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Abstract

Today, unmanned aerial vehicles (UAVs) are gradually being used in various fields, such as traffic
monitoring and smart parking, where real-time monitoring and classification of vehicles is one of
the key tasks. There are many challenges in vehicle detection, such as changes in flight angle when
small vehicle targets and drones are working, resulting in changes in target scale, which puts a
burden on the optimization of vehicle detection network models. In addition, due to the small
aerial image target and fewer extractable features during high-altitude flight, the model detection
accuracy is low. To solve the above problems, this paper aims to propose an accurate, efficient and
real-time vehicle detection network based on the YOLOv5 algorithm. First, in order to make the
model better extract small target features, a new connection layer is added to the Neck part, con-
necting the high-resolution feature mapping of the first C3 layer to the Neck section. Second, to
make the model more focused on small targets, an output layer with a stride length of 4 is added
as a new head. At the same time, the optimization model has less detection of larger vehicle tar-
gets, and we remove the detection head with an output feature map of 20 x 20 in Head. At the same
time, considering the inference speed of the model, the C3 module of the Neck part was replaced
with a more lightweight DS_C3 module. Finally, to further improve the performance of the IOU-based
loss function, the CIOU is replaced with a a-I0U. This paper uses the VisDrone2019 dataset and
conducts experiments based on the improved algorithm and the original algorithm, and the re-
sults show that the algorithm in this paper can effectively detect small targets in real time.
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Figure 1. Structure diagram of the YOLOVS5 network model
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Figure 2. YOLOVS improves the network model structure diagram
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Table 1. Experiment environment configuration table

1. IRIEERER

4 [64=
CPU Xeon(R) Platinum 8255C @2.5Hz
GPU 2080Ti
AT 11G
Pytorch 1.11.0
Ubuntu 20.04
CUDA 11.3

Table 2. Table of training parameters

R2. NEeHE

ZH e ONUN
DS E 0.0005
Gl CERRS 0.01
batch size 16
epoch 300
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Figure 4. Original model renderings
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Figure 5. Improved model renderings
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Table 3. Table of the effects of different modifications on model accuracy

3. PRIEMEEEERIF R

Model FEHR Al xR mAP50 mAP95 FPS
YOLOV5s 68.81 45.33 51.12 34.22 120.85

+/N H AR Sk 70.02 52.62 57.36 39.15 91.20
+a-IoU 67.71 47.92 52.92 35.80 120.08
+DS_C3 67.82 45.42 50.86 33.87 125.02
+a-IoU, /> H bRkl sk 71.84 52.95 58.34 40.17 89.85
+a-IoU+DS_C3 65.20 48.38 52.22 35.40 123.67
+DS_C3, /INHEFRRk 70.94 51.50 56.71 38.67 96.23
Proposed model 72.12 52.36 57.53 39.54 94.26

Table 4. Each category is in the mAP50 table on two models
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25 Car Van Bus Truck
YOLOV5s 76.82 41.40 34.86 51.44
ot fE s 85.50 48.68 37.64 59.27
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