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Abstract

Unmanned Aerial Vehicles (UAVs) face a significant challenge in balancing high accuracy
and high efficiency when performing real-time object detection tasks, especially amidst
intricate backgrounds, diverse target scales, and stringent onboard computational resource
constraints. To tackle these difficulties, this study introduces YOLO-SRMX, a lightweight
real-time object detection framework specifically designed for infrared imagery captured
by UAVs. Firstly, the model utilizes ShuffleNetV2 as an efficient lightweight backbone
and integrates the novel Multi-Scale Dilated Attention (MSDA) module. This strategy
not only facilitates a substantial 46.4% reduction in parameter volume but also, through
the flexible adaptation of receptive fields, boosts the model’s robustness and precision
in multi-scale object recognition tasks. Secondly, within the neck network, multi-scale
feature extraction is facilitated through the design of novel composite convolutions, ConvX
and MConv, based on a “split-differentiate—concatenate” paradigm. Furthermore, the
lightweight GhostConv is incorporated to reduce model complexity. By synthesizing
these principles, a novel composite receptive field lightweight convolution, DRFAConvP,
is proposed to further optimize multi-scale feature fusion efficiency and promote model
lightweighting. Finally, the Wise-IoU loss function is adopted to replace the traditional
bounding box loss. This is coupled with a dynamic non-monotonic focusing mechanism
formulated using the concept of outlier degrees. This mechanism intelligently assigns
elevated gradient weights to anchor boxes of moderate quality by assessing their relative
outlier degree, while concurrently diminishing the gradient contributions from both high-
quality and low-quality anchor boxes. Consequently, this approach enhances the model’s
localization accuracy for small targets in complex scenes. Experimental evaluations on the
HIT-UAV dataset corroborate that YOLO-SRMX achieves an mAPs5 of 82.8%, representing
a 7.81% improvement over the baseline YOLOv8s model; an F1 score of 80%, marking a
3.9% increase; and a substantial 65.3% reduction in computational cost (GFLOPs). YOLO-
SRMX demonstrates an exceptional trade-off between detection accuracy and operational
efficiency, thereby underscoring its considerable potential for efficient and precise object
detection on resource-constrained UAV platforms.
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1. Introduction

Over the past few years, Unmanned Aerial Vehicle (UAV) technology has undergone
rapid and significant development. Due to their exceptional flexibility, stealth, and high
efficiency, UAVs have become indispensable reconnaissance and detection tools in both
civilian and military domains, with a broad spectrum of applications. UAV-based object
detection technologies have been widely applied across diverse sectors, including agricul-
ture, surveying and mapping, disaster management, healthcare, firefighting, and national
defense. As illustrated in Figure 1, researchers have extensively studied UAV object detec-
tion applications in these fields. For example, in agriculture, F. Ahmad et al. [1] performed
field studies to investigate how UAV sprayer configurations influence spray deposition
patterns in both target and non-target zones for weed control purposes. Their findings
demonstrated how UAVs enabled the optimization of spraying efficacy and the reduction
of pesticide drift. In surveying and mapping, M. Gasparovi¢ et al. [2] utilized UAVs
equipped with low-cost RGB cameras to acquire high-resolution imagery and combined
photogrammetric processing with machine-learning classification techniques to develop
an automated method for generating high-precision weed distribution maps in farmland,
providing crucial spatial information support for precision agriculture. In disaster manage-
ment, N. D. Nath et al. [3] employed UAV video for spatial mapping. By integrating SIFT
feature matching, progressive homography estimation, multi-object tracking, and iterative
closest point registration, they achieved GPS-independent, high-precision localization and
mapping of features in disaster-stricken areas. In firefighting, Kinaneva et al. [4] proposed
an early forest fire detection method combining UAV platforms with artificial-intelligence
techniques. Their approach utilized thermal imaging and real-time image analysis to
enhance the identification of initial fire indicators, thereby improving the timeliness and
accuracy of fire response in forest fire prevention, emergency response, and disaster man-
agement. In national defense, He et al. [5] introduced the YOLOv5s-pp algorithm, which
integrates channel attention (CA) modules to optimize small-object detection from UAV
perspectives, thereby boosting the robustness and safety of UAV platforms during essential
operations, including military reconnaissance, security monitoring, and route patrolling.
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Currently, Convolutional Neural Networks (CNNs) stand as the predominant framework
in the domain of object detection. CNN-based object detection methods can generally be
categorized into two-stage and single-stage approaches. Two-stage algorithms, such as R-
CNN [6], SPPNet [7], Fast R-CNN [8], and Faster R-CNN [9], depend on region proposal
generation and generally achieve higher localization accuracy, despite being hindered by
relatively slow inference speeds. Single-stage algorithms, such as SSD [10], YOLO [11] and
RetinaNet [12], directly regress object locations and categories, achieving faster detection speeds.
Their detection performance, especially for small objects, has been continuously improved
through techniques like multi-scale feature fusion. Owing to their excellent trade-off between
being lightweight and highly accurate, YOLO series algorithms have found widespread
application in UAV object detection, spurring further research in this domain (e.g., YBUT [13]).

However, object detection from a UAV perspective typically faces several challenges:
(1) complex and cluttered backgrounds; (2) highly variable object scales; (3) large fields of
view (FOV) that yield sparse or uneven object distributions; (4) frequent changes in object
location, orientation, and angle; and (5) stringent limits on onboard computational resources.
These factors significantly impede the performance of UAV-based detectors. To address these
challenges, researchers have introduced numerous methodologies adapted for distinct UAV
operational environments. To mitigate background complexity in UAV imagery, Bo et al. [14]
employed an enhanced YOLOV7-tiny network architecture. By redesigning the anchor box
mechanism and incorporating key modules such as SPPFCSPC-SR, InceptionNeXt, and Get-and-
Send, they improved feature representation for small targets and cross-level information fusion.
This method significantly boosted detection precision and system resilience in complex dynamic
environments, though its feature extraction capability remains limited in highly challenging
scenarios. Similarly targeting background complexity, Wang et al. [15] proposed OATF-YOLO,
which introduces an Orthogonal Channel Attention mechanism (OCAC?2f), integrates a triple
feature encoder and a scale-sequence feature fusion module (TESSF), and incorporates an
internal factor (I-MPDIoU) into the loss function to enhance feature extraction and background
discrimination. However, its robustness remains insufficient for aerial images with variable
viewpoints, arbitrary orientations, complex illumination, and diverse weather conditions.

To cope with small, low-resolution targets, Zhao et al. [16] presented Subtle-YOLOVS.
Building on YOLOVS, it integrates an Efficient Multi-Scale Attention module (EMA), Dynamic
Serpentine Convolution (DSConv), a dedicated small-object detection head, and a Wise-loU
loss function. Although it markedly improves small-object detection, its performance degrades
for slightly larger targets (e.g., trucks), and the overall model complexity increases. Similarly,
Chen et al. [17] developed a Residual Progressive Feature Pyramid Network (R-AFPN). It fuses
features via a Residual Progressive Feature Fusion (RAFF) module for adaptive spatial and
cross-scale connections, employs a Shallow Information Extraction (SIE) module to capture
fine low-level details, and uses a Hierarchical Feature Fusion (HFF) module to enrich deep
features through bottom-up incremental fusion. While R-AFPN excels at single-class, small-
object detection with low parameter counts, its robustness on multi-class, large-scale-variation
datasets (e.g., VisDrone2019) remains inferior to some state-of-the-art networks. To correct
severe radial distortion in wide-angle and fisheye images, Kakani et al. [18] devised an outlier-
optimized automatic distortion-correction method. By extracting and aggregating straight-line
segments into line-member sets, introducing an iterative outlier-optimization mechanism, and
applying an accumulated vertical-line-angle loss, they jointly optimize distortion parameters
and purify line members. Although this significantly improves corrected image quality and
downstream vision tasks, the method’s robustness degrades in scenes lacking abundant linear
features. To fulfill timeliness stipulations amidst constrained resources, Ma et al. [19] proposed
LW-YOLOVS, a lightweight detector based on an improved YOLOvSs. They designed a
CSP-CTEN module combining CNNs with multi-head self-attention and a parameter-sharing
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PSC-Head detection head, and adopted SloU loss to boost localization precision. While this
approach drastically reduces model size and accelerates inference, its adaptability on extremely
resource-limited devices and in complex environments still needs enhancement. Within the
YOLOVS5 framework, Chen et al. [20] replaced the backbone’s C3 modules with Efficient Layer
Shuffle Aggregation Networks (ELSANSs) to improve speed and efficiency, and integrated
Partial Convolution (PCConv) with an SE attention mechanism in the neck to further reduce
computation and increase accuracy. This method significantly improves detection in heavily
overlapping and occluded agricultural scenes, but its performance declines under extreme
overlap, and false positives persist in complex backgrounds. Finally, the issue of object rotation
in UAV imagery has also been addressed. Pan et al. [21] extended YOLOVS8 by adding a
rotation-angle (f) output dimension in the detection head to remedy object deformation and
rotation, as seen from UAV viewpoints. Li et al. [22] improved the S2A-Net by embedding
PSA /CIM modules for richer feature representation and combining D4 dehazing with an
image-weighted sampling strategy for optimized training. Although this enhances rotated-
object detection, its generalization ability and runtime efficiency remain areas in need of
further optimization.

Despite substantial advancements in the domain of UAV object detection, investigations
that effectively integrate multi-scale feature fusion strategies with compact network designs
to synergistically enhance both detection accuracy and operational efficiency remain relatively
limited. To tackle these challenges and achieve a better balance between high-precision
detection and model lightweighting, this work introduces a specialized lightweight UAV
object detection approach. The main contributions of this paper are as follows:

In response to the resource constraints and real-time requirements of UAV platforms,
this paper constructs a systematic lightweight detection architecture. Firstly, an efficient
ShuffleNetV2 is adopted as the backbone network to significantly reduce the base parameter
count and computational costs. To compensate for the potential decline in feature represen-
tation capability caused by deep lightweight design, particularly in capturing contextual
information of small targets against complex backgrounds, a Multi-Scale Dilated Attention
(MSDA) mechanism is further integrated into the backbone network. This mechanism effec-
tively enhances the feature extraction efficiency of the backbone network through its dynamic
multi-scale receptive field capability. The synergistic optimization of this backbone and the
lightweight design of the neck network result in a remarkable 65.3% reduction in the model’s
computational load (GFLOPs) compared to the baseline model.

To address the challenge of high false detection rates caused by the low resolution and
limited feature information of small targets, this paper abandons the conventional approach
of stacking or replacing modules. Instead, it proposes a novel neck network design paradigm
centered on the concept of “heterogeneous feature decoupling and dynamic aggregation”.
This paradigm aims to maximize the model’s ability to extract and fuse diverse features at
minimal computational cost, achieved through our original two core components:

*  Original bottleneck modules for heterogeneous decoupling (C2f ConvX &
C2f_MConv): This paper introduces a novel “split-differentiate-merge” strategy within
the C2f architecture. Unlike standard group convolution’s homogeneous processing, the
proposed C2f_ConvX and C2f_MConv modules asymmetrically split the information
flow and apply convolutional transformations with divergent scales and complexities.
This asymmetric design decouples and extracts richer gradient combinations and feature
spectra from raw features, significantly enhancing the discernibility of small targets in
complex backgrounds without a substantial parameter increase.

¢  Original lightweight convolution for dynamic aggregation (DRFAConvP): To effi-
ciently fuse the aforementioned decoupled heterogeneous features, this paper proposes
DRFAConvP—a fundamental advancement over existing lightweight convolutions (e.g.,
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GhostConv). While GhostConv relies on static linear transformations for feature gen-
eration, DRFAConvP innovatively integrates an input-dependent dynamic attention
mechanism into this process. This enables adaptive aggregation of multi-receptive-field
information, where the network dynamically focuses on the most discriminative spatial
details for the current target, effectively resolving the severe scale variation challenges in
UAV-based detection.

To enhance the model’s small-target localization precision in complex scenarios, the
Wise-IoU (WIoU) loss function is introduced, incorporating a dynamic non-monotonic fo-
cusing mechanism. This mechanism intelligently modulates gradient weights according
to anchor boxes’ outlier degrees, prioritizing the optimization of medium-quality anchors
while suppressing harmful gradients from low-quality samples, thereby achieving more accu-
rate small-target localization in cluttered backgrounds and effectively reducing both missed
detection and false alarm rates.

2. Model Design
2.1. YOLOuS8 Architecture Analysis

YOLOVS is a family of YOLO models released by Ultralytics in 2023. It can be applied
to multiple computer vision tasks, including image classification, object detection, instance
segmentation, and keypoint detection. The model is available in five different sizes, rang-
ing from the compact YOLOv8n to the large YOLOvV8x, with detection accuracy increasing
alongside model size. The YOLOVS architecture consists of four primary components: Input,
Backbone, Neck, and Head. The Input module preprocesses images for efficient network pro-
cessing, employing adaptive scaling to improve both image quality and inference speed [23].
The Backbone consists of Conv, C2f, and SPPF modules that collaboratively extract features
from the input. Notably, the C2f module integrates two convolutional layers and multiple
Bottleneck blocks to capture richer gradient information [24], while the SPPF module applies
three successive max-pooling operations to harvest multi-scale object features, thereby en-
hancing detection accuracy across various object sizes [25]. The overall YOLOvVS architecture
is illustrated in Figure 2.
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Figure 2. YOLOVS architecture diagram.
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2.2. Improved YOLOv8s Model Network Structure

Object detection tasks performed from a UAV perspective face multiple inherent chal-
lenges. Firstly, high-altitude, long-distance imaging and a wide field of view (FoV) often
result in targets appearing small, with low resolution. Their faint features can easily be
confounded with complex backgrounds containing diverse terrains (such as buildings, veg-
etation, and textures), severely hindering accurate identification and localization. Secondly,
the inherent limitations in computational power, storage space, and energy consumption of
UAV platforms impose stringent demands on the lightweight design and computational
efficiency of detection models. Therefore, while pursuing high detection accuracy, it is
crucial to consider the resource efficiency for model deployment; achieving an effective
balance between these two aspects is key in this research field.

To surmount these difficulties, we present YOLO-SRMX, an efficient detection architec-
ture customized for infrared targets, built upon YOLOvSs. Figure 3 delineates the refined
YOLOVS structure, which comprises the following augmentations:
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Figure 3. Improved YOLOVS architecture.

* In the Backbone network, an efficient ShuffleNetV2 architecture is employed and
integrated with the MSDA mechanism. This design significantly reduces computa-
tional overhead while leveraging MSDA’s dynamic focusing and contextual awareness
capabilities to strengthen the extraction efficacy of critical features.

* Inthe Neck network, several optimizations are implemented to enhance feature fu-
sion and reduce computational load. Novel composite convolutions, ConvX and
MConv, along with their corresponding C2f_ConvX and C2f_MConv modules, are
designed based on a “split-differentiate-process—concatenate” strategy. Additionally,
the lightweight GhostConv is introduced, and by combining the multi-branch pro-
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cessing principles of composite convolutions with the lightweight characteristics of
GhostConv, a novel Dynamic Receptive Field Attention Convolution, DRFAConvDP, is
proposed. These collective improvements optimize the neck network’s computational
efficiency and feature processing capabilities.

* In the Loss function component, the original loss function is replaced with Wise-
IoU (WIoU). It incorporates a dynamic non-monotonic focusing approach. Through
this approach, gradient weights are judiciously apportioned based on the respective
outlier degree of each anchor box. The optimization of anchor boxes with intermediate
quality is emphasized, whereas the gradient influence from samples of poor quality
is mitigated. This allows the model to achieve more exact localization of multi-scale
targets and bolsters its overall stability.

2.3. Lightweight Feature Extraction Network Fusing Attention Mechanism

In practical application deployment, especially on mobile platforms with limited
computational power and memory resources, such as unmanned aerial vehicles (UAVs),
model deployment faces significant challenges. Large-scale neural network algorithms
are often difficult to run effectively in these environments due to their high resource
demands. Therefore, optimizing model parameter count and computational complexity
is a key prerequisite for ensuring deployment feasibility and operational efficiency in
resource-constrained scenarios.

Although the original YOLOv8 model exhibits good detection performance, it has in-
herent defects in losing key target information during the feature extraction stage. Coupled
with its large model size and high computational requirements, its effective deployment on
resource-constrained devices (such as UAVs) is limited. To overcome these limitations, this
paper makes critical improvements to the backbone network of YOLOvSs: it adopts the
lightweight and computationally efficient ShuffleNetV2 as the basic architecture, leveraging
its unique Channel Shuffle and Group Convolution mechanisms to significantly reduce
model complexity and parameter count. Concurrently, the MSDA mechanism is integrated
to enhance the network’s dynamic capture and perception capabilities for multi-scale key
features. This alternative backbone solution, combining ShuffleNetV2 and MSDA, aims to
achieve a significant reduction in parameter count and computational load and improve
the effectiveness of feature extraction, thereby constructing a lightweight and efficient
detection model more suitable for resource-constrained application scenarios.

2.3.1. ShuffleNetV2 Module

Ma et al. [26] proposed a set of design guidelines for optimizing efficiency metrics, ad-
dressing the issue of existing networks being overly reliant on indirect indicators like FLOPs
while neglecting actual operational speed. Based on these guidelines, They introduced the
ShuffleNetV2 network module, evolving from their prior work on the ShuffleNetV1 model.
Figure 4 shows that this module fundamentally comprises two main sections: a basic unit
and a downsampling unit.

For the basic unit, as shown in Figure 4a, input channels C are separated into dual
pathways (typically C/2 and C/2). One path serves as an identity mapping, which is
directly passed through, effectively achieving feature reuse. The other path processes
features using a combination of a standard convolution (kernel size 1 x 1), a depthwise
separable convolution (kernel size 3 x 3), and activation layers. This design enables
efficient cross-channel feature fusion while minimizing computational overhead. To prevent
network fragmentation and improve operational efficiency, feature channels are not evenly
divided. Furthermore, a serial structure is used to ensure consistent channel widths across
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all convolutional layers, thereby minimizing memory access costs. Channel shuffle is also
employed to facilitate effective communication between different channel groups.

input input
Channel Split Channel Split
C‘V cr /
1x1 Cony 2D 1x1 Cony 2D S Iy
stride =2
BnReLU | BnReLU | Bn \
Bn ! Bn ! 1x1 Conv 2D
1x1 Conv 2D 1x1 Conv 2D Bn ReLU ‘
Bn ReLU \ Bn ReLU \/
C C
Channel Shuffle Channel Shuffle
output C ) :Channel-wise Concatenation output

(a) (b)

Figure 4. ShuffleNetV2 Unit. (a) Basic unit. (b) Downsampling unit.

The downsampling unit, shown in Figure 4b, differs from the basic unit by omitting
the channel split operation, meaning all input ¢ channels participate in computation.
Concurrently, the branch that performs identity mapping in the basic unit introduces a
depthwise separable convolution (kernel size 3 x 3), a standard convolution (kernel size
1 x 1), and activation layers. The downsampling unit reduces the spatial dimensions of
the feature map by half, concurrently doubling the number of channels. Subsequent to
combining the two branches, a channel rearrangement technique is employed to facilitate
an exchange of data across channels. By directly increasing the network’s width and the
number of feature channels, the downsampling unit enhances feature extraction capabilities
without significantly increasing computational costs.

2.3.2. MSDA Attention Mechanism

Object detection tasks in remote sensing images face two inherent challenges: first,
complex and variable backgrounds can easily interfere with targets; second, target scales
vary greatly, ranging from small vehicles to large areas. Traditional convolutional op-
erations, owing to their fixed receptive field sizes, struggle to efficiently acquire both
the fine-grained attributes of diminutive objects alongside the holistic structural data of
macroscopic objects in parallel. Although the aforementioned ShuffleNetV2 backbone
network significantly improves the model’s computational efficiency, laying a foundation
for lightweight deployment, its standard structure still has limitations in adequately ad-
dressing the feature representation challenges posed by extreme scale variations and strong
background interference in remote sensing images. To precisely address these obstacles
and subsequently bolster the robustness and distinctiveness of feature extraction, this study
judiciously incorporates the MSDA module subsequent to the introduction of ShuffleNetV2.

The core idea of MSDA is to divide the channel dimension of the input feature map
into n groups (or “heads”) and apply a Scaled Dilated Attention (SWDA) operation with
different dilation rates within each group, as shown in Figure 5. This multi-head, multi-
dilation rate design enables the model to
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e  Parallelly capture multi-scale contextual information: heads with a dilation rate of
1 focus on local, nearby details, while heads with larger dilation rates (e.g., ¥ = 3, 5) can
capture longer-range sparse dependencies, effectively expanding the receptive field.

¢ Dynamically adjust attention regions: through a self-attention mechanism, the impor-
tance weights of features within each head are calculated, assigning greater weights to
more relevant features (such as target regions) while suppressing interference from
irrelevant background information.

!

Linear

1

Concat

Heads I I

Sliding Window ) :
Dilated Attention X,

A S
Linear |~ Linear |~ Linear ™~
Q K \
Figure 5. Overall Architecture of MSDA.

The SWDA operation applied to each attention head i can be represented by the
following equation:
H, = SWDA(Qu, Ka, Vo, 12), 1<a<n 1)

where Q;, K;, V; denote the query, key, and value in order. The dilation rate specific to each
head is designated by 7, (e.g., r1 = 1,7 = 3). The output generated by each attention head
is identified as H,.

For a position (g, b) in the original feature map, before the feature map is split, the
output component X, from the SWDA operation is

QabKI
Vi

where the feature map’s height and width are denoted by H and w, respectively. K, and
V; comprise the key and value aggregates derived from feature maps K and V, governed

X, = Attention(Qp, Ky, V3) = Softmax( ) xV, 1<a<w1<b<w (2

by the dilation rate . When considering a query Q,; at coordinates (a, b), the key-value
pairs involved in its attention calculation originate from the coordinate set (a’,b’), detailed
as follows:

{(d', V) |a/ :a—i—pxr,b/ :b+qxr},—% <pg< %,p,quJr 3)

where w denotes the size of the local window (or kernel) employed for key and value
selection, while r specifies the dilation rate of this attention head.

After extracting multi-scale features through SWDA operations with different dila-
tion rates, the MSDA module concatenates all head outputs H, and performs effective
feature fusion through a linear layer. This procedure enables the model to synthesize data
from varied receptive fields, thereby encompassing both fine-grained local specifics and
comprehensive global architectures.
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Through the parallel deployment of attention heads with diverse dilation rates, the
MSDA mechanism empowers the network to concurrently acquire contextual data span-
ning various extents. This significantly bolsters the discernment of fine points in diminutive
targets and the comprehension of broad structures in large targets. This adaptable receptive
field significantly enhances the network’s capacity to accommodate substantial variations
in target dimensions within remote sensing imagery [27]. Furthermore, the built-in atten-
tion mechanism of MSDA further optimizes the features extracted by ShuffleNetV2. By
adaptively assigning higher weights to key features and suppressing background noise, it
significantly improves the network’s ability to distinguish targets in cluttered backgrounds.

To objectively assess the practical effectiveness of the MSDA mechanism within our
framework and to clarify its performance differences relative to current mainstream atten-
tion techniques, we conducted a systematic comparison—under a unified experimental
benchmark—between MSDA and representative modules such as Global Attention Mech-
anism (GAM) [28], inverted Residual Mobile Block (iRMB) [29], Coordinate Attention
Moudule (CA) [30], Efficient Channel Attention (ECA) [31], and Convolutional Block At-
tention Moudule (CBAM) [32] . The specific results of this comparison are presented and
analyzed in the Model Training and Evaluation section.

The synergy between ShuffleNetV2’s efficiency and MSDA’s multi-scale perceptual
and attention-focusing strengths collectively forms the novel lightweight and highly ex-
pressive backbone architecture proposed in this paper, thereby substantially boosting the
model’s object detection accuracy and robustness in intricate conditions.

2.4. Improved Feature Fusion Network Design

To refine the YOLOVS8 neck component (Neck) to meet the demands of high efficiency
and robust feature fusion in UAV applications, this study presents two principal enhance-
ments: firstly, the integration of lightweight convolutions, which curtail the complexity
of fundamental computational units by utilizing more streamlined feature extraction and
rearrangement mechanisms; secondly, the development of innovative multi-scale feature
fusion modules intended to supersede the conventional C2f structure, thereby bolstering
the acquisition and integration capacities for multi-scale data through the optimization of
feature extraction and aggregation strategies within parallel branches.

2.4.1. Lightweight Convolution: GhostConv Module

In the YOLOVS8 network architecture, the feature fusion module employs a Cross-Stage
Partial (CSP) network. Although CSP modules can reduce the parameter count to some ex-
tent, for efficient deployment of object detection tasks on UAV platforms with limited com-
putational resources, the overall scale of the YOLOvS8 network remains excessively large.

In the current research context of neural network model compression and pruning,
extensive research has shown that feature maps generated by many mainstream convolu-
tional neural network architectures often contain rich redundant information, manifesting
as highly similar content in some features. Addressing this common phenomenon, Ghost-
Net [33] proposes a viewpoint: these seemingly redundant features are crucial for ensuring
certain neural networks achieve high-performance detection, and these features can be
generated more efficiently. To achieve this goal, GhostNet [33] introduces the GhostConv
module, as shown in Figure 6.

The fundamental concept behind the Ghost module involves breaking down the stan-
dard convolution operation into a two-stage process: First, it processes the input feature
map X € RO/ ysing a standard (or backbone) convolutional layer to generate a few

xw'

basic, representative intrinsic feature maps Y’ € R x" Next, the Ghost module applies

a series of inexpensive linear transformations (such as depthwise separable convolutions
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or simple pointwise operations). Each intrinsic feature map undergoes I — 1 linear transfor-
mations and one identity mapping, thereby deriving additional ghost feature maps.The
formation of the ghost feature map Y’ is articulated by Equation (4):

Y =®,,(y,), Va=1,...,n, b=1,...,1 4)

As per Equation (4), n indicates the number of channels in Y’, with y, representing
the a-th channel, and b referring to the b-th linear transformation applied to . For each
feature map y;, I — 1 linear transformations are executed, followed by a single identity
transformation, thereby yielding an output Y with m = n - channels. Hence, the total
number of linear transformations performed on the feature mapsis n - (I — 1). Assuming
a kernel dimension of d x d, Equations (5) and (6) detail the Ghost module’s theoretical
computational speedup ratio rs and its parameter compression ratio 7.:

m-h-w - c-k? N l-c k2 ~ )
T w e R+ (-1 0w - d2 T o k2 (1-1)d?

rs =

m-c-k? ~ l.c k2

%-c-kz—l-(l—l)%-dzNc~k2+(l—1)d2%l ©)

re =

From the above equations, it can be seen that Ghost convolution reduces the number of
parameters by approximately / times without significantly impairing the network’s ability
to effectively extract features.

Ghost Conv

Intrinsic Feature Map

o,

<
% T

Ghost Feature Map

Figure 6. GhostConv Architecture.

2.4.2. Efficient Multi-Scale Feature Extraction Modules: C2f ConvX and C2f MConv

Standard convolutions face inherent limitations due to their fixed receptive fields,
while existing multi-branch architectures, though capable of providing multi-scale informa-
tion, often incur substantial computational redundancy. To resolve this “efficiency versus
feature diversity” dilemma, we propose an original design philosophy of “asymmetric
heterogeneous convolution”. Building upon this foundation, we pioneer two novel com-
posite convolution operators (MConv (Figure 7) and ConvX (Figure 8)) and introduce
two groundbreaking bottleneck modules (C2f_ConvX and C2f MConv).

The core design of MConv and ConvX follows the “Split-Process—-Concatenate” strat-
egy, a mechanism aimed at efficiently capturing and fusing the inherently multi-scale
features in UAV imagery. The key lies in “differentiated processing”: unlike standard
group convolution, which primarily aims to homogeneously reduce computational load,
this strategy intentionally assigns different convolutional operations—varying in kernel
scale, shape, or type—to different parallel branches. This design enables each branch to
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specialize in extracting specific types or scales of feature information—small kernels for
fine texture details, large kernels for contours and macroscopic structures, and asymmetric
convolutions potentially more sensitive to edges in specific orientations. Since the fea-
tures extracted by each branch are designed to be highly complementary, they collectively
cover a broader feature spectrum. Consequently, in the final “concatenate” stage, a simple
channel concatenation operation itself constitutes an efficient and information-rich feature
fusion method, directly pooling diverse information from different receptive fields and
semantic levels. The advantage of this mechanism is that it avoids the extra overhead often
required by traditional parallel structures (like standard group convolution) to facilitate
information interaction, such as the channel shuffle operation needed in ShuffleNet [26],
or the additional 1 x 1 Pointwise Convolution used for channel information fusion in the
depthwise separable convolutions of MobileNet [34]. Ultimately, this strategy improves
the model’s capacity to represent multi-scale, multi-morphology features, concurrently
realizing optimized computational efficiency.

\

C/4xHxW

CxHxW C/4XHXW
8.

L

C/2xH;W The structure of MConv
| EE Conv ! , ,
I U Meaw S Siemid
i E i Split Bottlfneck i
| MConv EE Ln i (®): clement-wise
i I Shortcuti E MConv | product
i f Bottleneck |
: MConv EI Concat <« v ! ® : Concatenation
| " |
| MConv MConv C2f |
| : I C 1 .
| BottleNeck i oy Module | D aud

Figure 7. MConv Convolution, MConv Bottleneck, and C2f module architecture based on MConv
Bottleneck.
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Figure 8. ConvX Convolution, ConvX Bottleneck, and C2f module architecture based on ConvX
Bottleneck.

MConv (Figure 7): The input (C channels) is split into three branches of C/4, C/4, and
C/2 channels. These are processed by 1 x 1,5 x 5, and 3 x 3 convolutions, respectively.
The output of the 1 x 1 branch, after a Sigmoid activation, is element-wise multiplied
with the output of the 5 x 5 branch. Finally, the attention-enhanced features, the 3 x 3
branch’s output, and the original output of the 1 x 1 branch undergo concatenation to
restore C channels.

ConvX (Figure 8): The input (C channels) is uniformly split into four branches (each
C/4). These are processed by 1 x 1 Conv, 5 x 1 Conv, 1 x 5 Conv, and 5 x 5 Conv,
respectively. Finally, the four branch outputs undergo concatenation to restore C channels.

Based on MConv and ConvX, we constructed corresponding MConv Bottleneck and
ConvX Bottleneck modules and used them to replace the bottleneck blocks in the original
C2f module, forming the C2f MConv and C2f_ConvX modules.
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This design offers two prominent advantages: a significant reduction in computational
complexity and an effective enhancement of feature representation capability.

1. Significant reduction in computational load: Specifically, taking a feature map of
size C X H x W as an example, the comparison of computational costs (FLOPs) between
standard convolution and MConv/ConvX is as follows:

Standard convolution:

FLOPs = Hout X Wout X Cout X (K2 X Cin) @)

where H,,; represents the height of the output feature map, Wy, represents the width
of the output feature map, C,,; represents the number of channels in the output feature
map, K represents the size of the convolution kernel, and C;,, represents the number of
input channels.

MConv:
FLOPspranch1 = H X W x (Z) X (i) Xx1x1= HI;\gCZ (8)
FLOPspranchy = H X W % (Z) X (i) x5 x5= % )]
FLOPs,roduct = H X W X % (10)
FLOPspranchz = H X W x (g) X (g) X3 x3= % (11)
FLOPsyicony = i FLOPSpanchi + FLOPsy, = 31H;/V ¢ - HZVC ~ 3.875HWC? (12)

i=1

where FLOPSp, ancn, Tepresents the computational cost of the i-th branch, FLOPS¢jement-wise
represents the computational cost of element-wise multiplication between branch 1 and
branch 2, and FLOPspcony represents the computational cost of the MConv
composite convolution.

ConvX:

C C HWC?

FLOPSpranch1 = H X W (4) X (4) Xx1x1= T (13)

2

FLOPSppanery = Hx Wx () x ($) x1x5 = 2VC (14)
4 4 16
C C 2

FLOPsprancizs = HXW X [ = | x [ — | x5 x 1= SHWC (15)
4 4 16

2

FLOPsp ancha = H X W X ¢ X ¢ X5x5= ZHWCE (16)

4 4 16
4 2
FLOPSConyx = Y FLOPSpranchi = 9HZVC = 2.25HWC? (17)

i=1

where FLOPSspanqh, represents the computational cost of the i-th branch, and FLOPsconyx
represents the computational cost of the ConvX composite convolution.

As demonstrated in Equations (12) and (17), the computational costs of MConv and
ConvX are 3.875HWC? and 2.25HWC?, respectively. Compared to a standard 5 x 5 convo-
lution (25HWC? FLOPs) providing equivalent receptive fields, their computational costs
represent merely 15% and 9% of the latter. This substantial theoretical efficiency advantage
proves that our heterogeneous design achieves significant computation reduction while
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maintaining rich feature representation, thereby effectively meeting real-time requirements
for UAV platforms.

2. Enhanced feature richness: Thanks to the diverse and complementary features
extracted and fused by the “differentiated processing” strategy, the final output feature map
possesses stronger representation capabilities. This helps improve the model’s detection
accuracy when dealing with targets of varying sizes and blurred details in UAV images.

Finally, to cater to the feature requirements at different positions in the network, we
strategically deployed the following two modules:

C2f_MConv module is deployed at the connection point linking the backbone network
and the neck network. This position requires effective integration of high-level semantic
information from the deep backbone network with shallow-level detail information. The
multi-scale parallel processing capability of C2f_MConv can better bridge and fuse semantic
and spatial features from different levels, providing a solid foundation for subsequent
cross-level feature fusion.

C2f_ConvXis deployed near the detection head. The detection head is directly respon-
sible for predicting target class and location, requiring more detailed and discriminative
features. C2f_ConvX, with its diverse convolutional branches, can extract richer and more
comprehensive fine-grained features, providing higher-quality information support for the
final detection task, thereby improving the accuracy of target localization and classification.

2.4.3. Composite Receptive Field Lightweight Convolution: DRFAConvP Module

While GhostConv provides an effective theoretical framework for model lightweight-
ing, its reliance on static and homogeneous linear transformations to generate “ghost”
features inevitably sacrifices feature richness—a critical drawback for detail-sensitive UAV
remote sensing tasks. To break this “efficiency—performance” trade-off, we propose DRFA-
ConvP, a novel method that transforms GhostConv’s simple linear operations for feature
generation into an intelligent feature enhancement process. This innovation integrates two
advanced concepts: (1) the multi-branch heterogeneous processing from our composite
convolutions, and (2) a dynamic input-dependent spatial attention mechanism inspired
by RFAConv [35]. As illustrated in Figure 9, DRFAConvP’s core advancement lies in its
dynamic attention mechanism and sophisticated heterogeneous transformations, enabling
stronger feature representation at low computational cost; the structure of the receptive-
field attention mechanism is detailed in Figure 10.

Intrinsic Feature Map

d : Receptive-Field Attention

DRFAConvP § P Add

Figure 9. Overall architecture of DRFAConvP.
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Figure 10. Receptive-field Attention.

”

Through the above design, the DRFAConvP module, in the process of generating “ghost
features, no longer relies on fixed, simple linear transformations. Instead, it introduces a
dynamic receptive field attention mechanism that depends on the input content. Consequently,
the convolutional process can adaptively fine-tune the weighting coefficients across distinct
spatial zones, guided by the input features. This results in a more efficient acquisition of critical
details vital for subsequent tasks, considerably elevating the network’s feature descriptive
power. Compared to the original GhostConv, DRFAConvP effectively mitigates the problem of
accuracy degradation while maintaining model lightweightness and computational efficiency.
The detailed procedure of the DRFAConvP module is outlined in Algorithm 1.

Algorithm 1 DRFAConvP Module operations

Input: Input feature map X
Output: Output feature map Z
procedure DRFAConvP (X)

> 1. Intrinsic Feature Extraction
Y < Convl x 1(X)

> Channels of Y are typically half of Z’s target channels

> 2. Dynamic Weight Generation

Py < AdaptiveAvgPooliyy i ona (V)
Py «+ AdaptiveAvgPooly, ica (Y
Psym < Py + Py

Wspatial <= GroupConv1 X 1(Psym, groups = channels(Y))
W < Softmax(Wipatial)

> 3. Feature Transformation and Weighting
F transformed < DWCOHV(Y)

2 weighted Firansformed © W

> 4. Information Fusion and Enhancement
Factivated <= ReLU(F weighted)

ConvF, weighted < Conv3x3(Fyctivated)
Yenhanced <= Y + ConvE weighted

> 5. Feature Concatenation

Z <+ Concatenate([Y, Yenhanced], 2xis = channel)
return Z

end procedure

> Kernel 1 x 1
> Spatial dynamic weights

> Depth-wise separable convolution
> Element-wise multiplication

> Residual connection
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2.5. Wise-IoU-Based Loss Function Design

The standard YOLOvS8s network uses the CIoU loss to guide its box predictions,
measuring differences based on the overlap area, the distance between box centers, and
how similar their aspect ratios are. But when we work with UAV datasets—where tar-
gets vary greatly in size, backgrounds are cluttered, and infrared images often have low
contrast—these less reliable samples can skew training. The CloU loss may end up focusing
too much on large errors from poor-quality labels, or it might give undue weight to anchors
that happen to match noisy ground-truth boxes well. Either way, this imbalance can hurt
the model’s ability to generalize and ultimately worsen its localization performance.

To overcome these challenges and boost localization accuracy on UAV platforms, we
employ the Wise-IoU (WIoU) loss function [36] for bounding-box regression. The main
innovation of WloU is its dynamic, non-monotonic focusing mechanism. Rather than using
fixed criteria or relying solely on IoU to gauge anchor quality, WIoU introduces an outlier
degree B, defined as the ratio between an anchor’s instantaneous IoU loss (detached from
the gradient graph) and the moving average of IoU losses:

L*
ﬁ — _ToU (18)
Lioy

where Lj |, denotes the current loss value with gradients blocked, and Loy is its dynamic
mean.

Building on the outlier degree g, WloU introduces an adaptive gradient modula-
tion strategy. It reduces the gradient contribution from high-quality anchors (i.e., those
with smaller ), which are already well-aligned with the ground truth, helping to avoid
overfitting. At the same time, it also lowers the gradient for low-quality anchors with
larger B, often caused by noisy labels or inherently difficult examples. This dual sup-
pression prevents extreme cases—either too easy or too poor—from dominating gradient
updates, which could otherwise impair the model’s generalization. Consequently, WloU
encourages the model to prioritize moderate-quality samples, where improvements are
most meaningful.

Crucially, this strategy is dynamic: the benchmark value L,y is updated continuously
during training, allowing gradient weights to adapt based on the model’s evolving state.

The formulation of the WIoU v3 loss is

Lwiouva = 7 Lwiouvi (19)

Here, Lwiouy1 represents the first version of the WIloU loss, enhanced with a distance-
based attention mechanism that adjusts the standard IoU loss as follows:

Lwiou,; = Rwiou * Liou (20)

We compute the attention term Rwiou as

_ (x — xgt)* + (y — ygr)?
Rwiou = eXP( (WE+ H2)"

(21)

This term penalizes predictions that are spatially far from the target center, using the
size of the ground truth box to normalize the displacement.

In this context, L,y = 1 — IoU represents the base IoU loss, while Ryj,u acts as a
spatial attention coefficient. The terms (x, y) and (xgt, ygt) denote the center coordinates
of the predicted and ground truth bounding boxes, respectively. The variables Wy and H,
refer to the width and height of the smallest enclosing box that covers both predicted and
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ground truth boxes. The asterisk (x) marks that Wg2 and Héz, are detached from gradient
computation—treating them as constants to help keep the optimization stable.
The key focusing term 7 is derived based on the outlier degree j, as defined by

r= (Szx[;* 5 (22)

Here, « and J are tunable parameters that shape the focusing curve.

In conclusion, WloU adopts a novel dynamic focusing strategy that adaptively reweights
gradient contributions based on anchor box quality, represented by . This mechanism
suppresses the influence of both overly easy and noisy hard examples, redirecting training
emphasis toward moderately challenging samples—those with higher potential for meaning-
ful learning. Such a property is crucial when handling UAV imagery, which often contains
cluttered scenes and imprecise annotations. By emphasizing more learnable samples, WloU
contributes to improvements in localization precision and generalization capability.

To evaluate the suitability of Wise-IoU (WIoU) for object detection tasks involving
infrared UAV images, we compared it with several widely adopted IoU-based loss func-
tions. These include DIoU [37], EloU [38], SloU [39], Shape-IoU [40], MPDIoU [41], and
Focal-GloU [42]. All comparisons were conducted on a unified model architecture incorpo-
rating the backbone and neck improvements proposed in this paper. The detailed results
and performance analysis of this comparison are presented in the Model Training and
Evaluation section.

3. Model Training and Evaluation
3.1. Datasets

This study primarily utilizes the HIT-UAV dataset [43] for model design and opti-
mization. Published by Nature Research in April 2023, this dataset is the first high-altitude
UAV infrared dataset. It contains infrared images captured by UAVs in various complex
environments, such as educational institutions, parking lots, streets, and recreational facil-
ities. Example images are shown in Figure 11. The original dataset annotates five target
categories: person, car, bicycle, other vehicle, and ‘don’t care’ regions.

The diverse shooting conditions (e.g., flight altitudes from 30 to 60 m and camera
angles from 30 to 90 degrees) result in significant variations in target size and shape, greatly
enhancing the dataset’s diversity and complexity. This characteristic is crucial for training
models, helping to improve their generalization ability and overall robustness to targets of
different scales.

In this work, we use a refined subset of the HIT-UAV dataset, which comprises
2898 images with a resolution of 640 x 512 pixels. The target categories in this subset
have been streamlined to three classes: person, bicycle, and vehicle, and it is partitioned
into training, testing, and validation sets at a ratio of 7:2:1, respectively. According to
statistics, this subset collectively contains 24,751 target bounding boxes. Among these, the
vast majority (17,118) are extremely small targets with a size of less than 32 x 32 pixels
(accounting for merely 0.01% of the total image pixels), which poses a significant challenge
for small object detection algorithms. The target distribution of the dataset is illustrated
in Figure 12.
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Figure 11. Example images from the HIT-UAV dataset.
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Figure 12. Target distribution of the HIT-UAV dataset.

Overall, the HIT-UAV dataset, with its unique high-altitude infrared perspective and
abundant small target samples, provides a valuable resource and a solid foundation for
advancing UAV-based infrared object detection and recognition technologies.
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3.2. Evaluation Metrics

This paper employs a range of evaluation metrics to assess model performance, in-
cluding Precision (P), Recall (R), F1 Score, Average Precision (AP), mean Average Precision
(mAP), parameter count, and GFLOPs. Among these, the number of parameters and
GFLOPs are used to characterize the model’s size and computational complexity, respec-
tively. The definitions and formulas for the key metrics are given below:

TP
TP + FP

Here, TP (true positive) represents correctly identified positive samples, while FP

Precision = (23)

(false positive) denotes incorrect positive predictions. Precision quantifies the proportion
of true positives among all samples predicted as positive.

TP
TP + FN

FN (false negative) refers to positive instances that were mistakenly predicted as

Recall = (24)

negative. Recall measures the proportion of correctly identified positives out of all actual
positive samples.

B 2. TP
~ 2-TP+FP+EN

The F1 score is the harmonic mean of Precision and Recall, offering a balanced measure

F1

(25)

when both false positives and false negatives are of concern.

1
AP :/ P(R)dR 26)
0
Average Precision (AP) summarizes the precision-recall trade-off for a specific category

by calculating the area under the Precision-Recall P(R) curve.

1N
AP = — ) AP; 27
mar= %3 Ar @)

Mean Average Precision (mAP) is obtained by averaging AP values across N object
classes, providing an overall indication of the model’s multi-class detection performance.

3.3. Experimental Platform

To assess the performance of the proposed YOLO-SRMX model, we conducted both
comparative experiments and ablation studies. The configuration details of the hardware
platform used for these evaluations are listed in Table 1.

Table 1. Experimental platform information.

Parameter Specification

CPU 16 vCPU Intel(R) Xeon(R) Platinum 8481C
GPU RTX 4090D (24 GB)

RAM 80 GB

Language Python 3.12 (ubuntu22.04)

Framework PyTorch 2.3.0

CUDA Version CUDA 12.1
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3.4. Experimental Results
3.4.1. Comparative Analysis of Different Attention Mechanisms

As shown in Table 2, the experiments demonstrate the impact of different attention
mechanisms on both detection performance and computational efficiency. Using the
baseline model (denoted by *) as a reference, its evaluation metrics include a Precision of
0.84, Recall of 0.66, mAPs5; of 0.760, and mAP5y_g5 of 0.490. The computational complexity
is 10.0 GFLOPs, with a parameter count of 11.3 M.

Table 2. Comparative Experiments with Different Attention Mechanisms.

Model P R mAPs5 mAP50_95 GFLOPS  Parameters/10°
* 0.84 0.66 0.760 0.490 10.0 11.3
* +GAM 0.76 0.74 0.749 0.463 10.9 12.6
* +iIRMB 0.70 0.75 0.749 0.482 115 114
* +CA 0.85 0.68 0.762 0.483 9.9 11.2
* +ECA 0.82 0.68 0.772 0.482 9.9 11.2
* +CBAM 0.87 0.70 0.785 0.488 9.9 11.3
* +MSDA 0.82 0.78 0.828 0.500 10.0 114

Note: “+” represents YOLOV8s applying all improvements in this paper except the MSDA attention mechanism.
Bold values indicate the best results in each respective column.

After integrating the MSDA attention mechanism, the model achieved notable per-
formance gains while maintaining the same computational cost (10.0 GFLOPs) and in-
curring only a marginal increase in parameters (11.4 M). Specifically, Recall improved
substantially to 0.78, and mAPs( rose to 0.828—an increase of 6.8 percentage points—while
mAP5p_g5 reached 0.500. Although Precision slightly declined to 0.82, the marked improve-
ments in Recall and both mAP metrics underscore MSDA’s effectiveness in enhancing
detection capabilities.

In contrast, other attention modules such as GAM and iRMB yielded moderate Recall
improvements (0.74 and 0.75, respectively) but recorded lower mAPs5, values (both at 0.749)
and mAPs5(_gs5 values of 0.463 and 0.482, respectively—underperforming compared to both
the baseline and MSDA-enhanced models. Furthermore, GAM increased computational
load and model size to 10.9 GFLOPs and 12.6 M, while iRMB also led to higher resource
demands (11.5 GFLOPs, 11.4 M).

Lightweight attention modules like ECA and CA reduced the computational burden,
but their impact on detection accuracy was limited, with mAP scores falling below those of
the baseline. CBAM achieved strong Precision (0.87) and a competitive mAPs5( of 0.785, with
resource usage comparable to the baseline; however, its Recall and mAP5p_g5 remained
inferior to MSDA.

Overall, the MSDA attention mechanism offered the best trade-off between perfor-
mance and efficiency. It delivered significant improvements—particularly in Recall and
mAP—without introducing meaningful increases in computational or parameter overhead.
As a result, MSDA was adopted as the attention module for the final model configuration.

3.4.2. Comparative Analysis of Different Loss Functions

As summarized in Table 3, the selection of the bounding-box regression loss has a
marked effect on model outcomes. For example, the baseline model (denoted by *) using
the default loss achieves a Precision of 0.762, Recall of 0.751, mAPs5j of 0.775 and mAPsp_g5
of 0.483. When DIoU is employed, all metrics improve—in particular, mAPsy rises to
0.785 and mAP5p_95 to 0.490—highlighting the benefit of incorporating center-distance
considerations. EloU, SIoU, Shape-loU, and MPDIoU all significantly improved Precision
(P), with EloU reaching as high as 0.925 and MPDIoU reaching 0.900. Their mAPs values
also surpassed the * model, reaching 0.788, 0.782, 0.765, and 0.798, respectively. However,
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while these loss functions improved precision, they generally led to a decrease in Recall (R)
and mAP5p_g5 metrics. For instance, EIoU’s Recall was 0.706, and Shape-IoU’s Recall was
only 0.689, indicating that they might sacrifice some ability to find targets when pursuing
precise localization. Focal-GloU’s Precision and Recall were slightly higher than those of the
x model, but its mAP5y was 0.770, which was lower than the x model. In contrast, the Wise-
IoU loss function adopted in this paper demonstrated the most outstanding performance.
It not only boosted Recall to the highest value of 0.780 but also achieved a Precision of 0.820,
significantly outperforming the * model and most of the compared loss functions. Notably,
the Wise-IoU loss delivers the highest overall effectiveness, with mAPs; and mAP5p_95
reaching 0.828 and 0.500, respectively—substantially exceeding the baseline values of
0.775 and 0.483. These results confirm that WloU’s dynamic, non-monotonic focusing
scheme better accommodates fluctuations in sample quality and allocates gradients more
judiciously, thereby enhancing localization precision and overall detection performance
without sacrificing recall. This validates the choice of WIoU as the optimal loss function.

Table 3. Comparative Experiments with Different Loss Functions.

Model P R mAP5[) mAP50_95
* 0.762 0.751 0.775 0.483
DIoU 0.781 0.767 0.785 0.490
EloU 0.925 0.706 0.788 0.470
SloU 0.823 0.723 0.782 0.466
Shape-loU 0.853 0.689 0.765 0.460
MPDIoU 0.900 0.729 0.798 0.474
Focal-GIoU 0.785 0.737 0.770 0.487
Wise-IoU 0.820 0.780 0.828 0.500

Note: "’ represents YOLOvS8s applying all improvements in this paper except Wise-IoU. Bold values indicate the
best results in each respective column.

To assess the impact of each proposed enhancement in YOLO-SRMX, we adopted
YOLOVSs as the reference model and then successively integrated the following modules,
including a lightweight backbone network (ShuffleNetV2); an additional small object
detection head (More Head); the MSDA attention mechanism; a novel convolution block
(New Conv, representing the combined application of DRFAConvP and GhostConv); two
efficient multi-scale feature extraction modules (C2f ConvX and C2f MConv); and the
Wise-IoU loss function. The HIT-UAV dataset was employed for conducting experiments,
and the outcomes are summarized in Tables 4 and 5. Each modification resulted in varying
degrees of improvement to detection performance and model efficiency, aimed at enhancing
model performance for mobile deployment or in resource-constrained scenarios.

Table 4. Ablation Study: Component Configuration.

Experiment ID

ShuffleNetV2 More Head MSDA New Conv C2f_ConvX C2f _MConv Wise-IoU

R IO Ul WN -

AN NN
AN N NN
SNENENENEN
SSENENEN
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Table 5. Ablation Study: Performance Results.
Model P R mAPs5, F1 (%) GFLOPS Parameters/10°
1 0.824 0.728 0.768 77 28.8 11.2
2 0.862 0.706 0.776 77 16.1 6.0
3 0.776 0.766 0.774 77 254 5.7
4 0.866 0.728 0.801 79 254 5.8
5 0.878 0.707 0.764 77 11.0 12.7
6 0.807 0.736 0.788 77 10.4 11.7
7 0.762 0.751 0.775 76 10.0 11.4
8 0.820 0.780 0.828 80 10.0 11.4

Note: Bold values indicate the best results in each respective column.

Table 5 (with setup details in Table 4) clearly demonstrate the progressive contributions
of each improvement component to model performance and efficiency. First, replacing the
backbone network with ShufflenetV2 (Exp 2) reduced the model parameter count from
11.2 M to 6.0 M, a decrease of 46.4%, and the computational cost (GFLOPS) from 28.8
to 16.1, a reduction of 44.1%. While achieving this significant efficiency improvement,
mAPs slightly increased from 0.768 to 0.776, validating the effectiveness of its lightweight
structure. Subsequently (Exp 3), adding an extra small object detection head further
optimized the parameter count to 5.7 M, although the computational cost increased to
25.4 GFLOPS. This modification significantly improved Recall (R) from 0.706 to 0.766, but
mAPs slightly decreased to 0.774.

Next (Exp 4), the MSDA attention mechanism was introduced. With the computational
cost remaining at 25.4 GFLOPS and a minor increase in parameters to 5.8 M, mAPsg
significantly improved from 0.774 to 0.801, an increase of 2.7 percentage points, and the F1
score also rose to 79%. This demonstrates MSDA’s ability to enhance feature representation
with low resource overhead. Afterward (Exp 5), replacing some traditional convolutions
with DRFAConvP and GhostConv (New Conv), drastically reduced the computational
cost by 56.7% to 11.0 GFLOPS. However, it also substantially increased the parameter
count to 12.7 M and decreased mAP5( to 0.764, indicating a trade-off where significant
computational efficiency gains negatively impacted model accuracy and parameter size at
this stage.

Introducing the C2f_ConvX module (Exp 6) further lowered the computational cost to
10.4 GFLOPS and reduced the parameter count to 11.7 M. Concurrently, mAP5y recovered
and improved to 0.788, showing that C2f_ConvX effectively enhanced feature fusion
capability and optimized model parameter efficiency. Continuing with the introduction
of C2f_MConv (Exp 7), the computational cost reached the lowest value in this study at
10.0 GFLOPS, and the parameter count slightly decreased to 11.4 M. However, mAPs,
slightly dropped to 0.775, suggesting that the main contribution of C2f MConv lies in
optimizing computational complexity. Finally (Exp 8), replacing the loss function with
Wise-IoU resulted in significant improvements across key performance metrics: mAPs5
substantially increased by 5.3 percentage points to 0.828, the F1 score rose to 80%, and
Recall (R) reached its optimal value of 0.780. The effective combination of Wise-loU with the
preceding optimization modules contributed to the final model performance optimization.

In summary, compared to the baseline YOLOv8s (Exp 1), the final constructed YOLO-
SRMX model (Exp 8) achieved a performance improvement with mAP5, increasing by 7.81%
(from 0.768 to 0.828) and the F1 score improving by 3.9% (from 77% to 80%). In terms
of efficiency, the computational cost (GFLOPS) was substantially reduced by 65.3% (from
28.8 to 10.0), while the parameter count only slightly increased by 1.8% (from 11.2 M to
11.4 M). The ablation experiments individually validated the positive effects of the introduced
lightweight structure, attention mechanism, efficient feature fusion modules, and advanced
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loss function. The results demonstrate that YOLO-SRMX, through systematic optimization
strategies, effectively improves detection accuracy while significantly reducing computational
requirements, achieving an excellent balance between accuracy and efficiency, making it
highly suitable for application environments with limited computational resources.

3.4.3. Comparative Experimental Results with Different Models

To comprehensively evaluate the performance of the proposed YOLO-SRMX model
and clarify its position within existing technologies, we conducted an extensive compar-
ative analysis on the HIT-UAV dataset, comparing it against a diverse range of object
detection models. This benchmark set was meticulously curated to ensure a comprehensive
evaluation, including the representative two-stage detector Faster R-CNN [8]; the model
RT-DRET-X [44], which represents emerging architectural trends; models specifically de-
signed for drone scenarios, such as Drone-YOLO [45] and UAV-DRET [46]; and mainstream
YOLO models covering both lightweight and small configurations. This comprehensive
selection of models allows for a thorough evaluation of YOLO-SRMX from multiple di-
mensions, including different design paradigms, application-specific optimizations, and
performance—efficiency trade-offs.

The comparative experimental results in Table 6 clearly illustrate the performance
and efficiency discrepancies among different models on the drone dataset. The traditional
two-stage detector representative, Faster R-CNN, and the new architecture RT-DRET-X
both performed poorly on this task, struggling to adapt to the object detection task in
infrared images. Their mAPs5( scores were only 0.562 and 0.405, respectively, far below
those of mainstream single-stage models, and their enormous computational costs make
them infeasible for deployment on resource-constrained platforms. Secondly, we evaluated
models specifically designed for drones: Drone-YOLO and UAV-DRET. Among them,
Drone-YOLO demonstrated good computational efficiency with a cost of 12.5 GFLOPS,
but its mAP5y metric of only 0.772 showed no significant advantage in detection accuracy.
UAV-DRET, on the other hand, achieved a mediocre performance in terms of both accuracy
and efficiency.

Table 6. Comparison with Different Models on the HIT-UAV Dataset.

Model Parameters/10®  Size (MB) GFLOPS mAPs5 F1 (%)
Faster R-CNN 41.2 137.1 370.2 0.562 53
Drone-YOLO 3.0 6.1 125 0.772 77
RT-DRET-X 67.3 129.0 232.4 0.405 38
UAV-DRET 215 41.2 73.9 0.749 75
YOLOvV5s 9.1 18.1 24.2 0.775 76
YOLOv6s 16.4 32.1 449 0.749 75
YOLOv8n 3.2 6.1 8.9 0.786 77
YOLOvVS8s 11.2 22.0 28.8 0.768 77
YOLOV9s 7.3 15.0 27.6 0.777 78
YOLOvV10n 2.8 5.7 8.7 0.743 73
YOLOvV10s 8.1 16.2 25.1 0.792 78
YOLO11n 2.6 54 6.6 0.768 76
YOLO11s 9.4 18.8 21.7 0.807 78
Ours 114 22.7 10.0 0.828 80

Note: Bold values indicate the best results in each respective column.

The lightweight YOLO model group (including YOLOv8n, YOLOv10n, YOLO11n, etc.)
exhibited excellent model efficiency, with parameter counts generally ranging from 2.6 M to
3.2 M and computational loads between 6.6 and 8.9 GFLOPS, facilitating easier deployment.
Among these, YOLOv8n showed relatively outstanding performance with an mAP5, of
0.786 and an F1 score of 77%, approaching the accuracy levels of some standard-sized
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models, but it also possessed the highest model complexity in the lightweight group. The
accuracy performance of other lightweight models on this dataset was comparatively aver-
age, reflecting that detection accuracy often becomes the main developmental bottleneck
when pursuing extreme efficiency.

The small YOLO model group (including YOLOv5s, YOLOv6s, YOLOvS8s, YOLOv9s,
YOLOv10s, YOLO11s, etc.) typically possesses higher detection accuracy potential than
the lightweight models, but this comes at the cost of larger model sizes and higher com-
putational demands, with GFLOPS ranging approximately from 21.7 to 44.9. For instance,
YOLOL11s achieved the highest mAP5, of 0.807 within this group, yet its computational
load of 21.7 GFLOPS is still more than double that of the model proposed in this paper.

The YOLO-SRMX model proposed in this paper achieves an excellent balance between
accuracy and efficiency. Compared to the baseline YOLOv8s, YOLO-SRMX, while having
similar parameter counts and model sizes, reduced the computational load (GFLOPS) from
28.8 to 10.0—a substantial decrease of 65.3%. Simultaneously, it significantly improved the
mAPs5p by 7.81% and increased the F1 score from 77% to 80%. Even when compared to
the currently advanced small model YOLO11s, YOLO-SRMX achieves an mAP5 that is
2.1 percentage points higher and an F1 score 2 percentage points higher, despite requiring
less than half the computational load. Although the parameter count of YOLO-SRMX is
higher than those of the lightweight models, its computational load is already approaching
that group’s range while providing markedly superior detection accuracy.

In summary, the comparative experimental results robustly demonstrate the superi-
ority of YOLO-SRMX over current mainstream models, indicating that it represents an
efficient and reliable solution for deployment on computationally limited drone platforms
tasked with complex aerial detection missions.

3.4.4. Visualization and Comparative Analysis

To intuitively validate the detection performance of the proposed YOLO-SRMX model
in complex scenarios and to highlight its superiority over the baseline model, YOLOVvSs,
we have selected typical challenging scenes covering different shooting angles, varying
flight altitudes, and diverse target densities for a visual comparative analysis. As shown in
Figure 13, each subfigure presents a direct comparison of the detection results.

Through this comparative analysis, it is evident that our model demonstrates signifi-
cant advantages across several key challenges. First, as depicted in Figure 13a, in scenarios
with large-angle oblique shots, the baseline YOLOv8s model suffers from missed and false
detections, whereas our model maintains stable detection performance, showcasing supe-
rior view invariance. Second, as shown in Figure 13b, when an increase in flight altitude
leads to smaller target sizes, YOLOV8s again exhibits missed and false detections, highlight-
ing its limitations in small object detection. In contrast, our model still accurately identifies
these small targets. Finally, as illustrated in Figure 13c, in complex situations involving
high density and partial occlusion, the performance of the baseline model encounters a
significant bottleneck. Specifically, whether facing closely parked vehicles or overlapping
targets, YOLOvSs struggles to effectively distinguish them, leading to severe missed and
false detections. In contrast, our model, leveraging its superior feature representation
capabilities, can penetrate occlusion interference to precisely locate and identify the vast
majority of occluded or adjacent targets, demonstrating its excellent robustness in complex
and crowded environments.
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Ground Truth YOLOvV8s YOLO-SRMX

Ground Truth YOLOV8s YOLO-SRMX

5

Ground Truth YOLOV8s YOLO-SRMX

Figure 13. Detection performance of YOLO-SRMX in different environments. Each image displays
the results for ground truth (left), YOLOv8s (middle), and OURS (right), with red circles highlighting
missed and false detections. (a) Detection results under different shooting angles. (b) Detection
results under different altitude conditions. (c) Detection results in high-density scenarios.
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3.4.5. Statistical Validation

To comprehensively evaluate the performance stability and effectiveness of the model
proposed in this study, we employed a methodology of repeated experiments combined
with statistical analysis. We conducted five independent experiments on the model under
identical software, hardware, and dataset configurations, meticulously recording its key
performance metrics: mean Average Precision (mAPsg) and F1 Score.

Statistical analysis of the data revealed that the model achieved a mean mAP@0.5 of
0.821 with a standard deviation of just 0.0075, and a mean F1 Score of 80.8% with a standard
deviation of 0.837. This minimal range of fluctuation strongly indicates that the model’s
performance is not coincidental but rather demonstrates high consistency and reproducibility.
Therefore, this series of experiments robustly validates that our proposed model not only
achieves excellent detection accuracy but also possesses outstanding performance stability.

3.4.6. Generalization Experiment

To further validate the superiority and robustness of the proposed YOLO-SRMX model
in the field of object detection in aerial infrared remote sensing imagery, we conducted a
generalization experiment. For this purpose, we fully retrained and evaluated all comparative
models involved in this study on the public DroneVehicle infrared image subset.

The data for this experiment were sourced from the infrared image subset of the
DroneVehicle dataset [47]. The original DroneVehicle dataset is a large-scale aerial dataset
containing an equal number of RGB and infrared images. To maintain consistency with
the primary task of this study, we selected only the infrared images from DroneVehicle to
construct a subset for this experiment. The infrared subset we constructed includes five
vehicle categories: car (26,537 instances), truck (1429), bus (1059), van (570), and freight
van (859). This subset was partitioned into a training set of 1799 images, a validation
set of 147 images, and a test set of 898 images to assess the generalization capability of
each model.

According to the results presented in Table 7, the proposed YOLO-SRMX model
outperforms other representative algorithms in both mAP5; and F1 Score, including Faster
R-CNN, specialized drone detectors (Drone-YOLO, UAV-DRET), and various mainstream
YOLO series models. Notably, compared to the baseline model YOLOv8s, YOLO-SRMX’s
mAP5 on the DroneVehicle dataset increased from 0.473 to 0.501, an improvement of 5.9%,
while the F1 score also improved by 8.7%. This significant performance enhancement
strongly demonstrates that the architecture of YOLO-SRMX is robust and exhibits excellent
generalization capability across different data distributions.

Table 7. Comparative experiments of different models on the DroneVehicle dataset.

Model Parameters/10° Size (MB) GFLOPS mAPs5, F1 (%)
Faster R-CNN 41.2 137.1 370.2 0.430 44
Drone-YOLO 3.0 6.1 12.5 0.431 43
RT-DRET-X 67.3 129.0 232.4 0.446 47
UAV-DRET 21.5 41.2 73.9 0.424 44
YOLOV5s 9.1 18.1 24.2 0.452 43
YOLOv6s 16.4 32.1 44.9 0.471 47
YOLOvSn 3.2 6.1 8.9 0.446 43
YOLOVS8s 11.2 22.0 28.8 0.473 46
YOLOV9s 7.3 15.0 27.6 0.462 43
YOLOv10n 2.8 5.7 8.7 0.382 36
YOLOV10s 8.1 16.2 25.1 0.488 48
YOLO11n 2.6 5.4 6.6 0.444 42
YOLO11s 9.4 18.8 21.7 0.486 48
Ours 11.4 227 10.0 0.501 50

Note: Bold values indicate the best results in each respective column.
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4. Discussion

The experimental results confirm that the proposed YOLO-SRMX model significantly
enhances the accuracy and efficiency of real-time object detection for UAVs, exhibiting out-
standing performance, particularly in addressing the challenges of complex backgrounds
and small targets commonly encountered from a UAV perspective. The ablation studies
clearly demonstrate the contribution of each improved module: the lightweight Shuf-
fleNetV2 backbone, combined with the MSDA attention mechanism, effectively reduces
computational costs while enhancing multi-scale feature extraction capabilities, which is
crucial for UAV scenarios with complex backgrounds and variable target scales. In the
neck network, the combination of DRFAConvP and GhostConv, along with the innova-
tive C2f_ConvX and C2f_MConv modules, successfully balances accuracy and efficiency
through efficient multi-scale feature fusion and dynamic receptive field adjustment. Fur-
thermore, the introduction of the Wise-IoU (WIoU) loss function optimizes bounding
box regression accuracy and enhances the model’s robustness to low-quality samples by
intelligently adjusting gradient weights.

A comprehensive analysis reveals that YOLO-SRMX demonstrates robust object detec-
tion capabilities from a UAV perspective, especially in complex backgrounds and dense
target distributions. Compared to the baseline YOLOvS8s and other mainstream models,
YOLO-SRMX achieves a superior balance between detection accuracy and computational
efficiency (GFLOPs), delivering competitive or even superior detection performance with
significantly reduced computational demands. The visualization results further validate
the model’s robustness under different environmental conditions and intuitively show its
superiority over the baseline model in terms of detection accuracy and the reduction of
missed detections.

Another important aspect to discuss is the influence of input image resolution on
model performance. This study employed a 640 x 512 resolution for training and optimiza-
tion. Lowering the resolution would likely degrade accuracy by losing the fine-grained
details crucial for identifying small targets, while increasing it would lead to a substantial
rise in computational overhead, conflicting with the lightweight design objective of this
research. Therefore, the 640 x 512 resolution represents a reasonable trade-off between de-
tection performance and computational efficiency, aimed at meeting the specific demands
of real-time UAV applications.

However, a primary limitation of the current study is that its validation is predomi-
nantly based on infrared (grayscale) datasets, which confines the model’s verified applica-
tions to thermal imaging-related scenarios. A key direction for future work is to extend
and validate YOLO-SRMX on color (RGB) remote sensing images to assess its capability
in processing richer visual information, thereby adapting it for broader UAV applications,
such as standard visible-light monitoring tasks.

In summary, leveraging its significant advantages in accuracy and efficiency, YOLO-
SRMX is poised to offer a more powerful and reliable real-time object detection solution
for practical UAV applications such as search and rescue, environmental monitoring, and
precision agriculture.

5. Conclusions

In this study, we addressed the challenges of accuracy, efficiency, and deployment
for object detection in complex UAV environments by proposing a lightweight and highly
efficient real-time detection model, YOLO-SRMX. To achieve this, we conducted a deep
optimization of the model architecture. First, a novel backbone network was constructed
based on the efficient ShuffleNetV2 and integrated with a Multi-Scale Dilated Attention
(MSDA) mechanism. This design significantly reduces the model’s parameter count while
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enhancing its feature-capturing capabilities for targets of varying sizes by dynamically
adjusting the receptive field, and it effectively suppresses interference from complex back-
grounds. Second, we introduced two major architectural innovations in the neck network.
On one hand, we pioneered novel bottleneck modules, C2f ConvX and C2f_MConv, based
on a “split-differentiate—concatenate” strategy. Fundamentally distinct from the homoge-
neous processing of traditional group convolution, this design decouples richer gradient
information and a receptive field hierarchy from the original features at a minimal com-
putational cost by processing asymmetric, multi-type convolutional branches in parallel.
On the other hand, our original lightweight convolution, DRFAConvDP, radically advances
existing concepts by integrating a dynamic attention mechanism into the generation process
of “phantom” features, thereby breaking through the performance bottleneck imposed
by GhostConv’s reliance on static transformations. These original designs work in syn-
ergy, greatly enhancing the neck network’s adaptability to variable-scale targets from a
UAV perspective without sacrificing efficiency. Finally, the Wise-IoU (WIoU) loss func-
tion was employed to optimize the bounding box regression process; its unique dynamic
non-monotonic focusing mechanism intelligently assigns gradient gains to anchor boxes
of varying quality, thereby significantly improving target localization accuracy and the
model’s generalization ability.

Extensive experimental evaluations of the challenging HIT-UAV and DroneVehicle in-
frared datasets demonstrate that YOLO-SRMX exhibits significant advantages in both detec-
tion accuracy and computational efficiency. Ablation studies clearly showcased the positive
contributions of each improved component. On the primary HIT-UAV dataset, compared to
the baseline model YOLOv8s, YOLO-SRMX achieved a remarkable performance boost: its
mAP5) metric increased by 7.81% to 82.8%; the F1 score rose by 3.9% to 80%; and the GFLOPs,
a measure of computational complexity, were drastically reduced by 65.3%. Furthermore,
comparative experiments against a series of models—encompassing traditional, specialized,
and mainstream YOLO architectures—highlighted that YOLO-SRMX achieves a superior
balance point between accuracy and efficiency on both datasets. Visualization analyses also
confirmed the model’s robustness and superior detection performance in complex scenarios
involving varied perspectives, flight altitudes, and target densities.

To further enhance the deployment speed and power efficiency of YOLO-SRMX in
practical applications, a key future research direction lies in exploring hardware—software
co-design. By performing model quantization, pruning, and operator fusion tailored
for specific UAV hardware platforms, combined with custom designs that leverage the
characteristics of hardware accelerators, it is possible to achieve further acceleration of the
model inference process, thereby better satisfying the real-time and high-efficiency object
detection demands of UAVs.
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