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A Study on the Optimization of Fire Awareness Model Based on Convolutional
Neural Network: Layer Importance Evaluation-Based Approach

Won Jin" - Mi-Hwa Song'

ABSTRACT

This study proposes a deep learning architecture optimized for fire detection derived through Layer Importance Evaluation. In order
to solve the problem of unnecessary complexity and operation of the existing Convolutional Neural Network (CNN)-based fire detection
system, the operation of the inner layer of the model based on the weight and activation values was analyzed through the Layer Importance
Evaluation technique, the layer with a high contribution to fire detection was identified, and the model was reconstructed only with
the identified layer, and the performance indicators were compared and analyzed with the existing model. After learning the fire data
using four transfer learning models: Xception, VGG19, ResNet, and EfficientNetB5, the Layer Importance Evaluation technique was applied
to analyze the weight and activation value of each layer, and then a new model was constructed by selecting the top rank layers with
the highest contribution. As a result of the study, it was confirmed that the implemented architecture maintains the same performance
with parameters that are about 80% lighter than the existing model, and can contribute to increasing the efficiency of fire monitoring
equipment by outputting the same performance in accuracy, loss, and confusion matrix indicators compared to conventional complex
transfer learning models while having a learning speed of about 3 to 5 times faster.
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Table 1. Configuring the Development Environment

Category Specification
Operating system Windows 10 64-bit
Language Python 3.7
Deep Learning Framework TensorFlow GPU 2.0
CUDA Toolkit Version 10.1
NVIDIA GPU EgtolH Version 418.X
Tool Visual Studio 2022
cuDNN Version 7.6.5

Table 2. Combustion Product Data List

Class Fire Smoke Non_fire
raw data 800 800 800
generated data 400 400 400

Insert actual field images

Request creation of fire in
specified area

Fig. 1. Generated Combustion Product Data
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3.4 Layer Importance Evaluation
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Table 3. Xception Layer's Contribution Statistics Top Rank

| Data preprocessing and augmentation ]
- layer position Layer Name Weight—jzctivation
| Mode! Train | Product
. 2 blockl conv2 470.719
Layer Importance | Optimization l 2 block7 1.b 143.442
[ Model ]’ Evaluation » Architecture ?4 block4_sepconvl_ 1 N 2 156
- . ock4_sepconv 35.
( Model train ] 8 conv2d_57 128.539
. ™ 26 block6_sepconvl_bn 126.229
1. Transfer Learning Model
2. Optimization 34 block7_sepconv2_bn 118.471
model
. - Table 4. VGG19 Layer's Contribution Statistics Top Rank
( Performance Comparison | el
layer position Layer Name e1gPt dctwanon
[ Total Parameter ] [ Confusion matrix ] IROIEIIEL
2 block2 _convl 170.7083
EEREE ) blockl_convl 0.63228
Recall ] Accuracy ] | F1 Score ] 1 ock”_conv 30.63
14 block5_conv3 30.26214
Fig. 2. Research Progress Flow Chart 3 block2_conv2 31.19704
block4 convl 22.84488
block3 conv2 21.7744

4.1 200 A

dojod A 7|=E 7|9to g &3t Al 71| Xception,
VGG19, ResNet50 Z& 9| EAl= Table 3~63 Zo] AMEE
At

Xception ZH9] AL, 7MY w2 8% JFE 7|53t
olo]x blockl conv2 #olol&, 7}EA]-&Ast F9] Zro]
470.7192 ettt 1 9] &9 #o]o]2% block7_sepconv
1_bn, block4 sepconvl 5°] ZFH=ict.

VGG19 HE9] A% 7MY} =2 58% JAFE 75T 9
o]oj= block2_convl #o]ol&, 7FsA]-8/4d3}t &9 glol
170.7082.2 YElth 1 9] FQ #o]o]Z% blockl _conv2,
block2_conv2 5°] Z& = ]t

ResNet 229 B¢ 7MY} =2 F8% A4 7|1E% 9
oloj= blockl_convl #olol&, 7FsA]-8/4d3t 9 ol
250.2160.2 Yebgtt 1 9] 9 #o]o]Z%& block]l_conv2,
block2_conv2 5°] Z&E It

EfficientNetB5 Z@9] A, 7P w2 $8% AFE 7|
E3t gloJol= Conv2D_1 #lolol2, 7HaA]-84d3t #9 Fhol
520.12630.2 UEwth 1 9] 38 FoJoj2X MBConv6,
MBConv5 °] Zg= 3t

Table 5. Resnet Layer's Contribution Statistics Top Rank

Weight-Activation

layer position Layer Name

Product
1 blockl convl 250.2165
3 blockl conv2 36.4274
2 block2_conv2 21.1145
4 block2_convl 18.6552
7 block3_convl 22.84488
5 block4 conv4 13.2844

Table 6. EfficientNetB5 Layer's Contribution Statistics Top Rank

Weight-Activation

layer position Layer Name Product
1 Conv2D_1 520.1263
61 MBConv6 148.3273
84 MBConv5 51.1001
91 Final Dense Layer 45.6610
42 MBConv4 43.4353
20 GAP Conv2D 16.2822

42 ZYE H5 X|E

FAstE 24l F52 71E Holgy Zddt vy
ot 23}, A mhetu]E(Total Parameter), &= (Accuracy),
22 (Loss), MEL[Recall), F1 2F0](F1 Score), 5 &
(Confusion Matrix) & Sh5 &= (Training Time) 59 o%
3 s AxrAA FE 5 It

1) Total Parameter
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Table 7. Resnet Layer's Contribution Statistics Top Rank
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Table 8. Resnet Layer's Contribution Statistics Top Rank

e [P P Eeen | e | M [ Moee T |
Xception 22,910,480 4,126,560 81.96 Xception 10.3452 7.2345 30.07
VGG19 143,667,240 11,681,792 91.87 VGG19 15.6789 10.4567 33.32
ResNet50 25,636,712 3,424,384 86.64 ResNet50 12.5678 9.8765 21.42
EfficientNetB 32,312,218 4,332,429 86.59 EfficientNetB 13.7543 8.4612 33.32
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Training Time and Loss over Epochs Training Time and Loss over Epochs

—— Training Time — Training Time
- Loss —+ Loss

%0 ) 2 EY 0 E
Epochs

Fig. 7. Xception model Training Time and Loss over Epochs
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Fig. 8. VGG19 model Training Time and Loss over Epochs
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Fig. 9. ResNet50 model Training Time and Loss over Epochs
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Loss

Fig. 10. EfficientNetB5 model Training Time
and Loss over Epochs
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Fig. 11. Xception(L) and Optimization Model(R) Confusion Matrix
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Fig. 12. VGG19(L) and Optimization Model(R) Confusion Matrix
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Fig. 13 ResNetb0(L) and Optimization Model(R) Confusion Matrix
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Table 9. Model Evaluation Indicator Analysis Statistics

Name Class | Accuracy | Precision | Recall | Fl1_score
Fire 0.97 098 | 0.98

Xception | Non_fire 0.98 0.99 0.99 0.99
Smoke 0.96 0.97 0.97

o Fire 0.98 098 | 0.98
?{iﬁgﬁd Nonfire| 098 | 099 | 099 099
Smoke 0.97 097 | 097

Fire 0.89 090 | 0.90

VGG19 Non_fire 0.91 0.90 0.91 0.90
Smoke 0.92 0.91 0.90

o Fire 0.91 0.91 0.91
O{}gg‘lzged Non_fire | 090 | 091 | 090 091
Smoke 0.92 0.91 0.91

Fire 0.91 0.92 0.92

ResNet50 | Non_fire 0.92 0.93 0.92 0.92
Smoke 0.92 0.93 0.92

o Fire 0.94 0.94 0.94
?zi?ﬁlelf;g Non_fire | 095 | 094 | 094 | 094
Smoke 0.95 0.95 0.95

- Fire 0.97 0.98 0.98
Efﬁc‘ggtNGt Non_fire | 098 | 099 | 096 | 0.97
Smoke 0.99 0.99 0.99

Optimized Fire 0.99 0.99 0.99
EBfficientNe | Non_fire 0.97 0.96 0.97 0.96
tB5 Smoke 0.97 0.96 0.96

97%2] AS=E B, ‘Non-fire' EIHAE 97%, 'Smoke'
A e 96%2] =g Hrh ol FsE o] A
= EESISS UEhdth

= EfficientNetB5 Zd-2 ‘Fire’ 2004 100%2] 4
g 2o, Non-fire' SHAE= 97%, Smoke” A
= 99%9] AYEE Horh & H¥std X2 Fire' E7
2014 100%2] =S H YA, 'Non-fire' SHAE 95%,
‘Smoke’ A= 99%2] FEEE Hrt. o= HH3E &
do] 5= EESINSS Yehdth ZAaHog 223l
DE=2 A& ndy} vuste] BE FYA0A 5 HES
Bk ol=igt Axt= HH3E 2ol 3R A AlAH0
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