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Abstract

Unmanned aerial vehicle (UAV)-satellite cross-view geo-localization matches UAV images against satellite imagery and
has achieved impressive accuracy on clean (non-degraded) image benchmarks. In real-world flights, however, UAV
observations are frequently affected by adverse weather, illumination changes, platform motion, sensor noise, and com-
pression, while the robustness of existing methods under such degradations remains largely unexamined. In this paper,
we present UAVSat-Deg, a large-scale robustness benchmark for degraded UAV-satellite geo-localization, comprising
University-1652-Deg and SUES-200-Deg. UAVSat-Deg covers 27 corruption types, including 19 core and 8 compound
corruptions, at three severity levels, supports bidirectional drone-to-satellite and satellite-to-drone retrieval as well as
multi-height UAV acquisition, and contains more than 11.7 million pre-generated corrupted test images. Benchmarking
representative methods under this protocol reveals substantial robustness gaps, particularly under severe and compound
corruptions. To address this problem, we propose ReLATE, a Reliable Evidence Learning framework with Adaptive
Token Evidence Regulation, which realizes reliability-adaptive feature fusion during descriptor construction. ReLATE
estimates a structure-smoothed reliability field over visual tokens, aggregates trustworthy local evidence, and adap-
tively integrates it into query-derived representations; the regulated query representations are then combined with the
CLS-token and GeM-pooled branches to form the final cross-view descriptor. Across both test sets and retrieval direc-
tions, ReLATE achieves the best average corrupted-test performance among the compared methods while maintaining
competitive accuracy on clean images. The code and dataset will be available at https://github.com/JHC626/ReLATE.

Keywords: UAV-satellite geo-localization, cross-view retrieval, information fusion, reliability-aware feature fusion,
remote sensing, visual corruption robustness

1. Introduction

UAV-satellite cross-view geo-localization aims to match
UAV-view images with satellite-view images and retrieve
their corresponding locations. It is a fundamental task
for UAV navigation, remote sensing monitoring, emer-
gency response, urban management, and low-altitude UAV
perception. Typical settings include drone-to-satellite re-
trieval and satellite-to-drone retrieval, where a query im-
age from one view is used to search for its correspond-
ing target in the gallery of the other view. Unlike con-
ventional image retrieval, UAV-satellite geo-localization
must handle large viewpoint gaps, scale variations, alti-
tude changes, spatial-layout discrepancies, and appearance
shifts. Learning discriminative and view-consistent rep-
resentations therefore remains a central challenge in this
field [1, 2].

From a feature-fusion perspective, robust descriptor
construction requires complementary global and local ev-
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idence to be combined while accounting for their input-
dependent usefulness.

Recent advances in deep metric learning, attention
mechanisms, Transformer architectures, and visual foun-
dation models have substantially improved UAV-satellite
geo-localization on standard benchmarks [3, 4, 5, 6, 7, 8, 9,
10]. Datasets such as University-1652 and SUES-200 have
promoted drone-view and satellite-view retrieval by sup-
porting studies on representation learning, local feature
modeling, cross-view alignment, and retrieval optimiza-
tion [1, 2]. However, existing evaluations are still largely
conducted on clean (non-degraded) test sets, where both
query and gallery images are assumed to have relatively
ideal visual quality. Such clean-image evaluation is use-
ful for measuring discriminative capability under standard
benchmark conditions, but relying only on clean bench-
marks makes it difficult to fully assess model stability and
robustness under remote sensing imaging disturbances.

As shown in Fig. 1(a), in UAV and remote sensing appli-
cations, image quality is often affected by uncontrollable
factors such as motion blur, defocus blur, sensor noise,
compression artifacts, low illumination, adverse weather,
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Figure 1: Motivation of reliability-guided evidence aggregation
in ReLATE. (a) Diverse visual degradations, such as motion blur,
rain, fog, and Gaussian noise, can corrupt UAV query images and
increase the ambiguity of satellite-view retrieval. (b) Reliability-
agnostic aggregation does not explicitly distinguish trustworthy local
evidence from corruption-affected responses, which may allow unre-
liable evidence to enter the descriptor and cause an incorrect satel-
lite match. The heatmap shows QDFL’s normalized occlusion-based
GT-matching contribution EQDFL

GT (p). (c) ReLATE estimates the
reliability of local visual evidence, emphasizes high-reliability cues,
and suppresses low-reliability responses, producing a more robust
descriptor for correct cross-view retrieval. The heatmap shows Re-
LATE’s final structure-smoothed reliability field R̃v .

haze, and reduced visibility. These degradations not only
reduce visual quality, but may also corrupt key location-
discriminative cues for cross-view matching, such as build-
ing contours, road structures, regional textures, vegetation
distributions, and local object boundaries. UAV-satellite
geo-localization already requires models to bridge geomet-
ric and appearance discrepancies between UAV and satel-
lite views; when degraded observations further cause local
evidence loss, structural ambiguity, or texture distortion,
retrieval becomes substantially more challenging.

Recent studies have begun to investigate robustness in
cross-view geo-localization under visual corruptions, envi-
ronmental changes, and adverse weather, yet their evalua-
tion settings and methodological assumptions remain frag-
mented [11, 12, 13, 14]. Despite these efforts, a unified

protocol for systematically evaluating the robustness of
UAV-satellite geo-localization across diverse visual degra-
dations is still lacking.

To address this gap, we construct UAVSat-Deg, a sys-
tematic degraded UAV-satellite cross-view geo-localization
benchmark comprising University-1652-Deg and SUES-
200-Deg. UAVSat-Deg covers diverse single and com-
pound corruptions at multiple severity levels, supports
bidirectional drone-to-satellite and satellite-to-drone re-
trieval as well as multi-height UAV acquisition, and fol-
lows a fixed image-only clean-training (trained only on
non-degraded images) corrupted-testing protocol.

To improve cross-view matching under degraded obser-
vations, we further propose ReLATE, i.e., Reliable Ev-
idence Learning with Adaptive Token Evidence Regula-
tion. ReLATE is a general reliable visual evidence learn-
ing framework rather than a model tailored to a specific
degradation type. The key motivation is that different im-
age regions and local visual responses contribute unequally
to UAV-satellite matching reliability. Blur, noise, com-
pression, and weather perturbations may produce unsta-
ble or misleading local evidence; reliability-agnostic fusion
of such responses can weaken the location-discriminative
capability of the final representation. As illustrated in
Fig. 1(b) and Fig. 1(c), reliability-agnostic aggregation
under degraded observations may introduce unreliable lo-
cal responses into the descriptor and lead to incorrect re-
trieval, whereas ReLATE emphasizes high-reliability vi-
sual evidence and suppresses low-reliability responses for
more robust cross-view matching.

ReLATE contains two complementary components.
Structure-Smoothed Reliability-Guided Evidence Learn-
ing (SRE) estimates a spatially consistent reliability field
and uses it to suppress unreliable token responses while
preserving stable structural cues. Reliability-Adaptive To-
ken Evidence Regulation (RATE) then aggregates reliable
token evidence and adaptively controls its contribution to
the final cross-view representation. Together, SRE and
RATE form a reliability-aware evidence-fusion pathway in
which reliable local evidence is first constructed and then
adaptively integrated into the final multi-branch descrip-
tor.

The main contributions of this paper are summarized as
follows:

1. We construct UAVSat-Deg, a systematic degraded
UAV-satellite cross-view geo-localization benchmark,
including University-1652-Deg and SUES-200-Deg.
The benchmark covers multiple corruption families,
severity levels, bidirectional retrieval tasks, and dif-
ferent UAV acquisition settings, and follows a repro-
ducible image-only clean-training corrupted-testing
protocol. Based on UAVSat-Deg, we systematically
evaluate representative UAV-satellite geo-localization
methods under corrupted observations, reveal their
robustness gaps under weather, illumination changes,
blur, noise, compression, and compound corruptions,
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and provide reproducible baselines and diagnostic ev-
idence for future robust cross-view localization re-
search.

2. We propose ReLATE, a reliable visual evidence
learning framework for robust UAV-satellite geo-
localization. Its SRE module estimates a structure-
smoothed reliability field that reduces the influence
of unreliable visual responses while preserving stable
spatial-structural cues, providing a spatially struc-
tured reliability basis for subsequent feature fusion
and improving cross-view retrieval robustness under
degraded remote sensing observations.

3. We further introduce RATE, which realizes reliability-
aware feature fusion by converting the estimated re-
liability field into an active token evidence aggrega-
tion and descriptor regulation mechanism: reliability-
weighted token evidence is distilled into a compact
descriptor and adaptively injected into the query rep-
resentations with input-dependent strength. This al-
lows the final representation to exploit fine-grained
spatial-structural cues when local evidence is trust-
worthy, and to avoid overemphasizing local token
evidence when its reliability is limited. Extensive
experiments show that ReLATE achieves stronger
corrupted-test performance on both University-1652-
Deg and SUES-200-Deg while maintaining competi-
tive clean retrieval (retrieval without corruption) ac-
curacy.

The remainder of this paper is organized as follows. Sec-
tion II reviews related work on UAV-satellite cross-view
geo-localization, degradation robustness evaluation, and
generalizable cross-view representation learning with fea-
ture fusion. Section III introduces the construction and
statistics of UAVSat-Deg. Section IV presents the pro-
posed ReLATE framework. Section V reports experimen-
tal settings, comparisons, and robustness analysis. Sec-
tion VI presents the ablation studies, and Section VII con-
cludes this paper.

2. Related Work

2.1. UAV-Satellite Cross-View Geo-Localization
UAV-satellite geo-localization is generally formulated as

a bidirectional cross-view retrieval problem: a UAV im-
age retrieves the corresponding satellite image, or a satel-
lite query retrieves UAV observations of the same loca-
tion. University-1652 established a multi-source bench-
mark for drone-view target localization and satellite-to-
drone navigation [1], while SUES-200 introduced multi-
height UAV acquisition and the associated scale and ap-
pearance variations [2]. Earlier ground-to-aerial studies
developed wide-area localization, deep cross-view repre-
sentations, orientation-aware alignment, and Transformer-
based retrieval [15, 3, 4, 5, 6, 7]. Although their ground-
view geometry differs from UAV imagery, these works pro-
vide important foundations for representation learning and
cross-view alignment.

On UAV-satellite benchmarks, existing methods im-
prove clean retrieval through complementary forms of spa-
tial and metric modeling. LPN exploits part-level patterns
and contextual information [16]; FSRA segments Trans-
former feature maps and aligns discriminative regions [17];
and Sample4Geo combines contrastive learning with hard-
negative sampling [8]. Other studies investigate practical
UAV-satellite matching, view synthesis, keypoint-aware
representation learning, multiple classifiers, domain align-
ment, contrastive attribute mining, self-adaptive feature
extraction, counterfactual reasoning, and query-driven ag-
gregation [18, 19, 20, 21, 22, 23, 24, 25, 26]. Recent exten-
sions further consider field-of-view constraints, multiview
scene matching, dynamic decorrelation, dense partition
learning, Transformer aggregation, video-to-BEV trans-
formation, language-guided navigation, and environment-
independent feature enhancement [27, 28, 29, 30, 31, 32,
33, 34].

These advances have substantially improved retrieval
on standard test sets, but most evaluations assume clean
UAV and satellite images. Clean accuracy measures dis-
criminability under the nominal data distribution; it does
not show whether the same representation remains stable
when local texture, visibility, illumination, or structural
evidence is corrupted. This robustness gap motivates an
evaluation protocol that varies corruption type and sever-
ity while keeping the training data and retrieval correspon-
dences unchanged.

2.2. Degraded and Robust Geo-Localization
Corruption robustness has been systematically studied

in generic recognition. ImageNet-C organizes noise, blur,
weather, and digital artifacts into controlled severity lev-
els, enabling standardized evaluation under distribution
shift [35]. A recent cross-view benchmark applies common
corruptions to CVUSA and CVACT to analyze street-to-
aerial retrieval robustness [11]. These studies demonstrate
that strong clean performance does not necessarily imply
stable performance under visual perturbations. However,
street-view matching differs from UAV-satellite localiza-
tion in oblique viewpoint, altitude variation, and exposure
to low-altitude motion, weather, and sensor disturbances.

Robust UAV geo-localization studies remain heteroge-
neous in both assumptions and protocols. Some treat
weather or corruption as test-time perturbations, but cover
only a few conditions, one dataset, or one retrieval di-
rection. Others introduce degraded distributions during
training. MuSe-Net models environment-induced shifts
through multiple-environment style extraction and adap-
tive feature modulation [12], whereas MCGF jointly opti-
mizes diffusion-based restoration and geo-localization [13].
Prompt-assisted and multimodal approaches adopt an-
other setting: WeatherPrompt generates weather descrip-
tions and learns text-guided representations with dy-
namic gating, drawing on vision-language priors such as
CLIP [14, 36]. Restoration, translation, degraded train-
ing samples, and text prompts can improve robustness un-
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Figure 2: Overview of the UAVSat-Deg corruption taxonomy. The benchmark contains 27 corruption types at severity levels 1, 2, and 3:
19 core corruptions from five families and 8 compound corruptions. Representative compound and core examples are shown on the left and
right, respectively.

der their intended assumptions, but they entangle the ro-
bustness of the underlying cross-view representation with
corruption-specific adaptation. In real-world deployment,
corruption types and severity levels are often unknown,
mixed, or previously unseen, so methods tailored to pre-
defined degradations or requiring explicit degradation de-
scriptions may not transfer reliably beyond the conditions
covered during training.

We therefore adopt a fixed image-only clean-training
corrupted-testing protocol, in which all methods are
trained on clean data and evaluated on the same corrupted
test sets without corruption labels, severity information,
prompts, or auxiliary modalities. This setting isolates gen-
eralization to unseen degradations and enables a controlled
comparison of clean-trained cross-view representations.

2.3. Generalizable Cross-View Representation Learning
and Feature Fusion

The core of cross-view localization is to keep observa-
tions of the same place close in feature space while sep-
arating geographically different locations. Existing ap-
proaches combine global descriptors, local or part-based
regions, attention, Transformers, hard-negative sampling,
and learnable queries [15, 3, 4, 5, 6, 7, 16, 17, 8, 26]. Strong
CNN and domain-generalization backbones [37, 38, 39],
as well as Transformer and foundation-model represen-
tations [9, 40, 10], provide rich semantic and structural
features. Nevertheless, backbone strength alone does not
guarantee degradation robustness.

Under corrupted observations, reliability is spatially
nonuniform: roads, building outlines, and regional layouts
may remain informative, whereas other tokens become un-
stable or misleading. Aggregation without explicit reliabil-
ity modeling can therefore dilute the surviving geographic
evidence. ReLATE addresses this issue without predicting
a corruption category or inverting a degradation operator.

Its SRE module estimates and spatially smooths token reli-
ability, while RATE converts that reliability into adaptive
token aggregation and descriptor regulation. In this paper,
this process is interpreted as feature-level fusion within
each view: reliability-weighted local evidence is integrated
into query-derived representations and subsequently com-
bined with the CLS-token and GeM-pooled branches. It
does not perform pixel-level image fusion or direct interac-
tion between paired UAV and satellite feature maps. The
resulting representation retains the advantages of query-
based cross-view modeling while explicitly controlling the
contribution of degraded local evidence.

3. Dataset Construction and Analysis

3.1. Dataset Construction

To evaluate degradation robustness under controlled
and reproducible conditions, we construct UAVSat-Deg
from the test splits of University-1652 [1] and SUES-
200 [2]. The resulting University-1652-Deg and SUES-200-
Deg retain the original training/test splits, location identi-
ties, class IDs, and retrieval correspondences; corruptions
are applied only to UAV-side test images. University-1652-
Deg covers the standard UAV-satellite setting, whereas
SUES-200-Deg additionally preserves the H150, H200,
H250, and H300 acquisition heights.

UAVSat-Deg obeys three principles [35, 11]. First, all
models are trained, selected, and tuned using only clean
data; degraded images are reserved exclusively for test-
ing. Second, every corrupted image is generated offline
and fixed, so all methods receive exactly the same in-
puts and the results are unaffected by online random sam-
pling. Third, the model receives only the image itself.
Corruption type, severity, generation parameters, weather
descriptions, prompts, and auxiliary modalities are never
exposed.
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These constraints reflect a practical deployment setting:
future corruption types, severity levels, and combinations
cannot be exhaustively enumerated during training, while
explicit degradation cues are typically unavailable at infer-
ence time. They therefore separate degradation general-
ization from corruption-aware training or test-time adap-
tation.

The taxonomy in Fig. 2 comprises 19 core corruptions
and 8 compound corruptions. Core corruptions represent
individual imaging factors and are organized into blur, dig-
ital compression, illumination/exposure, sensor noise, and
weather/visibility. Compound corruptions combine sev-
eral factors in a fixed order and are divided into mixed
and compound-weather groups. The taxonomy therefore
covers both common single-factor disturbances and harder
cases in which visibility, texture, and local structure dete-
riorate simultaneously.

For the weather-related subset, we follow the public
WeatherPrompt-style synthesis procedure used in the orig-
inal benchmark construction [14], but retain only the gen-
erated images and do not use weather descriptions, text
embeddings, prompts, or multimodal reasoning. The re-
maining corruptions are produced with procedural image
operators following the common-corruption paradigm, in-
cluding sensor-noise, blur/optical, compression, and illu-
mination transformations. Each type is rendered at sever-
ity levels 1, 2, and 3, representing mild, moderate, and se-
vere degradation. The presets progressively change factor-
specific parameters such as noise variance, blur extent,
weather-particle density, opacity, illumination shift, and
compression strength. Severity indices express compara-
ble qualitative regimes across corruption types rather than
identical physical magnitudes. For compound corruptions,
component strengths are jointly balanced so that the scene
remains partially recognizable even at severity 3.

Generation is retrieval-direction specific: UAV images
are corrupted on the query side for drone-to-satellite (D2S)
evaluation and on the gallery side for satellite-to-drone
(S2D) evaluation, while satellite images remain clean in
both directions. Because UAV images are acquired by
moving onboard cameras, they are more susceptible than
relatively stable, pre-collected satellite imagery to plat-
form motion and vibration, rapidly varying illumination,
adverse weather, and sensor noise. The generated files are
organized by dataset, direction, family, corruption type,
and severity. SUES-200-Deg further retains all four flight
heights, allowing degradation robustness to be analyzed
jointly with scale and viewpoint changes.

3.2. Dataset Statistics and Characteristics
Table 1 lists the 19 core and 8 compound corruption

types in UAVSat-Deg, each evaluated at severity levels 1,
2, and 3.

For each retrieval direction, the core and compound
groups produce 19 × 3 = 57 and 8 × 3 = 24 corrupted
subsets, respectively. Thus, for each dataset, each direc-
tion contains 81 corrupted subsets and one clean subset.

D2S and S2D together comprise 164 evaluation subsets per
dataset, or 328 subsets across the two datasets. This or-
ganization supports macro-averaging by corruption type
and separate analysis by family, severity, and retrieval di-
rection.

University-1652-Deg uses 37,855 UAV queries in each
D2S corruption-severity subset and 51,355 UAV gallery
images in each S2D subset. Across 81 corrupted subsets,
this yields 3,066,255 D2S and 4,159,755 S2D images, or
7,226,010 corrupted images in total. The benchmark ad-
ditionally caches 90,862 clean reference images (the clean
UAV sets and their satellite counterparts), bringing the
complete University-1652-Deg cache to 7,316,872 images.

SUES-200-Deg caches 16,000 D2S UAV queries and
40,000 S2D UAV gallery images for each corruption–
severity condition across the four heights. Evaluation
is performed separately at each height, using 4,000 D2S
queries and a 10,000-image S2D gallery per height, and
the four height-specific scores are macro-averaged for the
dataset-level results. It therefore contains 1,296,000 D2S
and 3,240,000 S2D corrupted images, totaling 4,536,000.
Across University-1652-Deg and SUES-200-Deg, UAVSat-
Deg provides 11,762,010 corrupted test images. The
core/compound and direction-wise breakdown is reported
in Table 2.

To quantitatively characterize the benchmark-wide
degradation level, we calculate the SNR of each corrupted
UAV image relative to its corresponding clean observa-
tion. After normalizing RGB intensities to [0, 1], the clean-
image energy is regarded as the signal power, while the
mean-squared difference between the corrupted and clean
images is regarded as the distortion power:

SNR = 10 log10
E[I2]

E[(Ĩ − I)2] + ϵ
. (1)

Across all corrupted UAV images in the two benchmarks,
the median SNR is approximately 9.05 dB. This statistic
provides an overall quantitative description of the degra-
dation strength, although for non-additive corruptions it
should be interpreted as image distortion relative to the
clean observation rather than physical sensor noise alone.

4. Methodology

4.1. Method Overview
As illustrated in Fig. 3, we propose ReLATE, namely

Reliable Evidence Learning with Adaptive Token Evi-
dence Regulation, for robust UAV-satellite cross-view geo-
localization. ReLATE is not designed as a degradation-
specific model; instead, it provides a general framework for
reliable visual evidence learning. The central idea is that
cross-view localization should not rely solely on stronger
visual encoding, but should explicitly identify visual evi-
dence that is stable and discriminative for location match-
ing, and regulate how such evidence contributes to descrip-
tor construction. Even in clean images, different regions
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Table 1: Corruption taxonomy of UAVSat-Deg. Each corruption type is evaluated at severity levels 1, 2, and 3.

Category Family Corruption Types #Types

Core Blur degradation defocus_blur, glass_blur, motion_blur, zoom_blur 4
Core Digital compression jpeg_compression, pixelation 2
Core Illumination/exposure degradation brightness, contrast, dark_night, over_exposure 4
Core Sensor noise gaussian_noise, impulse_noise, shot_noise, speckle_noise 4
Core Weather/visibility degradation fog, frost, rain, snow, wind 5

Compound Mixed compound degradation dark_noise, fog_pixelation, rain_motion 3
Compound Compound weather degradation fog_rain, fog_snow, rain_snow, fog_rain_snow, dark_rain_fog 5

Table 2: Statistics of University-1652-Deg and SUES-200-Deg. “Images/subset” denotes the number of corrupted images in one corruption–
severity subset for the specified retrieval direction.

Dataset Direction #Corrupted
Subsets

Images/
Subset

Core
Images

Compound
Images

Total Corrupted
Images

University-1652-Deg D2S 81 37,855 2,157,735 908,520 3,066,255
University-1652-Deg S2D 81 51,355 2,927,235 1,232,520 4,159,755

SUES-200-Deg D2S 81 16,000 912,000 384,000 1,296,000
SUES-200-Deg S2D 81 40,000 2,280,000 960,000 3,240,000

contribute unequally to matching. Under corrupted ob-
servations, this imbalance becomes more pronounced, as
blur, noise, compression artifacts, illumination changes,
and weather perturbations may induce unstable or mis-
leading local responses. Therefore, ReLATE builds a uni-
fied representation learning pipeline centered on reliable
evidence discovery and reliable evidence utilization. From
a feature-fusion perspective, ReLATE uses the learned re-
liability field to control how local token evidence is inte-
grated into the final descriptor.

Given an input image Iv from view v ∈ {d, s}, where
d and s denote the drone and satellite views, respectively,
ReLATE outputs a normalized descriptor for cross-view re-
trieval. A visual foundation encoder first extracts a global
token and a set of spatial tokens:

cv,Xv = Φ(Iv), Xv = {xv
i }Ni=1, (2)

where cv denotes the global visual response and Xv de-
notes token-level spatial evidence. In our implementation,
Φ(·) is instantiated with a DINOv2 visual encoder based on
Vision Transformer representations [9, 10]. ReLATE then
performs reliable evidence learning over these token repre-
sentations and produces the cross-view descriptor zv. Dur-
ing inference, the drone-view image and each satellite-view
image are independently processed by the shared ReLATE
framework. Let zd and zs denote the final L2-normalized
retrieval descriptors of the drone and satellite views, re-
spectively. Their cross-view similarity is computed using
the inner product:

S(Id, Is) =
〈
zd, zs

〉
. (3)

Candidate images are ranked according to the similarity
scores for drone-to-satellite or satellite-to-drone retrieval.

The internal design of ReLATE follows a reliability
perception-to-utilization pipeline. First, the SRE mod-

ule estimates a spatially consistent reliability field over vi-
sual tokens and uses it to guide retrieval-oriented evidence
learning. This module aims to identify trustworthy lo-
cal responses, preserve stable spatial-structural cues such
as road structures, building boundaries, and regional lay-
outs, and reduce the influence of unstable local responses.
Second, the RATE module converts the learned reliability
field into an active token evidence regulation mechanism.
It adaptively aggregates reliable token evidence and regu-
lates its contribution to the final descriptor, enabling the
cross-view representation to exploit fine-grained matching
cues more effectively.

The above encoder-to-descriptor pipeline is instantiated
on a query-based cross-view representation substrate in
line with recent query-driven geo-localization [26]. Given
the spatial tokens Xv, the substrate maintains Kq learn-
able query vectors and produces coarse evidence queries
Qv

c = {qv
c,k}

Kq

k=1 through its original query-encoding opera-
tions. SRE subsequently refines these coarse queries by at-
tending to the reliability-modulated spatial tokens, yield-
ing the reliability-guided internal queries Qv

r = {qv
r,k}

Kq

k=1.
A learnable query-remapping layer then transforms the Kq

internal queries into Nsup query-derived supervised repre-
sentations, which are further regulated by RATE using the
aggregated reliable token evidence. The resulting Nsup

regulated query branches, together with one CLS-token
branch and one GeM-pooled spatial branch, form Nh =
Nsup+2 final descriptor branches. The substrate does not
explicitly model token reliability under degraded observa-
tions. ReLATE augments it with an explicit reliability
layer: SRE estimates where local evidence can be trusted,
and RATE regulates how much the trusted evidence con-
tributes to the final descriptor. SRE therefore provides
spatially structured reliability estimates and reliability-
modulated token evidence, whereas RATE performs input-
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Figure 3: Overall framework of the proposed ReLATE. UAV-view and satellite-view images are independently encoded by a shared image
encoder to obtain global and spatial tokens. The SRE module estimates and smooths token-level reliability, and modulates spatial tokens
to enhance reliable evidence while suppressing unreliable responses. The RATE module aggregates reliable token evidence and adaptively
regulates its contribution to the query representation. The Nsup regulated query representations, together with the CLS-token branch and
the GeM-pooled spatial branch, are combined through multi-branch descriptor aggregation and L2-normalized to obtain the final descriptor
zv , which is used for similarity ranking in UAV-satellite cross-view retrieval.

dependent local-to-query evidence integration. The regu-
lated query branches are subsequently combined with the
CLS-token and GeM-pooled branches, yielding a descrip-
tor that preserves complementary local and global infor-
mation.

4.2. Structure-Smoothed Reliability-Guided Evidence
Learning

As illustrated in Fig. 4, SRE estimates a spatially con-
sistent reliability field from visual tokens and uses it to
modulate token responses and refine retrieval queries.

Given the spatial token representations extracted by the
visual encoder under view v,

Xv = {xv
i }Ni=1, xv

i ∈ RC , (4)

where N = H ×W denotes the number of spatial tokens
arranged on an H × W grid and C denotes the channel
dimension, we first estimate a soft reliability score for
each token, providing a relative indication of how useful
the corresponding local response is as cross-view matching
evidence. Specifically, token reliability is predicted by a
lightweight reliability estimator:

rvi = σ (fr(x
v
i )) , (5)

where fr(·) denotes a reliability mapping function com-
posed of a normalization layer and a two-layer perceptron,
σ(·) is the Sigmoid function, and rvi ∈ (0, 1). Here, reliabil-
ity is an input-dependent latent utility score learned end-
to-end for cross-view matching, rather than a calibrated

probability of corruption or perceptual image quality. It is
estimated solely from the visual response of the current to-
ken and does not require corruption labels, severity levels,
or degradation parameters.

Pure token-wise reliability estimation can be sensitive to
local noise and texture perturbations, especially in com-
plex scenes or under compound corruptions, where inde-
pendent token responses may yield fragmented or unstable
reliability maps. In contrast, location-discriminative cues
in UAV and remote sensing images usually exhibit spa-
tial continuity. For example, roads, building groups, play-
grounds, green areas, and regional boundaries typically
appear as local structures rather than isolated tokens. Mo-
tivated by this observation, we perform structural smooth-
ing on the reliability response. The token reliability scores
rv = [rv1 , . . . , r

v
N ] are reshaped into a spatial reliability

map Rv ∈ RH×W , and a structural reliability response is
obtained through a local smoothing operator S(·):

R̃v = Rv + α (S(Rv)−Rv) , (6)

where S(·) is instantiated as 3 × 3 average pooling with
stride 1 and padding 1, and α ∈ (0, 1) is a learnable
smoothing coefficient constrained by a Sigmoid parame-
terization, so that R̃v is a convex combination of the raw
and locally pooled reliability. This design allows reliability
estimation to incorporate local neighborhood structures
rather than relying on isolated token responses: the local
averaging encourages spatial consistency of the reliability
field, while the residual blend in Eq. (6) retains the original
token-wise reliability variation, yielding a less fragmented
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Figure 4: Illustration of structure-smoothed reliability-guided evi-
dence learning. Given spatial tokens, ReLATE first estimates token-
wise raw reliability through a reliability MLP and reshapes the reli-
ability scores into a spatial map. A local average pooling operation
and a learnable α-blend are then used to obtain structure-smoothed
reliability. The smoothed reliability is converted by a reliability scale
generator into reliability-centered modulation scales, which enhance
reliable token responses and suppress unreliable ones. Finally, coarse
queries attend to the reliability-modulated spatial tokens through
multi-head attention; the attention output is added back to the
coarse queries and normalized to produce reliability-guided queries
for subsequent descriptor construction.

and more stable reliability field consistent with the spatial
continuity of remote sensing imagery. The smoothed re-
liability map is then flattened back into r̃v = {r̃vi }Ni=1 for
subsequent token-wise modulation and evidence aggrega-
tion.

After obtaining the structure-smoothed reliability field,
we use it to modulate spatial tokens. To reduce uniform
amplification or attenuation across the token set, the reli-
ability scores are first mean-centered:

∆rvi = r̃vi − 1

N

N∑
j=1

r̃vj . (7)

A token-level modulation factor is then generated from the
centered reliability:

mv
i = clip (1 + γ∆rvi ,mmin,mmax) , γ > 0, (8)

where γ > 0 is a learnable modulation strength kept
positive through a Softplus parameterization, i.e., γ =
softplus(ηγ) for a learnable scalar ηγ , and 0 < mmin <

1 < mmax ensures positive and bounded feature scaling.
The reliability-modulated token representation is defined
as

x̂v
i = mv

i x
v
i . (9)

In this way, tokens with above-average reliability are en-
hanced, whereas tokens with below-average reliability are
suppressed. Because the modulation is based on cen-
tered reliability, it does not simply amplify the whole fea-
ture map, but emphasizes the relative credibility of lo-
cal evidence and guides the model toward more location-
discriminative spatial-structural cues.

During retrieval-oriented evidence learning, the
reliability-modulated tokens are used to refine the view-
specific query representations employed for subsequent
cross-view matching. Recall the coarse evidence queries
Qv

c from the representation substrate, which aggregate
retrieval-relevant contextual information from the spatial
tokens. We use the reliability-modulated token represen-
tations X̂v as key and value, and obtain reliability-guided
query representations through cross-attention:

Qv
r = LN

(
Qv

c +MHA
(
LN(Qv

c ), X̂
v, X̂v

))
, (10)

where MHA(·) denotes multi-head attention [41] and LN(·)
denotes layer normalization. Through this reliability-
guided attention, the model reduces the influence of less re-
liable tokens during the query–token interaction. Instead,
it is encouraged to focus on reliable structural cues and
reduce the interference of unstable local responses in the
final descriptor.

4.3. Reliability-Adaptive Token Evidence Regulation
The structure-smoothed reliability-guided evidence

learning module estimates a reliability field in the visual
token space and uses it to guide retrieval-oriented evi-
dence learning. While this reliability-guided refinement
reduces the influence of unreliable local responses during
feature learning, robust descriptor construction further re-
quires an explicit mechanism to determine how reliable
token-level evidence should contribute to the final repre-
sentation. UAV-satellite cross-view geo-localization is a
fine-grained retrieval task. Its matching performance de-
pends not only on global scene context but also on lo-
cal spatial-structural cues, such as road layouts, build-
ing boundaries, regional contours, and texture patterns.
These cues are often encoded by local tokens. Relying
only on a globally aggregated descriptor may weaken fine-
grained matching information, whereas indiscriminately
aggregating all tokens may introduce unstable local re-
sponses into the final representation. To this end, we
propose Reliability-Adaptive Token Evidence Regulation,
which realizes reliability-aware feature fusion through to-
ken evidence aggregation and adaptive descriptor regula-
tion.

Given the structure-smoothed reliability score r̃vi and
the corresponding reliability-modulated token representa-
tion x̂v

i produced by SRE, we assign adaptive evidence

8



weights according to the reliability distribution using a
concentration-controlled softmax:

avi =
exp(τ r̃vi )∑N
j=1 exp(τ r̃

v
j )

, (11)

where τ > 0 controls the concentration of the weight dis-
tribution. Because softmax depends on relative logit dif-
ferences, tokens with higher reliability receive larger evi-
dence weights, whereas less reliable tokens are suppressed.
Unlike average pooling or fixed-weight aggregation, the
weights are determined by the current input, allowing
the model to select trustworthy local cues across images,
views, and imaging conditions.

Based on the token evidence weights, local token rep-
resentations are aggregated into a reliable token evidence
descriptor:

ev = LN

(
N∑
i=1

avi x̂
v
i

)
, (12)

where LN(·) denotes layer normalization. This descriptor
serves as a compact summary of reliable local evidence
extracted from the current image. Compared with directly
averaging all tokens, this aggregation emphasizes stable
and location-discriminative local structural cues, thereby
providing complementary information for the final cross-
view descriptor. Note that the modulation factor mv

i in
SRE and the aggregation weight avi here serve different
purposes: the former rescales token responses before the
query–token interaction, whereas the latter determines the
contribution of each token during explicit token evidence
aggregation. The two operations therefore act at different
stages of the pipeline and are complementary rather than
redundant.

Furthermore, the contribution of token evidence to the
final descriptor should be input-dependent. Across differ-
ent input images, views, and UAV acquisition conditions,
the reliability and necessity of local token evidence may
vary. When the global structure is clear, token evidence
can provide fine-grained complementary cues; when local
textures are severely perturbed, overemphasizing token ev-
idence may introduce additional noise. Therefore, we in-
troduce a reliability-adaptive regulation coefficient λv to
control the contribution of reliable token evidence to the
final cross-view representation:

sv = Ψ(R̃v) =
[
mean(R̃v), std(R̃v)

]
, (13)

λv = σ(MLPλ(s
v)) ∈ (0, 1), (14)

where Ψ(·) summarizes the structure-smoothed reliabil-
ity field R̃v by its global distribution statistics, MLPλ(·)
denotes a lightweight two-layer perceptron, and the Sig-
moid function σ(·) bounds the regulation coefficient to
λv ∈ (0, 1). In this way, the integration strength of token
evidence is adaptively determined by the overall level and
dispersion of the reliability distribution of the current in-
put, enabling the model to flexibly regulate the influence

of local evidence under different reliability states, views,
and acquisition conditions.

Recall the reliability-guided internal query representa-
tions Qv

r = {qv
r,k}

Kq

k=1 produced by the SRE module, where
Kq denotes the number of internal queries. Before branch-
level descriptor construction, a learnable query-remapping
function Rq(·) transforms the Kq internal queries along
the query dimension into Nsup query-derived supervised
representations. The reliable token evidence descriptor is
then adaptively integrated into each remapped query rep-
resentation:

Qv
sup = Rq (Q

v
r) , (15a)

qv
reg,j = qv

sup,j + λvev, j = 1, . . . , Nsup. (15b)

Here, Qv
sup ∈ RNsup×C , and qv

sup,j denotes its j-th row.
The function Rq : RKq×C → RNsup×C performs learnable
linear remapping along the query dimension. Therefore,
the reliable token evidence is integrated into the query-
derived supervised representations rather than treating all
internal queries as independent descriptor branches. This
operation can be interpreted as local-to-query feature fu-
sion, where ev provides complementary local evidence and
λv controls its input-dependent contribution.

In addition to the regulated query branches, the rep-
resentation substrate retains a CLS-token branch and a
GeM-pooled spatial branch. Let

gv = GeM(Xv
f ) , (16)

where Xv
f denotes the refined spatial feature map retained

by the query-based representation substrate and used as
the input to the GeM-pooled spatial branch. The branch-
level descriptors are then defined as

uv
j = Pj

(
qv
reg,j

)
, j = 1, . . . , Nsup, (17a)

uv
cls = Pcls (c

v) , (17b)
uv
gem = Pgem (gv) . (17c)

The first Nsup descriptors are query-derived supervised
branches, while uv

cls and uv
gem denote the CLS-token and

GeM-pooled branches, respectively. Therefore, the total
number of descriptor branches is Nh = Nsup + 2.

The final cross-view retrieval descriptor fuses the com-
plementary branch descriptors through concatenation fol-
lowed by L2 normalization:

zv = Norm
(
Concat

[
uv
1, . . . ,u

v
Nsup

,

uv
cls,u

v
gem

])
.

(18)

The descriptor zv is used for cross-view retrieval, and the
complete set of Nh = Nsup + 2 branch descriptors addi-
tionally serves as the input to the location classification
heads described in Section IV-D.
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4.4. Training Objective

ReLATE does not rely on any explicit reliability an-
notation or degradation label. The reliability field is
learned implicitly, driven entirely by the retrieval objec-
tive. Following the training recipe of the query-based sub-
strate [26], each view produces Nh = Nsup + 2 branch-
level location predictions, including Nsup regulated query
branches, one CLS-token branch, and one GeM-pooled
spatial branch, together with a final cross-view descriptor.
The overall training objective combines three complemen-
tary terms:

L = Lcls + LMS + Lcv. (19)

The three loss terms are combined with equal weights,
and no additional loss-balancing hyperparameters are in-
troduced. Location classification loss. For each view,
the Nh classification branches are supervised by the shared
location label y. The h-th branch feeds its branch descrip-
tor into a linear classifier to produce the location logits,
i.e., ov

h = Whu
v
h + bh, where Wh and bh are shared be-

tween the two views; we write os
h and od

h for the satellite
and drone views, respectively. The classification loss aver-
ages the cross-entropy over all branches of each view and
sums the two views:

Lcls =
1

Nh

Nh∑
h=1

[
CE(os

h, y) + CE(od
h, y)

]
. (20)

Cross-view Multi-Similarity loss. To shape a discrim-
inative retrieval embedding, we impose a Multi-Similarity
loss ℓMS(·) [42] on the final cross-view descriptor. The
satellite and UAV descriptors within a batch are concate-
nated and assigned the same location labels, so that de-
scriptors of the same location form positive pairs and de-
scriptors of different locations form negative pairs. Denote
the concatenated descriptor and label sets as

F = Concat(Fs,Fd), Y = Concat(y,y), (21)

where Fs = {zsb}Bb=1 and Fd = {zdb}Bb=1 denote the satellite
and drone descriptor sets in a batch of size B, and y de-
notes the shared location labels. A Multi-Similarity miner
with threshold ϵMS first selects informative pairs from the
joint cross-view descriptor set, and the metric loss is de-
fined as

LMS = ℓMS(F,Y). (22)

We set αMS = 5, βMS = 100, base similarity bMS = 0.1,
and mining threshold ϵMS = 0.4.
Cross-view prediction-consistency loss. To encour-
age the two views to produce consistent location predic-
tions, we align their per-branch class distributions toward
a shared mixture target. For the h-th branch, let ps

h and
pd
h be the softmax class distributions of the two views,

and let mh = sg
(
1
2 (p

s
h + pd

h)
)

be the averaged mixture
distribution, where sg(·) denotes the stop-gradient opera-
tion. The consistency loss is a symmetric mixture-to-view

Table 3: Severity-wise corrupted-test comparison of Ours and QDFL.
Entries are R@1/AP averaged over all corruption types at each sever-
ity level. For SUES-200-Deg, results are further macro-averaged over
the four UAV heights. D→S and S→D denote Drone→Satellite and
Satellite→Drone, respectively.
Dataset /
Backbone Direction Method Sev. 1 Sev. 2 Sev. 3

Univ.-1652-Deg
DINOv2-B/14

D→S QDFL 85.36/87.30 66.33/69.77 44.50/48.59
Ours 87.76/89.48 71.23/74.43 50.25/54.29

S→D QDFL 94.35/86.46 90.41/74.86 81.08/57.72
Ours 94.85/87.63 91.41/77.10 83.16/60.87

SUES-200-Deg
DINOv2-B/14

D→S QDFL 88.47/92.37 71.95/79.64 50.99/61.19
Ours 90.65/93.98 75.94/82.79 54.74/64.58

S→D QDFL 97.04/91.12 90.65/79.23 78.31/61.82
Ours 98.04/92.33 92.89/80.84 80.14/62.86
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Figure 5: Visualization of the structure-smoothed reliability field
R̃v in Eq. (6) under night corruption of increasing severity. Top:
the clean UAV query and its corrupted versions at severity levels
1, 2, and 3. Bottom: the corresponding reliability maps, where
warmer colors indicate higher reliability. As illumination decreases,
low-reliability regions expand, yet the field degrades gracefully and
keeps highlighting the dominant scene structure even at severity 3,
where most local texture is no longer visible.

Kullback–Leibler term:

Lcv =
1

2Nh

Nh∑
h=1

[
DKL(mh ∥ps

h) +DKL(mh ∥pd
h)
]
. (23)

Rather than directly minimizing a bidirectional Kullback–
Leibler divergence between the two view predictions, this
formulation aligns both of them to a shared stop-gradient
mixture target. This term constrains only the cross-view
location prediction distributions and introduces no addi-
tional reliability or degradation supervision, so the relia-
bility modeling in ReLATE remains an intermediate repre-
sentation optimized end-to-end by the retrieval objective.

5. Experiments

5.1. Datasets and Evaluation Metrics
We evaluate ReLATE on University-1652-Deg and

SUES-200-Deg under the clean-training corrupted-testing
protocol defined in Section III. D2S uses degraded UAV
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Table 4: Rank-consistency summary across corrupted evaluation conditions. Each dataset contains 54 conditions, corresponding to two
retrieval directions and 27 corruption types. For each condition, methods are ranked according to R@1. Ranks 1, 2, 3, 4, and 5 or lower
receive 5, 4, 3, 2, and 1 points, respectively, and Rating denotes the average score over all 54 conditions. Best, Top-2, and Top-3 report
cumulative condition counts. Clean and All-27 entries are excluded to avoid double counting. Tied results share the same rank.

(a) University-1652-Deg

Method Best Top-2 Top-3 Rating

Ours 39/54 50/54 54/54 4.65/5
QDFL 1/54 39/54 49/54 3.65/5
DAC 11/54 15/54 41/54 3.15/5
CAMP 0/54 1/54 4/54 1.61/5
MuSe-Net 1/54 1/54 8/54 1.46/5
Sample4Geo 2/54 2/54 2/54 1.20/5
MCCG 0/54 0/54 2/54 1.19/5
FSRA 0/54 0/54 2/54 1.09/5
MEAN 0/54 0/54 0/54 1.00/5

(b) SUES-200-Deg

Method Best Top-2 Top-3 Rating

Ours 39/54 51/54 54/54 4.67/5
QDFL 3/54 35/54 45/54 3.52/5
CAMP 5/54 13/54 29/54 2.70/5
Sample4Geo 7/54 12/54 30/54 2.70/5
MCCG 0/54 0/54 5/54 1.31/5
CCR 0/54 0/54 0/54 1.11/5
DAC 0/54 0/54 0/54 1.06/5
FSRA 0/54 0/54 0/54 1.00/5
MEAN 0/54 0/54 0/54 1.00/5

Table 5: Comparison on University-1652-Deg for Drone → Satellite retrieval. Entries are R@1/AP averaged over severity levels. All-27
denotes the average over all 27 corrupted types and excludes Clean. Best and second-best results are marked in red and blue, respectively.
Method Publication Clean Fog Rain Snow Frost Wind Bright. Contr. Night Over-exp.

FSRA TCSVT’22 [17] 82.25/84.82 26.13/30.03 21.09/24.15 20.33/24.03 38.35/42.66 64.08/68.32 41.77/46.01 40.44/44.24 52.32/56.60 35.66/40.10
MEAN TGRS’25 [43] 90.81/92.32 81.79/86.47 31.18/37.86 19.67/26.46 56.44/63.60 72.29/78.97 66.96/73.52 78.41/83.32 79.98/84.50 65.08/71.98
MuSe-Net PR’24 [12] 74.48/77.83 46.93/51.57 51.07/55.74 57.74/62.16 51.89/56.47 57.83/62.34 52.53/57.14 33.15/36.65 54.21/58.66 49.72/54.42
Sample4Geo ICCV’23 [8] 92.65/93.81 72.18/75.45 41.30/44.81 36.43/41.44 63.77/67.51 77.03/80.19 70.16/73.66 70.86/73.82 79.26/81.75 61.90/65.75
MCCG TCSVT’24 [21] 89.64/91.32 77.04/80.01 39.37/43.49 34.08/38.40 56.13/60.15 64.65/68.74 71.49/74.98 73.93/76.83 76.30/79.10 68.01/71.68
CAMP TGRS’24 [23] 94.46/95.38 83.11/87.63 49.74/57.09 38.54/47.33 66.90/73.72 81.42/86.61 73.09/79.12 85.77/89.88 82.79/86.96 67.77/74.64
DAC TCSVT’24 [22] 94.67/95.50 89.33/90.85 53.20/56.74 35.11/40.22 72.02/75.17 84.12/86.43 80.88/83.33 91.53/92.86 87.37/88.98 78.24/80.91
QDFL TGRS’25 [26] 95.00/95.83 86.53/88.57 51.97/55.77 61.81/65.91 63.85/67.32 90.52/91.99 84.80/87.00 89.41/90.99 88.97/90.48 76.93/79.77
Ours – 95.42/96.36 87.51/89.37 61.46/64.97 66.14/70.06 71.60/74.73 91.45/92.81 85.04/87.11 90.98/92.37 90.91/92.19 77.28/79.95

Method Publication Pixel. JPEG Gau. Shot Imp. Spec. Defocus Glass Motion Zoom

FSRA TCSVT’22 [17] 50.26/54.26 55.48/59.24 41.38/44.85 58.49/62.94 41.15/45.66 51.17/55.32 34.03/38.78 57.92/62.61 29.19/33.57 15.44/18.94
MEAN TGRS’25 [43] 43.00/49.21 61.04/66.61 17.12/22.10 24.65/31.01 14.45/20.07 22.84/29.07 28.07/34.01 62.83/70.28 14.88/21.18 13.16/19.07
MuSe-Net PR’24 [12] 51.38/56.00 50.31/54.71 38.10/42.36 49.92/54.71 54.52/59.10 41.35/45.96 28.04/32.37 46.82/51.69 32.76/37.65 26.23/30.61
Sample4Geo ICCV’23 [8] 55.89/60.05 65.32/68.44 31.51/34.79 42.90/47.18 33.37/37.67 36.58/40.47 38.92/43.22 69.93/73.76 31.60/36.57 46.38/51.07
MCCG TCSVT’24 [21] 53.45/57.34 67.06/70.37 38.79/41.74 53.95/58.05 43.83/48.32 47.76/51.55 18.65/22.84 43.45/48.84 16.16/19.98 15.32/18.45
CAMP TGRS’24 [23] 52.48/59.93 65.83/71.37 34.73/40.92 48.45/57.01 31.44/39.30 41.98/49.28 34.20/41.80 72.05/78.89 32.16/41.12 31.57/38.55
DAC TCSVT’24 [22] 59.29/62.99 72.20/74.80 41.78/45.66 55.23/59.83 38.24/42.93 47.40/51.85 40.79/44.25 76.45/79.51 36.57/40.97 37.18/41.20
QDFL TGRS’25 [26] 76.71/79.43 78.12/80.61 49.99/53.37 66.86/70.53 59.34/63.70 54.99/58.82 68.35/71.89 87.78/89.64 64.44/68.23 32.62/35.52
Ours – 79.33/81.84 82.16/84.38 53.06/56.41 71.42/74.92 67.19/71.14 61.43/65.16 73.96/77.17 88.97/90.66 68.65/72.24 36.72/40.00

Method Publication Dark+Noise Fog+Pix. Rain+Motion Fog+Rain Fog+Snow Rain+Snow Fog+Rain+Snow Dark+Rain+Fog All-27

FSRA TCSVT’22 [17] 42.47/45.90 25.29/28.84 24.29/28.35 16.89/20.44 16.77/19.87 26.89/31.27 4.59/6.49 7.53/9.58 34.79/38.63
MEAN TGRS’25 [43] 23.68/30.69 34.78/40.02 11.36/16.44 52.55/59.89 51.59/60.03 37.83/46.44 9.89/15.45 22.30/28.28 40.66/46.91
MuSe-Net PR’24 [12] 38.51/42.48 42.48/47.15 31.97/36.89 48.89/53.71 44.28/49.03 59.19/63.61 37.69/42.55 36.18/41.00 44.95/49.51
Sample4Geo ICCV’23 [8] 38.25/41.87 39.69/43.03 28.25/33.09 54.50/58.68 47.29/51.90 48.40/53.33 12.72/16.19 33.93/37.81 49.20/53.09
MCCG TCSVT’24 [21] 46.88/50.07 40.81/44.66 15.62/19.18 61.96/65.90 52.69/57.04 41.55/46.16 18.05/21.58 32.60/36.30 47.02/50.81
CAMP TGRS’24 [23] 39.49/46.20 40.81/46.78 27.15/35.38 69.48/76.04 59.11/67.20 54.58/63.38 20.75/28.35 42.15/49.63 52.87/59.78
DAC TCSVT’24 [22] 45.37/49.29 43.23/46.41 30.40/34.68 74.07/77.04 64.51/68.34 57.68/61.86 23.86/27.94 48.46/52.38 57.95/61.39
QDFL TGRS’25 [26] 58.42/61.66 61.33/64.49 52.35/56.16 69.45/72.84 63.98/67.82 60.94/64.94 27.83/32.05 37.34/41.35 65.39/68.55
Ours – 63.17/66.34 63.69/66.75 56.38/60.23 75.14/78.11 69.58/73.08 70.45/73.96 35.81/40.16 43.65/47.64 69.75/72.73

queries and a clean satellite gallery, whereas S2D uses clean
satellite queries and a degraded UAV gallery. All 27 cor-
ruption types are evaluated at three severity levels; unless
otherwise specified, SUES-200-Deg results are additionally
macro-averaged over H150, H200, H250, and H300.

We report standard retrieval metrics, including Recall
at rank K (R@K) and mean Average Precision (mAP).
Given Nq query images, R@K is computed as

R@K =
1

Nq

Nq∑
i=1

I
[
rank+i ≤ K

]
, (24)

where rank+i denotes the rank of the highest-ranked cor-
rect gallery image for the i-th query, and I[·] is the indica-
tor function. We mainly use R@1 in the main comparison
tables because it directly reflects the top-match localiza-

tion accuracy.
For average precision, let G+

i denote the set of correct
gallery images for query i, and let ρi(k) ∈ {0, 1} indicate
whether the k-th retrieved gallery image is correct. The
average precision of query i is defined as

APi =
1

|G+
i |

|G|∑
k=1

Pi(k) ρi(k), (25)

where Pi(k) is the precision among the top-k retrieved
results. The mean Average Precision is then computed as

mAP =
1

Nq

Nq∑
i=1

APi. (26)

For compactness, we denote mAP as AP in the result ta-
bles.
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Figure 6: Qualitative retrieval results on University-1652-Deg under representative degraded UAV queries. Each row corresponds to one
degraded UAV query, and each column shows the clean reference image, the degraded query, the retrieved result of different methods, or the
ground-truth satellite image. Green borders indicate correct matches, while red borders indicate incorrect matches. In these representative
challenging examples, Ours retrieves the correct satellite image, whereas QDFL, Sample4Geo, DAC, and CAMP return incorrect matches.

To avoid bias from different corruption groups or UAV
heights, all reported corrupted averages are computed as
macro-averages over fixed evaluation subsets. For a cor-
ruption type c, the per-corruption score is averaged over
the three severity levels:

M(c) =
1

|S|
∑
s∈S

M(c, s), S = {1, 2, 3}, (27)

where M denotes a retrieval metric such as R@1 or AP.
For SUES-200-Deg, the score is further averaged over the
four UAV heights:

MSUES(c) =
1

|H||S|
∑
h∈H

∑
s∈S

M(h, c, s),

H = {H150,H200,H250,H300}.
(28)

The All-27 column in each main comparison table denotes
the average over the corrupted types included in that table
and does not include the clean subset. Clean performance

is reported separately to show whether robustness gains
are achieved without sacrificing standard clean-image re-
trieval accuracy.

5.2. Experimental Setup

For ReLATE, we use DINOv2-ViT-B/14 as the visual
backbone. The model is trained with a batch size of 32 on
NVIDIA A800 GPUs. The training image size is 224×224,
and the test image size is 280×280. We use SGD optimizer
with an initial learning rate of 0.03, momentum of 0.9, and
weight decay of 5× 10−4. A cosine learning-rate scheduler
is adopted for 160 epochs with 175 warm-up steps. We use
Kq=8 internal learnable queries and Nsup=2 query-derived
supervised branches. The eight reliability-guided internal
queries are linearly remapped along the query dimension
into two branch representations. Together with the CLS-
token branch and the GeM-pooled spatial branch, they
form Nh=Nsup + 2=4 final descriptor branches per view,
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Table 6: Comparison on University-1652-Deg for Satellite → Drone retrieval. Entries are R@1/AP averaged over severity levels. All-27
denotes the average over all 27 corrupted types and excludes Clean. Best and second-best results are marked in red and blue, respectively.
Method Publication Clean Fog Rain Snow Frost Wind Bright. Contr. Night Over-exp.

FSRA TCSVT’22 [17] 87.87/81.53 64.62/36.95 61.58/27.01 62.96/28.11 71.56/47.00 82.17/66.83 56.68/48.57 60.82/49.81 83.12/56.13 61.48/43.28
MEAN TGRS’25 [43] 96.01/92.08 93.53/81.32 74.89/36.49 65.67/26.17 81.65/61.65 90.73/70.56 82.41/71.50 88.73/77.54 94.06/78.78 84.50/67.24
MuSe-Net PR’24 [12] 88.02/75.10 80.31/60.76 79.89/62.21 78.32/59.77 76.08/57.21 80.69/62.22 75.70/57.82 81.12/61.76 80.79/60.91 75.18/54.22
Sample4Geo ICCV’23 [8] 95.14/91.39 91.30/72.81 80.08/43.85 73.80/39.71 85.64/67.60 91.44/77.55 82.55/72.17 84.69/71.51 93.91/78.30 82.60/63.56
MCCG TCSVT’24 [21] 94.30/89.39 91.73/77.02 81.08/50.75 77.65/45.23 82.88/64.86 87.97/69.85 85.31/74.29 87.30/75.82 92.96/75.05 86.64/69.92
CAMP TGRS’24 [23] 96.15/92.72 94.44/82.76 85.64/51.50 78.65/41.81 88.64/71.15 93.15/80.13 88.06/76.77 93.96/85.52 95.05/81.50 87.35/70.02
DAC TCSVT’24 [22] 96.43/93.79 95.86/87.85 87.87/53.95 79.41/43.21 90.30/74.47 95.05/84.18 91.06/83.21 95.82/90.93 96.10/85.96 91.87/79.89
QDFL TGRS’25 [26] 97.15/94.57 95.05/86.60 89.44/63.11 90.82/70.82 90.54/76.70 95.20/89.58 93.06/87.59 95.01/89.74 95.39/87.62 91.58/79.73
Ours – 97.10/95.01 94.48/86.40 91.06/68.75 92.44/73.81 91.49/79.27 95.48/90.09 92.58/87.67 95.44/90.86 96.01/88.70 91.44/79.89

Method Publication Pixel. JPEG Gau. Shot Imp. Spec. Defocus Glass Motion Zoom

FSRA TCSVT’22 [17] 75.23/58.93 73.61/61.05 62.29/51.10 77.27/66.45 68.90/57.62 71.61/59.53 55.16/39.15 77.03/62.17 56.87/35.23 38.76/31.41
MEAN TGRS’25 [43] 71.09/46.44 78.27/64.22 36.28/28.18 50.83/39.22 41.32/30.33 46.46/35.44 42.13/29.64 80.36/63.17 41.65/16.59 31.62/21.34
MuSe-Net PR’24 [12] 76.42/55.75 68.19/51.11 68.24/50.17 75.23/58.08 76.56/60.47 69.62/52.19 62.20/41.54 76.89/57.20 67.24/43.36 52.78/37.82
Sample4Geo ICCV’23 [8] 81.55/60.41 82.74/69.09 51.16/39.01 68.66/52.51 63.10/47.69 60.58/45.86 59.72/42.45 86.21/71.62 63.58/37.84 67.67/53.96
MCCG TCSVT’24 [21] 80.65/61.47 82.74/68.45 60.63/49.31 80.17/66.18 76.94/62.74 72.33/58.07 47.93/33.20 77.56/61.19 53.21/29.01 43.84/34.49
CAMP TGRS’24 [23] 79.98/56.86 83.40/69.65 61.06/46.98 80.88/63.41 64.10/48.26 71.61/54.78 60.72/41.53 88.45/73.17 68.85/39.62 59.72/45.84
DAC TCSVT’24 [22] 84.36/63.00 88.87/75.67 70.09/53.92 85.92/70.30 74.94/58.88 79.36/62.43 64.34/44.12 92.11/78.38 69.04/40.59 62.96/48.50
QDFL TGRS’25 [26] 91.25/78.47 90.54/81.11 79.84/68.00 90.39/82.70 91.30/81.66 84.69/75.06 84.78/70.31 93.96/88.46 88.97/67.22 64.86/49.57
Ours – 92.34/80.95 92.34/83.97 80.27/68.55 91.96/84.15 92.87/84.12 88.40/77.77 87.59/72.86 94.44/88.96 89.54/68.66 66.57/51.97

Method Publication Dark+Noise Fog+Pix. Rain+Motion Fog+Rain Fog+Snow Rain+Snow Fog+Rain+Snow Dark+Rain+Fog All-27

FSRA TCSVT’22 [17] 64.19/53.47 54.11/37.94 53.02/34.22 60.77/26.62 50.88/25.40 68.71/36.58 35.57/10.19 49.93/14.07 62.92/43.14
MEAN TGRS’25 [43] 48.17/37.39 55.59/37.54 34.33/15.17 90.68/52.54 85.40/55.70 80.79/43.79 57.35/16.38 82.93/25.76 67.09/45.56
MuSe-Net PR’24 [12] 68.52/50.65 74.13/53.25 67.28/42.96 80.93/63.41 78.75/59.17 79.50/62.80 76.99/55.26 78.32/54.72 74.29/55.07
Sample4Geo ICCV’23 [8] 59.01/46.97 63.72/43.94 59.15/35.19 88.92/53.80 78.89/48.82 82.45/52.44 53.21/17.08 84.45/33.29 74.84/53.30
MCCG TCSVT’24 [21] 68.47/55.34 69.33/49.84 53.40/29.29 90.73/63.73 85.40/59.93 82.74/54.62 66.91/28.85 85.31/38.39 75.99/55.81
CAMP TGRS’24 [23] 67.62/52.53 64.10/44.45 60.10/33.62 92.72/66.41 87.40/60.94 86.45/59.33 66.95/26.06 90.25/42.02 79.23/58.02
DAC TCSVT’24 [22] 74.37/59.18 67.62/45.90 62.34/35.72 94.53/70.85 89.73/65.34 88.30/59.88 68.62/27.81 92.39/46.97 82.71/62.63
QDFL TGRS’25 [26] 84.07/72.92 82.60/65.88 82.22/57.66 93.87/71.81 91.77/70.71 91.68/71.05 80.93/42.79 88.78/44.54 88.61/73.01
Ours – 86.40/75.58 83.98/68.03 83.83/59.25 94.34/74.49 92.68/73.72 92.87/75.90 84.02/48.00 90.01/48.08 89.81/75.20

Table 7: Comparison on SUES-200-Deg for Drone → Satellite retrieval. Entries are R@1/AP averaged over severity levels and four UAV
heights. All-27 denotes the average over all 27 corrupted types and excludes Clean. Best and second-best results are marked in red and blue,
respectively.
Method Publication Clean Fog Rain Snow Frost Wind Bright. Contr. Night Over-exp.

FSRA TCSVT’22 [17] 83.47/85.92 33.89/45.43 26.28/36.77 19.59/29.82 43.39/55.54 68.98/78.94 50.10/59.72 48.35/56.65 58.43/67.91 49.70/61.97
MEAN TGRS’25 [43] 98.10/98.50 86.01/88.17 37.67/43.38 28.87/34.53 59.79/64.44 81.22/84.03 79.74/82.45 79.31/81.85 89.42/91.08 81.60/84.10
CCR TCSVT’24 [25] 93.22/94.53 87.57/89.89 52.46/57.59 48.16/53.36 70.44/74.59 76.72/80.27 76.70/79.75 86.89/89.20 86.91/89.08 80.58/83.50
MCCG TCSVT’24 [21] 90.12/92.03 81.41/84.61 48.04/53.80 39.95/46.00 63.08/67.70 81.45/84.76 73.57/77.47 80.39/83.53 83.63/86.35 76.81/80.43
DAC TCSVT’24 [22] 97.52/98.07 86.12/88.41 51.29/56.00 47.39/52.70 70.86/74.73 84.63/87.22 83.49/86.01 89.29/91.32 91.89/93.41 81.64/84.35
CAMP TGRS’24 [23] 97.60/98.11 90.81/92.41 60.98/65.14 52.38/57.65 80.52/83.25 89.86/91.66 84.43/86.65 94.19/95.31 94.90/95.82 84.68/86.88
Sample4Geo ICCV’23 [8] 96.86/97.45 86.50/88.63 64.66/68.69 62.14/66.93 83.65/86.16 90.34/92.04 82.12/84.66 87.50/89.50 93.03/94.18 81.92/84.48
QDFL TGRS’25 [26] 97.71/98.29 90.37/94.23 56.87/66.89 63.02/73.17 72.00/79.95 93.61/96.23 88.84/92.98 92.27/95.36 94.48/96.68 87.39/91.80
Ours – 98.24/98.67 92.33/95.47 61.01/70.47 70.34/78.92 76.49/83.60 94.73/96.98 90.68/94.38 92.25/95.32 95.42/97.37 89.01/92.99

Method Publication Pixel. JPEG Gau. Shot Imp. Spec. Defocus Glass Motion Zoom

FSRA TCSVT’22 [17] 52.35/63.01 64.09/74.34 50.71/61.33 64.54/75.27 47.25/60.24 57.03/68.44 30.88/42.20 58.80/70.25 29.42/42.04 19.79/30.09
MEAN TGRS’25 [43] 47.90/52.45 79.92/82.81 33.61/38.41 46.35/51.52 40.77/46.06 43.31/48.15 40.20/44.60 76.30/79.64 25.02/30.81 35.62/40.59
CCR TCSVT’24 [25] 45.95/49.76 75.18/78.76 31.70/35.90 43.46/48.61 49.51/54.40 40.68/45.41 35.54/39.66 69.10/73.33 21.70/25.91 25.75/30.12
MCCG TCSVT’24 [21] 67.74/72.30 80.61/84.07 53.71/58.48 70.35/75.08 63.78/69.18 63.84/68.80 41.57/47.31 70.06/74.68 35.37/41.41 27.38/32.31
DAC TCSVT’24 [22] 56.42/61.10 84.25/86.77 49.45/53.53 65.43/69.62 55.80/60.60 58.15/62.44 45.56/50.18 78.78/82.17 31.76/37.20 41.04/45.71
CAMP TGRS’24 [23] 61.99/66.38 87.79/89.66 56.16/60.28 73.34/77.20 67.51/71.74 65.60/69.66 50.11/54.56 85.08/87.51 41.37/46.84 46.31/50.99
Sample4Geo ICCV’23 [8] 62.42/66.78 85.93/88.05 62.70/66.70 79.15/82.34 75.54/79.10 71.17/74.93 51.67/56.41 83.61/86.33 47.44/52.78 50.49/55.13
QDFL TGRS’25 [26] 78.81/84.87 84.81/89.51 62.12/70.10 81.18/87.77 69.22/78.02 71.17/78.81 66.18/75.25 90.87/94.54 64.37/73.81 44.93/53.42
Ours – 82.89/88.22 87.30/91.57 63.91/71.32 83.63/89.25 73.20/81.12 72.85/80.20 67.21/75.57 91.87/95.28 69.80/78.32 47.95/56.50

Method Publication Dark+Noise Fog+Pix. Rain+Motion Fog+Rain Fog+Snow Rain+Snow Fog+Rain+Snow Dark+Rain+Fog All-27

FSRA TCSVT’22 [17] 49.13/58.99 32.24/42.96 26.79/39.24 24.43/36.19 24.67/34.83 29.46/42.89 8.33/15.72 11.17/19.43 39.99/50.75
MEAN TGRS’25 [43] 42.39/46.97 42.26/46.47 20.00/25.50 60.24/65.08 57.26/62.04 40.62/46.36 16.49/21.62 28.88/34.11 51.88/56.19
CCR TCSVT’24 [25] 44.37/49.02 39.36/42.67 17.40/21.54 70.84/74.90 68.57/73.02 56.85/62.31 28.53/34.07 41.84/46.90 54.55/58.65
MCCG TCSVT’24 [21] 63.37/67.75 54.82/59.82 31.94/38.21 69.89/74.31 62.00/67.00 48.25/54.54 22.63/28.55 39.40/45.18 59.08/63.84
DAC TCSVT’24 [22] 56.68/60.54 47.93/52.47 24.06/29.45 70.32/74.23 67.17/71.35 57.40/62.20 29.55/34.80 38.75/43.55 60.93/64.89
CAMP TGRS’24 [23] 64.87/68.17 55.75/59.90 34.96/40.46 77.26/80.44 74.34/77.86 68.42/72.58 35.29/40.52 47.39/52.02 67.64/71.17
Sample4Geo ICCV’23 [8] 68.52/71.86 52.72/57.11 40.72/46.27 75.95/79.45 74.53/78.10 73.76/77.56 40.72/46.12 44.93/49.95 69.40/72.97
QDFL TGRS’25 [26] 70.44/77.33 57.40/65.82 45.71/55.43 72.12/80.33 68.17/77.08 61.99/72.23 31.56/43.37 42.83/53.80 70.47/77.73
Ours – 70.87/77.71 61.48/69.73 51.26/61.00 77.16/84.26 73.88/81.62 70.96/79.44 37.67/49.07 45.79/56.50 73.78/80.45

each supervised by a location classifier. The training ob-
jective combines the resulting multi-branch location clas-
sification loss, a cross-view Multi-Similarity metric loss,
and a cross-view prediction-consistency loss, as detailed in
Section 4.4. Unless otherwise specified, the same trained

checkpoint is used for all corruption types and severity
levels within each dataset.
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Table 8: Comparison on SUES-200-Deg for Satellite → Drone retrieval. Entries are R@1/AP averaged over severity levels and four UAV
heights. All-27 denotes the average over all 27 corrupted types and excludes Clean. Best and second-best results are marked in red and blue,
respectively.
Method Publication Clean Fog Rain Snow Frost Wind Bright. Contr. Night Over-exp.

FSRA TCSVT’22 [17] 90.63/86.10 63.75/41.88 64.27/32.79 61.88/33.04 75.62/52.43 88.54/73.29 65.52/57.53 63.33/55.15 84.48/61.99 75.62/56.19
MEAN TGRS’25 [43] 99.38/97.33 95.21/86.33 75.10/40.03 73.33/40.74 84.38/68.11 94.90/82.06 88.65/83.25 85.52/80.41 95.94/88.76 92.19/81.20
CCR TCSVT’24 [25] 96.25/94.59 95.73/89.33 85.21/58.10 86.25/65.08 87.92/76.00 93.12/80.26 86.56/81.44 94.38/89.66 95.42/88.05 92.50/82.62
MCCG TCSVT’24 [21] 95.63/93.68 94.06/83.63 84.06/56.07 78.44/49.88 86.98/69.48 94.27/85.05 86.46/80.00 91.46/83.78 96.35/85.21 91.15/79.42
DAC TCSVT’24 [22] 98.44/96.67 94.17/85.12 78.33/45.72 81.67/53.73 85.31/72.98 93.33/81.99 88.85/83.43 92.08/88.23 95.94/90.50 90.42/80.10
CAMP TGRS’24 [23] 98.13/96.85 97.19/90.37 88.02/57.27 89.38/60.85 93.75/81.98 97.08/89.36 90.00/85.30 97.08/93.55 98.02/94.14 93.85/83.20
Sample4Geo ICCV’23 [8] 98.44/95.67 95.21/85.98 89.48/61.26 90.52/69.26 93.54/83.13 95.94/89.32 88.23/82.56 92.60/86.49 97.08/91.14 92.29/81.31
QDFL TGRS’25 [26] 99.38/97.79 97.71/92.53 91.35/67.88 95.21/79.04 94.06/80.29 97.71/94.59 95.42/92.82 97.50/94.11 98.96/95.30 95.52/89.81
Ours – 99.38/98.32 98.33/93.60 92.60/67.63 96.35/81.87 95.10/82.49 98.65/95.73 96.88/93.50 97.29/93.58 98.85/96.11 97.29/91.13

Method Publication Pixel. JPEG Gau. Shot Imp. Spec. Defocus Glass Motion Zoom

FSRA TCSVT’22 [17] 73.75/62.13 81.67/70.98 69.69/58.43 82.19/71.19 74.17/62.96 77.50/66.31 49.27/40.19 76.04/66.21 52.92/36.44 39.38/31.20
MEAN TGRS’25 [43] 71.04/58.53 90.62/83.91 46.04/41.04 61.67/54.91 58.75/51.59 58.65/51.60 56.25/48.09 88.23/81.40 55.21/33.15 49.79/41.37
CCR TCSVT’24 [25] 65.73/56.34 87.19/80.23 50.42/45.08 67.50/60.37 73.33/66.62 63.54/56.03 53.96/46.29 83.85/76.86 48.23/32.23 51.35/41.86
MCCG TCSVT’24 [21] 85.52/75.05 92.71/83.64 72.50/63.04 88.12/78.59 84.06/74.88 81.56/72.75 66.67/56.63 89.06/80.20 68.54/47.73 51.25/42.67
DAC TCSVT’24 [22] 73.23/60.28 88.75/83.40 57.71/52.41 73.33/66.50 67.40/60.43 66.35/61.00 56.88/49.36 85.73/78.37 53.44/36.97 52.92/45.19
CAMP TGRS’24 [23] 83.96/68.83 95.21/88.44 68.65/60.52 83.12/75.54 79.90/71.60 76.67/69.04 63.33/54.77 91.98/85.75 67.29/47.19 61.98/51.56
Sample4Geo ICCV’23 [8] 82.60/68.51 92.81/86.14 74.69/66.87 88.75/81.18 85.73/77.79 81.25/73.93 66.15/56.94 91.88/85.21 74.58/55.60 63.54/54.09
QDFL TGRS’25 [26] 89.58/83.37 92.92/88.16 78.23/70.97 93.75/87.38 88.85/82.15 86.46/79.81 80.62/72.46 95.62/92.76 84.48/68.32 63.02/54.54
Ours – 93.02/86.24 94.27/89.66 78.75/70.85 93.54/87.82 89.79/83.86 87.40/79.98 81.35/72.17 97.08/93.95 89.90/72.73 66.46/56.84

Method Publication Dark+Noise Fog+Pix. Rain+Motion Fog+Rain Fog+Snow Rain+Snow Fog+Rain+Snow Dark+Rain+Fog All-27

FSRA TCSVT’22 [17] 67.60/57.65 55.00/40.08 51.98/35.61 62.19/31.44 51.04/29.90 70.52/41.22 36.88/13.46 47.92/17.60 65.29/48.05
MEAN TGRS’25 [43] 55.73/50.03 63.65/51.03 46.15/28.45 92.81/57.72 86.67/62.96 79.27/45.83 56.46/21.13 80.94/28.57 73.45/57.12
CCR TCSVT’24 [25] 65.10/57.76 56.15/46.82 43.33/27.31 93.75/71.93 89.69/73.97 88.44/67.39 71.77/39.55 88.65/45.66 76.26/63.07
MCCG TCSVT’24 [21] 80.10/71.54 75.62/62.07 65.62/44.44 93.23/71.69 87.29/64.73 84.06/58.29 64.48/31.93 87.08/43.37 82.25/66.51
DAC TCSVT’24 [22] 66.56/59.86 65.21/51.56 45.10/29.43 92.29/62.78 86.04/66.37 81.56/54.91 63.44/28.81 81.98/33.53 76.22/61.59
CAMP TGRS’24 [23] 73.96/67.55 77.29/60.80 61.77/40.50 95.73/71.41 91.77/73.13 91.56/67.30 73.02/35.05 91.56/42.91 84.19/69.18
Sample4Geo ICCV’23 [8] 79.37/72.13 73.65/58.96 68.23/49.59 94.58/71.75 91.25/73.87 93.33/73.05 75.42/41.35 87.60/42.07 85.20/71.09
QDFL TGRS’25 [26] 84.79/78.75 76.88/67.18 68.23/52.28 95.73/77.38 91.25/77.08 92.71/75.06 78.65/45.76 88.75/49.68 88.67/77.39
Ours – 85.83/78.55 79.79/69.62 73.85/57.28 96.98/78.83 93.54/78.63 95.62/77.48 79.27/45.80 91.88/48.38 90.36/78.68
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Figure 7: Visualization of the structure-smoothed reliability field
R̃v in Eq. (6) under different corruption types. Top: clean and cor-
rupted UAV queries under motion blur, the compound rain+snow
corruption, and pixelation. Bottom: the corresponding reliability
maps, where warmer colors indicate higher reliability. Although the
three corruptions perturb the image in very different ways, high re-
liability remains anchored on location-discriminative structures such
as building contours and road layouts, while corruption-dominated
and texture-less regions are suppressed. All maps are produced by
the same clean-trained model without corruption labels.

5.3. Comparison with State-of-the-art Methods
A central claim of ReLATE is that modeling evidence re-

liability matters most when observations are severely cor-
rupted. Table 3 examines this directly by grouping all
corruption types by severity. Two patterns emerge. First,
ReLATE improves over the strongest baseline QDFL at
every severity level and in both retrieval directions, indi-

cating that the gain is systematic rather than confined to a
particular difficulty regime. Second, the advantage gener-
ally becomes more pronounced as degradation intensifies.
On University-1652-Deg under Drone → Satellite, the R@1
margin widens consistently from +2.40 at severity 1 to
+4.90 at severity 2 and +5.75 at severity 3, while ReLATE
maintains positive gains at all severity levels on SUES-
200-Deg. Fig. 5 provides a qualitative explanation for this
severity-dependent advantage. As the night corruption in-
tensifies from severity 1 to severity 3, low-reliability regions
progressively expand, whereas the dominant building and
road structures remain highlighted. The learned reliabil-
ity field therefore preserves a spatial basis for regulating
the surviving trustworthy evidence even when much of the
local appearance has been degraded. This behavior is con-
sistent with the more pronounced advantage of ReLATE
under stronger corruptions.

To provide a more intuitive summary of performance
consistency across the large number of corrupted evalua-
tion conditions, Table 4 reports a rank-based robustness
rating. Each dataset–direction–corruption combination is
treated as one condition, and methods receive decreasing
scores from 5 to 1 according to their condition-wise R@1
rank. On University-1652-Deg and SUES-200-Deg, Re-
LATE obtains ratings of 4.65/5 and 4.67/5, respectively.
It ranks first in 39 of the 54 conditions on each dataset,
remains within the top two in 50 and 51 conditions, and
never falls below third place in any of the 108 conditions.
This result demonstrates that the advantage of ReLATE
is broadly distributed across datasets, retrieval directions,
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Figure 8: Qualitative retrieval results on SUES-200-Deg under representative degraded UAV queries. Each row corresponds to one degraded
UAV query, and each column shows the clean reference image, the degraded query, the retrieved result of different methods, or the ground-
truth satellite image. Green borders indicate correct matches, while red borders indicate incorrect matches. In these representative challenging
examples, Ours retrieves the correct satellite image, whereas QDFL, Sample4Geo, DAC, and CAMP return incorrect matches.

and corruption types, rather than being driven by a small
number of favorable cases.

1) Results on University-1652-Deg. The Drone → Satellite
direction (Table 5) is particularly challenging because the
corrupted UAV observation directly determines the query
descriptor used to rank the clean satellite gallery. ReLATE
attains the best corrupted average, raising R@1/AP from
65.39/68.55 to 69.75/72.73. Rather than enumerate indi-
vidual cells, we note the shape of the improvement: the
gain is broad-based, spanning appearance and visibility
corruptions, such as rain, snow, nighttime, and bright-
ness, as well as corruptions that erase local patterns, such
as Gaussian and impulse noise, defocus and glass blur. A
representation that overfits a particular corruption family
would not improve across both, which supports the view
that reliability estimation captures a corruption-agnostic
notion of trustworthy evidence. The qualitative examples
in Fig. 6 show the same effect at the instance level, where
ReLATE recovers the correct match under queries whose

discriminative regions are partially destroyed. Fig. 7 pro-
vides additional qualitative evidence: under motion blur,
rain+snow, and pixelation, the high-reliability regions of
the learned field remain anchored on the same structural
cues, indicating that the reliability estimator responds to
the trustworthiness of local evidence rather than to any
specific corruption pattern.

Compound corruptions, which superimpose multiple
degradation factors, are the most diagnostic case for relia-
bility modeling because they simultaneously reduce visibil-
ity and destroy local structure. Across the eight mixed and
compound corruptions, ReLATE improves over QDFL by
approximately +5.78/+5.63 percentage points in R@1/AP
on the compound average. The advantage is not uniform.
Under dark+rain+fog, ReLATE does not achieve the best
R@1, indicating that its advantage is not uniform across all
corruption types. Across the full compound panel, how-
ever, ReLATE is the most robust on average, indicating
that it improves the overall compound-corruption setting
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Table 9: Height-wise corrupted-test performance on SUES-200-Deg.
Each entry is R@1/AP and is macro-averaged over all 27 corruption
types and severity levels 1, 2, and 3. Clean subsets are excluded.
Best and second-best results at each height are marked in red and
blue, respectively.
Direction Method H150 H200 H250 H300

D2S QDFL 68.10/76.34 69.85/77.21 71.75/78.44 72.19/78.94
Ours 73.62/80.87 70.28/77.42 75.68/81.94 75.52/81.58

S2D QDFL 88.24/75.23 89.01/77.16 89.40/79.22 88.01/77.95
Ours 91.10/77.41 88.81/76.20 90.90/80.03 90.63/81.08

without overfitting to any single corruption.
The corresponding Satellite → Drone results on

University-1652-Deg are reported in Table 6. ReLATE
increases the All-27 average from 88.61/73.01 achieved by
QDFL to 89.81/75.20 in R@1/AP, and obtains the best
results on most digital, noise, and blur corruptions. These
results show that reliability-guided evidence learning im-
proves not only query-side robustness in Drone → Satellite
retrieval, but also gallery-side robustness when degraded
UAV observations must remain aligned with a clean satel-
lite query.
2) Results on SUES-200-Deg.

SUES-200-Deg further introduces scale and viewpoint
changes through multi-height UAV acquisition, and Ta-
bles 7 and 8 report dataset-level results averaged over
all heights. In the Drone → Satellite setting, ReLATE
achieves the best All-27 corrupted average, improving
QDFL from 70.47/77.73 to 73.78/80.45 in R@1/AP. Clear
gains are observed under pixelation, sensor noise, blur,
and compound corruptions, with an average improvement
of +4.86/+4.24 over QDFL on the eight compound types.
These results support the intended role of reliability-
guided learning in suppressing corrupted local evidence
while preserving trustworthy spatial cues. The qualita-
tive examples in Fig. 8 show a consistent advantage under
rain, rain+snow, motion blur, dark+noise, Gaussian noise,
and pixelation.

In the Satellite → Drone setting, ReLATE also
achieves the best All-27 average, improving QDFL from
88.67/77.39 to 90.36/78.68. The improvements include
+3.44/+2.87 under pixelation, +5.42/+4.41 under motion
blur, and +5.62/+5.00 under rain+motion. Although the
overall margin is smaller than that in Drone → Satellite
retrieval, the positive gains in both directions show that
ReLATE remains effective whether degraded UAV obser-
vations appear on the query side or the gallery side.

Table 9 reports the SUES-200-Deg results at each flight
height. Under D2S, ReLATE outperforms QDFL at all
four heights, with the largest gain at H150 (+5.52/+4.53
in R@1/AP). At this lower altitude, the UAV image covers
a smaller ground footprint and generally contains less spa-
tial redundancy, which may make reliability-aware weight-
ing more beneficial. Under S2D, ReLATE improves the re-
sults at H150, H250, and H300, whereas H200 is the only
exception, with differences of −0.20/ − 0.96. This varia-

tion shows that the benefit does not change monotonically
with altitude, but instead depends on the joint effects of
viewpoint, scale, degradation, and the amount of reliable
evidence that remains. Averaging the four heights exactly
recovers the dataset-level results in Tables 7 and 8, whose
entries are macro-averaged over heights.

Overall, improvements in seven of the eight direction–
height settings demonstrate robustness across diverse ac-
quisition conditions, rather than dependence on a single
favorable viewing scale.

6. Ablation Study

To further verify the effectiveness of each component
in ReLATE, we conduct ablation studies on University-
1652-Deg under the Drone → Satellite retrieval direction.
In this setting, degraded UAV images are used as queries
and clean satellite images are used as galleries, making the
retrieval process highly sensitive to corrupted query-side
visual evidence. Therefore, this setting provides a direct
evaluation of whether the proposed reliability modeling
can improve descriptor robustness under degraded UAV
observations.

6.1. Component-wise Ablation
We evaluate SRE alone and a reliability-neutral coun-

terpart of the RATE structure. Since the full RATE mod-
ule consumes the reliability field produced by SRE, its
reliability-adaptive form is evaluated on top of SRE in the
complete model. SRE learns a structure-smoothed reli-
ability field to identify trustworthy local evidence, while
RATE adaptively regulates how reliable token evidence
contributes to the final descriptor. The full model, de-
noted as Full, combines both components.

Table 10 reports the component-wise ablation re-
sults. Compared with the Base model, adding SRE
alone improves the corrupted average from 65.39/68.55
to 66.65/69.72 in terms of R@1/AP, bringing gains of
+1.26/+1.17. This result shows that explicitly learning
reliability cues is useful for degraded cross-view matching.
Since corruptions often destroy local texture and weaken
discriminative structures, SRE provides a structural reli-
ability basis that helps the model distinguish more trust-
worthy regions from degraded visual responses.

Since RATE requires the reliability field estimated by
SRE, it cannot be completely isolated once SRE is physi-
cally removed. For the corresponding ablation, we there-
fore retain the token evidence aggregation and descriptor
injection structure of RATE, but replace the learned relia-
bility field with a neutral zero field, thereby disabling spa-
tially varying, reliability-dependent regulation while pre-
serving the remaining computation. This variant, denoted
as Base+RATE†, brings a more pronounced improvement:
the corrupted average increases to 68.09/71.22, corre-
sponding to gains of +2.70/+2.67 over the Base model,
and the improvement is especially clear on compound cor-
ruptions, where the variant improves the Base model from
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Table 10: Component ablation on University-1652-Deg under Drone
→ Satellite retrieval. Each entry is R@1/AP. Green values denote
absolute gains over Base. Base+RATE† retains the token evidence
aggregation and injection structure of RATE, with the learned reli-
ability field replaced by a neutral zero field.
Variant Clean Corr. Avg. Core Avg. Comp. Avg.

Base 95.00/95.83 65.39/68.55 70.21/73.13 53.96/57.66

Base+SRE 95.31/96.20
(+0.31/+0.37)

66.65/69.72
(+1.26/+1.17)

71.38/74.22
(+1.17/+1.09)

55.44/59.05
(+1.48/+1.39)

Base+RATE† 95.19/96.11
(+0.19/+0.28)

68.09/71.22
(+2.70/+2.67)

72.22/75.15
(+2.01/+2.02)

58.29/61.89
(+4.33/+4.23)

Full 95.42/96.36
(+0.42/+0.53)

69.75/72.73
(+4.36/+4.18)

73.96/76.71
(+3.75/+3.58)

59.74/63.29
(+5.78/+5.63)

53.96/57.66 to 58.29/61.89, yielding gains of +4.33/+4.23.
This result indicates that explicitly aggregating pooled lo-
cal token evidence and injecting it into the query repre-
sentations benefits descriptor construction even without
learned spatial reliability, especially when multiple degra-
dation factors are mixed and a globally aggregated descrip-
tor alone becomes insufficient. Accordingly, Base+RATE†

can be regarded as a reliability-neutral fusion baseline: it
retains local evidence aggregation and integration but re-
moves learned spatial reliability. The further improvement
of Full therefore demonstrates the benefit of reliability-
aware fusion beyond token aggregation and injection alone.

The full model achieves the best performance across all
corrupted settings, obtaining 69.75/72.73 on the corrupted
average and improving the Base model by +4.36/+4.18.
More importantly, adding RATE on top of SRE fur-
ther improves the corrupted average from 66.65/69.72 to
69.75/72.73, corresponding to gains of +3.10/+3.01 in
R@1/AP. This incremental improvement supports the ef-
fectiveness of reliability-adaptive token evidence regula-
tion.

The gain is larger on compound corruptions, where the
full model reaches 59.74/63.29 and improves the Base
model by +5.78/+5.63. In particular, compared with
Base+RATE†, the full model further improves the cor-
rupted average by +1.66/+1.51. This shows that the neu-
tral token aggregation-and-injection structure alone does
not account for the full gain, and that learned reliability
throughout the complete SRE–RATE pipeline provides ad-
ditional benefit. SRE focuses on discovering reliable spa-
tial evidence, while RATE further converts reliability into
effective token-level evidence regulation. Their combina-
tion forms a complete reliability-guided matching mech-
anism, leading to stronger robustness than using either
component alone.

It is also worth noting that the clean performance
is not sacrificed. The full model achieves 95.42/96.36
on the clean subset, outperforming the Base model by
+0.42/+0.53. This indicates that the proposed compo-
nents do not simply trade clean-image discrimination for
corrupted-image robustness. Instead, they improve the
representation by enhancing the use of reliable structural
evidence, which benefits both clean and degraded retrieval
scenarios.

Table 11: Mechanism-level ablation of structural smoothing and
input-dependent regulation on University-1652-Deg under Drone →
Satellite retrieval. Each entry is R@1/AP. The α = 0 variant disables
structural smoothing, while Global-λ replaces the input-dependent
λv with one learnable scalar shared across all images and views. Best
results are highlighted in bold.

Variant Clean Corr. Avg. Core Avg. Comp. Avg.

α = 0 94.40/95.33 67.17/70.26 70.84/73.73 58.45/62.04
Global-λ 94.24/95.18 66.79/69.92 71.27/74.18 56.14/59.80
Full 95.42/96.36 69.75/72.73 73.96/76.71 59.74/63.29

6.2. Structural Smoothing and Adaptive Regulation

We further isolate two mechanism-level designs in Re-
LATE: structural smoothing in SRE and input-dependent
evidence regulation in RATE. All variants use identical
training and evaluation settings and differ only in the des-
ignated mechanism. In the α = 0 variant, structural blend-
ing is disabled, such that the final reliability field degener-
ates to the raw token-wise reliability field, while reliability
estimation, token modulation, token evidence aggregation,
and the remaining RATE operations are retained. In the
Global-λ variant, the input-dependent coefficient λv is re-
placed by a single sigmoid-parameterized learnable scalar
shared across all images and views, while reliability es-
timation, structural smoothing, reliability-weighted token
aggregation, and descriptor injection remain unchanged.

As reported in Table 11, disabling structural smooth-
ing reduces the corrupted average from 69.75/72.73 to
67.17/70.26, corresponding to decreases of 2.58/2.47 in
R@1/AP. The full model further exceeds the α = 0 variant
by 3.12/2.98 on core corruptions and 1.29/1.25 on com-
pound corruptions. Since the remaining reliability estima-
tion and utilization operations are preserved, this compar-
ison isolates the contribution of incorporating local spatial
consistency into the reliability field. The results show that
raw token-wise reliability alone is insufficient, and that the
learnable structural blend provides a more stable basis for
reliability-guided representation learning.

For Global-λ, the shared regulation coefficient converges
to approximately 0.511, showing that the control variant
learns a globally optimized fusion strength rather than us-
ing a manually fixed value. Nevertheless, the full input-
dependent regulation improves the corrupted average by
2.96/2.81 over Global-λ, with a larger improvement of
3.60/3.49 on compound corruptions. This result demon-
strates that the benefit of RATE cannot be explained
by a fixed residual injection coefficient alone. Instead,
adapting the contribution of reliable token evidence to
the reliability state of each input is important, particu-
larly when compound degradations produce highly het-
erogeneous local evidence. This comparison directly eval-
uates a globally fixed fusion strength against the proposed
input-dependent fusion control.
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Table 12: Severity-wise component and mechanism ablation on
University-1652-Deg under Drone → Satellite retrieval. Each entry
is R@1/AP and is macro-averaged over all 27 corruption types at
the corresponding severity level. Green values denote absolute gains
over Base. The α = 0 variant disables structural smoothing, while
Global-λ uses one learnable regulation coefficient shared across all
images and views.

Variant Sev. 1 Sev. 2 Sev. 3

Base 85.36/87.30 66.33/69.77 44.50/48.59

Base+SRE 86.66/88.48
(+1.30/+1.18)

68.04/71.35
(+1.71/+1.58)

45.27/49.34
(+0.77/+0.75)

Base+RATE† 87.10/88.94
(+1.74/+1.64)

69.73/73.07
(+3.40/+3.30)

47.45/51.65
(+2.95/+3.06)

α = 0
87.01/88.84

(+1.65/+1.54)
68.39/71.72

(+2.06/+1.95)
46.10/50.23

(+1.60/+1.64)

Global-λ 86.46/88.34
(+1.10/+1.04)

68.16/71.54
(+1.83/+1.77)

45.75/49.88
(+1.25/+1.29)

Full 87.76/89.48
(+2.40/+2.18)

71.23/74.43
(+4.90/+4.66)

50.25/54.29
(+5.75/+5.70)

6.3. Robustness Across Degradation Severities

Table 12 further examines the component contributions
across different degradation strengths. Both Base+SRE
and Base+RATE† outperform the Base model at all three
severity levels, showing that structure-smoothed reliability
learning and token evidence aggregation and injection re-
main beneficial across different degradation regimes. More
importantly, the gains of the full model over Base increase
from +2.40/+2.18 at severity 1 to +4.90/+4.66 at severity
2 and +5.75/+5.70 at severity 3. This widening advantage
indicates that combining learned reliability with adaptive
token evidence regulation becomes increasingly valuable as
degradation intensifies and trustworthy local evidence be-
comes more limited. At severity 3, the full model further
exceeds Base+SRE by +4.98/+4.95 and Base+RATE† by
+2.80/+2.64, further supporting the complementary roles
of reliability-guided evidence learning and token evidence
regulation under severe corruptions.

The two mechanism-level variants provide further in-
sight into why the complete reliability pathway becomes
more effective under stronger degradation. Compared with
α = 0, the full model improves R@1/AP by +0.75/+0.64,
+2.84/+2.71, and +4.15/+4.06 at severity levels 1, 2, and
3, respectively. Thus, the benefit of structure-smoothed re-
liability increases substantially as degradation intensifies,
which is consistent with its role in reducing fragmented
and unstable token-wise reliability responses.

A similar trend is observed for input-dependent regu-
lation. Compared with Global-λ, the full model gains
+1.30/+1.14 at severity 1, +3.07/+2.89 at severity 2, and
+4.50/ + 4.41 at severity 3. The widening margin shows
that a single globally optimized injection strength is in-
creasingly insufficient under stronger corruptions, whereas
the proposed λv can regulate reliable token evidence ac-
cording to the reliability state of each input. Together,
these results support both the structure-smoothed reliabil-
ity construction in SRE and the input-dependent evidence
regulation in RATE.

7. Conclusion

This paper investigates UAV-satellite geo-localization
under degraded remote sensing observations. We construct
UAVSat-Deg, including University-1652-Deg and SUES-
200-Deg, to provide a systematic clean-training corrupted-
testing benchmark with diverse degradation types, severity
levels, bidirectional retrieval tasks, and multi-height UAV
settings. Different from degradation-aware or restoration-
based protocols, our benchmark evaluates image-only ro-
bustness without using corruption labels, text prompts, or
auxiliary modalities, thereby exposing the robustness lim-
itations of existing UAV-satellite geo-localization methods
under degraded conditions.

To address this problem, we propose ReLATE, a
reliability-guided feature-fusion framework that identi-
fies trustworthy local evidence, aggregates reliability-
weighted tokens, and adaptively integrates the result-
ing local descriptor into query-derived representations,
which are then combined with the CLS-token and GeM-
pooled branches. Extensive experiments show that Re-
LATE achieves stronger corrupted-test performance on
both University-1652-Deg and SUES-200-Deg while main-
taining competitive clean retrieval accuracy. Qualitative
results and ablation studies further support that SRE
and RATE are complementary for reliability-aware and
input-dependent feature fusion in robust descriptor con-
struction. In the future, we plan to extend UAVSat-Deg
with real-captured degradations and satellite-side pertur-
bations, and to further validate the proposed reliability
layer on other representation substrates and localization
pipelines. We hope UAVSat-Deg and ReLATE can serve
as a useful benchmark and baseline for future research on
robust UAV-satellite geo-localization in degraded environ-
ments.
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