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Flame recognition and fire determination for complex scenes based
on image processing

Chen Qiuyan' He Min® Zhang Xinyan' Chen Zefeng' Pan Zhongqing' Luo Rui'
(1. College of Safety and Environmental Engineering, Shandong University of Science and Technology ,

Qingdao 266590, China; 2. Yantai Research Institute of Harbin Engineering University. Yantai 264000, China)

Abstract: In order to improve the accuracy of flame recognition in different fire scenes, a flame identification and fire
determination in complex scenes based on image processing was proposed. Combined with the application of Gaussian
low-pass filtering (GLF), HSI-based block homogeneous filtering enhancement (HSI-BHF) and LLAB-based K-means
segmentation algorithm (LAB-Kmenas) to achieve flame recognition, it’s determined whether a fire has occurred by
calculating the area change rate and centroid dispersion of the flame. The results show that the GLF avoids the
production of the "bell" phenomenon, and the PSNR are higher than the Butterworth and the ideal low-pass filtering.
The HSI-BHF can suppress the influence of background brightness, achieve higher contrast compared with CLAHE and
MSRCR. LAB-Kmeans reduces the effects of light and equipment, compared with Otsu and regional growth, it can more
accurately extract the flame of in different scene fire images. Through the flame recognition test of 30 fire images in
different scenes, the average recognition accuracy is 96. 66 % , and the average recognition time of one image is 1. 94 s.
Finally, taking the spreading fire of a restaurant and the steady flame of a candle as an example, after recognizing the
video sequence image, it’ s determined that when the flame area change rate is not less than 0.22 and the centroid
dispersion is not less than 17. 02, the fire alarm should be triggered in time to reduce the loss of fire accidents.
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Table 1 PSNR values for different low-pass filtering algorithms
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Table 2 Contrast values for different enhancement algorithms
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Fig. 11 Segmentation result of restaurant fire sequence image
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Fig. 12 Segmentation result of an indoor fire sequence image

(a) (b) (c) d (e)

13 B BURBE iy 51 IR 15 2 45 2R

Fig. 13 Candle burning sequence image segmentation results

F4 NERFERELEMFO LR

Table 4 The rate of change of the area of the flame region and the coordinates of the center of mass

KAGFRAE FHEEGE 11 ~13() K 11(h)~13(h) K 11(c)~13(c)  F 11(d)~13(d) & 11(e)~13(e)

BIT KK 5 768. 750 8 993. 000 9 450. 625 7 320. 625 43 641. 625

M N KK 11 388.000 12 500. 000 15 583. 00 12 775. 000 24 984. 000

It ol R 7 773. 750 7 246. 125 7 572. 625 6 283. 000 7 191. 875
BT KK 0. 00 0.56 0.05 0.29 4. 96
AR R KK 0. 00 0.10 0.25 0.22 0. 96
E ol 9K Joe 0. 00 0.07 0.05 0.21 0.14

BT kK (305.5, 215.9) (304.9, 213.6) (302. 3, 210.6) (282.6, 211.8)  (264.6, 159.2)
B A RR BN AK (342.0, 285.9) (324.9, 261.9) (332.1, 262.5)  (308.9, 279. 4)  (292.3, 275.5)
WhphRBE  (233.2, 162.6) (226.9, 150.8) (227.8, 153.8) (226.2, 148.3)  (232.4, 162.0)

BT KK 0 2. 44 3.91 19. 77 55. 66
B AL mBRAAKR 0 29. 40 7.18 28.70 17.02
U8 Jolt R 0 13.37 3. 16 5.76 15. 04
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segmented images
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