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ABSTRACT

This paper proposes a ete convolutional neural networkDCNN based on the YOLOvV3
architecture to design an etmend vehicle detection and tracking system. It is considered feasible to
use the finduning method because the increase in detection accuracy of vehicles is quite limited even
through retraining thentire DCNN using numerous images in the ImageNet dataset. To facilitate use
of the finetuning method, we designed a custom database that includes three different types of
vehicles, namely buses, cars, and trucks. In theraimeing phase of the finining method, the
proposed method achieved a classification rate of 98%. In vehicle detection, we used four test videos
with different scenarios, namely highways, alleyways, night lanes, and urban roads, to achieve
detection rates of 78.8%, 69.1%, 86.2%¢d &8.1%, respectively. The CPU ofilpsed detection
speed can reach 42470 ms per frame when the input image size is 1920 x 1080 pixels. The overall

average detection rate and false alarm rate for the four test videos was 82.1% and 9.8%, respectively,



which indicates the feasibility and effectiveness of the proposed method.
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