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[Abstract]

In this paper, we propose a fire detection system based on CCTV images using an object tracking
technology with YOLOv4 model capable of real-time object detection and a DeepSORT algorithm. The
fire detection model was learned from 10800 pieces of learning data and verified through 1,000
separate test sets. Subsequently, the fire detection rate in a single image and fire detection maintenance
performance in the image were increased by tracking the detected fire area through the DeepSORT
algorithm. It is verified that a fire detection rate for one frame in video data or single image could be
detected in real time within 0.1 second. In this paper, our Al fire detection system is more stable and

faster than the existing fire accident detection system.
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I. Introduction
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II. Preliminaries

1. YOLOv4
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2. DeepSORT Algorithm
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2.3 Assignment Problem & Hungarian Algorithm[8]
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Fig. 2. Schematic flow diagram of SORT algorithm
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2.5 DeepSORT Algorithm
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III. Experiment

1. Dataset
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2. YOLOv4 Model Train Configuration
YOLOv4 wHlS k5ol 1Pdoflx A= Hyper
parameters= Table 1.0]] Ag]&]o] 9Jct.

Table 1. Hyperparameters of YOLOv4 configuration
Hyper parameter Value
Input Size (608, 608)
Batch Size 16
Subdivisions 16
Initial Learning Rate 0.0013
Momentum 0.949
Decay 0.0005
12, 16, 19, 36, 40, 28, 36,
Anchors 75, 76, b5, 72, 146, 142,
110, 192, 243, 459, 401
IoU Threshold 0.213
Max Batches 10000

3. Results
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Table 2. The number of flickering frame per 10 frames

YOLOv4 YOLOv4 + DeepSORT

Static

Video 23 1.0
Dynamic

Video 1.8 1.3

Static

Video 0.7 0.6
(Webcam)
Dynamic

Video 1.2 0.5
(Webcam)

Lo-Fi

Video 4.2 1.9

(CCTV)

IV. Conclusions
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