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Abstract

Embedded flight devices with visual capabilities have be-
come essential for a wide range of applications. In aerial im-
age detection, while many existing methods have partially ad-
dressed the issue of small target detection, challenges remain
in optimizing small target detection and balancing detection
accuracy with efficiency. These issues are key obstacles to the
advancement of real-time aerial image detection. In this pa-
per, we propose a new family of real-time detectors for aerial
image detection, named FBRT-YOLO, to address the imbal-
ance between detection accuracy and efficiency. Our method
comprises two lightweight modules: Feature Complementary
Mapping Module (FCM) and Multi-Kernel Perception Unit
(MKP), designed to enhance object perception for small tar-
gets in aerial images. FCM focuses on alleviating the problem
of information imbalance caused by the loss of small target
information in deep networks. It aims to integrate spatial po-
sitional information of targets more deeply into the network,
better aligning with semantic information in the deeper lay-
ers to improve the localization of small targets. We introduce
MKP, which leverages convolutions with kernels of differ-
ent sizes to enhance the relationships between targets of var-
ious scales and improve the perception of targets at different
scales. Extensive experimental results on three major aerial
image datasets, including Visdrone, UAVDT, and AI-TOD,
demonstrate that FBRT-YOLO outperforms various real-time
detectors in terms of performance and speed.

Code — https://github.com/galaxy-oss/FCM.

Introduction
Recent advancements in deep neural networks have signif-
icantly improved object detection in low-resolution natural
images (2022; 2023). However, these methods struggle with
efficiency and accuracy on high-resolution aerial images, es-
pecially in resource-constrained flight equipment. Key chal-
lenges include: i) detecting objects that are small or obscured
by backgrounds in aerial images, and ii) balancing accuracy
with real-time detection requirements on devices with lim-
ited computational resources.

To improve small object detection, increasing image res-
olution (2017; 2020) is common but adds computational
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Figure 1: The previous method overlooked the embedding
of spatial information in deeper layers of the backbone net-
work during feature extraction, leading to spatial semantic
inconsistencies. Our method aims to transfer shallow spa-
tial location information into deeper layers of the network
during the feature extraction process, thereby enhancing the
expression of semantic information.

burden, hampering real-time performance. A key challenge
is the mismatch between low-resolution semantic informa-
tion from deep networks and high-resolution spatial infor-
mation from shallow networks. Feature pyramids (2017) ad-
dress this by integrating deep and shallow features, enhanc-
ing small object localization and multi-scale feature expres-
sion while improving computational efficiency. However, as
shown in Fig. 1(a), backbone networks still struggle with
integrating and preserving shallow information, leading to
feature mismatch issues.

To address the challenges associated with object detection
in aerial images, we aim to achieve a more effective network
design that meets the requirements for both accuracy and ef-
ficiency in real-time aerial image analysis. In this paper, we
propose a novel network that includes two lightweight mod-
ules: the Feature Complementary Mapping Module (FCM)
and the Multi-Kernel Perception Unit (MKP). Firstly, to al-
leviate information imbalance within the backbone network
and promote better integration of semantic and spatial lo-
cation information, we introduce the Feature Complemen-
tary Mapping Module (FCM). FCM implicitly encodes the
target’s spatial location information into high-dimensional
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Figure 2: Our FBRT-YOLO is compared with other real-
time detectors in terms of accuracy and efficiency on Vis-
Drone dataset. The radius of the circle represents GFLOPs.

vectors, guiding the complementary learning of spatial and
channel information across different stages of the backbone
network. This facilitates the fusion of shallow spatial loca-
tion information with deep semantic information, enhancing
the consistency of spatial and semantic representations. This
approach helps transfer shallow spatial location information
to deeper layers of the network, improving feature alignment
and enhancing the localization of small objects, as shown in
Fig. 1(b).

Secondly, due to the minimal representation of small ob-
jects in aerial images, which often comprise just a few pix-
els, these objects are susceptible to feature disappearance
during convolutional neural network (CNN) feature extrac-
tion. To fully utilize the limited feature information and en-
hance the network’s perception of targets at different scales,
we investigate the network’s receptive field and propose a
Multi-Kernel Perception Unit (MKP). MKP consists of con-
volutional kernels of different sizes and incorporates spatial
point convolutions between these sizes to focus on details at
various scales and highlight multi-scale feature representa-
tion. We replace the final downsampling layer of the network
with MKP. This approach enables multi-scale perception of
targets, improving the network’s ability to capture features
across different scales while further simplifying the network
structure.

To meet the requirements of real-time detection in aerial
images, we propose FBRT-YOLO, which boasts fewer train-
ing parameters and reduced computational load compared to
the baseline YOLOv8 model (2023). Extensive experiments
conducted on widely-used aerial image benchmarks such
as VisDrone (2018), UAVDT (2018), and AI-TOD (2021)
demonstrate that our FBRT-YOLO significantly outperforms
previous state-of-the-art YOLO series models in terms of the
trade-off between computation and accuracy across various
model scales. The results are displayed in Fig. 2. Our contri-
butions can be summarized as follows:

• We introduce a new family of real-time detectors for
aerial image detection across different model scales,

named FBRT-YOLO, achieving a highly balanced trade-
off between accuracy and efficiency.

• We propose a Feature Complementary Mapping Module
(FCM) that enhances feature matching for small targets
in deep networks by integrating rich semantic informa-
tion with precise spatial positional information.

• We introduce Multi-Kernel Perception Unit (MKP) to
replace the final downsampling operation, enhancing
multi-scale target perception, and simplifying the net-
work for high efficiency.

Related Work
Real-time Object Detectors. Real-time object detectors
are crucial for resource-constrained platforms, emphasiz-
ing model size, memory, and computational efficiency. Cur-
rently, YOLO (2016) and FCOS (2020) are mainstream
frameworks for state-of-the-art real-time object detection.
While existing real-time detectors have shown significant
performance improvements on public benchmarks such as
COCO (2014; 2024) for low-resolution natural images, their
performance on high-resolution aerial images remains un-
satisfactory. We introduce FBRT-YOLO, a specialized real-
time object detector designed to excel in high-resolution
aerial settings, demonstrating superior performance com-
pared to existing models.

Small Object Detection. Detecting small objects has
long been challenging. Recent solutions include augment-
ing small object datasets (2019) and using high-resolution
images to retain detailed features. However, these methods
often result in more complex models and slower detection
speeds. ClusDet (2019) employs a cluster-based object scale
estimation network to effectively detect small objects. DM-
Net (2020a) utilizes a density map-based cropping method
to leverage spatial and contextual information among ob-
jects for improved detection performance. Despite their ef-
fectiveness in small object detection, these methods suf-
fer from long inference times and low detection efficiency.
QueryDet (2022), while leveraging high-resolution features,
incorporates a novel query mechanism to accelerate infer-
ence speed for object detectors based on feature pyramids.
CEASC (2023) introduces a context-enhanced sparse convo-
lution to capture global information and enhance focal fea-
tures, striking a balance between detection accuracy and ef-
ficiency. These works propose lightweight decoupled heads
that to some extent accelerate networks. However, achieving
real-time detection remains challenging.

Multi-scale Information Extraction and Representation.
Small objects are often represented in feature maps by only a
few pixels, necessitating multi-scale information to enhance
the feature representation of these small objects. Many
works have also been carried out from this aspect (2018;
2024). Feature Pyramid Network (FPN) integrates the deep
features with the richest semantics information and the shal-
low features with spatial location information, which alle-
viates the problem of feature imbalance to a certain extent.
PANet (2018) adds a bottom-up path on the basis of FPN,
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Figure 3: Framework of FBRT-YOLO. FCM module is embedded into each stage of the backbone network to integrate spatial
positional information into deeper semantic information. In the final (fourth) stage of the backbone network, MKP units are
introduced along with multi-scale convolutions to enhance perception of targets at various scales. It’s worth noting that MKP
replaces the final downsampling layer while also reducing the corresponding detection heads.

which promotes the propagation of bottom-layer informa-
tion and enhances information exchange. IPG-Net (2020) in-
troduces image pyramid into the backbone network to solve
the problem of information imbalance. The whole process
consumes a lot of computing resources, which is not con-
ducive to real-time detection. In our work, we focus on inte-
grating deep semantic information with shallow spatial po-
sitional information in the backbone network. This integra-
tion alleviates the imbalance in information extraction dur-
ing feature extraction, thereby enhancing the representation
of small objects. We employ multi-scale convolutional ker-
nels to strengthen the feature representation of targets across
various scales.

Method

We present the entire structure of FBRT-YOLO in Fig. 3.
This includes two core lightweight modules: the Feature
Complementary Mapping Module and the Multi-Kernel Per-
ception Unit. FCM aims to integrate more spatial positional
information into rich semantic features, enhancing the rep-
resentation of small objects. MKP utilizes diverse convolu-
tional kernels to capture target information across multiple
scales. Additionally, for aerial image detection, we stream-
line the baseline network by removing non-critical or redun-
dant computations, further refining the network.

Feature Complementary Mapping Module
Insufficient integration of spatial positional and semantic
information can lead to mismatches and misalignments in
target information. To address this limitation, we propose
the Feature Complementary Mapping Module. This mod-
ule implicitly encodes more low-level spatial information
into high-dimensional vectors, transmitting it to deeper lay-
ers of the network. This enables the detector to capture
stronger structural information, thereby enhancing the ex-
pression of semantic information. The detailed structure of
FCM is shown in Fig. 3, which utilizes a split, transforma-
tion, complementary mapping strategy and feature aggrega-
tion. The following is a detailed introduction to this module.

Channel Split. We first split the channels of the input
feature(X input ∈ RC×H×W ) into two parts with αC chan-
nels and (1−α)C channels, where 0≤ α ≤ 1 is the split ra-
tio. The value of α is quite important in the network. As the
network deepens, the branch with lower-level spatial infor-
mation becomes more prominent, with increasing amounts
of low-level spatial information being implicitly encoded
into high-dimensional vectors. Enhancing the acquisition of
low-level information at appropriate times can improve per-
formance. The split stage can be formulated as:

(X1, X2) = Split(X input), (1)

where X1 ∈ RαC×H×W , X2 ∈ R(1−α)C×H×W .
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Orientation Transformation. To separately obtain spa-
tial mappings of semantic and positional information, we
send the obtained X1 to the branch composed of standard
3×3 convolution, more rich feature information is extracted
on each channel, it is represented as XC in Fig. 3. X2 is
sent to the branch composed of point-wise convolution, the
point-wise convolution extracts relatively weak information,
preserving a large amount of shallow spatial position infor-
mation, it is represented as XS . This transformation process
is represented by the formula:

(XC , XS) = ϕ1(X
1, X2), (2)

where ϕ1 represents learning a mapping relationship be-
tween spatial and semantic information, XC ∈ RC×H×W

contains rich channel information, XS ∈ RC×H×W retains
more original spatial location information.

Complementary Mapping. Currently, the features we ob-
tain, XC and XS , while effective, are discrete. This can
lead to imprecise matching of target features. Therefore, we
perform complementary mapping between them to compen-
sate for their respective missing feature mappings, achieving
efficient feature matching. We take XC , which has richer
channel information, into channel interaction. It can assign
unique weights to the important information on each chan-
nel. This is then mapped to XS , which has low-level spatial
location information features, for complementary feature fu-
sion. This allows the information after interaction to obtain
higher-level features. Similarly, XS with richer low-level
spatial position information, through spatial interaction, as-
signs unique weights to the important information on each
position, and maps it to XC with rich channel information
features, to achieve complementary integration and obtain
higher-level features. This process achieves the guidance of
stronger features to guide weaker ones, thereby alleviating
the problem of information imbalance.

Channel Interaction: First, we use a the depthwise convo-
lution to perform convolution operations on each channel,
cutting off the information between the channels, which is
calculated as:

XD
i = ϕ2(ki, X

C
i ), (3)

where ϕ2 represents the mapping of each feature layer chan-
nel, ki is the i-th convolution kernel, XC

i is the i-th in-
put channel, XD

i is the corresponding single output chan-
nel. The output result after depthwise convolution is XD ∈
RC×H×W .

then perform global average pooling to obtain the global
information on each channel, and finally obtain the key in-
formation weights through the sigmoid layer. The unique
weight ω1 ∈ RC×1×1 generated on the channel can be rep-
resented as:

ω1 = R

 1

H ×W

H∑
i=0

W∑
j=0

XD(i, j)

 , (4)

where R represents an activation function.
Spatial interaction: To further aggregate spatial informa-

tion, we adopt a simple design, as shown in Fig. 3, which

consists of a 1× 1 spatial convolution layer, BN (2015) and
sigmoid. Finally, we generate a spatial attention map, which
is similar to channel interaction, and map it to the branch
that go through the 3 × 3 standard convolution, making it
more focused on spatial information.The spatial information
weight ω2 generated can be calculated as:

ω2 = R(F(XS)), (5)

where F represents convolution mapping with spatial aggre-
gation, ω2 ∈ R1×H×W .

Feature Aggregation. After obtaining the channel infor-
mation weight ω1 and spatial information weight ω2, they
are respectively mapped to the features containing XS and
XC . Then the two branches are connected together to ob-
tain the feature XFCM , which contains features with dual
mappings of spatial and semantic relationships. XFCM is
calculated as:

XFCM = (XC ⊗ ω2)⊕ (XS ⊗ ω1), (6)

where ⊗ is element-wise multiplication.
Overall, the FCM module adopts an information comple-

mentary fusion method with relatively low computational
resources. It propagates shallow-level spatial positional in-
formation into deeper layers of the network, alleviating the
loss of object spatial location information in the backbone
network downsampling process.

Multi-Kernel Perception Unit
Small targets in aerial images are often obscured by back-
ground noise, resulting in limited effective information. To
fully leverage the available feature information, we employ
a multi-kernel perception unit to detect targets at different
scales and establish spatial relationships across these scales,
thereby enhancing the feature representation of contextual
and small target information. As illustrated in Fig. 3, the
Multi-Kernel Perception Unit (MKP) concatenates convo-
lutional kernels of various sizes sequentially, incorporating
point-wise convolutions between kernels of different scales.
The entire process can be mathematically represented as fol-
lows:

X ′ = T2k+1(A(· · · A(Tk(X)) · · · )), (7)

where X represents local features of the input, while X
′

rep-
resents globally mapped features across multiple scales. Tk
represents depthwise convolution with kernel size k. In our
experiment, we set k = 3. A represents point-wise convolu-
tion transformation.

Targeted Reduction of Redundancy-Driven
Network Design
Currently, real-time detection models are primarily designed
for traditional low-resolution image detection, but this does
not apply well to high-resolution aerial image detection,
resulting in significant structural redundancy. For spatial
downsampling in feature extraction, channel expansion pre-
cedes depthwise convolution sampling (2024). Post depth-
wise convolution, there is interference between channels,
leading to a loss of spatial information, which is disadvanta-
geous for detecting aerial images in complex environments.
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Model AP AP50 FLOPs Params FPS

YOLOv5-L (2020) 27.3 44.5 109.1 G 46.5 M 65

YOLOv8-N (2023) 19.6 33.3 8.7 G 3.2 M 174
YOLOv8-S (2023) 23.6 39.6 28.6 G 11.2 M 134
YOLOv8-M (2023) 27.1 44.4 78.9 G 25.9 M 83
YOLOv8-L (2023) 28.4 45.9 165.2 G 43.7 M 61
YOLOv8-X (2023) 28.9 46.8 257.8 G 68.2 M 47

YOLOv9-M (2024) 27.2 44.6 76.3 G 20.0 M 77

YOLOv10-S (2024) 23.8 39.3 21.6 G 7.2 M 135
YOLOv10-L (2024) 27.6 44.6 120.3 G 24.4 M 64
YOLOv10-X (2024) 28.7 46.1 160.4 G 29.5 M 49

RT-DETR-R34 (2024) 27.2 46.0 92.0 G 31.0 M 88
RT-DETR-R50 (2024) 28.8 48.3 136.0 G 42.0 M 65

FBRT-YOLO-N (Ours) 20.2 34.4 6.7 G 0.9 M 192
FBRT-YOLO-S (Ours) 25.9 42.4 22.9 G 2.9 M 143
FBRT-YOLO-M (Ours) 28.4 45.9 58.7 G 7.2 M 94
FBRT-YOLO-L (Ours) 29.7 47.7 119.2 G 14.6 M 70
FBRT-YOLO-X (Ours) 30.1 48.4 185.8 G 22.8 M 52

Table 1: Comparison of AP(%) and Params/FPS on VisDrone by using our methods with different real-time object detectors.

Model AP AP50 AP75

YOLOv3-SPP3 (2019) 26.4 - -
ClusDet (2019) 28.4 56.2 31.6
DMNet (2020a) 29.4 49.3 30.6
QueryDet (2022) 28.3 48.1 28.8
CEASC (2023) 28.7 50.7 28.4
YOLC (2024) 28.9 51.4 28.3

FBRT-YOLO (Ours) 30.1 48.4 31.7

Table 2: Comparison of AP(%) with state-of-the-art detec-
tors on VisDrone.

However, we decouple this process by first applying group
convolutions for spatial downsampling and then using point
convolutions for channel expansion. The parameter calcula-
tions for both approaches are as follows:

P
′
= 3× 3× C1 × C2, (8)

P = 3× 3× C1 ×
C1

g
+ 1× 1× C1 × C2, (9)

where P
′

represents the parameter count for standard convo-
lution, and P represents the parameter count for our method.
C1 and C2 denote the input and output channel numbers, re-
spectively. During network downsampling, the channel ex-
pansion typically results in C2 = 2C1. g represents the num-
ber of groups.

Experiments
Implementation Details
We conduct extensive experiments on three object detection
benchmarks based on aerial images, i.e. Visdrone, UAVDT,

and AI-TOD. All experiments are conducted on an NVIDIA
GeForce RTX 4090 GPU, except that the inference speed
is test on a single RTX 3080 GPU. Our network is trained
for 300 epochs using the stochastic gradient descent (SGD)
optimizer with a momentum of 0.937, a weight decay of
0.0005, a batch size of 4, and an initial learning rate of 0.01.

Results on Visdrone Dataset
State-of-the-art Comparison. As shown in Table 1,
we compare FBRT-YOLO with existing real-time detec-
tors. Our FBRT-YOLO achieves superior performance and
faster detection efficiency across various model scales. For
resource-limited aerial operation equipment, we demon-
strate results of FBRT-YOLO models at various scales com-
pared to other real-time state-of-the-art object detectors. For
small models, FBRT-YOLO-N/S reduces parameter count
by 72% and 74% respectively compared to YOLOv8-N/S,
while achieving an improved detection accuracy of 0.6%
and 2.3% in average precision (AP). For medium models,
FBRT-YOLO-M reduce GFLOPs by 26% and 23% com-
pared to YOLOv8-M and YOLOv9-M, respectively, while
achieving improvements in AP of 1.3% and 1.2%, re-
spectively. For large models, compared to YOLOv8-X and
YOLOv10-X, our FBRT-YOLO-X shows 66% and 23%
fewer parameters, respectively, and achieves a significant
improvement in AP of 1.2% and 1.4%. Moreover, com-
pared to RT-DETR-R34/R50, FBRT-YOLO-M/L achieves
fewer parameters, lower GFLOPs, higher detection speed,
and better detection performance. These experimental re-
sults demonstrate the superiority of our FBRT-YOLO as a
real-time aerial image detector.

As shown in Table 2, it shows the comparison results of
our method with other state-of-the-art methods on VisDrone.
which indicates that our FBRT-YOLO can effectively de-
tects aerial images.
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Figure 4: Visualization of the detection results and heatmaps on VisDrone. The highlighted areas represent the regions that the
network is focusing on.

Model AP AP50 AP75

ClusDet (2019) 13.7 26.5 12.5
GLSAN (2020) 17.0 28.1 18.8
DREN (2019) 15.1 - -
GFL (2020b) 16.9 29.5 17.9
CEASC (2023) 17.1 30.9 17.8

FBRT-YOLO (Ours) 18.4 31.1 18.9

Table 3: Comparison of AP(%) with state-of-the-art detec-
tors on UAVDT.

Model AP AP50 Params FLOPs FPS

YOLOv8-S 19.1 43.6 11.2 M 28.6 G 131
FBRT-YOLO-S 20.2 45.8 2.9 M 22.9 G 142

Table 4: Comparison of AP(%) and Params/FPS on AI-TOD
by using our methods with baseline.

Qaulitative Resutls. To better demonstrate the superior
performance of FBRT-YOLO in detecting aerial images, we
visualize the heatmaps of both the baseline model and our
method in Fig. 4. From the results, we observe that FBRT-
YOLO enhances focus on small and densely packed targets,
showcasing the method’s superiority in enhancing spatial
and multiscale information within the network.

Results on UAVDT Dataset
Quantitative Result. Table 3 reports our comparison re-
sults on the UAVDT dataset. Our proposed method sur-
passes existing methods, such as GLSAN (2020) and
CEASC (2023). The results clearly show that our proposed
FBRT-YOLO achieves superior performance with an AP
of 18.4%, outperforming other state-of-the-art methods in
aerial image detection. This demonstrates the effectiveness
of our detection framework.

RR FCM MKP AP AP50 Params FLOPs

✗ ✗ ✗ 23.6 39.6 11.2 M 28.6 G
✓ ✗ ✗ 23.4 39.2 9.1 M 25.5 G
✓ ✓ ✗ 24.3 40.6 7.2 M 23.2 G
✓ ✓ ✓ 25.9 42.4 2.9 M 22.9 G

Table 5: Ablation on FCM, MKP and RR Module on Vis-
Drone. ’RR’ represents operations aimed at reducing inher-
ent redundancy in the network. Replace the final downsam-
pling layer with MKP and remove the corresponding detec-
tion head.

Qaulitative Resutls. A complex background can signifi-
cantly limit the effective information about the target. Our
method focuses on effectively propagating the spatial in-
formation of the target through network layers to enhance
feature representation. Visualization of detection results, as
shown in Fig. 5, proves that our method significantly im-
proves detection performance in complex backgrounds.

Results on AI-TOD Dataset
The AI-TOD dataset contains a significant proportion of
small objects. To better validate the superiority of our
method in small object detection, we also evaluate FBRT-
YOLO on AI-TOD. As reported in Table 4, our method re-
duces the parameter count by 74%, the GFLOPs by 20%,
while achieving a 2.2% increase in AP50 and a 1.1% in-
crease in AP compared to the baseline.

Ablation Study
To validate the effectiveness of the core module design in
FBRT-YOLO, we design a series of ablation experiments
on the VisDrone dataset. We use YOLOv8-S as the baseline
model in all the ablation experiments.

Effect of Key Components. Experimental results in Ta-
ble 5 exhibit the effectiveness of all contributions in this
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Figure 5: Visualizations of the detection results of baseline
and our proposed method under low light and similar back-
ground conditions on UAVDT. The blue boxes represent the
prediction results using the baseline model, while the red
boxes represent the prediction results using our method.

Channel Mapping Spatial Mapping AP AP50

✗ ✗ 25.0 40.4
✓ ✗ 25.6 41.7
✗ ✓ 25.3 41.3
✓ ✓ 25.9 42.4

Table 6: The experiment validates the optimal configuration
of the mapping relationship.

work. We reduce inherent redundancy in the baseline model,
optimize it, and achieve a 18% reduction in parameters and
a 11% decrease in computational load, albeit with a slight
decrease in accuracy. Introducing the FCM module into var-
ious stages of the backbone network incorporates spatial po-
sitional information in deeper layers, resulting in a 1.4% in-
crease in AP50 and further reducing network computational
resources. We replace the downsampling operation of the
backbone network’s final layer with MKP units to detect tar-
gets at multiple scales, thereby increasing AP by 1.6%. It’s
worth noting that our network converges faster during the
training process compared to the baseline network.

Effect of Mapping Relationship. Table 6 shows the re-
sults of the proposed channel and spatial complementary
mapping. In order to obtain the optimal configuration of
two mapping relationships, we design a series of variant ex-
periments. According to the experimental results, we find
that models using channel or spatial mapping are superior to
models without mapping relationships. Combining the two
can achieve better results. Compared with the model without
mapping relationships, this optimal configuration has im-
proved AP50 by 2.0%.

Effect of Split Ratio. Table 7 shows the impact of dif-
ferent parameters α on the experimental results, where α
represents the split ratio of spatial feature information and
channel feature information. From the experimental results,
we can see that as the downsampling process progresses, the

Split Ratio (α) AP AP50 Params

(0.5,0.5,0.5,0.5) 25.7 42.2 3.2 M
(0.25,0.25,0.25,0.25) 25.5 42.1 2.6 M
(0.75,0.75,0.75,0.75) 25.8 42.3 4.0 M
(0.75,0.75,0.25,0.25) 25.9 42.4 2.9 M

Table 7: Experimental verification of the impact of the spa-
tial and channel feature partition ratio of α in the FCM mod-
ule at each stage of the backbone network.

Kernel Size AP AP50 Params FLOPs

(3,3,3) 25.4 41.7 2.82 M 22.7 G
(5,5,5) 25.6 42.0 2.88 M 22.8 G
(7,7,7) 25.8 42.2 2.94 M 23.1 G
(3,5,7) 25.9 42.4 2.90 M 22.9 G

Table 8: Experiments with different kernel size in MKP.

proportion of the spatial feature part (undergoing point-wise
convolution) increases, and the experimental effect will be
better. We speculate that the reason for this phenomenon is
that when α takes the values 0.75, 0.75, 0.25, 0.25, it re-
tains more spatial location information in deeper networks,
which is beneficial for the localization and matching of tar-
get features. Retaining more spatial position information in a
deeper network is also consistent with the original intention
of the FCM module design.

Effect of Kernel Size. Table 8 shows the experimental
results of different kernel sizes in MKP. From the experi-
mental results, it can be observed that smaller kernels pro-
vide limited receptive fields for the network, failing to es-
tablish strong contextual associations, while larger kernels
introduce significant background noise, which is detrimen-
tal to detection. By using convolutional kernels of varying
sizes, we capture multi-scale features of targets spanning
different sizes. Additionally, we introduce point-wise con-
volutions between different kernel sizes to integrate spatial
information across scales, achieving optimal performance.

Conclusion
In this paper, we propose a new family of real-time detec-
tors for aerial image detection, named FBRT-YOLO. Specif-
ically, it introduces two lightweight modules: the Feature
Complementary Mapping Module (FCM), which aims to
improve the fusion of rich semantic information with pre-
cise spatial location details, and the Multi-Kernel Perception
Unit (MKP), which enhances multi-scale target perception
and improves the network’s ability to capture features across
varying scales. For aerial image detection, we also reduce
the inherent redundancies in conventional detectors, further
accelerating the network. Extensive experimental results on
the VisDrone, UAVDT, and AI-DOT datasets demonstrate
that FBRT-YOLO achieves a highly balanced trade-off be-
tween accuracy and efficiency in aerial image detection.
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