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Prediction of Fire Smoke Flow and Temperature Distribution Based on Trend Feature Vector
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Abstract The prediction of smoke movement and temperature distribution when a fire occurs is a popular technology in the field
of construction and fire protection. At present, this prediction has not been combined with deep neural network technology. Ai-
ming at the current situation that the prediction of fire smoke movement and temperature distribution is cumbersome and the pre-
diction accuracy is low,a prediction model of fire smoke movement and temperature distribution based on trend feature vector is
proposed. The deep learning methods are used to train and predict relevant data, which is of great significance to reveal the law of
fire occurrence and development and can provide auxiliary information for fire-fighting and fire evacuation. The proposed model
can extract the trend features in the fire time series data,and uses these features as a priori knowledge to accelerate and optimize
the training process of the deep neural network. This paper designs LSTM-TFV (LLSTM based on Trend Feature Vector) algo-
rithm. Experimental results show that the proposed prediction model improves the accuracy of the prediction of fire smoke move-

ment and temperature distribution,and realizes efficient and convenient fire time series data prediction.

Keywords Fire prediction, Trend characteristics, Deep learning. Temperature distribution,Smoke flow
. CFAST B W 5T U K AR o T BE R A0 4 72 SR FH 3R
=

B FERZHAE BT T B 2 500k BE CFAST

KGR HE I AR T g R R KR N B A A AU 7 A
AT R fEED M U R R N R T
VLA gD B A B W AL A A B B Y Rk
G TP A K JE CFAST (Consolidated Model of Fire and Smoke
Transport) ™, B — R LG 00 K KA IR BE AL, H
HI . CFAST 2k J¢ T4 7Y 9 ™ vz 7 T 2k 9 F 5 F By B
FASE R, A CFAST S 0% 7Y () N B3 A 8 2k R I e
NN = A N = B T = S+ N R R

FfE B :2020-06-17 &1 H I :2020-08-31

RRAY 1 2 BOR 22 G2 W 00 R IR 28 B 0 R R TR BE L A R T o
AR R (R ) R ST AL RURE A L TR R T AR S AR R
Z 0ok 1B 1E CFAST #i th i F00 25 5 . [ e, CFAST #5544 (1
il & — A2 E 2 AR Ry 2. CFAST (9 F000 o i
HERZENEO T 5 LPR AT X T 2 TR AR AR
AR 2 0 AT IE™  nfal i5 1E CFAST #8204 351 ) 45 R 2
—A A B BAEAS B R IR,

MR 2 A SO )R Y D R kg 0 AR A

A SCE AT AR R COSID) L il E 7 4RI 5 B .

HETH . ER A RBFEIEES (61962038) ) 78 /VH: 2% B 37 F BA 2 4x (201979)

This work was supported by the National Natural Science Foundation of China(61962038) and Guangxi Bagui Teams for Innovation and Research

(201979).
WEMEE . F = K (yinyunfei@cqu. edu. cn)



300

Computer Science FTHEMLFI2:  Vol. 48,No. 7, July 2021

RS 45 AR R AT IO, R ) TR R WOAE B H . W
A 0 B0 ) A 7 39 A e TR] AT A8 43 TR] AR | f R 4% 1
REARDY S, EAER £ 4 R R 238 7 % (Ensemble Kal-
man Filter, EnKF) #% i T CFAST 45 8 7 il 2% S a9 E A,
EnKF J& — F 3§ ik [A] b 7 3% , 76 %5 CFAST il 45 31 19 & iE
o HAERE R T AL R AL k. Blan, Lin 47 ff | EnKF
FAEIE CFAST #5159 J2 #3347 1 52 B ¢ e 1 I A
7. Lin i ] EnKF )58 1E T CFAST St £ 4> b 8] 4H
EY BTSSR, BT EnKF #4750 AR T 20 3 %
B KR AEAT T O WF 5 L 3 S0 06 R T B0 R 0 B T
T, XY AR —E R L 4R = T CFAST BRI
T 1Y G BB (2 A7 A — S R T 3k i ) R

56 TIRAE EnKF J7 2 09 5250 3 5 g [ 92 b 3% 5 17
B JFH EnKF kLRt XCERATEELY R THN
T T B AT 5 AT

HYK ,EnKF J7 i HBExH CFAST #5350 i T — I %0 %k
AT I8 IE , T T v 6 T o I 22 S5 1) 0000 45030 2R A7 05 0F

s Ja L AEXT CFAST #5810 i 11 I 45 2R i 47 48 1E 1), EnKF
5 1 I B A D B Bt TR O B T B AR £ kG B A
JEAE . X T ROA IR L A R )y L EnKE Jy 8ok gk AR .

I 775 03X Bl A 0 T TR TR b RO B

W 2 TR 3 2 20 H A P s 2 8 L R R R IR 2 ) ik
4 B CFAST BAY B TR BE Wi 7098 A 8, TR %
S HARBA 4R F00 R JT REE IR TRERE A AU P T
B v 2 o) B0 VAR Y S YRR AR, A8 I e I 4% ok 3Rk R
TRAF . TEXT RSB 1 W00 v, R 2% S 7 kR B T B AL
Ge 7 W PROERT . VR B ) B R R R B A 4 45 1Y B 2
2 EA4LEY . F A R R T A BB B A IR A
T L i BRI D0 AS B B A ) AL, K 9042 M 45 (Long Short-
Term Memory, LSTM) & — Bl IR B 1 28 W 4%, LSTM HA Jilt
R I ity 3 s AR v A B 5L AR AE B CRERS ) S R BURRAE
SR T 4G 32 X PEDST, LSTM B BEE Wl 5E T ab 3 5
At ) 7 410 T00 900 AR 36 04 AT 45, o i TS R B T 3
TET AL B R 2,

B [ T T 12 AR R A A S Bk ) A R0 R OE L i A2 ) 4%
T5 A D s AR N R A

S T BRI B E] Y 30 B0 T ) o A B AR ORISR T
I B 180 5 20 5040 ) 3 FE R AR DR Sl B R B 2= ST ik . B
B0 2 - DA ESE I 370 B3040 vh b OB SRR 5 B, R X 2 B
VB Ay TR JEE Al £ 0 8% 11 A1 350 A8 o, I A 2 HE LA S 0 S Y
TR P2 2 SR, R UL R 3R AR T3 5 A Cochran-
Armitage 77 ¥  Mann-Kendall 77 #:%*' | Kendall’s tau-b J5
BB XTIk BE A I K I I 18] 3 B0 v A B A Ak
B, It HABE— 25 A6 I s i R) 5 B R S Rk T R AR,
PRFAE A>T R IZ N TS A BT K SO AR AT R Sy
Brts) 265 T

TR 2 I BRI A CNN,RNN,LSTM %, Tk
TSI Bh 5 IR B A3 A U S — A 5 e ) 36 (Y AT 55
PRIt s 3C 38 P A B ) 9 0 BG40 Ak B Y LSTM A7 g,
AR G Gl IR B 2 S B, LSTM B8 B A S0 42 I 1] K | 7 R 8

Pk L RIMAURAS  5) 5 B R IE A 245 & SR

T a2 B E R O E WA TR, B — 41
M ESEAH IR ARAE AR . AERFIE AR b — o A ) (e
CRIDULIAED > U5 R AR LS8

T B AR 7l R8T 5T B bR 2T & $2 8 CFAST
LI R A R B R PR b AR SO Bh LR R R 2 ) 46
LSTM #58 BIf Sef 9 S A I A0S 30 A0 TR 43 A 55000 30 17 0
B2 IF BLAE A= 3 0 AR v R R R AT 45 B I s AL Ak
23] R AR B A A T B Bl 2 I 4% 45 K R S 00 KR A
B AR A AT U, A SCIR S A S 9 56 E T T 4 Oy
P RO R T A R B 2 X% R R S,

AL TTBRANT

(D HE T 3 T BORe A 2 1 R AR <k 3h 5 1R 4y
A1 T AR A

B VB TR BEF 22 M 4% RNN, LSTM %5 J1] F % k9 %
A s B4 0SS T 20 B TR IS T e 40 B0 A 1 R R T

GOERVT T HHARAE TR 4 25 9 2 2 H06F B 1) I 50 280 3
TH I 9 A ) 5

ARSCHS 2 7 E e A B A R 2E R B Pl s
CFAST K J¢ TMAE R, 5% I $2 H 35 8 S5 R 1) 2k 114 2 9 R
IR Bl 5 TR R A3 A TR AR A, e AR A g1 25 TR PR 2
£ B T R SRR T i R R R R A 3 Wl S R
of b JUT 42 T A AR 5 b 4SS AU (9 P B L O L 7E B B4 A A
LSTM 2 5414 52 mi 45 Jy 1 %ot i #8245 280 308 A7 7 52 58 40 BT R
s R B 43,

2 EBEERFE®

2.1 RRFMEE CFAST

CFAST J& — /> X X gl kg Tt A5 28 , iy 56 [ [ 5 s v 5
AR W58 B¢ (National Institute of Standards and Technology,
NIST)#2 4k, & rl LLB £ 2 X i i ok 51 i AR BT,
1E CFAST v B4 G B B 43 o SR B AT SR 2, KM il
TR GR AR N T B E B LR, EEA R LR K
FERTARZE T R ECHRE RS,

MR A8 T 8 <76 77 2 | gy et sy fE 7 AR L8 R <P E T AR L LAY
SME A R R CHE SO B T R AR S AR PR R L by A K
KNI BRI BE S Ay R AT, s/ B )Y R
BT B i A M SR RS AR i, AR ORGSR AR S e
FH CEFAST 5 T I AR I 58 55 55 2235 2 B4R i L I 1) R
S UG XURI AR | KR ARR LI Sk RTINS S 0 M
S AT LA oK 2 AR e Y AR Ak G0 RS2 B (Smoke Layer
Height, SLH) By 7254k . F )2 & & (Low Temperature, LT) 78
1k . FJZIR ¥ (Upper Temperature, UT) A48 16 %5,

2.2 ETERZFIRNENARBRRISEESS MK

FRI % T KR R A I 0 2l 0 IR A B T L k22
AL ABE ST N BB i CFAST Skt fT iy, ARSCIRI T —
ol B T B RR A 1) 2 1 K9 UL B IR 4 A T AR L
TR T LSTM W EM S WM& M B qE s, ) 5
CFAST REERA .

XS BRGS0l FE%5 e s CEFAST 190 o &



Tr KA B TR R AIE 1) i A K RN SR B 5 R 20 A T

301

B K A SCE AL T U5 CFAST i {1 5 e % 7 A4 L 52
QGNP EPURIIFER == A i | P

FEX 1 CFAST B9 #ifi 22 (CFAST Observation Er-
ror, COE) , Bl CFAST f4 #5 J (& 5 WL I {8 (& SEAED 2Z 1] 74 fig
2. X DOPiR .

COE= y,, — yerast (D
ForP, yop A2 K G R AR IR A I Bl AR BE 43 A B B yepast
s CFAST X K ¢ ke Az R0 2l IR BE 43 A (1 B . 38 5k
COE 7] LR #fif CFAST ff FU 25 5% .

P12 TR AR 1] A 1 KR AT Bl I 43 A
R ER AT

Pop LTUTSLH)~{Ypegs = COE, | i=1.2, -}
+ A
[[coE, | [ cor, | .. [ ok, |

A A A
[ | ]
g:g: :g o

Predication & Test: ’

Layer4: Output

Layer3: LSTM Network

(UE,UFs, . ,UF,)
BRI B

Layer2: Feature
vector calculation

[Ceys 22, s )01, V2 =0 V)] CFAST

K 5K B 18] B 4

Layerl: Input

B 1 BTl SR AE ) 5 A1 kIR S 2l 5 TRLEE 43 A T A 7Y
Fig. 1 Prediction model of fire smoke flow and temperature

distribution based on trend feature vector
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Table 2 Predictive performance of SLH
Evaluation RMSE R Squared
Scene ATF FM/SNL NIST/NRC WTC ATF FM/SNL NIST/NRC WTC
CFAST 0.715 1.811 0.426 1.292 —0.034 0.215 0.488 0. 160
CFAST-RNN 1. 285 0.268 0.162 1.638 0.058 0.786 0. 887 0.142
CFAST-LSTM 0.099 0. 205 0.075 0.133 0.659 0. 841 0.960 0.817
CFAST-GRU 0.0671 0.2622 0.0755 0.1389 0.8715 0.8299 0.9600 0.7508
LSTM-TFV 0. 056 0.173 0.112 0.124 0.947 0.918 0.934 0. 849
F 3 LT mmimgs R
Table 3 Predictive performance of LT
Evaluation RMSE R Squared
Scene ATF FM/SNL NIST/NRC WTC ATF FM/SNL NIST/NRC WTC
CFAST 2.176 9.815 19. 400 33.207 0. 808 -0. 354 0.608 0. 324
CFAST-RNN 3.871 5.028 18. 084 14.035 0.641 0.614 0.670 0.203
CFAST-LSTM 1.429 3.773 8.272 7.791 0. 826 0.823 0. 844 0.762
CFAST-GRU 2.6479 3.6741 7.4199 4.8080 0.3809 0.9042 0.8614 0.8878
LSTM-TFV 1.389 2.374 4.656 7.058 0.828 0.946 0.930 0.838
F 4 UT (10 se
Table 4 Predictive performance of UT
Evaluation RMSE R Squared
Scene ATF FM/SNL NIST/NRC WTC ATF FM/SNL NIST/NRC WTC
CFAST 12.071 6.663 23.051 62.842 0. 487 0.528 0. 806 0.787
CFAST-RNN 11.958 6.778 24.257 41.487 0.632 0.821 0.743 0.769
CFAST-LSTM 9.769 4. 140 8.286 35. 365 0.723 0.870 0.975 0.898
CFAST-GRU 4.9784 4.3006 12.3717 31.427 0.8981 0. 864 0.9365 0.9131
LSTM-TFV 4,843 3.482 10.918 28.021 0.929 0.917 0.956 0.921

ST %k g S A B R ST B R 43 A 2R AT A B Y 9
W, 75 BB G S M W Jr ¥k, 5 CFAST #H b, CFAST-
RNN 7 8 (0 W00 B8 © 44 42 = (A J& 7 R S 1 L F
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e hf (B A E Mt B B . M SE UG 25 ST LU L ZE AN T
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AH LT AR R, A SCHE A LSTM-TEFV B R BLH T
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FH e 4 Rp AT ) S o BB o I 25 COE, Wl i Il 4545 3 11
LSTM [ £ (4 4 fi i 2 A %82 1

FETF LB, AT LA LR 459 .
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16 00k 5 B 5 T A 9 A

(2) % T 30 0 BF 18] 7 370 48 45 . B0 s (] )3 9 45040 45 K 1 s
LSTM-TFV J5 ¥ fl CFAST-LSTM 7 ¥t T CFAST-RNN
k.

(AR k5K By 5, H s 8] )7 9 8504 K B A [, 3 &7 o]
PLRH LSTM-TFV J5 & Al CFAST-LSTM J5 ¥, il i 8 B
P2 W 45K BN COE , #E T 38 23 COE 2 A% 35 I 45 5 1) 7
PRETATHY . XAk 8 T CFAST Ay T0000 o 6 1
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J B PEREIL T CFAST-LSTM ¥k,

3.5 HBUFEMEID

T E— 25 B A HAREAE 1] G 7 B R 50 B0 T v Y
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