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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
YOLOE @AM 7V @o] 2ol gefd 7]¢ A
AlZb 78] BFX] 2@ (Deep-Learning Based Real-Time
Object Detection Model)o]t}. “You Only Look Once”
o] otz &0l &5 YOLOZtL £-20t YOLOZt 57
517] o]XMo= DPM(Deformable Part Model)[3]x}+
R-CNN(Regions with Convolutional Neural
Network)[4/+e Hajd 822 ojgslof Zix| &x|2
S35} ol ZARIROL YOLOL 1 et Azl
L upt 2ot YOLO: ¢ =2 Aste 2 X5H= 70|
obd, T AREES JIRA o B g0l olu]x|2 A
Qe AR A YAl Bme w7zl
R-CNN 25 £0] A 00 ofn|x|2 QA3 FAloe o
3] Aoz Esst1 CNN(Convolutional Neural
Network)[5] 28 £aH4]7]7] Theo] 3t AHo] ol]x|o]
A 7 el 46@611 Mxﬂih 4 250 olujAlg =
Soj EaHAI7I0 ¥h, YOLO: o] o] Hlo]E}S CNN &
o] 3 W £9 Al?l% Al Al8s1o] 7| WALRL)
= 94 o wE Aeiseg Zrchs Aol otk o)
tistod, the 74K ©x] wele] 9 ciost Axle) 2t
%(Neural Network)g ZAZsHAl ARESHA]RE,
YOLOE © she] QI5AIYolA oF 75 A2t

2l 4 9l

AE Al

(13,13,1024)  (13,13,2048)  (13,13,1024) (13,13, K(5+C))

Dense Connection  Spatial Pyramid
Block Pooling Block

Object Detection
Block

YOLOv4 architecture



Deep-Learning Based Real-time Fire Detection Using Object Tracking Algorithm 3

olg{gt S4=0 71lste] YOLOw= AARE ZHA| X
(Real-time Object Detection) BolojA] 71&} da] AL
gl 913 4179 Relo] Hlgirt. A2, UukKo 2 Fast
R-CNNo] 0.5 FPS(AY =Y £~)9] H=& B985t 9}
+ dlofl vlall, YOLO2] 73-%- 45 FPSQ| d55 =Lt

2. DeepSORT Algorithm
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2.2 Mahalanobis Distance[7]
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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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