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Visual-based object detection has large applications in security and surveillance for unmanned aerial vehicles (UAVs). Meanwhile, the object
detectors are required of low-latency and easy to be deployed on embedded onboard platforms. Aiming to address these problems, we present
a PA-YOLOv3 aerial images object detector based on YOLOv3 and PANet algorithms, which can be deployed on embedded platforms. The PA-
YOLOv3 model uses the dual-tower structure to improve the feature extraction and expression capabilities in feature fusion stage of the
network. Besides, we propose a balanced pruning method to reduce the model size and the imbalance of different feature layers during
pruning. After balanced pruning, the latency and size of themodel are significantly decreased. Finally, we deploy and quantify themodel on the
embedded platform with TensorRT technology and apply the model on the UAV system for testing. The comprehensive experiments are
executed on VisDrone2018 dataset and real-world scenarios. The experimental results show the inference speed of PA-YOLOv3 boost of about
10� after model pruning and quantization, while maintaining high detection accuracy.
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1. Introduction

Intelligent UAVs are the ideal devices for exploring complex
environments and enabling unmanned operations, such as
unmanned search and rescue, infrastructure inspections
and military, etc. [1, 2]. Visual detection is essential for
UAVs to complete the above tasks. Equipping with vision
sensors to complete object detection is one of the important
requirements of intelligent UAVs. For instance, combining
with visual object detection can enable UAV to achieve au-
tonomous navigation and following, using object detection
can achieve unmanned search, rescue, security, etc. But UAV
requires lower latency when implementing object detection
and navigation control. Therefore, it is an urgent require-

ment for the deploying of detection algorithms on embed-
ded platforms to reduce latency in practical applications of
UAV.

Existing deep learning object detection algorithms have
provided many high-precision object detectors, which can
detect specific categories of objects in natural scenes
(such as the 80 categories defined by the MS COCO [3]
benchmark dataset). However, aerial objects and natural
scene objects have large differences in sizes and shooting
angles. Therefore, it is impossible to directly use the existing
high-precision detection models, thus training on an
aerial object dataset is required. At the same time,
deep convolutional neural networks require powerful
computing capabilities, due to a large number of computing
resources consumed in model inference. It makes many
high-performance detectors unusable on embedded plat-
forms with limited resources. Therefore, it is very necessary
to improve the inference speed of the model on embedded
platforms.

Based on the above discussion, we focus on the aerial
object detection for UAV and implement a low-latency
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detection method which maintains high detection accuracy.
The main contributions of this paper are as follows:

. Proposing a PA-YOLOv3 model. This model can enhance
the feature extraction capabilities. Meanwhile, we modify
the prediction layer to improve the detection accuracy of
small objects by a down-sampling factor of 4, 8 and 16,
respectively.

. Presenting a balanced pruning method. This method
reduces the model size and the imbalance of different
feature layers during pruning. After model pruning, the
model size and latency have decreased significantly,
which improves the inference speed of the detection
model.

. The deployment of the detection model on three different
performance embedded platforms: Jetson Nano, Jetson
TX2 and Jetson Xavier. We build a UAV system for real-
world scenarios testing and utilize TensorRT to complete
model quantification and deployment. The experimental
results achieve the minimum latency of the detection
model less than 15ms, which greatly improves the in-
ference speed and meets the real-time detection
requirements. The algorithm framework of the detection
system is shown in Fig. 1.

2. Related Work

2.1. CNN-based object detection method

Object detection algorithms based on deep learning can
roughly be divided into two categories: the two-stage

method and the one-stage method. R-CNN [4] is the first
object detection algorithm based on deep learning. After
that, researchers proposed a series of methods based on the
R-CNN model to improve detection accuracy and speed,
such as SPP-Net [5], Fast R-CNN [6], Faster R-CNN [7], etc.
Faster R-CNN proposes a Region Proposal Network (RPN),
which can replace the selective search [8] and quickly
generate candidate regions. Lin et al. proposed the Feature
Pyramid Network (FPN) [9] to improve the accuracy of
small objects detection. Based on faster R-CNN, FPN uses
the high resolution of low-level features and the semantic
information of high-level features to improve the detection
accuracy of a small object, but it also inevitably computation
cost.

The two-stage object detection algorithm has achieved
high detection accuracy on large-scale natural scene data-
sets (such as MS COCO) through twice classification and
regression operations, but the detection speed is generally
not real-time. Therefore, the one-stage object detection al-
gorithm abandons the idea of the two-stage detection and
completes the object detection through only one-time
classification and regression. Such as YOLO [10–12], SSD
[13], RefineDet [14], etc. The one-stage object detection
algorithms achieved the real-time detection speed on GPU,
but the detection accuracy still trails that of the two-stage
methods. Lin [15] modified the traditional cross-entropy
classification loss function to balance the foreground and
background during training and achieved an improvement
in detection accuracy.

2.2. Object detection for UAV

Visual perception is one of the necessary capabilities for
intelligent UAVs. Many researchers study the visual per-
ception systems of UAVs. Jung et al. [16] proposed the ADR-
Net detection model to perform visual navigation and detect
obstacles ahead for UAV. They replaced the VGG16 back-
bone network of SSD with a lightweight model, which im-
proved the detection speed. Hsieh et al. [17] proposed the
LPN for vehicle counting based on UAV. They increase the
detection accuracy of dense vehicles by adding the spatial
layout score, which makes vehicles surrounded by more
objects have higher confidence. Cui et al. [18] used contour
detection and color threshold to complete marker and
digital detection, contributing to indoor navigation task for
UAVs. Zhang et al. [19] used the Faster R-CNN method to
achieve traffic flow monitoring. Compared with traditional
methods, using UAV to complete statistics is more flexible.
In summary, the deep learning object detection for UAV
brings higher detection accuracy, but the detection speed
also needs to be considered in practical applications. In this
paper, we adopt a one-stage detector with high detection
accuracy, and improve the speed of the network through

Fig. 1. Algorithm framework.

58 K. Feng et al.

January 5, 2022 1:25:20pm WSPC/284-US 2250003 ISSN: 2301-3850
2nd Reading



model pruning and quantification, while maintaining a
balance between detection speed and accuracy.

2.3. Model pruning and quantification

In embedded platforms with limited resources, it is very
difficult to run a deep convolutional neural network with
huge parameters. Therefore, it is necessary to compress the
number of model calculations. Model pruning and quanti-
fication are two effective methods to achieve the model
compress. Many researchers have made important con-
tributions to model pruning and quantification. Denton
et al. [20] proposed a model parameter representation
method using the singular value decomposition to perform
low-rank decomposition on fully connected layers, yielding
�3x model-size compression. However, since the calcula-
tions in deep networks are mostly convolutional layers, the
model inference speed has not decreased significantly.
Rastegari et al. [21] reduced the weights to binary or
ternary, and restricted the weights to f�1; 1g or f�1; 0; 1g.
This weight quantization method reduces the model size
and improves the model inference speed, but the low-bit
approximation method usually comes with a large loss of
accuracy. Han et al. [22] pruned some connections with a
small weight in the trained network so that the weight of
the final network was mostly zero thus the storage space
can reduce by storing the network in a sparse format. Liu
et al. [23] added the scale factor of the network channel to
the sparsity training and then pruned the network through
the global threshold. This method directly pruned the net-
work structure and not used additional dedicated libraries
and hardware. We are inspired by [23] and extend it to the
object detection method.

In addition to the model pruning, model quantification is
also an important method to improve the inference speed of
the network. Gao et al. [24–26] discussed the application of
float, half-float and 8-bit integer quantization techniques in
model quantization. Nvidia TeneorRT [26] uses FP32, FP16
and INT8 to quantify the model, which can significantly
reduce the model’s float-point-operations (FLOPs) and in-
crease the inference speed of the network. Besides, Ten-
sorRT uses the layer fusion and tensor fusion to merge the
convolutional layer, BN [27] layer, and the activation layer into
one structure, which reduces the CUDA core occupancy rate.

3. Method

3.1. Network design

In aerial images, the size of an object is relatively small due
to the flying height of the UAV, so the detector needs to have
stronger location and classification performance for small

objects. In the deep convolutional neural network, the re-
ceptive field of the high-level feature layer is large, it
responds strongly to the entire object and has good se-
mantic information. The low-level feature layer has more
local features suitable for localization and has more infor-
mation about the small object. Based on this experience, it is
an intuitive idea to fuse the information between different
feature layers to improve the location and classification
capabilities of small object detection. Through the top-down
and bottom-up horizontal connection structure like [28], we
combine the dual-tower structure with YOLOv3 to further
improve the feature extraction capability of small aerial
objects. So that each layer of the network has high-level
semantic information and low-level location information.
The network framework of PA-YOLOv3 is shown in Fig. 2.

PA-YOLOv3 is designed with adding top-down and bot-
tom-up horizontal connection structures for feature fusion.
We use Darknet-53 as the backbone and use fC2; C3; C4; C5g
to construct a dual-tower structure. The top-down FPN
structure is formed by up-sampling and horizontal con-
nection and the bottom-up structure is formed by a con-
volutional layer stride of 2 with 3� 3 kernel size. We use
the shortcut operation to fuse the layers of horizontal
connections. Then a convolutional layer with 1� 1 kernel
size is used to change the output channel. The down-sam-
pling factor is 32 of the top feature layer, which makes it
difficult to predict small size objects effectively on this
feature. Considering this situation, PA-YOLOv3 uses three
feature maps fN2;N3;N4g with down-sampling factors of 4,
8 and 16 as the detection feature maps. We can obtain the
classification and regression results with the added YOLO
layer. Benefiting from the optimization of the network
structure, PA-YOLOv3 has a much more satisfying ability to
detect and locate small objects.

3.2. Training

The scenes of aerial images usually have many objects, such
as dense vehicles on the road and pedestrians on the street.
To improve the detection effect on dense objects, we add an
anchor to each of prediction layer in PA-YOLOv3, so that
each prediction layer has four preset anchors, which is
enhanced the matching effect of the detector on dense
objects. Before training PA-YOLOv3, the dataset labels
clustered by the Kmeans algorithm to form 12 initial
anchors with different sizes and aspect ratios, so that the
detector can adapt to different sizes of aerial objects. During
training, we use data augmentation to adapt the changes of
geometry and lighting of objects, such as random image
flipping, random adjustment of saturation, exposure and
hue of the image.

We adopt the mixup method [29] to enhance the ro-
bustness of the detector and prevent overfitting. The key
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idea of mixup is to regularize the model with a simple linear
behavior by mixing up pixels as interpolations between
pairs of training images. Meanwhile, the one-hot image
labels are mixed up using the same ratio. Through the op-
eration of the linear input and the linear output, the model
moves toward the linear function during training, thus re-
ducing the nonlinear overfitting ability of the deep con-
volutional neural network and improving the generalization
ability of the network. We refer to the settings in [30] and
add mixup to PA-YOLOv3 to enhance the robustness of the
model.

3.3. Pruning and quantization

Model pruning is a method to achieve model compression.
Liu et al. [23] proposed a channel scale factor � to deter-
mine the importance of a layer of the model. They set a
global pruning scale threshold � according to the channel
scale factors of all layers, and the convolutional layer with
the scale factor � below the global threshold � will be
pruned. This is a simple but effective model pruning method
without adding any training costs and hardware.

Based on the research in [23], we extend the model
pruning method into PA-YOLOv3. PA-YOLOv3 adds a batch
normalization layer after each convolutional layer to speed
up the model convergence. The expression form of the BN
layer is shown in the following equation:

y ¼ �
x � �Bffiffiffiffiffiffiffiffiffiffiffiffiffiffi
�2
B þ "

p þ �; ð1Þ

where B is the current mini-batch, �B and �B are the mean
and standard deviation values of the input activation over B,

x and y are the inputs and outputs of the BN layer, and �, �
are the learnable scale factors and offsets factor, respec-
tively. " is a small positive number that prevents the de-
nominator from being 0. Because the scale factor in the BN
layer describes the mapping importance of a certain layer,
the channel scale factor � in the model pruning is replaced
by the scale factor in the BN layer.

In [23], by setting the global pruning threshold to control
the pruning of the model, it is easy to cut most of the low-
level convolutional layers of the model, and keep most of
the high-level convolutional layers. Since the high-level
feature layers have more semantic information, and the
image classification network only uses the top feature layer
for classification, so the global pruning method has achieved
good results in the image classification task. But the object
detection task not only need the classification information
of the high-level feature layers, but also need to add the
local positioning information of the low-level feature layers.
Therefore, the global pruning makes most of the low-level
convolutional layers cropped, leading to the low-level in-
formation that cannot be better retained. Furthermore, the
performance of the feature fusion will decline, and the de-
tection accuracy of the model will be damaged.

In PA-YOLOv3, the dual-tower structure fully integrates
the high-level classification information and the low-level
location information. We propose a balance pruning method
to reduce the loss of the low-level features by global
pruning. In balance pruning, the scale factors of the BN
layer of the same down-sampling module are sorted, and
then we prune the model in different down-sampling
modules. So, the pruning ratios of the feature layers with
different down-sampling ratios are guaranteed to be the
same, and the problem of global pruning is alleviated, which

Fig. 2. Architecture of PA-YOLOv3.
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is beneficial for the feature fusion stage of the dual-tower
module of PA-YOLOv3.

In the balance pruning of the PA-YOLOv3, the up-sample
layer, pooling layer and the YOLO prediction layer are ig-
nored, and the other convolutional layers are pruned
according to the balance pruning threshold � . To keep the
connection relationship between the layers of the network,
a local minimum pruning threshold is set to prevent over-
pruning. The route layer and the shortcut layer in PA-
YOLOv3 are specially processed. The route layer is pruned
after concatenating operation, and the number of shortcut
layer selects the minimum number of the two pruned
convolution layers when concatenated. After model prun-
ing, the model needs to be fine-tuned on the dataset to
compensate for temporary degradation, and the accuracy
will gradually recover until it is stable. In the quantification
stage, we use TensorRT to quantify the model to improve
the inference speed. The TensorRT framework supports
model quantization in three modes, namely Float32, Float16
and INT8. We deploy detection models on three embedded
platforms: Jetson Nano, Jetson TX2 and Jetson Xavier and
uses TensorRT to perform inference acceleration and re-
duce the model’s consumption.

4. Experiments

4.1. Experiment settings

Training data. The experimental training data uses Vis-
Drone2018 [31] aerial object detection benchmark dataset,
which contains about 7000 images and 11 categories. To
compare with the existing categories in MS COCO dataset,
we select eight sub-categories in VisDrone2018 as training
categories, including people, pedestrian, bicycle, car, van,
truck, bus, motorbike. We remap people and pedestrian
labels to person and van labels to the car to match the same
subcategory of the MS COCO dataset.

Training parameters. We use darknet framework to
train PA-YOLOv3. Since the MS COCO dataset contains 6
categories of the remapped VisDrone2018, the PA-YOLOv3
uses the pre-trained model that has been trained on the MS
COCO dataset to initialize and then trained on the Vis-
Drone2018 dataset. All experiments were trained and
tested on an RTX 2080Ti. The number of model training
iterations is 20k, minibatch is 64, the initial learning rate is
0.001 and decreases by 0.1 when the number of iterations is
16k and 18k. The model optimization method is Stochastic
Gradient Descent (SGD), where weight decay is 0.0005 and
momentum is 0.9. To maintain a similar ratio to the dataset
image (16/9), the width and height of the input image are
resized during training. The w 2 ½480; 960�, h 2 ½288; 544�,
where width and height are multiples of 32.

4.2. Experiment study

According to the dataset and training parameters in 4.1, we
train YOLOv3 and PA-YOLOv3 on the VisDrone2018 dataset,
respectively. The training results were evaluated on the
Visdrone2018 validation set. The evaluation metric is mean
average accuracy (%mAP, IoU ¼ 0:5). We also test the
YOLOv3 model that trained on the MS COCO dataset, and
compare it with the model pre-trained on MS COCO and
then perform on Visdrone2018. Table 1 shows the experi-
ments results of PA-YOLOv3.

Fine-tone Result. As can be seen from Table 1, YOLOv3
has poor detection accuracy on the VisDrone2018 without
transfer training (i.e. 24.51%), especially the categories of
bus, bicycle and truck. This shows that although MS COCO is
an excellent dataset with a large amount of data and labels
(MS COCO2014 has about 120k images, including 80 cate-
gories). The perspective of natural scenes and aerial scenes
are quite different. Therefore, we use the YOLOv3 model
trained on MS COCO as a pre-trained model and fine-tone
on VisDrone2018. It can be seen from the results that
after fine-tuning, the accuracy of the YOLOv3 has greatly

Table 1. Detection results on Visdrone2018.

Model Input mAP (%) Person Bicycle Car Truck Bus Motorbike

YOLOv3 (train on MS COCO) 608� 352 24.51 29.82 9.76 53.46 15.01 20.01 19.02
YOLOv3 (train on MS COCO) 960� 544 31.85 42.73 12.21 64.24 18.65 28.11 25.17
RetinaNet R50 1333� 800 38.90 42.70 11.34 74.99 34.01 31.12 35.45
SSD 512� 512 33.17 30.86 10.35 68.70 25.22 36.04 27.85
Tiny-YOLOv3 608� 352 19.79 16.39 9.62 41.71 15.29 21.12 14.59
YOLOv3 608� 352 41.40 41.02 16.18 73.35 33.81 47.16 36.90
YOLOv3 960� 544 48.73 51.03 21.41 81.62 38.66 54.95 44.73
PA-YOLOv3 608� 352 49.86 52.20 19.95 82.18 40.07 56.77 47.96
PA-YOLOv3 960� 544 55.51 60.23 27.48 87.34 41.53 62.89 53.59
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improved only 20k rounds of training (i.e. 41.40%). The
accuracy has greatly improved in easily confusing such as a
person, car and bus. The experimental results show that
using the training results of big data for transfer training
can cut down the training time and improve the detection
accuracy.

YOLOv3 vs. PA-YOLOv3. Taking YOLOv3 as the baseline,
we trained PA-YOLOv3 with the same parameters. The ex-
perimental results are shown in Table 1. It can be seen that
compared to YOLOv3, the mAP of PA-YOLOv3 improves
8.46% (i.e. 41.40% vs. 49.86%) when the input image size
is 608� 352, and mAP improves 6.78% (i.e., 48.73% vs.
55.51%) when the input image size is 960� 544. Moreover,
the accuracy of small objects (such as person, bicycle, etc.)
has greatly improved. It is shown that PA-YOLOv3 has not
only greatly improved the mean detection accuracy, but also
been beneficial to the detection of small objects. The accu-
racy of large objects (i.e. bus) has also been greatly im-
proved (i.e. 47.16% vs. 56.77%). This shows that the dual-
tower structure fully integrates the semantic information of
high-level features into different feature layers, so that the
feature layer with lower down-sampling factor maintains
the ability to detect large objects. Compared with other one-
stage detection algorithms, such as SSD512 and RetinaNet-
R50, PA-YOLOv3 also has high accuracy. In Fig. 6, we show
some detection results of YOLOv3 and PA-YOLOv3 on the
VisDrone2018 (The objects not detected by YOLOv3 are
drawn in the red dotted box).

Ablation Experiments. To demonstrate the effective-
ness of different components in PA-YOLOv3, we use YOLOv3
as baseline and construct four variants and evaluate them
on VisDrone2018, shown in Table 2. The image input size is
608� 352 and all training parameters are the same as 4.1.

To demonstrate the effectiveness of adding one anchor,
we add one anchor to the prediction layer. The mAP in-
creased by 1.61% (i.e. 43.01% vs. 41.40%). The reason is
that in dense aerial object detection, adding an anchor helps
to increase the matching capability of the model, which
improves the detection accuracy. When we add a mixup
module on the previous network (see the fourth and fifth
column in Table 2). The mAP is increased from 43.01% to
43.82%. When we add a mixup module with dual-tower
(see the second and third column in Table 2), the mAP is
increased from 48.94% to 49.86%. This increase (i.e. 0.81%

and 0.92%) demonstrates that mixup helps to improve the
accuracy of model detection and enhance the generalization
ability. To demonstrate the effectiveness of the dual-tower
structure, we replace the FPN structure with a dual-tower
structure (see the third and fifth column in Table 2). We
find that mAP is increased from 43.01% to 48.94%. The
significant increase (i.e. 5.93%) demonstrates that the dual-
tower structure can help promote the performance of the
ability to integrate large-scale context information, further
to enhance the accuracy of small aerial objects. Finally, we
use both mix-up and dual-tower structure. Compared to
baseline (see the second and sixth column in Table 2), the
mAP is increased by 8.46% (i.e. 49.86% vs. 41.40%). The
results have shown that combining different components
can effectively improve model performance and accuracy.

4.3. Pruning study

In this section, we perform model pruning on PA-YOLOv3.
To demonstrate the performance of the global pruning and
balance pruning methods, we conduct three model pruning
experiments. The thresholds of the global pruning and the
balance pruning are set to the same value and the thresh-
olds for three consecutive pruning experiments are set to
0.3, 0.3, 0.4, respectively. The model is fine-tuned on the
dataset when each pruning operation is completed. After
three pruning experiments, the cumulative proportions of
the pruned model are about 30%, 50% and 70%. Table 3
shows the statistics of PA-YOLOv3 after prune operations.
We use Billion Floating Point Operations (BFLOPs) to
measure the computational complexity of the model and
use Frames Per Second (FPS) to measure the inference
speed. The FPS testing GPU environment is RTX 2080Ti.

As can be seen from Table 3 that after three pruning
experiments, the inference speed of the model has been
improved well, the size of the model and the BFLOPS have
also been greatly reduced. Comparing the global pruning
and balanced pruning method, it is shown that under the
same pruning threshold, the model size and BFLOPS of the

Table 2. Effectiveness of different components.

Component PA-YOLOv3

Dual-tower ü ü
Mixup ü ü
þ1 Anchor ü ü ü ü
Map(%) 49.86 48.94 43.82 43.01 41.40

Table 3. Model pruning experiment.

Method mAP (%) BFLOPs Size (MB) FPS

No pruned 49.86 92.130 239.5 38.9

Global pruning
30% pruned 47.13 62.881 186.1 48.2
50% pruned 44.30 48.485 143.6 65.9
70% pruned 41.23 32.249 90.6 78.6

Balance pruning
30% pruned 48.98 44.875 117.1 60.8
50% pruned 46.36 21.834 64.3 88.7
70% pruned 43.04 11.693 32.0 101.4
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balance pruning have a greater decrease. This experimental
results show that balanced pruning can better remove high-
level redundancy features and maintain the overall balance
of the model. It reduces the high calculation amount caused
by the retention of high-level feature channels, which
greatly reduces the model size and BFLOPs while increasing
FPS. Compared with global pruning, the accuracy recovery
effect of balanced pruning is better. This shows that balance
pruning can retain different feature layers in a more bal-
anced manner, which is conducive to feature fusion of fea-
ture layers with different down-sampling ratios. So that the
balanced pruning method is more effective when the model
is fine-tuned. In the balance pruning, after the first pruning
(30% Pruned), mAP has a small decrease compared to the no-
pruned, which verifies the rationality and effectiveness of
pruning the unimportant convolutional layer according to the
scaling factor of the BN layer. After the third pruning (70%
Pruned), mAP decreased by 6.82% compared to no-pruned,
but the model inference speed was greatly improved (i.e.
38.9FPS vs. 101.4FPS). This is also a tradeoff between detec-
tion accuracy and speed for low-performance embedded
processors with limited resources. Compared with a

lightweight version of YOLOv3, Tiny-YOLOv3 (in Table 1), the
70% balance pruned model still has a high accuracy advan-
tage (i.e. 19.79% vs. 43.04%) while maintaining a fast detec-
tion speed.

Fig. 4. The UAV system of object detection.

Fig. 5. Test results in the IMAV2019 outdoor competition (a) and the road scene (b).

Fig. 3. Speed (ms) versus accuracy (mAP) on the Xavier, TX2 and Nano platforms.
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4.4. Deployment

In this section, we deploy PA-YOLOv3 and prune the model
on three embedded platforms with different performances:

Jetson Nano, Jetson TX2 and Jetson Xavier. Besides, we use
TensorRT technology for model quantization. On the Xavier
platform, the quantization method supports three quanti-
zation modes, including fp32, fp16 and int8. On TX2 and

Fig. 6. Comparison of detection results by YOLOv3 (left) and PA-YOLOv3 (right) on VisDrone2018. The objects not detected by YOLOv3
are drawn in the red dotted box.
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Nano platforms, the quantization method supports fp32 and
fp16 mode. Because the TensorRT does not support the
darknet format, we convert the darknet model to the Caffe
model for inference. Figure 3 shows the inference speed
results on three embedded platforms.

In Fig. 3, the inference speed of PA-YOLOv3-int8 can
reach 32ms on Jetson Xavier, which meets the requirements
of low latency and real-time detection onboard. Moreover, it
is worth noting that PA-YOLOv3-prune07 reached 13ms
which is a very short latency in int8 mode. On Jetson TX2,
the PA-YOLOv3-prune07 inference speed also reaches
40ms in fp32 mode, which can run in real-time. On the
Jetson Nano with lower-performance, the inference speed of
PA-YOLOv3-prune07 also reached 84ms in fp16 mode. In
contrast, the YOLOv3 model requires too much virtual
memory to complete the model’s inference, and can only be
used for image testing because of the speed limit (1582ms).
In summary, after pruning and quantifying of PA-YOLOv3,
the inference speed is greatly improved.

4.5. The object detection system for UAV

In this section, we design a UAV system to test the PA-
YOLOv3 model. The UAV system architecture is shown in
Fig. 4. The UAV system are equipped with flight controller,
embedded computing platforms and vision sensors. We
use the Jetson TX2 as an onboard computing platform for
object detection. The vision sensor’s camera provides
60fps, 1920� 1440 color images. The system consists of a
PixHack flight controller as the under-level control module,
which contains a set of sensors, such as accelerometers,
gyroscopes and magnetometers that are necessary to
stabilize the attitude of the UAV.

In real-world scenarios testing, we use the UAV system
to test in the IMAV2019 outdoor competition and the road
scene. Figure 5 (left) depicts the result of the object de-
tection mission in IMAV2019. The competition requires
UAV to complete the detection of cars, houses, packages and
color-marked mailboxes. We fine-tuned the PA-YOLOv3-
prune07 on 300 images collected by UAVs. Detailed ex-
perimental parameters are shown in Table 4. The test
results prove that the model designed in this paper can be
used in practical applications and has a good accuracy.

Figure 5 (right) shows the detection results using PA-
YOLOv3-prune07 trained on VisDrone2018. The detection
results show that the detection model has a generalization
ability and can be used in object detection tasks in actual
scenes.

5. Conclusions

Aiming at the aerial object detection task for UAV, firstly, we
proposed a low-latency and high accuracy model named PA-
YOLOv3. The detection accuracy and generalization ability
benefit from the dual-tower structure and mixup method of
our designed model. The results on the VisDrone2018
dataset show that the proposed model has 8.46% im-
provement in mAP, and has a better detection performance
on small objects compared with YOLOv3. Secondly, we
proposed balance pruning method to reduce the model size
and improve the inference speed. The experimental results
show that the balance pruning method can significantly
reduce the model size and maintain a competitive accuracy.
In the end, we deployed the model to three embedded
platforms equipped with TensorRT, including Jetson Nano,
Jetson TX2 and Jetson Xavier. The experimental results of
deployment show that the inference speed has greatly im-
proved and reached 25FPS on Jetson TX2 and Jetson Xavier,
which satisfies the low-latency aerial object detection task.
In order to verify the effectiveness of the detection algo-
rithm designed in this paper, we built a UAV system and
tested it in IMAV2019 outdoor competition and real-world
scenarios. The experimental results show that the detection
model has a reliable generalization ability and can be used
in object detection tasks in actual scenes. In future work, we
will continue to work on small object detection algorithms
for aerial images, and explore the arbitrary-oriented object
detection method to adapt to the rotation of the UAVs.
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