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MHNet: Multi-scale Hierarchical Extraction
Network for Small Object Detection in UAV Images

Ziyang Xing , Xuebin Xu , Meiling Sun , and Kuihe Yang

Abstract—Unmanned aerial vehicle (UAV) images have the
characteristics of small object sizes, dense distributions, and
complex backgrounds. Existing detection methods perform
well under normal circumstances, but perform poorly when
processing UAV images. In this paper, we propose MHNet, a
small object detection framework for UAV images, which solves
the above problems through multi-scale feature processing and
more efficient feature fusion. First, we design a multi-scale
hierarchical convolution (MHC) module that extracts features at
different scales, layer by layer, providing finer-grained feature
information and a larger receptive field. Second, we designed
the SPPFC module to capture the multi-scale features extracted
by the backbone. We introduce contextual anchor attention
(CAA) in the SPPFC module to bolster contextual dependency
and fortify feature information across various scales, thereby
augmenting the semantic information of high-level features. At
the same time, this paper uses an auxiliary detection head,
combined with a new feature fusion architecture to improve the
prediction ability of small objects. The CAA module downsample
the input features of the auxiliary detection head to enhance
the feature information of the other two detection heads.
This design effectively promotes the fusion of high-level and
low-level information. Multiple experiments on VisDrone2019
and UAVDT have demonstrated the effectiveness of MHNet.
On VisDrone2019, with mAP and mAP50 reaching 28.2% and
45.8%, respectively. Compared with the benchmark, our MHNet
improves mAP and mAP50 by 4.8% and 6.7%, respectively.

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9496

Index Terms—Object detection, Unmanned aerial vehicle im-
ages, Multiscale feature, Attention mechanism.

I. INTRODUCTION

OBJECT detection plays an important role in UAV image
recognition, such as pedestrian detection [1], vehicle

detection [2], etc. The purpose is to accurately specify the
placement and category of each object in the UAV image by
identifying predefined object categories. This allows for the
fast and accurate classification and tracking of objects. Drones
are small, flexible, and have a wide field of view. They are
widely used in many fields such as traffic management [3],
meteorological detection and urgent rescue [4].
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Fig. 1. Results of UAV image detection using YOLOv8. A large
number of small objects were not detected in the images, while
there were false detections. Two cyclists and a van were incorrectly
recognized as cars.

At present, there are two primary classes of object detection
algorithms: single-stage and two-stage. Single-stage detection
methods, such the YOLO series [5]-[8] and Single Shot
MultiBox Detector (SSD) [9], directly forecast the bound-
ing box of the object and its classification in a singular
stage. Single-stage detection predicts the object’s position and
category immediately, bypassing region proposal generation,
resulting in enhanced inference speed. Consequently, single-
stage algorithms hold increased importance in real-time mon-
itoring contexts. Conversely, two-stage detection techniques,
like Fast R-CNN [10], Faster R-CNN [11], Mask R-CNN
[12], and Grid R-CNN [13], operate in two phases, allowing
the region proposal network to identify a candidate box for
item detection and classification within that box. Two-stage
detection has superior accuracy owing to enhanced selection of
region recommendations; however, its detection speed is rather
sluggish. Consequently, in detecting settings necessitating high
precision, two-stage detection is more advantageous. Real-time
monitoring is an essential component of UAV image detection.

However, these detection networks often do not perform
well when detecting UAV images . This is mainly because
drone images are very different from normal scenes. For exam-
ple, drone images have low resolut ion, small objects, uneven
brightness distribution, arbitrary object distribution, different
scales, and object occlusions. In addition, the complexity and
computational speed requirements of deep learning models
have hindered the application of drone image detection in real-
time monitoring scenarios. Thus, it is essential to explore an
object detection system with real-time, accuracy and robust-
ness [14]-[17]. In UAV images object detection, the key to the
detection algorithm lies in feature extraction, feature fusion,
or a combination of various feature manipulation methods
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Fig. 2. The overall architecture of MHNet. The backbone network receives the UAV image and uses it to acquire several feature maps. The
backbone network includes the first, third, and fourth stages of the YOLOv8 backbone and the MHC module proposed by us. The last three
feature maps are used as the input to the neck layer, which are denoted as {C3, C4, C5}, respectively. The neck layer first uses SPPFC to
capture multi-scale information and then performs layer-by-layer fusion of features from different layers. The head ensures the accuracy of
predicted categories and localization by using a small object auxiliary detection head.

through the network architecture of the neck to augment ability
to object recognition. Due to the small size, low resolution,
fuzzy boundaries, and complex background of small objects,
there have been many corresponding solutions to these prob-
lems. YOLOv8-QSD [18] adds a small object detection head
to strengthen the seamless integration of shallow and deep
information. This can complement the missing information
during downsampling in various modules and effectively retain
contextual information. APNet [19] adds a precisely positioned
variable convolution to the backbone, which can dynamically
change the shape of the kernel to enhance refined features
when detecting dense regions. This method uses a fine-grained
approach to distinguish multiple objects in dense areas. DC-
YOLOv8 [20] uses depth-separable convolution for downsam-
pling, which can replenish the missed information by the
module during downsampling and effectively retain feature
information. MSFT-YOLO [21] uses convolution block with
larger receptive fields in the backbone and neck to provide
richer multi-level information for detection. CourNet [22]
fuses specific and abstract features by learning shallow and
deep ones. It also combines global and local information based
on the relationship between individual objects and the local
environment and constructs a feature pyramid through different
layers of deep feature information.

These methods have improved detection performance, but
some problems remain. First, the object distribution in the
UAV image is dense and there is object occlusion. When ordi-
nary convolution block extract features, they cannot accurately
capture objects of various sizes. In particular, when detecting

small objects, a large amount of feature information is lost.
Second, after multiple layers of convolution, there is a large
semantic difference between objects of different scales, and
multi-scale features cannot be effectively retained. In addition,
when processing the extracted feature information, the shallow
semantic information and the deep location information cannot
be effectively fused, which can lead to errors in localization
and classification. As shown in Fig. 1, larger objects are
normally recognized correctly, while there are more false
detections for small objects.

To combat the aforementioned issues, we put forward an
UAV image detection method that is MHC-based. First, we
design a new multi-scale hierarchical convolution block, which
is different from the existing convolution blocks. MHC pays
more attention to the extraction of multi-scale information
and can successively process images of different scales layer
by layer. Additionally, we use a weighted attention feature
pyramid SPPFC in the neck to increase the context dependence
and receptive field of each scale when fusing multi-scale
information. Finally, we use a small object auxiliary detection
head and combine it with richer feature fusion of semantic and
positional information for detection. Our contributions are as
follows:

a) We propose a multi-scale hierarchical convolution (MHC)
method that introduces multi-layer residual connections to ob-
tain more fine-grained multi-scale features and larger receptive
fields. In the hierarchical structure, characteristics at various
sizes are extracted in turn, and the missing information in the
upper layer is supplemented. This effectively reduces missed



772 IEEE LATIN AMERICA TRANSACTIONS, Vol. 23, No. 9, SEPTEMBER 2025

detection.
b) A weighted feature spatial pyramid pooling module

(SPPFC) is designed, in which the context anchor attention
(CAA) mechanism is used. This design can capture more con-
text dependencies and enhance central features. It solves the
problem of losing small object information during backbone
extraction.

c) A small object auxiliary detection head is designed, and
this detection head is used to replace the original large object
detection head. The auxiliary detection head provides a wealth
of small object feature information for other detection heads.
This method, combined with a new feature fusion method,
brings shallow semantic information and deep location in-
formation closer together logically, effectively improving the
situation where information fusion is insufficient.

d) We verified our model on the VisDrone2019 dataset,
achieving 45.8% and 28.2% in mAP and mAP50, respectively.
The experimental results verify the advantages of our model.

II. METHODS

A typical network architecture consists of three parts:
backbone, neck, and head. YOLOv8 has already shown good
real-time monitoring results, but it is not good at detecting
small objects. The MHNet proposed in this paper is a model
specifically for small objects. Fig. 2 shows the overall structure
of MHNet. The backbone network uses the CSPDarknet53
[23] architecture and adds the MHC module. Context anchor
attention is introduced in the spatial pyramid pooling module
to extract and retain multi-scale features. A more effective
feature fusion method is used, combined with a small object
auxiliary detection head to obtain richer location and classifi-
cation information.

A. Multiscale Hierarchical Convolution

Traditional convolution modules. They use a fixed kernel
size, which has a fixed receptive field during feature extraction
and cannot effectively capture complex scale changes. When
dealing with multi-scale features, a common practice is to use
convolutions for residual connection and concatenation combi-
nations to meet the needs of multi-scale feature extraction. For
example, the Res2Net [24] module and the C2f [25] module
have been widely used for feature extraction. The Res2Net
module adopts a layered architecture to process features in
sequence. This module can effectively increase the receptive
field. The C2f module processes features at different scales
to improve the model’s multi-scale perception capabilities and
effectively extract the characteristics of the object. However,
since the objects in the drone image are densely distributed and
have a plethora of small objects, richer positional and semantic
information is required. Although this method can obtain good
results in general scenarios, it cannot effectively detect small
objects in UAV images. When the Res2Net module processes
small objects, the feature transfer between different scale levels
cannot be effectively fused together. And in module C2f’s
feature extraction stage, the features of large-scale objects will
cover those of small-scale objects, which cannot obtain good
results in UAV image detection.

Fig. 3. MHC module feature extraction process. After the features
pass through the first layer, only the car is accurately extracted.
However, the bicycle and pedestrian are only accurately extracted
in subsequent layers due to their small objects and occlusions.

To address the above issues, this study provides a multi-
scale hierarchical convolution (MHC) module. We use a three-
layer MHC module to replace the second and fifth C2f
modules in the CSPDarknet architecture. This design can
achieve the best balance between network speed and detection
performance. Specifically, the MHC module is divided into
three layers, each with a different receptive field, and different
layers are used to process features at different scales. We
first use a 1 × 1 convolution to reduce the dimensionality
of the input feature map in the channel direction and split
it. The two parts of the split are denoted as {x1, x2}. x1 is
used for identity mapping, and x2 is input to the hierarchical
structure. In the hierarchical structure, each set of filters takes
the result of the upper set of filters and x2 as input, and the
result of each set of filters is input to a 1× 1 convolution for
fusion. Each layer of filters uses a 3× 3 convolution residual
concatenated structure to extract features locally. With the
increase of the stratification, the extracted local feature scales
become increasingly smaller. The unprocessed x2 is used as
the input to avoid feature overlap and feature loss in the upper
filters. The filters can be reused, but considering that more
filters will lead to an increase in calculation speed and cost,
we have chosen a more balanced three-layer structure.

Each group of filters is denoted as a bottleneck. The
bottleneck has the same input and output dimensions. Each
layer of filters is denoted as {B1, k, B2, k, B3, k, ..., Bn, k},
where n indicates the layer to which bottleneck belongs, and k
controls the feature dimension within the combination. Starting
from B2, k, the output of layer Bn−1, k is part of the input of
layer Bn, k. This combination method increases the receptive
field range within the layer, extracts finer-grained features, and
reduces the occurrence of missed detections. This process can
be expressed by Equation (1). Finally, the outputs of each
small module are fused using a 1 × 1 convolution as shown
in Equation (2).{

Bn, k (x2) , n = 1;

Bn, k (x2 +Bn−1, k) , n > 1;
(1)

y = Conv1×1

(
Concat

(
x1 +

n∑
i=1

Bi

))
(2)

Among them, y is the result after MHC processing, and
Bn, k is the result of the nth bottleneck. Furthermore, within
the bottleneck, the accuracy and lightweight can be better
balanced by changing the feature dimension k within the
combination.
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MHC module feature extraction process is shown in Fig.
3. After the features go through the first layer, only cars are
accurately extracted. While bicycles and pedestrians are not
accurately extracted until the subsequent layers due to small
objects and occlusion.

B. Weighted Feature Spatial Pyramid Pooling

To capture extracted feature information from the backbone,
the general approach is to first process it in the neck using a
feature spatial pyramid pooling (SPP) module [26]. The SPP
module allows inputs of any size and produces outputs of the
same size. However, the tiny size of objects in UAV images,
and severe loss of object feature information will occur when
pooling operations of different scales are performed. Low-level
features have richer positional information and are suitable for
accurately locating objects. However, low-level features have
less semantic information and may not be able to perform
classification tasks well.

To tackle the lack of semantic information, this work is in-
spired by the Poly Kernel Inception Network [27] and designs
the SPPFC module. The context dependence of the direct pixel
is captured by CAA to enhance the central features, and the
structure of which is shown in Fig. 4. The CAA module has
two long and narrow depth separable convolutions. The com-
bination of these two convolutions has a larger receptive field
and is much smaller in scale than a large kernel convolution
with the same receptive field. This combination can obtain
more critical semantic information when performing feature
extraction. The input features are enhanced both laterally
and longitudinally. The SPPFC module separately enhances
input features of any size, fuses the enhanced information,
and produces an output of the same size. The small size of
pedestrian objects in the UAV image is one of the difficulties
in detection. However, the location information of pedestrians
is in most cases a narrow rectangular frame, and it is easier
to extract the characteristic information of pedestrians using
long and narrow convolutions.

After performing maximum pooling on inputs of different
scales, the SPPFC module uses average pooling and 1 × 1
convolution to obtain local features:

F pool = Conv1×1 (Pavg (X)) (3)

Where X is the input to the CAA. The two long and narrow
depth separable convolutions in the horizontal and longitudinal
directions approximate a large kernel convolution, and the
feature map is input to the large convolution kernel for feature
extraction:

Fw = DWConv1×kb

(
F pool

)
(4)

Fh = DWConvkb×1

(
F pool

)
(5)

These two convolutions are more lightweight than the
kb × kb convolution while obtaining more contextual features
to effectively enhance semantic information at different scales.
A 1× 1 convolution is then used to fuse the extracted feature
maps and finally activated with Sigmoid. The SPPFC module
uses a large sensory field to detect the surrounding information

AvgPool Sigmoid

Dot-Product

OutputInput DWConv × 2

k = 4

H

W 

C
H×W×C 

C

W 

H

weighted attention map

Fig. 4. Architecture of CAA. The input features are first average
pooled and then extracted through two long and narrow depthwise
separable convolutions. The extracted feature map is activated by
Sigmoid to generate a weighted attention map, which is used to
enhance the important parts of the input features.

(a) (b) (c) (d)

Fig. 5. Neck structure. (a) FPN. (b) PAN. (c) Neck of YOLOv8. (d)
Neck of MHNet (Ours)

.

of tiny objects, reducing the occurrence of situations where
small objects cannot be recognized due to complex back-
grounds, and effectively and accurately retaining small object
information. This method achieves good results with only a
small increase in computational cost.

C. Small Object Auxiliary Detection Head and Effective Fea-
ture Fusion

The detection head is designed with reference to YOLOv8
and contains three detection layers. The third detection layer
is adapted to find objects over 32 × 32. However, in UAV
image detection, there are few objects larger than 32×32. The
existing method cannot effectively identify the underlying se-
mantic information and the upper-level positional information,
and there is a lot of computational redundancy.

To address the above challenges, this study designed a small
object auxiliary detection head and a new feature fusion struc-
ture, as shown in Fig. 5(d). We removed the third detection
layer and added a detection layer that could detect objects
over 4×4. At this time, the detection layers are used to detect
objects larger than 4×4, 8×8, and 16×16, respectively. The
low-level feature map contains fuller semantic information.
The information input to the shallowest detection layer is
downsampling and input to the other two detection layers to
assist in adjusting the input data of the other two detection
layers. When downsampling the feature information of the
shallowest layer, the CAA structure in Fig. 4 is used, and
replace its second convolution kernel with a 3 × 3. In the
improved network, feature fusion can get richer feature data
for small objects from the shallow feature map. This method
effectively improves detection performance while reducing
computational redundancy.
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TABLE I
COMPARISON RESULTS OF CHANGING THE DETECTION

HEAD

Method mAP50(%) Parameters(M)

New Detection Head 43.6 10.6
Auxiliary Detection Head 43.5 7.7

In Fig. 5, purple represents the minimum object detector,
yellow represents the small object detector, green represents
the large object detector, and blue represents the maximum
object detector. In Fig. 5 (a), FPN [28] connects information
at high and low levels in a top-down manner to enrich
feature information at different scales. In Fig. 5 (b), PAN [29]
After the FPN, a down-to-up pyramid is added to pass low-
level localization features to the higher levels. By aggregating
feature maps of different levels, the information in each feature
map can be fully utilized. In Fig. 5 (c), YOLOv8 combines
FPN and PAN to pass features through top-down and bottom-
up paths, thereby achieving bidirectional feature fusion.

III. EXPERIMENTS

A. Dataset and Experiment Details

In order to evaluate the MHNet network, the VisDrone2019
dataset [30], the UAVDT dataset [31], and the TinyPerson
dataset [38] are selected for verification in this paper.

The VisDrone2019 dataset is a dataset collected by the
AISKYEYE team from the Machine Learning and Data Min-
ing Laboratory at Tianjin University. The dataset comprises
261,908 video frames and 10,209 static images, with 6,471
utilized for training, 548 for validation, and 1,610 for testing.
In this dataset, the objects are small and densely distributed,
with hundreds of objects in each image. These objects cover
10 categories. According to the definition of small objects, the
VisDrone dataset contains 68% small objects. The UAVDT
dataset, which was presented at ICCV 2018, contains many
photos. We used 24,143 of them for training and 16,592 for
testing. The photos were extracted from videos taken by drones
and include different locations, and the image resolution is
1080 × 540 pixels. The TinyPerson dataset is designed for
human detection in large scenes and contains 1,610 images,
of which 794 are used for training and 816 are used for testing.
These images were captured using drones and are primarily
divided into two categories: sea person and earth person.

The hardware environment used in this experiment is an
NVIDIA RTX 3090 GPU with 24 GB of graphics mem-
ory. The software environment includes: Windows operating
system, Python 3.8, PyTorch 1.11.0, and CUDA 11.3. The
training parameters are set as follows: batch size 4, 300
training epochs, SGD optimizer, learning rate 0.01, no pre-
trained weights, and mosaic enhancement disabled for the last
10 epochs.

B. Evaluation Indicators

The evaluation metrics include mean average precision
(mAP), precision (P), recall (R), number of images detected
per second (FPS) and number of parameters (Para). Equations

TABLE II
COMPARISON RESULTS FOR CHANGING PARAMETER k IN

THE MHC MODULE

Method mAP50(%) Precision(%) Parameters(M)

Stage 1 45.8 56.4 13.8
Stage 2 44.8 55.3 10.4
Stage 3 43.6 54.1 11.2
Stage 4 43.0 53.0 8.8

TABLE III
ABLATION EXPERIMENT ON VISDRONE2019

Model mAP50(%) R(%) P(%) Para(M)

Baseline [25] 39.1 37.9 52.1 11.1
MHC 40.6 40.1 53.2 17.3

SPPFC 39.7 38.4 52.8 14.6
ADH 43.5 41.8 54.1 7.7

ADH+SPPFC 44.2 42.0 55.3 8.7
ADH+SPPFC+MHC 45.8 44.0 56.4 13.8

(6), (7) and (8) calculate these metrics. Here, mAP50 repre-
sents the mean average precision at an IOU of 0.5, while mAP
represents the mean mAP for IOU between 0.5 and 0.95.

Precision =
TP

TP + FP
(6)

Recall =
TP

TP + FN
(7)

mAP =

∑C
n=1 APi

C
, AP =

∫ 1

0

p (r) dr (8)

TP is true positives, FP is a false positive example, FN is
a false negative example, C is the number of categories, APi

is the average accuracy of i category, and P (r) is the P −R
curve.

C. Ablation Experiments

To demonstrate the validity of the method, ablation exper-
iments on the VisDrone2019 dataset were conducted. Only
the modified modules were changed, and the other experi-
mental environments were exactly the same. We tested the
performance of individual modules and then integrated them.
During the integration process, we first replaced the large
object detection head with a small object detection head
and adopted an efficient feature fusion architecture. Next, the
CAA module is combined with SPPF to supplement missing
features. Finally, the MHC module is added to the backbone.
The results of the ablation experiments are shown in Table III.
In Table III, we use ADH to represent Auxiliary Detection
Head.

The results of the ablation experiments clearly show the
improvement of each module to the model. By continuously
adjusting the recall rate and accuracy, the best model effect
is obtained. Compared to baseline YOLOv8s, after replacing
the detection head and using a new feature fusion method, the
recall rate of the model is greatly improved, with a recall rate
increase of 3.9% and an mAP50 increase of 4.4%. After the
CAA module was added, the accuracy rate increased by 1.2%
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(a) (b) (c) (d)

Fig. 6. Visualize the results and the feature heatmap visualization results. (a)(c) show the visualization results and feature heatmap visualization
results detected by the baseline model. (b)(d) show the visualization results and feature heatmap visualization results detected by our model.

and the mAP increased by 0.7%. The introduction of MHC
further balanced the recall rate and the accuracy rate, resulting
in an increase of 1.6% in mAP. Overall, MHNet achieved the
best results, with an accuracy rate increase of 4.3%, a recall
rate increase of 6.1%, and an mAP increase of 6.7%.

Furthermore, we carried out additional comparative experi-
ments In order to analyze the influence of the detection head
situation and the parameters in the MHC module. We increased
the number of detection heads in the baseline to 4, which
we refer to as new detection head. Auxiliary detection head
signifies the replacement of the large detection head with a
small one. Table I displays the experimental results of the
two models. Auxiliary detection head features 27.3% fewer
parameters than new detection head, yet it only enhances
the mAP by 0.2%. Therefore, the improvement method of
auxiliary detection head was chosen. The parameter k in the
MHC module controls the influence of the dimension. The
parameter k1 indicates the number of data splits after the
first convolution kernel, while k2 indicates the adjustment of
data in the multiplexing module. Comparative experiments
were conducted on different parameters, with k1=2 and k2=4
expressed as (2, 4) . Stage 1, Stage 2, Stage 3, and Stage 4
were used to represent (2, 2) , (2, 4) , (4, 2) , and (4, 4)
, respectively. The comparison results are shown in Table
II. Stage 1 achieved the highest mAP. Stage 2 reduced the
number of parameters by 24.6% compared to Stage 1, but at
the same time the mAP decreased by 1%. The two experiments
with k1=2 performed poorly. After considering the parameter
quantity and mAP value, k1=2 and k2=2 were selected as the
parameters in the MHC module.

D. Comparative Experiments.

To verify the superiority of the MHNet model, we com-
pared it with other mainstream models on VisDrone2019
and UAVDT. The comparison results on VisDrone2019 are
shown in Table IV, where mAP and mAP50 reaching 45.8%
and 28.2%, respectively. Compared with the benchmark, our
MHNet improves mAP and mAP50 by 6.7% and 4.8%,

respectively. The comparison results on the UAVDT dataset
are shown in Table V. MHNet’s mAP50 is 31.2%, which is
0.3% higher than YOLOv8, and its mAP is 18.1%, which
exceeds other mainstream models. The comparison results on
the TinyPerson dataset are shown in Table VI. MHNet achieves
an mAP50 of 21.2%, which is 1.9% higher than YOLOv8, and
an mAP of 7.5%. We visualize the detection results of MHNet
and the baseline model as shown in Fig. 6. MHNet performs
better in small object detection.

IV. CONCLUSION

In this paper, we propose a novel small object detection
network, called MHNet, for object detection in UAV images.
First, we propose the MHC module, which performs feature
extraction by extracting objects of different sizes one by one
in a hierarchical manner to improve the model’s multi-scale
representation ability. At the same time, the small object
auxiliary detection head is used to replace the large object
detection head in the detection head part, and a more efficient
feature fusion network is combined. This method allows for
fuller integration of shallow semantic information and deep
positional information, resulting in richer small object features.
Secondly, a weighted feature space pyramid pooling module
is used in the neck, which incorporates CAA to obtain more
contextual dependencies of the object and enhance the central
features. Experimental results show that the mAP, recall rate,
and accuracy of this algorithm have all been greatly improved
compared to the baseline, and a mAP50 of 45.8% was achieved
on the VisDrone2019 dataset. However, the research also faces
challenges such as the increased complexity of model perfor-
mance and the feasibility of deployment on drones. Future
research will be devoted to improving detection performance
while maintaining a lightweight model, exploring the actual
performance of deploying drones, and better serving the drone
industry.
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TABLE IV
COMPARISON RESULTS OF DIFFERENT MODELS ON VISDRONE2019

Model Backbone Resolution mAP(%) mAP50(%) Parameters FPS FLOPs

Faster-RCNN [11] ResNet50 1000×600 19.0 31.7 41.2M 37 37.6G
YOLOv5-m [32] CSPDarknet53 640x640 20.7 36.9 21.2M 69 49G
YOLOv8-m [25] CSPDarknet53 .640×640 25.9 42.5 25.9M 93 78.9G

DC-YOLOv8 [20] CSPDarknet53 640×640 24.7 41.5 - - -
DSHNet [33] ResNet50 1000×600 24.6 44.4 - - -

RT-DETR [34] ResNet18 640×640 27.6 45.2 21.3 92 60.0G
VAMYOLOX-m [35] CSPDarknet53 640×640 27.2 45.1 27.1M 55 54.9G

MHNet(ours) CSPDarknet53 640×640 28.2 45.8 13.8M 96 64.8G

TABLE V
COMPARISON RESULTS OF DIFFERENT MODELS ON

UAVDT

Model mAP50(%) mAP(%)

ClusDet [36] 26.5 13.7
DMNet [37] 24.6 14.7

RT-DETR [34] 27.0 16.3
APNet [32] 29.4 18.0

YOLOv8-s [25] 30.9 17.9
MHNet(ours) 31.2 18.1

TABLE VI
COMPARISON RESULTS OF DIFFERENT MODELS ON

TINYPERSON

Model mAP50(%) mAP(%)

Faster R-CNN 15.1 5.8
YOLOv5 20.7 7.4

YOLOv7-UAV [39] 20.5 6.0
YOLOv8 19.3 7.5

MHNet(ours) 21.2 7.5
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