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Abstract: Small object detection remains a significant challenge in computer vision, especially in
scenarios such as remote sensing and unmanned aerial vehicles (UAVs) application, where there is
considerable room for improvement in detection accuracy. The difficulty primarily arises from
factors such as low resolution of the images, complex backgrounds in the images, and insufficient
feature representation. To address these challenges, we propose FCA-YOLO, a novel detection
framework built upon YOLOvI11, specifically optimized for small object detection from UAV
perspectives. First, a down-sampling structure was designed to better preserve small object features,
which integrated a redundant compression feature transformation strategy with an inverted
bottleneck residual block to enhance feature flow and representation capacity. Second, we propose a
cross-scale feature fusion module that integrates spatial and channel attention mechanisms to
effectively align and optimize multi-scale features, thereby enhancing the model’s focus on small
objects. Finally, a specialized detection structure was designed to enhance sensitivity to small targets,
combining a dedicated detection head with skip connections that fused deep semantic features and
shallow details, thereby improving the model’s ability to capture fine-grained small information.
Experimental results on the VisDrone2019 dataset demonstrated that FCA-YOLO outperforms the
baseline model, achieving improvements of 3.1% in precision, 4.7% in recall, and 5% in mAP@0.5,
while reducing the number of parameters by 30%. Compared with other YOLO variants and
state-of-the-art algorithms, the proposed method achieves superior performance in terms of detection
accuracy. Further evaluations on the DOTAv1.0 and VEDAI datasets validated the robustness and
consistent detection performance of the proposed model across aerial imaging scenarios.
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1. Introduction

As one of the core tasks in computer vision, object detection has demonstrated significant
research value and technical challenges in applications based on unmanned aerial vehicle (UAV)
platforms. The high mobility and wide-area coverage capabilities of UAVs offer dynamic
perspectives and complex scene data, driving the development of UAV-based object detection in a
range of real-world scenarios, such as public safety and emergency response [1], agricultural
monitoring [2], power line inspection [3], and urban management [4]. However, UAV images are
often affected by factors such as flight altitude and varying viewpoints, resulting in targets that are
typically small, irregular shaped, and frequently occluded. These characteristics increase the
difficulty of feature extraction and raise the false detection rate, particularly in dense scenes and
long-range small object detection tasks.

Although researchers have sought to alleviate these issues through multi-scale feature fusion [5],
attention mechanisms [6], and optimized upsampling strategies [7], critical challenges remain. These
include spatial details loss due to downsampling, diminished shallow feature representation during
feature fusion, and limited sensitivity of detection heads to small object details. To address these
challenges, we propose an enhanced method aimed at improving fine-grained feature representation
and suppressing background interference, thereby boosting small object detection performance. The
major contributions of this work are as follows:

* A lightweight inverted bottleneck residual module is designed for small-scale feature
preservation. It adopts an expand-and-squeeze structure with residual connections to efficiently
retain crucial details of small objects.

* A novel three-branch feature attention fusion module is proposed, which aligns and integrates
features from multiple layers to enhance the model’s focus on target regions.

* A fine-grained high-resolution structure is designed and incorporated into the network, which
enhances the feature representation of small targets and controls model complexity by integrating a
high-resolution detection head, backbone compression, and cross layer feature fusion.

2. Related work

Early object detection methods were primarily based on handcrafted features and traditional
machine learning classifiers. A representative method is the Histogram of Oriented Gradients [8]
descriptor combined with a Support Vector Machines [9] classifier, which achieved early success in
pedestrian detection. Another influential method is the Deformable Part-based Model [10], which
represents objects as a collection of parts with geometric constraints, providing improved robustness
to deformation and partial occlusion. These traditional methods typically followed a multi-stage
pipeline involving feature extraction, classification, and post-processing. However, their reliance on
manually designed features limited their ability to cope with large variations in object appearance,
cluttered backgrounds, and complex scenes.

The advent of deep learning, particularly Convolutional Neural Networks (CNNs), brought a
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transformative shift to the field of object detection. CNNs enabled end-to-end learning of feature
representations directly from raw image data, eliminating the need for manual feature design and
substantially improving detection accuracy and generalization. Current object detection methods are
broadly categorized into two-stage and one-stage approaches. Two-stage detectors, such as Faster
R-CNN [11], first generate region proposals, followed by feature extraction, classification, and
bounding box regression. Although these methods typically yield high accuracy, their complex
architecture and slower inference speed hinder their applicability in scenarios that require high
response speed. In contrast, one-stage detectors bypass region proposals by directly predicting object
classes and bounding boxes from the input image, thereby achieving faster inference suitable for
real-time applications. Representative one-stage detectors include SSD [12], RetinaNet [13],
CenterNet [14], EfficientDet [15], and the YOLO [16] series. The YOLO series has evolved to its
latest version, YOLOvI11 [17], which achieves an effective balance between detection accuracy and
inference speed.

Many enhancements have been proposed based on the YOLO framework to improve the
performance of small object detection. To better preserve the fine-grained features of small objects,
YOLO-Extract [18] enhances the shallow feature extraction capability of YOLOvVS by incorporating
residual structures and dilated convolutions. Similarly, Zhang et al. [19] proposed a multi-branch
dilated convolution module with optimized channel reweighting and feature fusion strategies,
effectively integrating local and global contextual information while suppressing background noise.
To improve feature focus and separability, attention mechanisms and structured fusion methods have
been explored. Li et al. [20] introduced YOLOSR-IST, which integrates coordinate attention with
Swin Transformer blocks to strengthen focus on target regions in infrared remote sensing images.
Wang et al. [21] applied deformable convolutions in feature fusion to enable sparse sampling and
adaptive attention to key spatial regions, alleviating semantic bias and background interference. In
addition, Kang et al. [22] proposed the Type-1 Fuzzy Attention module, which employs fuzzy
entropy theory to suppress noise in feature maps and enhance detection robustness under uncertainty.
To mitigate semantic compression and the loss of fine details caused by repeated downsampling,
DSAA-YOLO [23] combines multi-scale downsampling with sub-pixel upsampling, preserving
high-frequency details without significantly increasing computational cost. TPH-YOLOvVS [24]
enhances small, dense object detection in UAV image by integrating Transformer-based prediction
heads, Convolutional Block Attention Modules, and extra detection heads, demonstrating strong
robustness in scenarios involving scale variation and motion blur. Lightweight design has also
received attention. Gong et al. [25] proposed a simplified variant of YOLOv3-tiny tailored for
thermal imaging, which significantly reduces parameter size and computational overhead while
maintaining competitive performance. Shen et al. [26] developed CA-YOLO, which incorporates a
cascaded pooling structure to reduce redundant computation via information reuse, thereby
improving multi-scale feature representation.

In summary, methods have improved YOLO-based small object detection from various
perspectives. However, challenges remain, including inadequate response to fine-grained shallow
features, suboptimal fusion strategies, and low sensitivity of detection heads to small targets,
particularly in UAV and remote sensing scenarios. To address these gaps, we propose a unified
architecture that integrates fine-grained feature preservation, attention-guided fusion, and a
high-resolution small object detection head to improve small object detection accuracy.
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3. Method

The YOLOvVI11 [17] architecture mostly consists of three components: the Backbone, Neck, and
Head. Compared to YOLOvS, YOLOvVII replaces the original C2f module with a more efficient
C3k2 module, a Cross Stage Partial block with a kernel size of 2, thereby improving feature
extraction and feature map partitioning capabilities. To further enhance detection performance under
complex backgrounds and occlusion conditions, YOLOvI11 introduces a novel C2PSA module,
which integrates convolutional blocks with parallel spatial attention. This design strengthens the
model's focus on critical regions by employing dual spatial attention branches.

We adopt the lightweight YOLOv11s as the baseline and propose FCA-YOLO, a framework
designed to address the challenges of small object detection in UAV images. The overall architecture
of FCA-YOLO is illustrated in Figure 1.

Backbone

CBS CBS C3k2 SFP C3k2 SFP C3k2 SPPF C2PSA
| | |
L A | | |
’—, S |
SFP Small-scglc Feature Neck v v v
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X-Head| Small Object Detector | [~
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Output ) | | |

Head ‘ ‘
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Figure 1. The architecture of the FCA-YOLO network.

First, a Small-scale Feature Preservation (SFP) module is designed and integrated into the key
downsampling stages. This module uses an inverted bottleneck residual structure and an
expand-and-squeeze convolution strategy to construct a new downsampling block. This design
enables the retention of essential fine-grained details for small objects. Second, a three-branch
Cross-scale Attention Fusion (CAF) module is proposed to preserve high-frequency edge
information and align multi-scale features. By incorporating spatial and channel attention
mechanisms, it enhances inter-feature interactions, reinforces salient information, and suppresses
redundancy, thereby enriching the overall feature representation. Finally, in the proposed
fine-grained high-resolution structure, the resolution of the detection head is increased to mitigate the
loss of target information at low resolutions, the backbone network is compressed to reduce the
computational burden, and skip connection is introduced to fuse fine-grained features, effectively
compensating for the information loss caused by structural simplification and further enhancing the
representational capacity of the high-resolution detection head.

3.1. Small-scale key feature preservation module

Although standard convolutional operations are effective in downsampling feature maps and
expanding the receptive field, they are often inadequate for small object detection. This shortcoming
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stems from the fact that small objects typically occupy only a few pixels in the original image,
making them highly sensitive to resolution loss. With each downsampling step, conventional
convolutions reduce spatial resolution by half, which may result in the loss of critical fine-grained
features. Consequently, small objects can become indistinct or disappear during successive
downsampling stages.

Therefore, to better preserve small-scale features, the SFP module is designed, as illustrated in
Figure 2. The module is inspired by the inverted bottleneck residual architecture from CMUNeXt [27]
and incorporates Ghost convolutions [28] to enhance the model's capacity to model and retain
essential features of small objects. The input and output feature maps are denoted X and Y, and are
assumed to have dimensions of X € REXCXHXW and vy € RBXCX%X% respectively. Here, B represents
the batch size, C is the number of channels, and A and W correspond to the height and width of the
feature maps, respectively. X is processed by a depthwise convolution to generate a feature map F;,
which enhances intra-channel spatial awareness while suppressing inter-channel redundancy, thereby
improving the extraction of key fine-grained features such as edges and textures of small objects.
This process is described in (1).

F; = DWConvyxy * X. (D)
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Figure 2. Structure of the SFP module.

The normalized feature map for channel ¢, denoted £, is computed by (2).

R (o) _
PO =y Bl g o Z12 .G )
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where u. and o2 represent the mean and variance of the feature map across spatial dimensions,
respectively. € is a constant that prevents division by zero. y, and B, are learnable affine
transformation parameters that restore the normalized feature. Thereafter the nonlinear characteristics

are preserved through SiL.U in (3).

1
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Then, the FZ(C) of each channel is integrated, denoted F,. Z,, which is obtained by combining
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F, with the residual connection from X. Subsequently, the SFP module applies two consecutive
Ghost convolution layers for channel expansion and compression, thereby enhancing the semantic
expressiveness of small object regions. The channel expansion operation is described in (4). WS55*

denotes the primary 1 < 1 convolution that expands the channel from C to 4C, and c(;fe)ap represents

a cheap convolution. Similarly, the second Ghost convolution in (5) projects the expanded features
back to the original dimensionality, with [:C] indicating channel truncation to the first C channels.

Zy, = 6V (2,) = Concat(WEL* « Zy, 5, )[:4C), (4)
Z = G(Z3) = Concat(WiST + Zy, £, )I: C). (5)

Subsequently, the enhanced feature map Z is processed by a convolutional operation with a
kernel size of 3 and stride of 2, followed by batch normalization (BN) and a SiLU activation, to
obtain the downsampled feature map Y.

Overall, the SFP module refines spatial features through depthwise separable convolutions,
enhances channel-wise representation using lightweight Ghost convolutions, and promotes stable
information flow via residual connections. This design significantly strengthens the model’s ability
to capture and retain critical features of small objects, making it especially effective for detecting
dense, small-scale, and occluded targets in complex scenes.

3.2. Cross-scale attention fusion module

Shallow features retain rich spatial details, while deep features provide strong semantic
representations. Most mainstream detection models adopt simple operations such as concatenation or
element-wise addition for multi-scale feature fusion. Although effective to some extent, these
approaches often lead to misalignment and redundancy, which weaken the model’s ability to detect
small objects that rely on fine-grained details. To address these limitations, we propose a Cross-scale
Attention Fusion (CAF) module, as illustrated in Figure 3.

HRF -

= Concat
Spatial Attention CBR | Conv+BN+ReLU
X
X2 @ = Muttiply
ECA | Efficient Channel Attention HRF High-Frequency Retained
=Add Downsample
DwConv
SA
v
Conv Conv MaxPool
1x1 3x3, s=2
- o
[ [ [ ] z S
BatchNorm H — 5 — E —»
o =
: i :
AvgPool L Fspatial
AvgPool

[3

Xedge ‘_,@,7 Xmain

ECA

00
)

XXX
PANIVANIVAN

Sigmoid

T

3
CO

VAN

BatchNorm

v

Fchannel

XX
N AL

Figure 3. Structure of the CAF module.
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This module integrates spatial and channel attention mechanisms to align and adaptively fuse
features from different layers. By mitigating scale inconsistencies and enhancing the focus on
object-relevant regions, CAF improves small object detection accuracy. To achieve scale alignment,
the shallow feature maps are first reshaped. However, directly applying standard convolution may
lead to the loss of fine-grained details, while pooling operations tend to blur or eliminate
high-frequency components such as edges and contours. To address this issue, we design a
High-Frequency Retained (HFR) downsampling module that preserves edge-level high-frequency
information during spatial downsampling. This alleviates the degradation of fine details typically
caused by conventional downsampling operations.

The HFR module consists of two branches. The main branch applies a standard 3 x 3
convolution with a stride of 2 to the input feature map X, producing the downsampled output X,,qin.
The auxiliary branch serves as an edge-aware compensation path. It employs depthwise convolution
to capture local spatial variations, followed by channel fusion and spatial resizing to generate an edge
response map X.q,4., Wwhich complements the main feature stream. As shown in (6), the outputs from
both branches are concatenated along the channel dimension and fused viaa 1 % 1 convolution. Then,
a residual connection adds the fused features to X,,,,, followed by BN to stabilize training.

X1 =BN (Xmain + Convl*l([Xmain;Xedge]))- (6)

The output X; from the HFR module, along with two additional features X, and X; from
different levels, forms a three-branch input. These features are concatenated along the channel
dimension to form an aggregated feature F. A spatial attention mechanism is then applied to
emphasize the locations of small objects. To capture informative spatial cues, average pooling and
max pooling are applied along the channel dimension. The average pooled feature map F,,,
captures the global spatial response, as defined in (7).

1
Favg(l’ h,w) = c g:l Fc,h,w- (7

The max pooled map F,,,, as defined in (8), preserves the maximum response values at each
spatial location, thereby focusing on the most salient features.

Frnax(1, h,w) = max Fenw- @)

1=<c=<C

Then, average and max pooled maps are concatenated along the channel axis to form a
2-channel spatial descriptor, as shown in (9).

Fqt(2,h,w) = Concat|Fyyg, Fnax]- 9)

To generate the spatial attention map, the concatenated feature F.,, € R?*#*" is processed by a
convolutional layer followed by a sigmoid activation function, as defined in (10).

Mspatial(L h, W) = U(Conv7x7(Fcat))- (10)

This operation generates a single-channel spatial attention map Mgy, that assigns importance
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weights to different spatial locations. It is subsequently applied to the input feature F via
clement-wise multiplication to produce the spatially enhanced feature Fgpapiq. Next, Fopariqr 18
concatenated with X; to form an intermediate feature F,, which retains detailed information from
shallow layers and helps the attention mechanism better localize target areas. To further model
inter-channel dependencies, we incorporate the Efficient Channel Attention (ECA) [29] mechanism.
As shown in (11), global average pooling is applied to each channel of the feature map E,,, resulting
in a channel descriptor Z € R¢, where each element Z, represent the mean activation of each
channel over all spatial positions.

Ze=——SIL YW FD ), c =12,..,C. (11)

A 1D convolution followed by a sigmoid activation is applied to Z to generate the learned
channel attention weights W. These weights are multiplied with each channel of the input feature
map F,, resulting in the final fused output F_;.nner-

The CAF module effectively captures contextual and salient information from multi-path
features, enhancing the representation of object contours and edges, particularly under complex
backgrounds. By performing attention-guided cross-scale fusion, it improves the preservation and
discrimination of critical features of small objects during detection.

3.3. Fine-grained high-resolution (FHR) structure

In traditional YOLO architecture, three detection heads are typically employed to generate
feature maps with resolutions of 80 % 80, 40 x 40, and 20 x 20, respectively, enabling multi-scale
object detection, as shown in Figure 4(a).
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Figure 4. Structure of the detection heads. (a) YOLOv1l detection head and (b)
FCA-YOLO detection head.

While this strategy improves adaptability to objects of varying sizes, it remains suboptimal for
small object detection due to the limited spatial resolution and loss of fine-grained details in deeper
layers. To overcome this limitation, we introduce a high-resolution detection head tailored for small
object detection, operating on a 160 % 160 feature map. This detection head is built upon the P2 layer
output from the backbone, which retains rich edge, texture, and positional information. These
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shallow, high-resolution features enhance the model's capability to accurately detect small and
densely packed objects.

Experimental results indicate that incorporating the high-resolution detection head yields a 3.06%
improvement in mAP@0.5, validating its effectiveness in enhancing small object detection. However,
this gain comes at a cost: The model parameters increase by 11.58%, resulting in higher
computational overhead and inference latency. Further analysis shows that the original 20 x 20
detection head depends on deep semantic features. While effective for high-level understanding, it
exhibits limited sensitivity to fine-grained structural cues, which are essential for accurately
detecting small-scale targets. To address this, we remove the original P5 detection head and introduce
a high-resolution detection head to enhance the detection of small objects. To complement this
structural adjustment, we further design a feature aggregation strategy based on skip connections. As
illustrated in Figure 4(b), features from P3 are directly fused into the 80 x 80 detection branch,
providing additional fine-grained details and mitigating the information loss caused by repeated
downsampling.

This structural optimization enhances the model’s capacity to detect small-scale objects while
suppressing interference from less relevant feature scales. Moreover, this strikes a balance between
fine-grained detail preservation and semantic richness, making the model more robust in complex
detection scenes.

4. Experiments
4.1. Dataset

We conduct experiments on the VisDrone2019 dataset [30] collected by the AISKYEYE team
from the Machine Learning and Data Mining Lab at Tianjin University using various UAV platforms.
The dataset contains a total of 8,629 images, with 6,471 for training, 548 for validation, and 1,610
for testing. All images are finely annotated and span 10 object categories across scenes involving
varying weather conditions, lighting environments, and camera viewpoints.

The 10 annotated object categories in the VisDrone2019 dataset include pedestrian, people, car,
bicycle, van, truck, tricycle, awning-tricycle, bus, and motor. With nearly 70% of the labeled
instances measuring less than 32 x 32 pixels, the dataset is heavily biased toward small objects.
Moreover, it features densely populated scenes and numerous targets that are partially or fully
occluded, making it particularly suitable for evaluating methods that aim to preserve spatial details
and accurately detect small objects in complex environments.

4.2. Evaluation metrics
To evaluate the accuracy of small object detection, we adopt Precision (P), Recall (R), and mean

Average Precision (mAP) as primary evaluation metrics. These provide a comprehensive evaluation
of both detection quality and coverage. The metrics are computed as follows:

TP

P = e (12)
TP

R= TP+FN’ (13)
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AP = [ p(r)dr, (14)

mAP = =YX, AP, (15)

In these equations, 7P represents true positives that are correctly predicted, F/P represents false
positives that are incorrectly predicted as positives, and FN represents false negatives that are
incorrectly predicted as negatives. K represents the number of classes.

4.3. Experimental setup

The detailed experimental configuration is summarized in Table 1. During training, all input
images are resized to 640 x 640 pixels. The training process is conducted for a total of 300 epochs,
with a batch size of 8. The Stochastic Gradient Descent (SGD) optimizer is employed, with an initial

learning rate of 0.01, a momentum coefficient of 0.937, and a weight decay of 0.0005.

Table 1. Hardware and software configuration.

Options Configuration
GPU NVIDIA GeForce RTX 4090D
CPU AMD EPYC 9754 128-Core
RAM 755Gi
Operating System Ubuntu 22.04.1
Python Version 3.10.16
PyTorch Version 2.2.1
CUDA Version 12.1

4.4. Comparison with the baseline model

To evaluate the performance of the proposed model, Figure 5 presents the visualization
experimental results of three images from the VisDrone2019 test set, which are representative,
including scenes with dense and overlapping small objects and scenes from a distant perspective. For
example, the first group contains numerous small objects with frequent overlaps. YOLOv11 fails to
detect certain targets, such as bicycles overlapping with pedestrians. In contrast, FCA-YOLO
successfully detects bicycles and pedestrians under occlusion, demonstrating enhanced robustness to
overlapping instances. The second and third groups depict scenes with densely distributed targets.
Moreover, while both models exhibit comparable performance in detecting medium and large objects
at closer distances, FCA-YOLO achieves higher accuracy in detecting small-scale objects at greater
distances.

AIMS Mathematics Volume 11, Issue 2, 5172-5191.
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Figure 5. Visualization results on the test set: (a) YOLOvl11s; and (b) FCA-YOLO.

These results underscore the effectiveness of FCA-YOLO in handling small object detection,

particularly in complex and cluttered aerial scenes.

4.5. Comparison with other models

To assess the effectiveness of the proposed model, we compare FCA-YOLO with several
representative models from the YOLO series first. Table 2 presents the evaluation results on the
VisDrone2019 dataset, where the best and second-best results are highlighted in bold and underlined,

respectively.

Table 2. Comparison with YOLO series object detection algorithms.

Model P(%)

R(%) mAP@0.5(%)mAP@0.5:0.95(%) Params(M) Model Size (MB)

YOLOV3-tiny [31] 37.2
YOLOvSs [32]  42.1
YOLOvS1[32] 47.4
YOLOv6s [33] 412
YOLOVSs [34]  44.5
YOLOV10s [35] 44.1
YOLOvlls[17] 45.4
YOLOI2s [36] 44.0

FCA-YOLO(Ours) 48.5

24.1
32.6
36.7
31.7
335
323
343
33.7
39

23.2
30.1
35.0
29.6
31.9
30.6
32.7
31.9
37.7

12.9
17.0
20.4
16.9
18.6
17.4
18.8
18.6
21.6

12.1 24
9.12 17.7
53.13 101.9
16.3 31.32
11.14 21.5
8.0 157
9.42 18.3
9.10 17.8
6.59 13.0

AIMS Mathematics
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Compared with previous versions of the YOLO series, FCA-YOLO achieves improvements
across all key metrics. Specifically, it achieves improvements of 5.0% in mAP@0.5 and 2.8% in
mAP@0.5:0.95 compared to the baseline. Additionally, it attains the highest precision of 48.5% and
recall of 39.0% among all compared models. In terms of model complexity, FCA-YOLO contains
only 6.59 million parameters with a model size of 13.0 MB, representing approximately a 30%
reduction compared to baseline. While YOLOvVS] also achieves second-highest precision, it
significantly introduces more parameters, resulting in increased model complexity. In contrast,
FCA-YOLO achieves a better balance between accuracy and complexity.

To further validate the performance of FCA-YOLO in detecting small objects under complex
scenes, we compare it with several representative one-stage and two-stage object detection
algorithms. Table 3 presents the AP@0.5 scores for each object category, along with the overall
mAP@0.5. The best results are highlighted in bold, and the second-best results are underlined.

Table 3. Accuracy comparison of detection algorithms across categories.

Model Object category (AP@0.5 (%)) mAP@0.5
Ped Ppl Bike Car Van Truck Tri Awn-tr Bus Motor (%)
Faster R-CNN [11] 20.9 14.8 7.3 51.0 29.7 19.5 140 88 30.5 21.2 21.8
Cascade R-CNN [37] 22.2 148 7.6 546 31.5 21.6 148 8.6 349 214 23.2
DDOD [38] 219 119 74 553 314 254 145 8.6 372 19.8 23.3
RetinaNet [39] 13.0 79 14 455 199 115 63 42 178 118 13.9
VFNet [40] 206 9.1 6.7 553 323 253 147 83 39.0 192 23.1
MSC-CenterNet [41] 33.7 15.2 12.1 552 40.5 34.1 29.2 21.6 422 275 31.1
MSA-YOLO [42] 334 173 11.2 768 41.5 414 148 184 60.9 31.0 34.7
MPE-YOLO [43] 349 21.8 129 77.2 42.1 428 23.1 203 595 356 37

FCA-YOLO(Ours) 36.2 22.3 13.1 77.7 43.2 404 233 244 60.7 36.2 37.7

The experimental results indicate that FCA-YOLO delivers the highest performance in most
object categories, particularly excelling in small object classes such as Pedestrian, People, Bicycle,
Awning-tricycle, and Motor. This advantage is closely related to the architectural design that
emphasizes early-stage preservation of high-resolution shallow features and their alignment with
deep semantic representations at the detection head. By integrating the SFP module into the
down-sampling pathway and introducing a high-resolution detection branch with skip connections,
FCA-YOLO mitigates spatial information loss at the source and enhances the sensitivity to
fine-grained local cues that are critical for densely distributed and small-scale targets. In contrast,
recent YOLO-based adaptations primarily strengthen small-object representation by enriching
hierarchical feature propagation through perception-enhanced convolutional blocks and
attention-augmented multi-scale aggregation in the backbone and neck. While these strategies
improve semantic expressiveness across scales, FCA-YOLO places greater emphasis on directly
preserving and reintroducing shallow spatial details into the detection head, resulting in a structurally
distinct balance between feature preservation and cross-scale fusion.

For middle-scale categories such as Car and Van, FCA-YOLO remains competitive, indicating
that the cross-scale attention fusion mechanism effectively integrates shallow spatial details with
deeper semantic information to support balanced multi-scale object modeling. In the Bus category,
the model achieves second-highest in AP@0.5, suggesting that the high-resolution feature branch,
while favoring local refinement, can maintain a degree of holistic structural representation. However,
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for categories with higher structural diversity and complex spatial layouts, such as Truck and
Tricycle, accurate recognition relies more heavily on global context aggregation and long-range
dependencies. Methods such as MSC-CenterNet, which adopt anchor-free keypoint-based regression
and explicitly model object geometry at a global level, exhibit advantages in these scenarios. This
comparison highlights a deliberate design trade-off in FCA-YOLO, where prioritizing shallow
feature preservation and local attention enhances sensitivity for small object but may constrain the
effective receptive field for large-scale or structurally irregular objects.

Overall, FCA-YOLO achieves the highest performance among all compared models with
mAP@0.5 of 37.7%, demonstrating a favorable balance between fine-grained feature modeling and
multi-scale representation capacity in UAV-based remote sensing detection tasks.

4.6. Ablation study and analysis

To evaluate the effectiveness of each proposed component in enhancing small object detection,
we conduct a series of ablation experiments on the three key modules: the Small-Scale Key Feature
Preservation Module (SFP), the Cross-scale Attention-based Fusion module (CAF), and the

Fine-grained High-Resolution structure (FHR). The results are summarized in Table 4.

Table 4. Ablation study results.

SFP CAF FHR P(%) R(%) mAP@0.5(%) mAP@0.5:0.95(%) Params(M) Model Size (MB)

x x 454 343 32.7 18.8 9.42 18.3
v x X 462 36.0 34.4 20.0 10.38 20.3
x N x 455 36.0 33.7 19.3 18.99 38.8
x x N 469 36.6 35.2 20.3 2.88 5.9
x NN 472 376 36.1 20.5 6.16 12.1
v x v 489 38.0 37.2 21.5 3.32 6.8
NN N 485 390 37.7 21.6 6.59 13.0

Introducing the SFP module into the baseline model leads to a 1.7% increase in mAP@0.5 with
negligible additional computational overhead, confirming its effectiveness in preserving critical
details of small objects. The inclusion of the CAF module further improves mAP@0.5 to 33.7%,
indicating that the cross-scale attention mechanism significantly enhances feature alignment and
semantic consistency across levels. The FHR module brings the most notable gains, boosting
mAP@0.5 to 35.2% and mAP@0.5:0.95 to 20.3% while maintaining the lowest parameter count and
model size. These results highlight the importance of high-resolution feature extraction for capturing
fine-grained object structures.

We also visualize the feature responses before and after the introduction of each module, as
illustrated in Figure 6. Brighter regions in the figure represent areas where the model's attention is
stronger. Figure 6(b) shows the feature map of the baseline model, where the yellow boxes
highlight the targets that are missed but can be successfully detected by our proposed model. In
Figure 6(c)—(e), the yellow boxes indicate the targets that are detected more after introducing and
integrating relevant modules compared to the baseline model. It can be observed that the addition of
SFP, CAF, and FHR modules significantly improves the model’s ability to detect distant targets and
shows stronger responses for small-scale human targets, further validating the effectiveness and
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adaptability of the proposed methods in complex scenarios.

(b)

(c)

() S

Figure 6. Visualization of heatmaps for each module: (a) Original image; (b) Original
feature map of baseline; (c) After SFP; (d) After CAF; and (e) After FHR.

Furthermore, combination experiments demonstrate the synergistic benefits among the proposed
modules. Considering that the SFP and CAF modules rely on the high-resolution features and
multi-scale feature streams provided by FHR, respectively, we do not test the combination of SFP
and CAF in isolation. Instead, we focus on analyzing their integration with FHR.

Experimental results show that CAF+FHR and SFP+FHR configurations outperform the use of
FHR alone across all evaluation metrics. This validates the complementarity between detail
preservation and fine-grained detection, as well as the enhancement of feature perception provided
by the CAF module to FHR. When all three modules are integrated, the model achieves its best
performance, confirming the effectiveness and synergy of the proposed components.

4.7. Generalization ability evaluation

To further evaluate the accuracy performance of the proposed FCA-YOLO model, we conduct
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experiments on two additional aerial image datasets, DOTAv1.0 [44] and VEDALI [45], and compare it
with representative detectors, including RT-DETR [46], YOLOvV3 [31], YOLOvS5s [32], YOLOvSs [34],
and YOLOv11s [17]. The results are summarized in Table 5.

Table 5. Results of the accuracy performance on DOTAv1.0 and VEDALI datasets.

Dataset Model P(%) R(%) mAP@0.5(%)
RT-DETR 76.2 66.4 68.7
YOLOvV3 71.5 54.6 58.7
YOLOvS5s 76.0 60.1 64.5
DOTAvL.0 YOLOvVS8s 71.9 64.7 68.6
YOLOvll1s 77 67.4 71.8
FCA-YOLO(Ours) 77.8 68.1 72.6
RT-DETR 45.5 43.6 45.5
YOLOv3 71.6 67.8 72.9
YOLOvVS5s 79.3 69.5 78.4
VEDAI YOLOvVS8s 77.8 72.0 78.3
YOLOvlls 81.8 73.4 78.9
FCA-YOLO(Ours) 84.2 76.7 79.6

On the DOTAvV1.0 dataset, which consists of high-resolution images with 15 object categories
and exhibits significant variations in object scale, orientation, and scene complexity, FCA-YOLO
achieves an mAP@0.5 of 72.6%, surpassing YOLOv11 by 0.8%. On the VEDAI dataset, which
focuses on small-vehicle detection under diverse viewpoints, illumination conditions, and complex
backgrounds, FCA-YOLO reaches an mAP@0.5 of 79.6%, with precision of 84.2% and recall of
76.7%. These results indicate that FCA-YOLO consistently maintains competitive performance
across datasets with different characteristics, supporting its generalization capability and robustness
in UAV and remote-sensing environments.

4.8. Efficiency analysis

To further evaluate the computational efficiency and deployment feasibility of the proposed
FCA-YOLO framework, we conduct a comprehensive comparison in terms of model size,
computational complexity (GFLOPs), and inference speed (FPS), as reported in Table 6. Model size
reflects the storage and memory requirements during practical deployment, while GFLOPs measure
the theoretical computational cost of a single forward pass. FPS is reported as the average end-to-end
inference speed, including preprocessing, network inference, and post-processing.

Table 6. Comparison of model complexity and inference efficiency.

Model Params(M)  Model Size(MB) GFLOPs FPS
YOLOv11s[17] 9.42 18.3 21.3 257.69
YOLOVI12s [36] 9.10 17.8 19.3 177.5

FCA-YOLO(Ours) 6.59 13.0 46.7 83.46

As shown in Table 6, FCA-YOLO achieves the smallest model size and the lowest number of
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parameters among all compared methods, indicating the best performance of its reliance on storage
and memory. However, as this design emphasizes improving the detection accuracy and robustness
for small and densely distributed targets, the incorporation of multi-branch feature attention fusion
and high-resolution feature processing increases the overall computational complexity in terms of
GFLOPs. Nevertheless, under the same hardware settings, FCA-YOLO can achieve an inference
speed of 83.46 FPS, which satisfies the real-time requirements of typical UAV-based vision tasks.

5. Conclusions

In this paper, we propose FCA-YOLO, a high-precision small object detection model tailored
for UAV-view remote sensing images. To mitigate the information loss caused by down-sampling,
we design a small-scale feature preservation module that combines inverted bottleneck residual
structures with lightweight convolutions, effectively enhancing the retention of small object features.
During the feature fusion stage, we introduce a cross-scale aligned three-branch attention fusion
module that integrates spatial and channel attention mechanisms; the former focuses on critical
regions while the latter enhances salient features and suppresses interference, thereby improving the
synergistic representation of shallow and deep features. Finally, a high-resolution detection module
with skip connections further strengthens the model’s sensitivity to small object details.
Experimental results on the VisDrone2019, DOTAv1.0, and VEDAI datasets demonstrate that
FCA-YOLO improves detection accuracy for small and dense objects, while maintaining a reduced
model parameter size.

Although FCA-YOLO attains promising performance in small object detection tasks, especially
in modeling fine-grained information under complex scenarios, it faces several challenges in
practical UAV applications. For instance, variations in flight altitude causing viewpoint tilt, drastic
changes in object scale, complex backgrounds, and frequent occlusions may affect deployment
robustness. Moreover, UAV platforms are often constrained by limited computational resources and
power consumption. Our primary research objective of this paper is to enhance the accuracy of small
object detection. Regarding algorithm efficiency, we consider only improving the model's
dependence on storage and memory. In terms of real-time performance, it needs to meet only the
common application requirements, and no higher requirements have been proposed for improving
runtime performance indicators such as inference speed and computational complexity. However, in
the experimental section, we provide comparison results between our model and the baseline model
and the latest model on these efficiency indicators. Based on this, we will include more standardized
benchmarking of inference latency and computational cost under different hardware environments
and input resolutions, to more comprehensively analyze the trade-off between detection accuracy and
efficiency. In addition, model compression and acceleration techniques, such as pruning, quantization,
and knowledge distillation, will be explored to support lightweight deployment on
resource-constrained UAV platforms without sacrificing detection performance.
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