'i) Check for updates

Journal of KIIT. Vol. 22, No. 3, pp. 109-118, Mar. 31, 2024. pISSN 1598-8619, elSSN 2093-7571 109
http://dx.doi.org/10.14801/kiit.2024.22.3.109

waleg )i SRS AN AR AT

Study of Machine Learning-based Fire Detection Sensor
Suitability

Gil-Hwan Lim*, Sung-Ryul Kim**

°
r2
-
e
a

QBT SHEATH 2 2 UE$]S(202103770001)

(o]
=

 ATAAE SFARA A A2 & e Tdd AA 290l SATA Al mAE

K
A4 gk A /wEA £77] S A S dF e ZARE AA HAEN AN gt AXE
53 HolElE FFsHoH olE o] g3t ZAX2E Ef(Logistic regression) ¥ K-FHH ©]2(K-Nearest

neighbor), Uo]H o] Z(Naive bayes), A ZE ¥ ™4l(Support vector machine), #Y Z#2~E(Random
forest) R2S SFailth A5 H/FE S8 CO, 971, &% AA B o5 =g SARA ¢ES &
Attt =3, Foixl HolH AECA K-HTA ol A 2 X2E dargFol g HAldd dxds
of Hlg) =2 HA=E Hd

Abstract

In this study, we aim to analyze the impact of various sensor combinations that can be used in fire detectors on
fire detection performance. To create a fire/non-fire classifier, data was collected through various sensors in an actual
test bed that simulated fire situation and daily environments. Then we trained the logistic regression, K-nearest
neighbor(KNN), naive Bayes, support vector machine(SVM), and random forest model with the training data set. The
evaluation results reveals that CO, smoke, and temperature sensor and their combination are good for the fire
detection. In addition, we observed that KNN and random forest algorithms outperform to the other machine learning

algorithms on the given dataset.
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Table 1. Usage and price per sensor

Sensor type | Detection target Price

CO CO high

VOC Air quality medium
SMK Smoke low, medium, high
GAS Gas medium,high
TEMP Temperature low

HUM Humidity
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Table 3. Single sensor: Average model performance
according to the sensor

Feature AUC Recall Prec. F1
CO 1 1 1 1
SMK 1 1 1 1

TEMP 1 1 1 1
VOC 0.9%4 0.971 0.966 0.968
HUM 0.938 0.824 0.822 0.817
GAS 0.828 0.780 0.667 0.714
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Table 4. Single sensor: Average performance of each
model

Model AUC Recall Prec. F1
RF 0979 | 0946 | 0926 | 0934
KNN 0974 | 0932 | 0938 | 0933
NB 0972 | 0976 | 0916 | 0942

SWM 098 | 0943 | 0919 | 0927
LR 0916 | 0849 | 0842 | 0844
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Table 5. Multiple sensors: Average model performance
according to sensor combination(Bottom 7)

Feature AUC Recall Prec. &l
VOC,TEMP 1 0998 | 0984 0.9
SMK,HUM 1 1 0.981 0.99
VOC,HUM 1 0.997 0.93 0.938
SMK,GAS 1 1 0973 | 0936
VOC,GAS 1 099 | 094 | 0978
VOC,SMK 099 | 0928 | 0957 | 0908
GAS,HUM 0943 | 0867 | 0785 | 0.821
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Table 9. Multiple sensors: Average model performance
according to sensor combination(triple bottom)

Feature AUC Recall Prec. F1
VOC, TEMP 1 0.998 0934 0.99
SMK,HUM 1 1 0.981 0.99
VOC,HUM 1 0.997 0.98 0.988
SMK,GAS 1 1 0973 0.986
1

VOC,GAS 099% | 0964 | 0978

VOC,SMK 099% | 0928 | 0957 | 0.908

GASHUM 0943 | 0867 | 0785 | 0.821

Model AUC Recall Prec. il
KNN 0997 | 0992 | 098 | 09389
RF 099% | 098 | 0937 | 0937
LR 0996 | 0987 | 0986 | 0986
NB 0997 | 0992 | 0983 | 0986

SWM 0992 | 0964 | 0927 | 0932
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Table 7. Multiple sensors: Feature importance of the
random forest

TEMP | SMK CcO VOC | HUM GAS
0303 | 0259 | 0235 | 0144 | 0059 0
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Table 8. Single sensor: Average model performance
according to the sensor

Feature AUC Recall Prec. F1
CO 1 1 1 1
SMK 1 1 1 1

TEMP 1 1 1 1
VOC 0993 | 0971 0966 | 0968
HUM 0.941 0824 | 082 | 0817
GAS 0827 | 0.781 0665 | 0.713
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