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Highlights

What are the main findings?

e  The proposed SRTSOD-YOLO series models significantly improve the detection accu-
racy of small targets in UAV aerial images while maintaining real-time performance.
Compared with YOLOL11I on the VisDrone2019 dataset, SRTSOD-YOLO-1 achieves a
7.9% increase in mAP50 and a 1.08% reduction in missed target metric Ejsseq-

e  We propose the MFCAM module (Multi-scale Feature Complementary Aggregation
Module) and the GAC-FPN architecture (Gated Activation Convolutional Fusion
Pyramid Network), which effectively address the issue of small target feature loss in
deep networks and suppress complex background interference through a dynamic
gating mechanism.

What is the implication of the main finding?

e  The model series (SRTSOD-YOLO-n/s/m/1) offer flexible deployment solutions, cater-
ing to the real-time detection requirements of both airborne edge devices and ground
workstations.

e  Providing high-precision small-object detection benchmarks for low-altitude economic
scenarios such as smart city traffic monitoring and power inspection.

Abstract

To address the challenges of small target detection in UAV aerial images—such as difficulty
in feature extraction, complex background interference, high miss rates, and stringent real-
time requirements—this paper proposes an innovative model series named SRTSOD-YOLO,
based on YOLO11. The backbone network incorporates a Multi-scale Feature Comple-
mentary Aggregation Module (MFCAM), designed to mitigate the loss of small target
information as network depth increases. By integrating channel and spatial attention mech-
anisms with multi-scale convolutional feature extraction, MFCAM effectively locates small
objects in the image. Furthermore, we introduce a novel neck architecture termed Gated
Activation Convolutional Fusion Pyramid Network (GAC-FPN). This module enhances
multi-scale feature fusion by emphasizing salient features while suppressing irrelevant
background information. GAC-FPN employs three key strategies: adding a detection head
with a small receptive field while removing the original largest one, leveraging large-scale
features more effectively, and incorporating gated activation convolutional modules. To
tackle the issue of positive-negative sample imbalance, we replace the conventional binary
cross-entropy loss with an adaptive threshold focal loss in the detection head, accelerating
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network convergence. Additionally, to accommodate diverse application scenarios, we de-
velop multiple versions of SRTSOD-YOLO by adjusting the width and depth of the network
modules: a nano version (SRTSOD-YOLO-n), small (SRTSOD-YOLO-s), medium (SRTSOD-
YOLO-m), and large (SRTSOD-YOLO-1). Experimental results on the VisDrone2019 and
UAVDT datasets demonstrate that SRTSOD-YOLO-n improves the mAP@0.5 by 3.1% and
1.2% compared to YOLO11n, while SRTSOD-YOLO-I1 achieves gains of 7.9% and 3.3% over
YOLOL11], respectively. Compared to other state-of-the-art methods, SRTSOD-YOLO-] at-
tains the highest detection accuracy while maintaining real-time performance, underscoring
the superiority of the proposed approach.

Keywords: UAV; small target detection; YOLO11; feature fusion; attention mechanism

1. Introduction

In recent years, the rapid advancement of deep learning has significantly accelerated
progress in object detection, a key area within computer vision. Object detection enables
the precise localization and classification of objects in images or videos. With the increasing
integration of unmanned aerial vehicle (UAV) platforms and computer vision technologies,
aerial image-based object detection has become a core technology in various applications,
including traffic monitoring [1-4], smart cities [5,6], power facility inspection [7], and
disaster response [8].

Current mainstream object detection algorithms are predominantly based on deep
learning models and can be broadly categorized into three groups: two-stage methods,
one-stage methods, and transformer-based approaches. The two-stage detection frame-
work decomposes the detection process into two sequential steps: first, generating region
proposals, and then classifying these proposals (often accompanied by bounding-box re-
finement). Representative algorithms in this category include R-CNN [9], SPPNet [10], Fast
R-CNN [11], and Faster R-CNN [12]. While two-stage detectors generally achieve high
detection accuracy, their inference speed is often a limiting factor. In contrast, one-stage
methods, typified by the YOLO series, adopt a more direct strategy by integrating object
localization and classification into a single regression step. This approach reformulates
object detection as a regression problem rather than a classification task, significantly im-
proving computational efficiency compared to two-stage pipelines such as the R-CNN
family. In 2017, Vaswani et al. introduced the Transformer architecture [13], which utilizes
a self-attention mechanism to capture global dependencies in sequence data, replacing
recurrent structures like RNNs and LSTMs while enabling parallel computation. The
incorporation of multi-head attention further enhances the model’s ability to capture infor-
mation at different semantic levels. Although originally developed for natural language
processing, the Transformer has profoundly influenced computer vision. In 2020, the Vision
Transformer (ViT) [14] demonstrated that a pure Transformer architecture could achieve
state-of-the-art performance on image classification tasks, rivaling and even surpassing
leading CNN-based models such as ResNet on large-scale datasets like ImageNet-21K.
Also in 2020, Facebook proposed DETR [15], an end-to-end object detection model that
eliminates the need for hand-crafted anchor boxes and non-maximum suppression (NMS)
post-processing. Despite its simplicity and strong conceptual appeal, DETR suffers from
high computational and memory costs, especially under high-input resolutions.

Although current mainstream detection algorithms have achieved competitive perfor-
mance on conventional targets, as evidenced by benchmarks such as MS COCO [16] and
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Pascal VOC [17], the detection of small objects (e.g., those smaller than 32 x 32 pixels [16])
in aerial images remains a challenging task [18-20].

As illustrated in Figure la—c, aerial images often exhibit highly complex backgrounds.
Since UAVs typically capture scenes from a high-altitude vantage point, objects appear
extremely small in the imagery, rendering nearly all targets in this context as small objects.
Kai Liu et al. [21] reported that in the VisDrone dataset, each image contains an average
of 54 objects, yet these account for only 8.1% of the total pixels. When applying current
mainstream detectors to aerial imagery, the deep hierarchical structure of networks tends
to cause progressive loss of subtle features of small objects, leading to degraded detection
performance. Furthermore, as shown in Figure 1d—f, UAVs capture targets from diverse
perspectives—frontal, lateral, and overhead—resulting in significant scale variations for
the same object across different viewpoints. Even within the same scene, objects closer
to the UAV appear larger, while those farther away are imaged at a much smaller scale.
Additionally, imaging conditions vary considerably with time of day, as seen in Figure 1gh;
targets captured under different lighting conditions (e.g., daytime vs. nighttime) exhibit
substantial appearance differences. Motion blur further complicates the problem when the
UAYV is moving at high speed or tracking fast-moving objects.

(g) Dark light condition (h) Motion blur

Figure 1. Examples of drone aerial images.
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Moreover, the engineering deployment of UAV object detection algorithms typically
involves two distinct architectures tailored to different scenarios [22,23]:

(1) Airborne Sensing-Ground Computing: In this setup, raw image data are transmitted
via a low-latency link to a ground-based GPU cluster for processing. This architecture
imposes no strict constraints on model size or computational cost, allowing the use
of deep networks that leverage spatial details through strategies such as multi-scale
feature fusion and attention mechanisms to enhance small object detection accuracy.

(2) Onboard Edge Computing: Embedded systems mounted on UAVs require local
real-time processing, imposing stringent limits on model complexity and power
consumption. These systems demand lightweight models, often designed via neural
architecture search, that balance representation capacity and computational efficiency
under tight memory and power budgets. The emphasis here shifts from pure accuracy
gains to achieving real-time performance within resource-constrained environments,
necessitating co-optimization of low-power hardware and compact model design.

Due to these challenges, the visual analysis and processing capabilities of dedicated
platforms such as UAVs have been significantly constrained [24,25]. To bridge the perfor-
mance gap between small-scale and normal-scale object detection and enhance detection
performance for small targets in high-resolution UAV imagery, researchers have undertaken
extensive efforts in several directions. These include data augmentation [26-31], hierarchi-
cal feature aggregation [32-35], and attention-based mechanisms [36-39], among others.

However, the generalization capability of the aforementioned methods remains lim-
ited. This is primarily due to the scarce pixel coverage of small objects, which provides
insufficient visual information for constructing discriminative feature representations [40].
Moreover, a fundamental trade-off persists in existing research: efforts to enhance algorith-
mic efficiency—such as increasing frame rates or reducing memory usage—often lead to a
significant decline in detection accuracy. This asymmetric degradation in accuracy relative
to efficiency severely undermines the practical deployment value of these algorithms in
real-world engineering applications.

To solve the above problems, we propose a new SRTSOD-YOLO model, which is a
series. Within the YOLOL11 framework, we introduce two synergistic modules—MFCAM
and GAC-FPN—designed to enhance the detection of small objects in aerial imagery under
complex environmental conditions. Neither module alone achieves the same performance
gain as their integrated use. The MFCAM module, incorporated in the backbone net-
work, helps preserve fine-grained details of small objects, while the GAC-FPN in the neck
network effectively integrates these enriched multi-scale features. This tightly coupled
architectural design represents a key innovation of our approach. The improved YOLO11
model achieves enhanced detection performance for small targets without introducing
substantial computational overhead. To accommodate diverse application requirements,
we develop multiple variants under the SRTSOD-YOLO framework—namely SRTSOD-
YOLO-n, -s, -m, and -l—differing in network width and depth. Experimental results on the
widely used UAVDT [41] and VisDrone2019 [42] datasets demonstrate that the proposed
SRTSOD-YOLO network attains superior detection accuracy with fewer parameters and
lower computational cost, significantly outperforming the baseline YOLO11 model.

The main contributions of our study are as follows:

1. To address the progressive loss of small target information with increasing network
depth, we introduce the Multi-scale Feature Complementary Aggregation Module
(MFCAM) into the backbone network. The MFCAM is designed to enhance fea-
ture extraction by strategically combining multi-scale convolutional features with
channel and spatial attention mechanisms. This design enables the module to effec-
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tively locate small objects in the image by emphasizing critical feature channels and
spatial positions.

2. We design a novel neck architecture, termed the Gated Activation Convolutional
Fusion Pyramid Network (GAC-FPN), to enhance multi-scale feature fusion by em-
phasizing semantically important features and suppressing irrelevant background
noise. The GAC-FPN incorporates three key strategies to improve small target detec-
tion: (1) introducing a detection head with a smaller receptive field while removing
the original one with the largest receptive field; (2) leveraging large-scale feature
maps more effectively; and (3) integrating a gated activation convolutional module
for adaptive feature refinement.

3. To address the class imbalance between positive and negative samples, we replace
the original binary cross-entropy loss with an adaptive threshold focal loss in the
detection head. This modification accelerates network convergence and enhances
detection accuracy for small targets.

4. To accommodate diverse practical task requirements, we develop multiple versions
of the SRTSOD-YOLO object detection model. These include high-capacity models
tailored for ground-based workstations, which emphasize multi-scale feature fusion
and contextual modeling to leverage the parallel computing capabilities of GPU
clusters, as well as lightweight models designed for airborne platforms. The latter
enable real-time inference at the edge while maintaining a high recall rate for critical
targets. This hierarchical design paradigm enhances the flexibility of algorithm
deployment across different operational scenarios.

The remainder of this paper is organized as follows: In Section 2, we provide an
overview of relevant research on object detection in UAV aerial imagery, the YOLO series
of algorithms, and recent advances in YOLO11-based networks. We also elaborate on the
architecture and operational principles of the proposed SRTSOD-YOLO model. Section 3
describes the datasets, experimental setup (including environment and parameters), evalu-
ation metrics with error-type analysis, and presents extensive experiments such as ablation
studies and comparative evaluations on the UAVDT and VisDrone2019 datasets to validate
the feasibility of our approach. Section 4 discusses how SRTSOD-YOLO addresses key chal-
lenges in UAV-based object detection. Finally, Section 5 concludes the paper and suggests
potential directions for future research.

2. Materials and Methods
2.1. Target Detection Methods of UAV Aerial Images

Driven by advances in computer vision, many deep learning-based object detection
methods for UAV aerial imagery have been developed. These methods have demonstrated
remarkable performance improvements, contributing to considerable advancements in
this field. Yue et al. [43] presented LE-YOLO, a lightweight and efficient algorithm based
on the YOLOvV8n architecture, for detecting small objects in aerial imagery. To enhance
detection accuracy, the authors introduced the LHGNet backbone, the LGS bottleneck, and
the LGSCSP feature fusion module. Bai et al. [44] introduced SFFEF-YOLO, a novel small
object detection network for UAV imagery, based on fine-grained feature extraction and fu-
sion. To improve detection accuracy for small objects, the authors developed a Fine-grained
Information Extraction Module (FIEM) and a Multi-scale Feature Fusion Module (MFFM).
Du et al. [25] proposed a global context-enhanced adaptive sparse convolutional network
to address the insufficient integration of contextual information around small targets and
the suboptimal control of mask ratios in scenes with varying foreground proportions.
Their approach achieves an optimal balance between detection accuracy and computa-
tional efficiency for UAV-based targets. Wang et al. [45] introduced a diversity-aware
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knowledge fusion network that leverages both image-level and instance-level features to
enable diversified knowledge representation. This framework establishes an innovative
baseline architecture for detecting targets and their critical components in UAV imagery.
Liu et al. [46] adopted the RECAConv convolutional method to address the issue of param-
eter sharing in the convolution process by optimizing the receptive field of convolutional
kernels. By incorporating coordinate attention, this approach effectively enhances the
extraction and processing of feature information. Wang et al. [47] designed a feature fusion
module named TP-Fusion, which incorporates deformable convolution (DConv) to improve
the detection rate of small targets. The module integrates information from lower-level
features and adaptively adjusts the shape of convolutional kernels to accommodate targets
of varying sizes and poses, thereby capturing more detailed feature information. Chen
et al. [48] introduced a semantic information-guided fusion module specifically designed
for small target detection. This module utilizes high-level semantic cues to guide and align
lower-level textural features, thereby enhancing the semantic representation of small objects
at the feature level and improving the model’s detection capability for such targets. Ying
et al. [49] proposed a pyramid dual-pooling attention path aggregation network to achieve
accurate vehicle localization. The method integrates spatial and semantic information
from different feature layers in a cohesive manner. Additionally, by incorporating a hybrid
attention mechanism through a parallel strategy, the model enhances its overall vehicle
detection performance. Ding et al. [50] proposed an attention module termed OSAM, which
effectively captures positional features from images to represent objects using a highly
parameter-efficient design.

In recent years, significant advances have been made in the field of UAV visual per-
ception. Dedicated detection algorithms based on deep learning frameworks have demon-
strated remarkable performance improvements in complex low-altitude scenarios, achieved
through optimized feature extraction and spatial attention mechanisms. These innovative
model architectures and algorithm designs not only effectively address longstanding chal-
lenges of traditional methods—such as scale variation, target occlusion, and illumination
interference—but also successfully balance detection accuracy and computational efficiency
via multimodal data fusion and lightweight network designs. Such progress offers more
reliable visual perception solutions for vertical applications including smart city manage-
ment, precision agriculture monitoring, and emergency response, thereby facilitating the
expansion and maturation of the low-altitude economy application ecosystem.

2.2. The YOLO Series Algorithms

The YOLO series of algorithms represent a prominent class of one-stage object detec-
tion methods, achieving a favorable balance between detection accuracy and computational
efficiency. As the pioneering model in this line of work, YOLOv1 [51] introduced an end-
to-end detection framework that significantly improved inference speed. To enhance the
detection of small objects and improve handling of multi-scale variations, YOLOv2 [52]
was later developed with the incorporation of batch normalization, anchor boxes, a feature
pyramid network, and multi-scale training—effectively addressing previous limitations
while preserving real-time performance. Beginning with YOLOvV3 [53], the architecture
of this series became modularized, generally comprising three components: a backbone
for multi-scale feature extraction, a neck for feature fusion across scales, and a head re-
sponsible for predicting target locations and categories in the image. In 2020, Bochkovskiy
et al. [54] introduced YOLOv4, which integrated several state-of-the-art techniques of the
time. These included Mosaic data augmentation, the CSPDarknet-53 backbone, the Mish
activation function, spatial pyramid pooling, the DropBlock regularization strategy, and
a path aggregation network for multi-scale feature fusion. Subsequently, the Ultralytics
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team led by Glenn Jocher released YOLOvV5, which has undergone continuous iterative
improvements. This version employs a lightweight CSPDarknet as the backbone and
incorporates optimization strategies such as adaptive image scaling, multi-scale training,
and adaptive anchor box computation.

Li et al. introduced YOLOV6 [55], which replaces the CSPDarknet backbone with
an EfficientRep architecture, improving hardware compatibility while preserving high
detection accuracy. Wang et al. subsequently developed YOLOV? [56], incorporating
model re-parameterization into the network design and a novel efficient layer aggregation
network to enhance both inference speed and performance. In 2023, Ultralytics released
YOLOVS, which adopts a new C2f module in the backbone, employs an anchor-free de-
tection head, and streamlines the overall architecture, leading to improved capability in
detecting small objects. In 2024, the team led by Chien-Yao Wang introduced YOLOV9 [57].
Key improvements include a programmable gradient information framework designed
to mitigate information loss in deep networks, along with a generalized efficient layer
aggregation network that enhances multi-scale feature representation. That same year,
the Tsinghua University team released YOLOvV10 [58], which introduces several advances
such as the elimination of non-maximum suppression (NMS) to reduce post-processing
latency. In 2024, the Ultralytics team launched YOLO11, which introduces several key
enhancements. These include the C3K2 module for improved feature aggregation and the
C2PSA module to strengthen global attention through large-kernel convolution, thereby
enhancing localization awareness. Additionally, the model employs depth-wise separable
convolution to reduce parameter volume, improving its suitability for deployment on
edge devices.

2.3. The YOLO11 Architecture

YOLOL1], released by the Ultralytics team in 2024, represents the latest progress in the
YOLO series of object detection models. It continues the classic three-stage architecture of
the YOLO series, consisting of Backbone, Neck and Head, as shown in Figure 2.

CBS CBS

MaxPool2d

Figure 2. The YOLO11 network structure diagram. The number on the left of each module indicates
the layer where the module is located. For example, the number “10” on the left of the “C2PSA”
module indicates that the “C2PSA” module is on the tenth layer of the model network.
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The input image consists of three channels with a spatial size of 640 x 640 pixels.
A CBS module comprises a two-dimensional convolutional layer (Conv2d), a batch nor-
malization layer (BatchNorm2d), and a SiLU activation function. Within the backbone
network, feature maps at multiple resolutions are obtained through five downsampling
stages, each implemented using 3 x 3 convolutions with a stride of 2. The C3K2 module
is introduced into the backbone network to replace the C2F module from YOLOvVS. It
employs a multi-branch architecture to capture both fine-grained details and high-level se-
mantic information, substantially enhancing the feature extraction capability. This module
supports two configurable modes: c3k = True and c3k = False, allowing flexible adaptation
of the feature extraction strategy based on task requirements. When c3kis enabled, the
input features are evenly divided into groups, processed by independent convolutional
branches, and then concatenated to facilitate channel-wise information fusion. When dis-
abled, the module reverts to the standard C2F behavior. The Spatial Pyramid Pooling Fast
(SPPF) module serves as a core component for multi-scale feature fusion in YOLOL11. Its
architecture consists of three stages: feature compression, cascaded pooling, and cross-scale
fusion. The compression stage uses convolutional kernels to reduce feature dimensions,
minimizing spatial redundancy while preserving essential semantic content. The cascaded
pooling stage employs a series of max-pooling operations with increasing kernel sizes
(5 x5,9 x 9,13 x 13) to capture local details, mid-level textures, and global context in a
hierarchical manner. Finally, feature maps with different receptive fields are aggregated via
1 x 1 convolutions. As another core innovation in YOLOL11, the Cross-Scale Pixel Spatial
Attention (C2PSA) module enhances feature representation in complex scenes through
multi-scale spatial perception and pixel-level refinement. Furthermore, in the classification
branch of the detection head, traditional convolution is replaced with depth-wise separable
convolution (DWConv), which decomposes standard convolution into depth-wise and
point-wise operations, significantly reducing the number of parameters. Through the
lightweight design of C3K2, the multi-scale attention mechanism in C2PSA, and efficient
operations via DWConv, YOLO11 achieves an optimal balance between accuracy and infer-
ence speed. Its modular and configurable architecture makes it well-suited for industrial
applications requiring both high performance and deployment flexibility.

The width and depth of the YOLO11 series models are configurable, yielding five size
levels (in descending order): yolo11x, yolo11l, yolol1lm, yolol1s, and yolol1n, as detailed
in Table 1.

Table 1. The YOLO11 model variants with different depths and widths.

Model Depth Width Maximum Number of Channels
yolol1lx 1.00 1.50 512
yolo111 1.00 1.00 512
yolollm 0.50 1.00 512
yolo11s 0.50 0.50 1024
yololln 0.50 0.25 1024

2.4. The SRTSOD-YOLO Network Structure

Based on the YOLO11n baseline architecture, we introduced a series of optimizations
and enhancements, primarily within the backbone and neck components. By varying the
number of output channels and the quantity of C3K2 modules, the proposed SRTSOD-
YOLO framework can be adapted to different application requirements, yielding four
model variants: SRTSOD-YOLO-n, SRTSOD-YOLO-s, SRTSOD-YOLO-m, and SRTSOD-
YOLO-L The detailed configuration parameters of each network module are provided in
Tables 2 and 3.
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Table 2. The parameter settings for SRTSOD-YOLO backbone.

SRTSOD- SRTSOD- SRTSOD- SRTSOD-

Layer Module  y45i0n  YOLO-s  YOLO-m  YOLO-
0 CBS 8 16 3 3
1 CBS 16 0 64 64
2 MFCAM 16 0 64 64
3 CBS 0 64 128 128
4 MFCAM 30 64 128 128
5 CBS 64 128 256 256
6 MFCAM 64 128 256 256
7 CBS 128 256 512 512
8 MFCAM 128 256 512 512
9 SPPF 128 256 512 512
10 C2PSA 128 256 512 512

Table 3. The parameter settings for SRTSOD-YOLO neck.

SRTSOD- SRTSOD- SRTSOD- SRTSOD-

Layer Module YOLO-n YOLO-s YOLO-m YOLO-1

11 CBS 16 32 64 64

12 CBS 16 32 64 64

13 CBS 16 16 32 32

14 Upsample 128 256 512 512

15 Concat 208 416 832 832

16 GAC 208 416 832 832

17 C3K2 32/n=1 64/n=1 128/n=2 128/n=4
18 Upsample 32 64 128 128

19 Concat 80 160 320 320

20 GAC 80 160 320 320

21 C3K2 32/n=1 64/n=1 128/n=2 128/n=4
22 Upsample 32 64 128 128

23 Concat 64 112 224 224

24 GAC 64 112 224 224

25 C3K2 16/n=1 32/n=1 64/n=2 64/n=4
26 CBS 16 32 64 64

27 Concat 48 96 192 192

28 C3K2 32/n=1 64/n=1 128/n=2 128/n=4
29 CBS 32 64 128 128

30 Concat 64 128 256 256

31 C3K2 64/n=1 128/n=1 256/n =2 256/n =4

Figure 3 illustrates the network architecture of the proposed SRTSOD-YOLO. The
backbone network comprises four key components: the CBS module, the Multi-scale
Feature Complementary Aggregation Module (MFCAM), the SPPF module, and the
C2PSA module.

In the standard YOLO11 network, the CBS modules from the first, third, fifth, and
seventh layers are connected to the corresponding C3K2 modules. In the proposed SRTSOD-
YOLO, we introduce a novel Multi-scale Feature Complementary Aggregation Module
(MFCAM) in place of this design. The MFCAM efficiently captures salient image infor-
mation through a combination of channel and spatial attention mechanisms, along with
multi-scale convolutional feature extraction. Specifically, it employs convolutional kernels
of three different scales (3 x 3,5 x 5, and 7 x 7) to extract multi-scale features, enabling
the network to adapt to objects of varying sizes and improve recognition capability across
scales. Furthermore, we developed a new neck architecture named Gated Activation Con-



Remote Sens. 2025, 17, 3414

10 of 39

volutional Fusion Pyramid Network (GAC-FPN) to replace the original YOLO11 neck. The
GAC-FPN incorporates three major improvements: (1) introducing an additional downsam-
pling stage in the backbone to better leverage large-scale features; (2) incorporating a gated
activation convolutional module to enhance feature selectivity; (3) adding a detection head
with a smaller receptive field while removing the one with the largest receptive field to im-
prove small object detection. Additionally, to address the issue of foreground-background
sample imbalance, we replaced the original binary cross-entropy loss with an adaptive
threshold focal loss in the detection head, which accelerates convergence and improves
detection accuracy for small objects.

o e -

11]32x40x40

20

Figure 3. The SRTSOD-YOLO network structure diagram. The number on the left of each module
indicates the layer where the module is located. For example, the number “10” on the left of the
“C2PSA” module indicates that the “C2PSA” module is on the tenth layer of the model network.

2.5. The Multi-Scale Feature Complementary Aggregation Module

Inspired by [59], we propose a Multi-scale Feature Complementary Aggregation
Module (MFCAM) to mitigate the loss of small-target information in deep networks, which
often complicates feature extraction. By integrating multi-scale convolutional feature
extraction with channel and spatial attention mechanisms, this module enhances feature
representation and effectively locates small objects in the image, as illustrated in Figure 4.



Remote Sens. 2025, 17, 3414 11 of 39

@: Sigmoid
=—): Average Pooling
@ : Element-wise Multiplication

—> DWCony PWCony
X

|
I
Conv2d H

X; k=101 [ CoC e S L

Conv2d

Xy Ks.cous
Convad concat X pultiscale <+ ,g;v 3 Xautput
X | X. K=3.c-14
input 3

Figure 4. The structure diagram of multi-scale feature complementary aggregation module.

The first is the segmentation stage of the MFCAM module. We divide the channels of
input features (Xjuur € REXHXWY into BC channels and (1 — ) C channels, corresponding
to Xj and X, respectively. Where 0 < 8 < 1 is the shunt ratio, and the value of § is
very important in the network. As the deep neural network continues to evolve deeper,
the low-level spatial feature representations at the basic level gradually show an explicit
trend, and are implicitly encoded into high-dimensional latent vectors through nonlinear
mapping. In addition, the input feature Xj,,; is evenly divided into 4 parts in the channel
dimension, and X3, X4, X5 and X¢ are obtained, respectively. The segmentation stage can
be expressed as:

(Xlr XZ) = Split(Xinput) 1)
(X3/ X4/ X5/ X6) = Split(Xinput> (2)

where X; € RB ><H><W/ X, € R(lfﬁ)CxHxW, X5 € RC/4><H><W’ X, € RC/4><H><W’ X5 € RC/4><H><W’
Xg € RE/AXHXW.

Then, there is the directional conversion phase of the MFCAM module. We send the
obtained X; to the branch consisting of depth-wise convolution and point-wise convolution,
and then pass it into the channel attention module to obtain the weight on each channel. In
Figure 4, the weight output by the channel attention module is denoted as w; € RE*1*1,
Xj is sent to the spatial attention module, and weights are assigned to each spatial position
of the feature map, emphasizing important regions related to the target and suppressing
irrelevant regions. In Figure 4, the weights output by the spatial attention module are
expressed as wy € R IxXHXW Then, X3, X4, and X5 are processed using convolutions with
convolution kernel sizes of 7 x 7,5 x 5, and 3 x 3, respectively, to extract multi-scale
image features. Then, the feature maps processed by convolution kernels of different sizes
are spliced in channel dimensions, and then the feature map X,,,jtiscale is Obtained after
point-wise convolution. For many visual tasks, objects and scenes may have different
representations at different scales. Through multiscale convolution, the model is able to
adapt to objects or regions of different sizes. This conversion process is represented by the
following formula:

wy = Sigmoid(AvgPool(PWConv(DWConv(Xy)))) 3)

wy = Sigmoid(PWConv(X3)) 4)
x; = Convp—,(X;),i € {3,4,5},a € {7,5,3} )]
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Xmultiscale = PWConv(Concat([x3, X4, x5/X6]/ dim = 1)) S RCXHXW (6)

Next, there is the feature aggregation stage of the MFCAM. After obtaining the channel
attention weight w; and spatial attention weight wy, they are, respectively, mapped to
the feature map X,,;,itiscale cOntaining multi-scale information. Then the two branches are
connected together and added to the input feature Xj,,;, and then passed to a 3 x 3
convolution layer. Finally, the output of the MFCAM, namely the feature map Xoutput, is
obtained (Xoutput € REXHXW)y Xoutput is calculated as follows:

Xoutput = Convg—z (w1 @ Xyuttiscate + w2 @ Xpuitiscale + Xinput) )

where ® is element-wise multiplication.

While drawing inspiration from prior research, the proposed MFCAM serves a distinct
purpose and operates through a different mechanism compared to feature fusion modules
such as FPN or PANet. FPN and PANet employ top-down or bidirectional pathways to
integrate multi-scale features, constructing a feature pyramid where each level exhibits
enhanced semantic strength and spatial accuracy. These modules typically operate across
different stages of the backbone. In contrast, MFCAM functions as an intra-level feature
enhancement module. It is embedded within a single backbone stage to refine and amplify
the most salient features before they are propagated to the neck for further fusion. The key
innovations of MFCAM are as follows:

(1) Multi-Scale Convolution with Dual Attention Fusion: Unlike conventional approaches
that rely on single-branch convolution or basic attention mechanisms, MFCAM ex-
tracts multi-scale contextual features in parallel and fuses them strategically using
combined channel and spatial attention. This enables the simultaneous capture of
fine-grained details and broader contextual information, while emphasizing both
“what” and “where” to focus. As a result, the module demonstrates exceptional
capability in preserving and enhancing weak features of small objects.

(2) Split-Aggregation Strategy: MFCAM introduces a unique split-aggregation workflow,
where input features are divided, processed by specialized branches (e.g., attention
and multi-scale convolution), and then reaggregated. This design efficiently maxi-
mizes the representational power of features.

In visual inspection tasks using UAV platforms, preserving the high-resolution spatial
representation capability of large-scale feature maps is crucial for accurately detecting
small objects. To this end, the proposed Multi-scale Feature Complementary Aggregation
Module (MFCAM) integrates channel and spatial attention mechanisms with multi-scale
convolutional feature extraction. It is designed to enhance the representation of small-object
features in aerial images, improve the processing of multi-scale visual information, and
suppress interference from irrelevant features. Furthermore, the module incorporates
depth-wise and point-wise convolutions, enabling the effective propagation of multi-scale
shallow spatial information to deeper network layers while maintaining relatively low
computational cost. Compared to the C3K2 module, MFCAM demonstrates superior
performance in mitigating spatial information loss of small targets and strengthening their
multi-scale feature representation.

2.6. The Gated Activation Convolutional Fusion Pyramid Network

In target detection for UAV aerial imagery, two key challenges must be addressed
simultaneously: position awareness and category discrimination. During feature extraction,
accurate localization relies on precise spatial information, while category classification de-
mands rich semantic context. As convolutional layers deepen within the backbone network,
the semantic abstraction capacity of feature maps improves; however, this comes at the cost
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of gradual attenuation of spatial location information. Although existing enhancements—
such as the MFCAM module—have partially mitigated this issue, there remains consid-
erable potential for better balancing spatial precision and semantic depth in a dynamic
manner. Therefore, by optimizing the feature fusion structure to integrate multi-level back-
bone features and establishing a complementary mechanism between spatial and semantic
information, more discriminative composite features can be delivered to the detector head.

To achieve multi-scale feature fusion, YOLO11 employs a path aggregation feature
pyramid network (PA-FPN) [32,60] at the neck. In this structure, multi-level features from
the backbone are propagated along a top-down pathway: high-level semantic features (e.g.,
the output of layer 10 in Figure 2) are upsampled and concatenated channel-wise with lower-
level features (e.g., the output of layer 6) to form semantically enriched representations.
This process is repeated layer by layer, ultimately constructing a feature pyramid infused
with high-level semantics. The path aggregation mechanism further strengthens feature
propagation and interaction, facilitating effective transmission of object information to
subsequent detection layers.

However, the conventional PA-FPN exhibits several limitations in the context of small
object detection in UAV imagery. A primary issue is its underutilization of large-scale fea-
ture maps, which are essential for preserving the spatial details of small targets. Moreover,
the feature interaction mechanism relies primarily on simple channel concatenation and
convolution, often leading to feature redundancy and semantic misalignment—particularly
as high-level features tend to lose fine-grained details of small objects. These shortcomings
result in inefficient collaboration across feature resolutions and hinder the establishment of
a complementary hierarchy.

To overcome these challenges, we design a new neck architecture termed the Gated
Activation Convolutional Fusion Pyramid Network (GAC-FPN), as illustrated in the neck
section of Figure 3. The GAC-FPN enhances multi-scale fusion by emphasizing relevant
features while suppressing background interference. It incorporates three key strategies:

(1) Introducing an additional detection head with a smaller receptive field while removing
the original largest receptive field head to better capture small objects.

(2) Making full use of large-scale shallow features to preserve spatial detail.

(38) Incorporating a gated activation convolution module to dynamically control feature flow.

In this study, the classical feature pyramid network is topologically enhanced in two
key aspects. As illustrated in Figure 3, the first enhancement focuses on spatial feature
enrichment: shallow feature maps are leveraged more effectively through a hierarchical
expansion strategy. Specifically, the large-target detection head at the top of the original
pyramid is removed, and a new prediction head dedicated to tiny targets is introduced.
This modification enables the network to better capture high-resolution edge and texture
information from shallow features.

The second enhancement targets cross-level feature interaction by reconstructing the
multi-scale fusion pathway. Feature maps from backbone layers 0, 1, and 4 are downsam-
pled and routed to the 23rd, 19th, and 15th layers of the neck network, respectively. Layer
15 receives inputs from the downsampled output of layer 4, along with feature maps from
layers 6 and 14. Layer 19 integrates downsampled features from layer 1 with feature maps
from layers 4 and 18. Layer 23 combines the downsampled output of layer 0 with features
from layers 1 and 22.

This redesigned interaction path fully incorporates multi-level representations from
large-scale feature maps and establishes a cross-scale feature integration mechanism. The
improvement facilitates collaborative optimization between pixel-level localization accu-
racy and high-level semantic abstraction by dynamically aligning low-level spatial details
with deep semantic representations.
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In addition, drawing inspiration from [61], we introduce a gated activation convo-
lutional module to mitigate issues of feature redundancy and semantic misalignment
in multi-scale, multi-level feature fusion. This module enhances relevant features while
suppressing irrelevant background information. As depicted in Figure 5, an adaptive
gating unit is employed to achieve dynamic weight allocation across both feature channels
and spatial dimensions. Element-wise feature modulation [62,63] is further applied to
improve the model’s ability to perceive fine-grained details. To optimize computational
efficiency, a lightweight convolutional module (BottConv) based on rank-constrained opti-
mization [64] is designed. This component projects high-dimensional feature tensors into a
lower-dimensional latent space, thereby reducing computational resource requirements
while preserving feature representational capacity.

@ : Element-wise Multiplication

@ : Element-wise Addition

BottConv

DepthConv

/
Z

o o e e

] BottConv

: |
N -

~

Figure 5. The structure diagram of gated activation convolutional module.

As shown in Figure 5, the input feature x € R&*H*W

passes through the branch path
composed of Blockl and Block2 and the branch path of Block3, respectively, one is used to
perform standard convolution and the other is used to generate gating weights. Each Block
module includes a BottConv layer, followed by a normalization and activation function,

resulting in features Block2,,,; and Block3,,; as follows:
Block1,yt = ReLU(Normy (BottConvy(x))) (8)

Block2y, = ReLU(Normy(BottConvy(Blockleyt))) )

Block3,yt = ReLU(Normz(BottConvz(x))) (10)
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Then, the output of Block3 is processed by the gating unit to generate the gating
weight Gateoys:
Gateoyr = Sigmoid(BN(Conv(Block3oyt))) (11)

To generate a gated feature map, Block2,,; and Gate,,; are combined by a Hadamard
product:
gfm(x) = Block2yut @ Gatepys (12)

The gated feature map gfm(x) is then processed again by Block4 to further extract
fine-grained details, and finally, after applying residual connection, the resulting output is:

Block4yy: = ReLU(Normy(BottConvg(gfm(x)))) (13)

Output = Blockdout + x (14)

The proposed gated activation convolutional module comprises a BottConv com-
ponent and deeper gated branches. This design allows the model to preserve critical
multi-scale features of small targets in aerial imagery while maintaining computational effi-
ciency. Furthermore, it enhances the perception of fine-grained details, thereby significantly
improving detection performance for small objects.

2.7. Categorization of Feature Fusion Methods

Feature fusion is a pivotal technique in object detection networks, designed to enhance
feature representation and handle challenges such as scale variation. Based on their core
mechanisms, we categorize existing feature fusion approaches into three primary classes:
Operation-Based Fusion, Attention-Based Fusion, and Pyramid-Based Fusion. This taxon-
omy provides a clear theoretical framework for understanding the design philosophies and
applicability of different methods, particularly for small object detection in UAV imagery.

Operation-Based Fusion methods rely on simple mathematical operations to combine
features from different layers or scales. They are computationally efficient but may lack
adaptability. For example, element-wise addition, channel concatenation, and averaging.
These are commonly used in early fusion approaches and in networks like U-Net [65]
for skip connections. The fusion process is fixed and non-adaptive, meaning it does not
dynamically adjust to input content. The advantages of this type of methods are low
computational cost and easy implementation. However, due to the inability to highlight
key features or suppress interference noise, it often leads to poor performance in complex
scenes containing small objects.

Attention-Based Fusion methods employ attention mechanisms to dynamically weight
features, highlighting salient regions and suppressing irrelevant information. For example,
SE-Net (Squeeze-and-Excitation Network) [66], CBAM (Convolutional Block Attention
Module) [67], and EMA (Efficient Multi-scale Attention) [68]. The key characteristic of
such methods is the use of channel or spatial attention to refine features, typically ap-
plied sequentially. The advantages of this type of methods are that it effectively enhances
feature distinctiveness and reduces background interference. However, most methods op-
erate on single-scale features, neglecting multi-scale contextual information. Additionally,
due to complex attention computation mechanisms, these methods may incur additional
computational overhead.

Pyramid-Based Fusion methods focus on multi-scale feature integration through pyra-
midal structures, combining features from different network levels to capture context at
varying scales. For example, FPN, PANet, BiFPN [69], and AFPN [70]. The main charac-
teristic of this type of methods is the adoption of a top-down or bidirectional approach,
combining high-level semantic features with low-level spatial details. The advantage of this
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type of methods is its proficiency in handling object scale variations, thereby improving
detection accuracy across different sizes. However, when integrating different levels, issues
such as feature redundancy or semantic gaps may arise. They typically employ simple
operations (e.g., addition) for fusion, lacking a dynamic weighting mechanism.

The proposed MFCAM and GAC-FPN modules in SRTSOD-YOLO integrate innova-
tions from these categories to address their limitations for UAV-based small object detection.
MFCAM combines elements from attention-based and pyramid-based fusion: it employs
parallel multi-scale convolutions (3 x 3,5 x 5,7 x 7) to capture context at varying receptive
fields (inspired by pyramid methods), while integrating channel and spatial attention in a
split-transform-merge strategy (enhancing adaptability beyond simple operations). This
design preserves fine-grained details and dynamically highlights critical regions, over-
coming the non-adaptability of operation-based methods and the single-scale focus of
pure attention mechanisms. GAC-FPN leverages pyramid-based structures but introduces
dynamic gating: it uses a Gated Activation Convolution (GAC) module for adaptive feature
weighting during fusion, addressing the fixed operation limitations in standard pyramid
methods. Its structural optimization (e.g., replacing large detection heads with small ones)
enhances high-resolution feature utilization, crucial for small objects.

By categorizing existing works into these three classes, we emphasize that SRTSOD-
YOLQO's fusion strategies offer a hybrid approach that integrates multi-scale context capture
(from pyramid-based methods), dynamic modulation (from attention-based methods), and
computational efficiency (improving upon operation-based methods). This theoretical
framework sets the stage for the empirical validation in Section 3.

2.8. The Adaptive Threshold Focus Loss Function

In UAV aerial imagery, the background typically occupies most of the image, while
target objects cover only a small area. This imbalanced data distribution causes the model
to more easily learn background features rather than those of the targets during training. In
this context, the background can be viewed as easy-to-learn samples, whereas the targets
represent hard samples. Even after the model has sufficiently learned the background
characteristics, these regions continue to contribute disproportionately to the training loss
due to their dominance. Consequently, the simple—yet pervasive—background samples
unduly influence the weight updates, thereby overshadowing the gradient contributions
from the more critical target regions. To mitigate this issue, we employ the adaptive
threshold focal loss proposed by Yang et al. [71] to replace the original binary cross-entropy
loss. This loss function dynamically adjusts the loss value based on the predicted probability,
thereby down-weighting easy samples and focusing training on hard examples. This
adaptation enhances the detection performance for small targets in UAV aerial imagery.

The classical cross-entropy loss function can be expressed as:

Lpce = —(ylog(p) + (1 —y)log(1 —p)) (15)

where p represents the prediction probability and y represents the true label. Its concise
expression is:

Lpce = —log(p:) (16)

where
_pify=1
pt = {17;7, others 17)

The expression for the adaptive threshold focus loss can be expressed as:

(A — —1In(ps) -~
ATFL = { (A Pr)_ln( ‘) log(pt),pr <= 0.5 as)
—(1=pt) pe log(pt),pt > 0.5
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where A is a hyperparameter greater than 1 and the expression of p, is as follows:
1 t—1
=0.05 x — ; +0.95 19
pe Xt—li;)pl+ X pi (19)

where p, represents the predicted value of the next epoch, p; represents the current average
predicted probability value, and p; represents the average predicted probability value of
each training epoch.

3. Results
3.1. Image Datasets for Small Object Detection

To evaluate the performance of the proposed SRTSOD-YOLO model, we conducted
experiments on two widely used and representative UAV perspective datasets: VisDrone
and UAVDT. The VisDrone dataset is a well-established and authoritative benchmark in
the field of UAV vision research. We adopted the 2019 version, which was released by the
AISKYEYE team at Tianjin University to advance visual perception technologies under
UAV platforms—particularly in tasks such as object detection, tracking, and semantic
segmentation. Owing to its large scale and notable scenario diversity, VisDrone2019 has
become a standard reference dataset in this domain. It contains 288 video sequences
captured in diverse and challenging environments, including urban streets, rural areas,
and construction sites. In addition, the dataset provides 10,209 static aerial images with
a wide variety of geographical and environmental conditions, suitable for image-based
object detection research. These images are meticulously annotated with 10 categories of
target objects. In accordance with the official partitioning protocol of the VisDrone2019
challenge, the samples are divided into training (6471 images), validation (548 images), and
test (1610 images) sets.

The UAVDT dataset was jointly released by researchers from the University of Chinese
Academy of Sciences, Harbin Institute of Technology, Huawei’s Noah’s Ark Lab, and the
University of Texas at San Antonio. It comprises 100 video sequences selected from more
than 10 h of raw footage captured by UAV platforms across various urban locations. The
dataset covers a range of typical traffic scenarios, such as squares, main roads, toll stations,
highways, intersections, and T-junctions. From the original video material, approximately
80,000 representative frames were extracted and fully annotated with bounding boxes,
along with up to 14 attributes—including weather conditions, flight altitude, camera view-
point, vehicle category, and occlusion level. These annotations support three fundamental
computer vision tasks: object detection, single object tracking, and multi-object tracking.

3.2. Experimental Setup

The experiment was executed on the ubuntu operating system. At the time of the
experiment, the Python version was 3.8, the PyTorch version was 1.2.0, and the Cuda
version was 11.3. The hardware used for these experiments was two NVIDIA 3090 graphics
cards with 24G of video memory. SRTSOD-YOLO is improved based on YOLO11 Ultralytics
version 8.3.39. The training was carried out for 300 epochs and the input image was
resized to 640 x 640 pixels. The optimization utilizes the stochastic gradient descent
algorithm, starting from an initial learning rate of 0.01 and gradually decreasing to a final
learning rate of 0.0001. Table 4 shows the setting of relevant parameters during the model
training process. Each model is trained without the use of pre-trained weights to ensure a
fair comparison.
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Table 4. Setting of relevant parameters during model training.

Parameters Setup
Epochs 300
Batch size 16
Initial learning rate 0.01

Final learning rate 0.0001

Optimizer SGD
Momentum 0.9
Random seed 42

Input image size 640 x 640

3.3. Experimental Evaluation Index

To fully evaluate model performance, we measure from the following dimensions: In
terms of detection accuracy, the performance of all target categories is evaluated with the
mean average precision mAP@0.5 and mAP@0.5:0.95 indicators. In terms of computational
complexity, giga floating-point operations (GFLOPs) are used for quantization. In terms of
model scale, it is reflected by the total amount of parameters. In terms of processing speed,
the frames per second (FPS) indicator is used to reflect the real-time inference throughput of
the model. The time taken by the model to process an image mainly consists of three stages:
preprocessing, inference, and post-processing. The FPS is calculated by dividing 1000 by
the sum of the time taken for each stage. FPS was measured by performing inference on
the entire VisDrone2019 validation set (548 images), using a batch size of 1.

3.4. Assessment of Error Types

In object detection tasks, the evaluation of the model cannot rely solely on the mean
average precision (mAP) metric. Although mAP provides a global quantitative evaluation
of model performance and comprehensively reflects the detection accuracy of the model
in various categories, it is difficult to fully reflect the specific performance of the model
in real scenarios. The key point is that it is difficult to effectively identify the specific
error patterns generated by the model based on the mAP score alone. For example, false
positive (FP) results may stem from duplicate boxes, mislabels, mislocation, or confusion
with background regions. A false negative (FN) may indicate a true target that failed to be
detected or a complete prediction omission [72]. The frequency and combination of these
different types of errors can have a differentiated impact on the final mAP result. Therefore,
it is of great value to deeply analyze the error composition of the model.

Based on this, we attribute all FPs and FNs to the following six error types: label
error (Cls), position bias (Loc), label and position double error (both), duplicate detection
(Dup), background misjudgment (Bkg), and Missed target (Missed) (as shown in Figure 6).
To accurately identify these error types, we adopted the TIDE toolkit [72]. This tool not
only classifies and summarizes errors clearly and concisely, but also completely isolates
the impact of each error type on the final result, making the error analysis results more
intuitive and easy to understand.

The core principle of the TIDE tool is that for each false positive box, calculate its
maximum IoU (denoted as IoUnmayx) with all real target boxes in the same category. Two key
IoU thresholds are set: the threshold t; for distinguishing the foreground (target) defaults
to 0.5, and the threshold ty, for distinguishing the background defaults to 0.1 (unless a
different value is specifically specified).

1. Classification Error: IoUmax > t; for GT of the incorrect class (i.e., localized correctly
but classified incorrectly).
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2. Localization Error: t;, < IoUmax < tf for GT of the correct class (i.e., classified correctly
but localized incorrectly).

3. Both Cls and Loc Error: t, < IoUpax < t; for GT of the incorrect class (i.e., classified
incorrectly and localized incorrectly).

4. Duplicate Detection Error: IoUmax > t¢ for GT of the correct class but another higher-
scoring detection already matched that GT (i.e., would be correct if not for a higher
scoring detection).

5. Background Error: IoUpax < tp, for all GT (i.e., detected background as foreground).

6. Missed GT Error: All undetected ground truth (false negatives) not already covered
by classification or localization error.

Cls Loc Both Missed

Dup Bkg

car:0.9 truck:0.9

truck:0.9 car:0.8 car:0.9

-

car:0.95

—

0t t 1 0t t 1 0 t, t 1 0t t 1

—t+—— NA
0 6

- = false positive detection - = ground truth = true positive detection

Figure 6. Introduction to six error types. The blue line indicates the range of IOUnax values for
different types of errors.

3.5. Comparative Analysis with YOLO11

After elaborating on the SRTSOD-YOLO model proposed in Chapter 2 and the evalua-
tion metrics in Sections 3.3 and 3.4, we trained the different versions of the SRTSOD-YOLO
model and the corresponding versions of the YOLO11 model on the VisDrone2019 dataset
three times, each time using a different random seed (the random seeds were 0/42/123,
respectively). The performance and model sizes of SRTSOD-YOLO and YOLO11 are shown
in Table 5 and Figure 7.

Table 5. Comparison of individual versions of SRTSOD-YOLO and YOLO11 on VisDrone2019 dataset.

Network mAP50 (%) mAP50-95 (%) Params (M) GFLOPs FPS
YOLOI11n 332 +0.2 20.6 +£0.1 2.6 6.5 164
SRTSOD-YOLO-n 363 +0.1 21.8+0.1 35 7.4 147
YOLO11s 40.6 £0.2 245 +0.2 94 21.6 153
SRTSOD-YOLO-s 444 +02 27.0+0.2 11.1 24.2 138
YOLO11lm 435+0.2 263 +£0.2 20.1 68.2 135
SRTSOD-YOLO-m  49.6 +£0.3 304 +0.2 22.2 72.7 124
YOLO11l1 459 +0.3 282 +0.2 25.3 87.3 111
SRTSOD-YOLO-1 53.8 +£0.3 33.8+0.2 27.6 94.7 99

As shown in Table 5, the values of mAP50 and mAP50-95 along with their standard
deviations, the number of parameters, the amount of floating-point operations, and FPS of
each model are presented. Compared with the standard YOLO11 model, different versions
of the SRTSOD-YOLO model show a leading advantage. Specifically, compared with
YOLO11n, SRTSOD-YOLO-n has an increase of 13.8% in GFLOPs and a 34.6% increase
in parameters, resulting in an improvement of 3.1% in mAP50 and 1.2% in mAP50-95.
Compared with YOLO11s, SRTSOD-YOLO-s has an increase of 12.0% in GFLOPs and
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an 18.1% increase in parameters, leading to an increase of 3.8% in mAP50 and 2.5% in
mAP50-95. Compared with YOLO11m, SRTSOD-YOLO-m has an increase of 6.6% in
GFLOPs and a 10.4% increase in parameters, resulting in an increase of 6.1% in mAP50 and
4.1% in mAP50-95. Compared with YOLO11l, SRTSOD-YOLO-1 has an increase of 8.5%
in GFLOPs and a 9.1% increase in parameters, leading to an increase of 7.9% in mAP50
and 5.6% in mAP50-95. These results prove that SRTSOD-YOLO achieves higher detection
performance on the premise of a small increase in model parameters and computational
cost. In addition, although the FPS of each version of SRTSOD-YOLO is only slightly lower
than that of YOLOL11, it can still fully meet the real-time processing requirements required
by UAV scenarios.

55

-~ YOLOl1
SRTSOD-YOLO

50 1

Categories

Figure 7. Relationship between detection accuracy and scale.

As shown in Figure 7, each version of the proposed detection model SRTSOD-YOLO
consistently outperforms each version of the corresponding baseline model YOLO11 regard-
less of the model size. In-depth analysis reveals that the difference in detection performance
between the two shows a significant trend of expanding with the increase in model scale.
Under the scale of version “n”, based on the mAP50 index, SRTSOD-YOLO-n achieved
a performance lead of 3.1% compared to YOLO11n. However, when the model size was

/lll/

increased to version “1”, its mAP50 dominance value increased to 7.9%, significantly widen-
ing the gap between the two models. This phenomenon confirms that with the increase in
model parameters and computational complexity, the improvement rate of SRTSOD-YOLO
in detection accuracy is significantly accelerated. Therefore, when deployed on a hardware
platform with sufficient computing power, especially in a large-scale model configuration,
the model is expected to achieve higher target detection accuracy.

We use the TIDE toolkit to perform error type analysis on the and “1” versions
of the proposed SRTSOD-YOLO model and YOLO11 model, respectively, as shown in
Table 6. Compared with YOLO11s, SRTSOD-YOLO-s showed a 0.24 decrease in label

error measure E.g, a 0.21 decrease in position bias measure Ej,., a 0.02 decrease in label

‘o _ 1 Yavns
S 1

versus position double error measure Ey,yy,, a 0.03 decrease in duplicate detection measure
Egup, @ 0.09 decrease in background misjudgment measure Epy,, and a 0.19 decrease
in omission target measure Ejseq- Compared with YOLO111, SRTSOD-YOLO-1 had a
0.5 decrease in label error measure E.,, a 0.28 decrease in position bias measure Ej,.,
a 0.04 decrease in label versus position double error measure Eyyy,, a 0.09 decrease in
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duplicate detection measure Eqyp, a 0.42 decrease in background misjudgment measure
Epkg, and a 1.08 decrease in missing target measure Epyjsseq. It can be seen that compared
with the baseline model YOLOL11, the six error type indicators in the detection results of
the SRTSOD-YOLO model have all declined, especially the missing target measure Eisseq
indicator has the largest decrease. Our proposed model has better small target localization
ability and fewer missed detections, which significantly proves the detection performance
of the SRTSOD-YOLO model.

Table 6. Comparison of error types between SRTSOD-YOLO and YOLOL11 on the VisDrone2019 dataset.

Model Eds Eloc Epoth Edup Ebkg Emissed
YOLO11s 15.30 4.32 0.52 0.18 2.35 14.46
SRTSOD-YOLO-s 15.06 411 0.50 0.15 2.26 14.27
YOLO11l1 14.59 4.19 0.53 0.12 2.55 15.04
SRTSOD-YOLO-1 14.09 391 0.49 0.03 2.13 13.96

As shown in Figure 8, two typical types of detection errors are illustrated: classification
errors and missed detections.

-
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pedestrian 0.738 " Missed
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Figure 8. Visualization of typical detection error types. The red box in the figure indicates the classifi-
cation error results. Two “people” were wrongly predicted as one “motor” and one “pedestrian”.
The yellow box indicates the missed detection results.

To comprehensively evaluate the performance of the proposed model, we employ two
distinct datasets for validation. During training on both the VisDrone2019 and UAVDT
datasets, input images are resized to 640 x 640 pixels, and the models are trained for 300
epochs. It is important to note that GFLOPs and the number of model parameters are
intrinsic properties of the network architecture; thus, their values remain unaffected by the
type or size of the dataset. Therefore, this study focuses on accuracy metrics obtained on
the UAVDT dataset, with specific emphasis on mAP@0.5 and mAP@0.5:0.95.

As shown in Table 7, the performance of each variant of SRTSOD-YOLO is com-
pared against the corresponding YOLO11 model on the UAVDT dataset. In terms of
mAP@0.5, SRTSOD-YOLO-n shows an improvement of 1.2% over YOLO11n, SRTSOD-
YOLO-s improves by 3.8% compared to YOLO11s, SRTSOD-YOLO-m achieves a 4.9%
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gain over YOLO11m, and SRTSOD-YOLO-1 outperforms YOLO11l by 3.3%. Regarding
mAP@0.5:0.95, SRTSOD-YOLO-n exceeds YOLO11n by 0.6%, SRTSOD-YOLO-s shows a
2.2% improvement over YOLO11s, SRTSOD-YOLO-m outperforms YOLO11m by 3.1%,
and SRTSOD-YOLO-I surpasses YOLOL11l by 2.2%. These results demonstrate that the
proposed model exhibits consistently better detection performance than the baseline across
all evaluated scales on the UAVDT dataset.

Table 7. Comparison of individual versions of SRTSOD-YOLO and YOLO11 on UAVDT dataset.

Network mAP50 (%) mAP50-95 (%)
YOLO11n 32.3 20.2
SRTSOD-YOLO-n 33.5 20.8
YOLO11s 34.6 21.4
SRTSOD-YOLO-s 38.4 23.6
YOLO11lm 39.8 24.2
SRTSOD-YOLO-m 44.7 27.3
YOLO111 439 26.5
SRTSOD-YOLO-1 47.2 28.7

Based on the VisDrone2019 and UAVDT datasets, this subsection presents a compre-
hensive comparison of multiple evaluation metrics across several versions of the proposed
model and their corresponding baseline models. Experimental results demonstrate that
our method exhibits significant advantages in small target detection performance. Further
analysis indicates that although the four variants of SRTSOD-YOLO slightly exceed the
baseline versions in terms of parameter count and computational complexity, the improved
model achieves higher localization accuracy and substantially reduces the rates of missed
detections and false alarms.

3.6. Ablation Experiment

To verify the effectiveness of the improved method used in the SRTSOD-YOLO net-
work, we conducted ablation experiments based on the YOLO11n model with incremental
addition of the improved method. We train the model with the same hyperparameters to
conduct a fair experiment. The ablation experiment was designed as follows:

(1)  A:Multi-scale Feature Complementary Aggregation Module (MFCAM) is used in the
backbone network.

(2) B: Add a detector with a small receptive field and delete the detector with the original
maximum receptive field.

(3) C: A multi-scale and multi-level feature fusion pathway is reconstructed at the neck
of the model to fully integrate the multi-level expression of large-size feature maps.

(4) D: Use gated activation convolutional modules at the neck of the model.

(5) E: The original binary cross-entropy loss was replaced by using an adaptive threshold
focus loss.

The experimental results in Table 8 clearly show that with the sequential introduction
of improvement strategies at each stage, the accuracy of the detection model continues to
improve. In particular, the second stage has the most significant improvement in accuracy,
and its mAP@0.5 index is 1.2 percentage points higher than that of the first stage when
the multi-scale feature complementary aggregation module is used in the YOLO11n back-
bone network. Furthermore, the GAC-FPN introduces an additional detection head and
removes one of the original detection heads with the largest receptive field. Compared with
YOLOL1n, this structural change results in a decrease in FPS from 164 to 160, an increase
in the model’s parameter quantity metric from 2.6 to 2.8, and an increase in the model’s
computational complexity metric from 6.5 to 6.7. In addition, the third stage increases the
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parameter quantity and computational complexity of the model most significantly. This
result verifies that large-scale feature maps contain rich spatial detail information, and
effective mining and utilization of such information can significantly improve the small
target detection ability of the model. Finally, the ablation study on the VisDrone2019 dataset
further confirmed that the proposed series of optimization strategies effectively improved

the detection accuracy.

Table 8. Results of ablation experiments in VisDrone2019.

Network A B C D E  mAP50 (%) mAP50-95(%) Params (M) GFLOPs FPS
YOLO11n 33.2 20.6 2.6 6.5 164
\/ * 33.9 20.7 2.7 6.7 161

\/ 34.4 21.1 2.8 6.7 160

SRTSOD- v Vi 35.1 212 29 6.9 158
YOLO-n Vv v oV 35.6 21.5 3.3 7.3 150
v v v 36.0 21.7 35 7.4 147

v v v v 36.3 21.8 35 7.4 147

* The symbol “y/” indicates the addition of the corresponding module in the YOLO11n model.

As shown in Figure 9, the visual results of the ablation experiments are presented.

(d) YOLOI1n+A+B+C

Figure 9. The visual results of the ablation experiments. As the improvement strategies at each stage
were successively introduced, the detection performance of the model gradually improved, and more

targets were detected.

Furthermore, we conducted an ablation study on the channel separation ratio {3 in
MFCAM. We tested 3 values in the range of [0.1, 0.9] on the VisDrone2019 test set using
our SRTSOD-YOLO-n model. The results are summarized in Table 9.

(¢) YOLOTIn+A+B+C+D

Table 9. Ablation study on the channel separation ratio 3 in MFCAM.

(f) YOLO11n+A+B+C+D+E

B mAP50 (%) mAP50-95 (%) Params (M) GFLOPs
0.1 35.7 214 35 74
0.25 36.3 21.8 35 74
0.5 35.9 21.6 35 7.4
0.75 354 21.3 35 74
0.9 35.1 21.1 35 74
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The results indicate that the model achieves the best performance when 3 = 0.25. We
hypothesize that this ratio strikes an optimal balance: a smaller proportion of channels (X1)
is refined by the computationally lighter channel attention path, while a larger proportion
(X2) is processed by the spatial attention path to preserve and highlight spatial structural
information, which is critical for small object localization. Setting (3 too high or too low
disrupts this balance, leading to a performance drop. Based on this experiment, we set
3 = 0.25 for all MFCAM modules in our final model.

Additionally, we conducted a comparative experiment on the attention mechanism
module. We introduced various attention mechanisms into the baseline YOLO11n model,
and the related results are summarized in Table 10. Among them, the MFCAM structure
achieved the best detection accuracy when integrated into YOLO11n, and its robust feature
fusion capability was fully demonstrated.

Table 10. Comparison of MFCAM with Other Attention Mechanisms on the VisDrone2019 Dataset.

Network mAP50 (%) mAP50-95 (%) Params (M) GFLOPs
YOLO11n 33.2 20.6 2.6 6.5
YOLO11n with CBAM [67] 33.3 20.6 2.6 6.5
YOLO11n with EMA [68] 334 20.6 2.6 6.5
YOLO11n with MFCAM 33.9 20.7 2.7 6.7

We incorporated various Feature Pyramid Network (FPN) methods into the baseline

YOLO11n model for conducting comparative experiments on the neck architecture. The
results are presented in Table 11. When the GAC-FPN structure was integrated into the
YOLO11n model, the highest detection accuracy was achieved. These findings clearly
demonstrate the superiority of the proposed GAC-FPN method.

Table 11. Comparison of GAC-FPN with Other Feature Pyramid Networks on the Vis Drone2019
Dataset.

Network mAP50 (%) mAP50-95 (%) Params (M) GFLOPs

YOLO11n 33.2 20.6 2.6 6.5
YOLO11n with BiFPN [69] 34.1 21.0 3.1 6.8
YOLO11n with AFPN [70] 33.7 20.8 3.5 7.4
YOLO11n with GAC-FPN 35.3 21.6 34 7.2

3.7. Visual Comparison

To provide a more intuitive comparison between the proposed model and the baseline,
we visually contrast the detection results of SRTSOD-YOLO-s and SRTSOD-YOLO-I against
the YOLO11s and YOLO11l benchmarks. As illustrated in Figures 10-14, which present
multiple representative images from the VisDrone2019 test set, our model demonstrates
superior detection accuracy under identical input conditions. It also achieves a notable
reduction in both false detection and missed detection rates. In scenes with densely dis-
tributed objects, bounding boxes of different colors are used to distinguish object categories.
For clarity, confidence scores and category labels are omitted in such cases.

Furthermore, visual comparisons of class activation maps reveal that our proposed
model substantially outperforms the baseline in target perception and localization accu-
racy. As shown in Figures 15-19, the heatmap visualization clearly illustrates the model’s
ability to suppress false detections and improve target capture in complex scenes. In
these maps, warm-colored areas (e.g., red or yellow) indicate regions with high model
confidence regarding target presence, reflecting reliable localization. This form of analy-
sis not only demonstrates the advantage of our approach but also offers valuable visual
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guidance for subsequent model tuning and refinement. Using such visualization, we can
accurately assess model behavior in specific scenarios and identify potential directions for
improvement.

(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-1

Figure 10. Visualization of experimental results. A visual comparative analysis of detection perfor-
mance between the proposed model and the baseline model on the VisDrone2019 dataset demon-
strates that our method achieves improved detection of densely distributed small targets. Boxes of
different colors represent targets of different categories predicted by the model.

(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-I

Figure 11. Visualization of experimental results. Boxes of different colors represent targets of different
categories predicted by the model.
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(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-I

Figure 12. Visualization of experimental results. Our method is capable of detecting small targets
that are densely distributed in complex scenarios more effectively. Boxes of different colors represent
targets of different categories predicted by the model.

(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-I

Figure 13. Visualization of experimental results. Boxes of different colors represent targets of different
categories predicted by the model.



Remote Sens. 2025, 17, 3414 27 of 39

(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-1

Figure 14. Visualization of experimental results. Our method is capable of detecting targets in
low-light conditions more effectively. Boxes of different colors represent targets of different categories
predicted by the model.

(a) YOLOI11s (b) YOLOI111

(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-1

Figure 15. The heat map visualization comparison between the proposed model and the benchmark
model on the Visdrone2019 dataset. Our model can precisely locate the targets in complex scenarios.
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(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-1

Figure 16. The heat map visualization comparison between the proposed model and the benchmark
model on the Visdrone2019 dataset.

(2) YOLOI1s (b) YOLOI111

(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-I

Figure 17. The visualization of heat map results. Our model can precisely locate the targets in
complex scenarios.
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(2) YOLOI1s (b) YOLOI111

() SRTSOD-YOLO-s (d) SRTSOD-YOLO-1

Figure 18. The visualization of heat map results.

(a) YOLOI11s (b) YOLOL111

(¢) SRTSOD-YOLO-s (d) SRTSOD-YOLO-1

Figure 19. The visualization of heat map results. Our model can precisely locate the target even in
low-light conditions, without paying attention to the background.

As shown in Figure 20, both of the two scenarios in the picture are facing the prob-
lems of insufficient light and motion blur. The first row represents the prediction results
of YOLOL11], and the second row represents the prediction results of SRTSOD-YOLO-L
Compared with YOLOL11], our model is capable of accurately detecting small targets under
low-light conditions and targets with motion blur, demonstrating the superiority of the
proposed method.
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Figure 20. Comparison of detection results of SRTSOD-YOLO-1 and YOLO111 in low-light and
motion-blurred scenes. The first row shows the prediction results of YOLO111, and the second row
shows the prediction results of SRTSOD-YOLO-1. Our model can detect moving blurry targets under
low-light conditions.

3.8. Comparison with YOLO Series Algorithms

The YOLO network is a benchmark framework for one-stage object detection. To
validate the effectiveness of SRTSOD-YOLO, particularly for UAV applications, we sys-
tematically compared it against other YOLO series models on the VisDrone2019 dataset,
focusing on detection accuracy, model parameters, and computational complexity.

3.8.1. Comparison with YOLO Series Lightweight Models

To fairly compare the performance of various lightweight models, we selected YOLOv3
Tiny, YOLOv5s, YOLOv6s, YOLOV? Tiny, YOLOv8s and YOLOv10s for testing. All models
were trained with consistent hyperparameter settings, and none were loaded with any
pre-training weights. Specific performance data are recorded in Table 12 and Figure 21.

Table 12. Comparison of SRTSOD-YOLO-s and YOLO series lightweight models.

Network mAP50 (%) mAP50-95 (%) Params (M) GFLOPs FPS

YOLOV3-tiny 23.4 13.0 12.1 189 141
YOLOV5s 37.7 223 9.1 23.8 146
YOLOv6s 36.3 214 16.3 44.0 118

YOLOV7-tiny 32.9 16.8 6.0 13.3 161
YOLOVSs 39.0 233 11.6 28.7 135
YOLOV10s 38.6 23.1 7.4 21.4 145
SRTSOD- .

YOLOS 44.4 27.0 111 24.2 138

* Bold text indicates the best experimental results for each metric.



Remote Sens. 2025, 17, 3414

31 of 39

mAP50 (%)

s
=5

90

w
S

[y
=

=

0

de’“' an

"n"""ﬂn""

ve“?‘e

picy<e truck iy xieye ot

awnine”

B YOLOv3-tny EEE YOLOvG6s I YOLOVSs BN SRTSOD-YOLO-s
B YOLOvSs [0 YOLOv/-iny EEE YOLOvIOs

Figure 21. Detection accuracy of various lightweight models for different classes on Visdrone2019
dataset.

The experimental data finally confirmed that compared with the YOLO series
lightweight models, SRTSOD-YOLO-s achieved the best recognition effect on the premise
of fewer parameters and lower computing resource requirements, and its advancement
was confirmed. As shown in Figure 21, compared with large-scale targets such as “cars”
and “buses”, SRTSOD-YOLO-s shows the best recognition ability in recognizing small
targets (such as “people” and “pedestrian”). Specifically, in the “pedestrian” target category,
compared with the YOLOv10s model, its detection performance has improved by 11.2%,
and in the “people” target category, compared with the YOLOv10s model, its detection per-
formance has improved by 11.5%. It demonstrates the model’s excellent ability in small-size
target recognition tasks. The efficiency of other lightweight networks in this detection task is
low, because the design of these models is positioned on the detection of conventional-scale
targets, and the recognition of small-scale targets is not particularly enhanced.

3.8.2. Comparison with YOLO Series Large-Scale Models

In order to verify the competitive performance of the proposed model SRTSOD-YOLO,
we conducted a systematic horizontal evaluation of the YOLO series of large models based
on the VisDrone2019 dataset. See Table 13 and Figure 22 for details of the comparison
results of refinement performance.

Table 13. Comparison of large-scale models of SRTSOD-YOLO-1 and YOLO series.

Network mAP50 (%) mAP50-95 (%) Params (M) GFLOPs FPS

YOLOV3 44.0 26.9 103.7 282.3 71
YOLOVS5I 43.0 26.2 53.2 1347 96
YOLOV6I 407 24.8 110.9 391.2 68
YOLOV7 46.2 25.9 37.2 105.3 103
YOLOVSI 438 26.9 436 164.9 92
YOLOv9e 46.6 28.9 57.4 189.2 86
YOLOV101 435 26.8 24.9 120.0 111
SRTSOD- .

YoLod 53.8 33.8 27.6 94.7 99

* Bold text indicates the best experimental results for each metric.



Remote Sens. 2025, 17, 3414

32 of 39

mAP50 (%)

90

80

70

60

50

40

30

20

‘,eﬂest\"\“‘“

ve“p\e

motor

picye ca¥ van ek rieye® ot e
aw

B YOLOv3 [EE YOLOvel [Nl YOLOvS| [EEE YOLOvIOl
[ YOLOvSI [ YOLOv7 @ YOLOve [EEE SRTSOD-YOLO-l

Figure 22. Detection accuracy of various large-scale models for different classes on the Visdrone2019
dataset.

We included the YOLOv9e model in this comparison. Table 13 shows that SRTSOD-
YOLO-1 is the best in three indicators: mAP@0.5, mAP@0.5:0.95 and floating-point compu-
tation, and YOLOv9e ranks second in mAP@0.5 indicator. Specifically, the mAP50 index of
SRTSOD-YOLO-1 was 4.9% higher than that of YOLOv9e, but only 48.1% of the number of
parameters of YOLOv9e. Figure 22 shows that YOLOv9e surpasses SRTSOD-YOLO-1 in
detecting “bus” objects. However, its detection accuracy for other small-sized objects is
significantly lower than that of SRTSOD-YOLO-1. These findings highlight the excellent
performance of the SRTSOD-YOLO series in small object detection. It is worth noting
that SRTSOD-YOLO-1 has the least amount of floating-point operations among all models,
highlighting its design efficiency.

In conclusion, experiments confirm that the proposed model provides the best per-
formance at different scales. It has higher accuracy and computational efficiency than
other models and is more compact. The results provide a reliable basis for selecting the
most appropriate model scale according to the task requirements and computing platform
conditions in practical applications.

3.9. Comparison with Other Object Detection Models

To comprehensively evaluate the performance of the SRTSOD-YOLO series models,
we established a multi-dimensional comparison framework that incorporates various
scaled versions of YOLO-based algorithms as well as well-established classical detection
methods as benchmark references. In the field of object detection research, significant
discrepancies exist across experimental paradigms adopted by different research teams.
Variations are commonly observed in dataset selection, hardware configurations, and
hyperparameter settings. Moreover, widely used models often lack uniformity in data
partitioning strategies—such as the ratio of training, validation, and test sets—as well
as in the definition of target categories. Some studies do not fully disclose experimental
details or report a complete set of evaluation metrics, and many advanced models have not
released source code. These factors collectively hinder the fair comparison of results across
studies. To ensure the rigor and verifiability of our conclusions, we strictly adhered to the
data splitting protocols and input size standards used by leading models in the domain.
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All models were trained on the public VisDrone benchmark dataset, and their performance
was evaluated on a standardized test set.

As shown in Table 14, we provide a systematic quantitative comparison between
the proposed model and several state-of-the-art methods on the VisDrone dataset. The
horizontal evaluation demonstrates a key advantage of our approach: it achieves leading
performance in both target recognition and localization accuracy while maintaining low ar-
chitectural complexity. This balance of high accuracy and low resource demand endows the
model with strong perceptual capability and high computational efficiency. The resulting
improvement in real-time processing efficiency enhances the practical value of the model
and its potential for integration into systems operating in highly dynamic environments.

Table 14. Comparison of SRTSOD-YOLO series models and other object detection models on Vis-
drone2019 dataset.

Network mAP50 (%) mAP50-95 (%) Params (M) GFLOPs FPS Modules Used
LHGNet backbone + LGS
LE-YOLO [43] 39.3 22.7 2.1 13.1 - bottleneck + LGSCSP fusion
module
CA attention module +
Meta-ACON activation
YOLOVS-pp [73] 417 ) 105 ) ) function + SPD Conv
module
» Ghostblock structure used
Modified YOLOvS [74] 422 - 9.66 - 167 by backbone + Bi-PAN-FPN
. Improved backbone +
PVswin-YOLOVS [75] 43.3 - 21.6 - - CBAM
UAV-YOLOVS [76] 47.0 29.2 10.3 - 51 FFNB + BiFormer
sandwich-fusion module +
Drone-YOLO [77] 51.3 31.9 76.2 - - RepVGG module
Aams-yolo [78] 472 29.1 59.2 171.7 20 feature fusion + Dy-head +
label assignment strategy
SFFEF-YOLO [44] 50.1 31.0 - - - FIEM + MFFM
C2{-Dy + LDown + AMFF +
YOLO-LE [79] 39.9 22.5 4.0 8.5 - LEHead
SKAPP + LSKA + OFTP +
LPS-YOLO(large) [80] 53.2 34.3 441 - 44 E-BIEPN
LSOD-YOLO [81] 37.0 - 3.8 33.9 93 LCOR + SPPFL + C26:N +
Dysample
BFDet + BCA Layer + EFEM
BFDet [82] 51.4 29.5 5.6 25.6 33 + DM + PSPP + MIEM
Faster RCNN 37.2 21.9 41.2 292.8 - -
Cascade RCNN 39.1 24.3 68.9 320.7 - -
RetinaNet 19.1 10.6 35.7 299.5 - -
CenterNet 33.7 18.8 70.8 137.2 - -
MFFSODNet + MSFEM +
MFFSODNet [83] 45.5 - 45 - 70 BDEPN
SRTSOD-YOLO-n 36.3 21.8 35 7.4 147 MFCAM + GACFPN + ATFL
SRTSOD-YOLO-s 444 27.0 11.1 242 138 MFCAM + GACFPN + ATFL
SRTSOD-YOLO-m 49.6 30.4 222 72.7 124 MFCAM + GACFPN + ATFL
SRTSOD-YOLO-1 53.8 * 33.8 27.6 94.7 99 MFCAM + GACFPN + ATFL

* Bold text indicates the best experimental results for each metric.
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3.10. Comparison of UAVDT Dataset

To evaluate the generalization capability of the proposed model, we conducted com-
parative experiments on the UAVDT dataset. The results are shown in Table 15, and
SRTSOD-YOLO-1 showed the best performance on the mAP@0.5 evaluation index. In addi-
tion, SRTSOD-YOLO-n has the best performance in model parameters and floating-point
calculations. Based on these findings, the proposed model has a satisfactory generalization
ability.

Table 15. Comparison of SRTSOD-YOLO series models and other object detection models on UAVDT
dataset.

Network mAP50 (%) mAP50-95 (%) Params (M) GFLOPs
Aams-yolo [78] 43.1 29.9 59.2 171.7
SFFEF-YOLO [44] 44.1 29.1 - -
ST-YOLO [84] 33.4 - 9.0 20.1
LSOD-YOLO [81] 37.1 22.1 - -
BFDet [82] 46.0 26.3 - -
Faster RCNN 36.5 214 41.1 292.3
Cascade RCNN 38.7 23.9 68.8 320.5
RetinaNet 18.8 10.4 35.7 299.5
CenterNet 32.9 18.2 70.8 137.2
YOLOv7 41.9 25.4 36.5 105.3
SRTSOD-YOLO-n 33.5 20.8 3.5 7.4
SRTSOD-YOLO-s 38.4 23.6 11.1 24.2
SRTSOD-YOLO-m 447 27.3 22.2 72.7
SRTSOD-YOLO-1 47.2* 28.7 27.6 94.7

* Bold text indicates the best experimental results for each metric.

4. Discussion

There are many difficulties in target detection of UAV aerial images. This section
describes SRTSOD-YOLO's solutions to these problems.

4.1. Multi-Scale Object Coexistence and Difficult Feature Extraction Problem

UAVs capture targets from varying angles and distances, resulting in significant
scale variations for the same object across different viewpoints. Furthermore, within the
same aerial scene, targets closer to the UAV appear larger, while those farther away are
imaged at smaller scales. The presence of multi-scale targets and the difficulty in extracting
discriminative features—particularly for small objects—pose considerable challenges for
object detection in UAV imagery.

To address these issues, SRTSOD-YOLO incorporates a Multi-scale Feature Com-
plementary Aggregation Module (MFCAM) into the backbone network. The MFCAM
effectively combines multi-scale convolutional feature extraction with channel and spatial
attention mechanisms, enabling the model to capture the positions of objects across varying
scales. Additionally, in the neck of the network, SRTSOD-YOLO integrates large-scale
shallow features, which are rich in spatial detail, with deep features that carry strong
semantic information.

At the detection head, SRTSOD-YOLO removes the large-object detection head
(20 x 20 pixels) from the top of the original feature pyramid and introduces a new de-
tection head specialized for tiny targets (160 x 160 pixels). As a result, the three detection
heads of SRTSOD-YOLO are responsible for large, medium, and small targets, respectively.

As shown in Figures 21 and 22, SRTSOD-YOLO demonstrates robust detection perfor-
mance for multi-scale objects such as “bus,” “car,” and “person,” confirming its capability
to handle scale variation and feature extraction challenges in complex UAV scenarios.
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4.2. Complex Background Interference and Positive and Negative Sample Imbalance Problem

To address the challenges of complex background interference and foreground-
background sample imbalance in UAV aerial imagery, we introduce a new neck architecture
termed Gated Activation Convolutional Fusion Pyramid Network (GAC-FPN). This mod-
ule enhances the integration of spatial and semantic information during multi-scale feature
fusion, establishes a complementary interaction mechanism across multi-level features,
and effectively emphasizes salient features while suppressing irrelevant background noise.
Furthermore, to mitigate the issue of sample imbalance, we replace the conventional binary
cross-entropy loss in the detection head with an adaptive threshold focal loss. Collec-
tively, these enhancements enable SRTSOD-YOLO to accurately localize objects even under
complex background conditions and significant sample imbalance.

5. Conclusions

This study presents and validates an improved real-time object detection algorithm
for identifying small targets—including various common vehicles and pedestrians—in
UAV aerial imagery. The core contributions are threefold. First, a Multi-scale Feature
Complementary Aggregation Module (MFCAM) is incorporated into the backbone network.
By integrating channel and spatial attention mechanisms with multi-scale convolutional
feature extraction, the module enhances the capability to accurately localize small objects
in the image. Second, a novel Gated Activation Convolutional Fusion Pyramid Network
(GAC-FPN) is introduced to optimize multi-scale feature fusion. Finally, an adaptive
threshold focal loss function is adopted in place of the standard binary cross-entropy loss
to better handle foreground-background sample imbalance. The synergistic effect of these
innovations significantly improves the model’s accuracy in detecting small objects under
complex background conditions.

To accommodate diverse application requirements, we developed the SRTSOD-YOLO
series of models with varying parameter scales. Our model variants (n, s, m, 1) follow a
structured scaling strategy tailored for practical deployment. Each variant is systematically
designed to offer a spectrum of solutions—from lightweight versions suitable for onboard
drone computation to larger models intended for ground-station processing. This scalable
and application-oriented design constitutes a key contribution of our work, emphasizing
real-world usability across diverse operational settings. Experiments on two widely used
UAV datasets, VisDrone2019 and UAVDT, fully demonstrate the effectiveness and real-time
capability of the proposed algorithm. Compared to several state-of-the-art object detec-
tion models, SRTSOD-YOLO achieves competitive performance on key metrics including
mAP@0.5 and mAP@0.5:0.95. It also significantly reduces both false and missed detection
rates while maintaining low computational overhead.

The innovative method proposed in this work not only effectively addresses the
challenge of small target detection in UAV imagery but also demonstrates broad application
potential. In critical domains such as smart city management, dynamic environmental
monitoring, and post-disaster emergency response, accurate identification of small targets
is essential for enabling efficient decision-making and timely operational response. Future
research will focus on further compressing the model size and reducing computational
overhead while maintaining high accuracy. In light of the environmental diversity and
dynamic conditions encountered in UAV applications, we will also explore more adaptive
mechanisms and robust learning strategies to enhance the model’s generalization across
diverse and complex mission scenarios. Additionally, we plan to engage in industry
collaboration to facilitate real-world deployment and experimental validation of the model,
with the goal of providing more powerful and flexible target detection solutions for UAV-
related fields.
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