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EFFICIENT CROSS-VIEW MATCHING OF IMAGES CAPTURED BY UAV CAMERAS

We address the problem of visual geo-localization for unmanned aerial vehicles operating under GNSS,0 degradation and study
how Sample4Geo-type cross-view methods can be deployed on onboard hardware with limited resources. We analyze the behavior of
lightweight feature extractors within the Sample4Geo framework and investigate how systematic backbone downscaling, together
with training configuration and input image resolution, affects the accuracy of cross-view geo-localization. We introduce a unified
evaluation protocol on a standard cross-view dataset and train a set of convolutional and transformer architectures (ConvNeXt-Ba-
se/Nano, ViT-Small/Tiny, MobileNetV3/V4, LeViT) under shared baseline settings at 224x224 resolution, followed by a targeted
hyperparameter search for each backbone. We further examine resolution scaling by re-training the tuned models at 384x384. We
construct an efficiency frontier using Recall@! and the number of trainable parameters as axes. Our results show that compact
backbones already provide competitive accuracy with a simple single-epoch training scheme, while hyperparameter tuning yields a
substantial additional gain for MobileNetV4 and ViT-Small and confirms that an almost uniform training schedule is sufficient for
ConvNeXt-Nano, ViT-Tiny, and MobileNetV3. We establish that increasing input resolution consistently improves all models:
ConvNeXt-Nano approaches the accuracy of ConvNeXt-Base while remaining significantly smaller, and ViT-Small surpasses ViT-
Tiny when richer spatial detail is available. We construct the Pareto frontier and identify MobileNetV3 and ViT-Tiny as attractive
options at very low capacity, while highlighting ConvNeXt-Nano as a knee point that offers a favorable compromise between accu-
racy and model size for onboard deployment. In comparative experiments against recent cross-view baselines, including LPN, LCM,
SAIG-D, DWDR, MBF, and MSBA, the proposed lightweight ConvNeXt-based configurations consistently outperform or match pri-
or state-of-the-art methods under comparable or lower model complexity. Finally, we provide practical recommendations for selec-

ting feature extractors and training settings in resource-constrained cross-view geo-localization.
Keywords: deep neural network; transformers; convolution neural network; computer vision; visual geolocalisation.

Introduction / Bctyn

Vision-based geo-localization has become a core enab-
ling technology for Unmanned Aerial Vehicles (UAVs)
operating in GPS-denied or degraded settings. Modern
cross-view pipeline, exemplified by Sample4Geo, combine
contrastive learning with strong feature extractors to match
UAV imagery to overhead maps despite viewpoint, scale,
and appearance gaps. While such methods have advanced
the state of the art, their deployment on embedded flight
hardware remains constrained by model size, inference la-
tency, and sensitivity to input resolution. In practice, UAV
processors must balance accuracy with limited compute and
memory budgets, making the choice of backbone and image
resolution as consequential as the learning objective itself.

Research gap. Prior studies primarily benchmark
Sample4Geo (and related pipelines) with medium-to-large
backbones and fixed input sizes. Systematic evidence on
how smaller feature extractors and scaled input resolutions
jointly affect geo-localization quality is limited. Moreover,
practical, end-to-end guidance on selecting training and in-
ference settings that leverage lightweight networks to

IHpopmauis npo asTopis:

approach the utility of larger models, while balancing per-
formance and size, remains underdeveloped.

Problem statement. There is a need for a principled reci-
pe that identifies feature extractor size and resolution confi-
gurations delivering strong geo-localization under tight re-
source constraints and quantifies the trade-offs among accu-
racy, and model complexity within the Sample4Geo frame-
work.

Object of research — comparison of images from the
UAV with existing maps, given limited computing resources.

Subject of research — methods and design choices that
reduce localization error and computational cost in
Sample4Geo-style pipelines, with emphasis on feature-
extractor capacity, training hyperparameters, and input-ima-
ge resolution at inference.

The purpose of the research — to develop and validate a
compact Sample4Geo configuration that delivers competiti-
ve localization accuracy at substantially lower computati-
onal cost by jointly optimizing backbone size, training
hyperparameters, and input resolution.

To achieve this purpose, the following main research
objectives are identified:
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o cstablish a baseline Sample4Geo configuration and evaluati-
on protocol for fair cross-model comparison, which will
enable reproducible comparison across backbones, training
setups, and input resolutions;

o systematically downscale feature-extractor capacity and qu-
antify its isolated effect on geo-localization quality and me-
mory usage, which will make it possible to disentangle the
impact of network size from other factors;

o perform hyperparameter search to improve models baseline
metrics, which will ensure that each backbone configuration
is reasonably well tuned and that the observed performance
are not artifacts of suboptimal training;

o systematically study the impact of higher input resolutions
on lightweight extractors, to determine whether increased re-
solution improves localization performance;

e model the performance-efficiency frontier, reporting accu-
racy, and parameter counts to identify Pareto-optimal extrac-
tor-resolution configurations, yielding a set of optimal opti-
ons for UAVs with different compute and memory budgets.
Analysis of recent research and publications. Unman-

ned aerial vehicles operating without reliable GPS/GNSS
have moved from niche challenge to mainstream urgency:
contested airspace, urban canyons, forests, and indoors rou-
tinely degrade or deny satellite signals, and the community
has responded with a surge of methods that fuse cameras,
IMU s, lidar, semantics, and learning. This literature is evol-
ving fast along several complementary tracks, visual-inerti-
al SLAM for onboard state estimation, cross-view geo-loca-
lization to find local motion to global frames, and multi-
sensor fusion for robustness under dynamics and compute
constraints. In research [2], a feature-based V-SLAM met-
hod formalizes map-point reliability, culls geometrically
implausible points, and removes duplicates via descriptor
checks. Coupled with an unreliable-map-point check and
Delaunay-based selection to promote temporary points, this
approach sustains real-time robustness in dynamic scenes
and offers a hardware-light fallback to cross-view matching.

In study [9], the authors propose CVM-Net as an early
deep-learning baseline for cross-view geo-localization, for-
mulating the task as metric learning with a Siamese archi-
tecture that extracts local CNN features and aggregates
them into global descriptors. The NetVLAD [1] layer used
in CVM-Net is introduced as a learnable aggregation modu-
le that replaces hand-crafted pooling with trainable vector
quantization, two variants of the architecture are presented:
CVM-Net-I, with independent NetVLAD branches for each
view, and CVM-Net-1I, with partially shared transformati-
ons and a shared NetVLAD, both optimized using a we-
ighted soft-margin ranking loss to accelerate convergence.
The approach is shown to achieve strong retrieval accuracy
on standard street to satellite benchmarks, including an
analysis of loss functions and weight-sharing strategies.

In work [14] researchers introduces the SAFA method
for cross-view geo-localization, explicitly modeling ge-
ometric correspondences between aerial and ground views.
The authors first apply a polar transform to aerial images to
coarsely align them with ground panoramas and then aggre-
gate features using a spatial-aware attention module that
embeds layout information into the global descriptor. The
method is trained with a triplet objective and exhaustive in-
batch mining and achieves large gains on standard cross-vi-
ew benchmarks while relying on a comparatively simple
backbone and no geometry-specific supervision at training
time. Overall, the paper positions its contribution as deco-
upling geometry alignment from feature learning, thereby
simplifying optimization and improving retrieval accuracy.

From another hand, in [16] scientist tackles cross-view
geo-localization by explicitly leveraging contextual cues
around the target, arguing that most prior work over-
emphasized the central object and under-used surrounding
patterns that remain informative across viewpoints. The sci-
entist proposes a simple encoder with a square-ring feature
partition that organizes features by distance to the image
center, enabling end-to-end part-wise learning without extra
part estimators and with robustness to rotation. It evaluates
the approach on standard cross-view benchmarks and
shows that injecting contextual parts yields competitive ret-
rieval accuracy and can be fused into other pipelines. The
study includes drone satellite tasks and LPN is tested under
those settings. Methodologically, proposed approach is a
multi-branch encoder whose aerial branches share weights,
features are sliced into concentric parts, pooled, and optimi-
zed with per-part classification losses.

Study [21] proposes TransGeo as a transformer-only
architecture for cross-view image geo-localization that dis-
penses with polar transforms and CNN-specific aggregati-
on, arguing that global self-attention and learnable positi-
onal embeddings better bridge ground to aerial domain
gaps. The method operates in two stages: an initial baseline
training with a soft-margin triplet loss, followed by an at-
tention-guided non-uniform cropping scheme that discards
uninformative aerial regions and reallocates computation to
higher resolution on salient areas ("attend and zoom-in").
The approach is evaluated on the aligned CVUSA dataset
[18] and the unaligned VIGOR dataset [22], where it achi-
eves strong retrieval performance with reduced computation
compared to representative CNN-based pipelines. A dedicated
regularization strategy is also introduced to stabilize transfor-
mer training without relying on heavy data augmentation.

In opposite to this, in the [3] authors addresses cross-vi-
ew geo-localization by replacing heavy, multi-stage pipeli-
nes with a streamlined, contrastive framework built around
a single, weight-shared encoder and a symmetric InfoNCE
objective. The central contribution is hard-negative mining
via two complementary strategies: early GPS-based ne-
ighbor sampling and Dynamic Similarity Sampling based
on embedding similarity, reducing reliance on polar
transforms or bespoke aggregation modules. The method is
evaluated across established cross-view datasets and de-
monstrates strong generalization with a simplified training
recipe. Conceptually, the paper positions CNN backbones
ConvNeXt [15] as competitive with recent transformer/mi-
xer designs when combined with effective sampling and
symmetric losses. At the same time, the evaluation largely
considers medium-to-large backbones with dataset-specific
fixed input sizes, without a controlled study of how extrac-
tor capacity and inference resolution jointly influence accu-
racy and efficiency. Moreover, while accuracy is reported
comprehensively, detailed memory trainable parameters
number and a performance-efficiency analysis are not
emphasized, leaving open questions about principled model
selection for compute-constrained UAV deployments.

Research [5] tackles cross-view geo-localization by re-
ducing the ground-overhead domain gap via novel-view
synthesis. It reconstructs a scene from street-view sequen-
ces with 3D Gaussian Splatting, then renders perspective-
aware, tilted aerial views that are easier to match to satellite
imagery. The synthesized views are paired with a DINOv2
[12] —based feature pathway and optimized using InfoNCE
for retrieval.
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Manuscript [10] addresses UAV-satellite cross-view
image matching by introducing an Adaptive Threshold-gui-
ded Ring Partitioning Framework that adapts local feature
regions to image content. The approach augments a dual-bra-
nch CNN with brightness-alignment preprocessing to redu-
ce cross-view style gaps, (heatmap-guided, learnable ring
partitioning for context-aware local features, (a hybrid loss
combining cross-entropy and ArcFace, ands post-hoc keypo-
int-based re-ranking of top candidates. The method reports
competitive retrieval quality against contemporary baselines.

Taken together, the reviewed studies demonstrate rapid
progress in cross-view geo-localization, from geometry-
aware aggregation and contextual partitioning to transfor-
mer-based architectures and streamlined contrastive frame-
works. However, none of these works provide a systematic
analysis of lightweight Sample4Geo-style backbones under
strict UAV resource constraints: feature-extractor capacity
is not jointly varied with input resolution, hyperparameter
regimes for compact models are not thoroughly explored,
and performance-efficiency trade-offs are not formalized in
terms of trainable parameters and accuracy. This gap moti-
vates the present study, which focuses on controlled down-
scaling of feature extractors, resolution scaling and Pareto
analysis to identify extractor-resolution configurations that are
suitable for computationally constrained UAV systems and to
clarify the associated performance-efficiency trade-offs.

Materials and methods of research. This study inves-
tigates Sample4Geo under resource-constrained conditions.
We base our study on the publicly available University-
1652 UAV imagery collection [19]. Primary metrics are
Recall@1/5/10, AP. Efficiency is characterized by parame-
ter count. All experiments were executed on a single
workstation with an NVIDIA RTX 3090 Ti GPU.

Research results and their discussion /
Pe3ysibTaTH J0C/iPKEHHS Ta iX 06rOBOpPEeHHSA

Initial experiments. Phase of initial experiments estab-
lishes a unified, fast-probe baseline across all backbones
under identical constraints. For every model, inputs are fi-
xed to 224x224, training runs for one epoch with batch size
= 16, and optimization uses Adam W. [11] (B: = 0.9, = =
0.999, wd = 0.05) with an initial learning rate 3x107%, 10 %
linear warm-up, and cosine decay to 1x10°°. Mixed-precisi-
on (AMP/fp16) is enabled. Models are evaluated on the va-
lidation split and the checkpoint is selected by best Re-
call@l. We report Recall@{1,5,10}, and AP, to provide li-
ke-for-like reference points before any hyperparameter tu-
ning or resolution scaling. This protocol prioritizes compa-
rability and peed, making the results a clean baseline aga-
inst which subsequent improvements are measured.

Table 1. Initial models hyperparameter settings /
[MovaTKOBI HANAIITYBAaHHS TilEpHapaMeTpiB MOEII

Setting Value
Epochs 1
Batch size 16
Optimizer AdamW
Learning rate n=3 e-4
Precision AMP (fp16)

Table 2 summarizes the initial performance metrics for
a representative set of lightweight backbone models evalua-
ted under a uniform training configuration. All models were
trained for one epoch with fixed input resolution (224x224)
and default hyperparameters. The metrics reported include

Recall@1, Recall@5, Recall@10, and Average Precision
(AP), computed on a held-out validation set. Among the
evaluated models, ConvNeXt-Nano achieved the highest
Recall@1 (83.84 %) and AP (86.36 %), followed by ViT-
Tiny (Recall@1 = 76.77 %, AP = 79.91 %). MobileNetV4
and ViT-Small exhibited comparable performance in the
mid-60 s to low-70 s across Recall and AP metrics. LeViT
yielded substantially lower results across all measures, with
Recall@1 of 14.27 % and AP of 18.74 %, indicating limi-
ted performance under the default setup.

Table 2. Models performance after training with initial settings /
IMoka3HUKK MOJENeH MiCIsl TPEHYBAHHS 3 TI0YaTKOBUMH HAIAIITY-

BaHHSIMHA
Model Recall@1 | Recall@5 |Recall@10| AP

MobileNetV4 [13] | 65.55 85.14 90.05 69.93
ViT small [6] 67.40 86.25 90.96 71.62
ConvNext nano [5] | 83.84 95.08 96.39 86.36
LeViT [7] 14.27 31.01 41.05 18.74
ViT tiny [6] 76.77 91.53 92.64 79.91
MobileNetV3 [8] 68.69 85.92 91.23 71.08

Hyperparameters search. The goal of this stage was to
identify training configurations that improve performance
without increasing model size or input resolution. A limited
hyperparameter search was conducted per model, adjusting
epochs, batch size, and initial learning rate to optimize ac-
curacy under constrained compute settings.

Table 3. Models performance after hyperparameter optimization /
IMoka3HUKK MOJENEH MCIsl TPEHYBAHHS 3 ONTUMI30BaHUM HaJAIl-
TyBaHHSIMH TineprapeMarpa

Model Recall@1 | Recall@5 | Recall@10| AP
MobileNetV4 74.46 90.43 93.90 78.06
ViT small 75.28 90.93 94.04 78.79
ConvNext nano 86.34 95.70 97.21 88.46
LeViT 14.27 31.01 41.05 18.74
ViT tiny 78.27 91.88 94.70 81.33
MobileNetV3 69.70 87.81 92.22 73.71

Table 3 presents the performance of the same set of
lightweight backbone models after applying targeted hyper-
parameter optimization. The evaluation metrics remain con-
sistent with the previous setup and reported on the same va-
lidation split. Following parameter search, ConvNeXt-Nano
maintained its leading position, improving Recall@l to
86.34 % and AP to 88.46 %, further extending its margin
over other models. ViT-Tiny exhibited notable gains across
all metrics, achieving Recall@1 of 78.27 % and AP of
81.33 %, overtaking ViT-Small, which reached 75.28 %
Recall@1 and 78.79 % AP. MobileNetV4 also improved
substantially (Recall@1 = 74.46 %, AP = 78.06 %), ranking
just behind the ViT variants. MobileNetV3 showed mode-
rate improvement, while LeViT-128 s remained unchanged,
indicating limited sensitivity to the explored hyperparame-
ter configurations. Before optimization, ConvNeXt-Nano
led the performance rankings across all metrics, followed
by ViT-Tiny, ViT-Small, and MobileNetV3, with Mobile-
NetV4 trailing slightly behind. After parameter tuning, the
performance of most models improved. ConvNeXt-Nano
retained its top position, showing further gains in both Re-
call@l and AP. MobileNetV4 showed notable improve-
ment, moving ahead of MobileNetV3, which had more mo-
dest gains. The ranking shift highlights the impact of hyper-
parameter search on model effectiveness, particularly for
transformer-based architectures and newer convolutional
designs, while also exposing stability or limitations in spe-
cific models under the same resource conditions.
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Table 4. Models hyperparameters after optimization /
lNnepriapameTpy MO TiCIIs ONTUMI3AILIii

Model Epochs Batch size Initial LR
MobileNetV4 1 64 3e-4
ViT small 2 32 le-4
ConvNext nano 1 64 3e-4
LeViT 1 64 le-3
ViT tiny 1 64 le-4
MobileNetV3 1 64 3e-4

Table 4 lists the optimized training configurations for
each model, including the number of training epochs, batch
size, and initial learning rate. These settings were selected
through a targeted parameter search aimed at improving
geo-localization performance under fixed resolution and re-
source constraints.

Input Resolution Scaling. To further explore the perfor-
mance limits of compact models, we conducted a series of
experiments with increased input resolution while keeping
all other settings fixed. This phase investigates whether re-
solution scaling can compensate for reduced model capacity
and enhance localization accuracy under constrained condi-
tions.

Table 5. Models performance with 384x384 image input / [Tokas-
HUKH MOJIEIT 3 BX1THUM 300paskeHHsIM po3mipom 384384

Model Recall@1 |Recall@5 | Recall@10| AP
ConvNext base 92.37 97.46 98.33 93.55
ConvNext nano 90.51 97.21 98.03 98.12

ViT small 82.14 94.06 96.11 96.33
ViT tiny 81.47 94.25 96.36 96.0
MobileNetV3 78.67 92.03 94.67 94.93

Table 5 reports the performance of selected models un-
der increased input resolution, with all other optimal tra-
ining settings for each model, allowing comparison of reso-
lution-driven improvements across architectures. Conv-
NeXt-Nano approaches the performance of the larger
ConvNeXt-Base model, achieving competitive scores at a
fraction of the size. Both ViT-Small and ViT-Tiny benefit
from resolution scaling, with ViT-Small slightly outperfor-
ming ViT-Tiny across all metrics. MobileNetV3 also shows
a notable performance boost, though it remains behind the
transformer-based models in this configuration.

Table 6. Performance-capacity summary of evaluated backbones /
[TicyMOK MPOIYKTUBHOCTI PO3TIITHYTHUX apXITEKTYP

Model Trainable parameters | Recall@l
ConvNext base 88.5M 92.37
ConvNext nano 15.59 M 90.51

ViT small 22.88 M 82.14
ViT tiny 5.72M 81.47
MobileNetV3 5.48M 78.67
921 -e- Pareto frontier —______--- 'CT)T\VN-é;(E—Eze
901 C(,*IVNE-)'(E-—N-ano
1
2881 ,,’
1
©861 [/
] 1
Osal /
o ] .
824 P
Vif-Tiny ViT-Small
80+ !
X Trainable parameters (M)
78 A3 ; , :
20 40 60 80

Fig. Pareto frontier: Recall@]1 vs. model size / Mexa Ilapero: Re-
call@]1 nporu po3mipy mozeni

Figure, displays the Recall@l vs. number of trainable
parameters for the evaluated backbones. The line indicates
the Pareto frontier, models lying on this curve are not domi-
nated in terms of accuracy-capacity trade-off. ConvNeXt-
Nano represents a knee point on the frontier, delivering
high Recall@! at substantially lower capacity than
ConvNeXt-Base.

Table 7. Comparison to SOTA approaches /
ITopiBHSHHS 3 CY4aCHUMH MEPEIOBUME METOAAMH

Model Recall@1 AP
ConvNext base 92.37 93.55
ConvNext nano 90.51 98.12

ViT tiny 81.47 96.0
MobileNetV3 78.67 94.93
LPN [21] 75.93 79.14
LCM [4] 66.65 70.82
SAIG-D [23] 78.85 81.62
DWDR [17] 86.41 88.41
MBEF [20] 89.05 90.61
MSBA [24] 86.61 88.55

Table 7 summarizes the comparison between the propo-
sed configurations and existing state-of-the-art approaches
(LPN, LCM, SAIG-D, DWDR, MBF, MSBA) using Re-
call@! and AP as evaluation metrics. ConvNeXt-Base atta-
ins the highest Recall@1, while ConvNeXt-Nano achieves
a slightly lower Recall@! and AP. ViT-Tiny and Mobile-
NetV3 also reach higher Recall@1 and AP than LPN and
SAIG-D, and DWDR and MBF occupy intermediate positi-
ons between MobileNetV3/ViT-Tiny and the ConvNeXt
variants in terms of both metrics.

The comparison between Tables 2 and 3 shows that all
models except LeViT benefit from even a hyperparameter
search, but the magnitude of improvement varies notably by
architecture. Under the initial settings, ConvNeXt-Nano al-
ready dominates other lightweight models, with the highest
Recall@1 and AP, followed by ViT-Tiny and then ViT-
Small, MobileNetV3, and MobileNetV4. After tuning,
ConvNeXt-Nano still holds the leading position but gains a
further ~2-point increase in Recall@1 and AP, indicating
that the default recipe was already close to its natural opera-
ting point and only needed minor refinement. In contrast,
MobileNetV4 and ViT-Small show much larger absolute
gains in Recall@1 and AP, suggesting that their baseline
configuration under-exploited their capacity. ViT-Tiny
improves more modestly, remaining ahead of MobileNetV3
and ending up as a strong "second tier" option beneath
ConvNeXt-Nano. LeViT remains at essentially the same
performance level before and after tuning, which points to
an architectural or pretraining mismatch with the
Sample4Geo objective rather than purely suboptimal hyper-
parameters.

Table 4 helps explain these patterns by revealing that
most backbones converge best under very similar training
regimes: a single epoch, batch size 64, and initial learning
rate 3-10* work well for ConvNeXt-Nano, MobileNetV3,
and MobileNetV4, and serve as a reasonable choice for
ViT-Tiny as well. This consistency suggests that, for this
dataset and contrastive loss, a simple, unified training reci-
pe is sufficient for a wide range of compact CNN and
small-transformer architectures. The main exception is ViT-
Small, which prefers a slightly gentler schedule — two
epochs, a smaller batch size, and a lower initial learning ra-
te — consistent with larger ViT variants typically requiring
more optimization steps and more conservative updates to
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reach good generalization. Overall, these results indicate
that hyperparameter tuning can meaningfully reshuffle the
ranking among mid-range models (especially MobileNetV4
and ViT-Small), while the strongest and weakest architectu-
res, ConvNeXt-Nano and LeViT, remain at the respective
ends of the performance spectrum.

Table 5 shows that increasing the input resolution to
384x384 boosts backbones, but the notion of an "optimal"
model becomes ambiguous. ConvNeXt-Base attains the
highest Recall@ 1, remaining the strongest option if para-
meters and compute are unconstrained. However, Conv-
NeXt-Nano now approaches it very closely in Recall@1
while achieving the highest AP of all models, which indica-
tes more consistent ranking quality across candidates despi-
te much lower capacity. ViT-Small and ViT-Tiny both be-
nefit from the larger input, with ViT-Small slightly overta-
king ViT-Tiny at this resolution, suggesting that additional
spatial detail is better exploited by the higher-capacity
transformer. MobileNetV3 also improves but remains be-
hind the ConvNeXt and ViT variants. Taken together, the
results at 384x384 do not point to a single universally opti-
mal backbone. ConvNeXt-Base is preferable when peak
Recall@]1 is the only objective, ConvNeXt-Nano offers a
near-SOTA Recall@1 with superior AP and substantially
fewer parameters, and ViT-Small/Tiny provide intermedi-
ate options that balance transformer-style representations
with moderate resource use.

Table 6 and Figure summarize the trade-off between
model capacity and geo-localization accuracy using Re-
call@! as the primary performance indicator and the num-
ber of trainable parameters as a proxy for complexity. The
Pareto frontier connects the non-dominated configurations:
MobileNetV3 at the extreme low-capacity end, ViT-Tiny as
a slightly larger but clearly more accurate option,
ConvNeXt-Nano as a mid-size high-accuracy model, and
ConvNeXt-Base as the highest-accuracy but heaviest
backbone. ViT-Small is strictly dominated by ConvNeXt-
Nano, which achieves higher Recall@1 with fewer parame-
ters, and therefore does not lie on the frontier.

Within this set of Pareto-optimal points, ConvNeXt-Na-
no emerges as the most balanced configuration. It achieves
Recall@1 very close to ConvNeXt-Base while using ro-
ughly six times fewer parameters, and at the same time it
offers a substantial accuracy margin over ViT-Tiny and
MobileNetV3 for a moderate increase in capacity. In other
words, ConvNeXt-Nano sits near the "knee" of the Pareto
curve, where additional parameters above its size bring only
marginal accuracy gains, whereas reducing capacity below
this point leads to a disproportionate drop in Recall@!. For
resource-constrained UAV scenarios, this makes Conv-
NeXt-Nano a natural default choice when both performance
and model size must be taken into account.

Discussion of research results. Study [4] proposes a
Location Classification based Matching approach for UAV
to satellite cross-view geo-localization, targeting the chal-
lenging viewpoint gap on the University-1652 dataset. The
authors reformulate cross-view retrieval as a location-clas-
sification task, explicitly addressing the imbalance between
the large number of satellite images and the comparatively
few UAV-view samples, and treating similarity between
UAV and satellite images through a shared feature space.
Within this framework, the retrieval stage is simplified to a
classification problem during training. In this comparison,
LCM [4] yields the lowest Recall@! and AP among the

evaluated methods, indicating that its location-classification
formulation with relatively simple feature modeling is less
effective than modern metric-learning pipelines. While mo-
del remains conceptually straightforward and practically
appealing, the results suggest that it does not fully exploit
the representational capacity of recent backbones.

In [23] tackles the need for a backbone that is tailored to
cross-view geo-localization but remains architecturally
simple and computationally efficient. The authors introduce
Simple Attention-based Image Geo-localization network,
which replaces heavy, multi-stage pipelines with a compact
network that models long-range dependencies and cross-vi-
ew relations using multi-head self-attention, while a shal-
low convolutional stem preserves local structure without
aggressive patchification. The backbone follows a "slim but
deep" design to increase representational power without ex-
cessive cost and is intended to work without explicit featu-
re-alignment modules or handcrafted aggregation blocks. In
our evaluation on University-1652, SAIG-D reaches Re-
call@! and AP that are clearly higher than those of earlier
methods such as LPN and LCM, but it is still outperformed
by all proposed ConvNeXt-based and ViT-Tiny configura-
tions. In particular, ConvNeXt-Base and ConvNeXt-Nano
achieve higher Recall@l and substantially stronger AP
than SAIG-D, indicating that, despite SAIG's architectural
simplicity and good reported results, modern CNN and ViT
backbones with appropriate training and resolution scaling of-
fer a more favorable accuracy-capacity trade-off in this setting.

In [17] addresses cross-view geo-localization by focu-
sing on a largely overlooked aspect: redundancy within the
embedding itself rather than only distances between embed-
dings. The authors propose Dynamic Weighted Decorrelati-
on Regularization (DWDR), a simple regularizer that en-
courages different channels of the learned descriptor to
carry complementary information by driving the correlation
matrix of the embedding toward an identity-like, sparse
structure. The "dynamic" component assigns higher weights
to channels that remain strongly correlated during training,
allowing the network to progressively decorrelate only the
most redundant components instead of penalizing all chan-
nels uniformly. In our evaluation, DWDR reaches 86.41 %
Recall@1 and 88.41 % AP, clearly outperforming earlier
methods such as LPN (75.93 % / 79.14 %) and LCM (66.65
% /70.82 %), as well as SAIG-D (78.85 % / 81.62 %). Ho-
wever, DWDR still lags behind the proposed ConvNeXt-
Base and ConvNeXt-Nano configurations (92.37 % / 93.55
% and 90.51 % / 98.12 % respectively), indicating that whi-
le embedding decorrelation is beneficial, it still far behind
current SOTA.

In [20] addresses UAV visual geo-localization by expli-
citly modeling how additional status information and multi-
scale scene structure can help align drone and satellite vi-
ews. The authors propose MBF, a feature-fusion network
that combines image embeddings with UAV status encoded
as word-like vectors, which are injected into a transformer
block to obtain representations that are aware of the plat-
form's state. In parallel, the method leverages both global
and local image regions from the same viewpoint and coup-
les them via hierarchical bilinear pooling, so that fine-gra-
ined local cues and broader scene context reinforce each ot-
her in the final descriptor. MBF attains around 89.05 % Re-
call@l with an AP of 90.61. At the same time, its Re-
call@1 and AP still remain below ConvNeXt-Base and clo-
se to ConvNeXt-Nano approaches.
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In [24] targets the challenge of matching UAV and sa-
tellite views under strong changes in scale and target positi-
on, and argues that many existing methods underuse multi-
scale structure and cross-view relationships. The authors
build on a local pattern network and introduce Multiscale
Block Attention, which splits each image into patches at se-
veral scales and applies self-attention within and across the-
se blocks to improve feature extraction at different spatial
extents. A multi-branch architecture is used to process dif-
ferent views, with the branches designed to interact so that
each stream can benefit from information coming from the
other viewpoint, encouraging a more consistent cross-view
representation. MSBA emerges as the one of the strongest
of the previously published baselines, with Recall@1 and
AP values that lie just below those of ConvNeXt-Base
(92.37 % / 93.55 %) yet clearly above ViT-Tiny (81.47 % /
96.0 %). It is therefore the close competitor to the proposed
ConvNeXt-Base configuration while still outperforming
transformer-based ViT backbones.

Taken together, the discussed results confirm the rele-
vance and necessity of the proposed study. While prior
work has substantially advanced cross-view geo-localizati-
on through new architectures, feature fusion strategies, and
regularization schemes, none of these methods systemati-
cally explore lightweight Sample4Geo-style backbones un-
der strict UAV resource constraints, jointly varying backbo-
ne capacity, training regime, and input resolution. The pre-
sented experiments, including hyperparameter tuning, reso-
lution scaling, and Pareto-style analysis of accuracy versus
model size, therefore fill a clear gap by revealing where
compact models can approach or match heavier baselines
and where they fundamentally diverge.

So, based on the results of the work performed, it is pos-
sible to formulate the following scientific novelty and prac-
tical significance of the research results.

Scientific novelty of the obtained research results — the
Sample4Geo pipeline configuration compactness verificati-
on method has been further developed, which, unlike the
existing one, provides competitive localization accuracy at
significantly lower computational costs by jointly optimi-
zing the size of the backbone, training hyperparameters,
and input data resolution, and also formalizes the best
compromise between localization quality and model size
for resource-constrained UAV deployment.

Practical significance of the research results — the obta-
ined configurations and co-optimization strategy can be
used to design and deploy UAV visual geo-localization sys-
tems that apply compact Sample4Geo-based models with
tuned training settings and increased input resolution, the-
reby achieving competitive localization accuracy with redu-
ced model size and enabling implementation of cross-view
matching in resource-constrained onboard environments.

Conclusions / BUCHOBOK

In this work, a set of lightweight Sample4Geo-based
configurations for UAV visual geo-localization under reso-
urce-constrained conditions has been developed and
comprehensively evaluated, which made it possible to de-
termine the advantages, limitations, and practical applicabi-
lity of the proposed approach. Based on the results of the
research the following main conclusions can be drawn.

1. Systematized the evaluation of lightweight Sample4Geo
configurations under a unified baseline protocol, showing
that compact backbones such as ConvNeXt-Nano, ViT-
Tiny and MobileNetV3 already provide competitive geo-

localization accuracy relative to a ConvNeXt-Base referen-
ce at 224x224 resolution.

2. Analyzed the effect of systematic backbone downscaling on
geo-localization accuracy and parameter count, demonstra-
ting that architectures like ConvNeXt-Nano and ViT-Tiny
retain strong Recall@1 at much lower capacity, whereas
LeViT remains poorly suited to the Sample4Geo pipeline
even after hyperparameter tuning.

3. Investigated the influence of hyperparameter selection
(number of epochs, batch size, initial learning rate) for
each backbone and confirmed that a simple, near-uniform
training schedule is sufficient for most models, while Mo-
bileNetV4 and ViT-Small exhibit particularly large perfor-
mance gains when appropriately tuned.

4. Demonstrated that increasing input resolution from
224x224 to 384x384 consistently improves performance
for all evaluated models and disproportionately benefits
higher-capacity backbones, enabling ConvNeXt-Nano to
approach the accuracy of ConvNeXt-Base while remaining
significantly smaller in size.

5. Established the performance-efficiency frontier for the
evaluated feature extractors by jointly considering Re-
call@! and the number of trainable parameters, identifying
MobileNetV3 and ViT-Tiny as attractive options at very
low capacity and highlighting ConvNeXt-Nano as a Pare-
to-optimal knee point with a favorable trade-off between
accuracy and model size for onboard UAV deployment.
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Hayionanenuii ynisepcumem "Jlvsigcoka nonimexuixa", m. Jlvgis, Yxpaina

E®PEKTUBHE MIZKPAKYPCHE 3ICTABJIEHHA 306PA’KEHDb, OTPUMAHUX 3 KAMEP BIIVIA

Po3rusiHyTO 3aBIaHHs Bi3yalbHOI reooKarlii Oe3mioTHUX JTalbHUX anapariB 3a ymoBu faerpajanii GNSS Ta npoaHasizoBano

0COOJIMBOCTI 3aCTOCYBaHHS KPOC-B'f0 miaxo/aiB Tuity Sample4Geo Ha 6opToBOMy 00JaqHaHHI 32 00MEeXeHUX pecypciB. JlocmimkeHo
MOBEIIHKY KOMIIAKTHUX SKCTPAKTOPiB 03HAK y ppeiiMBopky Sample4Geo Ta mpoaHati30BaHO BIUIMB CUCTEMATHYHOTO 3MEHILICHHSI X
€MHOCTI, KOH(QIryparii HaBYaHHS Ta PO3AUTGHOI 3aTHOCTI BXiMHHUX 300paKeHb HA TOYHICTH KPOC-B'FO TeoOKallii. 3ampoBakeHo
yHi(iKOBaHHUI1 TPOTOKOI OLiHIOBaHHS (HPEHMBOPKY Ha CTaHIAPTHOMY KPOC-B'I0 HA0Opi JaHMX Ta BUKOHAHO HABYaHHS HU3KH 3r0p-
TKOBHUX 1 Tpanchopmephux apxitekryp (ConvNeXt-Base/Nano, ViT-Small/Tiny, MobileNetV3/V4, LeViT) 3a crinbaumu 6a30BuMu
HANAIITYBAHHSIMH 32 PO3ILUIBHOI 3AaTHOCTI 224%224 i3 MOJANBIIMM IIECIPSIMOBAHUM IOIIYKOM TineprapaMerpiB. JlociipKeHo
0cOo0IMBOCTI MaclITabyBaHHS PO3JUIBHOI 3[aTHOCTI 300pa)KEHHs LULIXOM IOBTOPHOTO HABYAHHS HAJIAIITOBAHMX MOJENICH Ui
384x384 ta 3MOIeIHOBAHO MEpeTiK eeKTUBHOCTI 3a mokasHukamu Recall@1 i kibkocTi HaBUOBYBaHMX mapameTpiB. [lokazaHo, 110
KOMIIaKTHI 0eKOOHH 3a0€3Meuy0Th KOHKYPEHTHY TOYHICTb yKe 32 IIPOCTOI OJHOCIIOXOBOI CXeMH HaBYaHHS, a HAJAIITYBAaHH Tinep-
napaMeTpiB ae icroTHuil 1oaatkoBuii mpupict aust MobileNetV4 i ViT-Small ta miarBepmkye 10CTaTHICTh Maiike OHAKOBOTO pe-
skumy HauanHs st ConvNeXt-Nano, ViT-Tiny i MobileNetV3. BcranoBneHo, 110 MiJBUIIEHHS PO3AITBHOI 3MaTHOCTI BXiJHUX
300pakeHb CTablIBbHO MOKpallye pe3yabraru podotu Beix moaenei. [Ipu mpomy ConvNeXt-Nano HaOmMKaeThes 3a TOYHICTIO 10
ConvNeXt-Base, 3anuimarourch 3Ha4HO KOMIAKTHIIIOW, a ViT-Small nepesepiirye ViT-Tiny 3a HasBHOCTI JeTaIbHINIO! IPOCTOPO-
Boi indopmarii. [To6ynoBano muoxuny I[Tapero, Ha sskomy MobileNetV3 ta ViT-Tiny Bu3HaueHO sik pUBaOIUBI BapiaHTH 32 TyKe
Hu3bKol emHOCTI, a ConvNeXt-Nano okpecieHo sik "TouKy 3riHy" 3 BUTLAHUM KOMIIPOMICOM MiXK TOYHICTIO Ta PO3MIPOM MOJENI [Uist
6oproBoro 3acrocyBanns. CHopMyIbOBaHO MPAKTUYHI PEKOMEHIALIT 111010 BUOOPY EKCTPAKTOPIB O3HAK 1 MapaMeTpiB HABYAHHS ISt
PecypcHO-00MEKEHOT KPOC-B'I0 Ie0IOKAIT Ta OKPECICHO HAIPSIMU €TAaIlliB TOJAIBIIOT0 JOCTIKSHHSI, TIOB'I3aHUX 3 aHATI30M 3aTPH-
MOK Ta €HEproCIIOKMBaHHA Ha peanbHux miardpopmax BIUIA.

KurouoBi ciioBa: rinboka HeipoHHA Mepeka; TpaHchopMepH; 3ropTKOBa HEHPOHHA MEpeka; KOMITIOTEPHHI 3ip; Bi3yalbHa re-
OJIOKai3ais.

HaykoBuit BicHuk H/ITY Ykpainn, 2025, T. 35, Ne 6 Scientific Bulletin of UNFU, 2025, vol. 35,n0 6 129



