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Abstract: [Objective] Analyze the impact of rainfall conditions on the moisture content of surface fuel moisture content (FMC),
establish machine learning models and traditional models to predict the moisture content of surface fuel under rainfall conditions, and
evaluate and compare the established prediction models.[ Method YSelecting the broad-leaved forest Quercus mongolica and coniferous
forest Pinus sylvestris var. mongolica in northeast China, surface dead fine fuel as the research object, by indoor simulated rainfall
experiment to explore the influence of rainfall for the surface fuel moisture content, combined with the direct estimation method to
modify the fine fuel moisture content prediction model, finally using field data will be revised directly estimation method, the direct
estimation method and convolution neural network (CNN) model is used in the comparison. [Result] Compared with the unmodified
direct estimation method, the modified direct estimation method significantly improves the prediction accuracy, and the goodness of
fit (R?) increases from 0.85-0.94 to 0.94-0.96; MAE decreased from 9.18%-18.33% to 6.86%-10.74%, MRE decreased from 3.97%-
17.18% to 3.53%-14.48%. Compared with the convolutional neural network model, the R? is above 0.90, the MAE is below 8.11%,
and the MRE is below 8.87%, indicating high prediction accuracy. [ Conclusion] Under the condition of rainfall simulation results
show that indoor fuel moisture content in the form of logarithmic increase trend. Rainfall and last fuel moisture content have a
significant impact on the fuel moisture content prediction model, and both the relational model and nonlinear model perform well in
predicting fuel moisture content under indoor rainfall conditions. Comparing the three models, it can be concluded that the modified
direct estimation method has the best prediction effect.
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AR RAE 2 BRIE B AT R A, I H AR SR S5 AR A 1) 5ok B AT 5 IS D0 %5 (MeColl-Gausden et
al.,2017). FIBRYDE R E RARK R R AR R —, FR AR KR AR 14 52 2 fitll(Matthews, 2013). £k
AR ZEZH /NPT BRI 25 7K 38 2 RN AR AR K R 2 38 MR FE I B 2 R R 2 — BRI R AR AR K T 5
BVRBI OO, JRAE KR RS P TS 2 12 IN FH (Cawson et al., 2019). HIZRAH/NERTIAPI I & 7K %
XGRS 2 51 ) AN SRR . B AR K B SR N B FR br, R K RAT R
(¥ 5C 5 24 (Brown et al., 2022; Slijepcevic et al., 2018). Pk, FMIAR A2 4 /NFE AT RAY) £ 7K 26 4 v
Hi BT RRAR K o Tl B A H B X

BN ARy — P& BRI, AR K A 7 B B 52 o S )R, AR BRAR AL I 1 FE R
B G BT 3 It 2 PTRRD AR, AT B IR R RIS, o ANZETT AR A IR A BE SR, K R 21 11 P AT DAY
TR R & 7K 2, DI FRARG K o JRUSE: R ey K 1) f5 3 (Reddy et al., 2021; Pellizzaro et al., 2007; Mondal et
al.,2016). BHAE PR RN, WA BT Re A B B N LU B BR /)N, Rl R AI 46 /K B8k vy, L MY 7K Y
W KER /> (Lopes et al., 2014; Bilgili et al., 2019). B R XS R 40/ NFE AT BRI & KR P52 il N RH I, (H #2
FR, AR HHOK W E E RS S KR IR R R, 3K a0 A 4 158 0 SORT M 3R 28 R AR i R
(Alvarado et al., 2020), IXL&5 ¥y R0 2 AT A & K S T $2 1 — e B Bk

BT, KT SRR IR 2, TNT7 v E B RS v . "R ER B, PAS K
FAGTHEAE A DU K (Matthews, 2013) . P17 & /K 28572 H A WAL T A &K 20 ER5E, 2
1] R AR R TN #8Re FH 12 7 92 T mT A 25 7K %2 (De Jong et al., 2016). Simard 52 MR 45 A M 1 2K 7KL
FEARTTI v A RLI 57K %, Nelson 15— Fp 4 BEAE A, HATH mIF RS B (Simard, 1968; Nelson, 1984).
AR F IR AR N FER R, KRB EERM N, KRN & T = AR W2 . A 7 I FE R
AT IR E /K Z, Lopes Z5(2014) AR 1 B 5 TR 2 18] 5% R IR A, FEF2H T 3 BRI H B i &
s Al ST IR S K AL . Bilgili 25(2019)7E-F 8 & /K R AR b, 456 KOk R RS 2,
FENL T TR TR S K BN AL . Lee Z5(2010)EEF =BT KA, 7256 E K ARHLIX G 57 1 B T A [E AR AR
WEWI AT R S K AR AR, DARERN 558 2 REZ 6 RIHERAEIE T RV NREAS, A& T A
[EIN=RET R 7 oy 2 S

BEE TF AR K R, BLAS 5% ) ST A O FF 46 F T P 3R nf R & /K 36, Horfr, fRER 25
RNz . W Fan Q02 DAEH . HIHCAZ M 28 5 B (LSTM) Bl vl A & /K 28, IR45 6 AT AP FE i
BE, AR . N T MZ(ANN)E VLTI, 45 53R LSTM 7EH IR i /] 7 51 500 1 2045
AR T TH R I R 4 . Masinda 55202 1)) FH Bl HL AR 2R ALt [X b 32 T A% &5 /K 28t 47 1 Tt , FROmiks FE AR
o AP WA NIREE S G IR —, SEGEmMAaMaftt, @SR R KA 7 25003
&, W 7RIS, BRI T SHOEERRUR, e NN T, SRR EE A RAE BRI S T
& FZ(Dhaka et al., 2021). #R10, HRETIEHR Z 055 B N 28 SN 28 2 21 071 S48 G007 103047 bR ot p ot
Fo

BT AT BRI AE BT S5 T AR A R T R i AR TS TR S KR ARG L, SE A RO T
DS B, 752 iy AT HRM 5 7K 2 T AN ARopR < B Ftin () A5 2RA 2 7 Tl B Al B e BRIk, AR
GO R AR A6 M X S 7 - iH- R ] B4 Rl A% - F (Pinus sylvestris var. mongolica) F15¢ 5 #k ( Quercus mongolica)
IR AN NFERT AV E R T G, 456 = ARSI AN B AN S 40d , SR T Bl vk, BIEEM EE
fili TR A R 22 0 28 SoF 2 W S A2 1 R R 25 7K SR EAT 0L

2 Rt S vk
2.1 iR X

WF 7T DX I T BBV A WA R T TR L il 5256 K37 (127°34'~127°40'E,45°24'~45°33'N) . B 5 JL K4 30 24
B, REKZ) 26 A8, SHIA 26496 hm?. FRANE T F 2] 85%, FHRAMERE 205 /7 hm?. iR X &K ELL
HEYIX R, JEARREMETRSE, 328 AR AU X 7 ) AR AR AR RN b, 2 el e T J2 A 4 ] P20
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AR 5 i . EER RN SRR . A A, 78 2021 FERKZERT K2, SR )L LS50k 47 52 15 BRAk
AR FRAMII R AT R . B FE R . TR HE AN E kAT T R EE.

225 A

22.1 £ RIS S
FESTIOREHLRCHE R 22 TR, SCHERE S S EISE TR 3, MONKAS, 105°CF 24 h 24t F SRR,
R AT SRR (L):

Wy —W,
FMC = ———2x 100% 1)

eft EMC Sy TR &K (%) Wt ST ERIE T (G): Wo W ATHAYD T (g).

TG ] 4 A [RIFTAE o] A & 7K ZE B i o B R PR 2 T A 7K R B A8 28 A BRI 5 0 52 W0 06 PR 2 T R
KRR, B, ERE T HREREARNYIGIKE SKEHATEES . HEBERIEN KT
MISEIG =, W R TR v R AT S5, IRJZ B KR S A0 A () Py IR I, Semasag 4 SR, MR
A[RYIR L BN 4 MIBRE KRB : 5% 25%. 50%. 75%(Zhang et al., 2020). ¥4 155 (AT ¥R 43 B
AR ES, BHERES L. FASKETEAR T EAFE TRV & KE MAFRTFEKSY, BT%
HASHCE 24 /AN, (KRS TR, ISR 58 AR, SRR T O B A8 DA E AT
IKE, WORATIRY B KR IR

PRIZ B0 P R F8 AT R IR 2 (AR R 1 5 U002 L o AT RPR 2 IR P R B 3 M %:0.01.0.02,
0.03. Fk, EX4aTmiE sy 4g. 8g 1 129 BIZE HRFE &, EXAE T & 70 il 39+ 69 AT 9g A% T A FE
. JCETE AN 20em. =i 2.5em BB T, SEIUAS ARG B R RRL 25 52 B . AN BRI A 3 1K,
JLH % 9 NMFE A (Zhang et al., 2020).

G H RGP R FE I B, LA SR EE AN, I /NET HRg L 2 R R DY A B R i
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N T AL, () BLSE R T RAMIIR 2, R SR AR B 0B i 2 SR R4 - 21 L o - 5 ot - L 338 1) I AN B3R
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yFEEAth, ATKE ARSI AT IR EOK R, JRRAA/NYR GETIEE, WTHSIES R E R, A5 ©K
BB R KUE. PR RADER R .

TZAES ) 3 TAE 5 B R AR B R R e B 5K, B SRR nT e N e M Ast, RS
BRI, FESARE D, RUFHSMIRM/KIRASH, 8 mkE b A% B — e 1 A 1 E sh e HE
b, WERE S E B N TSI T R RE SV EE E SR, TS B AR BT AT, 158
SERF AR KR [FR HERERE M 1.2 m ARSI KRR E . K. SelRE SRR HE T (Yuet
al., 2022; Fan et al., 2023). AT A B RAE ] BT 152 8 0.05~24h, AP & E N 0.5h. A TR
RIS AR, RN RTINS EES ENREMEGEEE 0.1 o) T BRI SHtk, HERZER/ML.
WEFRRT A 7~ 10 H, RS SEH AR 6000 4 AR 1-F4 4500 H AT AVI/K /- 24 . FEHAE B sk 1 s

=1 HHER

Table 1. Sample plots information

Forest type Altitude Location Aspect Mean Mean Canopy
(m) DBH(cm) height(m) density
Quercus mongolica 395 Middle Northeast 18.40+6.33 15.2043.72 0.70+0.22
Pinus sylvestris var. 380 Middle Southwest 15.80+3.59 16.47+£5.47 0.40+0.35
mongolica
2.3 MRS

231 KR ETHRMEKREXLZHER

I FH e R 5 50 500 22 ) A [ e R R P2 T P AT A WK i 2 o 72 38 A BEADL SRR v, SR BEHLARPRAH
X B EEERHAEAE B FUAN [ R 30 R R 5 7K 2219 00 ) 520 (Breiman. 2001) o HR 4 2 P FE7K 3G KA nT A
Wi K EE AR, MR X (2) (Fang er al., 2003):

P=tXxR, 2

A PONIER & T A2I0E; Ry ZFERTRE.

RGN LI, K= N B S AT A B /K3 RN o0 JRBkAT 1 2ty ARG AR R AR
T B AR P A A, KR 2 T0%IH I 2R R A 30% IR, DASRAS I B R e (R AR
2.3.2 BT kA A K F TR

LEFEMHE

BEAG L & — P FE TR /K o B B B, 38 3ok S8 R A5 HH O S 50 14 #7725 (Catehpole et
al.,2001), I S5 7Kk 26 A7 3R AR M R B, AR RN [a] [R] g N HE R4S 5 FMC, B B & A
Mo AT ESE B NUMERG, BT (CL R IR Nelson #:(Nelson, 1984) F1 Simard y2:(Simard, 1968) 1% %
BT Nelson BRI T-Siih 1 Simard R8RSR P47 57K 28 0m B 7 #E o FRAE /s IR E R 2 25
AT, R3] FMC BT

Z T EEELT Byram(1963) 2 H (1 Hh R TR &K R o iR, s 3) AR

dM E-M

dt T
X dM/dt AATIRID S K ERAE t ISR MO AT RIS K R (%) s E N AT T-i 5 /K %
(%); T FKonalRPIM BLIi (h) o IR A =0 P47 & 7K Z T A Nelson #2845% Simard #841H5 . Nelson ~F
i K A AL 5K (4) FiTw

E = a+,8log(—1:n—TlogH) 4)
X R AR ER, HAE N 8.314 J K1 molt: T AT SIE(K); H AR (%): m AN H0
PIAEXS 737 i, v 18 gmolt; o Fl B 2l IS4
Simard ~F 5 7K 2 n 2 (5) s :

2418



E N S S38 HERIEK R

0.03 + 0.2626H — 0.00104HT H <10
E =11.76 + 0.1601H — 0.0266T 10<H <50 (5)
21.06 — 0.4944H+0.005565H2 — 0.00063HT H > 50

X E NP S KR %) T ATREBECC);s H AMXHRE(%).
PP K B (A AKX E) A R@) I E O, 53
m; = m_; + A1 —DE;_; + (1 - DE; (6)

Hr mi A ti(%) B ZIH) FMCs mig 8 tig IS ZIHT FMC (%) Ei N ti(%) B ZI 8P4 & /K% B ARZ)
1L PP 5 K (%) A= exp(-8t /(21)); = -8t/ (2 Ink); FAIWFFAIII A KN 0.5 h, [KIkAt 4 0.5h.

2. BIEE Bl

R 5 AT A K 2R TASE AL Oy

M; = m;_; + A1 = DE;_; + (1 = DE; + FMCL, (7

Hort FMCI, N 5 3 B0 A B 7K 28388 i 45

WRHEIIA L b & KR, RAAEL YA T 7 R ST G, BRI S, FN, A TR
SR RIFEA B BRI, By (B8 0L 5 56 1) R, 350408 53 9 T0% VI ZREE AN 30% )Ml 4, LA
ARAG T AR AR A

3B A 24455 78 (CNIN)

BRI M 2% (Convolutional neural network, CNN)J& 7R & 2 2] 4k (1) 4 #5572 2 — (LeCun et al., 2015;
Greffetal., 2016), & HA mERAIBUE LI RE i, v DO AR 208 AT S 4E B A 2R, G B IR
RFHE(Li et al., 2022). CNN HERZ . WEFEREZHR. EEFR)Z, HEITH R SRS
BUE LR AT UK D I o b (S8, SR B 2ol B . /R, a8 i) JE s 04 i1
TG, NRHEAEROEATRRLE, ARk TGS EE, K TR IE AR, fEm T RHIER
PRI R . BRZ S5 ZZZ M, AMUAT DR K PR EE A S B N8 B AR P, 38 W] DAY
N THEHURFAE BT T R 1% 22 (Dhaka et al., 2021) » EASHFFTHT, BRIP4 T 2 F T R #1#) torch
£, SR M 2% B E WK 2 Fos:
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Fig. 2 Schematic diagram of the process of convolutional neural network
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MRE = Z M= M| 009 (10)
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AN PN SR T« PRJZ %6 SEFE RN & /K 3R S R R ] A 5 /K SR I S AR R BH (B 3): R [ P
S SR SRR R AT R S K R B R 25O . SKRE RS, EAEIE BT, Sk
SIS S G KA . BENSRIEDN, IA B S KT T e Mg, 75— @ B LA
B 55 [ WY 5 B R AR R AR AN Bk FEANF RS GREE T, IREMBRUKRBWAFE .. —BERS, PN E
FERRIS,  ATRRPITEWIAG B B R K Ze B iy o B Bk IS8 0, 5 AT R R /K 26 it 202 e TP 4% .
B4 RN J5 52 1 BRI AT IR (AR & 7K SR —REETE. 300% LA Lo RIRIPRJZ %5 B R Rl IR & /K R IR sk 38 2 4
[FIfE], PRIZZEHR 0.02 B, RIS KR MBI A IRGE . FEARFEYIGE S KFEME R, YIHEKERN 75%
(AT BRI 7K 26 B B AR T W 4R 5 /K 26N 5% 1 AT AP K 2.

0.01 5% 300- 0.01 25% Y 0.01 50% 0.01 75%
300- 300-
= =200 = -
£ 200 T £ £ 200 =
o o g
Emn £ 100 & 00
0 0 0 0
0 50 100 150 0 50 100 150 0 50 100 150 0
300- L (min) 0.02 59 300- L(min) @02 259% 300 L (min) 0.02 50%
s puntil 200
=200 =200 . =200 /__,‘—/ﬁ =200
< o S ]
£ 100- £ 100- 100 £ 100
0 . | | 0 . | . | 0 . ' . ' 0 | . |
4] 50 100 150 4] 50 100 150 (4] 50 100 150 4] 50 100 150
300 t(min) .03 59 300 t(min) 003 25% 300 t(min) 003 s0% tmin) 5 03 7504
— —
=200- =200- & 200
] g S
£ 100 £ 100 £ 100)
. | | ) . ! . | 0 . ' . ' 0 | . |
(4] 50 100 150 0 50 100 150 0 50 100 150 4] 50 100 150
1 (min) L (min) L (min) 1 (min)
Rainstorm Heavy Rain Moderate Rain Light Rain

3 T EIFEFISRAL TSR etk ATRYIR B & K R 7S T
Fig. 3 Dynamic variation of moisture content in fuel bed of Quercus mongolica under different rainfall intensities
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4 T EIFEFISEE THE TR B S KRS TN

Fig. 4 Dynamic variation of moisture content in fuel bed of Pinus sylvestris var. mongolica under different rainfall intensities

3.2 AT A KRR IME R HF

H1&1 6 AT, ARGE BEHLARMK FOAR X AR AR B B2k, A2 = AR RSB rh, R R BERG 26 11 R, b—
Z (R TR 5 7K A2 R TR S K R B I R LR B, T AR & 7K SR AR 2= 585 5 6 Rl MR 3 /K A i
WM AR AR E 2 55 AR i IRIFE AL, A7 R TR AR S5 7R I 4 RARALL, - P R AT _E— I 220 T
AN 7K AR T F AT AW PR 5 /K R I 8 A B 2R

Last Fme * Last Fme *
Rainfall * Rainfall *
Saturated Fmc i Saturated Fmc i
Initial Fme Initial Fme
Fuel Compactness 4 Fuel Compactness b
0 20 40 60 80 0 20 40 60 80
% IncMSE % IncMSE

B (p<0.0l) I+ (p<0.05) [ (p>0.05)

SERRISE TEIME RIS KERERK HEFEEMHF @RS bAE TR Fme: AT IR 7K ZR)
Fig. 5 Ranking of importance of the drivers of moisture content growth in different stands in indoor simulation experiments (a:
Quercus mongolica; b: Pinus sylvestris var. mongolica; Fmc: fuel moisture content)

3.3 FERR- AT A S K R KRR

AR5 B W S 56 P 3R A (K52 Wi i IR 5 /K R R BB A7 e, X R AT R 0 Tl S ST 1 R AT
RN A SC /AR, S T AT DA B, AER SRS KR I G5 R T, SC R AR BRI, Xt
R Ra & ARKR MBI A R T, ARV BRI e SRR T 5050k, R 2 o,

2 BEMER T M Sk RIS AR Y
Table 2 Model of moisture content growth of fuel due to rainfall

Fuel type Model Equation R? MAE MRE
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(%) (%)

Linear FMCIL, = 0.408 — 0.43m;_; + 0.021P,
model + 0.112smc
Quercus Nonlinear FMCI, = 0.987 — 0.92m;_; + 0.209m;_,?

0.74 32.12 24.39

0.78  29.82 18.91

mongolica model + 0.01P;
Relational
FMCI, = 0.045P;(smc —m;_,) 0.80  11.32 9.79
model
Linear FMCL, = 0.219 — 0.498m;_,; + 0.015P,
0.82 19.61 16.44
Pinus model + 0.002smc
sylvestris Nonlinear FMCIL, = 0.602 — 0.998m,;_, + 0.341m;_,?
0.87 1232 18.83
var. model + 0.012P;
mongolica Relational
FMCI, = 0.034P;(smc —m;_,) 0.73  27.54 20.03
model

3.4 BFEFTIRI S K ENTS

W DU HATE], 52 b BRI P M 22 T A 7K 2 Bt I TR) A2 44 55 2% (p<0.05) o 5 vl AR 2 i) AM & 7K Z 5 5
B, AR RIS NS Dk B 0 D A (] 6). XN T A2 W, FBERACR WS, 1550 R
()42 TR & K BRI B 2 HARFFE R R 7K SRR nT IR & /K S KRB N 378.11%, fe/IME N
5.14%, “VI{HN 72.73449.54% ., HAETGFERE) 7 HH R A), TIPS K R R RARK T, Bk
FHXT /N o FEREFAA R T BRYD S K 2 M R, ATRLE H, 558 AR R nT R & /K S AH L, BERT N
IR R AR TP 3R PR 7K K BB AR T 5 1 Bk (p<0.05) s 18 FAA P MAM) B /K 2 B il 261.61%, #
iH 1.18%, “FIMH N 48.16443.72% . [FRIEREH, ML R TR & /K 8 m B s 22 /N T3 bk, IR
FETREFIA R TR & KR G — K F .

jzg d 300 b
250 280
200 200 :
2 150 %mh#: ifé
™ 100 '-f-‘l()()‘i';' “: A H} HUEH 5 E
50 sof ¥, gm&aﬁjiﬁﬁp g%ﬁ T E¥ \
7710 7720 820 B30 99 9719 9729 712 722 822 91 916 926
Time Time

6 BN AR S KBNS (a KA #R b AR TFHY)

Fig 6 Dynamic change of moisture content of fuel in the wild (a: Quercus mongolica; b: Pinus sylvestris var. mongolica)

3.5 IEEERMEREMATTE

FE 2 N SEIG TR A f Rty b, X B A THAREAT TR IE, 453 1 ANEI RS K TN AR 24
M 3 PSS EAPEAN IR AT LA 1, SAREBIERIRBEEE, PMIE IS 5 BN THZAE T R AT 44
Y& /K07 LS R LA I i X T 505 AR AT IR, R AME IE ) Nelson VA3 & 22 R? 04 0.85,
REAEIER) Simard 304 58 0.90, 1Z1EJE 11 Nelson YA & 185 %) 0.96, 121E/E1 Simard VAL & E 2
FE] 0.94; KT FAAHLER AT, RABIER Nelson ¥E TG BE R* 2 0.90, ARAZ IEM) Simard 72 7 431
RN 0.94, B1EJE 1 Nelson iX PN & L1 =i # 0.95, M2 1EJ5 [T Simard VAT UL 5 5 52w 21 0.96.
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HIBE AT L, X Nelson yE3EAT A2 IR X i v TINRS B2 5 9 4 2

*® 3 IEIEERMARIZENERGT ARG TS HRIRE

Table 3 Revised and Uncorrected Direct Estimation Method Model Estimation Parameters and Errors

Modified direct estimation method Uncorrected direct estimation method
Model Parameters/Errors Quercus Pinus  sylvestris  Quercus Pinus  sylvestris
mongolica var. mongolica mongolica var. mongolica
o 1.081 2.144 0.595 0.445
B -0.294 -0.209 -0.161 -0.091
A 0.982 0.994 0.899 0.921
Nelson
R? 0.96 0.95 0.85 0.90
MAE (%) 8.27 6.86 18.33 9.85
MRE (%) 7.84 6.12 10.91 17.18
A 0.999 0.988 0.989 0.995
R? 0.94 0.96 0.90 0.94
Simard
MAE (%) 10.74 7.19 10.74 12.19
MAE (%) 14.48 3.53 14.48 3.97
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Fig. 7 Ranking of the relative importance of meteorological variables on the moisture content of fuel on the surface (a: Quercus
mongolica; b: Pinus sylvestris var. mongolica)

3.6.2 BARAY 2 P AL R B w AR

FERRY ) Z O, — o i I ZR B A AR 2 a] (0 B 0 e R W R 5 it 2T B A
25 [P0 AT R B oK ZE PR AL 434, 5 T AR S T RM) B 7K 2 R AR )11 401 R AN A R AE I G B B
—EMES), EBEE SRR E (epoch) (I HE N . IINZRERHE A FII i s 4 1R 40 2K bR HIOF AR 22 ek /)N, (3]
SN AAE 50 IRALIBWT T, BT IR ZE B8, ALK 31— ROR (B 8) o I FH A A ot 222 o) 2% T3 U A
TRA LR AT BRI 2 K R I B S 40 B 2 5 58 W BRI ER AT IR & KR I FE AR AL . 7RI ARTT AR, R
FARAR /N, AH IR R AN MR R 2 (G A X A o et ANWrkAR, W iz, Wil HA0r RiT.
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Fig. 8 Loss results of training and test sets of different surface fuel convolutional neural network models(a: Quercus mongolica;
b: Pinus sylvestris var. mongolica)

3.6.3 Bl 2 W %A A HAL

K FH A RHUph 8 I 23 A5 2R TN 2 AT AN Bk R 45 R, 5 BRHB R AT ) B oK ZE FNAUL & BE R2 DN 0.93,
MAE 4 6.05%, MRE J}y 8.87%; #&— oz vl AP & /K Tl 8L & B R? 9 0.90, MAE 4 8.11%, MRE
4.23% (R 4). X FR BN SE R R TR 5 K ) TR0 45 SRAR TR T A Hb R AT IR B K R

I 4 BIRHE M ARBI A B A ) 2Kk RFUNE IR E

Table 4 Errors of convolutional neural network models for moisture content of fuel on different surfaces

Forest Type R? MAE(%) MRE(%)
Quercus mongolica 0.93 6.05 8.87
Pinus sylvestris var. 0.90 8.11 4.23

mongolica

3.7 {RBU M BEVEN
3.7.1 REV AR TN 45 e H E LA rhE
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Xof T A 8 N 2 AR TR (A TR, $RLA 2R PN ) o A B B 550, AERR PR R2 BRI (B 9).
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Fig. 9 Comparison of measured values and predicted values of different prediction models of Quercus mongolica
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Fig. 10 Comparison of measured values and scatter of predicted values of different prediction models of Pinus sylvestris var.
mongolica
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Fig. 11 Time series comparison of prediction results of different models of Quercus mongolica
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Fig. 12 Time series comparison chart of prediction results of different models of Pinus sylvestris var. mongolica

4 WHB
4.1 PERIXS AT B4 2 7K R FIUMAR BLAL IE AD =2 M

FEREI R RY SEg b, AT AP /K AR AE ST S 3SR I AN A A e # o XA PR Y AERT IR (7K 3
H PS5 R Y K 2 AT K2R, RN AT RADAE R 2% AT TR R B /K IR s TRIAR K, 28 5 H B AR I AR
fk.(Baranovskiy et al., 2022; Viegas et al., 1992), iX5 Baksic Z(2017)HF 58 1] BRY) 5 /K R K0 (8] B 25 AR 10 42
—EU . PRI R P A 1) E KR 2 e R R R T S MRAE AT IR A a5 K AR OR, AR
B, SRS KR E S, MR TR (Pinus sylvestris var. mongolica) HiZ AT #RY) B/NEIR, AR B
(Yu et al., 2018). [AII AT LAE Y, i Fae R S50 75 2 1) rT BRI AN 5 /K 22 5 B 37 B3 W9 2% A0 1 (R0 i A7 A
—EMIZER, XA REAE BT AT RRY oK ZE K R i A AR T S 28 (Zhang et al., 2020).

PATHIRIE TR I, b — I ZIRT BRI 25 7K 850 AR & 7K 2 08 TnoAy SB35 IS o 302 R Dy £ A [) )
AN, BB 2T &Kl PR LU, RZIRR . XAEVE 2 T Y rh A5 21 1 78 4044
Bl (Slijepcevic e al., 2015; Ganatsas et al., 2011). [ERAESZE HOM ] A S /K 22008 A 225 (0 8g e, FE RN
AT LAY T BRI IR J2 BRSO i A7, X AEVE 200 78RS 3] 1 UIESE (Matthews et al., 2006; Anderson et al., 2009) .
FEARSEEG Y, TR ES BE O AR BB B NI AV 5 /K 28, {HAE Zhang Z5(2020) B FE T, AIAYIIR 2= 5 L
XFRIRY) B KR A BB . IX ] RS Ry AT R B LA AR Y, AMAT DL PR Y, S8 w] DAKE i ay
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BRI TR (1) AR IR A e

15 3 PP 264 T 5 AR LR rT A & /K S 3BK TO S AL v, DG RABEAUAR T etk AR R AL . X ]
AEJE BT o0 R ] R RN BRI E 1), T B ZIM TR S K 3R, BE RS S E R AT K
RIS AR AR . B, 3 B 2 i 5C R it I LR AR 4E 2 B K ) (Keane et al., 2020). SRTHT,
1Tk = BB K K A W SORT K 75 R AR PR R R 3 LA i 31 5 & R 7K P (Cruz et al., 2016) . FERET
Fath 2 v AP /K ZR G TSR o, AR AR SR A o ERAR O R ] DA ] v M 3R Ak B 9 2% A4 T 1
BRI KA, (ERE AT R R Z R RS« VB R AR S 5o ma ] R & K R 81k . DRk, JRZRHE
RO AR JFE PR AT 2, HL2S 5 I LA I %.(0ddi et al., 2019), B HHERAPEAN R I PEAR T 20 Pk Bl YA B 7Y
5 Lopes % (Lopes et al., 2014)FI HFERIGR AL . [ MU ARG FIRTAE 0T AP & /K 28 3 Rl - X6 % W9 2% A4 R vl BR4)
FOKERPAT R EEA L, ROBSAK, (EAAYEE FE M. BRth, A0 B edid 3 My fygdar, #—P
TP 5 TR B KB Z M EC R &R, AR T TSI 5 vl RS /K 2 BAA AR MR V2 90 14 () 4 B A
H(Liu et al., 2007).
4.2 PEREG TR EKEN HEER

e R, R R R R TR SRR BB ERNR, X5 W ALER
(Britton et al., 1973; Zhang et al., 2017). S BIKSFAWED), HSHFTBYIHRIK—EZE, FE
AR B 7K R IR Ak o B4 T AT DA B M T R ) 5 /K2R, LB R X 58 oy R 75 7K 3R 1 S i) LU o A 74 B A
BF. XELERH TSz R, UK RO ZE &, AMUZBNSN P R R R, 5% 5
W 7K 3 e 2 X1 520 (Babera et al., 2023) o [ AR WAV IR IR AHRT B4, #38 BE25 5 52 37K o3 IR WS R
MRS FE 52 R (Schunk et al., 2013). TEEFIRRH, TTAVIES, HAMKD LB HFET RS L, Kok
FR R /INADSEE 5 tH AN [ (Flannigan et al., 2016), X5 Bilgili (2019)F145 AL David 25£(2010)f# F 1B A1
7 TR HE O 4 R 2 S Tl 28 1P A O PR ) 3R m AR B /K 26, TERGRI SIME R , T AR A AL A
4505 Masinda 55(2021) I FoAHAL . A ASHIEFE FF A IS Aik B O 06T PTRAA) S /K 2R IR 2 ), XA e H T AT
PRV E KRR SR L T RS P U EE, tnT Re 2 B T A T B0 BRI 250 T aT R & /K 2%
EGK, L1 TS KBS U KR IR . SR, FER-Lemb g, nlRe<s L)
FENILE, X ARG T bR AT R IR 2 45 KA I AN 7% 248 1 (Schiks et al., 2015) . il BEXT AT RV & /K R A
BE, HF SRS 2 B (Matthews, 2013; Viney, 1991). SR, BT 2% 40 20055 15 6 ol R4 & K %
B h0 S, E I L A R AT (0 52 AT5 AR 140 S 2 (Chae et al., 2017) . bk, JXGHE AN HE 50 B2 ok iF 7 wh ]
PR 7K Z RS2 M AR L/ 03X 2 B HH T AR TP e T 5 BOE ISR EE Ak, DL AR AR R A 1 1Y
FEUAHE P 18 (Wang et al., 2023). A RESE H TR AR IR I [ (8] KR ECRE . A R 5E A 280 S Bt XU R R
Yy ESE Al
4.3 IRBTN SELE

AT TR R T PR B 2 AT A S K Fe i) 3 R PR A o Horr, ABIE S B B AS TE TG R B
M R EEUN, LA RO AR S KR AR R AR, TR ZE/N, K. 1B IR G I B, T2
ARG IE W B A THE R FERUESE T I 5 B B AAG TH R AR FE Y S5 T A A 5 B 0, AR FRORS i
Peimre S8 ARAR T H SR T A (1 B K S TINRS B2 v TAR AR AR, X T RER TS AR T AR, TR
IREEFILLER AR TE AT B, BE38 5], X —45R 5 Yu 502145 FAHEL. Zhang %5(2022) 1 H B #: Al it
ETATRPI S KR, AR EEEm TAM R . XEBELBETHEHARKE KN 24 N, TR KD
KR/ he, BATE SRR X UESE B RS FEAE — e R L SEARKIRBUP KA K (Yu et al., 2021,
Fanetal.,2023). fEE3ATHES, 75 SCIGHAR X Nelson B8 ) 28047411, B 42 Nelson 4
P—NEESH, B IHUE AT DA B S BT 115 7K 38 0 B A B U . B AR BB S, TR AR
JE R EE ) BB R b o, (/K BE S0 55 (Nelson, 1984). FEAREFUH, Z2a5 AR B 4axHE K TR T . R
MR AR K BE 7798 T4 AR, 1X 55 Zhang 55(2020)F11 Yu 55 (2021) T 78 25 SR AN [F] o 3 72 R AN ]
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ST T PR SRR INF ] 2 5 Wi T A4 (0 3LV B RN 25 M R AGE o (ELEDAE 7R 1E 5 A BB A T, e st
W IR BRI R AR AR R T, TR B PR R T 2 0 R AR A AT A R TS 7Y (Pickering et
al., 2021).

EL IR RELH 20 DX 28 1) FOUIDORS FE AR T~ B4 A v vE, (AL G B RO ARES, AR I T IREE S I H . 55 Lee
Z5(2020)FI LA 2% T T 10 A s 1R 2 o] AR5 7K e BRI 90 285 SRR, A RV 28 DX 2686 EL A 20 s 1) TR f
PEo X AER M 2 RGN, ©nl LR nT Y & KR 5 R PR 2 AR 2 L R,
f R LA . SAESNECF B, E B TR P @RERR A A JF HT R PO A A,
BERRE T IS K FE TR (RS FE (Wu ez al., 2022). Masinda 25(2021)/f F ML 2% bR T5000 1 26 7] B4
FKE, RMEENEE] 0.86, WEKT BRI ML, 1X0]HER FNGR A M4 S A KBRS, BAEL
(IRFIERZ IR B T, (R F0 3R B BEATLAR AR 0BG 1R = (0 B F W DRIk Fe s (i) B AR I 48 1524 (1) MAE 1
MRE {H 8K, TF 4.23% ~ 8.87% 2 [A]. SA1, H5—Leplae2= Wt FiMLt, REMM B, XI55 %
IR 2R (116 % X (Aguado et al., 2007), FIANARSCHEA LIR AR 3. 338 /K 40 ) Hh 36 n] R B /K 1) 5%
o 153 TIE IR, LK AR et SR T A S S . G, Rk DA% RS LS K=
RERUHE A, DASRAS B 3 1 45 5 (Rakhmatulina er al., 2021; Li et al., 2022);Fan %5(2021){# f} FSMM-LSTM il
) R2M 0.91, HERHREE SAIE AL A Y. LSTM H5HEAER N 2% J& T-4H Rl 2% 2544, {H LSTM A S fE ]
P A — MR FR, XAFAE —ERE FEEERE T RN R AR E T, ST I R
M

SR, TEABEFLH, BLEEAS VRN AR 1 20 0 280 AR 1y vy v A 28 A0 T K i AR B0 SR B ok ik A7 A5
RV, Bom b ) B o b TREASR . Rk, FEARRMIBEFE A, JE RIS 885 R, SRECHE K&
IBHRREAS, [F) I 4k SR 2085 B2 o i (A (Shmuel ez al., 2022) . [RIFAEASHE T b B ] DL HY, B RE s A
TOUIIRG FE (0 s A2 B Y, B LR AR B SO E A O . BbAh, 3 B RR R R i BRI R Aok
A JS2 PR S5 X R AT IR K ER RS A, AR v TR 5 K 2 T R A 12k

5 B&

AT TS AN [F) B W9 5 B T AR Akt X 52 i BROMRORIARE - A MR 2w R 2 /K Ze I A8 A 3R AT T 2 R B
5, HEET EKELIRA IR T EKREIEA, o B THET TEIE, S 7B AT
WIS KA T . BG, AMHT T B AN A KR I B AR R R R T, R S RIS IE ) B
TR A 2R 00 2 HEAT 7 PO . AR AT 15 25 43 BT A S 5 TOAEL ) LAt S WZE 2 N R 4R AF
B W R b — B Z AT A & KRR AR 0T R B K A B8 5 fERFAR LG, BIE e BT HE B A
U TR TRUINA i, AR S 7 PR O 25 A 1 6 R R4 5 KR AT LAEAT A RO o B AR A R 28 T 28 A5 7R o (4 400
LU A, (R RO TS B S, T LA AR AR S T B SR . ASHIF SRR A ST ARG TE R T
N 25 T b 3R AT IR 5 /K 2 TiimIASE R (R B LA J B S, R AR b H X AR K 9 () Tl R 5 B b HLA B L
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