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Early Fire Detection System for Embedded Platforms:
Deep Learning Approach to Minimize False Alarms

Seong-Jun Ro' and Kwangjae Lee""

Abstract

In Korea, fires are the second most common type of disaster, causing large-scale damages. The installation of fire detectors is leg-

islated to prevent fires and minimize damage. Conventional fire detectors have limitations in initial suppression of failures because they

detect fires when large amounts of smoke and heat are generated. Additionally, frequent malfunctions in fire detectors may cause users
to turn them off. To address these issues, recent studies focus on accurately detecting even small-scale fires using multi-sensor and deep-
learning technologies. They also aim at quick fire detection and thermal decomposition using gas. However, these studies are not prac-

tical because they overlook the heavy computations involved. Therefore, we propose a fast and accurate fire detection system based on

multi-sensor and deep-learning technologies. In addition, we propose a computation-reduction method for selecting sensors suitable for
detection using the Pearson correlation coefficient. Specifically, we use a moving average to handle outliers and two-stage labeling to
reduce false detections during preprocessing. Subsequently, a deep-learning model is selected as LSTM for analyzing the temporal

sequence. Then, we analyze the data using a correlation analysis. Consequently, the model using a small data group with low correlation

achieves an accuracy of 99.88% and a false detection rate of 0.12%.

Keywords: Pearson correlation coefficient, Moving average, Multiple gas sensors, Lightweight, LSTM
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Fig. 1. A block diagram of a proposed early fire detection system.
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First Window
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Fig. 2. Sliding window method with window size k of 5 and move-
ment size s of 1.
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Fig. 3. Window labeling for non-fire and fire situations, window size
k is 5, and the ratio of labeling standard 7 is 60%. (a) the win-
dow state when each time is -1 and when ¢, (b) check the
amount of fire data included, (c) labeling window according
to criteria met.
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Table 1. Dataset configuration by material or part ID.

Sensor Number Material or Part ID

DI NiO
D2 In,0,
D3 SnO,
D4 TGS823
D5 In,0,
D6 WO,
D7 Fe,0;
D8 TGS826
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Fig. 4. After preprocessing the data collected through eight sensors,
the correlation was analyzed including classes.
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Table 2. Experimental scenario for reliable and efficient model gen-
eration using correlation analysis.

Sequence Scenario

Training the model by limiting the correlation to the

1 . ..
considered conditions

Model retraining and result validation by adjusting k&
and r

3 Check performance by changing the model
Check fire detection delay

Table 3. Learning a model considering data correlation, k& is 100, and
r is 60%. 'e' is Data group with high correlation with class,
'o' is Data group with low correlation between data.

Num Data Rank Accuracy Loss
) 1, 4 1,2 0.9903 0.0580
° 1, 8 1,3 0.9952 0.0292
2 o 1,7 1, 8 0.9361 0.1825
o 1, 6 1,7 0.9662 0.1297
° 1, 4,8 1,23 0.9011 0.2848
3 o 1,7, 4 1, 8 2 0.9903 0.0521
o 1,483 1,234 0.9867 0.0699
: o 1,7,42 1,8 2,6 0.9771 0.0833
8 0.8926 0.2841
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Table 4. Experimental results of 20, 15, 10 k and 60% and 40% r
using data that showed good results from previous test

results.
kir Data Accuracy Loss FN
1.4 0.9929 0.0382 6
1,8 0.9811 0.0693 16
1,6 0.9763 0.1027 20
20/60
1,7,4 0.9870 0.0371 0
1,483 0.9923 0.0326 3
1,7,4,2 0.9941 0.0239 5
1,4 0.9764 0.0890 19
1,8 0.8960 0.3141 88
1,6 0.9622 0.1270 31
15/60
1,74 0.9965 0.0155 3
1,483 0.9953 0.0165 3
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1.4 0.9882 0.0692 8
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1,6 0.9894 0.0501 8
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1,74 0.9988 0.0171 1
1,483 0.9953 0.0220 3
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1,8 0.9540 0.1698 39
1,6 0.9906 0.0792 8
10/40
1,74 0.9976 0.0129 2
1,483 0.9988 0.0086 1
1,7,4,2 0.9988 0.0083 1
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Table 5. Performance of each model with data (1,7,4,2), k of 10, and

r of 40%.
Model RNN GRU LST™M
Accuracy 0.8737 0.9823 99.88
Loss 0.3779 0.0494 0.0083
FN 107 15 1
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Fig. 5. Confusion matrix with matrix with data (1,7,4,2), k is 10, and
r is 40%.

Table 6. Average delay results of 200 tests per system function.

Function Delay (ms)
Sliding window 4.077
EWMA 3.536
Normalization 2.929
Reconfiguration 0.333
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