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&, 2001) o 7E S AR A AT B 1) RUEE 52
T, FEWR A AR TR W . B, 3h
A5 R AL A B E LY AR AR IS RN b 7 o B
B, X T AR IS RGN S5 T RE
eRlIP o N AP & e S R X N S AR IR =S
M 2 X EE (Zhang %, 2000).

T SR R 1R T K R AT R A R T AR MR
WS, JUHEKeF A EFEAR (F
Landsat 251 ) W AWA R, A 25 BRARIS TR
Pl 55 FE AT KRB S S A3 . X T Landsat 45
G HER T REEER, AKX EAEE KRR G4
JC (Savage %5, 2015), HILTHFEAE WAL TRE R
AR TGN S AR BRI A 2 (RP7E 350
(Deng il Zhu, 2020). H FiH - AR 2E1 740 1%
B 55 FE AR B T vk R A AR AR A 180T
IR TL T2 . 1A A BT R AR 0 RO AR L i £
B, RS A R B AR T R b AR
JE (Okujeni %, 2014), i< @ 7 S0 AR 97 25
R BAIE R IE (LA EIERRAE , REBEHE B L I
TIREE 55 ) Z IR M SHAL, S T4
%7 o5 AL B R W UL T 2 —  (Guerschman
45 2009; Morsdorf 25, 2006), Z:HkE #5545
FEHE— R R B 3 (B anZe e R, ¢
F, HBBOCRE), RSN XK R BB, . AR
SRR IR O o i Reria= 2Bs B U 1 = K KR D
Shih Z PR BHE, HEST R R A R R
JZEAE R (Hansen %5, 2013; Huang 1 Townshend,
2003; Kattenborn 28, 2020). #KXiMi, #Hlass> Wl
ARSI S, AEAER B R . ATE . HER AR
NI PURE RN 4 T P RSN E | B2
TP AR A BUAS & . MERE K.

REGOT/ Y B S G, BEATE
KEFEA, BefA b EAR B 55 8 . RS
TR G PR PR BT AT RIR G 1R 00 o il A8 4 Sl 2k
FAELR PRI AL, Horph 2R MR A AL i oy 5
(Adams %%, 1995; Xiao fll Moody, 2005; e 32 7
4, 2016), BIC AR N B Iz I 2
IR AR, NDVIZR It /A8 b 5 i UL Y
FREL (B 4%, 20165 WiZR=2 45, 20165 XIFEHK
520215 FRECEE, 2022; ERAISKIEE, 2021).
AR I P E T, AeE (e &,
2020; SAEA A, 2016) A H AR £ (i
NDMVI, EVI) #7470 iR, JFAS T 5

RCR . R EAMEGRR G B AR, WA
ST ik TG IR A B (Michishita 5%, 20123
Powell %, 2007; BB %, 2021) Fidi oz H
Bk (LidE, 2015; ®IRGS 55, 2010). 152004
BRGS0 S5 R RN A4 s X5 1 1)
FEBEAE BE . SR P R B AR 1 0% 635 s S L
A IXINE, 1§00 45 FUE A s DXl 1 A
BREIIE, fEmFRIA s | LR 2. I
H IR A AR 053 AR 1 X 22 Fh i o0 06 3% =2 () A7
TEA S R, A fAS FE A (BRI 45, 2016)
X 635 R AE 43 FH AT B AN (] BRI TR0 K % ol
FIFHR A AL T 3 A U D S FL S 55 B ) R e

Okujeni % (2013) 454 LA~ > [ 4L 5
MO R GRS, AlEdR S TR A
A B A R ] U AR AR 4 AN ) b ) SIS 7R 2 5 B
SRS TR T o 207 AR BOA [F) ) 445
IS RRAE , I3 T2 ISR A R A R &
ek, MEEN TAMEEARE . DUAE 25 W1
BRI ZRFEAS , A TR M 27, o] a0 oAS i35
/KT (OkujeniZE, 2013, 2014, 2015, 2017). #4
B (Okujeni %, 2021). #Hi (Okujeni %, 2015)
LR ERE N ETLEMERAFEEATS
B )RR AELBICHRE Ao e T 7 5 R ST IR 9 R SIS A
FRECRIME H AL TR Rl (5K B 4%, 2012). F
JEHEAE (2018) A SCI 4l i oeot g2k (4
FEOCAHYE, ARCA MR AE) BEEEAS S
5t 1 66 4% Landsat 8 1R AL M4, w14k
HERBEFC AP E T . FFIUE T Landsat—
DF148%% (Dead Fuel Index) XfF3FGE 9% 5 o5
JE R A A R . BTN T A RUREAS FIBL &8 2 )
(6] A A5 A8 %)t ) 8 i B A BR ok At g B B iy
FHZ AR AR 25 &R G0 h AR 56 B2 A 38 (Okujeni
4 2013; Schug%, 2020; Senf%5, 2020). %%
T, 27 I AE W) 78 Ak I B R K oy 9% 33747 AR A
SR 56 8 S 1) 3 B0 DL R G A 8 S
IR R (BIan . V&AL, 2R DL RS FAN S )
i BE S s AT A RRR R

AR, WP OGIEE BAER R o R0 5 h A5
)z, IS TR HBR (Hemmerling
&, 2021) . AW (Wang 55, 2020; oL
&, 2016) #8 H 3T L AR RS GO L I R AE A
SF AR R o3 S AR R i 4 S B v N A K B
Persson 2¢ (2018) F| 4 0 AHAY MY = — S50
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X B b AR IEAT 4328, R EBUIR 2 0
AR (49 A5 L A1) B — B A R A B A A 3 20K
5 8.2% . K B[R] F 91 (1 B 4R 2O TR AR
(0 Landsat £51) $24E T 65 0 P OGIEE S,
2R R Ry PN LYK 7 o S SR € /o T
T FI A SEAE BE (Pasquarella 25, 2018) ., A1
IF P D3 A SR T AR RIS B R i 7 5 B A 55 1Y
YEIT Bk =2 5 B VP Al . T I (R 77 9 S AR ST A
[Fi] B[R] 450 32 19 N A5 OREAS I AT Sy [l I A5
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T SRS AR AE TR ORISR TR o 3T o5 2 S i
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T i J3E S A (I A AR R i S . R A
SRR FE T T RIS BRI AR P A 5 R e LA Ak
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O AR SN AE S D BEARE M, X T o AN 52 it €
TS RARAT RS2 A8 B DL KRR 0 X S A AL B
WX (Zhao%F, 2018). BLAh, KW FIEURM 2
RIS H IR Fh 7 36 B RS BT A, oA R S
A XF FE TR A ARARBI KA R 2ok 25 0 S5 AR SC o i it
TSR LR F1 2% (Vendldinen 55, 2020) .
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K X bRk 1986 4F:—2020 45 FRAR AR il 14 7 55
B2, B E L7 BRARS R RO Fh A o B2 S 1Y
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i A B PR B T 2 BT o R 5 BR bR R
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Fig. 1 Study area and example of Larix gmelini cover fraction
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75 78 55 W) Landsat 8 138 2 1 R %4 SR (Surface
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A Kb — S RE NS 57 A i IO DX i o Y
1%, HILABEFEX 2020 4F 7 7 F18 A WF5E X T A 52
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FAEGE e i o mE g e % (X (2) — (5) )
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Fig. 2 Technology roadmap(STM=Spectral Temporal Metrics )
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Table 2 Hierarchical structure of the image spectral

library and corresponding number of image spectra

AT AR i e
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i 8 %0 TCB (Tasseled Cap Brightness) . ZE i 75
235 B TCG (Tasseled Cap Greenness) FIZLE S
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Fig.3 Examples of synthetic mixture spectra libraries
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Fig. 4 Schematic diagram of ensemble random forest

regression model

33 BEEREREITM

AR B T AL EOL R A A G RO A=
B 23 [R5 BER R 2 m 9 o R B A 4027 b A
30 mx30 m A% FRoT (HL3t7734>), JF5r it A
b g Toks el L NN U 7 NN U o NI R /N
FRE AR B 35 5, DA S A RORS B 40 1 &
Tl ARFFEEPEALETRE REL (adjusted R, J&
ZLR N K R FNY 7 M % 22 RMSE  (Root Mean
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Fig. 5 Snapshots of average Landsat 8 spectra
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Table 3 Validation results of the forest type and species coverage based on different temporal frequency metrics
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Table 4 Validation results of forest type and species coverage from Landsat 8 single growth spectral-temporal metrics
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Fig. 6 The estimated results of forest type cover fraction (The very—high resolution images are from Google Earth)
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Fig. 7 Correlation between estimated forest type cover fraction and true value
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Fig. 8 The estimated results of tree species cover fraction (The very—high resolution images are from Google Earth)

ABEFE BT T e R AR, Fee Bt AR L K
M SR AR T I A DX sl ) 7 T BE AR AR . A B BE AL
535 T 100 A [ AR AER I ARAEARAG T A B A
2015 4 B RARIEZIC (464), K9k LikkEAR
1986 4F—2020 4F 1Y 78 w5 J& o W 2R A80 I AR bR Y
RN R I L S RS U N R
BT 79.4% M1 74.0% ., 2654 0 B
MBS0, AR (72.6%—92.1%) #i

ERFAR (40.9%—85.7%) 1Y 78 T 5 78 4F s [] 52 80
Pezh EFBGR . AT HEAR 0 RS X BRARSS Y i
132 (EVEAMGEITH T A — R, 75
BOT R RN R AR RS AL 8 56 B, T RE 42
FIZRMA A K ARG DL (Senf %5, 2020) . Fifi 5
[ AR Ak, B ARAR X R % 58 2 AN AR, Rt
ARFNER RO 55 BB B K . BT N T A BUFE AR
FITBE AL AR A [ D=1 A5 7R T 000 AR AR 5 8, RE B AT



FA A5 HET TG R AFBEHLAR AR ] YIS f) - i v ) FE AT AR bR R o 55 8 S

129

PR TP . 20154, o5 5K id PRz 5 38 o
MUEAT T KAk o RAKET, Z X8 Fa @ 1 sk,
SR B R R R 78.9% . 2015 4FIZ X I & A RARE

BE MR S5 R TRE R R 10%, BEJE 54F, %
FHARIX IR ) TS IR, B B e

LOW\J\/\ 1.0 |
ﬁé s ;% 0.5 ;% 0.5
® = ®
0 ) ) ) ) 0 ) ) ) ) 0r ) )
1990 2000 2010 2020 1990 2000 2010 2020 1990 2000 2010 2020
1] i 1] i ]
(a) FE5E A AR (b) R FHI A () BLBhit bk

(a) Stable broadleaf forest

(b) Stable needleleaf forest

(¢) Disturbed needleleaf forest

B9 AR AR LA 5 Bl (8] 22 1

Fig. 9  Change of forest cover for different forest type
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Mapping forest type and tree species fractions in China’s cold—temperate
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Abstract: Cold-temperate forests, recognized as the most extensive terrestrial ecosystems, cover vast areas around the globe and hold
important ecological and social values. Accurate mapping of forest type and tree species cover fraction in these forests across space and time
is crucial for quantifying ecosystem services and formulating effective forest management policies to ensure their sustainable conservation.
However, despite the increasing development of remote sensing technologies, studies exploring the feasibility of inverting forest type and
tree species cover fraction using medium-resolution multispectral satellite-based data, such as Landsat, in China’s cold-temperate forests are
limited. This limitation is primarily attributed to the scarcity of reference data and the restricted spectral information available in
multispectral images. Moreover, the quantitative impact of the temporal frequency of data acquisitions (e. g., single-date, multidate) on
mapping forest type and tree species cover fraction remains largely unexplored. The timing and frequency of satellite data acquisition can
significantly influence the detection and characterization of dynamic changes in forests, which in turn affects the accuracy of mapping forest
attributes. To address these gaps, our study aims to map the forest type and tree species cover fraction in Mengjiagang Forest, Heilongjiang
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Province by employing synthetically mixed data and a random forest regression model. We extend our analysis to three decades (from 1986
to 2020) of Landsat data, mapping the cover fractions of broadleaf and needleleaf forests in Mengjiagang Forest by using an optimal
broadleaf and needleleaf random forest regression model. The results of our study reveal the following key findings: (1) For forest type
cover fraction inversion, the random forest regression model based on the growing season median index (including spectral bands, NDTI,
and TCT indices) is the optimal model (achieving R*=0.76 for broadleaf and R*=0.71 for needleleaf). (2) For tree species cover fraction
inversion, the random forest regression model based on multidate spectral features (including the spectral bands, NDTI, and TCT indices of
growth and leaf off seasons) is the optimal model (achieving R*=0.40 for Larch, R*=0.23 for Korean pine, and R*=0.61 for Mongolian pine).
(3) Increasing the temporal frequency of data acquisition can enhance tree species cover fraction inversion accuracy (achieving AR?=0.04
for Larch, AR?=0.07 for Korean pine, andAR*=0.27 for Mongolian pine), whereas its effect on improving forest type cover fraction
inversion accuracy is limited. By effectively combining the advantages of synthetically trained data and random forest regression, we have
successfully mapped the forest type and tree species cover fraction of Mengjiagang Forest. Moreover, our study provides a comprehensive
analysis that accurately quantifies the influence of temporal data acquisition frequency on mapping forest type and tree species cover
fraction. This study offers valuable insights into the future mapping of forest type and tree species cover fraction across space and time,
particularly for regions with similar species composition. The outcomes of this research will make a significant contribution to the
understanding and management of cold-temperate forests, thereby supporting their conservation and sustainable use.
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