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Highlights

What are the main findings?

e A2-Det combines high-resolution shallow-feature enhancement with task-specific
asymmetric prediction to preserve fine-grained tiny object cues and alleviate
classification-regression representation inconsistency.

e On VisDrone, A%-Det improves mAPs, by 5.8 percentage points over YOLO11n, while
consistent gains on USOD and RSOD demonstrate favorable cross-scene generalization.

What are the implications of the main findings?

*  The results show that preserving shallow fine-grained information and differentiating
classification and localization representations are complementary strategies for remote-
sensing tiny object detection.

e The framework is particularly suitable for accuracy-oriented remote-sensing and UAV
applications involving dense tiny objects and complex backgrounds, where sufficient
computational resources are available.

Abstract

To address the attenuation of shallow fine-grained structural information during deep
feature propagation and the representational conflict between classification and regression
in remote sensing tiny object detection, this paper proposes a dual asymmetric detection
framework, termed A2-Det. Built upon YOLO11n, the detection pyramid is shifted to-
ward the high-resolution P2-P4 levels by introducing a P2 detection branch and removing
the original P5 stage, thereby reducing the loss of fine-grained spatial details caused by
successive downsampling. On this high-resolution feature basis, a Query—-Key—Value
(QOKV)-guided Asymmetric Spatial Feature Enhancement module (Q-ASFE) is deployed
at the P2 and P3 stages, where direction-sensitive asymmetric convolutions are combined
with lightweight QKV-based contextual modulation to strengthen tiny object structural re-
sponses while suppressing complex background interference. Furthermore, an Asymmetric
Coordinate-Semantic Decoupled Head (ACS-Head) performs differentiated modeling for
the semantic selection required by classification and the coordinate-sensitive representation
required by regression, thereby alleviating task-specific representational conflict. Through
the progressive coordination of high-resolution feature preservation, shallow-feature en-
hancement, and task-specific prediction, A%-Det improves mAPs, by 5.8 percentage points
over YOLO11n on the VisDrone dataset. Consistent improvements on the USOD and RSOD
datasets further demonstrate its effectiveness and cross-scene generalization.
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1. Introduction

Remote sensing object detection plays an important role in a wide range of appli-
cations, including urban traffic monitoring, maritime inspection, disaster assessment,
and intelligent security surveillance [1,2]. Compared with natural-image scenarios, targets
in aerospace and UAV remote sensing imagery are often characterized by small scales,
dense spatial distributions, complex backgrounds, and substantial variations in imaging
conditions. These characteristics make existing general-purpose detectors prone to notice-
able performance degradation when applied to remote sensing scenes [2—4]. This issue
is particularly pronounced for tiny objects, which occupy only a limited image area and
contain very limited texture, edge, and shape information. For quantitative evaluation
in this study, tiny objects are operationally defined following the MS COCO small-object
criterion as instances with a bounding-box area smaller than 32 x 32 pixels. As a result,
their weak visual cues can be easily overwhelmed by background patterns during fea-
ture extraction and cross-layer fusion, or further attenuated by successive downsampling,
leading to missed detections, false alarms, and unstable localization [5]. Therefore, how
to reliably preserve fine-grained structural information of tiny objects while suppressing
complex background interference remains a critical challenge in remote sensing vision [5,6].

In recent years, tiny object detection has evolved from scale-robust modeling in generic
scenarios toward task-oriented architectural designs tailored to remote sensing images with
complex backgrounds, large scale variations, and dense object distributions [7,8]. Feature
pyramid structures represented by FPN and PANet have laid the foundation for unified
multi-scale object representation through cross-level information propagation and multi-
scale feature fusion [9,10]. With the development of one-stage detectors, the YOLO series
has become a commonly adopted base detection framework for remote sensing tiny object
detection, owing to its mature architecture, stable performance, and ease of extension.

Beyond conventional feature-pyramid and one-stage CNN designs, recent deep-
learning-based remote sensing object detection has evolved toward increasingly specialized
representation, prediction, and deployment paradigms. At the feature-representation level,
multi-scale and fine-grained modeling remains fundamental for preserving discriminative
cues of tiny and densely distributed objects, while Transformer- and DETR-based detectors
further complement local convolutional representations through long-range dependency
modeling, deformable attention, and query-based end-to-end prediction. For example,
PR-Deformable DETR combines adaptive multi-scale feature fusion, deformable encod-
ing, and dynamic reference-point modeling to enhance both object representation and
localization in complex remote sensing scenes [11]. Beyond conventional spatial object
detection, task-specific deep representation learning has also been explored in other remote
sensing detection tasks. Lin et al. integrated dynamic low-rank and sparse priors with
deep autoencoders to enhance discriminative representation for hyperspectral anomaly
detection [12]. At the prediction level, task-aligned and decoupled designs have also
been introduced to better accommodate the different representation and optimization
requirements of classification and localization. DCYOLO, for instance, employs cross-layer
decoupled prediction together with task-aligned label assignment to improve the utilization
of multi-scale information in remote sensing detection [13]. Meanwhile, practical remote
sensing applications have motivated increasing attention to accuracy—efficiency trade-offs.
EL-Net combines lightweight feature fusion, feature enhancement, and structured pruning
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to reduce model complexity while maintaining competitive detection performance for UAV
imagery [14]. More recently, open-vocabulary remote sensing detectors such as LAE-DINO
have exploited vision-language representations to extend conventional closed-set detection
toward previously unseen object categories [15]. Collectively, these developments indicate
that modern remote sensing detection increasingly adopts task-specific representation and
prediction strategies to address scale variation, long-range contextual dependencies, target—
background discrimination [16,17], classification—-localization heterogeneity, computational
constraints, and semantic openness.

Among these broader developments, multi-scale and fine-grained feature modeling is
particularly relevant to remote sensing tiny object detection, where weak target responses
are highly sensitive to spatial-resolution degradation. Building upon feature pyramids
and multi-scale detection frameworks such as YOLO, existing studies on remote sens-
ing tiny object detection have mainly improved detectors by introducing high-resolution
branches, redesigning feature pyramids, enhancing cross-level interactions, and embedding
task-specific functional modules, with the aim of alleviating insufficient multi-scale repre-
sentation for tiny objects [7,8,18,19]. Tang et al. proposed HIC-YOLOVS5, which introduces
a high-resolution prediction head for tiny objects and incorporates a feature enhancement
module between the backbone and the neck to strengthen the representation of shallow
fine-grained features [20]. Li et al. developed the Cross-Layer Attention Network, where
cross-layer attention is used to integrate shallow spatial details with deep semantic informa-
tion, thereby mitigating the attenuation of tiny object features during downsampling [18].
Bu et al. proposed OD-YOLO, which embeds Dynamic Head into the feature pyramid
of YOLOVS and combines it with a detection refinement module to enhance geometric
structures and ambiguous object representations, improving target responses under com-
plex backgrounds [7]. In addition, Zhou et al. introduced SMA-YOLO, which constructs a
bidirectional multi-branch auxiliary feature pyramid to strengthen the interaction between
high-level semantic information and low-level spatial details, while using an adaptive
detection mechanism to reduce multi-scale feature inconsistency [8]. Zhang et al. proposed
FFCA-YOLO, in which feature enhancement, feature fusion, and spatial context-aware
modules are jointly designed to reinforce local detail modeling, cross-scale information
interaction, and global contextual association [21]. Overall, these methods have effectively
improved the multi-scale representation capability for remote sensing tiny objects. Never-
theless, they mainly focus on feature propagation, scale fusion, and cross-level semantic
interaction, while explicit enhancement of direction-sensitive local structures in shallow
high-resolution features remains insufficiently explored.

Beyond scale modeling, feature enhancement and contextual representation have also
become important research directions for remote sensing tiny object detection. Classical
attention mechanisms, such as SE, CBAM, and Coordinate Attention, enhance intermediate
features from the perspectives of channel recalibration, joint channel-spatial modeling,
and coordinate-sensitive representation, respectively [22-24]. At the feature-modeling level,
self-attention architectures such as ViT and Swin Transformer have demonstrated the effec-
tiveness of Query—Key—Value-based self-attention in modeling long-range dependencies
and representing multi-scale contextual information [25-27]. However, directly applying
global self-attention to high-resolution remote sensing features usually incurs considerable
computational and memory overhead. Therefore, localized, hierarchical, or lightweight
contextual modeling strategies are generally more suitable for remote sensing tiny object
detection. To address complex backgrounds and weak target responses in remote sensing
imagery, Zheng et al. proposed ESL-YOLO, which combines multi-scale local contextual
enhancement with spatial-context-guided feature fusion and a local attention pyramid to
preserve tiny object information and suppress background interference [28]. Wang et al.

https:/ /doi.org/10.3390/rs18193342


https://doi.org/10.3390/rs18193342

Remote Sens. 2026, 18, 3342

4 of 30

proposed a remote sensing tiny object detection method based on multi-contextual infor-
mation aggregation, which integrates contextual cues across channel, depth, and pixel
dimensions and further combines sparse cross self-attention with multi-receptive-field
weighted fusion to strengthen tiny object representations [6]. In addition to attention and
contextual mechanisms, deformable convolutions and large-kernel selective modeling have
been employed to improve the network’s ability to capture geometric variations, salient
regions, and adaptive receptive fields [29-31]. Asymmetric convolution provides another
approach to directional feature modeling. ACNet [32] employs asymmetric convolution
branches to strengthen square convolution kernels during training and equivalently con-
verts the multi-branch structure into the original convolutional form for inference, thereby
avoiding additional inference-time computation. From another perspective, NWD models
bounding boxes as Gaussian distributions and uses the normalized Wasserstein distance to
alleviate the excessive sensitivity of tiny objects to pixel-level localization deviations [5].
Overall, existing methods have advanced remote sensing tiny object detection through
attention enhancement, QKV /self-attention, dynamic sampling, adaptive receptive-field
expansion, and improved matching criteria. Nevertheless, most of them still emphasize
general feature enhancement or global context modeling, while a dedicated collaborative
design for stable representation of direction-sensitive local structures and suppression
of complex background interference in shallow high-resolution features remains insuffi-
ciently explored.

Meanwhile, the design of detection heads has gradually shifted from shared prediction
toward decoupled modeling that accounts for task-specific differences. Ge et al. proposed
YOLOX, in which a decoupled head and SimOTA are introduced into a one-stage detector,
demonstrating the effectiveness of separating classification and regression branches for
improving detection performance [33]. Feng et al. proposed TOOD, which explicitly coor-
dinates the inconsistency between classification and localization through a Task-aligned
Head and Task Alignment Learning [34]. Dai et al. introduced Dynamic Head, which
enhances detection-head representations by unifying scale-aware, spatial-aware, and task-
aware attention, providing a more general perspective for task interaction in detection
heads [35]. Furthermore, Zhuang et al. proposed TSCODE, pointing out that classification
favors semantic contextual information, whereas localization relies more on high-resolution
boundary cues and spatial details. By decoupling task-specific contexts, TSCODE further
enlarges the representational distinction between classification and regression [36]. In re-
mote sensing and UAV tiny object detection, task-specific prediction has also received
increasing attention. Xie et al. proposed MTD-YOLO, whose shared-decoupled detection
head integrates task decoupling, dynamic alignment, and adaptive scale modulation to
improve tiny object prediction under complex scenes [37]. In addition, YOLOv10 advances
the end-to-end one-stage detection paradigm through consistent dual assignments and has
become an important reference for comparing recent dual-head or task-separated detec-
tion structures [38]. These studies indicate that classification and regression are not fully
homogeneous prediction tasks, and that detection heads should be specifically designed
according to their task differences. Nevertheless, existing methods mainly focus on generic
decoupling, lightweight enhancement, or contextual expansion, while fine-grained hetero-
geneous modeling for the semantic selection required by classification and the coordinate
sensitivity required by regression remains insufficiently explored.

Based on the above analysis, we argue that dense tiny object detection in complex
remote sensing scenarios involves two closely coupled representation challenges rather
than two independent problems. First, the limited spatial extent and weak visual responses
of tiny objects make their fine-grained structural information particularly vulnerable to
attenuation during successive downsampling and cross-level feature propagation [5,18,20].
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Once these spatial cues are substantially weakened, subsequent prediction stages have
limited ability to recover the information required for reliable recognition and localiza-
tion. Second, even when informative shallow features are preserved, classification and
regression do not exploit them in the same manner: classification relies more on discrimi-
native semantic information, whereas regression is more sensitive to coordinate-related
spatial and structural cues [33,34,36]. Therefore, shallow-feature enhancement alone can-
not fully resolve task-specific representation inconsistency, while task decoupling alone
cannot compensate for fine-grained information that has already been degraded during
feature extraction.

Motivated by this dependency, we design A?-Det as a progressive dual-asymmetric
framework that jointly considers feature preservation and task-specific utilization. At the
representation stage, the detection pyramid is shifted toward the high-resolution P2-P4
levels, and Q-ASFE further strengthens direction-sensitive local structures and suppresses
background interference in shallow features. At the prediction stage, ACS-Head performs
differentiated modeling according to the distinct semantic and coordinate-sensitive require-
ments of classification and regression. In this way, Q-ASFE introduces structural asymmetry
during feature enhancement, while ACS-Head introduces task asymmetry during predic-
tion. The two designs operate at complementary stages of the same detection pipeline,
thereby forming a unified dual-asymmetric architecture rather than two independent
architectural modifications. The main contributions are summarized as follows:

1. A dual asymmetric framework, termed A2-Det, is proposed for remote sensing tiny
object detection. It establishes a progressive representation pathway from high-
resolution feature preservation to task-specific prediction, in which structural asym-
metry in feature enhancement and task asymmetry in prediction jointly address
shallow-feature degradation and classification-regression inconsistency.

2. A QKV-guided Asymmetric Spatial Feature Enhancement module (Q-ASFE) is pro-
posed. By combining direction-sensitive structural modeling with lightweight context
modulation, the module strengthens target-related responses in shallow features
while suppressing interference from complex backgrounds.

3. An Asymmetric Coordinate-Semantic Decoupled Head (ACS-Head) is designed to
model, in a differentiated manner, the semantic selection requirement of the classi-
fication branch and the coordinate-sensitive requirement of the regression branch,
thereby alleviating the representational conflict between classification and regression.

4.  Experiments on the VisDrone, USOD, and RSOD datasets demonstrate that the pro-
posed method achieves consistent advantages in detection performance, module
effectiveness, and cross-scene generalization.

2. Methodology
2.1. Overview

For the baseline model, YOLO11n [39], which offers relatively comprehensive operator
support and stable training configurations, is adopted as the fundamental detection frame-
work in this study. In terms of naming convention, unless otherwise specified, A%-Det in
this paper refers to the default n-scale version built upon YOLO11n, namely, the n-scale vari-
ant corresponding to YOLO11n. When larger model scales are involved, they are denoted
as A%-Det-m and A2-Det-x, respectively. In the subsequent experimental tables and figures,
if no additional suffix is explicitly marked, A%-Det denotes this default n-scale version.

The overall architecture of the proposed A2-Det is illustrated in Figure 1. To address
the loss of spatial details caused by successive downsampling in deep layers for tiny
objects [20,21,40], we remove the deep P5 branch from the macro-level topology and
introduce a high-resolution P2 detection head with a downsampling ratio of 1/4, thereby
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increasing the contribution of shallow fine-grained information to detection. Furthermore,
Q-ASFE is embedded at the P2 and P3 stages of the backbone, while the original detection
head is replaced at the prediction stage with an ACS-Head. The detailed structures of
Q-ASFE and ACS-Head are presented in Section 2.2 and Section 2.3, respectively.
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Figure 1. Overall network architecture of the proposed A%-Det for tiny object detection.

To further clarify the sequential operations and task-specific branches of the proposed
framework, Algorithm 1 summarizes the complete training and inference procedures of
A2-Det. The overall process includes high-resolution feature extraction, Q-ASFE-based
shallow-feature enhancement, multi-scale feature fusion, ACS-Head prediction, and the
subsequent training or inference procedure. The notation used in Algorithm 1 is consistent
with the definitions of Q-ASFE and ACS-Head given in the following sections.

2.2. QKV-Guided Asymmetric Spatial Feature Enhancement Module (Q-ASFE)

Tiny objects in remote sensing imagery are typically characterized by limited scale
and weak texture, and their local structures often exhibit pronounced spatial anisotropy.
For such targets, standard convolution remains inherently limited in modeling direction-
sensitive structures and contextual information. Although the P2-P4 pyramid preserves
more fine-grained information, shallow high-resolution features also retain substantial
background textures and redundant local responses. Therefore, simply preserving shallow
features is insufficient; their target-related structures need to be selectively strengthened
while background interference is suppressed. To address this issue, we propose a Q-ASFE,
which couples an Asymmetric Spatial Feature Extractor (ASFE) with an efficient QKV-based
context modulation branch. The overall structure of the module is shown in Figure 2.

https://doi.org/10.3390/1s18193342


https://doi.org/10.3390/rs18193342

Remote Sens. 2026, 18, 3342 7 of 30

Algorithm 1 Training and Inference Procedure of A2-Det

Require: Input image I; annotation Y (training only); model parameters ¢; running mode
mode
Ensure: Updated model parameters 6 (training) or detection results D (inference)
1: I < Preprocess(I)

2: Xpy + Backbonep, (1)

3: F22, < Q-ASFE(Xp,) > direction-sensitive feature enhancement
4: Xp3 < Backboneps (Fgut)

5. FP3, « Q-ASFE(Xp3) > direction-sensitive feature enhancement
6: Xpy < Backbonep, (FP3,)

7. (FP2,FP3, FP4) + MultiScaleFeatureFusion(Fb2, FP3, Xpy) > PA—P3—P2; P2—P3—P4
8: fori 6 {P2,P3,P4} do

9: ds < ACS-Head 4 (F; ) > semantic selection
10: Ples < ACS-Headeq (F;,) > coordinate-sensitive modeling
11: end for

12: if mode = training then
13: L get < DetectionLoss({P’_, reg}z o0 Y)
14: 0+ Update((), Veﬁdet)

15: return 6
16: else
. pPi P4
172 D < PostProcess({P’, Pl tizpy)
18: return D
19: end if
S —
HX) /T SiLU
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)\ [ | |
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Figure 2. Structure of Q-ASFE. In the convolution schematics, the dark-blue cells highlighted by
the red outlines indicate the local feature regions covered by the corresponding convolution kernels,
whereas the light-blue cells denote the remaining feature-map elements.
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To accommodate diverse target morphologies, ASFE employs three parallel branches
to extract complementary local features. Let the input feature tensor be denoted as
X € RE*H*W " In each local branch, a 1 x 1 convolution is first applied to reduce the
channel dimension to C; = C/4, thereby controlling the computational cost. Branch 0
consists of a local perception path formed by a 1 x 1 convolution followed by a 3 x 3
convolution, which is used to preserve basic local structural information. The other two
branches adopt asymmetric convolution combinations with different operation orders to
capture complementary direction-sensitive structural features [32]. At the end of each
asymmetric branch, a 3 x 3 dilated convolution with dilation rate d = 2 is introduced to en-
large the receptive field and supplement local structural information over a broader spatial
range [41]. The asymmetric 1 x 3 and 3 x 1 kernels are used to emphasize complementary
horizontal and vertical structures, while d = 2 expands the local receptive field without
introducing a larger dense kernel. Together with the channel reduction C, = C/4, these
settings balance directional sensitivity, receptive-field coverage, and computational cost.
The computation process can be formulated as

F) = CBSs..5(CBS} ), (X)) (1)
Fr = CBS3,.5,4-2( CBS3.1(CBS1.3(CBS{Y (X)) )) @)
F, = CBSBXB,d:2<Cle x3<CBS3x1(CBS§yX)1 (X)) )) 3)

where CBSy, «k,q(-) denotes a composite convolution block consisting of convolution,

BatchNorm, and SiLU activation, with a kernel size of k1 X k, and dilation rate d. CBS%lil,

CBsg’Ql, and CBS%yX) ; denote the branch-specific channel compression mappings for the
three local branches, respectively. The outputs of the three branches are concatenated along

the channel dimension to form the local structural features

FASFE = Concat(Fl, F,, Fy) (4)

where Fagpg € R XHXW,

Different from reparameterizable asymmetric structures such as ACNet [32], ASFE retains
its directional paths during inference to preserve complementary anisotropic responses.

ASFE primarily addresses local structural preservation through direction-sensitive
modeling; however, local enhancement alone does not explicitly distinguish target-related
structures from surrounding background responses. Therefore, an efficient QKV branch is
further introduced as a complementary contextual modulation mechanism to enhance cross-
region contextual discrimination. This branch follows the three-path Query/Key/Value
projection paradigm, but does not explicitly construct a pairwise correlation matrix among
spatial positions, thereby avoiding the quadratic growth in correlation computation with
respect to the number of spatial positions N in standard self-attention [25]. Specifically,
the input feature is projected into a query tensor Q, a key tensor K, and a value tensor V:

Q = §Convyx1(GAP(X))) )]
K = CBSlxl(CBSf-,“;’S(X)) (6)
V = Convy «1(X) (7)

where Q € RS *1X1 denotes the global prior vector obtained by global average pooling,
K € R&>H*W denotes the local contextual feature extracted by depthwise convolution
and pointwise projection, and V € R©*H>*W denotes the linearly projected feature carrier.
The 5 x 5 depthwise convolution is adopted to enlarge the local contextual coverage while
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keeping the additional parameter and computational overhead limited. Here, 4(+) denotes
the SiLU activation function, Convy, i, (-) denotes a linear convolutional mapping without
explicit activation, and CBSZV(-) denotes a 5 x 5 depthwise convolutional mapping.

Subsequently, Q is used to perform cross-dimensional gating on K, yielding a gated tensor
G =0(Q®K) 8)

where o (+) denotes the Sigmoid function, and ® denotes broadcast element-wise multipli-
cation. Since G and V have different channel dimensions, G is replicated along the channel
dimension, denoted as

G = Repeat,(G) r=—==4 )

On this basis, the features from the value branch are modulated by the gating mechanism
to obtain the context-enhanced features

Fow = 7 (V ® G) (10)

where 7 is a learnable scaling coefficient, initialized to 0 in practice to mitigate perturbation
to the backbone feature distribution at the early stage of training.

Finally, the local structural feature Fagpg and the context-enhanced feature Fy, are
concatenated along the channel dimension, and the module output is obtained through a
1 x 1 fusion projection and a residual connection [42]:

Fout = 5(COHV1><1(C0ncat(FASFErFqu)) + H(X)) (11)

where 7 (X) denotes the residual shortcut branch. When the input and output dimensions
are identical, #(X) is an identity mapping; otherwise, a 1 x 1 convolution is adopted for
dimension alignment.

In summary, through the coordinated design of local directional modeling and
lightweight context modulation, Q-ASFE enhances the structural responses related to
tiny objects in shallow high-resolution features without introducing an explicit global
attention matrix.

2.3. Asymmetric Coordinate-Semantic Decoupled Head (ACS-Head)

Although Q-ASFE enhances shallow features for tiny object representation, using a
shared enhanced representation for both classification and regression does not explicitly
account for their task-specific requirements. The representation requirements of classifica-
tion and regression in the detection head are inherently different: the classification branch
places greater emphasis on semantic selectivity for category discrimination, whereas the
regression branch relies more heavily on coordinate-related information associated with
target localization [34,36]. Motivated by this observation, we design an ACS-Head, whose
overall architecture is illustrated in Figure 3. Given an input feature F;,, € RC*H*W ACS-
Head adopts different attention modeling strategies in the classification and regression
branches to better accommodate the distinct requirements of category recognition and
geometric localization, respectively.

Accordingly, SE is adopted in the classification branch because channel recalibration
emphasizes category-discriminative semantic responses, whereas CA is used in the re-
gression branch because its coordinate-aware directional encoding better preserves the
position-sensitive information required for localization. In the classification branch, the in-
put feature is first preprocessed by a branch-specific 3 x 3 convolution to obtain

https:/ /doi.org/10.3390/rs18193342


https://doi.org/10.3390/rs18193342

»

~———» Width-axis reshape Global Average Pooling Split along coordinate axis

> SiLU activation MLP Two-layer channel mapping ® Broadcast element-wise modulation

Remote Sens. 2026, 18, 3342 10 of 30
Fs = CBS3x3(Fin) (12)
I- ------------------------------------------------- 1
] s TTTTTTETETTTEESESEEEEEEEES ~ :
! Fl'n !/ CA Module ~ A 1
1 ' 2" = I i 1
1 > £| o S| 4k i 1
1 = O o |
o > I 1
' o o S , =
' [Regression | Z o 2 — = I = S 1
' | Branch o S - w 5 o o2
1 &) — O s J I (&) (&) $ 85 !
1 o — o — (%" r— o0 — A A \
1 X S | x > = L X 5
™ x — | 1| o — a !
1 =z g g 1
1 _ & 8 'g I < |
1 o Ul — > g [cxwa ] 1
1 Ly o 1
Ay foxixw X (@] 1 1
1 1 —  —
()] 1 !
1 \ ) —J) 1
1 N o e e e e e e e e e e e e e e oo _44 1
1
1 ~ :
' 2 SE Module 2 2 g |
1 o o =) ) =
1 O 5 O O 3% !
1 Classification | ¢ GAP MLP Sigmoid 0 = A a |
I Branch o ™ — 8
I = o0
! 1
! 1
! 1
! 1
]
: 1
1

Figure 3. Structure of ACS-Head.

Subsequently, an SE module [22] is introduced to recalibrate the channel responses.
Specifically, global average pooling is first applied to aggregate channel-wise semantic
descriptors, after which a channel mapping is used to generate the weight vector w., which
is then applied to the original feature:

we = o(MLP(GAP(F,))) (13)

Fcls = Fcls @ W (14)

where MLP(-) denotes the two-layer channel mapping in the SE module, which is used to
perform channel reduction and expansion. The channel-recalibrated classification feature
is then passed through a 3 x 3 convolution and a 1 x 1 prediction projection to produce the
classification output:

Pei; = Convy i CBS3 s (Fus) ) (15)

In the regression branch, a branch-specific 3 x 3 convolution is likewise first applied
to obtain the initial regression feature:

Freg = CBSS x3 (Fin) (16)

Considering that bounding-box regression is more sensitive to coordinate information,
this branch adopts the Coordinate Attention (CA) mechanism [24] to explicitly model
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RCXHXW

positional priors along the horizontal and vertical directions. For Fy,y € , one-

dimensional pooling is performed separately along the width and height dimensions

I 1 W-1
z.(h) = W Z Freg(c, h, i) (17)
i=0
1 H-1
zl (w) = H 2 FVEg(er/w) (18)
j=0

where H and W denote the height and width of the feature map, respectively; h and w
represent the spatial coordinates along the vertical and horizontal directions, respectively;
and c is the channel index of the feature tensor. Subsequently, the coordinate priors from
the two directions are directionally aligned and concatenated along the spatial dimension,
then encoded by a shared 1 x 1 transformation. The encoded feature is further split along
the original dimensions to obtain two direction-aware intermediate features, f and £

f= (S(Convﬁ}f{e (Concat(zh, zw)>) (19)
£, £ = Split(f) (20)

where J(-) denotes the SiLU activation function. Thereafter, two independent 1 x 1 projec-
tions are employed to generate direction-aware attention weights:

Al = U(Convlfxl(fh)> (21)
A" = ¢(Conv{,; (f*)) (22)

Finally, the directional attention weights are used to modulate the regression features:
Frog = Frog @ A" @ A (23)

The regression output is then produced through a subsequent 3 x 3 convolutionand a1 x 1
prediction projection:
Preg = Convi1(CBSs3(Freg) ) (24)

It is worth noting that, to maintain consistency with the nonlinear forms used in the
backbone and neck, the activation function inside CA is uniformly replaced with SiLU in
this study, thereby reducing additional representational shifts introduced by activation
inconsistency. In summary, ACS-Head achieves heterogeneous feature modeling for the
classification and regression subtasks by strengthening channel-wise semantic selection in
the classification branch while preserving direction-related coordinate information in the
regression branch, thereby alleviating the representational conflict between the two tasks
in a shared detection head.

3. Experiments and Results
3.1. Dataset

This study selects three datasets with complementary scene characteristics, namely
VisDrone 2019, USOD, and RSOD, to evaluate the detection performance of the proposed
model in three representative scenarios: complex urban aerial scenes from the UAV perspec-
tive, extremely small vehicle targets in wide-area airborne imagery, and medium-to-small
rigid objects such as aircraft and oil tanks. The statistical information for these datasets is
summarized in Table 1.
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Table 1. Statistical summary of the datasets used in this study.
Images Instances Small Ratio -
Dataset Classes (Train/Val) (Total/Small) (%) Target Characteristics
VisDrone o Pedestrians & Vehicles,
2019 10 6471/548 342,391/~205,434 ~60.0% Dense, Scale Variation
Small Vehicles,
UsOD 1 2100/900 43,378/43,334 99.9% Low-Illumination,
Occlusion
RSOD 4 781/195 6950/~1042  ~15.0% Rigid Targets,

Top-Down View
Note: Small objects are defined according to the MS COCO criterion, i.e., Area < 32 x 32 pixels.

(1) VisDrone 2019: Collected by UAV platforms in urban environments, this dataset
contains a large number of pedestrian and non-motor vehicle instances. It is characterized
by dense target distributions, substantial scale variations, and frequent occlusions, making
it well suited for evaluating tiny object detection performance in complex scenes [4].

(2) USOD (Unicorn Small Object Dataset): Reconstructed by Zhang et al. [21] based on
UNICORN2008, this dataset is primarily designed for extremely small vehicle detection.
Tiny objects account for 99.9% of the instances, and the dataset also includes challenging
imaging conditions such as low-illumination and shadow occlusion. USOD corresponds to
a wide-area airborne imaging scenario and differs from low-altitude UAV imagery in both
imaging perspective and scene characteristics.

(3) RSOD (Remote Sensing Object Detection Dataset): Released by Wuhan Univer-
sity, RSOD is an object detection dataset for high-resolution optical remote sensing im-
agery [43,44]. Compared with VisDrone and USOD, RSOD mainly contains rigid targets
such as aircraft and oil tanks and can therefore serve as a complementary benchmark for
evaluating the cross-scene generalization capability of the model on targets with regular
geometric structures.

3.2. Implementation Details and Evaluation Metrics

All experiments in this study are implemented in PyTorch 2.9.0 with CUDA 12.8 and
conducted on a single NVIDIA GeForce RTX 5090 GPU (NVIDIA Corporation, Santa Clara,
CA, USA) under the Ubuntu 22.04.5 LTS. To ensure consistent settings across different
datasets and to preserve the spatial details of tiny objects as much as possible, all input
images are uniformly resized to 1024 x 1024 pixels during both training and inference.
Unless otherwise specified, all models are trained on the same experimental platform using
identical data augmentation and optimization settings.

For reproducibility, the training and validation batch sizes are set to 8 and 16, respec-
tively, and the random seed is fixed to 42 for all experiments. The n-, m-, and x-scale models
are initialized using the official YOLO11 weights from Ultralytics (version 8.3.63), pre-
trained on COCO, namely, yololln.pt, yolol1lm.pt, and yolol1x.pt, respectively. The main
data augmentation strategies include Mosaic (disabled during the last 10 epochs), HSV aug-
mentation, random translation and scaling, and horizontal flipping. Specifically, the HSV
gains are set to 0.015, 0.7, and 0.4 for hue, saturation, and value, respectively; the translation
and scaling factors are set to 0.1 and 0.5, and the horizontal-flip probability is 0.5. Low-
probability appearance perturbations, including blur, median blur, grayscale conversion,
CLAHE, and JPEG compression, are also applied during training. During validation and
inference, the NMS IoU threshold is set to 0.7.

During training, the total number of epochs is set to 300. The optimizer is SGD with
momentum, where the initial learning rate Irj is 0.01, the momentum is 0.937, and the
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weight decay is 0.0005. A linear warmup strategy is adopted for the first 3 epochs, with the
warmup momentum set to 0.8 to ensure stable convergence in the early stage of training.

Performance evaluation follows the standard MS COCO protocol [45], with mAPs,
mAPs50.95, and APg for small objects as the primary metrics. Specifically, mAPsy denotes
the mean average precision at an IoU threshold of 0.5, while mAP5.95 denotes the mean
average precision averaged over IoU thresholds from 0.5 to 0.95 with a step size of 0.05. APg
measures the detection performance on small-object instances. In this paper, the definition
of small objects is consistent with that in MS COCO, namely, ground-truth bounding boxes
with an area smaller than 32 x 32 pixels.

3.3. Comparison with State-of-the-Art Methods

To evaluate the overall performance and cross-scene generalization capability of
A2-Det, this study compares it with a variety of representative detection methods on
the VisDrone, USOD, and RSOD datasets. The compared models include n-scale YOLO
variants, specialized detectors designed for tiny object detection, as well as typical two-
stage and high-capacity detectors. The corresponding results are reported in Table 2,
Table 3, and Table 4, respectively. It should be noted that, unless explicitly marked as
the extended versions A2-Det-m and AZ2-Det-x, all references to A2-Det in this section
denote the default n-scale variant built upon YOLO11n. In addition, to ensure a fair and
comparable evaluation, all competing models involved in this section were retrained and
evaluated by the authors under a unified training setting.

Table 2. Comparison with state-of-the-art methods on the VisDrone dataset.

Model Precision Recall mAP5 mAP75 mAP50.95 APg Params  GFLOPs
(%) 1 %) 1 %) 1 %) 1 %) 1 ©) 1+ (VM) L 1
YOLO11n 52.7 42.6 43.8 27.5 26.7 16.1 2.58 16.51
YOLOv8n 53.1 40.5 42.3 26.9 26.0 16.2 3.01 21.00
YOLOv9t 53.9 41.3 43.2 27.4 26.6 16.2 2.01 20.12
YOLOv10n 51.6 41.7 42.9 27.0 26.1 15.8 2.71 21.54
YOLOv12n 52.3 41.5 43.3 26.8 26.2 15.6 2.52 15.33
YOLOv13n 53.6 42.0 44.0 27.6 26.9 16.2 2.46 16.13
FFCA-YOLO 48.7 40.4 48.7 29.1 28.9 20.5 7.14 131.18
AZ-Det 57.8 47.4 49.6 32.5 31.0 20.7 1.60 34.58
TPH-YOLOv5 62.3 51.3 52.6 34.5 33.1 23.7 45.42 317.90
YOLOv13x 65.2 53.2 56.5 38.2 36.2 25.5 63.97 490.54
AZ-Det-m 64.6 55.9 56.3 39.2 37.0 26.9 25.23 530.08
AZ-Det-x 65.7 59.3 62.0 43.1 40.3 29.8 63.92 1326.01

Note: Bold values indicate the best performance in each column. 1 denotes higher-is-better, and | denotes
lower-is-better.

Table 3. Comparison with state-of-the-art methods on the USOD dataset.

APso (%)  APys5 (%) APs0.95 APg (%) Params GFLOPs

Model
ode T 0 (%) 1 T ™ | 1

YOLO11ln 91.5 15.1 35.8 34.8 2.58 16.49
YOLOv13n 88.9 13.8 33.6 32.8 2.45 16.10
FFCA-YOLO 91.2 15.1 35.3 35.2 7.12 130.59
ATSS 89.7 14.1 34.4 34.4 32.11 206.00
GFL 88.6 14.8 34.5 34.5 32.26 209.00
Cascade R-CNN 84.1 14.5 33.0 33.0 69.15 239.00
DetectoRS + NWD 88.8 13.3 33.4 33.4 85.40 315.20
AZ-Det 92.6 16.2 36.4 35.5 1.60 34.51

Note: Bold values indicate the best performance in each column. 1 denotes higher-is-better, and | denotes
lower-is-better.
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(1) Evaluation on the VisDrone Scenario

VisDrone is primarily used to evaluate the capability of detection models in handling
densely distributed tiny objects in complex urban environments. As shown in Table 2,
among n-scale models, A2-Det achieves 49.6%, 31.0%, and 20.7% in mAPs5p, mAPs.95,
and APg, respectively, outperforming the other compared models in this group. For high-
capacity models, A2-Det-x reaches 62.0% in mAPsy. Compared with the classical method
TPH-YOLOVS5 [46], which performed strongly in the VisDrone2021 Challenge (52.6%), it
achieves an improvement of nearly 10 percentage points, indicating that the proposed
architecture has a strong performance potential in scenarios involving dense targets and
substantial scale variation.

Table 4. Comparison with state-of-the-art methods on the RSOD dataset.

Model mAPs5, mAP75 mAP5.95 APs (%) Params GFLOPs
(%) 1 (%) 1 (%) 1 T ™) | S
YOLO11n 97.4 76.9 65.2 40.0 2.58 16.49
YOLOv13n 97.0 78.2 65.1 39.2 2.45 16.10
FFCA-YOLO 98.0 73.9 62.8 439 7.13 130.79
ATSS 94.2 69.0 58.2 28.1 32.11 206.00
GFL 93.8 70.5 59.6 30.3 32.26 209.00
Cascade R-CNN 95.8 79.3 65.1 43.6 69.15 239.00
DetectoRS + NWD 95.5 78.8 65.6 42.6 85.40 315.20
AZ%-Det 98.2 82.3 67.9 44.7 1.60 34.51

Note: Bold values indicate the best performance in each column. 1 denotes higher-is-better, and | denotes
lower-is-better.

It should be noted that the improved detection accuracy of A%-Det is accompanied by
increased computational complexity, particularly for the high-capacity A2-Det-x variant.
The corresponding accuracy—efficiency trade-off and application scope are further discussed
in Section 4.2.

For qualitative comparison, Figure 4 presents the detection results of several top-
performing methods in terms of APg on the VisDrone dataset. Among the n-scale models,
AZ-Det yields more comprehensive detection results in regions with severe local occlusion
and in areas containing distant tiny objects under high-altitude viewpoints. Among the
high-capacity models, A2-Det-x also maintains high detection completeness in regions with
heavily overlapping dense targets and pronounced scale variation. In particular, in the
distant background region shown in the fourth column, the proposed method preserves
more complete responses for remote tiny objects than the other compared models. This
observation is consistent with the quantitative results in Table 2, further demonstrating the
effectiveness of the proposed method for tiny object detection in complex urban UAV scenes.

(2) Generalization Evaluation on USOD and RSOD

USOD and RSOD provide two types of remote sensing imaging conditions that differ
from those in VisDrone, namely, tiny vehicle targets under low-illumination and occlusion
conditions, and rigid-object scenarios, respectively. Therefore, we further evaluate the
cross-scene generalization capability of the proposed model on these two datasets. In this
part, the comparison baselines include classical heavyweight two-stage detectors in the
object detection literature, such as Cascade R-CNN [47]; one-stage models equipped with
advanced label assignment strategies, such as ATSS [48] and GFL [49]; and DetectoRS [50],
which incorporates recursive macro/micro feature modeling together with the tiny object-
oriented metric NWD [5].

On USOD, A2-Det achieves the best results for AP5y, AP75, AP5g.95, and APg in Table 3,
indicating that the proposed method maintains strong detection performance even in
scenarios involving extremely small targets and low-illumination. Notably, all models on
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USOD exhibit a large gap between AP5y and AP75. For example, YOLO11n attains an APsg
of 91.5%, whereas its AP7s5 is only 15.1%. This phenomenon is mainly attributable to the
high IoU sensitivity of extremely tiny objects: when the target size is very limited, even a
positional deviation of only 1-2 pixels in the predicted box can cause a substantial drop in
IoU, making it difficult to satisfy the stricter APy5 criterion.

B people [ | bicycle [ car Bl van truck I tricycle awning-tricycle I bus I motor

Figure 4. Qualitative comparison of detection results on the VisDrone dataset. Dashed boxes highlight
representative regions for comparison.

To further provide a qualitative comparison, Figure 5 presents the detection results
of the top-performing models in terms of APs on the USOD test set. The first two rows
correspond to low-contrast examples, in which the compared methods generally exhibit
weak responses to tiny and faint targets, leading to missed detections. In contrast, A%-Det
preserves more complete target responses while maintaining relatively accurate localization.
The third and fourth rows show dense-object scenarios. Although both FFCA-YOLO and
AZ-Det achieve high recall, A%-Det provides clearer separation between adjacent targets
and more stable localization results. The last two rows compare false-positive cases. FFCA-
YOLO produces more pronounced spurious responses in background regions, whereas
AZ-Det more effectively suppresses non-target activations. These observations indicate that
AZ-Det achieves a favorable balance between detection completeness and false-positive
suppression in complex scenes, complementing the quantitative AP-based results in Table 3.
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On RSOD, A2-Det likewise achieves the best overall performance. As shown in Table 4,
it attains 98.2% in mAPs5g and 44.7% in APg, demonstrating that the proposed method is
not only effective for dense tiny and weak object scenarios, but also generalizes well to
scenes dominated by rigid targets.

YOLO11n FFCA-YOLO A2-Det

Low Contrast

Dense Objects

False Positives

Figure 5. Qualitative comparison of the top-performing methods on the USOD dataset. The first two
rows show low-contrast examples, the third and fourth rows show dense-object examples, and the
fifth and sixth rows present typical false-positive cases. Red boxes denote detected objects, while
green boxes indicate representative local regions highlighted for detailed comparison.

3.4. Module Comparison Results

(1) Comparative Evaluation of Feature Enhancement Modules

Under the unified YOLO11n (P2-P4) architecture, Q-ASFE is compared with several
representative attention modules, including CBAM, CA, and EMA, as well as deformable
convolution (DCNv3), to analyze its relative benefits [23,24,30,51]. The results are presented
in Table 5. In addition to comparisons with external modules, the table also reports
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isolated configurations of the two submodules, ASFE and QKY, for analyzing the individual
contributions of each component within Q-ASFE.

Table 5 shows that Q-ASFE achieves the best results under the current experimental
setting on both datasets. On VisDrone, Q-ASFE attains an APg of 20.5%, representing an
improvement of 2.8 percentage points over the baseline; on USOD, its mAPs.95 increases
to 37.3%. Q-ASFE also consistently outperforms CBAM, CA, EMA, and DCNv3, indicat-
ing stable performance gains across different remote sensing tiny object scenarios. This
observation is consistent with the analysis in Section 2, suggesting that regular directional
feature modeling is more stable in such scenarios.

Table 5. Comparison of different feature enhancement modules on VisDrone and USOD under the
P2-P4 architecture.

VisDrone Dataset USOD Dataset
Modul Params * GFLOPs *
odule  mAPsyg mAPsp9s APg  APsp  APsp9s  APg ™) | {
(%) 1 (%) 1 )T )T T (7T
Baseline * 447 27.7 17.7 90.6 35.3 35.3 0.88 23.32
CBAM 459 28.4 18.6 92.0 36.1 35.0 0.89 23.34
CA 47.3 29.2 19.1 90.2 36.0 35.5 0.89 23.29
EMA 471 29.2 19.2 91.0 36.8 36.0 0.89 23.43
DCNv3 47.6 28.7 19.5 90.6 35.5 34.5 1.12 26.42
ASFE 48.1 30.1 19.9 92.1 37.0 36.2 0.98 28.20
QKV 46.4 29.0 18.2 92.2 37.0 36.0 0.94 26.22
Q-ASFE 48.9 30.7 20.5 92.4 37.3 36.4 1.02 30.58

* Note: Since all models use an input resolution of 1024 x 1024, the differences in Params and GFLOPs caused
by the detection output layers between VisDrone (10 classes) and USOD (1 class) are negligible; thus, the values
are reported under the VisDrone setting. T Baseline denotes the task-oriented YOLO11n (P2-P4) architectural
baseline used for module comparison; it differs from the original YOLO11n architecture, which employs the
P3-P5 detection pyramid. Bold values indicate the best performance in each column. 1 denotes higher-is-better,
whereas | denotes lower-is-better.

A further comparison between the isolated ASFE and QKV configurations shows
that ASFE outperforms QKYV across all evaluated metrics on VisDrone, whereas the two
components exhibit comparable performance on USOD. Combining them into Q-ASFE
yields further improvements on both datasets, indicating complementary performance
contributions from the two submodules.

(2) Comparative Evaluation of Detection Heads

Under the same YOLO11n (P2-P4) architecture, we further compare ACS-Head with
several representative detection heads to examine their performance differences. The com-
pared methods can be grouped into four categories: (1) coupled heads and lightweight
decoupled heads, including the native YOLO11n head and the dual-head structure of
YOLOvV10 [38]; (2) attention-enhanced heads, which introduce SE and CBAM modules
into the detection head to strengthen feature representation [22,23]; (3) coordinate-aware
heads, such as CoordAtt-Head, which explicitly models positional information based on
the Coord Att mechanism [24]; and (4) task-specialized heads, including custom comparison
heads constructed according to representative existing design principles. To further analyze
the effect of task-differentiated convolution design on detection head performance, we
also implement a Task-Specific Large-Kernel Decoupled Head (TSLK-Head) as an addi-
tional comparison target. This structure is not a standard published detection head, but is
constructed by jointly drawing on the decoupled prediction framework of YOLOX [33],
the analysis in TOOD regarding the different receptive-field requirements of classification
and localization tasks [34], and a large-kernel depthwise convolution design. Specifically,
the classification branch adopts convolutions with a larger receptive field to enhance con-
textual modeling, whereas the regression branch uses smaller kernels to preserve boundary
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localization accuracy. Meanwhile, Rep-Head is introduced to examine the role of structural
re-parameterization in detection head design [52]. The results are reported in Table 6.

As shown in Table 6, ACS-Head achieves the best or joint-best results on both datasets.
On VisDrone, it reaches 29.6% in mAPsp.95 and 19.7% in APg, representing improvements of
1.9 and 2.0 percentage points over the baseline, respectively. On USOD, its APsg.95 reaches
36.4%. Compared with SE-Head, CBAM-Head, CoordAtt-Head, and the other detection
heads considered in this study, ACS-Head exhibits more consistent overall performance.

Table 6. Comparison of different detection heads on VisDrone and USOD under the P2-P4 architecture.

VisDrone Dataset USOD Dataset p +  GFLOPs*
Head Type Core Design mAP50 mAP50;95 APS AP50 AP50;95 APS ?lr\?ll)nf \L S
(%) 1T (%) T 1T (®W1T )T (7T
Baseline * - 447 27.7 17.7 90.6 35.3 35.3 0.88 23.32
YOLOv10-Head Dual Head 41.3 25.7 16.5 90.0 35.5 34.5 1.21 35.36
SE-Head Channel Attn 471 29.2 19.2 91.8 35.8 35.1 1.53 28.20
CBAM-Head Mixed Attn 46.5 28.8 19.3 90.8 35.8 34.8 1.51 27.79
CoordAtt-Head  Coord Attn 46.1 28.6 18.7 91.9 36.3 35.3 0.97 26.47
TSLK-Head Large Kernel 46.8 28.7 18.5 91.0 35.8 35.2 1.16 21.11
Rep-Head Reparameter 46.6 28.8 18.6 91.6 35.3 35.4 1.17 32.32
ACS-Head Heterogeneous  47.6 29.6 19.7 925 36.4 354 1.51 27.76

* Note: Params and GFLOPs are reported under the VisDrone setting.  Baseline denotes the task-oriented
YOLO11n (P2-P4) architectural baseline used for module comparison; it differs from the original YOLO11n
architecture, which employs the P3-P5 detection pyramid. TSLK-Head denotes a custom comparison head
constructed in this work based on the decoupled-head paradigm and task-specific receptive-field design, rather
than a previously published standard detector head. Bold values indicate the best performance in each column. 1
denotes higher-is-better, whereas | denotes lower-is-better.

A closer examination further shows that generic dual-head designs or convolutional
enhancements are not necessarily well suited to the P2-P4 high-resolution remote sensing
tiny object scenario considered in this study. YOLOv10-Head even performs worse than
the baseline on VisDrone, suggesting that a general task-separation strategy without scene-
specific adaptation cannot be directly translated into performance gains. Meanwhile,
neither TSLK-Head nor Rep-Head yields superior results: although the former enlarges
the receptive field, it may also introduce additional background interference; the latter
mainly alters the convolution implementation form, but offers limited explicit adaptation
to task-specific differences. Therefore, the advantage of ACS-Head does not lie merely in
adding attention or modifying convolutional structures, but rather in its more effective
adaptation to the distinct demands of classification and localization in dense remote sensing
scenes with tiny objects.

3.5. Ablation Results

It should be noted that the P2-P4 configuration is not the original YOLO11n architec-
ture, which adopts the P3-P5 detection pyramid. In this study, replacing the P5 branch
with a higher-resolution P2 branch is treated as a task-oriented architectural modification
specifically designed for tiny object detection, rather than as a parameter-tuning strategy.
To quantify the contribution of the detection-pyramid redesign and verify the independent
contributions of Q-ASFE and ACS-Head, as well as the effectiveness of their combination,
ablation experiments were conducted on the VisDrone dataset, with the results reported
in Table 7. Since the purpose of the ablation study is to quantitatively analyze the gains
brought by the architectural and module-level designs, systematic quantitative compar-
isons are performed only on the representative VisDrone dataset. The USOD visualizations
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introduced later are used solely as supplementary cross-scene evidence to show that the ob-
served trends of enhanced feature responses and improved detection performance remain
consistent in another type of remote sensing tiny object scenario. Specifically, considering
that Q-ASFE mainly acts on fine-grained geometric information in high-resolution features,
we first examine its deployment at different stages of the backbone under the P2-P4 ar-
chitecture, in order to analyze the relationship between module effectiveness and feature
hierarchy. Subsequently, with the backbone and neck configurations kept unchanged,
we further evaluate the standalone gain of ACS-Head, as well as its overall effect when
combined with the optimal Q-ASFE configuration.

Table 7. Ablation results of A%2-Det on the VisDrone dataset.

IIIAPS(] mAP50;95 APS Params GFLOPs
No. Model Q-ASFE  ACS-Head (%) 1 (%) 1 (%) 1t ™M) 4
1  YOLOlln - - 43.8 26.7 16.1 2.58 16.51
2 YOLOlln (P2-P4) - - 44.7 27.7 17.7 0.88 23.32
3  YOLOlln (P2-P4) v (P2) - 46.5 28.9 19.3 0.91 27.05
4  YOLOlln (P2-P4) v (P3) - 45.9 28.5 18.5 0.99 26.84
5  YOLOIlln (P2-P4) v (P2, P3) - 48.9 30.7 20.5 1.02 30.58
6  YOLO1ln (P2-P4) - v 47.6 29.6 19.7 1.51 27.76
7  A2-Det v (P2, P3) v 49.6 31.0 20.7 1.60 34.58

“u_n

Note: A check mark (v') indicates that the corresponding module is included, whereas “—” indicates that it is not
used. Bold values indicate the best performance in each column; 1 denotes higher-is-better, whereas | denotes
lower-is-better.

First, from the perspective of the overall architecture, compared with the original
YOLOL11n baseline using the P3-P5 detection pyramid (No.1), the model adopting the
P2-P4 detection pyramid without Q-ASFE or ACS-Head (No.2) achieves higher detection
accuracy with fewer parameters. This direct comparison isolates the contribution of the
detection-pyramid redesign itself, indicating that shifting the detection pyramid toward
higher-resolution feature levels independently benefits tiny object detection. Experiments
No.3-5 further show that the performance gain of Q-ASFE varies with its deployment level,
with joint deployment at P2 and P3 achieving the best result and an APg of 20.5%.

To further verify the enhancement effect of Q-ASFE on shallow high-resolution fea-
tures from the perspective of feature responses, Figure 6 presents visualizations at the
Backbone P2 stage for representative examples from the VisDrone and USOD datasets.
Overall, the original P2 features without enhancement exhibit relatively scattered responses,
with evident non-target activations in complex background regions. After introducing
Q-ASFE, the responses in target regions become more concentrated and continuous, while
background interference is effectively suppressed. This trend is consistent across both
datasets. Taking VisDrone as an example, for the distant tiny targets highlighted by the
red dashed box in the first row of Figure 6a, the introduction of Q-ASFE produces clearer
activations, whereas the baseline model shows relatively weak responses. In the second
row, Q-ASFE more effectively suppresses non-target activations in background regions,
making the target areas more prominent. For USOD, as shown in Figure 6b, the responses
of background regions such as roads and buildings are likewise effectively suppressed,
and the target-related structures become more distinct. These observations are consistent
with the quantitative improvements brought by Q-ASFE in Table 7 on VisDrone. The similar
response patterns observed on USOD serve as supplementary cross-scene visual evidence,
further indicating that the enhancement effect of this module on shallow high-resolution
features is not limited to a single dataset.
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Under the fixed P2-P4 architecture, No.6 further verifies the independent contribution
of ACS-Head. Compared with the standard detection head under the same backbone
and neck configuration (No.2), replacing it with ACS-Head improves mAPs;, mAP5.95,
and APg by 2.9, 1.9, and 2.0 percentage points, respectively. These results confirm the
independent performance contribution of ACS-Head under the current P2-P4 architecture.
Compared with No.5, further introducing ACS-Head yields an additional performance
improvement. Relative to the original baseline (No.1), the final model improves mAPs,
by 5.8 percentage points, validating the effectiveness of the joint Q-ASFE and ACS-Head
configuration. Taken together, No.1, No.2, and No.7 provide a progressive comparison from
the original P3-P5 detection pyramid, through the P2-P4 pyramid without the proposed
modules, to the complete A2-Det, thereby distinguishing the independent contribution of
the pyramid redesign from the additional gains brought by Q-ASFE and ACS-Head.

® _ —

Input Image Backbone P2 Bacbone P2 ‘ YdLl
with Ground-Truth before Q-ASFE after Q-ASFE Backbone P2

Figure 6. Feature visualization of backbone P2 responses with and without Q-ASFE on representative
samples from (a) VisDrone and (b) USOD. Red dashed boxes highlight representative regions for
comparison, and the heat-map colors qualitatively indicate relative feature-response intensity, with
warmer colors corresponding to stronger responses.

To illustrate the practical effects of the progressive improvements at the detection-result
level, Figure 7 presents qualitative comparisons of No.1, No.5, and No.7 on representative
samples from VisDrone and USOD. Overall, progressing from the baseline to Q-ASFE
and subsequently to A2-Det with ACS-Head gradually reduces missed detections while
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improving the discrimination of densely distributed targets and bounding-box localization
quality. These qualitative observations are consistent with the performance trends reported
in Table 7.

3.6. Size-Stratified Tiny Object Evaluation

To further examine the detection capability of A?-Det across different tiny object
scales, a size-stratified evaluation is conducted on VisDrone and USOD. Ground-truth
instances within the small-object range are divided into two groups according to their
bounding-box area A: extremely tiny objects with A < 16 and relatively larger tiny objects
with 162 < A < 322. YOLOl1n is adopted as the baseline to evaluate the scale-specific
performance gains of A2-Det-n.

No. 7:A?-Det

)

(3

Figure 7. Progressive qualitative comparison of ablation results on representative samples fromIn
Proceedings of the (a) VisDrone and (b) USOD. Red dashed boxes in VisDrone and green highlighted
boxes in USOD indicate representative local regions selected for comparison. The labels No. 1, No. 5,
and No. 7 correspond to the ablation configurations defined in Table 7 , while (1)-(5) denote different
representative samples.

[©) @) )
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As shown in Table 8, detection performance generally decreases as the target scale
becomes smaller, particularly on VisDrone, reflecting the greater difficulty of detecting
extremely tiny objects. Nevertheless, A2-Det-n consistently outperforms YOLO11n across
both size ranges. For VisDrone objects with A < 162, A%2-Det-n improves APsy, APys,
and mAPs.95 by 8.7, 3.4, and 4.3 percentage points, respectively, with consistent gains also
observed for the 16> < A < 322 group. On USOD, where the baseline APs is already
relatively high, the improvement in APs5 is comparatively modest, whereas AP75 shows
clearer gains across both size ranges. Overall, these results suggest that A%-Det maintains
favorable detection performance as the target scale decreases and are consistent with the
intended design objective of preserving fine-grained information for tiny object detection.

Table 8. Size-stratified detection performance on the VisDrone and USOD datasets.

Dataset Size Range GT Instances Model APs5p (%) T AP75 (%) 1 mAP5.95 (%) 1
VisDrone A < 162 8000 YOLO11n 17.4 4.1 7.0
VisDrone A < 162 8000 A?-Det-n 26.1 (50.0%) 7.5 (82.9%) 11.3 (61.4%)
VisDrone 162 < A < 322 8000 YOLO11n 34.3 16.9 18.0
VisDrone 16% < A < 322 8000 A2-Det-n 43.4 (26.5%) 23.1 (36.7%) 23.5 (30.6%)
USOD A < 162 6008 YOLO11n 90.0 12.9 34.0
USOD A <162 6008 A?-Det-n 92.8 (3.1%) 15.3 (18.6%) 35.7 (5.0%)
USOD 16> < A < 322 882 YOLO11n 94.4 19.8 39.3
USOD 16> < A < 322 882 A2-Det-n 95.0 (0.6%) 23.0 (16.2%) 40.5 (3.1%)

Note: A denotes the ground-truth bounding-box area. For each dataset and size range, a maximum of 8000
ground-truth instances is evaluated; when fewer than 8000 instances are available, all available instances are used.
Values in parentheses indicate the relative improvement of A2-Det-n over YOLO11n. Bold values indicate the best
performance in each column. 1 denotes higher-is-better, whereas | denotes lower-is-better.

3.7. Practical Inference Efficiency

Practical inference efficiency was evaluated under the same hardware platform de-
scribed in Section 3.2, using a single NVIDIA GeForce RTX 5090 GPU. Single-image latency
and frames per second (FPS) were measured under unified inference settings, with all
models evaluated at an input resolution of 1024 x 1024. As shown in Table 9, A%-Det-n was
compared with YOLO11n on VisDrone, USOD, and RSOD, while A2-Det-x and YOLO11x
were additionally evaluated on VisDrone to examine inference efficiency across different
model scales.

Table 9. Practical inference efficiency of YOLO11 and A?-Det on different datasets.

Dataset  Model Params (M) | GFLOPs | Latency (ms/Image) | FPS 1t

YOLO11n 2.58 16.51 5.44 183.73

. A2-Det-n 1.60 34.58 8.12 123.13
VisDrone

YOLO11x 56.89 500.50 27.81 35.96

AZ-Det-x 63.92 1326.01 56.55 17.68

USOD Y?LOlln 2.58 16.49 5.48 182.44

A*-Det-n 1.60 34.51 8.12 123.13

RSOD Y?LOlln 2.58 16.49 5.66 176.57

A#-Det-n 1.60 34.51 8.33 120.11

Note: 1 denotes higher-is-better, whereas | denotes lower-is-better.

The results show a consistent inference-efficiency trend for A2-Det-n across the three
datasets. Compared with YOLO11n, A%-Det-n exhibits increased latency and reduced
FPS, while the variations across datasets remain relatively small, indicating stable practical
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inference behavior. At a larger model scale, the efficiency gap between A2-Det-x and
YOLOL11x becomes more pronounced, suggesting that the additional computational cost of
A?-Det increases with model capacity.

3.8. Robustness Results

To evaluate the robustness of the proposed model under adverse imaging conditions,
four common types of perturbations were introduced on the test set, including image blur-
ring, Gaussian noise [53], stripe noise [54], and fog [55,56]. The degradation severity was
quantified using the peak signal-to-noise ratio (PSNR). Figure 8 presents visual examples
of degraded images under different perturbation conditions on the RSOD dataset together
with the corresponding detection results, while Table 10 summarizes the robustness evalu-
ation results of A%2-Det and the baseline YOLO11n on RSOD and VisDrone. Considering
that the targets in RSOD generally exhibit relatively clear rigid structures, making the
degradation process easier to observe, the performance degradation curves on RSOD are
further provided in Figure 9.

Table 10 and Figure 9 show that different perturbation types affect model performance
in distinct ways. Under image blurring and fog, A2-Det maintains relatively high detection
performance overall. Under Gaussian noise, both models degrade progressively as the
noise intensity increases. At the strongest tested level of 02 = 0.03, A2-Det and YOLO11n
achieve mAPs5( values of 76.0% and 81.3% on RSOD, corresponding to relative declines of
22.6% and 16.5%, respectively. On VisDrone, the corresponding mAPj5; values decrease
to 13.5% and 11.5%, with comparable relative declines of 72.8% and 73.7%. These results
indicate that the sensitivity to severe Gaussian noise is dataset dependent. Under stripe
noise, performance also decreases with increasing perturbation strength. Although the
asymmetric 1 x 3 and 3 x 1 convolutions may respond to directional stripe patterns, A2-Det
does not exhibit greater degradation than YOLO11n in the present experiments. Atr = 0.2,
it retains both higher absolute mAP5y and smaller relative declines on RSOD and VisDrone.

As shown in Figure 8, different perturbations produce distinct forms of degradation in
target appearance. Image blurring and fog mainly weaken target edges and reduce contrast,
Gaussian noise introduces abundant discrete perturbations in local regions, whereas stripe
noise produces pronounced directional structural interference. These visual degradation
patterns are broadly consistent with the performance trends in Table 10, indicating that A%-
Det remains relatively stable under smooth degradation conditions such as image blurring
and fog, but still exhibits a certain degree of sensitivity to strong random noise.

Table 10. Robustness comparison of A2-Det and YOLO11n on RSOD and VisDrone in terms of mAPs).

RSOD Dataset VisDrone Dataset

Interference Intensity

P(%l]\;l)R A%-Det YOLO11n P(%IE)R A%-Det YOLO11n

(Cégggme) - o 98.2 97.4 i~ 49.6 438
w = 0.81 3445 982 (0.0%) 971 (03%)) 3344 472 (48%])) 41.6 (50%])
fmage w = 0.64 32.81 982 (0.0%) 968 (06% ) 3171  46.6 (6.0%]) 409 (6.6% |)
Blurdin w = 0.49 31.09 979 (0.3%)) 962 (12%]) 29.83 451 (9.1%)) 395 (9.8% )
J w = 0.39 29.66 973 (09%)) 963 (1.1%)) 28.28 420 (153%)) 37.6 (14.2% )
w =025 2722 925 (5.8%)) 922 (53% /) 2589 322 (35.1%)) 29.8 (32.0% /)
o2 = 0.001 30.00 982 (0.0%)  97.0 (04%))  30.02 447 (99%]) 41.6 (5.0% )
Gaussian o2 = 0.005 23.06 954 (29%)) 957 (1.7%)) 2314 351 (292%]) 327 (25.3% )
Noise 0% =0.01 2010 895 (89%)) 945 (3.0%)) 2021 27.6 (44.4% ) 24.8 (43.4%])
0% =0.02 1721 831 (154% ) 87.0 (10.7%]) 1735 19.8 (60.1% |) 16.9 (61.4% /)
0% =0.03 1559  76.0 (22.6% |) 813 (165% ) 1572 135 (72.8% ) 11.5 (73.7% /)
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Table 10. Cont.
RSOD Dataset VisDrone Dataset
Interference Intensity
I’(%I]\;I)R A%-Det YOLO11n I’(EIE,R A%-Det YOLO11n

Stripe r=0.05 21.89 90.2 (8.1% ) 915 (6.1% ) 21.94 384 (22.6% ) 329 (249% )
Noise r=20.1 18.84 875 (109%]) 84.7 (13.0%J) 1893 289 (41.7%]) 23.4 (46.6% )
r=20.2 1580 68.7 (30.0%]) 629 (354%J)) 1590 12.7 (744%]) 8.63 (80.3% )
A=02 19.58 98.2 (0.0%) 97.0 (0.4% ) 18.91 46.2 (6.9% |) 40.8 (6.8% )
Fo A=03 16.02 98.3 (0.1% 1) 96.8 (0.6% J) 15.36 45.6 (8.1% 1) 39.6 (9.6% 1)
& A=04 13.49 98.2 (0.0%) 96.8 (0.6% ) 12.83 439 (11.5%]) 38.0 (13.2% )
A=05 11.52 98.1 (0.1% ) 96.0 (1.4% ) 10.86 419 (155% ) 36.0 (17.8% )

Note: Values in parentheses indicate the relative change in mAP5) compared with the clean baseline. 1 and |
denote relative increases and decreases, respectively.

w=0.25 a2 =0.01

Original Image

Figure 8. Visual examples of degraded RSOD images under different perturbations and the corre-
sponding detection results. Red boxes denote detected objects, green boxes highlight representative
local regions, and green arrows point to the corresponding magnified regions.
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Figure 9. Performance degradation curves on the RSOD dataset under different perturbations.

4. Discussion
4.1. Mechanism of the Dual Asymmetric Design

The performance gains of A2-Det arise from two asymmetric mechanisms operating at
the feature representation and task prediction stages, respectively, each tailored to distinct
information requirements. Remote sensing tiny objects typically occupy only a few pixels,
and their effective representation relies heavily on limited edge, contour, and local intensity
variations. With successive downsampling, such fine-grained structures are readily diluted
by spatial compression and background responses, while deep semantic features cannot
recover spatial information once it has been lost. Accordingly, shifting the detection levels
toward P2-P4 and enhancing shallow high-resolution features is not intended merely to
increase the contribution of shallow features; rather, it strengthens target-related cues
before fine-grained structures undergo irreversible attenuation, thereby providing more
discriminative tiny object representations for subsequent cross-scale fusion.

Q-ASEFE further improves shallow feature quality through direction-sensitive local
structural modeling and context modulation. ASFE employs convolutional paths with
different directional biases to reinforce horizontal, vertical, and local isotropic structures,
thereby preserving the limited edge and contour cues of tiny objects during feature prop-
agation. Unlike reparameterizable asymmetric structures that are folded into standard
convolutions after training, ASFE retains its directional paths during inference to pre-
serve complementary anisotropic spatial responses. However, strengthening local struc-
tures alone may also amplify background interference from road textures, building edges,
and other clutter. Efficient QKV therefore conditions local spatial responses on global
semantic information, enhancing target-related structures while suppressing background
activations lacking semantic support. In this way, ASFE primarily preserves structural
information, whereas efficient QKV performs context-guided response selection, making
the two components complementary at the feature representation level.

The asymmetric design of ACS-Head is motivated by the distinct representation
requirements of classification and regression. Classification relies more heavily on channel-
wise semantic information with strong category discriminability and generally benefits
from a certain degree of invariance to local positional perturbations, whereas regression
depends directly on spatial cues such as object centers, boundaries, and scales, and is
therefore more sensitive to positional variations. Applying an identical enhancement
strategy to both branches may thus be insufficient to accommodate these task-specific
requirements. Accordingly, ACS-Head strengthens channel-wise semantic selection in the
classification branch to emphasize category-relevant information and suppress background
redundancy, while preserving richer spatial and coordinate information in the regression
branch to support accurate localization of tiny objects. This design exploits the distinct
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inductive biases of different feature enhancement mechanisms, allowing each branch to
acquire representations better matched to its task characteristics.

Overall, the two asymmetric mechanisms in A2-Det address information bottlenecks
at different stages. Q-ASFE primarily mitigates the attenuation of fine-grained information
and background interference in shallow high-resolution features, whereas ACS-Head
performs task-specific modeling to alleviate the representational inconsistency between
classification and regression. The former improves the quality of features delivered to the
detection head, while the latter further optimizes how these features are utilized by the
two prediction tasks, thereby forming a complementary processing chain from feature
enhancement to task prediction. The module comparisons, progressive ablation studies,
and feature visualizations presented in Section 3 are consistent with this mechanism-level
interpretation and provide empirical support for the effectiveness and complementarity of
the dual asymmetric design.

4.2. Accuracy—Efficiency Trade-Off and Application Scope

A2-Det improves tiny object detection performance at the cost of additional compu-
tation. This increase mainly stems from shifting the detection focus from deeper features
toward the P2-P4 levels and introducing Q-ASFE on the high-resolution P2 and P3 feature
maps. Because shallow feature maps have larger spatial dimensions, feature enhancement
at these levels inevitably incurs greater computational cost. Meanwhile, removing the P5
branch and constraining the channel dimensions of the added modules limit parameter
growth, resulting in a model with a relatively small parameter count but higher GFLOPs.

This computational profile reflects an explicit trade-off between detection accuracy
and computational efficiency. Since the informative cues of remote sensing tiny objects
are largely concentrated in limited spatial details, allocating more computation to high-
resolution representations is well aligned with the task requirements. The experimental
results show that this redistribution of computation consistently improves tiny object
detection, indicating that the additional cost is primarily devoted to preserving and en-
hancing fine-grained features rather than simply increasing model capacity. A2-Det is
therefore better characterized as a parameter-efficient, accuracy-oriented framework for
tiny object detection, rather than an extremely lightweight model optimized for minimum
computational cost.

From an application perspective, the default A?-Det-n is primarily intended for
accuracy-oriented remote sensing and UAV scenarios where sufficient computational
resources are available and accurate detection of distant and densely distributed tiny ob-
jects is prioritized. The practical efficiency results in Table 9 further show that A2-Det-n
maintains an inference speed above 120 FPS on the RTX 5090 across the three evaluated
datasets. On VisDrone, compared with YOLO11n, A2-Det-n improves mAPsy and APg by
5.8 and 4.6 percentage points, respectively, while increasing the measured inference latency
by approximately 49%. Meanwhile, although its GFLOPs are approximately 2.09 times
those of YOLOL11n, the increase in practical latency is substantially smaller, indicating that
theoretical computational complexity does not translate linearly into actual inference time.
As the model scale increases, the efficiency penalty becomes more pronounced; therefore,
A2-Det-m and A2-Det-x are better regarded as high-capacity, performance-oriented config-
urations for computationally sufficient or offline processing scenarios. The deployment
scenario considered in this study primarily involves off-board processing, where remotely
sensed imagery acquired by satellite or aerial platforms is transmitted to ground stations
or data centers for subsequent detection and analysis. Accordingly, the current practical
efficiency evaluation focuses on desktop/server-class GPU platforms rather than real-time
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onboard inference on resource-constrained devices. Deployment efficiency on dedicated
embedded or edge-computing platforms remains to be further evaluated in future work.

4.3. Robustness, Limitations, and Future Directions

Different types of image degradation affect A%-Det in distinct ways because they
disrupt target structural information and background characteristics through different
mechanisms. Image blurring and fog primarily attenuate local high-frequency details and
reduce contrast, while the overall spatial structure of targets and the contextual semantics of
the scene remain relatively coherent. Under such conditions, the local structural modeling
and context modulation in Q-ASFE can preserve target-related responses despite moderate
detail degradation, resulting in relatively stable detection performance. The robustness
results reported in the experimental section are generally consistent with this mechanism-
level interpretation.

In contrast, random and structured noise interfere with the fine-grained representation
of tiny objects through different mechanisms. As illustrated by the enlarged regions in
Figure 8, Gaussian noise introduces dense pixel-level fluctuations over both targets and
surrounding backgrounds, which obscure the already weak contours and local intensity
differences of tiny objects. Since A2-Det shifts detection toward the high-resolution P2—
P4 levels and enhances the P2 and P3 features before substantial spatial downsampling,
this design preserves weak target details but also exposes the shallow representation to
more high-frequency perturbations. Consequently, under severe Gaussian noise, random
responses may become increasingly difficult to distinguish from genuine fine-grained target
structures. The asymmetric directional branches rely on locally coherent structural patterns;
random perturbations disrupt this local consistency and thereby reduce the discriminability
of weak target edges. This provides a plausible explanation for the increased sensitivity
observed under severe Gaussian noise, particularly on RSOD.

Stripe noise exhibits a different failure mechanism. As shown in Figure 8, strong stripe
interference forms spatially continuous and highly directional patterns across both target
and background regions. Because the 1 x 3 and 3 x 1 paths in ASFE are designed to capture
complementary directional structures, such artificial directional patterns may compete
with genuine target edges in the feature representation. As stripe intensity increases,
the distinction between target-related directional responses and structured interference
therefore becomes more difficult, which helps explain the substantial degradation observed
under strong stripe noise.

These observations indicate that one robustness limitation of A?-Det lies in the trade-
off between fine-grained structural enhancement and noise suppression. The current
Q-ASFE is primarily designed to strengthen target-related structures and does not explicitly
distinguish informative high-frequency details from random noise components. Future
work may therefore incorporate frequency-domain awareness or adaptive denoising mech-
anisms to suppress noise responses while preserving the limited edge and contour cues of
tiny objects. For practical remote sensing imaging systems, preprocessing strategies such
as image denoising or non-uniformity correction may also be integrated to further improve
detection stability under complex degradation conditions.

5. Conclusions

This study proposes A2-Det, a dual asymmetric framework for tiny object detection in
remote sensing imagery. By restructuring the detection pyramid toward high-resolution
levels and jointly incorporating Q-ASFE and ACS-Head, the proposed framework improves
fine-grained feature representation and task-specific prediction for tiny objects. Experi-
mental results show that A%-Det improves mAPsq by 5.8 percentage points over YOLO11n
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on the VisDrone dataset and achieves consistent performance gains on the USOD and
RSOD datasets, demonstrating favorable cross-scene generalization. Module comparisons,
ablation studies, and feature visualizations further verify the effectiveness and complemen-
tarity of the proposed components. Overall, A2-Det provides an effective accuracy-oriented
solution for detecting dense tiny objects in complex remote sensing scenes.
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