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Abstract: This study proposed a ship fire identification approach that integrates an attention mechanism, a convolutional neural network
(CNN) and a bidirectional long short term memory network ( BILSTM) to address the low accuracy of existing methods. A three-deck
ferry fire simulation model was constructed using the fire dynamics simulator ( FDS), and sensors were used to collect temperature,
carbon monoxide, and visibility data from the simulated ship fire process. A CNN was employed to extract longitudinal features from fire
data, while dimensionality reduction was used to compress data length and to reduce the number of model training parameters. A
cascaded deep learning neural network based on BiLSTM was established to exiract transverse features from fire data, where an attention
mechanism was incorporated at the output layer. Furthermore, to accelerate convergence, an improved grey wolf optimization algorithm
was developed by integrating the chaotic game algorithm. The improved algorithm was applied to optimize the CNN-BiLSTM-Attention
model, which was subsequently utilized to perform ship fire identification experiments under two scenarios. The experimental results
indicated that, despite the imbalance in ship fire data samples, the proposed approach outperformed other fire classification methods,
achieving 100% fire identification accuracy and satisfying practical engineering requirements.
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Table 1 Critical values of fire products
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Table 2 Properties of key materials
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Fig.3 Smoke dispersion characteristics in the ferry fire

KRR Z] CO e BERALUNIET 4 Frzs KK KA
120 s s, B KR FHE A CO YR BEIAE] 5% 107 mol/mol ,
B2 W R A X B A Co Mk B AR A

3x107* mol/mol ; KK K/ 240 s I JER FIIIE X 254
X HESX ABHCH COWELET 4.5%107 mol/
mol , #TT X ) CO HEMLT 3x107* mol/mol ; 78 K K % A=
360 s B, R X 3k A9 CO R AEIA ] 1. 05107 mol/mol ,

X _CO

mol/mol
7=120's 1500
1350
1200
—— 1050
= 900
7=240's b4 P ) |IF 750
> o 600

450

300
I
K4 PR JCRARIZIE) CO W

Fig.4 CO concentration at different stages of the ferry fire
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Fig. 6 Temperature at different stages of the ferry fire
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Fig.7 CO concentration at the fire source of the ferry
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Table 3 Comparative optimization results of various algorithms

PRER P PSO HHO GWO GWCG SHO
Si(x) 100 6.389 6x10° 9.424 2x10° 3. 803 0x10° 1. 106 8x10* 5.072 3x10°
So(w) 1100 2.189 0x10° 3.346 9x10° 3.155 1x10° 1. 119 4x10° 3.029 7x10°
Sa(x) 1900 1.912 1x10° 1.929 5x10° 1.926 2x10° 1.911 0x10? 2.255 4x10°
Ss(x) 2 200 2.302 0x10° 2.314 2x10° 2.301 6x10° 2.301 9x10° 4,172 4x10°
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Fig. 15 Convergence curves of different optimization algorithms
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Table 4 Comparative optimization results of

various algorithms (%)
L RS R/MEFR PR
CNN 92. 84 87.55 90. 36
BiLSTM 88. 61 84. 63 86.72
CNN-BiLSTM 95.42 91.17 94. 25
BiL.STM-Attention 96. 39 90. 16 93. 47
CNN-BiLSTM-Attention 97. 62 93.21 96. 43
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Table 5 Comparison of classification results

for different models (%)
] L EREICES F1
DBO-RBF 98. 68 96. 34 97.50
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Table 6 Comparison of classification results for

different models (%)
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GWO-Transformer 96. 84 95. 83 96. 48
GWCG-CNN-BiLSTM-Attention 100 100 100

TEIX 4 AL 2804 fb CNN-BIiLSTM-Attention
BERLLE T A PEAG 38 b v 25 R BB A, R R [l S A
F1 ¥4 100%, DBO-RBF £ iR 8 5% | 44 [5 R Fl F1
3K 96. 67% 99. 54% Fi1 98. 09% , GWO-LSSVM A !
H1 GWO-Transformer [ F1 43543 514 97. 46%
96.48% , LLHIPH H R E 25, LTI EER AW, 5
ik CNN-BiLSTM-Attention #5575 GEAE 5 AR AN J O 3t
Pz A S 2 B

6 4 it

R R B AN K T BN AR R T R AN =i )
AR SCHR 2 B0 b CNN-BIiLSTM-Attention [ A5 2k
KOpHTTk. 1A CGO fdi g HORARAATE J5 W48 R it
FEHEN TR R T GWCO0, R GWCO flifk

CNN-BiL.STM-Attention #EHY [ 5 > & | A i & I3 AL o

Sk BRI IE ) Ak R 8, R TR A9 73 2R MERR 3, K DBO-

RBF #% GWO-LSSVM A Fl GWO-Transformer 5 %43

S A SR B R AT KRB R AR X L, SRR

WY, BRI RE B3 A R FL (42 100% . 383X

IR A 574 RE 808 R A R KR A G i N BB IR it

SR, TR ATAEAS JE Z AL AE R T ) A A A A0 i

K 305 L RS e = 1] JBURIASE R f) 32 A6 BE

i AR 3 ek R ) 2% A T K BRIy 1 T

RUREAR R K K32, I8 BE AT R TR 32 27 > B AR AR

et

5%

[ 1] TAO R, ZHANG X, REN H, et al. A unified particle
method for fluid simulation in ship fire scenario [ J].
Ocean Engineering, 2024, 312, 119266.

[2] LIUJ, CHEN H, LI D, et al. Quantitative risk
assessment of a spill fire caused by the continuously
leaked fuel in a sealed ship engine room [ J]. Ocean
Engineering, 2024, 303 117664.

[3] LEE S M, NAM J H. Performance-based fire and
evacuation analysis for real-time response to shipboard

2025,

fire incidents [ J ]. Ocean
318 120166.
[ 4] ERGASHEVA A, AKHMEDOV F, ABDUSALOMOV A, et

al. Advancing maritime safety: Early detection of ship fires

Engineering,

through computer vision, deep learning approaches, and
histogram equalization techniques[J]. Fire, 2024, 7(3) . 84.

[5] XIEQ, GUOS, ZHANG Y, et al. An integrated method
for assessing passenger evacuation performance in ship
fires[ J]. Ocean Engineering, 2022, 262 112256.

[ 6] LIUL, ZHANG H, SHI J, et al. Real-time evacuation
route optimization in the fire scenarios of cruise ships[J].
Simulation Modelling Practice and Theory, 2023,
129, 102843.

[ 7] YAR H, HUSSAIN T, AGARWAL M, et al. Optimized
dual fire attention network and medium-scale fire
classification benchmark [ J ]. IEEE Transactions on
Image Processing, 2022, 31. 6331-6343.

[ 8] LIK, MAOY, TANG F, et al. Risks identification and
fire scenarios determination of ship fires based on
improved text mining and K-means algorithm[ J]. Fire
and Materials, 2025, 49(6) : 904-917.

[9] KIMDH, RUY W S. CNN-based fire detection method
on autonomous ships using composite channels composed
of RGB and IR data[ J]. International Journal of Naval

2022,

Architecture and Ocean

14 100489.

Engineering,



53 3

SHRAL CNN-BiLSTM-Attention [ 2k 5 BEH J5 1 - 249 .

[10]

(11]

[12]

(13]

[14]

[15]

[16]

[17]

(18]

710 E, MIQUELES L. Digital twins in safety analysis,
and emergency management [ J .

2024,

risk assessment
Reliability Engineering & System Safety,
246, 110040.

PRI #%, #ORAE, BAEH], 4. 52T PCA RRAEALZEFI
AdaBoost 427 1 1) A S AR S R AU vk [ 0]
HL I S (R AT, 2024, 38(10) ; 58-68.

CHEN X B, HUANG C L, ZHAO Y M, et al. Gearbox
oil status recognition method based on PCA feature
optimization and adaboost ensemble learning[ J]. Journal
of Electronic Measurement and Instrumentation, 2024,
38(10) ;. 58-68.

Mo, (ST, TRt WES M REMNKES
ORI B 5y K TTE (1), T I S R s AR
2024, 38(6) : 84-94.

CHEN W ZH, REN P J, WANG T Y. Traffic anomaly
detection base on fundamental point classification by
factor space background basis[ J]. Journal of Electronic
Measurement and Instrumentation, 2024, 38 (6):
84-94.

MA M, ZHAO G, HE B, et al. XGBoost-based method
for flash flood risk assessment[ J]. Journal of Hydrology,
2021, 598 126382.

SUN Z, WANG G, LI P, et al. An improved random
forest based on the classification accuracy and correlation
measurement of decision trees[ J]. Expert Systems with
Applications, 2024, 237. 121549.

HASAN M D A, BHARGAV T, SANDEEP V, et al. Image
classification using convolutional neural networks [ J ].
International Journal of Mechanical Engineering Research
and Technology, 2024, 16(2) . 173-181.

WU X, HONG D, CHANUSSOT J. Convolutional neural
networks for multimodal remote sensing data classification[ J ].
IEEE Transactions on Geoscience and Remote Sensing,
2021, 60 1-10.

TOUVRON H, BOJANOWSKI P, CARON M, et al.
Resmlp: Feedforward networks for image classification
with data-efficient training [ J]. IEEE Transactions on
Pattern Analysis and Machine Intelligence, 2022,
45(4) . 5314-5321.

AR, 5Kk, KRB, BT RO AEAL T UE IR B s
AR I B 7 3k [ 1], R G H 24, 2025,
37(8): 2152-2162.

YANG CH Y, ZHANG CH, ZHANG X F. Ship fire
prediction method based on evidence theory with fuzzy
reward[ J]. Journal of System Simulation, 2025, 37(8) :
2152-2162.

GUAN W, ZHANG C, DONG C, et al. Ship fire and

explosion accident statistical analysis based on fault tree

[19]

and Bayesian network [ J ]. Fire Safety Journal, 2025,
153, 104358.

NADIMI-SHAHRAKI M H, TAGHIAN S, MIRJALILI
S. An
engineering problems [ J ].
Applications, 2021, 166. 113917.

TALATAHARI S, AZIZI M. Chaos game optimization; A
novel metaheuristic algorithm[ J]. Artificial Intelligence
Review, 2021, 54(2) . 917-1004.

YANG J, YAN F, ZHANG ], et al. Hybrid chaos game

and grey wolf optimization algorithms for unmanned aerial

[20]

improved grey wolf optimizer for solving

Expert Systems with

[21]

(22]

Applied Mathematical

vehicle path planning [ J ].
Modelling, 2025, 142. 115979.
EEE N

X #K FL, 2018 4F T 1 8 Tl K2 3k 45
W27 i, 2024 45T IR TR 272 4R 45 1
i, B AR AR S R A PRI, B
7 1wl SR N B g R B AN B AR DAL
E-mail ; 3593@ ecjtu. edu. cn

Liu linfan received his M. Sc. degree
from Hunan University of Technology in 2018 and Ph. D. degree
from Wuhan University of Technology in 2024, respectively. Now
he is a lecturer in East China Jiaotong University. His main
research interests include occupant evacuation modeling and path
optimization.

BmmE G AR {E#) 2015 4F T 1w T
AP AEARAF 2 A, 2018 AF TS Tl
REFARAFRR AL, AT VE Tolk 52 5 Ol
TR BE B 20, 2 BEWF 07 10 o A% 42
L
E-mail; zoliyun@ 126. com

Zhou liyun ( Corresponding author ) received her B. Sc.
degree from Hunan University of Technology in 2015, M. Sec.
2018,

respectively. Now she is a teaching assistant in Jiangxi Vocational

degree from Hunan University of Technology in

and Technical College of Industry and Trade. Her main research

interest includes crowd safety management.



