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Abstract

The widespread deployment of Unmanned Aerial Ve-
hicles (UAVs) in critical sectors such as public safety
and environmental monitoring has made robust aerial
object detection an essential technology. However, the
unique top-down viewpoint of aerial imagery frequently
results in objects that are small-scale and densely clus-
tered. This presents a fundamental challenge for object
detection, rooted in the feature sparsity of small-scale
objects, where intrinsic details are insufficient for reli-
able recognition. Consequently, many prevailing detec-
tors, which rely on static operators with fixed receptive
fields, struggle to effectively address this task. In this
paper, we propose the Synergistic and Dynamic Net-
work (SD-Net), an object detector developed upon the
YOLOv11 architecture, which systematically enhances
feature representation by introducing adaptive compu-
tation mechanisms at the stages of feature extraction,
multi-scale fusion, and feature refinement. Specifically,
we design the Spatial-Context C2f (SC2f) block to intro-
duce content-adaptive computation in the backbone, the
Synergistic Scaling Block (S2B) to perform cross-scale
feature modulation in the neck, and the Hybrid Convo-
lution Block (HCB) for specialized refinement of high-
resolution features. Extensive experiments on the chal-
lenging VisDrone and TinyPerson aerial imagery bench-
marks demonstrate the effectiveness of our method. On
these two datasets, our proposed SD-Net-s achieves sub-
stantial mAP50 improvements of 9.7% and 7.3% over its
baseline, respectively, demonstrating its superior perfor-
mance in complex aerial scenes.
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1. Introduction

Unmanned Aerial Vehicles (UAVs) have become a criti-
cal platform for acquiring high-altitude visual data, serving

Figure 1. Examples of challenging scenes in aerial imagery
datasets. The images are characterized by small, densely packed
objects, complex backgrounds, and variable lighting conditions.

pivotal roles in applications such as environmental monitor-
ing, disaster management, and public safety [5, 43]. This
has driven the development of object detection techniques
tailored for aerial imagery. However, the unique perspective
and imaging distance of aerial platforms present a distinct
set of challenges for object detection compared to generic
scenes, as illustrated in Figure 1.

A prominent characteristic of objects in aerial images is
their small pixel footprint on the imaging plane, which di-
rectly leads to a reduction in discernible information of the
objects themselves. As the size of an object diminishes, its
intrinsic shape and texture features can become ambiguous,
increasing the likelihood of confusion with the background
or other object classes [12]. Furthermore, scenes from a
UAV perspective are often vast and complex, with objects
frequently appearing in dense clusters and subject to oc-
clusion, which adds to the difficulty of precise localization.
These factors collectively constitute the core difficulties of
the aerial small object detection task.

While existing detection methods have made progress
in addressing these issues, for instance, by fusing multi-
scale information through Feature Pyramid Networks
(FPNs) [37] or by focusing on salient regions using atten-
tion mechanisms [51, 58], challenges persist. The effective-
ness of these enhancement strategies can be limited when
the objects themselves lack sufficient intrinsic features. In
FPNs, for example, the direct fusion of high-level semantic
features with low-level spatial details can lead to seman-
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tic misalignment, potentially diluting the precise spatial in-
formation crucial for small object localization. Moreover,
when regions containing small objects share similar tex-
tures with a complex background, the underlying feature
representations themselves may not be sufficiently discrim-
inative, making it difficult for any subsequent enhancement
strategy to yield optimal results.

In response to these persistent challenges, this paper
aims to improve upon the core computational paradigm it-
self by proposing a new network architecture, termed the
Synergistic and Dynamic Network (SD-Net). Instead of
designing a single add-on module, we systematically re-
design the computational flow at three critical stages of the
network. First, we design the Spatial-Context C2f (SC2f)
block to serve as a core feature extraction block within the
backbone. SC2f introduces a content-adaptive computation
mechanism that allows it to adjust its convolutional oper-
ation based on input features and to expand its range of
spatial information exchange. Second, at the cross-scale
fusion stages of the feature pyramid, we propose the Syn-
ergistic Scaling Block (S2B). This module establishes an
explicit feature modulation relationship, allowing features
rich in semantic context to guide the recalibration of fea-
tures carrying fine-grained spatial details. Finally, we in-
troduce the Hybrid Convolution Block (HCB) for final fea-
ture refinement before the detection head, which dynam-
ically fuses feature streams from different computational
paradigms through a gating mechanism.

The main contributions of this work are as follows:

• We present a systematic detector architecture, SD-Net,
that addresses the challenges in aerial image detection
by introducing adaptive computation mechanisms at
the stages of feature extraction, multi-scale fusion, and
final refinement.

• We design the SC2f block, which introduces a weight
generation mechanism based on spatial feature encod-
ing to improve the information bottleneck associated
with global pooling in some dynamic networks.

• We propose the S2B module, which establishes a
cross-scale modulation relationship within the feature
pyramid, utilizing context-rich features to guide the
scaling of detail-carrying features for more effective
feature enhancement.

• We introduce the HCB module as a feature refinement
unit that adaptively fuses static structural and dynamic
content-aware information via a gating mechanism.

2. Related Work

2.1. General Object Detectors

The development of modern object detectors has pri-
marily evolved along three paradigms. Two-stage detec-

tors, represented by Faster R-CNN [46], achieve high ac-
curacy through a propose-then-classify pipeline. Single-
stage detectors, such as the YOLO series [3, 20], attain
higher computational efficiency by performing dense pre-
dictions directly. More recently, a third paradigm of query-
based, end-to-end detectors has gained widespread atten-
tion. DETR [7] pioneered the use of the Transformer archi-
tecture, framing object detection as a set prediction prob-
lem. Its successors, such as DINO [64] and the real-time
RT-DETR [66], have significantly improved convergence
speed and performance by refining query initialization and
attention mechanisms. Furthermore, an emerging research
direction involves diffusion-based detectors, like Diffusion-
Det [11], which model the generation of bounding boxes as
a denoising process from random noise to final predictions,
showing potential in handling crowded scenes. Our work
is built upon an efficient single-stage detector architecture,
with a focus on enhancing its internal feature representation
capabilities.

2.2. Object Detection in Aerial Images

To address the specific characteristics of aerial images,
researchers have proposed improvements from multiple
perspectives.

Multi-Scale Feature Representation: The vast scale vari-
ation of objects is a core challenge in aerial imagery. Fea-
ture Pyramid Networks (FPN) [37] serve as a foundational
solution to this problem. To enhance FPN’s fusion capabili-
ties, PANet [38] augmented the top-down path of FPN with
an additional bottom-up path. Recent works have explored
more efficient cross-scale connections, such as the weighted
feature fusion in BiFPN [48]. To make the fusion process
more adaptive, some studies have begun to introduce atten-
tion gates to control the flow of features across scales [42],
or to design dynamic FPN structures that can adjust their
topology based on the input [56]. These methods aim for
more powerful multi-scale features through more sophisti-
cated and flexible structural designs.

Contextual Modeling and Geometric Learning: Enabling
the model to understand the relationship between an object
and its environment is an important research direction. Be-
sides constructing specialized context modules [26], lever-
aging the self-attention mechanism in Transformers to cap-
ture long-range dependencies has become mainstream [65,
13]. Some works employ the Swin Transformer [40] as a
backbone, utilizing its hierarchical windowed attention to
efficiently model global information. To further address
the drastic geometric variations common in aerial views,
recent works have proposed sampling equivariant mecha-
nisms [61] to improve feature alignment, or theoretically
continuous representations [59] to resolve angle regression
discontinuities. Moreover, to more explicitly learn inter-
object relationships, some research utilizes Graph Neural



Figure 2. An overview of the proposed Synergistic and Dynamic Network (SD-Net) architecture. The network comprises a backbone, a
neck, and four detection heads. The backbone is enhanced with our proposed SC2f blocks. In the neck, S2B modules are employed for
multi-scale feature fusion. The detection heads for higher-resolution feature maps are augmented with our HCB modules for specialized
feature refinement. The detailed structures of these three core components are illustrated in the corresponding insets. CBS denotes a
standard convolutional block (Conv-BN-SiLU), while SB represents the Spatial-Context Bottleneck, the core of the SC2f block.

Networks (GNNs) [27] or pairwise relation modules [41] to
model the spatial or semantic associations between objects,
which is particularly effective for parsing dense and struc-
tured scenes.

Efficient Model Design and Data-Centric Approaches:
Considering the resource constraints of UAV platforms,
lightweight model design is a significant research avenue.
Some efforts focus on designing efficient backbones [22]
or leveraging knowledge distillation to transfer knowledge
from large teacher models to smaller student models [32].
On the data front, given the scarcity of small object sam-
ples, data augmentation is key to improving generalization.
In addition to methods like Copy-Paste [21], recent stud-
ies have started to explore the use of Generative Adver-
sarial Networks (GANs) or diffusion models to synthesize
high-quality, diverse small object samples to alleviate data
scarcity and long-tail distribution issues [4].

2.3. Adaptive and Dynamic Computation

Adaptive computation mechanisms have been proposed
to overcome the limitations of static computation in con-
ventional convolutional networks. The core idea is to en-
able the network’s computational process to adjust based
on the input content. Dynamic convolution is one of the
primary methods for this goal. CondConv [60] generates
routing weights for each input to linearly combine multiple
expert kernels. ODConv [31] extends this dynamic weight-
ing concept to all dimensions of the kernel. These methods
typically employ a module based on Global Average Pool-

ing (GAP) to generate sample-specific weights, the efficacy
of which has been discussed in tasks requiring fine-grained
spatial information [23]. Beyond the kernel level, Mixture-
of-Experts (MoE) models [18] implement adaptive compu-
tation at the module level, activating a subset of ”expert”
sub-networks for each input via a routing network. Re-
cent research has further explored more efficient and sta-
ble routing strategies, such as introducing auxiliary losses
to balance expert utilization [47, 29], which helps mitigate
some of the training challenges associated with MoE mod-
els. These research efforts collectively explore how to make
neural network computation more flexible and efficient.

3. Methods

This paper introduces the Synergistic and Dynamic
Network (SD-Net), an object detector developed upon
the YOLOv11 architecture with substantial modifications.
SD-Net systematically enhances the network’s capabili-
ties in feature extraction and fusion by incorporating three
purpose-built core components: SC2f, S2B, and HCB. This
section first provides an overview of the SD-Net’s over-
all architecture, followed by a detailed description of each
component’s design.

3.1. Overall Architecture

The overall architecture of the proposed SD-Net is illus-
trated in Figure 2, and it primarily consists of three parts:
a backbone, a neck, and detection heads.The core design



Figure 3. The detailed architecture of our proposed Spatial-Context C2f block. (a) The overall structure of the SC2f block. (b) The internal
workflow of the SBottleneck.

philosophy is to introduce targeted, dynamic, and adaptive
computation mechanisms at different stages of the network
to enhance its feature representation capabilities.

In the backbone, we replace the original C3k2 modules
with our proposed SC2f blocks. While retaining the CSP
structure, the SC2f block substitutes the standard internal
bottleneck with our SBottleneck, which is designed to in-
troduce a content-adaptive computation mechanism and ex-
pand the receptive field. The backbone is responsible for
extracting hierarchical features from the input image and
passing feature maps from different levels to the neck.

The neck network inherits the bidirectional feature pyra-
mid structure from YOLOv11 for effective multi-scale fea-
ture interaction. Its core modification is the introduction
of the S2B to enhance cross-scale feature interaction prior
to the standard concatenation and fusion. The function of
the S2B is to mediate the interaction between two spatially-
aligned input streams with different feature properties: one
carrying finer-grained spatial details, and the other provid-
ing richer semantic context. The module enhances cross-
scale feature interaction by performing a context-based
modulation of the detail features.

The feature streams from the neck are finally passed to
the detection heads for prediction. Our detection heads em-
ploy an asymmetric design. For the prediction branches that
operate on lower-resolution feature maps (corresponding to
medium-to-large objects), we retain the standard head struc-
ture. Conversely, for the branches that operate on higher-
resolution feature maps (corresponding to small objects),
the features are first refined by a HCB before entering the
final prediction layer. The HCB dynamically fuses fea-
tures from different computational paradigms via a gating
mechanism, aiming to enhance the feature discrimination
for small-sized objects.

3.2. Spatial-Context C2f Block

To introduce content-adaptiveness and expand the recep-
tive field during the fundamental feature extraction stage in
the backbone, we designed the Spatial-Context C2f (SC2f)

block to replace the C3k2 modules in the YOLOv11 back-
bone. The overall structure of the SC2f block is depicted
in Figure 3(a). It follows the Cross Stage Partial (CSP) de-
sign of the C2f module, which aims to achieve a rich gra-
dient flow. Specifically, an input feature map is split into
two parts: one part forms the main branch that sequentially
passes through two of our designed SBottleneck (SB) mod-
ules, while the other part, along with the output of each
stage in the main branch, serves as a skip connection that
is fed into the final concatenation layer for fusion.

The functionality of the SC2f block is centered on its
fundamental computational unit, the SBottleneck, whose
detailed architecture is illustrated in Figure 3(b). The SBot-
tleneck is designed to dynamically synthesize a customized
convolutional kernel based on the input features. Upon re-
ceiving an input feature map X 2 RB�C�H�W , the mod-
ule first transforms it via a 1 � 1 CBS layer to produce an
intermediate feature map X0. This intermediate feature X0

is then fed into a weight generation branch to compute a
set of expert attention weights � 2 RB�K , where K is the
number of experts. This process can be formulated as:

� = Softmax(Fwg(X0)) (1)

where Fwg(�) represents the weight generation function.
For an input Z, its computation is defined as a sequence
of operations:

Z1 = CBS1�1(Z) (2)
Z2 = DWConv7�7(Z1) (3)
Z3 = GAP(Z2) (4)

Fwg(Z) = Conv1�1(Z3) (5)

Unlike methods that directly compress spatial dimensions
with GAP, we introduce a large-kernel DWConv (Eq. 3) be-
fore the pooling operation (Eq. 4). This DWConv acts as a
spatial encoder, enabling the weight generation process to
be aware of the spatial layout of features, thereby avoiding
the decision-making blindness caused by premature infor-
mation compression.



Concurrently, we employ K = 3 parallel expert kernels
with different receptive fields: a large 7 � 7 kernel wl, a
standard 3�3 kernel ws, and a 3�3 dilated kernel wd with
a dilation rate of 2. All expert kernels are implemented as
depth-wise convolutions. The final dynamic kernel w(b) is
synthesized for each sample b in the batch by a linear com-
bination of these three expert kernels with the correspond-
ing attention weights �(b):

w(b) =
X

k2fl;s;dg

�
(b)
k wk; 8b 2 f1; :::; Bg (6)

where �(b)
k is the attention weight for the k-th expert of the

b-th sample. The synthesized dynamic kernel w(b) is then
applied to the corresponding feature map X0

(b). The output
of this dynamic convolution operation passes through a final
1� 1 CBS layer for channel fusion and is then added to the
original input X via a residual connection to produce the
final output of the SBottleneck.

3.3. Synergistic Scaling Block

In a feature pyramid network, the effective fusion of fea-
tures from different levels is crucial for generating scale-
robust representations. Conventional fusion methods, such
as concatenation or addition, treat all features equally and
lack a mechanism to discern feature importance. To achieve
a more intelligent cross-scale feature interaction, we de-
signed the Synergistic Scaling Block (S2B). The core idea
of S2B is not to directly merge features, but to establish a
cross-scale modulation relationship, where contextual fea-
tures are used to guide the dynamic recalibration of detailed
features.

The S2B is a dual-input module, as illustrated in Fig-
ure 2. It accepts two spatially-aligned feature maps as in-
put: a feature map Xd 2 RB�Cd�H�W containing fine-
grained spatial details, and a context feature map Xc 2
RB�Cc�H�W with richer semantic information. The ob-
jective of the module is to produce an enhanced detail fea-
ture map X0d, modulated by Xc.

To achieve this, the internal architecture of S2B is de-
signed with three parallel paths to fully exploit the syner-
gistic information between the two inputs:

• Interaction Path: We concatenate Xd and Xc along
the channel dimension and process them with a Partial
Convolution (P-Conv) [8]. P-Conv applies a convolu-
tion to only a fraction of the channels (set to 1/4 in this
work) while leaving the rest unchanged, aiming to ef-
ficiently learn the interaction patterns between the two
feature streams at a low computational cost.

• Context Path: The context feature Xc independently
passes through a large-kernel Depth-Wise Convolution
to further enhance its long-range spatial context infor-
mation.

• Detail Path: The detail feature Xd independently
passes through a 1�1 convolution to preserve its orig-
inal fine-grained structure.

The output features from the three paths are concatenated
and fused through a series of convolutional layers. The
fused feature map is then passed through a Sigmoid func-
tion to generate an attention gate g with values in the range
(0; 1). This gate is first multiplied with the original detail
feature Xd for initial detail selection. Subsequently, we em-
ploy a 1 + Tanh activation function to transform the gated
features into a scaling factor s with a range of (0; 2). This
scaling factor is finally applied to the original detail feature
Xd via element-wise multiplication to produce the final out-
put. The entire modulation process can be summarized as:

s = 1 + Tanh(Ffuse(g �Xd)) (7)

X0d = s�Xd (8)

where Ffuse represents the three-path fusion and gate gen-
eration network, and � denotes element-wise multiplica-
tion. In this way, S2B leverages contextual information
to generate a dynamic scaling coefficient for each spatial
location of the detail feature map, thereby achieving en-
hancement of effective features and suppression of potential
noise.

3.4. Asymmetric Detection Head

The design of the detection head is critical for the de-
tection performance across different object scales. A stan-
dard detection head applies the same processing paradigm
to all feature map scales, which may not be optimal for
handling the extreme scale variations in aerial imagery.
To more granularly process features of different scales,
and particularly to enhance the discrimination of small ob-
jects, we modified the detection head of the baseline model,
YOLOv11, to form an asymmetric structure. Our modifica-
tions comprise two aspects: extending the prediction scales
and introducing a specialized feature refinement module.

3.4.1 P2-Level Prediction for Small Objects

In a Feature Pyramid Network, higher-resolution feature
maps (i.e., feature levels with smaller strides) preserve finer
spatial details, which are crucial for the precise localization
of small objects. The highest-resolution prediction layer in
the baseline model is P3 (feature map size of 80 � 80 for
a 640 � 640 input). However, from a UAV perspective, a
significant number of objects are extremely small. To bet-
ter capture these objects, we incorporate an additional up-
sampling path in the neck to generate a higher-resolution
P2-level feature map (feature map size of 160� 160). Cor-
respondingly, we add a new detection head (Head 4) dedi-
cated to making predictions on this P2 level. The introduc-


