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Abstract

Mountain fire risk assessment plays an important role in fire management. In this paper, moun-
tain fires in 2018~2019 obtained from NASA-FIRM website and those found by power grid inspec-
tion are used as experimental data sets. Through the investigation of the influencing factors of
mountain fire, 15 factors, such as rainfall, average relative humidity, maximum temperature,
maximum gust wind speed, maximum gust direction, vegetation normalization index, vegetation
moisture content, altitude, slope, slope direction, distance from road, distance from river and dis-
tance from village, are selected as influencing factors from four aspects: weather data, remote
sensing data, topographic factors and human factors. We input the data set to ConvLSTM model
classifier for training verification. Based on the idea that different mountain fire influence factors
have different degrees of influence on mountain fire, we proposed to add channel attention me-
chanism to ConvLSTM to make the model learn the weight of influence of each channel on moun-
tain fire during training. Attention ConvLSTM (ATT-ConvLSTM) was added to the ConvLSTM, and
the model was retrained. Experimental results showed that the improved ConvLSTM improved the
accuracy of mountain fire identification by 5.7% in the verification set. The improved model’s
predictions are in better agreement with the real world. This enables the model to more accu-
rately assess and predict the risk of mountain fire in the vicinity of the transmission corridor ac-
cording to the impact factors of mountain fire, and enables the power grid units to issue early
warning messages in time.
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W22 A () LB T AR, AR AR K TR B2 e SRR, A ARAR T R 11 B X 2 ] % B G 1 A [ 1]
2],
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BEEROE RIS ) R, Krishna Prasad Vadrevu ZEXTHLIE . fEHE . ARk, L@ 5FE KCRIBTER N
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{RIZ AR B R RE R IR AR B AN N AR B 2 (R ZRPE G R, B T I ARSI R &R o
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Binh Thai Pham %51 9 A2l AR &, R4k, 2. 3. S THRIR. TRMEEL MREE.
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XL K AT A . (HR AT TR, SRR B R AE Tk, A IR /M B R B AR A2 1L K
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Zhang %5 N$2H 7 —FhIE B A4 /M 45 (CNN, Convolutional Neural Networks) = 7Y (1) £k bk -k o 5k
PEZS [ TN 73, S5 SUESE T $E 1) CNN BB LUBENLARAR . SCREMEAL. 2 2R A8 o 4 X 25 FIA% 2 4
[l Y B 73 S 4 AT S i (R 1 P2 [ 8]

REES SO T AR5 2] 208 R SOE B shiG, al i B K A B R R R 15 B R
ik 25 Ak

TRBE 2 ST L KPS A0 R BRI LU /D, AR SCRR IR B2 2 SO AR AR EAT LU KPP, Hh R TIR BE A 2
FE LR R 5 38 BSR4 I 2% X BB B L K R 2 (RDARRAIE,  (FLR Ll K RIS ) B 35 400 ()
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2. REWFEZE
2.1. #&EHE) ConVLSTM

FEVRE 2 3] 7937 e P B 15 9% R 4578 /& RNIN (Recurrent Neural Network). AT ) RNN 732 7] LA
1B EE—SERER F AR APIRES, LSTM BT 5l N Tic 24, X PP i n] LAid 12 B0 s 1d A — AN ] 21 5
— AN FPIRAS (13 LSTM AT LU 78 RNN —FERE 8 AC R A8, 1 ESS AL FE 5 IE RNN AN G
AEFR I RIAMRE o X PR R Ah T HE RNN [ R BB iz —: SRS B 2wl 17 [, X
o SCE R AL T A R FBE Y 2K I R AR A

LSTM f#Z.Cost LSTM 41, Wl 1 . h BHELF —41A R 15 3

ip = o (Wyx +W;h_ +W e, +b) @)

fo =0 (Wi X +Wieh, + W, e, +by ) 2)
¢, = fc, +i, tanh (W, x +W, h_, +b,) (€)
0, =0 (WyoX +Woh_ +W ., +b;) (4)
h, =o, tanh(c,) 5)

hy AE I E) € BOARTHS,  x AEAERTE] t BN, S NHERE WA b 2 AR I SR R rh AR 2 > AL A A
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Bil, o fltanh ARG % B2 LSTM BAIZH AT LLZE Shi et al. [9]#k 3.

Figure 1. Structure chart of LSTM
E 1. LSTM Z#3[E

AR LSTM fEVF 2 4URES T T, ERET LSTM FEKENSER ENGEEEE, RINIFIH
ConvLSTM Fofiik T IX /Nl i[10], HASEFEReykg G A B0, RKuED TGS EdE. XA Bk
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=0 (W, *x +W,; *h_ +W ., +b) (6)
f, = o-(WXf * % +W, #h_ +W,c_, +Db; ) (7
¢, = fcy +i, tanh (W, * x + W, *h_, +b,) (8)
0, =0 (W, *X +W,, *h_, +W_c_, +b,) 9)
h, = o, tanh(c,) (10)

b, hoZITE) AR, x RITE tRORIA,  « AARERIB .

ConvLSTM 1, HEAZHH THRAFPREFREZPRER A B HARME LSTM S 4r il ST 141
AIAME L, AT SE A M2 40 1Ly e B 2 TR R AR DG
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Figure 2. Improvement of the model
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TERE M ZEEVERT, D AR B K E s 4b—T51H, UL BT AEAR R KI & ZEFAE R

TR R 2 AR A U — A R E(ND VI R B 5 7K %2 (FMC) . NDVI 1T 2L AN B B (NIR) 5 41
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Table 1. Data description
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KA - R OS2 I RES i B
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i W SRTM %t ARCGIS 5
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FaK &=
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(BB — AN EIE A — ML G, BIEERSE TG 16 MEiE), [N K SFR%Idh 15 H4EEL
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Table 2. Experimental results before model improvement
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Figure 3. Experimental results before model improvement
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Table 3. Experimental results after model improvement
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Figure 4. Experimental results after model improvement
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Xif LSt 45 R, 75 ML ESI 2R 150epochs FITEIL T, Att-ConvLSTM AL I 25 4R R HER 2 A2
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