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WE: [HI] TR, @iT ICESat-2 ) LIDAR %4 5 Sentinel-1 ) SAR %#f& . Sentinel-2 {6545 LA K H A
AR R RS L IR EFRANR ARSI SRR 2 e A TR, XA [RI AR RS HR 0 RIS kG B AT BRr e A
Feses [RIET, R BEATLARAR 710 S REUAN RIS o B A e R AR B A S SR Hh - A B B MEAR 4y, R AR B AEAS A At v g
HORFEIE AT e s LB b . L0792 B, TR SR 000 R, @ HLE lidar SIS 3 10562 = 50 0F ICESat-
2 PR ATLO8 7= iR i FEFE bR (RHOS) MIKEFE: BlJS, FREL SRTM iRt im g B 4. $2HL Sentinel-1 T
S SAR R FRAEK VV R VH 85, Sentinel-2 TURFDE A IR SCRFFE . R FEECR AR VB RFAE . G 1o b 22 ]
1% W5 USRI 0 X 3P BT/ Rl AR AR B A5 B, BT BN LA VA IR R DL S B0 WA IX 43 AR B R0/ el R A%
RIS B (0 76 2 o P A AR, o MY (RS R AT IOAIEAN UG, 800, R FH AL AR 7 VR SREAS R AR AR 28R ) I8 Ay B3 0
e AR, RS rh AR R AR A i R R R A FEAT i S LU R o A, L4576 250 m S[R3 R, ATLOS
PRALH) RHOS = FEFa S 413K lidar [IE (176 2 B LA s i) — 3501, %R R A RMSE 439309 0.80 1 1.98 m; A X 4-#%
PR TG T (1) 7 J2 1 P A U A2 P S S PRI T4 R/ ) AR AR PRSI L 43 B T () 7 2 R P A VA R B, DA 1 DO
S 7 (P ANS 2 HEAR R AT RMSE Z35009: 059, 0.72. 0.59. 0.62 F13.68 m+ 3.15m. 3.37m. 3.26 m; FERLHUM AT IR,
ANRIASAL X B (R A A AR AL 5 A8 b 28 B N, FLIR— A A AR SE A Aot B BB MR B A7 B 22 52
(5510 1 A T 22 PS50 ) ih v A ST (RO AR M et J22 i P T ASE R T DA A R EOOK X 3 P 2 R S (R AR i 2 v P A R
FARAE AN [FIRR ARSI 50 55 S A VT AR (RS O B i T o X AR AR B BT ST A TR B ARG B, A T DX 2 AR AR A 2
SEAG TR D o AN [ ARARIE NS B B R AR B AR AE 22 57, (HR I T SR U AL TR BE AR & P (W 45 4y
Z AR T AN AT B N BB A 4, R T B 2 IR SRR S SRR 2 e R R R PR A B

J##iR): ICESat-2; Sentinel-1; Sentinel-2; HUE(EE; FHFMBEL, WERE: VRN, SMUTE

Forest canopy height inversion considering forest types based on multi-source
data

Abstract: [Objective] Based on the Random Forest method, forest canopy height estimation models corresponding to coniferous
forest, broadleaf forest and mixed forest were established by synergizing ICESat-2 lidar data, Sentinel-1 SAR data, Sentinel-2 optical
images and topographic data, and then the accuracy of the established models for different forest types were validated and compared.
Meanwhile, the optimal variable set corresponding to each forest type and importance score of each variable in the set was obtained
with the help of Random Forest, and then the contribution of each optimal variable in the model establishment process was compared
and analyzed quantitatively. [Method] Firstly, the accuracy of the RH95 height metric provided by ATLO8 product of ICESat-2
satellite is validated by comparing with the canopy height derived from airborne lidar data at different spatial resolutions. Subsequently,
elevation and slope data provided by SRTM product, VV and VH provided by Sentinel-1 SAR data, texture features, vegetation index
and Dbiophysical features provided by Sentinel-2 optical images were obtained. And then the cover information of
coniferous/broadleaf/mixed forest within the study area was obtained through the NGCM (National Geographical Condition
Monitoring Project)data. Based on the Random Forest method and the above derived parameters, the canopy height estimation
models for whole forest (Not distinguishing forest types) and coniferous/broadleaf/mixed forest were established, and then the accuracy
of each model was validated and compared. Finally, the optimal variable set corresponding to different forest types was obtained though
Random Forest method and the contribution of each optimal variable in establishing the estimation model was compared and analyzed

quantitatively. [Results] The RH95 height metric provided by ATLO8 producthas the best consistency with the canopy height derived
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from airborne lidar data at a spatial resolution of 250 mwith the R and RMSE of 0.80 and 1.98 m, respectively. The accuracy of canopy
height estimation model established without distinguishing forest types is lower than that of estimation models established for
coniferous/broadleaf/mixed forest. The two accuracy indicators R and RMSE corresponding to whole/coniferous/broadleaf/mixed
forest are 0.59, 0.72, 0.59, 0.62 and 3.68 m, 3.15 m, 3.37 m, 3.26 m, respectively. In the process of model establishment, the optimal
variable set corresponding to different models contains different types of variables and the number of variables within each set varies
obviously, and there are also significant differences in the importance scores of the same variable in different sets. [ Conclusion]

Spatially continuous canopy height for a large area with high precision can be obtained by the estimation models established in this
study by synergizing multi-source data. And the accuracy of estimation models considering forest types is significantly higher than that
of estimation models established for whole forest, proving the necessity of establishing estimation models for different forest types.
There are obvious differences in the optimal variables corresponding to different forest types, but the sum of importance scores of
vegetation indices extracted from optical data in each set is higher than that of other types of variables, demonstrating the importance

of vegetation indices in predicting forest canopy height through multi-source data.

Keywords:ICESat-2; Sentinel-1; Sentinel-2; topographic information; forest type; canopy height; Random Forest; optimal variable

AMIE Z = JEAE R B B e —, RFAEMES B IriEER . R4 IR Z A
1 E 254 (Dong et al., 2003;Lefsky et al., 2002), HEfHIREUARMIE )2 = B 9 48 i = 0K A B T 7%
M RN ZE 78 Y 28 (Simard, etal., 2011; Zhang et al., 2016). S8 SEHb i & 4544 48 77 vk mT DA B ks B 1 AR Ak
s E L, AHZ ARG 2% Ay, A DAAE R I [R] PN 3R BCRER X 4 A 2 [A)ZE 285 () AR et J2 1 A IR 38 JB
AR RO R I AR 2 —, 1 AR B BER . R B2 v AN sa O B BRR i, sz th A T
TR = FEFRHL (Rosenqvist et al., 2003). TEFTH REKF AT, BOLTEIL (light detection and ranging, lidar)
TRI AZE S BT 1) B RERRAREEAT LI, T RERS B SRR S M =415 5, BRI E 2 = HEP o
MRTEE 2 i FE PR B T R Tk, L AESR, KR 7S LR lidar SRR 2 & B, 5 m RORS FEAIE
B T ZH AR RIS 2 S R E R 71 (Wulder et al,, 2012; Alexander et al., 2018).

SR, 5 BIALEK lidar AR EAR AT DASRI RS FE I AR MR et J2 v B2, EL 8 v 1) B8040 SR B 1 A A 45 0 LA R FH
EHAGREUB TG N B ARG 2 5 B o FE 3 lidar BRI HH IR G b fife e 1 bk [l R, 2080 6t 1 B 07 ) AT
BORH 8 25 YO /3 H A 4 lidar 78K I 8] P9 3RA5 DXOIEOR B B 28 3R ) AR MOE 2 =1 BE O T AT RE. R
R lidar 1, EFEEZEBEMKR (National Aeronautics and Space Administration, NASA) T 2018 4F &k
S ICESat-2 TLEAGH] [ BRI 2 1500, ERMIE = Bl B A3 72 M. 2 EERFEMEHET
HHOEOE I T 2R Gk B A M i (Markus et al., 2017; Magruder et al., 2018), $2fit 7 M ATL00 & ATL21
L 21 A2, o ATLOS 7= it il DUR LI HIE . ARIRERAMNEZE S, il 558 HPLE lidar 048
et 2 = BE AT X L, 17 S S B 215 B T UESE (Neuenschwander et al., 2019). #AT, ATLO8 /=
i R BELL 100x14 m AFEAR SR CIRER UM ARMOE JZ M, Toid i 1™ it BRI B HDE S AR ROR J 2
15 B (Xing et al., 2020).

N R ER R, TR S MES S HAR S lidar B A 456 LA R MOE 2 = BEAL T
PR (Lietal., 2020; Linetal., 2020), BEX#MAT KR (European Space Agency, ESA) T 2015 & %} ) Sentinel-
2 5 PR OB — AW RS, 1% TR Reig R R I [A] Y SR L 78 55 A BRI A58 . i
K, Sentinel-2 T #HE Ol — e it 5T TIREIGR MR =i B, JFIAS 74 NI 45 R . Lang et al.
(2019) I HLEI lidar M1 Sentinel-2 Hod AR A RCDIRIL 1 B 5 RE MU R 2, UESE T M Sentinel-2 %5
it SRR FE AR SO AR AR TSR DR M = B I BB . A FLAR B 1A (Synthetic Aperture Radar,
SAR) &M LB UM IH A, AT PLA R (R R AL Bls I A2 RS2 . R, iZE0R A LA

S

ojl

1573



5\ EAOE AR 2 S18 B LAE S MU 7> 2

FNCEER R AR AR 7 2 B S A sk i o RIS, B TSR B — e MR &R 71, HA5 5 mrLL
EERMIEZ, TSRS 2 S8 MM EEAHCIEE. EaH ?éZSAR fEREEI AT, Sentinel-1 T
O8I TS TER MO )2 S, Nandy etal. (2021) 1 k=208 1S ICESat-2 £ %% lidar (45 fl Sentinel-
1 ) SAR #¥ b AT R AGE 2 = FE AL TF, 1ESE T Sentinel-1 PR #ETTH C JEE SAR S AL 2 v #
(VH 1 VV)FER R JZ o BE A T H A A () B AR

BlL#8%%>] (Machine Learning) J7VERAHHEEIREMR. THSEOHEE. 730 mAl B3 68 758550
B, T T 2 YRR B R A (Liu et al., 2018; Maxwell et al., 2018). i, & EACKRERZ L
#XH (Random Forest, RF) J7¥k, %7 yE%E TS MBENLRFAE LB, DLER A ks B 10 4 25 4 BTy ) 44
(Belgiu et al.,, 2016), {EN—MEZENE @R, O 2T @AW E S 2 IEEdE h IR B A2 &
Z [Al 4% (Ahmed etal., 2015; Lary etal., 2016;Tian etal., 2014). [Fff, &) RF {5 IhAg, AT LA @A
BT, Mﬁﬁﬂ%@ﬁiﬁrMﬁﬁﬁiﬁﬁ%A¢%Iim5ﬁTAﬁ,ﬁuﬂﬁmﬁﬁ%ii
FERG R ok B8 b R 45 B4 FH AT 58 B LU BOR 4347

[RlG, AH 5824 TREWLARAR 732, J@id ICESat-2 23X lidar £(#%. Sentinel-1 1] SAR %(#fi. Sentinel-2
IG5 SR S5 BRAR A AN 7 A B UIAH SC I T8 2 1 P [R], 23 Al A 7 X AR (BH/RER) HARAK
7tk )2 e P SR Y, FEX AR (PRS FE AT T IRUEAIRT b s [RIE, AR A I AR R S A B R AT B
M EGE AN 3 AT o ASHIF TG FE 11 ek J2 v P S R ZR A ST 1 3 I 2 Y S B SR O IX 3 P 2 ) 44 ) AR M O
JZ R B B AT R DA X 73 FRARIS T 43 ) Sl S A B PRy B[R] B, AR S8 3R B A [R) BRopR S A6 92 ) e G
AR AR AR G rh A B ) B M A (B R R ST AR OE 2 R S AR I AR R e B R N 2

1 R XM

WX AL T BV MR B (46°147-46°17'N, 130°34'-130°42'E)JulE N . MEpg BT B BITE &
i, KEILRIKEEILRE, MARZN4.42 x 103km?, SR RIS FAREE. HF 78 XS
i J FE W K Pttt 2= VS5, DUZE B, PR SRR K &5 0 3.6 °CHl 523.4 mm, H4F 5-9 H 2
K& (http:/http//hl.cma.gov.en/) . MEFFARIX S VT FEMMRIX 2 —, H2H W R EZERARM A
FAREHL . WE T AR 55 R AN 35.1% (2017 4F) HREARFRE L, FEAQRFmOm. K. 4
v EMESE: BRARMAL, W90 XA i 78 55 2 BN RAEY) (FOKRANR ) I . F 9 DX 3 1) b 2
LB WLEBEO T IE HE 78 5 X8 DS 78 DX ek 4 R e/l AR AR AR A B 1 P e
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Fig.1 Location of the study area and spatial distribution of airborne lidar data, ICESat-2 footprints and forest types within

study area
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2.1 BURIRERK: sk 38

AW T ICESat-2 A2 %k lidar 4 . Sentinel-1 [F/E %% SAR % . Sentinel-2 [ E# L F 14
HIHE T B0 T4 8 AR 2 v B A AR A, ) P 0 5 M 00 5 40 R BT 7 X A P AS [ R bR S R ) 7
B MLEOE lidar Z0d # F T 56 108 i As) 8 A 2R FT RS i o

2.1.1 ICESat-2 # 4%

KHFT 2018 HEfF) ICESat-2 (Ice, Cloud and land Elevation Satellite) T2 2t #) i) B it H (1) 52 32 LK 5
JE UK o e AN A R v FE RO S L, 3o e AT T v b X 0 00 00 g 4 Bl A A ) 1 28 A8 iR
ICESat-2 P& P 7T HUEOEHE L (photon-counting lidar), AT LA DA% & 1 2 & R M BN 1,
HREOH 7 J9 R (=X, RIEH TR, FNBOLEE — Dt — g8l —EX MR
5 4:1 (Neumann etal., 2019). ICESat-2 $#2{L[] ATLO3 7= it — Fhr i i B @ AL/ 6 T =7 o, H I EAE
B R A R I B NP . Al DARGANN (Differential, Regressive, and Gaussian Adaptive Nearest
Neighbor)553%, %F ATLO3 K FHTS 5tk A BEAT AL BE LIS 215 506 7, BEJEXHME 906 7 T pE AL 3, JF
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P HR 5 Rt Z TR S+ el 20 F AL S+ = A 288 (Neuenschwander et al., 2019;) . & T ARG T,
LA 10014 m NFEARFBITAE N ATLOS 77 5h, %77 dn AU AT DUR LR AMGE = 8 LIS B, B rT ASRAS Hopt 5
TR S A G B2 4R AR (3R 1)

R 1 ATLOS F=RINEEEELEIDE

Tab.1 Main vertical structure metrics of ATLO0S8 product

e J e B

ik
Canopy height index
Description
Hcanopymax BN 5L e PR AR O B KA
Hcanopymean AN 5L e PR AR N P4
Hcanopy yin FAAN 5L e PR AR N /I
RH90/95/98 90/95/98 73-fir 115 iy vea FE 4 4

WA 2 B0 BB JC SR, FF ATLO8 7= 5 ) RH9S $i5 A5 /E Al 7k 25 ey B Al TF A5 284 11 [ A =
(Neuenschwander et al., 2019). AHF 5t M 5 [E [E 5 0K &5 505 H1 0> (National Snow & Ice Data Center) F#K [
2019 4F 1 2020 4FHTits B9 ATLO8 %, MG ATLO8 7 it B AL A I E i FL IR Ik, AN 78 2K T AN
5E i P YAE A s AT R PR AL EE; B S, £ BT NGCM 4 B3R 130 78 X 8 N FR AR /AE R o A 15 2
T LA A B 1 AR IX 451 ATLO8 %4 .

2.1.2 Sentinel-1 # 4%

Sentinel-1 ARG HF B LA (1A F1 1B, ZASGEVI AN 6-12 K, il C BRI SAR
SRICAERTE I 5 . BT SAR BIZIERE ST, RGEIERAEAZ RS PHG IS 1 s H B AA 42K
BRI RE /1 (Li et al,, 2020). [FIN, RGRUEREIREUN (0 VV A VH)XS R EFR B -+ 78
J& FAZH AR SCH ARG (HH 8L V)AL (HH+HV 8 VV+VH, H: KF; Ve TE)EEER (Lietal,
2020). AHFFILAEH T 2020 FAKFETI(6-9 H)I 42 5K Sentinel-1 B (A3 HE3: 10m), A HdEY
1T GoogleEarthEngine(GEE)#2 /] “Sentinel-1SAR GRD” ##EFE#4T N4k, HXTRAWE BT 7T ES
FRAb 3

2.1.3 Sentinel-2 # ¥

Sentinel-2 L& (Sentinel-2A 1 Sentinel-2B)& — MK . M #REMZHIERE RR, ZRFRM
FAG 2 M3 (8] 4 2 10 2 638 2508 BT DRSS R B I R TR R B, B 2 8 H T XK 3
BEEEIR I, FF 2 % R G HE ) MST AL 25 K red-edge % BOSRE B A2 KRB+ 70 B, 7] DARR AT
HEFERE A KRS (Liu et al, 2018). HITE AP FVFZRFAE SR AT, PISLABE LG T 2020
FAEKT(6-9 H)IE 186 5KkASZ =252 Sentinel-2 BIE, 70 AIEFE T 10 m P B (blue:490 nm,green: 560
nm, red: 665 nm, NIR: 842 nm)F1 20 m P B (swirl, swir2 Fl red-edge ¥ ). PR )@ T Copernicus
Scientific Data Hub. SNAP 1 GEE #H47 T3 2~ B RAESEACHE, FRIREN T @A PT 75 A 8 F8 SR e B
RRAESEHR -
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2.1.4 SRTM # 3%

AWt 5E4EH SRTM (Shuttle Radar Topographic Mission) 7= i3k B 70 X3 B FRA5 2, 1272 i 1) 25 1)
Gy FREN 30m, W] LB AL AR | 3R 1) S R A 1R 4 A A AR B DA DG U B (95, 2012; Ying
etal., 2012; Zhang et al., 2016). ZEAHFFTH, FIH GEE HF A3 7 SRTM ¥, 3REUT 78 350 70 X 381
AR S I TR IRAT T IR R 1) H i
IJa, HERICT 23 AN T @R AR, A AR R i ARV ERRRE 7 AR R SUHRHIE
“VV&VH” Al “HiIBA5E " SLT2E, Pprdelias & B ARG Bk 2 os.
R 2HITERESN ERTE

Tab.2 Independent variables for establishing estimation models

AR A4 TR Eii:po PiES
Variable name Description Category
LAl AL LY ERERAE
FAPAR JeEH RS
FCOVER FEW 7 i 5%
RVI NIR/R ER ISR
EVI 2.5%(NIR-R)/(NIR+6*R-7.5*B+1))
DVI NIR-R
MSAVI (2*NIR+1-sqrt((2*NIR+1)2-8*(NIR-R)))/2
NDVI_B84 (NIR-R)/(NIR+R)
NDVI_B85 (NIR-REL)/(NIR+RE1)
NDVI_B86 (NIR-RE2)/(NIR+RE2)
NDVI_B87 (NIR-RE3)/(NIR+RE3)
NDVI_B8A4 (NIR2-R)/(NIR2+R)
NDVI_B8A5 (NIR2-RE1)/(NIR2+RE1)
NDVI_B8A6 (NIR2-RE2)/(NIR2+RE2)
NDVI_B8A7 (NIR2-RE3)/(NIR2+RE3)
ndvi_Contrast T E1g 2% SURRHE
ndvi_Entropy HFE1G
ndvi_ GLCM_Variance T E1G 2
\a4 J5 17 U WV&VH
VH J 1R B
elevation e HEAE B
aspect R
slope i In

2.1.5 I E LN IE

FIUFREFE WM H  (National Geographical Condition Monitoring Project, NGCM) T 2013 4 )& 5/,
I H G S RBU . ARSI SR TE R, B AR [ 8 P 0 e 3 A R AT ) A I 2 et
TSR ER 2 I H 5] 1 2R 2% 4 I BUBRAS . (Zhao et al., 2016). NGCM 7= i 2 850K 73 0 12 AS—2% 2. 58
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ANTRIR 135 D=GER, BT R B R AR AL S A X 12 e R PEREAT T VP4 (Yang
etal,2017). Ub4b, JIE “PHRAGLE. — a0l ” A b FEHRERS 36 AR 5 B 2 X NGCM 7= i 1) i =
BEATIEH(Wu et al., 2017). AHFITILEE 1 2016 FYCEE A 50 7T XK NGCM #idfs, I (& Bh iz s 3R
THIFCX IR AR CEFRR, R ARATIR M) I 2 fs .

2.1.6  #u# lidar #3E

AWFFEFIH SZT-R250 Ml & R4 T 2019 4 6 JHAR1T 1 &G FE ALS ¥, $ioifs (78 22 Y0 Bl & 1 s
SZT-R250 W& R H T E AR MR, ZRGEMN T LB 2RI IEERSR (Global
Navigation Satellite System, GNSS). P H.7C (Inertial Measurement Unit, IMU). B[] [/ 25 555 R 42 il
B, Z RS E R EIEOETIL A MiniVUX-TUAV, H R S5 2 R RS B2 53 51 100 kHz F10.015 m.
fE GNSS Al IMU HJFEBI R, RGuiRHt T 2 Mg A E, rTRALL 64.5 pts/m2 [°F-350% BERAS SEh) =
Bl o AW LB ¢ L AR R LR LIDAR360 FAF 3R U ALE, lidar 24 E 4T PiAb e, J@at 57
T JE G 1 A S b T R Z A SR BOE R, I DA I Dy B e T S5 B N N %51 = i R 2AE,
RIS X 0T I FR) i 2 v B L SIEAEL, T 3 i T4 2 1 7t J 2 v AR RS FE

R, FT WGS-84 MR AHIE 7048 FH (10 B 8 1 A7 38 B A 7] s R AR (UTM)RE (52N); B, R
a5 3.1 W E KRR HER, XS I R AR AT & AL IR B TR R 250 m A3 HER

2.2 BEHLARK T 3K

AW FUE I LR TV 57 ICESat-2 S i i 7d 2 i BE 4R AR5 2 T 2 YU s R B 1 22 > A AR 2 )
R AR, MBS AN RIBRMR R R T 2 m Al TR BE S, R BE A LAR PRS2 4 B0 D BESR AN [R) BRobk 2 1Y
Xf LR R A A B AR AR & rh B AR R EEMEAS 0. BENLARAR (Random Forest, RF) /& —Fh: TSR 1) 53
277 (Mandianpari et al,, 2017), HZMEREIEEL 3 KM R, EH “bagging” Bl “bootstrap” Hik kK
K EAFKYIZE T4 (Tian et al, 2016; Dong et al,, 2012), £ KA R H AT KA :

h(x, 0,0,k =1,.2,... (1)
b x NN RIREAR A&k ONRER NG 0, 958 k DN IS8 &, 8 R M HAESE 73 A 1
Pl . xFFARNZREEA, BN REMR IR R B0 R R, MR IEAGER 7R, RAN)E
iR H % AR E (Shao etal., 2018).

T RF AL LIS AR P LA B 5 ANBG 58 1 L BRME A HRe )0, SR ERA 5 i & 1
TG00, IF H T AEA IR AR B 5 00 T AL BB T MmN AR & [, Jd T B 0 775 v] DL 3 AR B ) 8
Yoo ZTEE IR — M, SAEMEAI 484 (out-of-bag, OOB)WLIN T RS (Breiman et al,, 2001); #A)5,
XA N AR B AT IS, TR BN N RS ME, PR IGRS I AR AR5 1
AN BN (i 28 . F AR RN B (1 B P A2 AR ] Lhad s DA T 2B B3R A5 -

(1) A A fige ke AR B R @ SL AT, ARG SRR M 1A B OOB B AN E L1 77

(2) FHRAF B ACHI A I AR BAE HIBRACER, T A2 1) A0 B B Y

(3) HEAEXLPIR, HEAIGRGH) OOB (HANAL & EZ ATy, /s OOB R B A & 4 & B 1%
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AN R AR RE S, WSR-S Th A AR EEZ S R YA B H A 1 E 2SR I)

3 HREH

3.1 ATLO8 FE R BIEE

BF 9T XA 1) ATLO8 7 it ) RHOS a1 FEFR A I i j et J2 = BEAL T 2.09-36.65m 18], HAFIAME N
16.07m, AWFFEHEHLEL lidar SOEAS 2 2 & AR e = m B 9l FIFZ B £ T ATLO8 /7 i
SREUI AR J2 15 B AT B0 UE o« O T 3R UEARF 72 X 3 RH9S Fa b5 FIAERATE, LA ICESat-2 /2 EP [ A7 B
By, THEL T AR R E R 3T U lidar 5= 8005 S s 206 2 = 5 RHOS = BEFR AR e i) —Eik. A
RS NLE lidar BOARAE T 145 MARAIHER TE B IR =P EAL, @0 ML = 5 ik
ITIGAEEE, JESRELT 48 h_means h_median hog~ hog MRy, AE NI AN E EEFERS (Lietal, 2015). HR¥E
WHEER GNP, EIFE 10m. 30m F1 250m =35 N @ AL lidar 8RB0 2 =
HFH S ATLOS $2L1 M EFa AR A1) R Al RMSE PAMFE 48 bR, 45 R0k 3 FioR.

3 FESTHHET ATLOS F=mMETHE lidar RESEEFRER R F1 RMSE
Tab.3 R and RMSE between ATL08 product and height metrics derived from airborne lidar data at different resolutions

P
10m 30m 250 m
(Resolution)
He lg ht metric hmean hmediun h90 h95 hmax hmean hmedian h90 h95 hmax hmean hmedian h90 h95 hmax
R 0.56 0.23 0.68 0.69 0.71 0.59 0.54 0.73 0.70 0.68 0.72 0.68 0.80 0.76 0.75
RMSE (m) 3.08 3.29 2.75 271 2.69 2.90 2.98 2.59 2.64 2.87 221 2.45 1.98 2.10 2.18

FHEE 3 al %0, ANEZ[E S HE R XM R f1 RMSE fFfEH R 2R, XRT 10 m. 30m #1250 m 4
HER [ R F1 RMSE 43 547 F 0.23-0.71. 0.54-0.73. 0.68-0.80 1 2.69-3.29 m. 2.59-2.98 m. 1.98-2.45 m 2.
], EBA T MUK lidar S ¥8 (1976 2 w1 B A0 ATLOS 7= it i b R 7k J2 oo B35 2 ) LA 8 R — B0k, ROl 7E 250
m AR, T B RI—8E, XN R AT RMSE 43514 0.80 F11.98 m. MHELT S, 76 HAth
PN HERT, 8 Z M — SR, Bk, AR R R 250m o3 T e 2 m A T
BERY, A MBS R B R . BJE, IR CUR PR U € B4 250%250 m? % W 1 7k 2
E

(1) WA P LS —A ATLOS A4k, T RHOS $EAR$E AL (15 B B A ZAE W 1 el 2 5

(2) SRR M PSP E L b ATLOS A8hx, JILKE RHOS FEFR T XIMEAE A& W 1) et 2 i

2, HLERPET 2647 NFEAR ST BB FUIZRRIERAE (8:2), AFEARMEELNS RIFE ARSI 4 Fr
Re

F 4 RBNE SRR BT R B GRA IR AR B E

Tab.4 Number of training/validation samples corresponding to different forest types for establishing inversion models

AR YIZRFEA BEREA L= ¥ NISS s
Forest type Training sample Validation sample Total
AR 2117 530 2647
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Fig.2 Correlations between validation samples and predicted forest canopy heights by RF
(a, b, ¢ and d represent the results of whole forest, coniferous forest, broadleaf forest and mixed forest)
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Fig.3 Sub-regions covered by single forest type (a, b and c represent coniferous forest, broadleaf forest
and mixed forest, respectively)
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Fig.4 The histograms of difference between predicted canopy height and RH9S5 height metric for
coniferous/broadleaf/mixed forest.
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Fig. 5 Forest canopy height in the study aera predicted by the established inversion models
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Fig. 6 Forestcanopy height by prediction (a) and provided by GEDI (b)
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Fig. 7 Histogram of difference between predicted canopy height and GEDI-derived canopy height
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Fig. 8 Optimal variable set corresponding to different models and the importance scores
of each variable (a, b and ¢ correspond to coniferous/broadleaf/mixed forest, respectively)
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Tab.5 Importance scores belonging to different kinds of variable in the optimal set

BF -k i Pt TR
(Coniferous forest) (Broadleaf forest) (Mixed forest)

YLy LR 0.13 0 0.10
RS 0.45 0.67 0.57
SUHARRAE 0.09 0 0.08
VV&VH 0.12 0 0.07
HIEAE 0.21 0.33 0.18
X 1.00 1.00 1.00
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Fig. 9 Correlations between different variables in each optimal set (a, b and c represent the result of
coniferous/broadleaf/mixed forest, respectively)
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