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Abstract— Cross-modal Visual Geo-localization often aims to
retrieve a satellite visible-light image of the same geographic lo-
cation from a large-scale database using an infrared image cap-
tured by an unmanned aerial vehicle (UAV), thereby achieving
precise localization. This capability is crucial for autonomous
drone localization and navigation in low-light conditions such
as nighttime or smoky environments. However, research in
this field is still in its nascent stage, with existing methods
being few in number and limited in precision. To address these
issues, this paper proposes a structure-aware and fusion-loss
constrained cross-modal geo-localization network (SAFL-Geo),
which enhances the accuracy of cross-modal image retrieval.
Specifically, we design a structure-aware module embedded into
the network backbone, substantially enhancing the model’s abil-
ity to perceive and extract cross-modally consistent structural
features (such as road and building contours). Furthermore,
we propose a feature enhancement and aggregation module
that projects the refined multi-modal representations into a
unified embedding space, effectively reducing the cross-modal
representation gap while preserving discriminative semantic
structures. Finally, we propose a fusion loss constraint strategy
that constructs intermediate fused features as a “bridge” to
constrain the distribution distances between infrared and fused
features, as well as between visible and fused features, thereby
indirectly mitigating the modality gap. Extensive experiments
on the Boson datasets show that our SAFL-Geo achieves
superior state-of-the-art performance.

I. INTRODUCTION

Visual Geo-Localization refers to the task of determin-
ing geographic location by matching ground-level query
images, often captured by an unmanned aerial vehicle
(UAV), against a reference database of satellite imagery
[1][2][3]. This capability is of significant practical value
in applications such as military reconnaissance, disaster
response, and automated delivery systems [4][5]. However,
most existing methods [6][7][8] operate primarily within
the visible spectrum, rendering them highly dependent on
favorable lighting and weather conditions. Their performance
degrades drastically in nighttime, haze, or strong-shadow
environments, severely limiting their effectiveness for all-
weather deployment. Meanwhile, thermal infrared imaging
has attracted growing attention due to its unique advantages.
Unlike optical imaging, it does not depend on visible light
and thus maintains stable observation capabilities under
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Fig. 1. A cross-modal geo-localization method based on structural
awareness and fusion loss constraints. The reference database consists
of RGB satellite images, while the query is an infrared image captured
by a drone under low-light conditions.The retrieval process utilizes cosine
similarity to compute the distance between the drone-based infrared features
descriptors and the satellite image descriptors.

complete darkness, smoke occlusion, or complex lighting
conditions. This capability has motivated active research in
thermal geo-localization via cross-modal retrieval between
thermal infrared and visible light.

Thermal geo-localization plays a crucial role in enabling
drone localization and navigation under low-visibility con-
ditions such as nighttime or haze. Nevertheless, research in
this area remains relatively scarce. A fundamental challenge
hindering its development lies in the significant modality
gap between thermal infrared images and the RGB satel-
lite imagery that comprises most existing geo-localization
databases. This discrepancy manifests not only in spectral
properties but also in the loss or distortion of textural details.
Prior research [9] attempted to directly adapt multiple single-
modality methods to this cross-modal retrieval task, leading
to suboptimal performance. A study [10] proposed a straight-
forward yet effective training-free aggregator for cross-modal
retrieval tasks, but its accuracy remains low. These methods
generally suffer from two major limitations. First, they
tend to emphasize coarse-grained features like regional and
background context, while overlooking fine-grained details
such as object structures and contours—which are inherently
stable across lighting variations, and thus highly valuable
for cross-modal matching. Second, they commonly rely on
minimizing feature distances in a shared embedding space,
which becomes increasingly difficult to optimize due to the
substantial modality divergence. Most existing cross-modal
retrieval matching methods [11][12] attempt to bridge the
gap through domain adaptation by generating intermediate or
synthetic images for training. However, these techniques of-
ten introduce artifacts such as color inconsistency or reduced
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image fidelity, further complicating the learning process and
compromising localization accuracy.

To address these challenges, we propose SAFL-Geo, a
novel cross-modal geo-localization network, as illustrated
in Fig. 1. Our model is built upon a contrastive learning
framework and lies in the synergistic use of three dedicated
mechanisms—structural perception, fusion loss constraints,
and feature aggregation—which collectively mitigate cross-
modal discrepancies and enhance representation consistency.
First, to leverage structurally stable information such as
object contours that are often overlooked in existing methods,
inspired by [13], we introduce a structure-aware constraint
into the backbone feature extraction network. This enhances
the model’s ability to capture invariant features across ther-
mal infrared and visible modalities. Second, we introduce a
feature aggregation module that refines the features extracted
by the backbone and projects them into a unified embedding
space. This results in a more discriminative representation
for downstream operations such as feature fusion and sim-
ilarity measurement. Finally, to alleviate the difficulty of
directly minimizing the feature distance between the two
modalities, we propose a local fusion loss strategy. Central
to this strategy is a cross-modal fusion module that serves
as a ”bridge” between modalities. This design avoids the
hard alignment characteristic of traditional methods, thereby
indirectly reducing the modality gap. Our main contributions
are as follows:

• We propose a novel cross-modal geo-localization
method called SAFL-Geo, which is based on a con-
trastive learning framework and introduces a structure-
aware module to enhance the backbone network’s ex-
traction of cross-modal fine-grained stable features.

• We introduce a feature enhancement and aggregation
module that strengthens modality-specific representa-
tions through multi-level transformations and projects
them into a unified embedding space, thereby generating
compact and highly discriminative features for down-
stream retrieval tasks.

• We design a local fusion loss strategy that adaptively
reduces cross-modal discrepancies by leveraging fused
features as a soft intermediary, thereby circumventing
hard alignment between modalities.

• Both qualitative and quantitative experiments validate
the effectiveness of our approach. Specifically, the
proposed method achieves a R@1 of 80.55% on the
public Boson dataset, surpassing previous state-of-the-
art methods by over 8%.

II. RELATED WORK

A. Visual Geo-localization

In visual geo-localization tasks, effectively mitigating the
perspective differences between UAV-captured and satellite
images remains a fundamental challenge. Liu et al. [14] in-
troduced directional geometric information into deep neural
network training, thereby achieving better geo-localization
results. Zhu et al. [15] used a Transformer-based approach

with an attention-guided non-uniform cropping strategy to
achieve excellent geo-localization results. Shao et al. [16]
employed visual style transfer techniques to reduce cross-
view differences. Deuser et al. [17] applied contrastive
learning to cross-view geo-localization tasks. Chen et al. [18]
built upon [17] by incorporating dynamic distance sampling
strategies and spatial attention mechanisms, achieving the
current state-of-the-art performance. Note that these methods
rely on visible-spectrum cameras and exhibit significantly
degraded performance under low-light conditions.

B. UAV Thermal Localization

Cross-modal geo-localization must address not only cross-
perspective variations but also, more critically, the inher-
ent discrepancies between different modalities. Early ap-
proaches, such as Thermal-Inertial Odometry [19], integrated
thermal camera radiation measurements with inertial data
to improve navigation accuracy in low-light conditions. To
further bridge the modality gap, Gan et al. [20] introduced
a multi-domain attention network that transfers knowledge
from the RGB to the thermal infrared domain, facilitating
visual navigation and localization at night and in adverse
weather. Xiao et al. [21] utilized the Pix2Pix framework [22]
with domain adaptation to exploit complementary informa-
tion across modalities, proposing the first thermal infrared-to-
visible cross-modal geo-localization method, which achieved
state-of-the-art performance at the time.

In contrast to methods relying on domain adaptation, our
approach formulates the problem within an image retrieval
framework. We introduce a structure-aware module designed
to extract modality-invariant structural features, and further
employ joint constraints through feature fusion loss and
enhanced aggregation mechanisms. This strategy effectively
mitigates cross-modal discrepancies and significantly im-
proves thermal infrared geo-localization accuracy.

III. METHOD

A. Overview

As shown in Fig. 2, the proposed SAFL-Geo framework
comprises four core components: a backbone network, a
structure awareness module, a feature enhancement aggre-
gation module, and a feature fusion module. For each pair
of visible and infrared images corresponding to the same
geographic location, the inputs are first processed through
the backbone network. We utilize a dual-stream architecture
based on ConvNext [23] as the backbone. The structure
awareness module enhances the model’s capability to extract
structural features, such as contours and edges, that remain
consistent across modalities. These features are then passed
to the feature enhancement aggregation module, which im-
proves their discriminative power and projects them into
a common feature space. Then, the feature fusion module
integrates features from both modalities to generate a fused
representation. To effectively bridge the modality gap, we
introduce a fusion loss that constrains the distances among
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Fig. 2. Overview of our proposed cross-modal thermal geolocation framework. (a) The SAFL-Geo pipeline, a dual-stream network integrating structure-
aware, feature aggregation enhancement, and feature fusion modules. (b) Edge structure-aware constraint comprises the Spatial Attention (SA) module and
Squeeze-and-Excitation (SE) module. (c) The Feature Enhancement and Aggregation Module (FEAM) performs integrated feature refinement and projects
representations into a unified embedding space. (d) Feature Fusion Module (FFM) generates fused features for subsequent fusion loss computation.

infrared features, visible features, and the fused represen-
tation through auxiliary loss terms, thereby progressively
reducing cross-modal discrepancies.

B. Edge Structure Awareness

Images from different modalities exhibit significant differ-
ences in characteristics such as color distribution. However,
structural information, particularly the contours of objects
like buildings and roads, remains stable and consistent across
modalities [24]. This makes structural cues highly reliable
for cross-modal matching. To leverage this property, we
designed a structure awareness module that enhances the
network’s ability to extract such modality-invariant structural
features. We implemented this module using both spatial and
channel attention mechanisms. The Spatial Attention (SA)
module is integrated at the input stage of the backbone
network to process each visible-infrared image pair prior
to backbone feature extraction. As shown in Fig. 2(b), the
SA module aggregates the average and maximum features
across the channel dimension and applies a 7×7 convolution
to generate a spatial attention map. This process directly
enhances the contour and structural information of the input
image by explicitly highlighting important regions during
the preprocessing stage. The spatial attention mechanism is
formally represented as follows:

Ms (X) = σ (f7×7 ([AvgPool (X) ;MaxPool (X)])) (1)

where X ∈ RB×C×H×W is the input image, AvgPool ()
and MaxPool () represent average pooling and maximum

pooling, respectively. f7×7 is a 7×7 convolution layer that
performs convolution processing on the input image. σ is the
sigmoid function, and [·; ·] represents channel concatenation.
The SA module output is:

XSA = X ⊙Ms (X) (2)

where ⊙ denotes element-wise multiplication.
Subsequently, we incorporate a channel attention module

at the output of the final stage of the backbone network.
Specifically, we adopt the Squeeze-and-Excitation (SE) block
[25], which comprises a squeeze step and an excitation step.
In the squeeze step, global average pooling is applied to
compress spatial information of each channel into a channel
descriptor. Formally, this operation can be expressed as:

zc =
1

H ×W

H∑
h=1

W∑
w=1

xc (i, j) (3)

where xc (i, j) is the value of the c-th channel at position
(i, j), zc ∈ RB×C represents the global information obtained
for each channel, serving as the descriptor for that channel.
The excitation phase captures inter-channel dependencies
through a bottleneck structure formed by two fully connected
layers, which adaptively recalibrates channel-wise feature
responses. This process is formulated as:

s = σ (W2δ (W1zc)) (4)

where s ∈ RB×C , W1 ∈ RC/r×C and W2 ∈ RC×C/r is
the fully connected layer weight, δ is the ReLU activation
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function, and r is the compression ratio. The output of the
SE module is:

XSE = s ·Xc (5)

where Xc ∈ RB×C×H×W represents the final stage output
features of the backbone network ConvNext.

The integration of these two components forms a dual
attention mechanism operating across both channel and spa-
tial dimensions, which significantly enhances the model’s
capacity to capture and represent edge structures present in
different modalities.

C. Feature Enhancement Aggregation Module

To tackle the challenge of feature alignment in cross-
modal infrared-to-visible image retrieval, we introduce a
Feature Enhancement and Aggregation Module (FEAM),
which is designed to project features from both modalities
into a common latent space. As depicted in Fig. 2(c),
FEAM first generates a spatial saliency map of the flat-
tened features by max-pooling along the channel dimension.
It then learns spatial-wise attention weights using parallel
Multi-Layer Perceptron (MLP) branches, which maintain the
independence of features across spatial dimensions. Each
MLP branch utilizes a bottleneck structure composed of
expansion and compression stages, and incorporates GELU
activation along with normalization layers to facilitate stable
gradient propagation and improve representational learning.
The overall procedure can be formalized as follows:

Zk = LayerNorm
(
W k

2 ·GELU
(
W k

1 ·Xmax

))
(6)

Xsa = stack ([Z1, · · · , Zd] ,dim = −1) (7)

where Xmax ∈ RB×(HW ) denotes the maximum value of
the input feature along the channel dimension. W k

1 ,W
k
2

represent the weight parameters of the k-th MLP branch.
Zk ∈ RB×C is the output of the k-th MLP module. Stack
denotes the operation of merging the outputs from multiple
MLP branches. Xsa ∈ RB×C×d represents the feature tensor
obtained by aggregating all MLP outputs.

Subsequently, the original features are flattened into
Xflat ∈ RB×C×(HW) and multiplied with the spatial at-
tention weights to enable interactive enhancement between
spatial and channel information. Through transposition and
reshaping operations, the module generates a compact joint
feature representation, formulated as follows:

Xout = flatten
(
Xflat ·XT

sa

)
(8)

where Xout ∈ RB×(d∗C) is the final output. This process
effectively projects features from different modalities into a
unified common space of fixed dimensionality while preserv-
ing critical spatial structural information.

D. Feature Fusion Module

To mitigate inter-modal discrepancies, we design a feature
fusion module that acts as a “bridge” between infrared and
visible features, thereby reducing the semantic gap between
the two modalities. Inspired by cross-modal alignment per-
ception [26], we employ a cross-attention mechanism [27]

to facilitate feature fusion. Specifically, as shown in Fig.
2(d), we normalize the obtained infrared features r ∈ RB×D

and visible features v ∈ RB×D through a LayerNorm layer
to eliminate the scale differences between modalities, and
obtain the processed features r̄ ∈ RB×D and v̄ ∈ RB×D.
We then apply a bidirectional cross-attention mechanism
to model cross-modal feature interactions, formulated as
follows:

Avis2ir = softmax

(
Qvis ·KT

ir√
dk

)
· Vir (9)

Air2vis = softmax

(
Qir ·KT

vis√
dk

)
· Vvis (10)

where Qir,Kir, Vir ∈ RB×H×N×dk are the query, key,
and value vector of infrared features r̄, Qvis,Kvis, Vvis ∈
RB×H×N×dk are the query, key, and value vector of visible
features v̄, and dk is the dimension of each attention head.

The attention outputs from both directions are passed
through a projection layer and adaptively weighted via a
modality-specific gating mechanism using the Sigmoid func-
tion. This gate dynamically controls cross-modal fusion. The
resulting features are then combined with the original input
features through residual connections:

r̂ = r + gr ⊙Dropout (WoAvis2ir) (11)

v̂ = v + gv ⊙Dropout (WoAir2vis) (12)

where gr and gv denote the gating modules for infrared and
visible features, respectively. Wo is a learnable parameter
matrix, and ⊙ represents multiplication. Finally, we use
average fusion to obtain the fused infrared-visible features.

E. Loss Function

To effectively bridge the gap between features of differ-
ent modalities and mitigate cross-modal discrepancies, we
introduce a fusion loss constraint strategy. As shown in Fig.
2(a), this approach augments the original baseline loss by
incorporating an auxiliary fusion loss term that acts as a
local constraint.

Our baseline loss function employs the symmetric In-
foNCE loss [28][29], a widely adopted contrastive learning
objective. In contrast to conventional contrastive losses, it
enhances robustness by incorporating negative sample infor-
mation from both modalities. The loss is defined as follows:

LinfoNCE (q,R)= −log
exp

(
q · r+

τ

)∑
R
i=0 exp

(
q · ri

τ

) (13)

where q represents the query image, R represents a set of
reference images, and r+ is the positive sample uniquely
corresponding to the query image q. During training, if the
values between positive samples q · r+ are high and the
values between negative samples are low, LinfoNCE (q,R)
approaches 0; otherwise, LinfoNCE (q,R) grows exponen-
tially. The hyperparameter τ is a learnable temperature
parameter.
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We use mean square error loss as the local fusion loss:

LMSE =
1

2

(
∥f1 − ffused∥22 + ∥f2 − ffused∥22

)
(14)

where f1 and f2 denote the infrared and visible light features,
respectively. ffused represents the fused feature, and ∥·∥2
indicates the L2 norm.

We compute the distance errors between the infrared
features and the fused features, as well as between the
visible features and the fused features. Throughout the train-
ing process, these errors are iteratively minimized, thereby
reducing the inter-modal feature distance. This process can
be viewed as constructing a “bridge” between modalities,
which effectively mitigates cross-modal discrepancies. To
prevent feature collapse and ensure diversity among negative
samples, we introduce an orthogonal regularization loss [30]:

Lorth=λorth ·
∥∥Q ·KT

∥∥
F

(15)

where Q ∈ Rm×d denotes the normalized query feature
matrix, K ∈ Rn×d denotes the normalized key feature
matrix, ∥·∥ F represents the Frobenius norm, and λorth is the
regularization coefficient (set to 1×10−4 in our experiments).
Minimizing

∥∥Q ·KT
∥∥
F

will push the row vectors of Q and
K toward orthogonality, thereby preventing feature collapse
by promoting diversity across samples. The overall loss
function is defined as:

L =λglobal · LinfoNCE + λlocal · LMSE + Lorth (16)

where λglobal and λlocal are hyperparameters to balance the
loss during training.

IV. EXPERIMENT

A. Experimental Preparation

Datasets. Datasets containing cross-modal drone and
satellite imagery for retrieval tasks remain scarce, with Boson
[21] being, to our knowledge, the only publicly available
collection of its kind. We therefore conduct all experiments
using this dataset. This dataset comprises both raw and en-
hanced image data. The raw Boson thermal imaging dataset
was captured from a near-vertical perspective with a spatial
resolution of approximately one meter per pixel. It covers an
area of 33 square kilometers, predominantly characterized
by desert terrain, along with sparse farmland, roads, and
buildings. The enhanced Boson dataset is generated through
a domain adaptation method that synthesizes paired thermal
infrared images from unaligned satellite visible images,
thereby extending the original dataset.

Evaluation Metrics. We use Recall@K (R@K) and
Average Precision (AP) to evaluate model performance.
R@K measures the percentage of queries for which at least
one correct database match (within a 25-meter radius) is
found among the top-K retrieved results, while AP calculates
the area under the Precision-Recall curve to consider both
precision and recall.

Implementation Details. In our experiments, we adopt
a ConvNeXt-Base backbone pretrained on ImageNet [31] as

TABLE I
COMPARISON WITH STATE-OF-THE-ART METHODS ON BOSON DATASET.
THE BEST AND SECOND-BEST RESULTS ARE HIGHLIGHTED IN RED AND

BLUE, RESPECTIVELY.

Method Drone → Satellite Satellite → Drone
R@1 R@5 AP R@1 R@5 AP

Sample4Geo[17] 21.13 29.13 21.97 25.02 36.72 24.91
ComplexUAV[18] 64.01 82.90 73.17 72.41 88.77 76.12
SGM ResNet-18[21] 72.33 84.96 75.65 73.41 86.67 76.34
Ours 80.55 96.56 83.13 82.80 97.96 82.01

TABLE II
COMPARISON WITH STATE-OF-THE-ART METHODS ON CONTRAST

ENHANCEMENT BOSON DATASET. THE BEST AND SECOND-BEST

RESULTS ARE HIGHLIGHTED IN RED AND BLUE, RESPECTIVELY.

Method Drone → Satellite Satellite → Drone
R@1 R@5 AP R@1 R@5 AP

Sample4Geo[17] 64.35 70.13 56.92 66.15 75.88 63.84
ComplexUAV[18] 75.85 93.43 70.28 77.14 93.88 72.14
SGM ResNet-18[21] 92.10 96.90 83.88 93.33 96.94 83.97
Ours 97.14 99.45 86.22 98.68 99.94 87.91

the base network, configured within a dual-branch architec-
ture with weight sharing between the branches. Both infrared
and visible input images are resized to 384×384 pixels. We
use the Adam [32] optimizer with an initial learning rate
of 1e-4, annealed following a cosine scheduling strategy.
The model is trained for 80 epochs. During testing, cosine
similarity is employed to compute the similarity between
query and candidate images. All implementations are based
on PyTorch [33], and experiments are conducted on an
NVIDIA RTX 3090 GPU.

B. Comparison with State-of-the-Art Methods

Results on the Boson Dataset. To evaluate the effec-
tiveness of our approach, we conducted experiments under
two retrieval modes: Drone → Satellite and Satellite →
Drone. As shown in Table I, for these two retrieval tasks,
our SAFL-Geo method surpasses SGM-ResNet-18 by 8.22%
and 9.39% in R@1, and by 7.48% and 5.67% in AP,
respectively. Given the limited number of methods available
for cross-modal retrieval, we evaluated several single-modal
approaches. Among these, ComplexUAV currently represents
the state-of-the-art method for single-modal geo-localization.
Nevertheless, it exhibits limitations when handling the sig-
nificant disparities inherent in cross-modal imagery. Our
approach effectively narrows this modal gap via an integrated
strategy. In the drone-to-satellite retrieval task, it outperforms
ComplexUAV by a notable margin, improving R@1 by
16.54% and AP by 9.96%. These results demonstrate that
our method effectively mitigates the cross-modal discrepancy
issue that challenges existing techniques, thereby enhancing
the accuracy of thermal infrared geo-localization.

Results on the Contrast-enhanced Boson Dataset. As
shown in Table II, although SGM-ResNet-18 achieves strong
performance on the contrast-enhanced dataset, our method
still surpasses it by 5.04% and 5.35% in R@1, and by
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TABLE III
ABLATION OF METHODS EFFECTIVENESS ON BOSON DATASET. THE

BEST PERFORMANCE ARE HIGHLIGHTED IN BOLD.

ESA FEAM Loss Drone → Satellite Satellite → Drone
R@1 R@5 AP R@1 R@5 AP

× × × 65.44 84.17 74.72 73.14 89.74 76.44
✓ × × 71.26 90.80 77.45 78.33 95.57 78.67
× ✓ × 73.16 91.14 79.73 76.57 92.13 77.20
× × ✓ 68.09 87.97 76.55 74.64 91.76 76.71
✓ ✓ × 76.75 95.05 80.97 80.36 96.88 80.32
× ✓ ✓ 75.17 93.62 80.21 80.24 96.61 80.23
✓ × ✓ 72.74 91.06 78.75 77.90 95.55 77.76
✓ ✓ ✓ 80.55 96.56 83.13 82.80 97.96 82.01

TABLE IV
A COMPARISON OF DIFFERENT BACKBONE NETWORKS, INCLUDING THE

NUMBER OF PARAMETERS, COMPUTATION, INFERENCE SPEED, AND

R@K ACCURACY.

Backbone Params Macs InferTime R@1 R@5

ResNet50[34] 27.20M 24.50G 25.23ms 43.45 56.33
ConvNext-T[23] 30.24M 26.30G 25.99ms 77.96 94.22
ConvNext-S[23] 51.85M 51.16G 34.85ms 78.98 95.46
ConvNext-B[23] 91.84M 90.37G 42.28ms 80.55 96.56
ViT-S[35] 24.21M 25.00G 18.67ms 66.23 70.87
ViT-B[35] 88.01M 98.90G 21.78ms 70.04 79.33

2.34% and 3.94% in AP across the two retrieval modes. It
also exhibits a more substantial advantage over single-modal
methods. We attribute this improvement to the enhanced
object contours and structural information in preprocessed
data, which allows our structure-aware module to extract
more discriminative features. These improved representations
in turn facilitate more effective feature aggregation and
fusion loss constraints, leading to further reduction of cross-
modal discrepancies. The results confirm the superiority of
our approach in thermal infrared geo-localization.

C. Ablation Studies

Effectiveness of Modules and Strategies. To evaluate
the effectiveness of the proposed modules and strategies,
we performed an ablation study on the Boson dataset.
As summarized in Table III, the results demonstrate that
employing either the Edge Structure Awareness (ESA) or the
Feature Enhancement Aggregation Module (FEAM) module
individually improves localization accuracy, while combining
both leads to more substantial gains. This indicates that the
ESA module enhances the model’s ability to extract cross-
modal stable features, while the FEAM module refines and
projects features into a unified embedding space, thereby
reducing inter-modal distance. As also observed in the table,
introducing the local fusion loss brings additional improve-
ments of 2.65% in R@1 and 1.83% in AP compared to the
baseline. This confirms the effectiveness of the fusion loss
during training. We argue that the fused features serve as
a shared representation space, which acts as a transitional
bridge between modalities and alleviates the challenges as-
sociated with direct feature alignment. When integrating all
proposed components, our method achieves the best results
with an R@1 of 80.55% and an AP of 83.13% in the Drone-

TABLE V
THE IMPACT OF DIFFERENT INPUT SIZES ON MODEL PERFORMANCE.

Input Drone → Satellite
R@1 R@5 R@10 AP

224×224 73.34 91.45 94.26 79.15
384×384 80.55 96.56 98.05 83.13
512×512 80.60 96.64 98.62 83.52
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Fig. 3. Visualization of feature heatmaps. The top row shows the
input infrared query image, while the second and third rows display the
feature heatmaps produced by the baseline network and our proposed
method, respectively. The results indicate that our approach more accurately
concentrates on structurally stable components, such as building outlines and
road contours.

to-Satellite retrieval mode, which represents the current best
accuracy in thermal geo-localization. This fully demonstrates
the rationality and effectiveness of our method.

Comparison of Different Backbone Networks. To
explore the impact of different backbone networks on the
UAV cross-modal thermal geo-localization task, we con-
ducted experiments using several popular backbone net-
works, including ResNet50 [34], ConvNext-T, ConvNext-S,
ConvNext-B [23], ViT-S, and ViT-B [35]. All models were
trained on the Boson dataset with an input size of 384×384,
and the tests were all Drone→Satellite retrieval results. The
experimental results are shown in Table IV, including the
number of parameters (Params), computational complexity
(Mac), inference time (inference time for 2000 samples),
and retrieval accuracy (R@1 and R@5). The experimental
results show that the ViT series outperforms the ResNet
series because ViT models have the ability to capture global
dependencies in images. The ConvNext series of networks
performs overall better, with ConvNext-B achieving the
best results. We think the ConvNext network combines the
advantages of ResNet and ViT, capturing global features
while retaining the efficiency of convolution operations. In
this paper, we use ConvNext-B as the base network.

Impact of Different Input Sizes. As shown in Table
V, we evaluated the impact of input size on model per-
formance using three common resolutions. The experiments
were conducted on the Boson dataset. The experimental re-
sults indicate that the 384×384 input configuration performs
better than its 224×224 counterpart. Although escalation to a
512×512 input size yields additional improvements, the gains
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Query Ours SGM ComplexUAV Sample4Geo

Fig. 4. Visualization of retrieval results. UAV-view query images are
shown on the left of the dashed line, with the corresponding top-1 satellite
retrieval results for each model displayed on the right. Correct matches are
highlighted in green, and incorrect matches are marked in red.

are minimal and are achieved at the expense of significantly
greater computational demands. Consequently, the 384×384
input size is utilized throughout all experiments in this paper.

D. Visualization

Visualization of feature heatmaps. To evaluate the fea-
ture representation capability of the proposed SAFL-Geo
method, we visualized the corresponding feature maps. As
shown in Fig. 3, the top row shows the input infrared query
image, while the second and third rows display the feature
heatmaps produced by the baseline network and our proposed
method, respectively. Compared to the baseline method, our
approach exhibits a stronger focus on structurally consistent
elements such as roads and building contours. These results
demonstrate the model’s ability to extract modality-invariant
features, confirming the effectiveness of our design.

Visualisation of retrieval results. In this section, we
visualized the localization results of different models. Fig. 4
illustrates the retrieval results for four sample groups in the
test set. The UAV view images (Query) are displayed to the
left of the dashed line, while the R@1 results for each model
in the satellite view are displayed to the right. True matches
are indicated by green boxes, while false matches are in-
dicated by red boxes. Through visualization, we observe
that conventional single-modal retrieval algorithms struggle
to effectively retrieve correct results, as modal differences
limit their performance. The cross-modal retrieval algorithm
SGM can correctly retrieve some query images but is signifi-
cantly affected by similar images, resulting in low accuracy.
In contrast, our method successfully retrieves all samples,
demonstrating that our proposed strategies significantly mit-
igate modal differences and enhance positioning accuracy.

V. CONCLUSIONS

In this paper, we propose a novel cross-modal retrieval
framework for thermal geo-localization, designed to address
the significant challenges arising from modality discrep-
ancies. By incorporating structure-aware constraints, our

approach effectively captures stable and modality-invariant
detailed features. We further introduce a feature enhancement
and aggregation module that refines multi-modal represen-
tations and projects them into a unified embedding space,
thereby preserving critical spatial and structural information.
Moreover, a novel fusion loss strategy is proposed to bridge
the modality gap by leveraging fused features as an interme-
diate representation, which substantially improves thermal
geo-localization accuracy. Extensive experiments conducted
on the Boson dataset and its enhanced variants validate that
our method successfully mitigates cross-modal differences
and achieves state-of-the-art performance. In future work, we
will focus on further improving localization accuracy and
exploring model lightweighting techniques to enable more
efficient deployment.
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