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Abstract

Cross-view localization between Unmanned Aerial Vehicle (UAV) and satellite imagery
is crucial for autonomous navigation in GPS-denied environments. However, large domain
gaps, including viewpoint discrepancies, scale variations, and appearance differences — pose
significant challenges. In this paper, we propose the Adaptive Multi-scale Cross-modal Fusion
Network (AMCEF-Net), a novel approach that effectively addresses these limitations through a
shared backbone architecture and adaptive fusion mechanisms. Unlike previous dual-backbone
approaches that process UAV and satellite images separately, our method employs a unified
FocalNet-Tiny backbone to extract cross-modal features, followed by a Spatially-adaptive Cross-
modal Feature Fusion (AMCF) module that dynamically combines multi-scale similarities
using learned adaptive weights. This shared representation learning enables better cross-modal
alignment and significantly reduces computational overhead. Comprehensive experiments on
the UL14 benchmark demonstrate that AMCF-Net achieves state-of-the-art performance, with a
Relative Distance Score (RDS) of 78.12% and meter-level accuracy of 27.25% at 3 m, 50.16%
at 5 m, 84.37% at 10 m, and finally 88.51% at 20 m. Ablation studies further validate the
effectiveness of the shared backbone and adaptive fusion mechanism, demonstrating significant
improvements over traditional separate processing approaches.

Index terms

UAV localization; satellite images; cross-view matching; multi-scale fusion; adaptive
feature learning.

1. Introduction

Cross-view localization between UAV imagery and satellite maps underpins
autonomous navigation in GPS-denied environments and supports applications in
disaster monitoring and precision agriculture [1]. The core challenge lies in large
domain gaps—severe viewpoint changes, scale disparities, and appearance variations
between UAV and satellite views. This work focuses on point-to-point localization:
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given a UAV image captured from a specific GPS location at a fixed altitude (typically
80-100 m) with a nadir or near-nadir viewing angle, the task is to estimate the
corresponding 2D pixel coordinates (x,y) of the UAV’s capture location within a
satellite reference image. This single-point correspondence objective reflects the
practical scenario where each UAV image corresponds to one capture position, rather
than establishing dense pixel-level correspondences across the entire image pair.

Early approaches cast the task as large scale retrieval by learning global descriptors for
similarity search [2], [3]. While efficient, global pooling discards spatial details, limiting
localization precision under strong viewpoint/scale changes [3]. Recent methods pursue
dense, fine-grained matching to predict pixel-level correspondences [4], [S], but often
incur high computational cost and rely on rigid, hand-crafted fusion, which weakens
robustness to altitude- and content-induced scale mismatch [4], [6]. Hybrid pipelines
attempt to balance coarse context and fine detail via hierarchical designs [6], [7], and
shared backbones have been shown to reduce redundancy and improve alignment [8].
Despite this improvement, a key gap remains: adaptively fusing multi-scale, cross-modal
evidence with spatial selectivity.

The paper address this gap with the AMCF-Net, which couples a single shared
FocalNet-Tiny backbone with a lightweight, spatially-adaptive fusion module. The shared
backbone enforces a unified representation for UAV and satellite inputs, improving
cross-modal alignment while lowering compute. The fusion module computes multi-
scale cross-view similarities and learns spatially varying weights to emphasize the
most discriminative scale at each location, thereby reconciling local textures and global
semantics under strong viewpoint changes.

The contributions are threefold: (1) a unified, parameter-shared backbone that cuts
computation while improving cross-modal alignment; (2) a content-adaptive, spatially
varying multi-scale fusion mechanism that selects scales per-pixel based on cross-view
evidence; and (3) an empirical study on UL14 showing strong trade-offs between accuracy
and efficiency (e.g., RDS 78.12%, MA@5 50.16%) together with ablations isolating the
gains of sharing and adaptive fusion.

The remainder is organized as follows. Section 2 reviews related work. Section 3
details AMCF-Net. Section 4 presents experiments and ablations. Section 5 concludes
and outlines future directions.

2. Related work

Existing UAV—satellite cross-view localization methods can be categorized into three
approaches: large-scale matching, fine-grained matching, and hybrid methods with shared
architectures.

Large-scale matching approaches rely on global descriptor learning through metric
techniques. Early works by Vo and Hays [9] employed triplet loss [10] for ground-to-
aerial matching, while Zheng et al. [2] introduced the University-1652 dataset with
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Siamese networks [11]. Advanced pooling mechanisms, including NetVLAD [12], [13]
and GeM pooling [14], improved global representations. Recently, Xu et al. [3] enhanced
retrieval performance with context-aware descriptors and dynamic negative sampling.
However, aggregation-based methods inherently sacrifice spatial information, limiting
localization precision under significant viewpoint or scale variations.

Fine-grained matching approaches compute dense spatial correspondences to overcome
global descriptor limitations. Dai et al. [4] pioneered pixel-level UAV—satellite matching
with the DRL framework and UL14 dataset. Exploiting pyramidal architectures inspired
by FPN [15], Wang et al. [6] developed WAMF-FPI with attention-weighted multi-scale
fusion, while Fan et al. [S] introduced SSPT for iterative cross-view refinement through
self-attention. Despite improved accuracy, these methods face high computational costs,
rigid fusion strategies, and scalability challenges across diverse altitudes and perspectives.

Hybrid and shared backbone approaches combine complementary strengths while
improving efficiency. Xu et al. [7] integrated coarse-to-fine pipelines with cross-attention,
demonstrating unified processing advantages. He et al. [8] showed that DCD-FPI’s single
backbone with deformable convolutions reduces parameters by 50% while enhancing
cross-modal alignment. However, existing methods employ fixed or hand-crafted fusion
schemes that cannot adaptively weight multi-scale features based on spatial content.
Focal modulation [16], which enables efficient multi-scale context modeling through
hierarchical depth-wise convolutions, remains unexplored for cross-view matching with
spatially-adaptive fusion.

The proposed AMCF-Net addresses this gap by leveraging FocalNet-Tiny [16] as a
unified backbone enhanced with an AMCF module. Unlike prior fixed fusion strategies,
AMCEF dynamically learns spatially-varying weights, automatically emphasizing the
most discriminative scale at each location based on content, thereby maximizing unified
feature extraction benefits while enabling adaptive fusion.

3. The proposed method
3.1. Overall architecture

Given a UAV query image I" and a satellite reference image I°, where I/ and W
denote the spatial height and width of input images, the goal of the paper is to predict
the UAV position in the satellite coordinate frame through cross-view correspondence.
As illustrated in Fig. 1, AMCF-Net consists of three stages: shared feature extraction,
adaptive multi-scale cross-modal fusion, and localization prediction. In Stage 1, the
"Context Aggregation" block performs hierarchical contextualization via stacked depth-
wise convolutions, and the "Modulator" block applies element-wise modulation to queries.
The "gated aggregation" step (not explicitly labeled due to space) occurs between these
blocks. In the AMCF module (Stage 2), the data flow is as follows:

(1) normalized features F* and F$ are compared via cosine similarity to produce
similarity maps S;, (2) Sy is fed into weight learning to generate adaptive fusion weights,
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(3) the learned weights are applied to combine multi-scale satellite features F¢ through
adaptive fusion, producing the final fused features '3, . ,. Blue and red blocks denote
UAV and satellite features, respectively.

Stage 1: Shared feature extraction. Both I* and I° are first embedded using a patch
embedding module (STEM) and then fed into a single shared FocalNet-Tiny backbone.
Sharing parameters allows both modalities to learn a unified representation space,
promoting cross-modal alignment while reducing computation and model size. Unlike
prior works that employ shared backbones for sensor fusion (e.g., camera-LiDAR from
the same viewpoint), the approach addresses viewpoint-induced domain gaps where
both inputs are RGB images but captured from drastically different viewing angles.
The shared backbone forces both modalities through identical parameters, learning
viewpoint-invariant geometric and semantic patterns that naturally reduce the domain
gap between nadir UAV and overhead satellite views. Multi-scale features are extracted
independently for each modality at three hierarchical stages: {Fy, Fg} at resolution
H/Ax W/4, {Fy,F;} at H/8 x W/8, and {F4,F35} at H/16 x W/16. No cross-modal
fusion occurs in this stage.

Stage 2: Adaptive cross-modal fusion (AMCF). For each scale, normalized UAV and
satellite features are aligned to the same spatial resolution and compared via cosine
similarity, generating multi-scale similarity maps {Sg, S;,S2}. A lightweight 1 x 1
convolution maps Sy to scale attention weights, followed by softmax to produce spatially-
varying fusion weights. These weights adaptively combine multi-scale features, enabling
the model to emphasize fine-grained textures or coarse semantic cues depending on local
scene characteristics. The fused satellite feature map F7}, ., encodes the UAV location
cues for final prediction.

Stage 3: Localization head. F4%,.., is projected through a lightweight channel
embedding module to produce a coarse heatmap, which is upsampled to full resolution.
The predicted UAV location (Zped, Ypred) is the pixel with maximum response. This
formulation provides a dense spatial likelihood map, improving robustness under
ambiguous or repetitive patterns.

3.2. Shared feature extraction backbone

This section provides detailed implementation of Stage 1 (shared feature extraction).
The backbone architecture employs hierarchical feature extraction, which is described as
follows:

3.2.1. Focal modulation mechanism

The backbone employed in this study is FocalNet-Tiny [16], which replaces self-
attention with focal modulation for efficiency and multi-scale modeling:

Xout(i) = Q(X<Z>) @ FM(Xctr(l))v (1)
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where, X(4) is the input token at spatial location 4, Q is a linear query projection, FM
denotes the focal modulation operation aggregating multi-scale context via learnable
focal windows, and ® denotes element-wise multiplication (Hadamard product).

The focal modulation process (Fig. 1) consists of three steps:

(1) hierarchical contextualization (corresponding to the "Context Aggregation" block
in Fig. 1) aggregates multi-scale context via stacked depth-wise convolutions with
progressively larger receptive fields; (2) gated aggregation dynamically selects relevant
scales using learned gating weights g (this process, though not explicitly labeled in
the figure due to space constraints, occurs between hierarchical contextualization and
element-wise modulation); and (3) element-wise modulation applies aggregated context
through the Modulator M (corresponding to the "Modulator" block in Fig. 1) to queries
via element-wise multiplication. The paper refers readers to [16] for detailed mechanisms,
as these are internal to the FocalNet architecture.

3.2.2. Multi-scale feature extraction

To capture comprehensive multi-level semantic information, the paper extracts
features from the first three hierarchical stages of the shared FocalNet-Tiny backbone.
The paper employs FocalNet-Tiny-SRF [16], which consists of 4 stages with depths
[2,2,6,2] and initial embedding dimension of 96. Focal modulation aggregates
multi-scale context through hierarchical contextualization (stacked depth-wise
convolutions), gated aggregation (learned scale selection), and element-wise modulation
(context application to queries). The channel dimensions double at each stage: stage 0
has 96 channels, stage 1 has 192 channels, stage 2 has 384 channels, and stage 3 has
768 channels. Features are extracted from stages 0, 1, and 2 (output indices [0, 1, 2]):

FU F; € RT*5%%  (low-level spatial detail) )
FU FS € R*% X192 (mid-level semantics) 3)
Fi F3 € R%X%X?’M, (high-level semantic abstraction) 4

where, B denotes the batch size and H, W represent the spatial dimensions of the
input images. The shared FocalNet backbone processes both UAV and satellite images
through the same parameter set, enabling unified representation learning that facilitates
better cross-modal alignment. The paper initializes FocalNet-Tiny-SRF with ImageNet
pretrained weights (focalnet_tiny_srf.pth). Although these weights are pretrained in
single-modal image classification, the shared backbone learns cross-modal alignment
through joint training on both modalities (detailed training strategy is described in
Section 3.4).

3.3. AMCF Module: Adaptive Multi-scale Cross-modal Fusion

The AMCF module integrates multi-scale UAV and satellite features through similarity
computation and adaptive fusion, establishing correspondences at multiple scales and
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adaptively weighting their contributions. Given multi-scale features {F¥ F$}?_; from
the shared backbone, the AMCEF process consists of three steps.

Step 1: Feature normalization. Channel dimensions are unified to 128 and spatial
resolutions are aligned to (H/4 x W/4) via 1 x 1 convolution and bilinear interpolation,
applied independently to both modalities:

F = Resize(Convy, (FY), (H/4,W/4)) € REx128xH/4xW/ (5)
F$ = Resize(Convy, (F?), (H/4,W/4)) € REx128xH/HWV/4 6)

This ensures all features operate in a common space (128 channels, H /4 x W /4 resolution)
for meaningful cross-modal comparison.

Step 2: Multi-scale similarity computation. Normalized cosine similarity is calculated
at each scale through element-wise multiplication of L2-normalized features:

_ 7: ® 751 c RBX128><H/4><W/4 (7)
12— [[F L2

where, © denotes element-wise multiplication. The similarity maps (S; in Fig. 1) are
the outputs of this step, representing cross-modal correspondence signals at each scale.
High similarity values at location (z,y) indicate potential UAV locations. Different
scene structures match best at different scales: fine-scale features capture local texture
details for precise matching, while coarse features capture high-level semantics robust to
viewpoint changes.

S;

Step 3: Adaptive fusion with learned weights. The model learns spatially-varying
fusion weights from the finest similarity map S,, which contains the most detailed spatial
information for precise scale assessment. Sy is chosen for weight learning because: (1) it
has the highest spatial resolution (H/4 x W/4), enabling precise location-specific scale
selection; (2) it captures fine-scale texture patterns that are more viewpoint-invariant
than high-level semantic features in coarser scales, providing stable alignment cues; and
(3) its similarity values directly reflect the reliability of fine-scale matching, naturally
indicating which scales should be emphasized at each location. The weight learning
process first generates attention logits through a learnable 1 x 1 convolution:

A= COHV1X1<SO; Oweight) S RBXSXH/4XW/4 (8)

where, O,cign € R'*3 is a learnable weight tensor (convolution kernel) of the 1 x 1

convolution layer that maps from 128 input channels (from Sy) to 3 output channels

(one per scale). These learnable parameters analyze similarity patterns to identify which

scales provide reliable matching at each location. These logits are normalized via

temperature-scaled softmax applied across the scale dimension:

exp(A - A(x,y,c

Wiz 1.0) = [0z, ), 0} (). 032 p)] = o DA AL L)
> =0 exp(A - A(z,y, 7))

where, w°(z,y), w(z,y), and w?(x,y) are scalar fusion weights (elements of the weight

tensor W) at spatial location (z,y) for scales 0, 1, and 2, respectively.

(€))
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UAV image Stage 1: Shared feature extraction using a unified FocalNet backbone

HxWx3 Focalnet Modulation Block
Focalnet Focalnet |
Stage 2 Stage 3

Stage 1
F

Linear

Satellite
HxWx3

> 4

H/4xW/4

|
-
o
-n
c

HIB<W/8
o,

m

CM

‘I'I
@
)

Context
Aggregation

x96 / 7

Modulator

H/16xW/16
x384

9

L@
Cosin similarity

Stage 3: Localization head for position prediction.

heatmap

HidxW/4
x128

Hi4xW/4
%128

b

HI4xW/4
x128

2

[argmax] H_full (B, 1, H, W) Cosin similarity

o

N — o

1% D o

Upsample - %53 Q_g %,‘E

Nearest-neighbor EX T g%

>3 EX 3

£% 2z =F

Low-res heatmap S 5% 5%

x_pred, y_pred 1, Hi4, W/4 UE) T l EX T
2] (2}

(1)ChannelEmbedding —
(2)Reshape —

(3)Linear Layers —
(4)Reshape —

Ffused

H/AXW/4%128

Weighted
learning

|

Adaptive  Stage 2: adaptive multi-scale cross-modal fusion (AMCF)
Fusion

Fig. 1. Overall architecture of AMCF-Net. The framework consists of three stages: (1) shared feature

extraction using FocalNet-Tiny backbone, (2) adaptive multi-scale cross-modal fusion (AMCF), and
(3) localization head.

The temperature parameter A = 2.0 controls attention sharpness (chosen through grid
search over A € {0.5,1.0,2.0,3.0}). The "adaptive" mechanism is realized through these
spatially-varying weights: 0,,c;q,: is learned during training, enabling the network to
dynamically adjust scale emphasis based on local content characteristics at each spatial
location (z,y), rather than using fixed weights across all locations. The learned weights
are applied to combine normalized satellite features at all three scales:

;used<x7y) = wo(‘r7y> ’ Fg(l‘,y) + wl(xay) : Fi(l’,y) + w2(m,y) : F;(xay) (10)

The weights adaptively emphasize the most discriminative scale at each location: fine

scales for distinctive textures, coarse scales for homogeneous regions. The fused features
usea €ncode cross-modal correspondence through adaptive weighting, where high-

similarity locations receive higher weights, emphasizing potential UAV locations.

3.4. Localization head and training loss

Localization head. The Channel Embedding head transforms fused satellite features
fused € REX128xH/4xW/4 jnio a heatmap Hy,y € RE*>*H*W The transformation
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consists of three operations: (1) reshape from spatial format (B, 128, H/4,1W/4) to
token sequence (B, H/4 x W/4,128) to enable per-location processing, (2) apply three
linear projection layers that progressively reduce channel dimension 128 — 64 —
16 — 1 independently to each spatial token, and (3) reshape back to (B, 1, H/4, W /4)
and upsample to full resolution using nearest-neighbor interpolation. Each pixel value
H/.u(z,y) € [0, 1] represents the confidence that the UAV location corresponds to pixel
(x,y) in the satellite image coordinate system. During inference, the predicted location
is obtained via argmax over the heatmap:

(xpred> ypred) = arg r(na>)< Hfull(xa Z/) (1 1)
where, (Zpred, Yprea) are pixel coordinates within the satellite image I°. Note that argmax
is only used for inference to obtain discrete coordinates; during training, the loss function
is computed directly on the continuous heatmap values Hy,;; before argmax, enabling
gradient-based optimization through backpropagation.

Training loss. The loss function is computed on the continuous heatmap H,; (before
argmax), enabling gradient-based optimization through backpropagation. BalanceLoss
addresses severe class imbalance: positive pixels (true UAV location) comprise < 1%
of total pixels. The loss function is weighted binary cross-entropy with instance-wise
normalization. For each training sample i, a binary target heatmap Y; € {0, 1}#/4xW/4
is constructed from ground truth location (x4, y,): the positive region P; is a square
with radius R = 31 pixels centered at (x4, y,:) (all pixels labeled as 1), and the negative
set V; contains all other pixels (labeled as 0). Loss weights balance contributions:

2 ifpe P wi(p)
wip) =47 . normalized: i;(p) = ——t0 (12)
{ m ifpeN >y wil)

where, v = 130 controls the relative importance of negative samples. The final loss is:

CZS—Zsz - BCE(H;(p), Y.(p)) (13)

where, H;(p) = o(Hu(p)) is the sigmoid activated prediction and BCE(h,y) =
—ylog(h) — (1 — y)log(1 — h). The value v = 130 was determined through empirical
tuning to match the positive-to-negative ratio while maintaining training stability.

Training configuration. Optimization uses AdamW with initial learning rate 2 x 1074
and cosine decay scheduling. To handle domain differences in the shared feature space
and enable cross-modal alignment, we employ a mixed-batch training strategy where
each mini-batch contains equal proportions of UAV and satellite images. This strategy
ensures that gradient updates consider both modalities simultaneously, encouraging the
shared backbone to learn domain-invariant representations that work effectively for
cross-view matching. The mixed-batch approach is particularly crucial for the shared
backbone architecture, as it prevents the network from overfitting to a single modality
and facilitates unified representation learning that bridges the domain gap between UAV
and satellite views.
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Table 1. Performance comparison with state-of-the-art methods on ULI4 dataset. Methods: FPI [4],
WAMF-FPI [6], DRL [4], OS-FPI [7].

Method MA@3t MA@5F MA@10T MA@201 RDST FLOPs(G))
FPI [4] - 18.30 38.36 5767  57.22 14.88
WAMF-FPI [6] 12.49 26.99 52.63 69.73 6533 13.32
DRL [4] 13.10 29.80 62.50 8370  75.80 13.10
OS-FPI [7] 22.81 4431 72.32 8252 7625 14.28
AMCF-Net (Dual-backbone) ~ 24.78 47.69 78.91 86.11  77.32 16.52
AMCF-Net (Shared) 27.25 50.16 84.37 88.51  78.12 12.30

4. Experiments and results
4.1. Experimental setup

The paper evaluates the method on the UL14 benchmark dataset [4]. The UL14 dataset
was originally constructed from 14 universities located in Hangzhou, China, containing
9,099 UAV images captured at three distinct flight altitudes (80 m, 90 m, and 100 m)
with a consistent flight distance of 20 m between capture points. The original UAV
images were center-cropped and resized to 512 x 512 pixels, while the corresponding
satellite imagery was extracted from Google Earth based on GPS coordinates and initially
processed at 1,280 x 1,280 resolution before being cropped to 384 x 384 pixels centered
at the UAV’s GPS location. The dataset exhibits several key characteristics: (1) dual-
perspective imagery from both UAV and satellite viewpoints, (2) paired training data
structure enabling supervised learning, (3) multi-altitude sampling providing diverse
viewing angles and scale variations, and (4) multi-scale test configuration where test
satellite images are constructed at 12 different spatial scales (ranging from 700 - 1,800
pixels at 100-pixel intervals, corresponding to approximately 0.294 meters per pixel),
significantly increasing localization difficulty.

The training dataset consists of 6,768 paired UAV and satellite images gathered from
10 universities, averaging about 600 pairs per institution. The test set contains 2,331
UAV images from 4 additional universities with no geographical overlap with training
locations, ensuring robust evaluation of cross-domain generalization. For each test UAV
image, 12 satellite images at different scales are generated, resulting in a total of 27,972
satellite images in the test set. The UAV positions within satellite imagery are randomly
distributed (center or edge positions), further increasing test complexity. The dataset
presents significant challenges including viewpoint variations, seasonal changes, lighting
conditions, and architectural diversity across different geographical locations.

This paper adopt standard metrics for cross-view localization evaluation. Meter-level
Accuracy (MA@Xk) quantifies localization precision by measuring the percentage of test
samples where the predicted location falls within k meters of the ground truth GPS
coordinates. The spatial distance error (SD) is computed as:

SD = /(Az)2 + (Ay)? (14)
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where, Az and Ay denote the meter-level errors in longitude and latitude directions,
respectively. MA@k is then defined as:

N
1
MA@k = — z_; 1sp, <k (15)

where, N is the total number of test samples and 1gp, . is an indicator function that
equals 1 when the spatial distance error for sample 7 is less than k& meters, and 0
otherwise. Relative Distance Score (RDS) evaluates localization accuracy at the pixel
level, providing scale-invariant assessment that is robust to different satellite image
resolutions.

Unlike MA which depends on absolute spatial distances, RDS computes the relative
pixel distance between predicted (X,,Y,) and ground-truth (X, Y}) coordinates. The
Relative Distance (RD) is first calculated as:

Rp /L0 T/ 6

where, d, = | X, —X,| and d, = |Y,, — Y| are pixel-level errors in horizontal and vertical
directions, and w, h represent the width and height of the satellite image, respectively.
RDS is then obtained through an exponential transformation:

_ _ [(da/w)2+(dy/h)2
RDS = ¢ #*RD — o=hxy —————— (17)

where, £ = 10 is a scaling factor that controls the sensitivity of the score to distance
errors. RDS ranges from O to 1, with higher values indicating better localization
accuracy. This metric offers three key advantages: (1) scale invariance through
pixel-relative measurement, making it suitable for multi-scale test scenarios, (2) unified
score representation that directly reflects model performance without requiring multiple
threshold values, and (3) exponential decay that appropriately penalizes large distance
errors, aligning with the expectation that significant deviations should be treated as
localization failures.

The method was utilized using PyTorch and trained on a NVIDIA RTX 3060 GPU
with 12 GB of memory. First, FocalNet-Tiny was initialized with ImageNet pretrained
weights and fine-tuned end-to-end. Training used the AdamW optimizer with an initial
learning rate of 2 x 10~%, a cosine decay scheduler for 60 epochs, and gradient clipping
with a norm of 1.0. The batch size was set to 8. Training convergence was monitored
using loss and accuracy curves, which showed stable convergence after approximately
45 epochs.

4.2. Main results

Table 1 presents a comprehensive comparison between our AMCF-Net and state-of-
the-art methods. The shared backbone approach achieves superior performance across
all metrics, with MA @5 of 50.16%, MA@ 10 of 84.37%, and RDS of 78.12%.
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Table 2. Ablation study showing progressive improvements of each component

Configuration MA@5T MA@10T RDST AMA@5
Dual-backbone baseline 47.69 78.91 77.32 -

+ Shared backbone 48.85 82.14 77.85 +1.16
+ Multi-scale AMCF 49.42 83.28 78.01 +0.57

+ Adaptive weights (Final) 50.16 84.37 78.12 +0.74

Notably, AMCF-Net (Shared) reduces computational complexity by 25.5% compared
to our dual-backbone variant (12.30 vs. 16.52 GFLOPs) while achieving significantly
higher accuracy through unified feature extraction. Compared to the best previous method
OS-FPI, our approach improves MA@5 by 5.85 percentage points (50.16% vs. 44.31%)
and MA@10 by 12.05 percentage points (84.37% vs. 72.32%).

Fig. 2 visualizes the comparison of MA@3, MA@5, MA@10, and MA @20 across all
methods to visually highlight the performance improvement of AMCF-Net at different
accuracy thresholds.

4.3. Ablation study

Ablation studies were conducted to validate key design choices. Table 2 shows the
progressive improvements when adding each component. The key finding is that shared
backbone outperforms dual-backbone by 2.47 percentage points MA@5 (50.16% vs
47.69%), demonstrating the effectiveness of unified feature learning. Additionally, the
shared backbone approach achieves superior performance while reducing computational
cost from 16.52 GFLOPs to 12.30 GFLOPs, representing a 25.5% reduction in
computational complexity.

4.4. Efficiency analysis

Table 3 shows the AMCF-Net (shared) achieves optimal accuracy-efficiency balance
(19 M parameters, 12.30 GFLOPs and 198 ms inference time). The shared backbone
reduces computation by 25.5% while achieving highest RDS (78.12%).

Notably, the AMCF-Net (shared) achieves competitive inference time, being 1.23x
faster than the baseline FPI method (198 ms vs 245 ms) and 1.2x faster than OS-FPI (198
ms vs 238 ms). This moderate speed improvement, combined with the highest accuracy
(RDS = 78.12%), demonstrates a good balance between efficiency and performance
for UAV localization applications. The shared backbone design achieves 25.5% FLOPs
reduction while maintaining faster inference than dual-backbone approaches. For practical
deployment on resource-constrained UAV platforms, AMCF-Net’s 19 M parameters
require approximately 76 MB memory (57% smaller than FPI's 178 MB), and the
198 ms inference time per image pair enables near-real-time localization suitable for
autonomous navigation. The 12.30 GFLOPs computational cost is 17% lower than
OS-FPI (14.28 GFLOPs), making AMCF-Net more suitable for embedded systems with
limited resources.
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MA@K Results Across Spatial Distance Thresholds
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Fig. 2. Comparison of MA@3, MA@5, MA@ 10, and MA@20 across all methods.

Table 3. Efficiency comparison with different methods. Methods: FPI [4], OS-FPI [7], DRL [4]

Method Params(M)| FLOPs(G)] Inference Time (ms) | RDS?
FPI [4] 44.48 14.88 245 (1x) 57.22
OS-FPI [7] 354 14.28 238 (0.97%) 76.25
DRL [4] 39.3 13.10 261 (1.07x) 75.80
AMCEF-Net (Dual) 26.3 16.52 221 (0.90x) 77.32
AMCF-Net (Shared) 19.0 12.30 198 (0.81x) 78.12

4.5. Discussion

The shared backbone architecture with AMCF consistently improves performance
across all metrics while significantly reducing computational overhead. The key insights
from comprehensive analysis are: (1) shared backbone outperforms dual-backbone
approaches by 2.47 percentage points MA@5 (50.16% vs 47.69%) while reducing
computational cost by 25.5% (12.30 vs 16.52 GFLOPs), (2) learned spatially-varying
weights within the unified representation space outperform average fusion, (3) multi-scale
features extracted from the shared backbone are more discriminative than separate feature
extraction, and (4) BalanceLoss with binary targets stabilizes training in the shared
feature space.

The superiority of shared backbone can be attributed to three main factors: First,
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unified feature learning enables better cross-modal alignment by forcing the network
to learn common structural patterns. Second, parameter sharing reduces overfitting
and improves generalization across different viewing conditions. Third, the reduced
computational overhead allows for more complex fusion mechanisms without increasing
the overall model complexity.

Comparison with SSPT [5] reveals interesting trade-offs: SSPT-384 achieves higher
RDS (84.40% vs. 78.12%) through its single-stream pyramid transformer with
self-attention and cross-attention mechanisms, but requires higher computational cost
(15.28 vs. 12.30 GFLOPs) and more parameters (21.4 M vs. 19.0 M). SSPT-256
achieves 82.21% RDS with lower FLOPs (7.23 G), demonstrating the effectiveness of
transformer-based architectures for cross-view refinement. It is worth noting that SSPT
is designed for multimodal scenarios, incorporating style transfer technology to handle
diverse environmental conditions including thermal infrared (TIR), nighttime, and rainy
day datasets, whereas AMCF-Net focuses on standard RGB imagery under normal
conditions. While AMCF-Net’s RDS is lower, the proposed method offers superior
parameter efficiency (19.0 M vs. 21.4 M) and maintains competitive FLOPs, making it
more suitable for resource-constrained deployments. The key distinction lies in fusion
strategies: SSPT employs fixed cross-attention for feature interaction, whereas
AMCEF-Net’s adaptive spatially-varying fusion learns content-aware scale selection,
potentially offering better generalization to diverse scene characteristics. The future
work could explore combining SSPT’s multimodal refinement mechanisms and
environmental adaptation capabilities with AMCF-Net’s adaptive fusion, potentially
achieving both high accuracy, computational efficiency, and robustness across diverse
imaging modalities and environmental conditions.

5. Conclusions

The paper has presented AMCF-Net, a novel approach for UAV-satellite cross-view
localization that leverages a shared backbone architecture for superior performance
and efficiency. The method addresses the critical limitations of existing dual-backbone
approaches by employing unified feature extraction through a single FocalNet-Tiny
backbone, combined with an adaptive multi-scale cross-modal fusion mechanism.

The comprehensive experimental analysis demonstrates several key findings. The
unified architecture outperforms dual-backbone approaches by 2.47 percentage points in
MA@5 (50.16% vs. 47.69%) while reducing computational overhead by 25.5% (12.30
vs. 16.52 GFLOPs), achieving optimal accuracy-efficiency trade-off. The AMCF module
with learned spatially-varying weights consistently outperforms fixed fusion schemes,
demonstrating the importance of content-adaptive scale selection for cross-view matching.
AMCEF-Net achieves the best results on the UL14 benchmark with 50.16% MA @S5,
84.37% MA @10, and 78.12% RDS, outperforming the previous best method OS-FPI by
5.85 percentage points in MA@5. The shared backbone design reduces model parameters
by 50% (from 39.6 M to 19.0 M) while achieving faster inference time (198 ms vs. 245
ms for baseline FPI).
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The success of the approach can be attributed to three main factors: unified feature
learning that enables better cross-modal alignment through shared representation spaces,
parameter efficiency that allows deployment on resource-constrained platforms without
sacrificing accuracy, and adaptive fusion mechanisms that dynamically adapt to varying
scene contents and scale mismatches.

While superior performance is demonstrated on the UL14 benchmark, the evaluation
is currently limited to a single dataset. Future work should validate generalization across
additional datasets with diverse geographical characteristics (e.g., University-1652 [2],
CVUSA) and varied viewing conditions. Moreover, extending the method to handle
video sequences and integrating complementary sensors such as GPS and IMU could
enhance robustness in real-world deployment scenarios. Further optimization for real-time
applications, along with exploration of transformer-based fusion mechanisms, remains
promising directions for future research.
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AMCF-NET: MANG HOP N HAT DA PHUONG THUC
DA TILE THICH UNG CHO BAI TOAN DINH VI CHEO
GIUA ANH UAV VA ANH VE TINH

Ngé Vin Qudn, Pham Quang Ting, Nguyén Chi Thanh

Tém tit

Bai toan xdc dinh vi tri gitia dnh chup bdi phudng tién bay khong ngudi lai (UAV) va
anh vé tinh doéng vai tro quan trong ddi véi viéc diéu huéng tu dong trong céc mdi tru’dng
khong c6 GPS. Tuy nhién, c¢6 nhiing thich thic 16n nay sinh tu khoang cach mién bao gom
su khic biét vé goc nhin, sy thay déi vé ti 1& va su khac biét vé déc diém hinh anh glu’a
anh UAV va anh vé tinh. Trong bai bdo nay, ching to6i d& xuit mang hop nhét da ti 1& va da
phuong thuc thich ung (Adaptlve Multi-scale Cross-modal Fusion Network — AMCF-Net), mot
phuong phap mdi gidi quyet hiéu qud cdc han ché nay thong qua kién triic backbone diing
chung va co che hop nhit thich ting.

Khong giébng nhu cic phuong phap stt dung hai backbone trudc day xit ly anh UAV va
anh v¢ tinh tich biét, phuong phdp cua ching tdi st dung mot backbone FocalNet-Tiny théng
nhét d€ trich xuit dic trung da phuong thic, tlep theo 12 m6 dun hop nhét dic trung da
phu’dng thic thich tng khong gian (AMCF) dé két hop dong cac dac trung da ti 1€ dua trén
trong so thich dng dugc hoc. Cach t1ep can hoc biéu dién chung nay gidp cai thién dang ké
khd ning cin chinh da phuong thic va gidm ddng k& chi phi tinh toan.

Céc thi nghiém toan dién trén bd dit liéu UL14 cho thAdy AMCF-Net dat hiéu suit hang
dau, v6i Diém khoang cach tuong dbi (RDS) dat 78,12% va d6 chinh xdc ¢ muc mét la
27,25% tai 3 m, 50,16% tai 5 m, 84,37% tai 10 m va 88 51% tai 20 m. Cac thi nghiém xac
nhan hiéu qui cia mang backbone dung chung va co ché hop nhat thich dng cho thiy nhiing
cai thién dang k€ so véi cac phuong phap xi 1y tach biét truyén théng.

Tu khoa

Dinh vi UAV; anh v¢ tinh; dbi sanh dic trung da géc nhin; hdp nhét dic trung da ti 18;
trong so thich tdng.
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