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[Abstract]

Various dangerous road objects such as potholes, falling objects, roadkills occur frequently on road, and the best way to prevent
accidents from these dangers is to find them as soon as possible. A lot of mobile applications to report the road problems have
been developed and in service worldwide both in public and private sectors. It is not safe, however, to report the problem using
those apps in road environment, and it is necessary to develop a technology to minimize the time to make a report using the apps.
For this purpose, a method to recognize and classify the road dangerous objects automatically from road images using deep
learning algorithm was proposed and implemented, and the performance of the proposed model(YOLO v3) was tested, which
shows 95% success rate on average to detect the four categories of road dangers including pavement, drainage, road facility, and
roadkill, and demonstrates the possibility of the proposed method.
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Fig. 1. Examples of Road Problems reported by CC App
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Table 1. Size of Image Dataset by Classification

Classification Total Selected
Pavement 2,725 1,709
Drainage 531 314

Road Facility 208 116

Roadkill 149 92

Unclassified 1,128 0

Total 4,736 2,231
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Fig. 4. Convolutional Neural Network Structure of YOLO(v3) [16]
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Table 3. Result of automatic recognition and classification by ML model

Table 2. Specification of Hardware and Software

Hardware Specification
CPU Intel Core i9 (8th Generation)
RAM 64 GB
Storage 2 TB SSD
GPU NVIDIA Geforce Titan
Software Version Purpose
Python 3.7 Programming
Keras 2.4.3
Keras—Applications 1.0.8 Machine Learning API
Keras—Preprocessing 1.1.2
Pillow 8.0.0 Image Processing
h5py 2.10.0 ML Weight Analysis
matplotlib 3.3.2 Graph
numpy 1.18.5 Data Structure
pandas 1.1.8 Data Analysis
scikit-image 0.17.2 Image Analysis and
scikit-leamn 0.23.2 Processing
scipy 1.5.8 Numerical Analysis
tensorboard 2.3.1
tensorflow—gpu 2.3.1 GPU ML Platform
tensorflow—gpu—estimator 2.3.0

5. SERelEMH KT oAl o 5 2}
Fig. 5. Result of automatic recognition and classification of road dangerous objects
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Number of Recognized Objects by ML Model (A)
- Obs. Success Rate
Classification . . ) )
(B) Pavement Drainage Road Facility Roadkills Etc. Fail (A/B)
Pavement 166 163 0 0 1 1 1 98%
Drainage 30 1 27 0 0 0 2 90%
Road Facility 0 0 5 0 1 1 71%
Roadkills 6 0 0 0 4 2 0 67%
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Table 4. Performance comparison between YOLOs

vooversion | TR | ey | T
v3-416 (416 x 416) | 98 90 71 67
v3-608 (608 x 608) | 98 91 71 50
v3-Tiny (416 x 416) | 82 77 57 33
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