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Abstract—Aerial image detection has extensive applications
in real-world scenarios. Despite significant progress in object
detection, extremely small targets remain difficult to detect
due to sparse pixels and complex backgrounds. Existing high-
performance models usually contain a large number of parame-
ters, which makes lightweight deployment on edge devices diffi-
cult. To address these issues, we propose an innovative detection
framework named GS-YOLO, which enhances the representation
of small object features through two lightweight modules, the
Edge-Aware Gaussian Downsampling Module (EAG-Stem) and
the Gaussian Difference Calibration Module (GDCM). The EAG-
Stem focuses on the edge information of small objects, while
the GDCM models the continuity of local structures to improve
the distinction between objects and background. Furthermore, a
Scale-Adaptive Weighted Intersection Over Union(SA-WIoU) loss
function is designed to handle multi-scale detection disparities
by dynamically adjusting the loss weights of targets at different
scales, thereby improving localization accuracy for small objects.
Extensive experiments conducted on the Visdrone dataset demon-
strate that GS-YOLO achieves an effective trade-off between
accuracy and efficiency. Compared to the baseline model, GS-
YOLO achieves an average improvement of 7.4% in Average
Precision (AP) and an average reduction of 14.5% in FLOPs, with
a particularly notable average reduction of 71.76% in Params.
The proposed model also outperforms many other detectors on
the SIMD dataset.

Index Terms—Object Detection, Scale-aware Fusion, General-
ization Capability

I. INTRODUCTION

Object detection in aerial imagery is a critical aspect for
diverse applications, including urban traffic management, mar-
itime search and rescue, and disaster emergency assessment
[1]. Objects in aerial images have substantial scale variation,
and small objects are plagued by several challenges. Due
to small objects’ limited pixel resolution [2], blurred edge
textures, susceptibility to background noise, and dense dis-
tribution, aerial image object detection is among the most
challenging tasks in object detection.

During feature extraction for small objects, an inherent
imbalance exists between detailed spatial information and
semantic information. An overemphasis on detailed infor-
mation may introduce extraneous background noise, while
an excessive focus on semantic information can compromise
localization accuracy. Current research primarily addresses
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Fig. 1. Comparisons of the real-time object detectors on the Visdrone dataset.
The object detection method GS-YOLO achieves the best trade-off between
performance and parameters.

this problem through three main approaches: enhancing detail
information, supplementing semantic information, and multi-
scale feature fusion. For instance, NAS-FPN [3] utilizes neu-
ral architecture search to automatically identify optimal low
level feature transmission paths, thereby mitigating excessive
compression of critical detail information. FE-YOLOVS [4]
incorporates a feature enhancement module (FEM) with a
non-local network to model global relationships, enriching the
categorical information of small objects. HRDNet [5] employs
a multi-depth image pyramid network (MD-IPN) to align and
fuse multi-resolution features, aiming to balance detail and
semantic information.

Despite these advances, existing methods still face lim-
itations in detecting very small objects while remaining
lightweight. Small objects inherently exhibit a very low signal
to noise ratio (SNR). Conventional approaches often perform
poorly in noise suppression, and the subsequent feature fusion
can further degrade the SNR, ultimately leading to suboptimal



perception of tiny targets.

To address the challenges of small object detection, this
paper proposes GS-YOLO, a novel network equipped with
two lightweight modules and a customized loss function.
Specifically, to mitigate the blurred object contours and ex-
cessive background noise generated when small targets un-
dergo downsampling, we introduce the Edge-Aware Gaus-
sian Downsampling Module (EAG-Stem). Replacing the con-
ventional stem structure in the early feature extraction and
scale reduction stage, EAG-Stem explicitly enhances edge
details and balances spatial compression, thereby providing
a more robust early feature representation for small objects.
In addition, small scale targets in aerial imagery often suffer
from background confusion due to low contrast. To alleviate
this issue, we integrate the Gaussian Difference Calibration
Module (GDCM) into the backbone. By adaptively modulating
detail enhancement and structural smoothing, GDCM produces
a target representation that is more distinguishable from the
background, thus improving localization accuracy. Finally, to
enhance the model’s focus on tiny targets, we design the Scale-
Adaptive Weighted Intersection Over Union (SA-WIoU) loss
function. This loss function increases the relative weight of
tiny objects predictions, preventing their gradients from being
overwhelmed during optimization.

Experimental validation on the VisDrone 2019 [6] and the
Satellite Imagery Multi-Vehicles Dataset (SIMD) [7] demon-
strates both the efficiency and effectiveness of GS-YOLO.
Compared with the baseline YOLOvVS8 [8] models, GS-YOLO
achieves higher accuracy with substantially fewer parameters.
Our approach achieves a better balance between detection
performance and model parameters, as illustrated in Fig. 1.
The main contributions of this paper are summarized as
follows:

(1) We propose the EAG-Stem as the initial layer of the
backbone, leveraging a Gaussian prior mechanism to enhance
the network’s capability for edge-aware feature extraction.

(2) We propose the GDCM, which improves target back-
ground separability by jointly coordinating detail enhancement
and structural smoothing information.

(3) We design the SA-WIoU loss function, which increases
the loss weight of small targets without adding any additional
model parameters.

II. RELATED WORK
A. Small Object Detection

Small object detection remains one of the major challenges
in object detection due to the limited effective pixels and
severe background interference. Recent research has primarily
focused on improving detection accuracy through multi-scale
feature enhancement and high resolution feature fusion. For
instance, HIC-YOLOVS [9] introduces a high resolution fea-
ture fusion module and attention mechanism into the YOLOv5
framework, significantly improving the average precision (AP)
for small objects. ScaleKD [10] employs multi-scale feature
distillation and cross scale attention to effectively transfer fine
granularity small object features from the teacher network to

the student network, thereby enhancing the model’s multi-
scale discriminative capability. Although these methods have
achieved remarkable improvements in detection accuracy, they
generally suffer from large model size and high computational
complexity, which limit their applicability in real-time and
edge scenarios. To address this, TinyDet [11] incorporates
sparse convolution and an early feature enhancement module
in the backbone, increasing the information density of shal-
low features while reducing redundant computation in deeper
layers. UAV-DETR [12], based on the DETR framework,
integrates a lightweight feature pyramid and sparse attention
mechanism to balance detection performance and inference
speed. Nevertheless, existing models still struggle to achieve
satisfactory performance for small object detection on low-
power devices, underscoring the need to balance accuracy and
efficiency.

B. IoU Loss Function

The IoU loss function serves as the core optimization
objective for bounding box regression in object detection, and
its formulation directly affects both the model’s localization
accuracy and convergence stability. To address the gradient
vanishing and scale sensitivity issues of the original IoU in
non-overlapping scenarios, a series of improved variants such
as DIoU [13], WIoU [14], and SIoU [15] have been proposed.
Although these approaches improve localization precision in
general detection tasks, they are insufficiently adapted to the
unique characteristics of small objects.

In efforts specifically targeting small objects scenarios,
InterploU [16] replaces handcrafted geometric penalty terms
with interpolated bounding boxes to enhance gradient prop-
agation in non-overlapping small target cases. However, its
interpolation coefficients lack dynamic adaptation to local
density variations, which can lead to gradient oscillation in
dense scenes due to excessive box overlap. Inner-WIloU [17]
enhances robustness under occlusion by integrating WloU’s
attention mechanism with a strategy that utilizes auxiliary
boxes. But it does not specifically optimize sensitivity in
low IoU regions, limiting its effectiveness in constraining the
localization of extremely small and blurred targets. EWDIoU
[18] introduces Gaussian distributions and Wasserstein dis-
tance to alleviate over sensitivity to positional deviations in
small objects detection. Nevertheless, its handling of scale
heterogeneity remains simplistic, and training stability is still
influenced by scale fluctuations.

Although existing IoU-based methods have improved small
objects localization through enhancements in gradient trans-
mission, sample weighting, and geometric constraints, they
still exhibit localization limitations in complex small targets
scenes. We balance optimization across IoU ranges to re-
duce instability from scale heterogeneity and thereby improve
small-object localization accuracy.
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Fig. 2. Framework of GS-YOLO. The EAG-Stem is located in the initial part of the backbone network to enhance the edge details of the target. The GDCM
is embedded in each stage of the backbone network, performing target differential calibration through Gaussian-smoothed spatial information and semantic

information of salient details.

III. METHODOLOGY

A. GS-YOLO Architecture Overview

This study proposes a GS-YOLO, which is built upon
the architecture of YOLOVS, as illustrated in Fig. 2. This
incorporates the EAG-Stem for enhancing edge details and
the GDCM for refining and highlighting target features. To
improve the detection performance of small objects, we also
introduce the SA-WIoU. The EAG-Stem is designed to provide
the model with edge structure prior features through LoG
and Gaussian filters. The GDCM leverages Gaussian-guided
spatial information and locally salient semantic information to
achieve refinement for small targets. SA-WIoU dynamically
distinguishes between large and small targets using a fixed
threshold and models their IoU characteristics accordingly.
We introduce the MKP module [19] and embed it into the
backbone network.

B. Edge-Aware Gaussian Downsampling Stem

Aiming at the problem of edge detail loss after downsam-
pling of small targets, EAG-Stem is proposed as the initial
feature extraction and scale compression unit of the network
to display the enhanced target edge details. First, the input
image is processed with a LoG filter with a kernel size of &
and a standard deviation of oy to highlight the small target
contour display and strengthen its positioning. The LoG filter

consists of a Gaussian filter and a Laplace operator, defined
as:
LoG(z,y;01) = V2[G(z,y;01) * Io(z,y)] (D)

where * denotes the convolution operation. Among them,
Gaussian filtering is as follows:
1 ( 2?2 + 92
exp(—
27103 P 202

G(x,y;01) = ) (2)

Then it goes through the Gaussian filter of k, o2 to smooth
the features of the target and suppress the background noise.
Between the two filters, the traditional Stem structure is
replaced by a downsampling unit to perform scale compres-
sion. The whole process can be expressed mathematically as
follows:

Frpag = Go, * Ds(LoG(X"; 01)) 3)

where, D(-) is a downsampling operator. Through this pro-
cess, prior features with clear edge structures are obtained, as
shown in the left part of Fig. 2.

C. Gaussian Differential Calibration Module

Due to the inherently low distinguishability of small targets,
feature ambiguity often complicates their separation from the
background during detection, resulting in decreased localiza-
tion accuracy and reduced detection robustness. To address this
issue, the GDCM is designed to achieve refined recalibration



of small target features by fusing structural smoothing infor-
mation with detail enhancement information. As illustrated in
Fig. 2, the GDCM is constructed based on two core principles:
(1) initial feature extraction and (2) cross-branch collaborative
calibration.

1) Initial Feature Extraction: Given an input feature map
Xt ¢ REXHXW "it s split the channel dimension into two
parallel branches: structural smoothing and detail enhance-
ment. The first branch employs a single-layer convolution
for lightweight feature mapping, whereas the second branch
applies a three-layer cascaded convolutional transformation to
enhance representation capability. The resulting initial features
of the two branches are denoted as X? and X*, respectively:

X X% = ¢ (split(X?)) 4)

where ¢1(-) represents a convolutional transformation for
feature learning on the split branches.

2) Cross-branch Collaborative Calibration: The structural
smoothing branch enhances the robustness of small target
localization in low SNR environments by suppressing random
noise in the feature maps and reinforcing the inherent spatial
continuity of the target. For the feature X?, a learnable two-
dimensional Gaussian kernel with a size of £ x k and o3 is
applied to smooth the feature information, thereby blurring
high-frequency noise while preserving the spatial structure of
the target. The element-wise modulation weights for structural
smoothing are computed as follows:

ws = CBS(Gyy * X¥) )

The detail enhancement branch focuses on capturing and
emphasizing locally salient regions within the feature map. It
performs adaptive denoising and detail enhancement through
a local-global difference mechanism. The feature X¢ is pro-
cessed in parallel, where a depthwise separable convolution
captures local features (localycq.) for each channel, and a
grouped pointwise convolution extracts cross-channel global
features (crossseq:). A learnable difference weight parameter
« is then introduced to compute the differential features:

diff peq; = local peqp — @0 X Cross eqy (6)

This operation measures the contrast between local and
global representations. Subsequently, a position-sensitive local
contrast (z7) feature is constructed in one direction as follows:

2 = ﬁ ;|difffwt,i7j — AvgPools, 5 (difffeat )i ;| (7)
In the other direction, a global context information is
extracted and broadcast to obtain global context (z3) feature.
After fusing the z; and 29 and applying a mapping trans-
formation, the detail enhancement modulation weight wy is

obtained:
Wy = ¢o (concat(zl, 22)) 8

where ¢o(+) represents a learnable 1 x 1 convolutional mapping
with non-linearity. Following this, cross-branch collaborative
calibration is performed: the features of one branch are guided

by the modulation weights derived from the other, allowing
the structural and detail information to mutually reinforce
each other. Specifically, the detail-enhanced feature X¢ is
modulated by the structural smoothing weight ws to produce
F D-

Fp=ws® X* 9)

where © denotes element-wise multiplication. Similarly, the
structurally smoothed feature X° is modulated by the detail
enhancement weight wy to yield Fyg:
Fg =wq© X* (10)
Finally, the two calibrated features Fp and Fg are fused
through element-wise addition to generate the output feature
X
X°=Fp & Fs (11D

where, the symbol & denotes element-wise summation.

D. Scale-Adaptive Weighted IoU Loss

We propose SA-WIoU, an IoU loss that improves small-
object localization and stabilizes training by reducing gradient
over-penalization and convergence delays from scale and den-
sity variation.

To align the loss statistics among objects of different scales,
objects are categorized into small targets and non-small targets
according to an area threshold of A;. The running mean
momentum of L,y = 1 — IoU is updated separately for the
two groups. A mild exponential scaling is applied to small
targets, whereas other targets retain the original scaling:

BSmall
W7 A< Ay,
" e (12)
5oy otherwise.
Y

where 71 denotes the scale adjustment coefficient, and ¢ denotes
the offset correction coefficient. The scale coefficient for small
targets is defined as

LIOU

Hsmall

Bsmail = (13)

To improve sensitivity for low IoU small targets while
avoiding gradient explosion at high IoU, we introduce a
perceptual weighting factor for small targets:

Wsmall = (1 + 1A§/\At> X (1 - IOUdetach X M) (14)

where A € (0,1) denotes the proportion threshold for iden-
tifying small scale cases, and p € (0,1) denotes the scaling
coefficient for IoU detachment.

The perceptual weighting described above increases the
contribution of small objects, encouraging stricter localization.
Building upon the distance penalty in WIoU, we further
introduce a composite modulation factor that jointly accounts



TABLE I
COMPARISON OF AP(%), AP50(%), PARAMS AND FLOPS ON VISDRONE BY USING DIFFERENT REAL-TIME OBJECT DETECTORS. BEST AND
SECOND-BEST RESULTS ARE HIGHLIGHTED FOR EACH METRIC.

Backbone ‘ Model Publication Input Size AP AP59 FLOPs (G) Params (M)
YOLOVS-N [8] - 640x640 19.6  33.3 8.9 32
YOLOVS-S [8] - 640x640 23.6 39.6 28.8 11.2
YOLOv8-M [8] - 640x640 27.1 444 79.3 25.9
YOLOVS-L [8] - 640x640 284 459 165.7 43.7
YOLOVS-X [8] - 640x640 289 46.8 258.5 68.2
YOLOVI10-S [20] arXiv2024 640x640 23.8 393 21.6 7.2
CNN-Based YOLOVI0-L [20] arXiv2024 640x640 27.6 44.6 120.3 24.4
YOLOv10-X [20] arXiv2024 640x640 28.7 46.1 160.4 29.5
YOLOvI11-M [21] arXiv2024 640x640 25.0 42.0 68.0 20.1
YOLOvI11-L [21] arXiv2024 640x640 255 422 86.9 253
YOLOv11-X [21] arXiv2024 640x640 26,6  43.8 194.9 56.9
YOLOvI2-M [22] arXiv2025 640x640 244 409 67.5 20.2
YOLOv12-L [22] arXiv2025 640x640 25.1 42.0 88.9 26.4
YOLO26-N [23] - 640x640 135 249 5.2 24
YOLO26-S [23] - 640x640 16.1 294 20.5 9.5
Deform-DETR [24] ICLR2020  1300x800 27.1 422 173.0 40.0
Sparse DETR [25] ICLR2022  1300x800 27.3 425 121.0 40.9
RT-DETR-R18 [26] CVPR2024  640x640 26.7 44.6 60.0 20.0
Transformer-Based | RT-DETR-R34 [26] CVPR2024 640x 640 272  46.0 92.0 31.0
RT-DETR-R50 [26] CVPR2024 640x 640 284 47.0 136.0 42.0
DEIM-D-FINE-N [27] CVPR2025 640x 640 17.8 31.5 7.1 3.7
DEIM-D-FINE-S [27] CVPR2025 640 x640 243  40.6 24.9 10.1
Mamba-Based Mamba-YOLO-T [28] AAAI2025 640 x 640 21.0 36.8 13.6 6.0
Mamba-YOLO-B [28] AAAI2025 640x 640 239 40.8 49.6 21.8
GS-YOLO-N - 640x640 212  36.0 8.4 0.8
GS-YOLO-S - 640x640 264  43.5 26.9 2.7
GS-YOLO (Ours) GS-YOLO-M - 640x 640 29.1 47.0 65.9 7.0
GS-YOLO-L - 640x640 29.8 479 130.4 14.2
GS-YOLO-X - 640 x 640 30.3 488 201.7 222

for object scale, overlap density, and IoU perception. The
overall modulation factor is expressed as:
2
p A
RWIoU = eXp{cf2 X [Hl + (HQ — m) X Al}
ANB
X (Hg-‘—% XAQ)} (15)

where k1, ko, and k3 are baseline reference coefficients. A
controls the influence of the area-sensitive term, while A,
regulates the overlap-density term through the intersection
ratio. The final SA-WIoU loss for small targets is formulated
as:

Lsa-wiou = Liou X S X Rwiou X Wimal (16)

By decoupling scale statistics and applying adaptive modu-
lation to the WIoU loss, SA-WIoU provides more stable gra-
dients and stronger localization supervision for small objects.

IV. EXPERIMENTS
A. Experimental Setups

Comprehensive object detection experiments were con-
ducted on GS-YOLO using the VisDrone2019 dataset and

the SIMD dataset. All experiments were performed on an
NVIDIA GeForce RTX 4090 GPU. The model was trained
using the Stochastic Gradient Descent (SGD) optimizer, with
an initial learning rate of 0.01, a momentum coefficient of
0.937, and a weight decay of 0.0005. During training, the
batch size was set to 4, and the model was trained for 300
epochs. The hyperparameters are set as shown in Table II.
All hyper-parameters are empirically fixed and kept consistent
across all experiments.

B. Performance on VisDrone2019 Dataset

1) Quantitative Analysis Based on Tabular Data: We con-
ducted a extensive evaluation of the GS-YOLO series models
and various mainstream real-time object detectors on the Vis-
Drone 2019 dataset, with detailed results presented in Table I.
GS-YOLO achieves better performance with fewer parameters.
Among lightweight models, GS-YOLO-N achieves 21.2% AP
using only 0.8M parameters, representing a 75% reduction
in parameters compared to the baseline model. Meanwhile,
its parameter count is 78.4% fewer than the ultra-lightweight
DEIM-D-FINE-N, while achieving 3.4% higher AP. For small
models, GS-YOLO-S delivers a 2.8% AP improvement with



Ground Truth Heatmaps (Baseline)
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Fig. 3. Visualization results of different Models on the VisDrone2019 Dataset. The yellow boxes highlight areas where our model performs better in detecting
objects. As evidenced by the heatmaps, the EAG-Stem suppresses background noise, while the GDCM enhances the contrast of small objects in dense target
regions, leading to more discriminative activations for small, closely spaced objects compared to the baseline C2f under identical settings.

TABLE II
HYPER-PARAMETER SETTINGS

Hyper-parameter Value
o1 1.0
o2 0.5
o3 0.5

k 7
n 0.7
¢ 0.8
A 0.3
" 0.5
K1,2,3 1.0
Ay 0.5
Ag 0.3

TABLE III

COMPARISON WITH STATE-OF-THE-ART DETECTORS ON VISDRONE.

Method AP AP50 AP75 APs AP, AP
GFL V1 [29] 234 382 24.2 14.3 3477  40.1
CDMNet [30] 292 495 29.8 16.1 359 365
QueryDet [31] 283  48.1 28.7 - - -

DINO [32] 26.8 442 28.9 17.5 373 413
D-FINE [33] 239 416 29.0 13.6 346 464
FBRT-YOLO [19] 30.1 484 31.7 181  40.8 479
GS-YOLO-X (ours) 30.3  48.8 31.5 190 413 50.2

a 75.9% parameter reduction. For larger models, GS-YOLO-
X demonstrates the most outstanding performance among all
compared models, achieving 30.3% AP and 48.8% APs5q with
only 22.2M parameters and 201.7G FLOPs, while still im-
proving AP by 1.4% over YOLOVS-X. Even when compared
with high-precision Transformer models such as RT-DETR

and DEIM, GS-YOLO-X exhibits more favorable AP. These
results collectively validate that the GS-YOLO series models,
particularly through their Gaussian enhancement and scale-
aware mechanisms, not only substantially improve detection
accuracy but also significantly reduce model parameter count
in the multi-scale and small object challenge scenarios preva-
lent in VisDrone 2019.

Table III shows that the proposed GS-YOLO-X attains
marked improvements in AP and AP5y on VisDrone. These
results indicate that our method is competitive with other
advanced approaches for aerial image object detection.

2) Visualization Result Analysis on Focused Regions of
the Network: For a visual comparison of focused areas and
detection performance on the VisDrone2019 dataset, we have
visualized the heatmaps and prediction results in Fig. 3. As
shown in the heatmaps, the EAG-Stem and GDCM jointly
enhance the representation of small objects. The yellow box
areas clearly illustrate that GS-YOLO achieves fewer missed
detections in scenarios with dense vehicles and pedestrians,
thereby demonstrating its effectiveness in detecting small and
densely packed targets.

C. Performance on SIMD Dataset

As presented in Table IV, GS-YOLO-M exhibits a com-
mendable performance on the SIMD dataset, achieving an AP
of 67.0% and an AP5 of 82.5%, which are competitive among
SOTA methods. Notably, this level of accuracy is attained
with a remarkably low parameter count of 7.0 M, indicating
superior parameter efficiency. Although GS-YOLO-M requires
65.9 GFLOPs, its detection results indicate a good trade-off
between compute and accuracy.



TABLE IV
SOTA COMPARISON ON SIMD DATASET

Method AP APso Params FLOPS
RT-DETR-R18 [26] 63.7 78.6 19.8M 57.0G
YOLOVS-L [8] 63.1 78.1 43.7M 165.2G
YOLOV9-M [34] 62.2 76.6 20.0M 76.3G
Deform-DETR [24] 59.7 75.6 40.0M 196.0G
EMSD-DETR [35] 64.3 79.4 18.4M 68.3G
HPS-DETR [36] 63.5 79.8 15.5M 68.3G
FMC-DETR-B [37] 65.8 80.9 16.1M 56.2G
GS-YOLO-M (ours) 67.0 82.5 7.0M 65.9G
TABLE V

ABLATION STUDY ON MODULE ABLATION FOR THE VISDRONE DATASET

EAG-Stem GDCM SA-WIoU AP AP5y Params FLOPS
X X X 23.6  39.6 11.2M 288 G
v X X 247 415 9.1IM 25.8G
v 4 X 259 428 2. ™M 26.9G
v v v 264 435 2.7M 26.9G
TABLE VI

EXPERIMENTS ON SA-WI0OU LosS FUNCTION FOR OBJECTS OF
DIFFERENT SIZES

Ay AP APs5o AP75
32x32 26.1 42.9 27.0
24x24 26.3 43.2 27.1
16x16 26.4 43.5 27.2
12x12 26.3 43.5 27.1

D. Ablation Studies

To verify the individual and synergistic effectiveness of our
core modules on object detection models’ performance and
efficiency, we conducted ablation experiments using YOLOVS-
S on the VisDrone dataset. As shown in Table V, the baseline
model attains an AP of 23.6, AP5g of 39.6, with 11.2M
parameters and 28.8G FLOPS. The initial integration of the
EAG-Stem improves detection performance, increasing AP to
24.7 and AP5g to 41.5, while reducing model complexity to
9.1M parameters and 25.8G FLOPS. Building on this, the
subsequent integration of the GDCM further steadily improves
model performance, achieving an AP of 25.9 and an APj5y of
42.8, with the model complexity reduced to 2.7M parameters.
Finally, replacing the standard IoU loss function with SA-
WIoU increases the AP to 26.4 and AP5p to 43.5, with the
model complexity maintained at 2.7 M parameters and 26.9 G
FLOPS. These results validate the effectiveness of our design
and lay a solid foundation for achieving efficient and high-
precision object detection on complex datasets.

Additionally, we evaluate the impact of the area threshold
A; used to distinguish small and non-small targets in the

IoU loss. Table VI reports the performance of GS-YOLO-S
under different settings of A;. It can be observed from the
experimental results that SA-WIoU enables the model to pay
more attention to extremely small targets of 16x16 pixels, and
the model performs best at this size.

CONCLUSION

This paper proposes a lightweight detection framework,
termed GS-YOLO, specifically tailored for small object de-
tection. The EAG-Stem incorporates edge structure prior in-
formation from the input image, while the GDCM enhances
the representation of salient target regions. Additionally, the
SA-WIoU loss function is introduced to improve localization
accuracy for small objects. Experimental evaluations on the
VisDrone and SIMD datasets demonstrate that the proposed
method achieves a favorable trade-off among detection pre-
cision, model efficiency, and real-time inference capability.
Future research will concentrate on extending the framework
to more complex and practical real-world scenarios.
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