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ABSTRACT To address the challenges of detail loss, feature extraction difficulties, densely distributed
small objects, and insufficient feature information in degraded remote sensing images, we introduce
SWL-YOLO, a lightweight model built upon YOLOv11. SWL-YOLO incorporates Spatial Adaptive Feature
Module (SAFM), Wavelet Downsampling (WDown), and a Large Selective Kernel (LSK) mechanism to
adaptively enhance both spatial and contextual representations. Specifically, the SAFM improves sensitivity
to fine-grained spatial features, thereby improving its ability to perceive small targets and edges. The wavelet
downsampling module performs wavelet decomposition and subsampling, preserving high-frequency detail
information while reducing computational complexity. The LSK mechanism dynamically adjusts receptive
fields, enabling the model to better handle small objects, complex backgrounds, and multi-category targets
through spatially adaptive feature enhancement and context-aware scale selection. While SAFM ensures
enhanced local feature modulation, LSK complements it by providing global context awareness, together
forming a synergistic spatial feature fusion mechanism. Furthermore, building upon the CIoU of YOLOv11,
we develop an improved GeoCIoU loss, which employs a dual-penalty mechanism for loss calculation
to achieve more accurate training feedback. Experiments on the VisDrone and NWPU VHR-10 datasets
indicate that SWL-YOLO outperforms the baseline models, with mAP50 improvements of 5.1 % and 4.2 %,
respectively, showcasing its superior performance in remote sensing target detection.

INDEX TERMS Object detection, remote sensing images, YOLO, spatially-adaptive feature module, large
selective kernel mechanism.

I. INTRODUCTION
Remote Sensing object detection (RSOD) serves as a critical
application of remote sensing technology across domains
such as geology, forestry, agriculture, and military. However,
remote sensing images (RSIs) typically introduce additional
challenges, including complex background textures, large
variations in object scale, generally low image resolution
and densely distributed small targets [1], which significantly
hinder the performance of detection algorithms. In recent
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years, deep learning–based methods have demonstrated
clear advantages over conventional approaches, achieving
markedly higher detection accuracy.

Among CNN-based RSOD algorithms, existing methods
can generally be divided into two major categories: two-stage
and single-stage detectors. Two-stage methods, represented
by the Fast R-CNN [2], Faster R-CNN [3], and Mask R-
CNN [4] series tend to suffer from high model complexity,
a large number of parameters, and slow inference speeds.
In contrast, single-stage algorithms, such as the YOLO [5],
[6], [7], [8], [9] series, RetinaNet [10], and SSD [11], adopt
relatively simpler architectures with fewer parameters and
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faster inference speeds, facilitating their broader application
and extensive study within the RSOD domain.

Detecting small objects remains particularly challenging
due to limited pixel representation and weak semantic
cues. In the context of RSOD, Li et al. [12] enhanced
feature fusion in neural networks by incorporating channel
and spatial attention mechanisms alongside a weighted
bidirectional feature pyramid structure, resulting in an
enhanced YOLOv5 framework. To further improve small-
object detection, Cui et al. [13] introduced a modified
YOLO-based model that leverages low-level features more
effectively, although this improvement comes at the expense
of reduced performance on large objects. Zhang et al.
[14] designed an enhanced YOLOv5 variant incorporating
angle regression to more accurately localize arbitrarily
oriented objects, achieving tighter bounding boxes but
with suboptimal detection accuracy. These methods help
mitigate scale imbalance and improve generalization across
RSOD. To enable real-time deployment of object detection
models in resource-constrained environments, lightweight
network designs have gained considerable attention in remote
sensing tasks. Zhang et al. [15] developed a lightweight
symmetric detection head to replace conventional designs,
integrating a C3CA module to strengthen feature extraction
and employing FasterConv in the backbone to reduce
computational overhead. Addressing multi-scale detection in
complex scenes, Yi et al. [16] proposed a multi-scale feature
fusion network, LMSFFNet, for object density estimation.
Their architecture adopts a MobileViT backbone to achieve
a lightweight structure while maintaining competitive accu-
racy. Liang et al. [17] constructed a joint attention-based
multi-scale feature enhancement network on YOLOv5 and
incorporated rotation angle recognition to mitigate detection
challenges in remote sensing. Wu et al. [18] implemented
resolution-adaptive representations to enable flexible scale
modeling across various image resolutions. Despite these
advances, the substantial scale variation of objects in RSIs
makes multi-scale representation indispensable. To address
this, Li et al. [19] introduced a feature extraction module
with dynamic selection mechanisms to adaptively allocate
receptive fields and proposed an adaptive feature-weighted
FPN to strengthen Fusion of multi-scale features. Su et al.
[20] proposed a strip-wise hierarchical attention module
(SHAM) for multi-scale feature fusion and background
noise suppression, and employed GhostConv to optimize
the feature fusion layer, achieving higher detection accuracy
with fewer parameters. Liao et al. [21] employed an efficient
attention-based lightweight multi-scale module for effective
multi-scale feature extraction and replaced nearest-neighbor
upsampling with transposed convolution to minimize feature
loss. Zhou et al. [22] enhanced multi-scale feature extraction
by integrating improved hybrid convolutions into inverted
residual blocks and introduced small-scale and medium-scale
feature enhancement modules (SFEM and MFEM) to further
refine multi-scale detection. Attention mechanisms have
also shown strong capability in highlighting salient features

while suppressing irrelevant context. Liao and Zhu et al.
[23] strengthened the model’s capacity to capture global
features and their interdependencies using self-attention.
Although this approach demonstrated improvements in
detection accuracy, the computational overhead incurred
by its sophisticated feature extraction modules limited its
practicality. Similarly, Wu et al. [24] utilized deformable
convolutional channel attention to prioritize salient features
of target objects while suppressing background interference.
However, the architectural complexity of this method resulted
in slower computational speeds. Li et al. [25] introduced a
hybrid attention module to improve the model’s response to
small targets embedded in complex backgrounds. Although
this algorithm achieved higher precision in small object
detection, its overall accuracy declined when addressing
multi-scale objects commonly present in RSIs. To handle
densely distributed objects, Xu [26] proposed a novel pixel
interpolation technique that encoded bounding box positional
information into corresponding feature points, ensuring
alignment between critical pixel features and target objects.
While this method enhanced bounding box regression
accuracy in dense scenes, it also introduced a substantial
increase in model parameters. With respect to arbitrary object
orientations, Mei et al. [27] mitigated rotational uncertainty
by optimizing a novel objective function that incorporates
Fisher discriminant and rotation-invariant regularizations.
This improved the model’s ability to detect objects with vary-
ing orientations but added considerable complexity, leading
to unstable training. Yang et al. [28] further introduced a
loss function designed to minimize boundary localization
errors and mitigate abrupt loss fluctuations near object edges;
however, its effectiveness in detecting small targets within
remote sensing imagery remained limited. These approaches
provide crucial enhancements for handling arbitrarily aligned
objects and improve bounding box regression in aerial
scenarios.

Despite these advancements, existing algorithms still
suffer from structural complexity, imbalanced performance,
slow inference speeds and heavy computation in RSOD,
especially when dealing with densely distributed small
objects and target scale varies greatly. To overcome the
limitations in single-stage algorithms, this paper pro-
poses an enhanced SWL-YOLO, which integrates wavelet-
based downsampling, spatially-adaptive feature module, and
large kernel receptive field selection, together with an
improved dual-penalty loss function specifically designed
RSOD.

Our main contributions are as follows:

1) The SPPF structure in YOLOv11 has been enhanced
with a novel spatial adaptive feature module (SAFM).
This module employs spatially-adaptive dynamic
weighting to perform region-level and pixel-level fea-
ture map modulation, thereby significantly improving
the model’s ability to capture small objects and edge-
level details;
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2) The conventional convolution modules in the back-
bone network have been replaced with a Wavelet
Downsampling (WDown)module. Thismodification is
designed to preserve fine-grained spatial details while
simultaneously reducing computational overhead;

3) The LSK module dynamically adjusts receptive fields
to meet the heterogeneous contextual demands of
diverse targets in RSIs. SAFM selectively enhances
region-level features, which are further refined through
LSK’s adaptive multi-kernel aggregation. This coop-
erative design reduces redundancy while amplifying
the discriminative patterns essential for remote sensing
detection.

4) Building upon the CIoU [29] loss function in
YOLOv11, we propose an advanced Geometric CIoU
(GeoCIoU) strategy. This enhanced approach incor-
porates a dual-penalty mechanism that computes loss
based on both bounding box geometry (shape and
size) and spatial alignment, providing more accurate
training feedback regarding object orientation, scale,
and overlap in remote sensing imagery.

II. PROPOSED METHOD
A. SWL-YOLO OVERALL STRUCTURE
YOLO is a representative one-stage algorithm for object
detection based on CNNs and has long been favored for real-
time applications. Despite multiple revisions and updates,
it maintains a leading position in the field of object detection.
In 2024, Ultralytics released YOLOv11 [30], one of the most
advanced versions in the YOLO series, featuring signifi-
cant innovations in both network architecture and training
strategies. The basic framework of YOLOv11 comprises
three main components: Backbone, Neck, and Head. Among
variants, YOLO11s represents a balanced version in terms
of accuracy and architectural design, making it an ideal
foundation for reducing parameter count and computational
load. The backbone is primarily responsible for extracting the
image feature, and includes modules such as Conv, C3K2
[31], SPPF [32] and C2PSA [9]. The neck refines feature
maps across multiple layers to generate more discriminative
representations, while the head employs depth-wise separable
convolutions to reduce redundant connections.

Despite introducing additional modules, the overall com-
putational cost remains low due to efficient architectural
design. Specifically, the SAFM utilizes channel split-
ting, multi-branch pooling, and 1 × 1 convolutions to
perform spatial modulation without introducing excessive
learnable parameters. Additionally, parallel pooling and
attention-generation layers in LSK are shared across spa-
tial channels, further minimizing redundancy. Additionally,
parallel pooling and attention generation layers in LSK
are shared across spatial channels, further minimizing
redundancy. As demonstrated in the ablation study (Table 1),
integrating SAFM and LSK only slightly increases compu-
tation from 21.3 to 25.7 GFLOPs while reducing parameter

size from 9.41M to 8.45M, highlighting that the proposed
enhancements maintain computational efficiency and support
real-time deployment.

This paper addresses several limitations of YOLOv11,
including challenges in detecting small objects, missed and
false detections, and loss of detail in low-quality images.
Based on YOLO11s, we propose SWL-YOLO for RSIs,
whose overall architecture is illustrated in FIGURE 1.

FIGURE 1. The overview of the proposed SWL-YOLO model.

B. SAFM-BASED FEATURE FUSION MECHANISM
In object detection tasks, multi-scale feature fusion [33] plays
a vital role in improving model performance. In YOLO11s,
the backbone leverages an SPPF combined with the C2PSA
architecture to integrate high-level features rich in semantic
information with low-level features containing detailed
spatial cues. However, this design introduces substantial com-
putational overhead while offering limited improvement for
small-object detection. To address this, the spatial adaptive
feature module (SAFM)module employs multi-scale pooling
operations to aggregate features with diverse receptive fields,
thereby enhancing contextual information representation.
In this work, we propose an enhanced SPPF structure for
YOLO11s that incorporates SAFM after the multi-scale
pooling operations. SAFM dynamically adjusts feature map
weights and structures according to spatial locations in
the input image, using spatial-aware dynamic weighting
to refine both region-level and pixel-level features. This
design significantly improves the model’s ability to detect
small objects and capture edge details, while also increasing
robustness in challenging scenarios, such as occlusion or
objects of varying scales.

As illustrated in FIGURE 2, the SAFM employs a feature
pyramid to generate spatially adaptive module parameters for
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FIGURE 2. Spatially-adaptive feature module.

input feature maps. To reduce computational overhead, the
module first partitions the channels into four components
for separate processing of local and global information
using Split(·) operation. For the first partitioned component,
a depthwise convolution layer utilizing a 3 × 3 kernel is
directly applied. The remaining three components undergo
downsamplingDW−Conv3×3(·) through 3×3 convolutional
layers with strides of 2, 4, and 8 respectively to minimize
computational costs, followed by upsampling to the original
resolution via nearest interpolation.

[X0,X1,X2,X3] = Split(X),

X̂0 = DW − Conv3×3(X0),

X̂ i=↑p(DW−Conv3×3(↓ p
2i
(X i))), 1≤ i≤3,

(1)

Subsequently, the processed features are concatenated
and integrated via a 1 × 1 convolutional layer, enabling
synergistic utilization of both local and global features. It can
be expressed by:

X̂ = Conv1×1(Concat([X̂0, X̂1, X̂2, X̂3])) (2)

Finally, the reconstructed features undergo normalization
through the GELU [34] activation function φ

(
X̂
)
, followed

by element-wise multiplication with the modulation parame-
ters. It can be written as:

X̄ = φ(X̂) ⊙ X (3)

In this process, feature diversity is enhanced through
dimensionality reduction using pooling operations, channel
partitioning, and diverse convolutional operations, followed
by feature integration via concatenation to strengthen the
final representation. The proposed architecture effectively
addresses key challenges in RSOD, particularly the irre-
versible loss of fine-grained spatial details that occurs during

conventional downsampling, which can severely impair the
detection of geometrically sensitive features such as edges,
corners, and textural patterns. Additionally, it alleviates
the limited discriminative capability for multi-scale targets,
a common issue in optical remote sensing imagery, thereby
improving detection performance across objects of varying
sizes and spatial complexities.

C. WAVELET DOWNSAMPLING CONVOLUTION
Remote sensing imagery is inherently limited by technical
costs, atmospheric conditions, and acquisition altitudes, often
resulting in degraded image quality characterized by low res-
olution, complex backgrounds, and particularly small targets
with limited pixel coverage. These small targets primarily
convey their features through edge and texture details rather
than holistic shapes. Existing small target detection methods
continue to struggle with challenges such as insufficient
contrast and significant loss of fine-grained details. In this
context, the discrete wavelet transforms (DWT) [35] provide
a theoretically grounded multi-scale analytical framework,
capable of hierarchical feature representation from coarse to
fine granularity. DWT is particularly effective for detecting
variably sized small targets, as its multi-level decomposition
preserves and enhances discriminative characteristics. Unlike
conventional downsampling methods such as max pooling
operations, DWT maintains critical high-frequency compo-
nents during decomposition without blurring or discarding
essential spatial details. In this work, we implement DWT
and inverse discrete wavelet transform (IDWT) as integrated
layers specifically tailored for small-target detection. The
following section establishes the theoretical foundation of
discrete wavelet analysis, beginningwith fundamental formu-
lations for one-dimensional and two-dimensional data, with
the methodology readily extensible to higher-dimensional
cases through analogous mathematical operations.

1) 1D DWT/IDWT
Discrete wavelet transform decomposes 1D data x =

{
xj
}
j∈Z

into low-frequency subbands xlow =

{
x(low)k

}
k∈Z

and

high-frequency subbands xhigh =

{
x(high)k

}
k∈Z

, x(low)k =

∑
j
l j−2kxj,

x(high)k =

∑
j
hj−2kxj,

(4)

In Equation (4), l = {lk}k∈Z ,h = {hk}k∈Z represents
discrete wavelet of low-pass and high-pass filters. Inverse
discrete wavelet transform rebuilds x using xlow, xhigh, where

xj =

∑
k

(
l j−2kx

(low)
k + hj−2kx

(high)
k

)
(5)

Equation (4) and Equation (5) can be rewritten as

xlow = Lx,

xhigh = Hx,
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x = LT xlow +HT xhigh, (6)

where

L =


. . . . . . . . .

. . . l−1 l0 l1 . . .

. . . l−1 l0 l1 . . .

. . . . . .

 , (7)

H =


. . . . . . . . .

. . . h−1 h0 h1 . . .

. . . h−1 h0 h1 . . .

. . . . . .

 , (8)

Equations (6) denote the forward propagation of DWT and
IDWT. Equations (7) and (8) represent the low-pass and high-
pass filter matrices respectively. The gradients information
for their back propagation can be separately deduced from
Equation (5) and Equation (6).

2) WAVELET DOWNSAMPLING MODULE
The proposed wavelet-based downsampling pooling frame-
work follows the computational procedure outlined below:
First, the input image undergoes multiscale decomposition
via DWT, generating four distinct subbands. A special-
ized denoising operation is then applied exclusively to
the high-frequency detail subbands, aiming to preserve
critical edge information while effectively suppressing noise
components. After this selective denoising, all subbands are
reconstructed using IDWT to maintain feature the integrity
of the features. Finally, adaptive threshold segmentation
is applied to the reconstructed image, enabling precise
detection of small targets within the enhanced feature space.
As illustrated in FIGURE 3, the Wavelet downsampling
algorithm is as follows:

Step 1: Shallow Feature Extraction. The input noisy data
X is first processed through shallow feature extraction.
A convolutional layer is applied to extract preliminary
features, which are then normalized using Batch Normaliza-
tion and activated via SiLU functions [36]. This produces
processed intermediate features F that retain essential spatial
information while ensuring a normalized data distribution.

Step 2: Multiscale Decomposition. The feature maps F
are decomposed via DWT into four distinct subbands: one
low-frequency subband X ll capturing global structural infor-
mation, and three high-frequency subbands X lh,Xhl ,Xhh
containing edge and texture components.

In equations (9), the two-dimensional DWT is typically
implemented by sequentially applying 1D DWT to each row
and column of 2D data X , i.e.,

X ll = LXLT ,

X lh = HXLT ,

Xhl = LXHT ,

Xhh = HXHT (9)

where X ll is the low-frequency portion, which contains the
fundamental structure of the object. X lh,Xhl ,Xhh are the

FIGURE 3. The wavelet downsampling module.

three high-frequency part. They represent the horizontal,
vertical and diagonal characteristics of the image including
most of the noise, respectively.

Step 3: High-Frequency Denoising. An adaptive denois-
ing operation is selectively applied to the high-frequency
subbands to suppress noise while preserving geometrically
significant features. This process maintains the critical edge
information in horizontal, vertical and diagonal orientations
X̄ lh, X̄hl , X̄hh.
Step 4: Multiscale Reconstruction. The low-frequency

component and the processed high-frequency components are
jointly reconstructed through the IDWT, yielding enhanced
feature maps that effectively integrate multi-scale frequency-
domain information.

In equation (10), the 2D IDWT is executed with

X = LTX llL+HTX lhL+ LTXhlH +HTXhhH (10)

D. LARGE SELECTIVE KERNEL MECHANISM
The theoretical motivation behind our architecture arises
from the need to jointly model spatial precision and
contextual diversity, two properties that are especially
critical for small-object detection. Existing attention and
kernel-adaptation mechanisms are often insufficient when
applied independently. In remote sensing scenarios, objects
are typically extremely small, frequently occluded, embedded
in backgrounds with structurally similar interference, and
span diverse categories requiring widely varying contextual
information. Insufficient long-range contextual information
can therefore lead to missed or incorrect detections of minute
targets. The LSK mechanism [37] addresses these challenges
through a dynamic receptive field approach. It employs large-
kernel decomposed convolutions to generate multi-scale
features, coupled with a spatially selective mechanism that
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adaptively prioritizes the most relevant contextual regions
based on input content. By substantially expanding the
receptive field, this approach enables the model to capture
global environmental patterns with targets, thereby enhancing
robustness against complex background interference and
scale variations. Moreover, the content-aware spatial selec-
tion mechanism significantly improves the model’s ability
to distinguish genuine targets from structurally similar false
positives, particularly in occlusion scenarios.

As illustrated in FIGURE 4, the mechanism first employs
large kernel decomposition convolutions (implemented via
cascaded depthwise separable convolutions) to generate
feature maps with varying receptive fields. LSK employs
parallel depthwise convolutions with kernel sizes of 5×5, and
7×7, chosen to balance computational overhead and context
capture across varying object sizes. The decomposed features
undergo channel-wise mixing through 1 × 1 convolutions
Fi1×1 to fuse cross-channel information. Subsequently, these
multi-scale features Ũ=

[
Ũ1;Ũ2

]
are concatenated on the

channel dimensions, followed by parallel average pooling
and max pooling operations to generate spatial attention
descriptors SA.

SAavg = Pavg
(
Ũ
)

SAmax = Pmax
(
Ũ
)

SA = [SAavg,SAmax] (11)

The pooled results are concatenated and passed through a
convolution layerF2→N that outputsN spatial attention maps
SA.

SA = F2→N ([SAavg;SAmax
])

(12)

Sigmoid activation SAi is applied to each spatial attention
map SA to generate an independent spatial selection mask
for every decomposed large kernel. The context augmented
representation is obtained by combining the multi-scale
feature with the corresponding spatial attention weight to get
the weighted sum. Channel integration and dimensionality
reduction are subsequently achieved through convolutional
fusion F, yielding compact contextual features S.

S = F(
N∑
i=1

SAi · U i) (13)

The fused features are subsequently element-wise mul-
tiplied with the original input X to generate the final
output feature map. This LSK framework effectively achieves
efficient multi-scale context modeling and spatially adaptive
feature enhancement, substantially improving both accuracy
and robustness in RSOD by adaptively emphasizing critical
spatial regions while suppressing redundant or interfering
patterns.

Given the diverse spatial distributions and scales of targets
in RSIs, the LSK module’s ability to dynamically highlight
large-scale spatial context without sacrificing fine-grained
detail is crucial for accurately detecting small objects in

cluttered scenes. SAFM provides detailed local spatial
features, while LSK dynamically adjusts the context scope.
Operating on the refined features produced by SAFM,
LSK dynamically modulates the receptive field, forming
a coherent mechanism for joint local and global feature
enhancement.

E. IMPROVED LOSS FUNCTION
Regression serves as a fundamental task, where the regression
loss function significantly influences model performance.
In the YOLO11s model, CIoU loss function serves as the
fundamental regression loss, calculated in equation (14). The
computation process is as follows:

CIoU = IOU −
d2

c2
− αv (14)

Here, d denotes the distance between the centroids of the
predicted and ground-truth bounding boxes, while c is the
diagonal length of their minimum enclosed rectangle. α and v
are parameters governing the aspect ratio. This loss function
comprehensively optimizes detection performance by incor-
porating multiple geometric factors, including overlap area,
aspect ratio discrepancy and centroid distance.

However, when applied to remote sensing imagery with
substantial shape variations, CIoU exhibits limitations due
to its inability to capture directional information and its
suboptimal handling of overlap. To resolve these concerns,
we propose GeoCIoU, a novel IoU-based metric that extends
CIoU by incorporating an additional penalty term. Specif-
ically, GeoCIoU reduces the distances between predicted
and actual bounding boxes. This dual-penalty mechanism,
which combines the original CIoU components with the new
corner-distance constraints, provides more accurate training
feedback. The complete computational procedure is detailed
in Equation (15):

GeoCIoU = IoU − ω1 ×

(
d2

c2
+ αv

)
− ω2

×

(
d21

w2
gt + h2gt

+
d22

w2 + h2

)
(15)

Figure 5 illustrates the schematic diagram of GeoCIoU,
where the green and red bounding boxes stand for actual
and predicted boxes, respectively. d1 and d2 represent the
distances from the bottom-left corners to top-right corners of
the predicted and actual bounding boxes, respectively. The
coefficients ω1 and ω2 denote the weighting factors for these
two penalty terms, whose optimal values will be empirically
determined and discussed in the experimental section.

III. EXPERIMENTS
A. DATASETS
To evaluate the detection performance, our proposed model
was primarily tested on the Visdrone2019 [38] and NWPU
VHR-10 [39] datasets.
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FIGURE 4. Large selective kernel mechanism.

FIGURE 5. Schematic diagram of GeoCIoU.

The VisDrone2019 dataset was collected by drones
equipped with cameras at various locations and altitudes,
comprising 10,209 static images. It includes 10 target
categories: pedestrian, individual, bicycle, automobile, van,
tricycle, truck, awning-tricycle, bus, and motorcycle.

The NWPU VHR-10 dataset contains 10 categories for
geospatial remote sensing object detection, consisting of
800 images in total—650 with targets and 150 background
images. Categories include airplanes, ships, storage con-
tainer, baseball diamond, tennis court, basketball court,
running track, seaport, bridge, and motor vehicle.

While NWPU VHR-10 offers rich target diversity, its
relatively small size (800 images) can lead to overfitting
without extensive data augmentation. Additionally, object
sizes are highly imbalanced, with some categories under-
represented. As illustrated in FIGURE 6, to mitigate poor
generalization resulting from the limited size of the NWPU
VHR-10 dataset, we applied a series of data augmentation
techniques, including flipping, rotation, noise addition,
fog simulation, and HSV conversion. To ensure that the
augmented dataset preserved the statistical properties of the
original data, we conducted a distribution analysis comparing
key characteristics between the original and augmented

datasets, confirming that all categories maintained their
relative frequencies within ±2% variation. The original
dataset was first split into training, validation, and testing sets
in a 7:2:1 ratio. Data augmentation operationwas then applied
exclusively to the training set, resulting in an expanded
dataset of over 3,000 images. The validation and testing sets
remained unchanged to ensure fair and unbiased performance
evaluation. This partitioning strategy preserves the original
class balance while providing sufficient samples to support
robust model training and reliable evaluation.

FIGURE 6. Data expansion operations.

Figure 7 illustrates the joint distribution of target center
locations (normalized x, y coordinates) and scales (width
and height) in the augmented dataset. The x and y axes
represent normalized spatial positions (ranging from 0.0 to
1.0), while the color gradient or point density indicates
target frequency. The subplots along the diagonal show the
individual distributions of width and height (ranging from
0.0 to 0.5), revealing a concentration of smaller-scale targets
(width <0.3, height <0.2).
To further assess model performance across different

object categories, the normalized confusion matrix is pre-
sented in FIGURE 8. This matrix offers an in-depth
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perspective on classification accuracy and inter-class confu-
sion. The model demonstrates strong discriminative capabil-
ity for several categories, particularly for car and background,
achieving correct classification rates of 0.79 and 0.84,
respectively. These results indicate that the model effectively
captures distinctive features for these classes.

FIGURE 7. Distribution of target center locations and scales in the
enhanced dataset.

FIGURE 8. Confusion matrix of the proposed model in NWPU VHR-10
dataset.

B. IMPLEMENTATION DETAILS
To ensure fair and reproducible comparisons, all baseline
and proposed models were trained and evaluated under the
same hardware environment. Experiments were conducted
on an Ubuntu 20.04 platform, with an AMD EPYC 7T83
64-Core CPU and an NVIDIA GeForce RTX 3080 GPU.
Model development and code execution were performed
using the PyCharm integrated development environment on
Windows 10. The implementation was based on PyTorch
1.10.0, with CUDA 11.3 enabling GPU parallel processing
and cuDNN 8.3.4 serving as the acceleration library to
enhance training efficiency. The Python version used was 3.8.
The experimental parameters were set as follows: a batch
size of 16, training for 100 epochs, and an initial learning
rate of 0.01. Additional optimization parameters included
a momentum coefficient of 0.937 and a weight decay
rate of 0.0005 during model initialization. Hyperparameter

initialization followed the prior YOLO11s configuration [30],
which is optimized for real-time applications, while final
values were empirically tuned on the VisDrone validation set
to balance convergence stability and accuracy.

C. EVALUATION METRICS
The assessment metrics for object detection algorithms can
be broadly divided into model complexity and detection
accuracy. Model complexity is typically quantified by
computational load (GFLOPs) and parameter count (Params),
with higher values indicating increased complexity. Detection
performance is commonly evaluated using Precision (P),
Recall (R), mean Average Precision (mAP), GFLOPs, and
parameter count, providing a comprehensive assessment of
the model. The above indicators provide an overall evaluation
for the model. Precision, as defined in Equation (16),
measures the proportion of correctly identified positive
instances among all predicted positives. Recall, given in
Equation (17), represents the ratio of correctly identified
positive instances to all actual positive instances. The
parameter count corresponds to the total number of learnable
parameters across all network layers during training. The
confusion matrix serves as the foundation for computing
Precision, Recall, and mAP, enabling precise evaluation of
detection performance. The precision and recall are detailed
as follows:

Precision =
TP

TP + FP
(16)

Recall =
TP

TP + FN
(17)

True Positives (TP) is the number of positive samples
correctly classified by the model. False Positives (FP):
Number of false positives are negative sample which labeled
as positive. False Negatives (FN) is where positives were
missed by the model. In (18), individual class AP is formally
defined as the area under the Precision-Recall (PR) curve,
which is mathematically defined as:

AP =

∫ 1

0
P(R)dR (18)

mAP represents the average of the AP values, reflecting a
summary of the model’s complete detection level, calculated
in Equation (19). mAP0.5 is computed with a constant IoU
threshold of 0.5. mAP0.5:0.95 is calculated by using a series
of IoU scores over a set of IoU scores ranging from 0.5 to
0.95

mAP =

∑N
i=1 AP i
N

(19)

In Equation (19), N denotes the number of categories.

D. ABLATION EXPERIMENT
To verify the effectiveness of the proposed improvement
methods, ablation experiments were conducted on two
benchmark datasets: VisDrone and NWPU VHR-10. The
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baseline model was YOLO11s. To demonstrate the gener-
alization capability, we also selected a non-remote sensing
dataset: CityPersons. The detailed experimental results are
summarized in TABLE 1.

TABLE 1. Ablation experiment on different datasets.

As shown in TABLE 1, the integration of the SAFM,
WDown, and GeoCIoU modules leads to improvements
across multiple evaluation metrics. The incorporation of
the SAFM enhances detection performance, particularly
in terms of accuracy, indicating that the SAFM module
optimizes feature extraction capability and enables the model
to focus more effectively on target boundary details. The
introduction of the WDown module significantly boosts both
recall and mAP. The increase in recall demonstrates that
the model is capable of detecting more positive samples,
thereby minimizing missed detections and capturing more
relevant information in complex scenarios. The LSK module
markedly improves mAP for RSOD while simultaneously
reducing computational cost. This improvement in mAP
reflects enhanced boundary localization accuracy, effectively
addressing the limitations of traditional sampling methods
in adapting to target variations. The modified loss function,
GeoCIoU, further refines target matching, improving the
precision of detection boundaries. After incorporating all
enhancements, the proposed model achieves mAP0.5 of
65%, 86.9%, and 74.9% on the VisDrone, NWPU VHR-
10, and CityPersons datasets, representing increases of 5.1%,
4.2%, and 3.7%, respectively, compared to the baseline.
Overall, the model demonstrates significant performance
gains while maintaining a reasonable computational cost
without introducing excessive overhead.

The ablation experiments conducted on three datasets
demonstrate the effectiveness of SWL-YOLO in balancing
computational efficiency and detection performance. On the
VisDrone dataset, the baseline YOLO11s model has 9.41M
parameters and a computational cost of 21.3 GFLOPs.
With progressive enhancements, SWL-YOLO reduces the
parameter count to 8.36M while slightly increasing GFLOPs
to 25.4. On the NWPU VHR-10 dataset, SWL-YOLO
achieves even more notable efficiency gains: the parameter

count decreases from 11.1M to 10.1M, GFLOPs drop from
28.4 to 26.2, and mAP0.5 improves by 4.2%. On the
CityPersons dataset, integrating these modules results in
significant improvements in mAP0.5 (from 71.2% to 74.9%),
mAP0.5:0.95 (from 60.5% to 63.4%), and Recall (from 76.4%
to 78.2%), while maintaining reasonable computational
cost, with GFLOPs increasing modestly from 26.4 to 29.5.
The reduction in parameters is mainly attributed to the
lightweight design of the WDown module and the efficient
depthwise separable convolutions in LSK, whereas the slight
increase in GFLOPs stems from the multi-branch structure of
SAFM. This dual optimization of lower computational cost
and higher accuracy highlights the model’s scalability and
suitability for complex remote sensing scenarios. The design
effectively balances feature enhancement with computational
efficiency, preserving inference speed suitable for edge
deployment.

As shown in FIGURE 9, the enhanced model outperforms
the baseline across all key performance metrics, demonstrat-
ing superior detection capability and stability. Particularly
under challenging conditions such as uneven lighting, severe
target occlusion, and coexistence of multi-scale targets, the
improved model exhibits strong robustness and adaptability.
These results confirm the effectiveness of the proposed
modules in complex environments.

FIGURE 9. Comparative performance in occluded, low-light, and blurred
scenarios (VisDrone subset, metrics: Precision, Recall, mAP0.5,
mAP0.5:0.95).

The GeoCIoU loss function evaluates the alignment
between predicted and actual bounding boxes using two
distinct penalty terms. To better balance shape and positional
discrepancies, we performed comprehensive tests to investi-
gate the effects of different weight coefficients, ω1 and ω2
on detection performance. As demonstrated in TABLE 2,
GeoCIoU consistently outperforms CIoU by leveraging its
dual-penalty mechanism.

The proposed GeoCIoU loss function employs a
dual-penalty mechanism with carefully optimized weight
coefficients (ω1 = 0.6 for geometric shape preservation,
ω2 = 0.4 for spatial alignment). Experimental results reveal
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that on the VisDrone dataset (characterized by predominantly
small targets<50 pixels), varying ω1 within the range
[0.5,0.7] yields marginal performance fluctuations (<0.8 %
mAP variation), indicating remarkable stability for small
object detection. Conversely, evaluation shows consistent
performance maintenance when ω2 remains within [0.4,0.6].
This stability arises from the complementary roles of the
two penalty terms: ω1 primarily enhances edge localization
accuracy for small objects by preserving high-frequency
features, while ω2 maintains orientation sensitivity for
elongated structures. Optimal performance was achieved
with ω1 = 0.6 and ω2 = 0.4, resulting in mAP of 84.9
%, representing a 1.6 % improvement over the baseline
model. This configuration demonstrates GeoCIoU’s optimal
optimization capability. Based on these results, we adopted
ω1 = 0.6 and ω2 = 0.4 for all subsequent experiments.

TABLE 2. Experimental results with different weights of GeoCIoU.

E. COMPARISON EXPERIMENT
To validate the effectiveness of the proposed model, a series
of experiments are conducted on the NWPU VHR-10 and
VisDrone datasets, comparing SWL-YOLO with mainstream
object detection models, including Faster R-CNN, YOLOv5,
YOLOv8, YOLOv10, Mask R-CNN, YOLOP, YOLOv11,
as well as ADS-YOLO [40], CANet [41], SCRDet [42], and
CE-FPN [43].
For the object detection subtask, SWL-YOLO achieved

the best overall performance among all compared models.
Evaluation was based on mAP0.5, with results summarized
in TABLE 3. Our method obtains higher mAP scores in
categories such as airplanes, ships, storage tank, tennis
court, ground track field, harbors, and bridges. SWL-YOLO
outperformed both two-stage algorithms, Faster R-CNN and
Mask R-CNN, as well as one-stage models including S2A-
Net [44] and SCRDet, demonstrating superior detection
capability across diverse remote sensing object categories.

TABLE 3. Comparison of different models on NWPU VHR-10 dataset (%).

To comprehensively evaluate the effectiveness of the
improved models for target detection, several current

mainstream models were selected for comparation on the
VisDrone dataset. SWL-YOLO was compared with Mask-
RCNN, YOLOV5, YOLOV8, FCOS [45], M2Det [46],
Zhang et al. [47], Xue et al. [48], Bai et al. [49], Drone-
DETR [50] and YOLO11s. The experimental findings are
presented in TABLE 4. Upon analyzing the results, the
mAP0.5 value of this model is particularly outstanding,
as high as 0.65, which is higher than that of all the
compared models. As a comprehensive metric of precision
and recall, mAP0.5 indicates that our model achieves an
excellent balance between detection accuracy and robust-
ness. The parameter count of our approach is 8.36M,
with GFLOPs of 25.4, comparable to commonly used
lightweight models. While maintaining low parameter count
and computational requirements, the improved model in
this paper demonstrates the highest performance, which
strongly validates the effectiveness of the proposed strategy.
While transformer-based detectors such as Drone-DETR
have achieved strong global reasoning, their computational
complexity limits deployment in real-time remote sensing
scenarios. In contrast, SWL-YOLO leverages lightweight
convolutional and wavelet-based mechanisms to achieve
comparable performance with significantly lower resource
requirements.

TABLE 4. Comparison of different models on VisDrone dataset (%).

F. VISUALIZATION
To validate the performance of the SWL-YOLO algorithm
for RSOD, representative examples were selected from the
NWPU VHR-10 and VisDrone datasets. We carried out a
comparison of the benchmark algorithm YOLOv11 and the
improved SWL-YOLO. FIGURE 10 presents the visualiza-
tion results of both models. Additionally, heatmap-based
visualizations of the model outputs are provided to intuitively
demonstrate the advantages of the improved architecture in
feature extraction, highlighting attention regions and feature
responses to the input images.

As illustrated in FIGURE 10, the first visual compar-
ison reveals that YOLOv11 suffers from false detection
issues, whereas SWL-YOLO achieves more accurate pixel-
level predictions. In the second comparison, SWL-YOLO
demonstrates higher detection precision than YOLO11s.
The third comparison shows that YOLO11s misidentifies
distant vehicles, while SWL-YOLO maintains smoother
and more complete segmentation edges. In the fourth
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FIGURE 10. The visualization results on two datasets. While the baseline detector YOLO11s falsely detects or misses the small
targets, the proposed SWL-YOLO detector can correctly detect the target objects.

comparison, YOLO11s fails to detect certain objects, whereas
SWL- YOLO successfully identifies distant motorcycles and
pedestrians. In the fifth comparison, YOLO11s misclassifies
a motorcycle as a pedestrian, while SWL-YOLO accurately
detects all objects. The visualization results demonstrate that
SWL-YOLO exhibits strong robustness and high precision,
delivering reliable detection performance across diverse
scenarios. This makes the model particularly well-suited for
small object detection tasks in complex and challenging
remote sensing environments.

Figure 11 illustrates the heatmap visualizations of both
models on the VisDrone dataset. FIGURE 11 (a) shows
the original image, while Figure 11 (b) and 11 (c) present
the activation maps of YOLO11s and SWL-YOLO under
identical conditions, respectively. In the heatmaps, red
regions correspond to areas contributing most significantly
to target detection. In Figure 11(b), YOLO11s exhibits
diffused activation patterns with weaker responses to small
targets, consistent with its lower recall (89.2% vs. 89.8%

for SWL-YOLO as reported in Table 1). By contrast, SWL-
YOLO’s heatmap in Figure 11(c) demonstrates three key
advantages: (1) Sharper high-frequency activations precisely
aligned with small object edges (red regions), validating
the effectiveness of the WDown module in preserving
fine-grained spatial details via wavelet decomposition. (2)
Stronger contextual awareness around clustered objects
(blue-green halos), attributable to the LSKmodule’s dynamic
receptive field adjustment. (3) Suppressed background noise
(fewer scattered activations), reflecting the SAFM’s spatially-
adaptive feature. weighting. These activation patterns corre-
late directly with SWL-YOLO’s 5.1% mAP0.5 improvement
on the VisDrone dataset, particularly for sub-20px targets
where edge and texture features dominate detection.

Compared to YOLO11s, SWL-YOLO not only accu-
rately localizes critical features of the target but also
effectively incorporates contextual background information,
achieving more comprehensive feature fusion. This dis-
crepancy indicates that the improved SWL-YOLO exhibits
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FIGURE 11. Heat map visualization of baseline model and improved model on VisDrone dataset. In each subfigure, the first
column shows the example images from VisDrone dataset. The second column shows their feature maps generated by YOLO11s,
while the third column shows the feature maps generated by SWL-YOLO.

significant advantages in leveraging contextual information,
thereby enhancing detection accuracy and semantic scene
understanding. The heatmap visualization demonstrates that
synergistic integration of SAFM (local feature module),
WDown (detail preservation), and LSK (global context)
provides stronger robustness and adaptive capability in
feature extraction and background fusion. These results
further validate the effectiveness of the proposedmodel under
complex remote sensing scenarios.

IV. CONCLUSION
In this study, we propose an enhanced object detection
algorithm, SWL-YOLO, specifically designed to improve
small object detection in low-quality RSIs. The model is
built upon the YOLOv11 framework. To address the chal-
lenges of high computational overhead and limited detection
accuracy for small-scale targets, several key enhancements
are introduced: firstly, SAFM is introduced. By employing
channel splitting and spatially-aware dynamic weighting,
SAFM modulates feature maps at both region and pixel
levels, improving the model’s sensitivity to small objects and
edge features while maintaining low computational overhead.
Second, to tackle the challenges posed by small objects that
rely on contextual information and varying receptive field
requirements across object categories, the LSK mechanism
is incorporated. LSK dynamically adjusts receptive fields

through efficient decomposition of large kernels, enabling
adaptive contextual modeling that substantially enhances
detection robustness. Third, to mitigate issues related to low
contrast and loss of detail in degraded RSIs, the WDown
operator is adopted. This operator effectively preserves
high-frequency details without blurring or discarding critical
spatial features. Finally, for improved bounding box regres-
sion, the original CIoU loss is replaced with the GeoCIoU
loss, which employs a dual-penalty mechanism to provide
more accurate training feedback regarding object orientation,
scale, and overlap.

Experimental results demonstrate that SWL-YOLO
achieves consistent improvements over YOLOv11, with
mAP0.5 gains of 5.1 % on VisDrone and 4.2 % on NWPU
VHR-10, while reducing parameters by around 10 %.
The model maintains real-time inference capability and
strikes a practical balance between accuracy and efficiency,
making it well-suited for time-sensitive remote sensing tasks.
Despite the improvements, limitations remain when detecting
ultra-small or densely overlapping objects and when using
RGB-only imagery. Future work will explore multimodal
fusion and transformer integration to enhance robustness.
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