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Abstract

Due to the rapid urbanization, various traffic problems such as traffic jams during commute and regular traffic
jams are occurring. In order to solve these traffic problems, it is necessary to quickly and accurately estimate
and analyze traffic volume. ITS (Intelligent Transportation System) is a system that performs optimal traffic
management by utilizing the latest ICT (Information and Communications Technology) technologies, and
research has been conducted to analyze fast and accurate traffic volume through various techniques. In this study,
we proposed a deep learning-based vehicle detection method using UAV (Unmanned Aerial Vehicle) video for
real-time traffic analysis with high accuracy. The UAV was used to photograph orthogonal videos necessary for
training and verification at intersections where various vehicles pass and trained vehicles by classifying them into
sedan, truck, and bus. The experiment on UAV dataset was carried out using YOLOv3 (You Only Look Once V3),
a deep learning-based object detection technique, and the experiments achieved the overall object detection rate
of 90.21%, precision of 95.10% and the recall of 85.79%.

Keywords : UAV(Unmanned Aerial Vehicle), ITS(Intelligent Transportation System), Traffic Analysis, Deep
Learning, Object Detection
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PRO2] A Y-S Table 13} ZTh

Fig. 1. Mavic Pro

Table 1. Specification of Mavic Pro

Type Rotary Wing (Quad copter)
Size H83 mm X W83 mm Xx
L198 mm
Weight 734 ¢
Accuracy of GPS Vertical 0.5 m
hovering Horizontal 1.5 m
Receiver coverage 7 km
Max. speed 65 km/h
Max. altitude 5000 m
Max. flight time 27 minutes
Camera FOV 78.8°
Number of Video pixels 1280 x 720
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Fig. 2. Video acquired using UAV: (a) video for training,

(b) video for verification
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B sedan
M bus
B truck

© @)

B sedan
M bus
B truck

© (C))
Fig. 5. Example of wrong detection: (a) undetected sedan (b) wrong detection and multi-label, (c) wrong detection (d) wrong

detection of two object
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Table 3. Experimental results

Classes No. of Object Detected Mis-detected Precision Recall
Sedan 2,287 1,991 126 94.05% 87.06%
Truck 578 398 19 95.44% 68.86%

Bus 432 424 0 100% 98.15%
Total 3,279 2,813 145 95.10% 85.79%

359



Journal of the Korean Society of Surveying, Geodesy, Photogrammetry and Cartography, Vol. 38, No. 4, 353-361, 2020

Y 79ke] AA|EA] 7]He] YOLOV3S 7|uke = AlAZE 2}
= Ex| & =5tk Eal, nES B A9 uHAPo] He 5
ZAFo] F3) ajeko) thsh 7nxﬂ Bz AL=mErt2 2aElgo
H, EE2 o] &Rt YR E A HAE 56P AAZE 3L
TF wA0] 7S Elstinh A Aol thigt HE e
90.21%2] A= olglom], A ko] that 2F2k Aehe
A7} A 95.15%2) A=} 8579%2] AL Rk
2 ATE Sl Held A B darE]EE o]-8-5te] UAV
FFolXe] A=F BAE Fol HARE wERF 2419 7He
< RISkt 5 A RE Al AA o thet HEE A
g g AQdES Eol7] iRt "Held 719ke) A gA] dar
250 e =shE Jgskar, F7HA o7 AR 34 ¢dar
25S A8oho] Tt SRR EAE ofye 54 A1
O] A4 o5 & 5 THARI A W] gt A5 &
ek of Aok

o] 4= -2 20208H = AkeakL ] o) X9l o]

References

Girshick, R., Donahue, J., Darrell, T., and Malik, J. (2014),
Rich feature hierarchies for accurate object detection and
semantic segmentation, /EEE Conference on Computer
Vision and Pattern Recognition (CVPR), 23-28 June,
Columbus, USA, pp. 580-587.

Girshick, R. (2015), Fast R-CNN, [EEE Conference on
Computer Vision and Pattern Recognition (CVPR), 7-13
December, Santiago, Chile, pp. 1440-1448.

Ha, D.M., Lee, J.M., and Kim, Y.D. (2001), A study on the
image based traffic information extraction algorithm,
Journal of Korean of Transformation, Vol. 19, No. 6, pp.
161-170.

Hong, G.S., Eom, T.J., and Kim, B.G. (2011), Development
of vision-based monitoring system technology for traffic
analysis and surveillance, Journal of Information and
Security, Vol. 11, No. 4, pp. 59-66. (in Korean with English
abstract)

Jo, S.H., Kim, C.G., Lim, HY., and Shin, Y.T. (2018), A

study on the traffic flow analysis method based on change

360

detection for traffic video data, Jounal of Information
Technology and Architecture, Vol. 15, No. 13, pp. 373-382.
(in Korean with English abstract)

Ke, R., Li, Z., Kim, S., Ash, J., Cui, Z., and Wang, Y. (2016),
Real-time bidirectional traffic flow parameter estimation
from aerial videos, [EEE Transaction of Intelligent
Transportation System, Vol. 18, No. 4, pp. 890-901.

Lee, D.H. and Park, Y.T. (2004), Robust traffic
monitoring system by spatio-temporal image analysis,
Communications of the Korea Information Science
Society, Vol. 31, No. 11, pp. 1534-1542. (in Korean with
English abstract)

Lee, H.S., Moon, D.S., Kim, LK., Jung, H.S., and Park, D.H.
(2015), Anomaly intrusion detection based on hyper-
ellipsoid in the kernel feature space, KSII Transactions on
Internet and Information Systems, Vol. 9, No. 3, pp. 1173-
1192.

Lee, K. and Jang, M.S. (2005), Development of vision-
based vehicle tracking for extracting microscopic traffic
information, Journal of Korean of Transformation, Vol.
23, No. 7, pp. 137-148. (in Korean with English abstract)

Nizar, T.N., Anbarsanti, N., and Prihatmanto, A.S. (2014),
Multi-object tracking and detection system based on
feature detection of the intelligent transportation system,
2014 IEEE 4th International Conference of System
Engineering and Technology (ICSET), 24-25 November,
Bandung, Indonesia, pp. 1-6.

Peppa, MV, Bell, D., Komar, T., and Xiao, W. (2018), Urban
traffic flow analysis based on deep learning car detection
from CCTV image series, The international Archives
of the Photogrammetry, Remote Sensing and Spatial
Information Science, Vol. XLII-4, pp. 499-506.

Redmon, J., Divvala, S., Girshick, R., and Farhadi, A. (2016)
You only look once: unified, real-time object detection,
IEEE Conference on Computer Vision and Pattern
Recognition (CVPR), 26 June - 1 July, Las Vegas, USA,
pp. 779-788.

Ren, S., He, K., Girshick, R., and Sun, J. (2016) Faster
R-CNN: towards real-time object detection with region
proposal networks, /EEE Transactions on Pattern Analysis
and Machine Intelligence, Vol. 39, No. 6, pp. 1137-1149.

Seo, S.H. and Lee, S.B. (2018), A study on traffic data



Application of Deep Learning Method for Real-Time Traffic Analysis using UAV

collection and analysis for uninterrupted flow using
Drones, Journal of The Korean Institute of Intelligent
Transportation Systems, Vol. 17, No. 6, pp. 144-152. (in
Korean with English abstract)

Seong, S.K., Song, J.H., Yoon D.H., Kim J.Y., and Choi,
JW. (2019), Determination of vehicle trajectory through
optimization of vehicle bounding boxes using a convolution
neural network, Sensors, Vol. 19, No. 19, pp. 4263-4281.

Zhao, Z.Q., Zheng, P., Xu, S.T., and Wu, X. (2019), Object
detection with deep learning: a review, [EEE Transactions
on Neural Networks and Learning Systems, Vol. 30, No.
11, pp. 3212-3232.

361





