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Abstract Fire is difficult to achieve good performance in image detection using deep learning because
of its high irregularity. In particular, there is little data on fire detection in underground utility facilities,
which have poor light conditions and many objects similar to fire. These make fire detection challenging
and cause low performance of deep learning models. Therefore, this study proposed a fire detection
model using deep learning and estimated the performance of the model. The proposed model was
designed using a combination of a basic convolutional neural network, Inception block of GoogleNet,
and Skip connection of ResNet to optimize the deep learning model for fire detection under
underground utility facilities. In addition, a training technique for the model was proposed. To examine
the effectiveness of the method, the trained model was applied to fire images, which included fire and
non-fire (which can be misunderstood as a fire) objects under the underground facilities or similar
conditions, and results were analyzed. Metrics, such as precision and recall from deep learning models of
other studies, were compared with those of the proposed model to estimate the model performance
qualitatively. The results showed that the proposed model has high precision and recall for fire detection
under low light intensity and both low erroneous and missing detection capabilities for things similar to fire.

Keywords : Underground Utility Facility, Fire Detection, Deep Learning, Convolutional Neural Network,
Bias Training
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Fig. 2. Image labeling (a) TLBR rectangular coordinate
(b) Centroid rectangular coordinate
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Fig. 5. Deep learning module for fire detection: bias optimization model
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Table 1. Deep learning module for fire detection: network parameters

Type

Layer

Filter

Input

512 x 512 x 1

3x3x32

Convolution

512 x 512 x 32

1 x 1 conv,
1 x 1 conv,
1 x 1 conv,
3 x 3 max pooling

3 x 3 conv,
512 x 512 x 1 512 x 512 x 1 512 x 512 x 32 5 x 5 conv,
512 x 512 x 1 1 x 1 conv
Inception 512 x 512 x 1 512 x 512 x 1 512 x 512 x 1 concatenate
Block
512 x 512 x 4 3x3x4x32
(conv)
512 x 512 x 32 3 x3x32x064
1 x 1 conv,
Convolution 512 x 512 x 64 1 x 1 conv,
1 x 1 conv,
3 x 3 maxpooling
3 x 3 conv,
512 x 512 x 1 512 x 512 x 1 512 x 512 x 32 5 x 5 conv,
512 x 512 x 1 1 x 1 conv
Inception 512 x 512 x 1 512 x 512 x 1 512 x 512 x 1 concatenate
Block
512 x 512 x 4 5x3x4x32
(conv)
512 x 512 x 32 Residual

Table 2. Number of dataset for training and test

Table 4. Confusion matrix

Training data

Test d
Total Targeted Supporting est cata
dataset data data
25,050 10,200 14,850 7,205

Table 3. Number of dataset for training and
validation (P: precision, R: recall, F1:
harmonic mean, A: accuracy)

R

F1

0.923

0.986

0.954

0.935
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Predicted values

N=7,205
False True
Actual False 1,877 (TN) 403 (FP)
values True 69 (FN) 4,856 (TP)

Train set¥} validation(test) seto] TsliA Z+z+e]
lossg kg Fmitt AESH] ol Fig. 990 loss
curves UEFHRATE Fig. 9= validation loss7t A%
5t7] Axd7bA o Azt Vel ZlolH, jHeF a5 A
4ol 2do] A ZA7F PAYSIER ol S
ekt 1,000,000 epochs 50 gt train loss
£ 0.184 ©|H validation loss&= 0.217°]tt.
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Fig. 10. Application of Deep learning model for Fire detection: (a) Underground utility facility(UUF): 88%,
(b) UUF: 88%, (c) Building: 98%, (d) Tunnel: 100%, (¢) UUF: 92%, (f) UUF: 58%, (g) Building: 95%

Fig. 11. Deep learning module for fire detection: bias optimization model
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Table 5. Comparison with performance metrics of deep learning models for fire detection

Technique P R Fi data information

Spider underground fire dataset (SPIN A WEB)

Current study 0.92 0.99 0.95 - Training data: 10,200 (targeted) + 14,850 (supporting)
- Test data: 7,205

Roy(2020), YOLO v3[14] 0.81 0.75 0.78 N. A.

Liu et al. (2016), SSD[15] 099 | 067 | 080 | \utirie DB (Keimyung Univ) (181

Wu and Zhang (2018) Faster R-CNN[16] 0.82 0.95 0.87 - Training data: 14 (fire) + 10 (non-fire) videos

Red d Farhadi (2018), YOLO v3[17] | 098 | 091 | 094 | - average 1030 frames, 30Hz frame rate

edmon and Farhad ( ) v - Test data: 10 (fire) + 10 (non-fire) videos

. average 1030 frames, 30Hz frame rate

Park and Ko (2020), * The total number of frames for training and test are

ELASTIC-YOLO v3[18] 0.99 0.97 0.98 different from each other case. The numbers are specified
in Table 1 of the paper[18].

Muhammad et al. (2018a) : After fine

uning (FLLS] 080 | 093 | 086

Muhammad et al. (2018a) : Before FT[19] 0.86 0.89 0.88

Muhammad et al. (2018b) : After FT[20] 0.82 0.98 0.89

Muhammad et al. (2018b) : Before FT[20] 0.85 0.92 0.88 - Training data: 62,690

) 0.40~ | 0.60~ | 060~ | : Datasetl[19], Verstockt et al. (2013)[25], Ko et al,,

Chino et al. (2015)[21] 0.60 0.80 0.70 (2011)[26]
- Test data: 226

Rudz et al. (2013)[22] 00670(; 00450(; 00560(; : 119 (fire class) + 107 (non-fire class)

. 0.30~ | 0.20~ | 0.20~
Rossi et al. (2011)[23] 0.40 030 030
1 . 0.40~ | 0.50~ | 0.50~
Celik and Demirel (2009)[24] 0.60 0.60 0.60
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