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level-specific feature recalibration modules:
F,= 0P (G,), F=a9(6,). )
Here, ¢§2) and 431(23) denote recalibration modules at
different feature levels.
Based on these recalibrated features, we obtain the
enhanced representations F; and F,:
F3=q)gﬁ3(ﬁz)+ﬁs: F'4=F4+¢g_>4(ﬁ3)- 3)
Here, F; integrates middle-level structural details, while
F, incorporates high-level semantic context. These enhanced
features provide the basis for subsequent semantic decoding.

Algorithm 1. Semantic Encoder

Definitions: fbi';j : downsample projection from level i to level j
for resolution and channel alignment; CD,(;): feature recalibration
module at level i; ®.: convolutional projection; ®5: Mamba-
based residual block; @y, : weighted fusion block; ®: feature
refinement head; ®;: bilinear interpolation; ®5: segmentation
head. The symbol + denotes element-wise addition after
resolution and channel alignment.

Input: Image I € R¥>HW

Output: Semantic map M; € RF*HW

1. Extract multi-scale encoder features:
2. {F.,F, F;,F,} < EfficientNet(/)

3. Construct enhanced encoder features:
4. Gy« F + ®%(F)

5. Gz« F3 + ®373(F)

6. F o (Gy)

7. By e o (Gs)

8. F <« dy3(F)+F

9. F, < F+ @3 (F)

10. Initialize decoder feature:

11. F « op(0c(Fy)

12. Progressive semantic decoding:

13, Ff « 0p(0y (F, F))

14. Ff « p(@y(F,Fy))

15. F, « ®p(F{,F,)

16. Generate semantic map:

17. Ms < q>l(q>S(Fm))

18. Return M

3.3.2 Mamba attention

To enhance the structural discriminability of semantic
representations, we introduce Mamba-based residual blocks
to model long-range contextual relationships among scene
components. Unlike standard convolutional operators that
mainly focus on local neighborhoods, the Mamba
module (Gu and Dao, 2023) treats spatial positions as a
sequence and efficiently captures global dependencies
across the feature map.

Starting from the enhanced high-level feature F,, the
decoder first projects it into a unified feature space and
applies a Mamba-based residual block. For a decoder feature
F, the block updates it as:

F' = F + &, (Norm(F)), 4)

Pp(F) = F' + ®p(Norm(F")), (5)
where ®,(-) denotes the Mamba module for global
contextual modeling, and ®,(-) denotes a point-wise feed-

forward transformation.

The decoder then progressively integrates multi-scale
encoder features through weighted fusion. Given the current
decoder feature F and a skip feature S, the weighted fusion
block is formulated as:

Dy (F,5) = q)post(ws " Pyip(5) + wg - (DI(F))! (6)
where @,(-) upsamples the decoder feature, ®g;,(-) aligns
the channel dimension of the skip feature, and @y ()
refines the fused representation. The coefficients w; and w,
are normalized learnable weights that adaptively balance the
contributions of the skip feature and the decoder feature.
Following the top-down decoding order, the decoder first
fuses the high-level decoder feature with F3, and then fuses
the resulting feature with F,. A Mamba-based residual block
is applied after each fusion stage.

3.3.3 Segmentation head
At the final decoding stage, a feature refinement head
integrates the decoded representation with the highest-
resolution encoder feature F;:

Fp = ®p(F, F). )

In the implementation, ®(-) first upsamples the decoder
feature and applies channel shuffle, then fuses it with the
high-resolution encoder feature using normalized learnable
weights. The fused feature is further refined through spatial
and channel attention branches, followed by residual
separable convolution. This stage improves local spatial
consistency before semantic prediction. The refined feature
E, is then passed to a lightweight segmentation head to
obtain the semantic logit map:

M, = @, (®s(Fy)), ®
where M, € R¥*#*W and K denotes the number of semantic
classes. Here, ®4(-) consists of convolutional refinement,
dropout regularization, and a class-wise projection layer,
while ®,(-) resizes the prediction to the original image
resolution. During pretraining, an auxiliary segmentation
head is attached to intermediate decoder features to provide
additional multi-scale supervision.

3.4. Structure-aware decoder

To obtain an appearance-agnostic representation of
geographic layout, we introduce a graph-based Structure-
Aware Decoder that explicitly models spatial relations
among semantic regions. Given the semantic map M,
produced by the semantic encoder, we first convert it into a
semantic probability map by applying a softmax operation.
The semantic probability map is then adaptively pooled into
a G X G regular grid, where G = 12 in our implementation.
Each grid cell is regarded as a graph node, resulting in N =
G? nodes. For each node, we construct its feature by
concatenating the local semantic distribution with its
normalized spatial coordinate. The
semantic distribution is obtained from the corresponding
pooled grid cell, and the coordinate is normalized to the
range [—1,1] . Therefore, each node encodes both the
semantic composition of a local region and its position in the
global scene layout. The node feature is first projected into a
hidden dimension of 64 by a linear layer.

two-dimensional
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We then construct a spatial graph over the grid nodes
using 8-neighborhood connectivity. Each node is connected
to its horizontal, vertical, and diagonal neighboring cells.
The adjacency matrix is row-normalized and used to
aggregate information from neighboring regions. Let hl@
denote the feature of node i at the £-th graph layer. The
graph convolution operation is formulated as:

P () _ ®
RO= ) Ak, ©)
jén(i
83 t4 84 (¢
B = Dropout (¢ (INWRY + W) )
+ RORO,

where V' (i) denotes the neighboring nodes of node i, 4;; is
the normalized adjacency weight, w® and W are
learnable transformations for the self-node feature and the
aggregated neighboring feature, respectively, LN(-) denotes
layer normalization, ¢(-) is the GELU activation function,
and R is a residual projection.

Through graph message passing, semantic information is
propagated across neighboring regions, allowing the
decoder to model relational layout cues beyond isolated
semantic categories. This design enables the structural
representation to encode not only the presence of semantic
entities, such as roads and buildings, but also their spatial
continuity, adjacency, and relative arrangement.

After graph reasoning, the updated node features are
reshaped back into a G X G spatial layout and summarized
by adaptive average pooling to a 3 X 3 feature map. The
pooled feature is flattened and projected into a 576-
dimensional structural embedding F, € R57¢, which has the
same dimensionality as the discriminative retrieval feature
F,;. This structural embedding is used during training to
provide and manifold
regularization for learning robust UAV-based geo-

structure-aware  supervision
localization representations.
3.5. TinyViT backbone
To extract informative discriminative features F; from
images, we adopt TinyViT (K. Wu et al., 2022). TinyViT
integrates convolutional token embeddings and hierarchical
transformer blocks, enabling it to process high-resolution
inputs while maintaining efficiency. Specifically, TinyViT
employs window-based attention mechanisms to localize
computation, avoiding the quadratic complexity typically
associated with full self-attention. In early stages,
convolutional layers are used to capture fine-grained local
textures, while subsequent transformer blocks progressively
encode higher-level visual semantics. This design ensures
that TinyViT remains both lightweight and expressive.
3.6. Optimization objectives
To facilitate robust geo-localization, STAR is optimized with
a compound objective that jointly enhances instance-level
discriminative alignment, structural semantic learning, and
structure-guided manifold regularization. Formally, the
overall objective is defined as:

L=wyLy +wels;+w,.L,, (11)
where L; optimizes the retrieval capability of the

discriminative visual stream, L; supervises the auxiliary
structural stream, and £, imposes structure-guided
manifold smoothness on the learned discriminative
representation. The coefficients wy, w;, and w, balance the
contributions of the three terms.

3.6.1 Dual contrastive learning (L and L)

We employ a symmetric InfoNCE loss (Deuser et al., 2023)
for both the discriminative and structural streams. Let
{(I} ¥}, denote a mini-batch of B matched UAV-satellite
image pairs. For the discriminative stream, given the
embeddings F}, F;; € R?, the bidirectional contrastive loss
is formulated as:

1
Lo =58+ L5, (12)
where the UAV-to-satellite alignment term is defined as:

LS = _l < log exp((F;—,i)TFds,i/T) . (13)
B = 2?:1 exp ((F;,L')TF;J/T)

Here, t denotes the temperature parameter. In the
implementation, the
parameterized as a learnable logit scale. The satellite-to-UAV
term L57* is defined symmetrically. The structural
contrastive loss L, follows the same formulation, but is
computed using the structural embeddings Fy; and Fy;.
3.6.2 Structure-guided manifold regularization (L,)

To encourage the visual representation to respect the
underlying structural topology, we introduce a structure-
guided Laplacian regularization term L,..

For each matched UAV-satellite pair, we first construct a

structural prototype and a discriminative prototype:

1 1
si=5(Fi+F),  zi=5(Fii+Fiy). (14)
Following the implementation, both prototypes are ¢, -

T2
normalized before graph construction:
Si Zi

Tish Tz, (15)

We then build a structure-induced affinity graph G =
(V, E,W) over the samples in the mini-batch. The adjacency
matrix W € R?*® is computed using a symmetric Gaussian

inverse temperature can be

S;

Z;

kernel in the normalized structural feature space:
I3 -5 113
w;; = exp <—T . (16)

In practice, self-loops are removed by setting w;; = 0, since
they do not contribute to the pairwise Dirichlet energy. The
degree matrix is defined as:

B
D; = ZWU: (17)
j=1

and the combinatorial graph Laplacianis L =D — W.

Let Z = [%,,%,,...,Z3]"7 € RP*? denote the normalized
discriminative prototypes of the mini-batch. We enforce Z to
be smooth with respect to the structure-induced graph by
minimizing the normalized Dirichlet energy:

1 o 1 ns 5 n2
Li=1
This objective encourages samples with similar structural
layouts to remain close in the discriminative feature space.
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Therefore, the discriminative manifold is regularized by the
more stable structural topology rather than being driven
solely by appearance-level cues.
Definition 1 (Graph Fourier Transform on the Structure-
Induced Graph). Given the structure-induced affinity matrix W,
the combinatorial graph Laplacian is defined as:
L=D-Ww. (19)
Since W is symmetric and non-negative, L is symmetric positive
semi-definite and admits the eigendecomposition L = UAUT ,
where A = diag(Aq, Ay, ..., Ag) contains the graph eigenvalues
satisfying:
0=24 <1, < <1 (20)
The Graph Fourier Transform of the discriminative graph signal
Z is defined as:

Z=U"Z (21)
where each row of Z represents the spectral coefficient associated
with a graph frequency.

Proposition 1 (Spectral Smoothing Induced by L,). When the
structure-induced graph is fixed, a gradient-descent step induced
by L, with respect to the normalized discriminative graph signal Z
acts as a graph spectral low-pass smoothing operator.
Proof. Since L is symmetric, the gradient of £, with respect to
Zis:
2
VzL, = ﬁLZ . (22)

If we analyze the effect of this regularization term alone, a

gradient descent update with learning rate 7 gives:

~ ~ 2
7D =70 — g ﬁLz@). (23)

Projecting the update onto the graph spectral basis yields:
Z(t+1) — yTZE+D

—yT (z(t) _p % Lza)) o4
= (1 - 2—"1\) y408
B2
Therefore, the k-th spectral component evolves as:
20 = (1- glk) 29 (25)
Under the condition:

2
2Amax
the contraction factor is non-negative and decreases
monotonically with 4, . Thus, spectral components
associated with larger eigenvalues, namely high graph
frequencies, are attenuated more strongly, while low-
frequency components are better preserved. This
demonstrates that £, induces a low-pass smoothing effect
over the structure-induced graph. |
Theorem 1 (Robustness Interpretation under Temporal
Appearance Noise). Let the observed discriminative prototype
signal be:

0<n< (26)

Z,=Z,+E, (27)
where Z denotes the structure-consistent representation and E,
denotes temporal appearance perturbations. If Zg is mainly
concentrated on low graph frequencies while E, is mainly
concentrated on high graph frequencies, then the Laplacian
regularization suppresses temporal perturbations more strongly
than the structure-consistent signal.

Proof. To analyze the denoising behavior of the
regularization, consider the following Tikhonov-type
objective:
mzinJ(Z) =|Z- Z,||§, +p(Z7LZ), (28)

where >0 controls the strength of the Laplacian
regularization. The normalization factor in Eq. (18) can be
absorbed into  and therefore does not change the spectral
form of the solution.

Setting the derivative of Eq. (28) with respect to Z to zero
gives:

2(Z-Z,)+2pLZ =0. (29)
Therefore,
I+pLZ" =17, (30)
and the closed-form solution is:
7=+ pL)'Z,. (31)

Using the eigendecomposition: L = UAUT, the solution in
the graph spectral domain becomes:
Z =+ BN 'Z,. (32)
For the k-th graph frequency, we have:

2, = h(A) (Zox + 8ex)s h(h) = 1+ B4

Since h(4;) is a monotonically decreasing function of A,
high-frequency components are attenuated more strongly
than low-frequency components.

More  specifically, for
components satisfying A, <A, , the response is lower-
bounded by:

(33)

low-frequency  structural

1
h(A) =2 ———,

() = 757 (34)
whereas for high-frequency temporal perturbations
satisfying A, = A, the response is upper-bounded by:

1
h(A) < , Ap > Ay
WS >k (35)

Therefore, when temporal appearance shifts mainly
violate the structure-induced affinity and appear as high-
frequency graph components, they are suppressed more
significantly than the low-frequency structure-consistent
signal. This provides a spectral explanation for why the
proposed manifold regularization improves robustness
under temporal appearance variations. O

4 Experiments
4.1. Datasets
To comprehensively evaluate the performance of STAR
under diverse conditions, ranging from viewpoint changes
to extreme environmental shifts, we conduct experiments on
three benchmarks: the standard University-1652 (Zheng et
al., 2020), the altitude-varying SUES-200 (Zhu et al., 2023a),
and our newly constructed robustness benchmark, UniT-
1652. These datasets cover two primary tasks, namely UAV-
to-satellite retrieval for localization and satellite-to-UAV
retrieval for navigation.

University-1652: University-1652 is a dataset specifically
designed for UAV-based visual geo-localization. It contains
1,652 university buildings captured from varying

viewpoints and orientations.
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Table 1. Comparisons with the state-of-the-art methods on the University-1652 dataset across both UAV-view target localization
(UAV-Satellite) and UAV navigation (Satellite—=UAYV). Bold and underlined values indicate the best and second-best results.

Method UAV-Satellite Satellite—=UAV
Recall@1 AP Recall@1 AP

LCM (Ding et al., 2020) 66.65 70.82 79.89 65.38
RK-Net (Lin et al., 2022) 68.10 71.53 80.96 69.35
MCCG (Shen et al., 2023) 89.64 91.32 94.30 89.39
VIiT (Dosovitskiy et al., 2020) 74.09 77.82 83.31 72.27
LPN (T. Wang et al., 2021) 75.93 79.14 86.45 74.79
AEN (w. LPN) (Liu et al., 2024) 77.40 80.27 90.30 76.01
CA-HRS (Lu et al., 2022) 81.00 83.64 88.16 77.46
Vision (Dai et al., 2023) 82.22 84.78 87.59 81.49
OSNet (Song et al., 2023) 83.26 85.84 90.30 82.71
PCL (Tian et al., 2021) 83.27 87.32 91.78 82.18
Swin-B (Liu et al., 2021) 84.15 86.62 90.30 83.55
FSRA (Dai et al., 2021) 85.50 87.53 89.73 84.94
SDPL (S) (Chen et al., 2024) 85.57 87.61 88.73 84.75
Coarse (X. Wang et al., 2025) 85.95 90.33 94.01 82.66
SwinV2-B (Liu et al., 2022) 86.99 89.02 91.16 85.77
MFJRLN (Ge et al., 2024b) 87.61 89.57 91.07 86.72
TransFG (Zhao et al., 2024) 87.92 89.99 93.37 87.94
GeoFormer (Q. Li et al., 2024) 88.16 90.03 91.87 87.92
SDPL (B) (Chen et al., 2024) 90.16 91.64 93.58 89.45
Sample4Geo (Deuser et al., 2023) 92.65 93.81 95.14 91.39
MEAN (Chen et al., 2025) 93.55 94.53 96.01 92.08
Cities(s) (Huang et al., 2024) 93.76 94.78 96.15 92.94
Cities(b) (Huang et al., 2024) 97.43 95.01 96.01 92.57
STAR 94.35 95.30 96.43 94.13

SUES-200: SUES-200 is characterized by its inclusion of
UAYV images captured at multiple altitudes, with a particular
focus on assessing the effect of flight height on model
performance. The dataset was collected across 200 unique
scenes in Shanghai. For each scene, there are 50 UAV-view
images at a resolution of 1080x1080, along with one
corresponding satellite-view image at a fixed altitude and
resolution of 512x512. Following the experimental setup in
(Xia et al., 2024), we split the dataset into a training set with
120 scenes and a test set with the remaining 80 scenes.

UniT-1652: Existing UAV geo-localization benchmarks
contain limited temporal or seasonal variations, which
hampers the evaluation of robustness under real-world
environmental changes. To address this issue, we introduce
UniT-1652, a synthetic robustness extension of University-
1652 that simulates severe winter conditions. We adopt a
stochastic =~ weather injection pipeline based on
Albumentations (Buslaev et al., 2020) to generate appearance
shifts while preserving underlying scene
Concretely, UniT-1652 is stratified into three subsets
according to environmental severity: (i) 50% of images
unaltered  to
discriminability; (ii) 25% are transformed to simulate early-

structure.

remain preserve  basic  structural

winter conditions by adding light snow with point density
in [0.1,0.3] and a brightness coefficient 1.5; and (iii) the
remaining 25% represent extreme weather by combining
heavy snow and fog (fog coefficient in [0.4, 0.6] with a = 0.2),
together with stronger brightness/contrast perturbations
(brightness limit in [0.2, 0.4] and contrast limit in [—0.2, 0.0]).
These augmentations are applied to both UAV and satellite
views, yielding a challenging benchmark for assessing
invariance to texture and illumination changes induced by
seasonal shifts.

4.2. Evaluation metrics

To quantitatively evaluate STAR, we follow the common
practice in UAV-based geo-localization and report Recall@K
and Average Precision (AP) (Huang et al., 2024). Recall@K
measures whether the correct cross-view match can be
retrieved within the top-ranked candidates, while AP further
evaluates the ranking quality of the retrieved list.

Recall@K: Recall@K measures the percentage of queries
for which the correct match is found among the top-K
retrieved candidates. Let N denote the total number of
queries, and let r; € {0,1} be an indicator variable denoting
whether the ground-truth match for the i-th query is within
the top-K results.
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Table 2. Comparison with the state-of-the-art models on the SUES-200 dataset.

Method Recall@1 (UAV-Sat) AP (UAV-Sat) Recall@1 (Sat—-UAV) AP (Sat—-UAV)
150m|200m | 250m [ 300m | 150m | 200m [ 250m | 300m | 150m | 200m | 250m | 300m | 150m | 200m | 250m | 300m
LCM (Ding et al., 2020) 43.42(49.42|54.47 | 60.43 | 49.65|55.91 (60.31|65.78 | 57.50 |68.75| 72.50 | 75.00| 38.11|49.19 | 47.94 | 59.36

SUES (Zhu et al., 2023a) 55.65|66.78 | 72.00 | 74.05|61.92| 71.55| 76.43 | 78.26 | 75.00 | 85.00 | 86.25 | 88.75 | 55.46 | 66.05 | 69.94 | 74.46
LPN (T. Wang et al., 2021) 61.58 |70.85|80.38 |81.47|67.23 | 75.96 | 83.80 | 84.53 | 83.75|88.75 |92.50 | 92.50 | 66.78 | 75.01 | 81.34 | 85.72
FSRA (Dai et al., 2021) 68.25|83.00{90.68 |91.95|73.45(85.99|92.27 | 93.46 | 83.75|90.00 | 93.75| 95.00 | 76.67 | 85.34 | 90.17 | 92.03
MJRLIFS (Ge et al., 2024a) | 77.57 {89.50|92.58 |97.40|81.30|91.40|94.21|97.92 (93.75|97.50 | 97.50| 100.0 | 79.49 | 90.52 | 96.03 | 97.66
MCCG (Shen et al., 2023) 82.22189.38|93.82|95.07 | 85.47|91.41|95.04|96.20 | 93.75|93.75|96.25 | 98.75|89.72 | 92.21 | 96.14 | 96.64
MBF (Zhu et al., 2023b) 85.62|87.43|90.65|92.12 (88.21 | 90.02 | 92.53 | 93.63 | 88.75 | 91.25 | 93.75 | 96.25 | 84.74 | 89.95| 90.65 | 91.60
Coarse (X. Wang et al., 2025) | 76.90|87.88 | 92.98|95.10 | 84.95|92.60 | 95.66 | 96.92 | 87.50 | 92.50 | 96.25 | 98.75| 74.81 | 87.15| 91.20 | 94.52
Cities(s) (Huang et al., 2024) |77.00|80.80 |87.98|92.95 81.22|84.30(90.04 | 94.27 | 88.75|92.50 | 97.50 | 97.50 | 76.18 | 83.09 | 89.45 | 92.52
SDPL (Chen et al., 2024) 82.95(92.7396.05|97.83 | 85.82|94.07 | 96.69 | 98.05 | 93.75| 96.25 | 97.50 | 96.25 | 83.75 | 92.42 | 95.65 | 96.17
STAR 91.33|97.13|98.88 {99.65|93.11 | 97.67|99.09 | 99.72 | 98.75 | 98.75| 98.75|97.50 | 91.86 | 96.80 | 98.12 | 97.84

Satellite | UAV (R@1—R@5)

I:l Query Image D True Match
Fig. 3. Qualitative retrieval results of STAR. Left: UAV-view target localization; Right: UAV navigation.
Recall@K is then computed as: correspondence is preserved after augmentation. For
1 structural parsing, we use a semantic encoder pretrained on
RecalleK = NZ T (36) LoveDA (Hwang et al., 2024; J. Wang et al., 2021), which

i=1
Average Precision: Average Precision (AP) evaluates the

ranking quality of the retrieved list by summarizing the
precision values at the ranks where relevant items appear.
4.3. Implementation details

STAR is implemented in PyTorch. All experiments are
conducted on four NVIDIA A40 GPUs. We use DataParallel
for multi-GPU training across four GPUs. We adopt
TinyViT-2IM (K. Wu et al, 2022) as the unified visual
backbone for both UAV-view and satellite-view images. The
backbone is initialized with ImageNet-pretrained weights.
All input images are resized to 512 X 512 and normalized
using the default mean and standard deviation associated

remains frozen during STAR training. During training, the
semantic parsing branch provides structural responses for
structure-aware supervision and structure-guided manifold
regularization. The final discriminative retrieval feature and
structural feature are both projected into a 576-dimensional
embedding space. This shared dimensionality allows STAR
to impose structure-aware constraints directly on the
retrieval manifold without introducing an additional
modality-specific matching space. Before similarity
computation, the retrieval descriptors are ¥, -normalized.
We train STAR using the AdamW optimizer with an initial
learning rate of 1x 1073 . Mixed-precision training is
enabled with automatic mixed precision and gradient
scaling, where the initial scale is set to 2'°. To stabilize
optimization, gradient values are clipped with a threshold of

with the pretrained backbone. During training, we apply the
same random horizontal flip to paired UAV and satellite
images with a probability of 0.5, so that the cross-view
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100. The learning rate is updated after each mini-batch
iteration rather than only at epoch boundaries. Specifically,
we adopt a cosine learning-rate schedule with a linear warm-
up stage of 0.1 epochs. After warm-up, the learning rate is
smoothly decayed according to the cosine schedule over the
remaining training iterations. Therefore, the scheduling
horizon is determined by the total number of mini-batch
iterations for each training setting. For example, under the 5-
epoch setting used on University-1652 and UniT-1652, one
epoch accounts for 20% of the total training iterations,
whereas under the 2-epoch setting used on SUES-200, one
epoch accounts for 50% of the total training iterations. For
University-1652 and UniT-1652, STAR is trained for 5 epochs
with a mini-batch size of 128 paired samples. For SUES-200,
STAR is trained separately for each altitude setting. The
mini-batch size of SUES-200 is set to 24 paired samples and
the model is trained for 2 epochs for each altitude setting.
4.4. Evaluation results

4.4.1 Comparison with state-of-the-art methods

To evaluate the effectiveness of STAR, we compare it with
recent state-of-the-art methods on three benchmarks,
including University-1652, SUES-200, and UniT-1652. These
benchmarks cover both UAV-view target localization, i.e.,
UAV - GSatellite retrieval, and UAV navigation, i.e,,
Satellite - UAV retrieval. The quantitative results are
reported in Tables 1, 2, and 3.

Table 3. Comparisons with the state-of-the-art methods on the
UniT-1652 dataset.

UAV-Satellite | Satellite-=UAV
R@1 | AP | R@1 | AP
ResNeXt-101 (Xie et al., 2017) 37.17 | 42.63 | 65.91 | 37.96
CaiT (Touvron et al., 2021) 66.26 | 70.69 | 87.59 | 68.09
VOLO (Yuan et al., 2022) 72.81 | 76.81 | 86.45 | 72.93
ConvFormer (Yu et al., 2023) 82.41 | 85.19 | 93.30 | 82.51
Sample4Geo (Deuser et al., 2023)| 87.77 | 89.84 | 95.01 | 87.34
STAR 92.71 | 94.01 | 96.29 | 92.86

Method

On  University-1652, STAR
performance compared with existing methods. For
UAYV - Satellite retrieval, STAR obtains the highest AP of
95.30, improving over the strongest competing AP result, i.e.,
Cities(b), by 0.29 percentage points. Although Cities(b)
reports a higher Recall@l, STAR ranks second on this metric
and achieves better AP, suggesting that its advantage is
reflected more clearly in the overall retrieval ranking. For
Satellite>UAV retrieval, STAR obtains the best results on
both Recall@l and AP. Compared with the strongest
previously reported results, STAR improves Recall@1 by 0.28
percentage points and AP by 1.19 percentage points. The
improvement in AP indicates that the learned structure-
aware representation helps produce more stable ranking
results for UAV navigation. On SUES-200, STAR shows clear
gains under altitude-induced viewpoint and scale variations.

achieves  competitive

For UAV-Satellite retrieval, STAR achieves the best results
across all four altitudes. Compared with the strongest
reported baseline at each altitude, STAR improves Recall@1
by 5.71, 4.40, 2.83, and 1.82 percentage points from 150m to
300m, respectively. The corresponding AP improvements
are 4.90, 3.60, 2.40, and 1.67 percentage points. These gains
are larger at lower altitudes, where UAV images usually
contain perspective
differences from

stronger distortion and
appearance satellite
observation suggests that structural cues are more useful
when direct appearance correspondence becomes less
reliable. For Satellite > UAV retrieval on SUES-200, STAR
also performs well across different altitudes. At 150m, where

larger
images. This

the cross-view discrepancy is relatively large, STAR
improves Recall@l over the best reported baseline by 5.00
percentage points and improves AP by 2.14 percentage
points. As the altitude increases, the performance gap
becomes smaller, which is reasonable because the UAV view
gradually becomes closer to the satellite view. At 300m,
STAR is slightly lower than MJRLIFS in Recall@l but
remains competitive, and it achieves the best AP with a
marginal improvement of 0.18 percentage points over
MJRLIFS. These results indicate that STAR is particularly
effective in low-altitude scenarios, where viewpoint changes
make appearance-based matching more difficult. On UniT-
1652, which is designed to evaluate robustness under
temporal domain shifts, STAR achieves the best performance
in both retrieval directions. Compared with Sample4Geo, the
strongest baseline in this benchmark, STAR improves
UAV-Satellite Recall@l and AP by 4.94 and 4.17 percentage
points, respectively. For Satellite » UAV retrieval, STAR
improves Recall@1 by 1.28 percentage points and AP by 5.52
percentage points. The larger AP improvement suggests that
STAR better preserves the retrieval ranking under temporal
appearance changes. A cross-benchmark comparison further
supports this observation. From University-1652 to UniT-
1652, Sample4Geo drops by 4.88 percentage points in
UAV - Satellite Recall@l and by 4.05 percentage points in
Satellite—UAV AP, whereas STAR drops by 1.64 and 1.27
percentage points on the same metrics. This comparison
shows that the proposed structure-aware representation
provides more stable cues when the visual appearance of the
same location changes over time. The performance gains are
evident under challenging conditions involving large
viewpoint gaps, altitude variations, and temporal shifts.

Overall, STAR achieves strong and consistent performance
across the three benchmarks, ranking first or second on most
reported metrics under diverse viewpoint and temporal-
shift conditions. Taken together, these observations on three
benchmarks suggest that incorporating structural guidance
into representation learning helps construct a more reliable
UAV-satellite retrieval space, improving both retrieval
accuracy and ranking stability in challenging UAV-based
geo-localization scenarios.
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Table 4. The efficiency and performance of models on the University-1652 dataset.

Method #Para(M) | GFLOPs UAV-Satellite Satellite—=UAV
Recall@1 AP Recall@1 AP
LPN (T. Wang et al., 2021) 62.4 36.78 75.93 79.14 86.45 74.79
SDPL (B) (Chen et al., 2024) 42,6 69.71 90.16 91.64 93.58 89.45
Sample4Geo (Deuser et al., 2023) 88.6 90.24 92.65 93.81 95.14 91.39
MEAN (Chen et al., 2025) 36.5 26.18 93.55 94.53 96.01 92.08
Cities(s) (Huang et al., 2024) 22.7 24.05 93.76 94.78 96.15 92.94
Cities(b) (Huang et al., 2024) 90.5 91.63 97.43 95.01 96.01 92,57
STAR 21.2 21.31 94.35 95.30 96.43 94.13
4.4.2 Efficiency comparison viewpoint differences in UAV-based geo-

Efficiency is a critical requirement for real-world UAV-based
geo-localization systems, where onboard computational
resources are often limited. As reported in Table 4, STAR
achieves the best overall performance while maintaining the
smallest parameter count (21.2M) and the lowest
computational cost (21.31 GFLOPs) among all compared
methods. Compared to the best baseline, Cities(b) (Huang et
al., 2024), STAR reduces the number of parameters and
computational complexity by more than 75%, while still
surpassing it in three out of four evaluation metrics.
Moreover, STAR consistently outperforms the lightweight
variant Cities(s) across all metrics, demonstrating a
substantially better balance between accuracy and efficiency.
To further evaluate the training-phase cost introduced by the
structural guidance, we report the training efficiency of
STAR in Table 5. The reported GPU memory denotes the
total memory consumption across four NVIDIA A40 GPUs,
and the training time is measured by the average time
required for one training epoch. These results indicate that
although STAR introduces additional training-time
structural components, the overall training cost remains
manageable under the reported experimental settings.

Table 5. Training-phase efficiency of STAR.
Dataset GPU Memory Epochs Time/epoch
University-1652 ~120 GiB 5 ~5 min
SUES-200 ~25GiB 2 ~3 min

4.4.3 Qualitative results

Fig. 3 presents qualitative retrieval results on the
University-1652 dataset. In each example, STAR
retrieves the correct match within the top-5
candidates, showing that the learned representation
can identify the corresponding satellite image under
cross-view appearance changes. The retrieved
candidates also indicate that STAR maintains
reasonable ranking quality across different scene
types, which is consistent with the quantitative
results reported above. These examples provide an
intuitive illustration of the model’s ability to handle

localization. To further illustrate the behavior of the
Semantic Encoder, its semantic
segmentation outputs on the LoveDA dataset (J.
Wang et al., 2021). As shown in Fig. 4, we present the

we visualize

original image, the predicted semantic map, and the
overlay between the semantic predictions and the
input image. The Semantic Encoder can identify
major structural elements, such as roads, buildings,
and vegetation, and produces generally coherent
semantic regions. These visualizations suggest that
the encoder is able to provide useful high-level
structural cues, which can support the structure-
aware representation learning process in STAR.

Original Semantic Overlay Original Semantic Overlay
Image Map Image Image Map Image
- |
— ‘ e s
- fii — - — —
|

Fig. 4. Qualitative results of the Semantic Encoder. Each triplet
shows the original image (left), the predicted semantic map
(middle), and the overlay of the semantic map with the input
image (right). The results demonstrate that the Semantic Encoder
effectively captures structural cues (e.g, roads, buildings,
vegetation), forming a robust intermediate representation for
structure-aware geo-localization.

4.5 Ablation studies

4.5.1 Impact of each module on temporal robustness

To investigate how different components contribute to
temporal robustness, we conduct an ablation study on UniT-
1652 by comparing three model variants: 1) STAR (w/o SS),
which removes the Structural Stream and retains only the
TinyViT appearance backbone; 2) STAR (w/o SD), which
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preserves the Structural Stream but replaces the graph-based
Structure-Aware Decoder with a convolutional decoder; and
3) the full STAR model. The quantitative results are reported
in Table 6, and representative qualitative examples are
shown in Fig. 5. As shown in Table 6, the introduction of the
Structural Stream leads to consistent improvements in both
retrieval directions. Compared with STAR (w/o SS), the full
STAR improves Recall@1/AP by 0.58/0.47 percentage points
for UAV - Satellite retrieval and by 0.43/0.62 percentage
points for Satellite—>UAV retrieval. These results indicate
that  structural
information to appearance features, which helps reduce the
influence of temporal appearance variations and improves

semantics provide complementary

the stability of cross-temporal matching. The contribution of
the Structure-Aware Decoder can be observed by comparing
STAR (w/o SD) with the full model. With the graph-based
decoder, STAR obtains higher Recallel and AP in
UAV - Satellite retrieval, and further improves AP in
Satellite—UAV retrieval while preserving the best Recall@1.
This result suggests that the Structure-Aware Decoder
facilitates the use of structural information by modeling

relations among semantic regions.
UAV | Satellite  R@1—R@5)
: T

[:' Query Image D True Match D False Match

Fig. 5. Qualitative comparison under temporal shifts on UniT-1652.
Each query UAV image is matched against a satellite gallery, and
the top-5 retrieved satellite images are shown from left to right.
Green and red boxes denote true and false matches, respectively.
In both examples, the full STAR model, shown in (a-1) and (b-1),
retrieves the correct match at Rank-1, whereas the TinyViT-only
variant, shown in (a-2) and (b-2), places the true match at a lower
rank. These examples illustrate that structure-aware representation
helps preserve stable geographic layout cues and improves
reliability under temporal changes.

The qualitative results in Fig. 5 further illustrate the effect
of structure-aware representation learning under temporal
shifts. When the UAV query and the satellite gallery exhibit
visible seasonal or illumination differences, the TinyViT-
only variant is more prone to retrieving candidates with
similar local appearance but incorrect geographic
correspondence. In contrast, STAR retrieves the correct
satellite image at Rank-1 in both examples. This observation
is consistent with the quantitative results and suggests that

structural guidance helps preserve stable geographic layout
information during retrieval. Overall, the ablation results
show that both the Structural Stream and the Structure-
Aware Decoder contribute to the temporal robustness of
STAR. The Structural Stream introduces semantic structural
cues beyond appearance, while the Structure-Aware
Decoder further organizes these cues through relational
modeling. Together, these components support the learning
of a structure-aware retrieval representation that is more
robust to temporal domain shifts.

Table 6. Ablation study of STAR on UniT-1652 for temporal
robustness. SS and SD denote the Structural Stream and the
Structure-Aware Decoder, respectively. STAR (w/o SS) removes
the Structural Stream and only retains the TinyViT appearance
backbone, while STAR (w/o SD) replaces the graph-based
Structure-Aware Decoder with a convolutional decoder.

UAV-Satellite Satellite—UAV
Method
Recall@1 AP Recall@1 AP
STAR (w/o SS) 92.13 93.54 95.86 92.24
STAR (w/o SD) 92.28 93.68 96.29 92.72
STAR 92.71 94.01 96.29 92.86

4.5.2 Module contribution under structural masking

To further examine how STAR behaves when local structural
cues are partially perturbed, we conduct a controlled
structural masking experiment on the University-1652
dataset during both training and evaluation. In this setting,
local scene regions related to structural information are
masked to simulate partial loss or disturbance of local
structural cues. Under this setting, we analyze the
contribution of two key components in STAR, namely the
Structural Stream and the Structure-Aware Decoder. The
quantitative results are reported in Table 7. As shown in
Table 7, removing the Structural Stream leads to
performance degradation in both retrieval directions.
Compared with STAR (w/o SS), the full STAR achieves
consistent improvements in Recall@l and AP for both
retrieval directions. The improvement is particularly evident
in the Satellite—>UAYV direction, where the model needs to
retrieve UAV-view images from a satellite-view query under
local structural perturbations. This result indicates that
structural cues provide complementary information to
appearance features and help improve retrieval stability
when parts of the scene structure are masked or altered. The
contribution of the Structure-Aware Decoder is also reflected
in the comparison between STAR (w/o SD) and the full
model. Replacing the graph-based decoder with a
convolutional decoder reduces the performance across all
metrics. This suggests that the structural branch benefits not
only from semantic structural supervision, but also from
relational modeling among structural regions. As structural
masking represents a synthetic perturbation, this experiment
evaluates robustness to controlled structural perturbations
rather than complex real-world structural evolution.
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Fig. 6. Sensitivity analysis of loss weights in STAR. (a) Influence of the discriminative retrieval loss weight w, and the structural learning
loss weight w; on University-1652, with w;, fixed to 0.10. (b) Influence of w,; and wy on SUES-200 under different UAV flight altitudes.
Lower altitudes introduce larger cross-view discrepancies, under which stronger structural supervision becomes more beneficial, while
higher altitudes favor appearance-dominant discrimination. (c) Influence of the structure-guided manifold regularization weight w,. on

UniT-1652, with w,; = 0.80 and wg = 0.20 fixed.

Table 7. Ablation study of STAR on University-1652 under
structural masking. SS and SD denote the Structural Stream and
the Structure-Aware Decoder, respectively.

UAV-Satellite Satellite~UAV
Method
Recall@1 AP Recall@1 AP
STAR (w/o SS) 91.62 93.08 93.87 90.29
STAR (w/o SD) 90.53 92.13 94.72 89.99
STAR 91.88 93.31 95.15 90.91

4.5.3 Impact of structural awareness on noise robustness
The structural branch of STAR relies on semantic maps as
training-time guidance. In practice, semantic predictions
may contain errors, which can introduce noisy structural
supervision into the optimization process. To examine the
influence of semantic-map quality on geo-localization
performance, we inject controlled noise into the semantic
maps during training and evaluate the model under three
noise levels, i.e.,, 10%, 30%, and 50%. We compare the full
STAR model with STAR (w/o SD), where the graph-based
Structure-Aware Decoder is replaced by a convolutional
decoder. This comparison is used to assess the role of
relational structural modeling when the semantic guidance
is imperfect. As reported in Table 8 STAR consistently
outperforms STAR (w/o SD) under all semantic-noise levels

and in both retrieval directions. At the 10% noise level, the
full model improves the average performance across the four
metrics by 3.01 percentage points over the convolutional-
decoder variant. The improvements are observed in both
Recall@l and AP, indicating that the graph-based decoder
helps maintain retrieval accuracy and ranking quality under
mild semantic perturbations. When the noise level increases
to 30%, STAR continues to achieve higher performance than
STAR (w/o SD), with an average gain of 1.91 percentage
points across the four metrics. This result suggests that
explicitly modeling relations among semantic regions can
provide more stable structural guidance than local
convolutional decoding when semantic maps become less
reliable. At the 50% noise level, STAR still maintains clear
advantages, with particularly notable gains in
UAV-Gatellite Recall@l and Satellite—UAV AP. Averaged
over all metrics and all noise levels, the full STAR improves
over STAR (w/o SD) by 2.81 percentage points. Overall, these
results show that the Structure-Aware Decoder improves the
tolerance of STAR to controlled semantic-map perturbations.
By aggregating semantic information through graph-based
relational modeling, STAR can better exploit structural cues
under imperfect semantic maps and preserve a stable
structure-aware retrieval representation for robust UAV-
based geo-localization.
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Fig. 7. Feature-domain spectral visualization on UniT-1652. For each query, the middle columns show the log-magnitude
spectra of STAR without structure-guided manifold regularization and the full STAR model. The right column shows
normalized radial magnitude profiles. The pale-red background marks the designated high-frequency range, and gray shading
highlights regions where the unregularized normalized profile exceeds that of STAR.

Table 8. Ablation study on University-1652 under different levels of semantic-map noise. SD denotes the Structure-Aware Decoder.

Noise |Method UAV-Satellite Satellite—UAV
Recall@1 AP Recall@1 AP
10% STAR (w/o SD) 88.20 89.96 91.58 88.07
STAR 91.62 92.92 93.87 91.43
30% STAR (w/o SD) 87.48 89.37 91.58 87.47
STAR 89.61 91.25 93.01 89.67
E0% STAR (w/o SD) 84.53 86.81 88.73 84.24
STAR 88.37 90.17 91.44 88.40

4.5.4 Sensitivity analysis of loss weights

The overall objective of STAR is controlled by three loss
weights, ie., w,;, w;, and w,, which correspond to the
discriminative retrieval loss, the structural learning loss, and
the structure-guided manifold regularization, respectively.
To analyze their influence, we first vary w; and w; with w,.

fixed, and then examine the effect of w, with w,; and wy fixed.

The results on University-1652, SUES-200, and UniT-1652 are
summarized in Fig. 6. Fig.6(a) shows the influence of
balancing the discriminative retrieval loss and the structural
learning loss on University-1652. When w, is fixed to 0.10,
the setting wy = 0.80 and w; = 0.20 achieves the best overall
performance across the two retrieval directions. Compared
with a more appearance-dominant setting, increasing the
weight of the structural objective provides consistent
improvements, indicating that structural supervision offers
complementary  guidance beyond appearance-based
discrimination. However, assigning an excessively large
weight to the structural objective does not further improve
the results. This suggests that the discriminative retrieval
loss should remain the primary objective, while the
structural learning loss serves as an auxiliary constraint to
enhance representation robustness. Fig. 6(b) further
evaluates the effect of w; and w, on SUES-200 under
different UAV flight altitudes. The results show that the
preferred balance between appearance discrimination and

structural supervision varies with the degree of cross-view
discrepancy. At lower altitudes, where UAV images exhibit
stronger viewpoint and scale differences from satellite
images, increasing the structural weight leads to better
retrieval performance. In contrast, at higher altitudes, the
UAV viewpoint becomes closer to the satellite viewpoint,
and the appearance-dominant setting achieves more
favorable results. This trend indicates that structural cues
become more useful appearance
correspondence is weakened by severe viewpoint variations,
whereas appearance features become more reliable when the
cross-view gap is reduced. For Satellite—UAV retrieval on
SUES-200, the Recall@l values are generally close across
different weight configurations. Nevertheless, AP remains
sensitive to the loss balance and reflects the influence of
structural supervision on ranking quality. In several altitude
settings, increasing the structural weight improves AP,
suggesting that structure-aware learning helps produce
more reliable retrieval rankings when multiple UAV-view
candidates share similar visual appearances. Fig. 6(c)
analyzes the effect of the manifold regularization weight w,
on UniT-1652, with w; = 0.80 and w, = 0.20 fixed. The best
performance is obtained when w, = 0.10. A smaller value
weakens the structure-induced manifold constraint, while a

when  direct

larger value makes the regularization less balanced with the
discriminative retrieval objective. This result indicates that
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the proposed manifold regularization should be applied
with a moderate weight, so that structural consistency can be
incorporated without compromising the discriminative
capacity of the retrieval representation. Overall, the
sensitivity analysis shows that STAR benefits from a
combination of appearance discrimination,
structural supervision, and manifold regularization.

4.5.5 Effect of structure-guided manifold regularization
To further examine the representation characteristics
associated with the proposed Structure-Guided Manifold

balanced

Regularization, we provide an auxiliary Fourier-domain
visualization of the learned discriminative feature F, .
Specifically, each 576-dimensional feature vector is reshaped
into a 24 X 24 map for diagnostic analysis, followed by a 2D
Fast Fourier Transform. We then compute a radial
magnitude profile by averaging the FFT magnitude at each
frequency radius, followed by normalization for relative
comparison across models. Fig. 7 compares STAR without
the regularization term and the full STAR model on
representative samples from UniT-1652. The unregularized
variant generally exhibits stronger normalized responses in
the high-frequency range of the radial profiles. These high-
frequency rapidly varying
components in the reshaped feature representation. In
contrast, the full STAR model presents lower normalized
high-frequency responses over most of the highlighted
frequency range, as indicated by the radial profiles and the
gray shaded regions. This visualization provides a
complementary diagnostic perspective on the behavior
associated with Structure-Guided Manifold Regularization.

responses Correspond to

5 Conclusion

This paper presents STAR, a lightweight structure-aware
representation learning framework for robust UAV-based
geo-localization under temporal shifts and cross-view
viewpoint discrepancies. The key idea of STAR is to exploit
geometrically stable structural semantics, such as road
layouts, building footprints, and land-cover distributions, to
regularize the discriminative manifold. By
incorporating structural guidance during representation
learning, STAR shapes a compact structure-aware
embedding space that preserves cross-view discriminability
while improving robustness to appearance variations caused
by seasonal changes, illumination differences, and
perspective distortions. In addition, we introduce UniT-1652,
a new benchmark derived from University-1652 to evaluate
UAV-based geo-localization deployment-time
temporal shifts. Extensive experiments demonstrate that
STAR achieves state-of-the-art performance across multiple
retrieval settings, with particularly notable advantages in
challenging scenarios involving severe viewpoint gaps and
temporal misalignment between UAV and satellite imagery.
Comprehensive ablation studies further verify the
effectiveness of structural supervision and structure-guided
manifold regularization, confirming that stable geographic
structures

retrieval

under

provide complementary guidance beyond

appearance-based discrimination.

The current evaluation mainly focuses on synthetically
introduced temporal shifts and controlled perturbations.
Future research toward deployment-oriented UAV geo-
localization may further benefit from longitudinal UAV-
satellite benchmarks that capture real-world structural
changes and long-term environmental evolution.
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