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An Incremental Learning Approach for Predicting the
Moisture Content of Forest Dead Fine Fuel
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Abstract: To address the decline in predictive accuracy of existing fuel moisture content models under temporal and
cross-species prediction scenarios, an incremental learning-based long short-term memory (LSTM) model is proposed.
Taking three typical forest stands—Quercus mongolica, Juglans mandshurica, and Betula platyphylla—at the experimen-
tal forest of Northeast Forestry University in Harbin, Heilongjiang Province as study objects, a time-series dataset was
constructed using meteorological and moisture content data collected at 20-minute intervals during the high fire-risk pe-
riod in autumn 2024. The extrapolation performance of the model was evaluated from both temporal and stand-type per-
spectives. The results showed that, compared with the conventional LSTM model, the proposed method improved predic-
tion accuracy by 46.54% and 47.47% under time extrapolation and cross-species prediction scenarios, respectively,
with mean absolute errors (MAE) of 3. 61% and 3. 97%. In addition, comparisons with a supplementary random forest
(RF) baseline model further supported the effectiveness of the proposed approach. The method demonstrates improved
adaptability to environmental changes and enhanced predictive capability across different forest stands.

Keywords: Forest fire prevention; surface fine dead fuel; moisture content prediction; spatiotemporal heterogeneity ;

time extrapolation; cross-species adaptation; long short-term memory; incremental learning
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Fig. 1 Photograph of the field sampling site in the forest
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Fig. 2 Moisture content and meteorological data collection results
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1062 AN I B FEab
3
35 5 o
) e 30| e
" ‘,'”" . predicted value
£ 25) £25
sz sz
t\: ; 20F ﬁ ; 20
4'\\:% I5F &[% 15
g 1or i —nsn R0
J true value
5k -~ FUHE 51
predicted value
0 . ) L . 0 L . ) . . .
0 50 100 150 200 0 20 40 60 80 100 120 140
WHAEAS /A A A
test sample test sample
(a) LT (RF)Z A (b) BB (RF)SMHLE A
(a) outline model (RF) results (b) outline model (RF) extrapolation results
35 30 30
— B
30 L o I;\I%F'(l e
- 25 - 251 :))r!cléllg?cd value = 25r
2 2 o8
=8 2} 820 S §20f
¥e Le Le
RELT g1 pt-BF
g «Z @z Bl
E10F — I E E [ — U
true value 10k 10F true value
5k === T === W
predicted value 3 predicted value
0 I L L L 5 L L L L L L 5 N L N h L L
0 50 100 150 200 0 20 40 60 80 100 120 140 0 20 40 60 80 100 120 140
WFEAS /A~ WREAS /A~ WHREAS /4>
test sample test sample test sample
(c) B LRMIM(LSTM)ZH (d) BELRAU (LSTM)S ML (e) Hl BRI AL
(c) outline model (LSTM) results (d) outline model (LSTM) extrapolation results (e) incremental model extrapolation results
El7 B#REIMEERITLL
Fig. 7 Comparison of time extrapolation results of B. platyphylla
=1 HEsrEidie LSTMERGFM ISR
Tab. 1 Evaluation metrics of the LSTM model in the time extrapolation experiment
" N 4 . =1 JONHE/ % HEERF/% HEER % _
P2 g B IET/% PREVREIIhIR/% JHEIRI% - IREEEINR% SRFHIEE/%
. . . . offline model incremental incremental model .
tree species evaluation metric offline model . . . improvement
extrapolation improvement extrapolation
g MAE 2.54 8.73 5.67 3.06 * 0.43 64.95
©) ezl RMSE 3.45 9.37 5.88 3.49+0.46 62.75
S MAE 2.88 5.78 227 3.51+0.25 39.27
J. mandshurica RMSE 357 6.64 252 412026 37.95
e MAE 2.12 5.73 1.48 4.25+0.49 25.83
16h spetyypplal il RMSE 2.81 6.18 141 477+0.42 22.82
1 MAE 2.51 6.75 3.14 3.61 46.54
Mean RMSE 328 7.40 327 413 4421

T EERI=EAIMERE-HEIMERE  IRTREE T EIMESRIGEITR.

Note : Incremental improvement=offline extrapolation error — incremental extrapolation error; improvement rate was calculated based on the mean

value of the incremental extrapolation results.
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Fbo Z5IR3RHEH , RF A AL 7E 5 A A Ft il 2% £ T BY MAE
5. 009%~9. 67% ,RMSE 1 6. 28%~11. 80%

SIATELIE &7 ), AT &R,
MAE [% % (3. 25%=0. 43%) ~ (5. 06%+0. 08%) , RMSE
(3. 81%+0. 36%) ~(5. 98%=+0. 10%) ; E: 515 MAE #1
RMSE 433114 3. 97% F1 4. 76% , 5 LSTM 3525 S M55 5
5y R 47. 47% F145. 12%., Vi BHR B2 5] 75 AR S
REFRIER AT 55 1 B B8 L B 0 1 BE AN B A A
TEME o AN [EEAL A T 45 5K UL ] 8— 18T 13, iR 4R iR
R34,
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Tab. 2 Prediction results of three models for time extrapolation
9 . _ e o LSTM &4 % b ] %
e TS REBAMI/% REB44ME/% PERSM /%  MEEIR/%
. . . R . . LSTM offline incremental model
tree species evaluation metric RF offline model RF offline extrapolation R .
extrapolation extrapolation
MAE 3.77 6.83 8.73 3.06 +0.43
ELn
Q. mongolica RMSE 526 719 9.37 3.49 £ 0.46
MAE 334 367 5.78 3.51+0.25
EABEK
J. mandshurica RMSE 3.77 493 6.64 4124026
MAE 424 5.10 5.73 4.25 + 0.49
H i
B. platyphylla RMSE 5.24 5.99 6.18 477 £ 0.42
MAE 3.78 520 6.75 361
¥11E
Mean RMSE 476 6.04 7.40 413
=3 BHMIEEERXELSTMERETEMIER
Tab. 3 Evaluation metrics of the LSTM model for cross-species adaptation
w MR . - - et e BIETH/% W % ~
e SRR epmmes mamms RIS /% SRR /% SRESME/% ST IEE /%
. extrapolated . R . . incremental incremental .
tree species . metric offline model offline extrapolation . . improvement
tree species 1mprovement extrapolatlon
MAE 2.54 8.71 5.46 3.25+0.43 62.69
HABARK
RMSE 3.45 10.18 6.37 3.81+0.36 62.57
EL
Q. mongolica MAE 2.54 9.71 465 5.06 +0.08 47.89
B
RMSE 3.45 10.08 410 5.98 +0.10 40.67
MAE 2.88 7.89 3.85 4.04+134 48.80
Egap v
RMSE 357 8.88 415 473+1.36 46.73
EAMEAK
J. mandshurica MAE 2.88 828 3.69 459+020 44,57
=g
RMSE 357 9.88 424 564+ 029 42.91
MAE 212 5.00 1.42 358+0.73 28.40
Shik
RMSE 2.81 5.81 1.43 438+ 0.66 24.61
H i
B. platyphylia MAE 2.12 5.79 2.47 3.32+0.43 42.66
RIS
RMSE 2.81 7.19 3.18 4.01+0.39 4423
MAE 2.51 7.56 3.59 3.97 47.47
¥1E
Mean RMSE 3.28 8.67 391 476 45.12

T EERI=EAIMERE- B EIMERE IR REE T EBIMESRIGETR.

Note : Incremental improvement=offline extrapolation error—incremental extrapolation error; improvement rate was calculated based on the mean

value of the incremental extrapolation results.

2.3 AEZBEFIVRSF

AR AT AR, 72 A 2 AL NS A AT A2 & e 2
MUIBIZ T, 85 585 2 LSTM B8 A TGRS [ B AR T
A LSTM AR fE 5] A RF RN B2, 3
B LSTM B 3 B0 th B RO P i o IX5RHH, =5
SR FFERMRAL R AR B A = A AT

ARG T Y ZRAE AN B SRR M DACR R
ERE, w5 AF BRSO, G TR
T PGP 2 - HO i N E

FE A AMEIR S T, 2R B S TR B 2 (Rl 17
FEIHERNAS A ER, R JJEE SR E 2=
HE— 2B SN ] R 5 7K R SRR R+ Z AT Y % R 5%
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Tab. 4 Prediction results of three models for cross—species adaptation
Rl MR AR TN ER RE B 4SME/% LSTM B £k5ME/% HEEIME/%
tree species extrapolated tree species metric RF offline extrapolation = LSTM offline extrapolation incremental extrapolation
MAE 9.11 8.71 325+0.43
BRI
RMSE 10.20 10.18 3.81+£0.36
Stk
Q mongolica MAE 9.67 9.71 5.06 £ 0.08
H
RMSE 11.80 10.08 5.98 £ 0.10
MAE 5.00 7.89 4.04+1.34
EE
RMSE 6.28 8.88 4.73 £1.36
BRI
J. mandshurica MAE 598 8.28 459020
H#
RMSE 7.31 9.88 5.64 £0.29
MAE 6.44 5.00 3.58£0.73
BT
RMSE 7.47 5.81 4.38 £ 0.66
S
B. platyphylla MAE 5.09 579 332+ 0.43
EAEIRK
RMSE 6.43 7.19 4.01+0.39
i MAE 6.88 7.56 3.97
Mean RMSE 8.25 8.67 476
45 = 45 45
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Fig. 8 Comparison of the extrapolation results of J. mandshuricabased on Q. mongolica
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Fig. 9 Comparison of the extrapolation results of B. platyphyllabased on Q. mongolica
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Fig. 10 Comparison of the extrapolation results of Q. mongolicabased on J. mandshurica
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Fig. 11 Comparison of the extrapolation results of B. platyphyllabased on J. mandshurica
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Fig. 12 Comparison of the extrapolation results of Q. mongolica based on B. platyphylla
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Fig. 13 Comparison of the extrapolation results of J. mandshuricabased on B. platyphylla
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