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ABSTRACT

Purpose: We would like to confirm that the false positive rate of flames/smoke is high when detecting
fires. Propose a method and dataset to recognize and classify fire situations to reduce the false
detection rate. Method: Using the video as learning data, the characteristics of the fire situation were
extracted and applied to the classification model. For evaluation, the model performance of Yolov8
and Slowfast were compared and analyzed using the fire dataset conducted by the National Infor-
mation Society Agency (NIA). Result: YOLO's detection performance varies sensitively depending
on the influence of the background, and it was unable to properly detect fires even when the fire scale
was too large or too small. Since SlowFast learns the time axis of the video, we confirmed that detects
fire excellently even in situations where the shape of an atypical object cannot be clearly inferred
because the surrounding area is blurry or bright. Conclusion: It was confirmed that the fire detection
rate was more appropriate when using a video-based artificial intelligence detection model rather than
using image data.

Keywords: Fire Detection, Fire Situation Recognition, Fire Training Dataset, An Artificial Intelli-
gence Model, False-detection rate
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Table 1. Data for each class, 1:1:1 composition of proportions

No Class Size clip length Frames  Number Example Image
1920*1080
1 Fire 12 360 300
1280*720
1920*1080
2 Smoke 12 360 300
1280*720
1920*1080
3 Normal 12 360 300
1280*720

Table 2. Learning by class, verification, Test data, 8:1:1 composition of proportions

No Class Training Validation Test
1 Fire 240 30 30
2 Smoke 240 30 30
Normal 240 30 30
Crx-d
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Algorithm 1: YOLO <53}k £x]2] 9y
Input:
classes: inferenced classes for n frames
S_TH: fixed floating number € (0.0, 1.0]
Result: result € {FLAME, SMOKE, NONE}
i+ 0
[flame_cnt + 0;
smoke _ent + 0
while i < n do
if classes[i] = FLAME then
| flame cnt ¢ flame cnt + 1
end
if classes[i] = SMOKE then
| smoke cnt ¢ smoke cnt + 1
end
i i+1
end
if lame_ent / n > S_TH then
| return FLAME
end
if smoke_cnt / n > S_TH then
| return SMOKE
else
| return NONE
end

Fig. 3. YOLO Post-processing methods

Table 3. Server specs

Module Specificaion
CPU Intel(R) Xeon(R) Gold 6330N CPU @ 2.20GHz
RAM 128GB
GPU RTX A4000, IEA
SSD 1TB
oS Ubuntu 22.04.2 LTS
‘st
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Table 4. YOLO post-processing, performance by S_TH(0-100)

S TH
Score —
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0,9 1.0
S(l::re 94.11% 95.29% 95.29% 95.29% 95.29% 95.29% 92.94% 89.41% 85.88% 74.11%

Table 5. SlowFast, YOLO model performance(0-100)

No Model Precision Recall F1-Score
1 SlowFast 74.44% 74.44% 74.44%
2 YOLOV§(0.6) 95.29% 95.29% 95.29%

Table 6. Performance of SlowFast, YOLO model by class(0-100)

No Model class Precision Recall F1-Score
1 NONE 72% 60% 65.45%
2 SlowFast SM 64.7% 73.33% 68.75%
3 FL 87.09% 90% 88.52%
4 NONE 89.28% 100% 94.33%
5 Y(()(? ?)VS SM 96.66% 96.66% 96.66%
6 FL 100% 90% 94.73%

Fig. 4. If flames are seen in far away places (YOLO / SlowFast)
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Fig. 5. If the shape of the flame is not clearly visible due to the strong flame (YOLO / SlowFast)

as

SR A] 2ofellA om]A] 7]5ke] Bell YOLO®F 534 71HHe] B el SlowFast /35 Hlsto], & 5 o= FH o] 8}
AA] 2opoll B -FathA] stk YOLOE HIl7E 9 FekS Bol ot /o] Yt Wi v e g4 4'5e] J7ist
o, SPA] R T AU ARS wio| ke SPE Al = AA|SHA] 250 o= AA] FAIE Slofl ol E% & o o
AU 58 e B2 4719 s YA e 4 Pt o & Holw, o= HH sl A 5 A 7HsE
710 2 oot oAt 7|8t B El SlowFast= FastPath2} SlowPath= ©]-&51] w2 A Hg}sl= A3} 2] Hslsl=
B3-S Q1A|oh= HIET-E Fote] shsohH, 59782 ARt 5-& 2ol shksolr| whizoll v 3 Aol tisl =50 52
Aot ghot @& WEH F-F2 - Yl Aol = =5k SIS BAIsk= 22 I3 T, SlowFast= B3
Z ASSERNE gt A7 Ale] @& sh= 7397t HIRIsth C’]E 7H/H°]'7] LIsll 84 Tllole] B2E 7], EZ thH] 2-548)
71 S7NZIH 71, B3 A5 FAIeH 38 A0l L8 Eole T LY AT AL=olE flt AT E asith

O

—_

|

References

[1] AngG. Aritejh Kr Goil, Henryk Chan, Jieyi Jeric Lew, Xin Chun Lee, Raihan Bin Ahmad Mustafta, Timotius Jason,
Ze Ting Woon, Bingquan Shen. (2023). “A novel application for real-time arrhythmia detection using YOLOVS.”
arXiv preprint arXiv:2305.16727.

[2] Feichtengofer, C, Haoqi Fan Jitendra Malik Kaiming He. (2019). “SlowFast networks for video recognition.”
Proceedings of the IEEE/CVF International Conference on Computer Vision (ICCV), pp. 1-10.

[3] HuC., Tang, P., Jin, W., He, Z., Li, W. (2018). “Real-time fire detection based on deep convolutional long-recurrent
networks and optical flow method.” Proceedings of the 37th Chinese Control Conference. pp. 9061-9066.

[4] Huo, Y., Zhang, Q., Zhang, Y., Zhu, J., Wang, J. (2022). “3DVSD: An end-to-end 3D convolutional object detection
network for video smoke detection.” Fire Safety Journal, Vol. 134, pp. 1-11.

[5] Kim, K.-J., Jang, I.-S., Lim, K.-T. (2021a). “Construction of wild-fire smoke data-set and comparative analysis of
detection method based on deep neural network.” Electronics and Telecommunications Research Institute Winter

974 KOSDI



Jeong Rok Lee et al. | 4 Comparative Study on Artificial in Intelligence Model Performance between Image and Video Recognition
in the Fire Detection Area

Conference, pp. 1172-1173.

[6] Jeong, Y.-S., Kim, Y.-W., Yim, J.-I. (2023). “A study on the development of an automatic classification system for
life safety prevention service reporting images through the development of Al learning model and Al model serving
server.” Journal of the Society of Disaster Information, Vol. 19, No. 2, pp. 432-438.

[7] Jin, C., Wang, T., Alhusaini, N., Zhao, S., Liu, H., Xu, K., Zhang, J. (2023). “Video fire detection methods based on
deep learning : dataset, methods, and future directions.” Fire, Vol. 6, No. 8, pp. 3-15.

[8] Jocher, G. (2023). YOLO by Ultralytics (Version 8.0.0). https://github.com/ultralytics/ultralytics.
[9] Kay, W., Carreira, J., Simonyan, K., Zhang, B., Hillier, C., Vijayanarasimhan, S., Viola, F., Green, T., Back, T.,
Natsev, A., Suleyman, M., Zisserman, A. (2017) “The kinetics human action video dataset.” arXiv preprint.

[10] Khan, F., Xu, Z., Sun, J., Khan, F.M., Ahmed, A., Zhao, Y. (2022). “Recent advances in sensors for fire detection.”
Sensors, Vol. 22, No. 9, pp. 3-10.

[11] Kim, C.Y., Lee, H.-S., Lee, K.Y. (2022). “Implementation of a deep learning based realtime fire alarm system using
a data augmentation” Journal of IKEEE, Vol. 26, No. 3, pp. 468-474.

[12] Kim, J.-S., Park, S.-M., Hong, C.-H., Park, S.-H., Lee, J.-W. (2022). “Development of Al detection model based on
CCTV image for underground utility tunnel.” Journal of the Society of Disaster Information, Vol. 18, No. 2, pp.
364-373.

[13] Kim, K.-J., Jang, L.-S., Lim, K.-T. (2021b). “Analysis of video-based fire detection learning model”.Electronics and
Telecommunications Research Institute Summer Conference, pp. 240-241.

[14] Lin, T.-Y., Maire, M., Belongie, S., Bourdev, L., Girshick, R., Hays, J., Perona, P., Ramanan, D., Zitnick, C.L.,
Dollar, P. (2014). “Miscrosoft COCO common objects in context.” European Conference on Computer Vision. pp.
740-755.

[15] Na, Y.-M., Hyun, D.-H., Park, D.-H., Hwang, S.-H., Lee, S.-H. (2020). “Al fire detection & notification system.”
The Korea Society of Computer and Information, Vol. 25, No. 12, pp. 63-71.

[16] Nam, G.-T., Seo, K.-J., Choi, D.-C. (2022). “A study on the development of Al-based fire fighting facility design
technology through image recognition.” Journal of the Society of Disaster Information, Vol. 18, No. 4, pp. 883-890.

[17] Park, J., Cho, Y.K, Kim, S. (2022). “Deep learning-based UAV image segmentation and inpainting for generating
vehicle-free orthomosaic.” International-Journal-of-Applied-Earth-Observation-and-Geoinformation, Vol. 115,
103111.

[18] Yan, C., Wang, Q., Zhao, Y., Zhang, X. (2023). “YOLOvV5-CSF: An improved deep convolutional neural network
for flame detection.” Application of Soft Computing, Vol. 27, pp. 19013-19023.

KOSDI 975





