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Smoke recognition method based on dense convolutional neural network
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Abstract: To address the poor robustness of the extracted image features in traditional smoke detection methods, a
smoke recognition method based on Dense convolution neural Network (DenseNet) was proposed. Firstly, the dense network
blocks were constructed by applying convolution operation and feature map fusion, and the dense connection mechanism was
designed between the convolution layers, so as to promote the information circulation and feature reuse in the dense network
block structure. Secondly, the DenseNet was designed by stacking the designed dense network blocks for smoke recognition,,
saving the computing resources and enhancing the expression ability of smoke image features. Finally, aiming at the problem
of small smoke image data size, data augmentation technology was adopted to further improve the recognition ability of the
training model. Experiments were carried out on public smoke datasets. The experimental results illustrate that the proposed
method achieves high accuracy of 96. 20% and 96. 81% on two test sets respectively with only 0. 44 MB model size.
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Fig. 1 Basic components of dense network block
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Fig. 2 Structure of dense network block
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Fig. 3 Network structure of DenseSmoke
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Tab. 1 Smoke image datasets
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Fig. 4 Training process of DenseSmoke
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Tab. 2 Experimental results of smoke recognition algorithms

- Setl Set2 LN
DR/% AR/% FAR/% DR/% AR/% FAR/% /|NMB

DNCNN 95.28 97.83 0.48 96.36 98.08 0.48 20.00
DMCNN 95.47 97.68 0.48 96.65 98.33 0.24  1.00
DenseSmoke  96.20 97.90 0.96 96.66 98.21 0.49  0.44

DenseSmoke_A 96.20 98.26 0.36 96.81 98.60 0.24 0.44
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Tab. 3 Ablation experimental results of DenseSmoke

ik Setl Set2 el
DR/% AR/% FAR/% DR/% AR/% FAR/% J/INMB
DenseSmoke ~ 96.20 97.90 0.96 96.66 98.21 0.49 0. 44

DenseSmoke_0 92.7595.95 1.92 94.91 96.61 1.95 1.08
DenseSmoke_1 94.38 97.47 0.48 94.48 97.08 0.73 0.28
DenseSmoke_2 95.30 97.61 0.84 95.20 97.48 0.6l 0.63
DenseSmoke_3 93.48 97.04 0.60 92.44 96.28 0.49 0.33
DenseSmoke_4 94.20 97.32 0.60 93.7596.81 0.61 0.55
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Tab. 4 Settings of parameter M and N in ablation experiment

WUy vk M N BN I M N
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3.4 HIEEIE

TRBE 5 U 22 0 28 1K B0 S RO PE e 75 B2 R 1 R 5 dls
SENENARIE . R FUZRRUINT 55 rP AR 1Y — 4 TR B A 55 4]
RN EEAR A TESr  AE I ZREE R Set3 HAELE 10712 5K ]
R SRR IR A TR B S AR 48 I 25 A 072 A RE T 22, B2y
AN B /b R IR B8 7 A e G R IR T X 6 AE A R
TR A 25 o B 1 R T LA SO 28 i R ) A,
LT AT 11/ B B 38 2 T LA A 4 SR R R 20 78
RS EIREE D B 1Y o A SCR KT BHFG 76 B B0 Fn b
TRERE 3 A B 8 i R L o T B X R A AR 43 4 TR
90°  180° Fl1 270°HEATHEN: o SetA FE/RTE Set3 Ffill - 58 [ A
YIRS I REAR AR AEAS . B8R A I 2R B A2 TS an
FSHIR,

%5 HEMELEENIIGHIES

Tab. 5 Training datasets after data augmentation
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Fig. 6 Image examples generated by data augmentation
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