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3. B BBRIRARAR . FSRMAITA, Bt HRIMERZ R 8903

B E. RO HITEUOLE ARG LK S ShliE e T2 -2 ICESat-2 (Ice, Cloud and land Elevation Satellite—2)
RS g HOG = T R 48 ATLAS  (Advanced Topographic Laser Altimeter System) {03, BEMS R IREUK
A =5 R, BT Z A TARMSEE, RN WA E P22 55 M S, AT A S - B /R e
TR SE AR MO TR 5, FRAR = GEZEHA AT ALt e, AR 2K 5 3 BAS A FRAETE S T ICESat-2 i 4iE
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FELBAPEATXS L. E 58, L M5 1 ICESat-2 ATLAS 348 43 %1 100 m A A5 I B0, JFiE s B aE il , R0
IFRERFHEIT, OB AR5, AR 2 R 2 O e A L A R AR R T, SRR A
M EATRE e KOs S SRR | T AR AR MEAT AR AR A BRI, R AR R 4L A e B
FEAERRW, T LB 2 v M R S ARAR ATLAS 25 B Aty 0 4 Foe DA 2 1 e 2 TOUAR - 24 /8 . 65% 65 BE A1 %8
I T AU G 2 AR BRI P F) T P A (B2 A T4 3 SURRIESE SR W, AR (Vs PSR S F- BRs Ol R°=0.78,
RMSE=92.48 m'/hm’, rRMSE=0.24. FHLZ T, (LA & AGHEIESHIRLLABI R*=0.66, rRMSE 1 0.28 [ fik =
0.24, ULWIZEG TSI AL R AE il RO BE 32 i ICESat-2 it 2 BURAG IIRS B2, G862 57 Pk v o v B i
T, 5L, ZEAFIFHARAR = 245 F R E it 3L T TCESat—2 0d AR AR E AU A DR 2 1T LA R34 T R 7 2 2%
RO ZEAE T B I, Ry DR DX IR 2 AR L5 Bk f ik W B A3 5 7k S
KER: HMERE, ICESai-2 ATLAS, BRAK=ZELSHIHIE, JEm s mtt, MEEasty, Bayh], o4k,
EEp S AU o S
HESSES: S771.8/P2
1A FLA, S, EEE, T 2025. F AR E Z S S MEHEXER T MRS M ES L FIHBHAEERNEREMGN.
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VE R VEAG BRAR BT AR BRI AE 7 ) i) B B 46 bR, R

UTAEK, BEHR EERRACE, SCBL “weh
FI7H CBRIKIET EA R A R AR A IR P A T
WL B ZS RGN T ISR =0 . 4EFFX
o P B O BRI (T 5tHm 55, 2022).
RRARE PR R 1 7E— 2 RGBT A A KRR R Y
A BT, 1R TR R PR AR A A K

rFE HEA: 2024-07-31; FRENZR: 2024-10-21

MRE B 7R 2 BRAR AR SR R A PR E D EH
B R B AR E R BE 1, IFH T 2R AR
fERCR S ST fE (ChenZ, 2021), HERGIE
FRMRE U X F IR A B FUA RS AR M A S R
Gt, PRUEZRMREIR 0 AT RRSL A HA R
1% G5 A% AR E BUEL A I 4 BE AL 3 R 45 4 A
77 1, 0K B2 32 BR T 2% MRORE Hl %) 25t R 43 A1
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(Goldbergs %5, 2018) . WL KB AT DL # 5K
BOGE R ARk =45 8, ) Z 0 T 2R E M
& AEYEMN (Duf, 2023). BOGHEBHEAL
HRAEE G AT L e . Hlal e ADURT ABL) |
BEGOETE L, Hriha M Ie AL F B2 R
TR AL, 35 TS A0 RORE BN DI LR
ME RGN WA APLEOEE IR ALS (Airborne
Laser Scanning) A L3R HUMIZ 5 B 17 95 19 306
T AR RO, T8 AR O E AR AL IR R R ARG
BRI (Coops 2, 2021); /45 ALSTE/INRJE 7%
MRS B IOH BA B R s B, HON AR E 2 3
el £ BB AT AN AT BIR A 2 i Y R A BR ), L
TR RRUEE | KM AR o A T R
SRS, A AR T AN I ) BER AL, BB
fi LS AR A JRCAS S5 B0 O T AR AR IR 1) R 8 M
I RGO TR 8 AROR R O 7 1 B0 1
RAETB, HRTERR R B0 H 8 F 2L
TR (1) REOEROLEX, GIEET FHix
75 [H) ol Y A Bk AE AR R S8 J12# A GEDI (Global
Ecosystem Dynamics Investigation) (%75 ik FlH [
1 Bl A= 25 AR G2 Bk M DU 1AL TECIS (China’s
Terrestrial Ecosystem Carbon Inventory Satellite) 55 ;
(2) IO L, AN ICESat-2. 3¢ [ 6
FMKJR T 2018 4F K 45 T ICESa-2 TLR, #5801
B — AN PR UK O I B BOL R A RS
ATLAS Y45 502 22 I R F g ik o 38, A T
GEDIfZI&Z% , ATLASBU/NIDEREE A (£911 m)
AT LUA 8080/ N G 5E N B I8 (8 52 e 5 E AR ] 155 0
T, mbkeiR (10 kHz) 753 ATLAS /825 ik
PG H F W AR E S (Neumann 55,
2019). ICESat-2 TR TRt S4F, Wk Rk
TR U I AR AR BT R 0 A
Wiz —o HARRME R | AP Al o7 e 3
BRI T1, WA R i B ARk 2 Al I )
WERHE (Narine%%, 2020; NandyZ%, 2021).
ICESat=2 ¥4 7 A WL L 5 1% 52 /NI BE 2
SRR, ok (T T AR R AT R AR
FEI, 207 el O TR R IE S RS S E
BRI GETTH 7 E R BEATAGI . 40 Narine % (2019,
2020) 4 ] e A AULURNEL 52 Y TCESat—2 24 2 X
AR B EARE, B T RS
A AL, JF454 Landsat B4 D817 45 (]34 2211
AW dlE, EW] T ICESat-2 78 A4E 9 5 Al I A2 A

by RO AR LRI RE T o Song 5§ (2023) A
FH Bifi B AR OSSR 25 45 5 152 2 80 8% Y TR - ik 47
ICESat-2 A=Wy s Al I, I3 i 7 B 4 B4R (A 0
PP T as SR . Varvia®: (2022) 4G T
TEURIE . KPHMEFS | 50 55 3 RO 1ICESat-2 £ 78
FRMHL A YRS B g, 5 R RME TS
SAE T R B SRS E ACEE EA T AGB AR SRS FE fe £k
Liu Fl Popescu (2022) i JH 5 /)N 48 % 05 455 F1 16 £
B (LASSO) [MJH %7 T ATLO8 LiDAR $§ b5 5
S P YR ZECHR, R 0.77, RMSE N
56.67 Mg/ha, Varvia % (2024) #2H—F5r2HA
HeWT 79, FHLATTEAS ICESat—2 R 8 16 8 25 22 %% /R
HF 37 M X O 49 26 g AR E AR, A 65.7+
1.9 Mg/ha, A3 X Fr #ETR K 2.9% ., Neuenschwander
4 (2024) fdi AL ICESat—2 548 % b 4 25 Ak X
B ICESat-2 $H6 247 A= P s Al 0 A ofil 1, 45 SR 3%
W8 FH 70% F198% 6T #3218 B 5 6 B0V M R AIE
F 55 DORS 2 B 55 (R2=0.74, RMSE=59.06 Mg/ha,
rRMSE=64%) , HAWMF5E 324 T 7E ICESat-2 £
fRIAMERE /) (Nandy 25, 2021) DLKIBEA HoAb £t
(40 GEDIEi#E ) Al R AR S E e J) (Silva 45,
2020; @A 5F, 2024).

LT 1 ARk 8 ST A0 TCESar—2 048 25 A Ak )
RTS8 5 AEAN ] X8 AT e AN [R] 1 R IE S8
Hrpr, BT 82w B S EOR RS B AL
W i R RRAE S8, BN B . %8 | o 4L
FEHE B (Naesset, 2002), SRIGHEE—E09M
W BEATRAAE SO 1, DR BA A5 & 22K IR IE S 4L
(Lefsky 42007, Pang ZE | 2008; Schneider ¢,
2020) o TAIFR I ) AR AR ES B A ik USSR 1 1 o 4 32
BRI e, KREFOLHBRHESECZ 5
FETEAR SR L Z M, S EURE S 500 % TAEmM &=
ek, MELATFAEH TR . ZRFP AL (Hall
5, 2005); Hk, HHBRRIES B LAl
= o BE TR LA AR AE T AR, R 2 KO
FAEE M ST EM (Bouvier 28, 2015), 41X 1 fH ik
FAERI R, Bouvier % (2015) 8 56k )2 /5 B A5t
A CHM (Canopy Height Model) [°F¥1{H . CHM
(R 7 25 . 18] B 3R R0 i T B 28 88 40 A 1) 728 S R R
ML AR SEAR AR, {348 bR 5 )2
L R B RUKE R A G, AR
b b TR EAHIE R, RBL T MR H A S B,
FEMR Y T M A AR B s AU R R AR AR
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B, [W] o skE e 7 AR RS . B ETE A RS
2 W] ICESat—2 $ 4 6 0% 1 off 1 22 AR MO 2 w8 B2 43
5 FES 43 H 45 (5 E (Queinnec 55, 2021) . 2R
M, ICESat-2 J6F i 2= % & 50K B I AR T AL 2%k
P, X BERHIE 2O A B T AR AR
RIRRG A FrF oo

S AR E R DA i ] A MR S S e i A fE
AT 35 W 1 BT R s HAE R oE X, SRR
By 7% e ] i At I ik EL B AT 4 B ML BB R A
B 5 ARG AR (Jiang 55, 2023), WK
ICESat-2 ATLAS 9 % U i A g it nl 55 2 2% 55
SEHAE, BEAR S B DR 2R XSS R BEY
X LLEF FTR A 32, RO TEK P 5 3 454 b
WRB W B E S (Jiangs, 2023), @A
e 42 AR 1 5 PR 5 R Ad P TG ) DTk s X
R A fB TR, TR 54
BTAFRAE R W, BT 2 B R
ICESat-2 HlLE 1 55 5 # 2 Wl 2414, A8 T 71
FEARAERANE

BRI, A AP B B 7K i PHAE T IX
MFRAR = GE S5 10 fife A 9 A S &, & T ICESat-2
A€ IE Y QTR = =) N OA=E 1N N = i
FARFAE 38 3k 0 20 T 328 A R0 1) 4= 4R [l )5
Dk AT A B . 255 R ICESat-2 42 U #%
ML 2 BE LR B S B PR KT 2 o A A R R
AT E R EAGI, B9 B TRV AL R 2 KA
T T 25 R R AIE DR B E TCESat—2 B4 £ bRE FLEAS
DS FE QT AT M, ORI B 0 3 - S R TR 58 ARpk
= B AR B B LA AIE X, DU R K DX S AR A
BRI 2%

2 WUk

21 FAREXHR

WE 58 XA T 5 BT R & M (Canton Aargau) ,
Mo HL AV B 7°42'59"E—"°27'14.06"E, 47° 8'38'N—
47°37'16'N, SAHIFN 1404 km®. M b AL BT /5 i
N, MR AT SRR, AF IR . PR
A9 CL 850 mm,  FATJR R M bk X 3 B P
JFE, MR EE N 206—908 m. AFF 5T DX 5k 1 AR
MR W R A IR AR, F R AT R R = A2
(Picea abies 1.) . IWERE (Fagus sylvatica L.) . FER
(Betula pubescens) . WA (Ace pseudoplatanus) Fl

BRI ARAS  (Pinus sylvestris)
22 HIER WAL

2.2.1 ICESat-2 ##F K FiabiE

ICESat-2 T i1 52 [ F 2018 4F & 4, HAL &
() F IR AR OL B I8 R S8 ATLAS, S K IX I
FROMRCE B A I 4R A ORI RO KO B -
ICESat-2 5 #2417 M Level-0 2| Level-3 [ 21 Ff
Bl = b (ATLO0—ATL21) . Hirr, HA4EH 4
TGRS L, MO HR A2 SR Y 4 £
(Neuenschwander fll Magruder, 2016). H:H' ATLO3
P AL 25 3 b PR S 1O T O B L BRI R
AL . 2R FE S B

AMEFE R 5 LA C AT [ AR I Y9 ATLO3
FEam s (R 4 H W), FEf HAF5E X
g El 6 R, oA &l 1 s, ATLAS
B o Z BN KA AR RS EN RN T, K
U, A 82 bR M P 1 X I 2 5 AR 2 5
L ARHESE S LA — B Bath &5 5
J7 1) A 0 8 5 T HE P 0 SR 2R A R U SR 2
A7 A LG X ATLO3 B Hs i A7 25 M, Ak k3R
WORS 4l 3% S AEPEAE 5, 7R R 15 5 $ OKS
B (FE) 550097, FEUbHEml I, K L0 sk
T AT R VA — AR IV FILAE T 1145 100 m W] PR 2EA T
g, VRN E R,

222 HHMSKMERE

SR B R B T g A S E R ARG
V5 2 B PR NFI (National Forest Inventory) , Em
NFI57E 500 m* (¥ [RLCME Y, DU 1 R b R ARG 37 AR
(FfE>12 em) MIBAE . WFPEE(E R o I HAEBT/R
e P E I Y I AR AR I R R e/ e A
THEMARAEY R, HHE, BAHEALT .
Vol = (bo + b1 x log(D) + b2 x (log(D))" +
b3XD+R2XT,+33XTg+t4XT,+15X ]}) @
K, Vol MiGsEA, D RER A EME, bo—
b3 DL K t2—t5 B AR FAOCHER B MR 1, LR 1.
T, 7R AR A0 IR 1 80 B R A 3 B A W A 9
(BRI W RE, Hbha=2, 6, 7, 12, 12, 13,
4, SRR AZ . AR L LR A
R M AR R T=1, T,. T,. T=0.
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T%ﬁi/nh - ARSI 5 /(mP/hm?)
5% __ | --- ICEsat-2%
i I WF5IX o sat-2 5
(a) i BT 7R & A X I A o S S b (b) FIJR B M F 5T XML LIDAR 3R 84 35 45 S ) ICESat-2
BE A

(b) Airborne LiDAR volume estimation results and ICESat-2

data distribution in the Aargau research area

(a) Location and topography of the research area in the

canton of Aargau, Switzerland

P Tk Bl 2R e JHAE S DX BT A7 5 e i

Fig. 1 Location and topography of the research area in the canton of Aargau, Switzerland

&1 EREBHELAXRHNER

Table 1 Coefficient of volume calculation formulas

3—4 A 120204 2—3 A, i T #Hbhk A hips:/
www. swisstopo. admin. ch/en/geodata/height/surface3d. html

=H AR [2024-07-31] Bl P-4 15 25 55 B 4 15—20 pisind’,
" e I8 TR AR VRHCHR LA B
g o AR DRI, AP B 75420 o SR
b3 —9:111E—05 e HIR2ZTE+10 em JLFIN .

2 3631602 it NFIS oSzl 25 a7 R S v et #
3 3.496E-02 HALSEE BRI, Ho ) ALS $ida it
4 7.011E-03 B HG R B . % AR B S5 M S S 92 MR IE SR
" 1 938E-01 S8 e 75 A [ U £ 7 v AT A B 2 L SR IR

Tk b L BUR A RS, 7 T b SR X

223 ALSEIEREREMHEN

ALS % o Fis IR BT HIE Ip 2% (Offfice
Fédéral de Topographie Swisstopo) Hif 1= = 4k 3% ThI

BEXFEFIEAR R I ARORTE SR B 2 Bl A T AN ]
(9 ALS % fl 25 AR E A IR R . BRI TR L3R 2,
FHES R IA TR L2 3.

(swiss SURFACE3D) TiH#ft, RAEME ) 20194F
®2 ETALSHESHMEREMNER
Table 2 Accumulation estimation model based on ALS feature parameters
M HY i
GRURES

Vol==99.47xH., ~47.39XRH,+7.31xZpcum5+1801.69xDp, +3041.56XDp,~10394.62xVFP_ _ +67.29xTCH,,~126.04

Vol=-12.60xCHM, _ ~0.50XCHM_+9.47xRH,,~30.52xZpcum9~13.87xZpcum7-3245.00xDp, ~6618.66XDp,~1724.83xVFP_, +
66.70XTCH,~10.82xTCH,+4405.55

f -k

TRACHR Vol=—64.41xCHM

mean

~37.18xH,,, +153.86XMCH~194.4897
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®3 ICESat-2 B4 ESH
Table 3 ICESat-2 derived feature parameters

0 FHIE S50 SRR
RH_ 2 R A3 A I i T A
Himos o stor) S AT G S AR M R KA i 22 5
T H BRI Dp, AMNERTE FE R A AR A, o 40 a5 1 L)
Zpeum1—Zpcum9 IR AR [ 98 25 B 1) 109%—90% 433 4505 BEAR A A1 o7 2238 A 1) L 451
cc TR
CHM o o ot oo CHM B3I 722 . Gini R ERIAL 5 2%
e s CH 385 2 T e
FAFTRLSE IR TcH S A
LAVH Sy R AR BUNBGE 2 R
LAD . vt o) I I AR R T 1) 728 5 R T B AN bofe 2
TN HA5H VEP o e oo RS (i CHM 1) P88y 22 FnE 5 R 4
RH,_ o B3 DA TR AL R R

B2 o R NTED L AN N L 7 NN L 7 W SR N
ALS & BUR A ARG an i 2 frs, Hop R24351 0
0.93. 0.82 F10.84, RMSE %3 %]/ 69.13, 81.87 fll
76.82 m*/hm’, FH% IR ICESat-2 YeBE H ALK 100 m (1)

fHIEATEY 2 A 100 mx11 m A (ICESat-2 Y65
HAELN 1 m), EmEEH— LR ALSEE, 4
BRI EE AR 100 mx 11 m A3 B %
MRERE, 1N ICESat-2 I BT i) 2% B R

9007 g 93 1000 p g6y 7001 o 084

£ 800 RMSE=69.12 m*/hm? U £ 900 ' RMSE=81.86 m*/hm? ® £ ¢00 | RMSE=76.81 m/hm’ R

= 700 + ®e® < 800t L4 =

g L £ 700} ° E 500t

—~ 600 . ° o= =
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5 500F b B ol B
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SR B R R (mY/hm?)

(a) Bt ARAEAY

(a) Coniferous forest model

S E B B (m?/hm?)
(b) & ARAsE Ay
(b) Broadleaf forest model

SEBRE B R/ (mP/hm?)

(¢) TRAC A
(¢) Mixed forest model

K2 R[FEIBRIZE A ALS A5 38 R AR 2

Fig. 2 Model accuracy of ALS—estimated stand volume for different forest types

224 HEVEE

ABIFSE 32 S Bh A Ry B B 2 s N 2018 4F
10 m 73 BRI AR IS AL (B8 T 2tk . https://
map.geo.admin.ch/ [2024-07-31] ). ZEHEH A
%ot s MR & (0—100), F4% 18 109% A
90% 1Y B 53 Ry St Wb Ak, I I AR FTTR A2 K 3 2
R, X 2.2.3 H ALS B BULAG I 1Y) 3 RIS

2.3 ETRFRARBATZHEFRKEREMNSTE

231 HFREE

WF5C BB AN I 3 BTz - 1 e X AL S Y
ICESat-2 7 BUE Al M BT HEAT B i), KBRS

TG, R, TR HIT N ICESat-2 3k
PWHRRESE (T A ®E . )2 Sod
SR EESWRESED; &5, SagL
WA 0 [m] )5 45 ik AT 0 20 R AT 7 0 O 38 0k A
P 20 < £ Rt oS8 1 S B A S D B T O
WEREIKS BEAE P de b, e Ry,
232 EREfNBTREES

AHIF 5% 4 22 W I A TCESat—2 B8 1Y L3877 17
43 EI2 100 m RUEE AR I ERTT , A DR A5 ) A o
PR, JE7E Wu Bl Shi (2023) BFFERy LA B, ¥t
THEER AR, UERAESE M
ICESat-2 ¥o0, EEAFELIF A5
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ICEsat-2 %45

L

e S FHESH
NFISFEH
o BRI
100 mfdi Il 5§20 ZB A
v 7 v AR TE AR
SO VA=Y S oA ='E s b2 T 45 -
.ﬁfﬁ PEASIE S SESH nERR
P<0.05 P<0.05 G
HE>0.6 HZEPERT10 BERE
v
EIEITER
A
v
VIF<10
+ Y Y

4RI AGB=HD(X, ;)<HH(X, ,)xVS(X, ,) <

IR

i
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Fig. 3 Flowchart of improving forest volume estimation using three—dimensional forest structure features

(1) FiBEAEARARIX IR A T BRI TS
FEl N AR AR A3 2R TR AR T, #5 Al DU B8 1A 80% LA
BT -1 (AEMR ST, 2% T,

(2) kA IT: M TAMPITHIEMT
100 mx11 m B 55717, G &I . MRPEL F4%
oL, FECE BRI 2, PR AT 44 R
PbfE (AR EE>0.2) , KBREIBE (H ALS £l
TR RS0.8 MY FATT, B AR Ak AR 76 v B 5 4
PRI,

(3) ik mHEAN LA AIC: ICESat-2 51
P oS B B, X T 4 RS 2 B 1 o
PEBR S o B T AT S0 O R ik AR T N
HAZE R S5 m, KEREZE SR <20 HEIT (Wl
Shi, 2023),

(4) Ui 6 2 W Jot 2 25 1 HL 0T« ICESat—2 B4
HR] BE AT AE LE T 3 B E A R 7R A X S M R A A
XoF 5 LB 3 R 2 AR A, R AR 4 e v RN
M ST, ASHIEZE AR P8 DX 8k 9 £ s 1
BUAE B . AR R E>40 m; 5%—98% i 43
BT AR SBIAIBE> 10 mo 1 2 3 S 551 1 BT AT
REAETEST RS, RS 5E @B,

R = SIS HIR N

ICESat-2 #4a b W 25 F AL 58 /NEBE S =
IREAEARE, 1T LAS /N RO S = i &k
TES8, s E, B, dEEHEE

2.3.3

FES . WA, BT ICESa-2 B oG BE S
HARSOCHEHE S %%, AT LU P 3 U 2 5 = JF
THRILEERRRAE . 2 3R T 25 G M g 03l TR AE
PR = HELE M5 BOAY ICESat-2 BIEFFIE S 8.
Hor 32 (1) BT 8= RIES 4G
(2) FAEEm 5 T R E S5 (3) RIEE
FLZEH R IE S 4R

TEfeft BT A0 S0 CHE 547 bR 53 25 B Al I

— il (2) A

Vol = a,*HPBA® + ¢, 2
A, HREMEY R, BA MRS B & W mm A,
g Biy By ASHEON, &, HIRZED,

T HLZR . R O i 8 M LA B U8 0 AR A
WA Fa g5, Wy W T AR et )2 %8 7 o A
KIHEEACE, IR THOLE AR E R
AW/

Vol = a,*H*D? + &, 3)
Kb, HN M = & ERRE . D % BE A OCHRRAE
B\ B RSN, e, WIRZEIN

15 B 55 0 A DGR IR 0l R TR R e
(oA, SR AR — 2 A RN A TR IE S 80
TR R G LR IE S, 33X SO RRAE A 2 1% Ak
B B A DA AR 7 45 44 7 BN MO By i Al
TR AH R IRBRE IR SRR 73 el S 450 B 2
Moy E AR SRR, HATEEEMNEL, N
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W5 A RAE T J2 7 B 78 S DA e e 45 4 1
S, sl (4).
Vol = ay*H* D*HH*VS® + &, 4)

A, HHO RALEJZ & A S R IE S5, VSOl
RO AR ES B, By, Bo. By Bs NSHL
T, ey MIRZET,
234 SAFEFIGRIERBAMNARE £ FEMiE

AT T 2N HOLTEBRHE, b
A 2 A A | R RIS, B T
ek s ik i (&3) . &F % RIH#E TS5
28T AL 2 G I AR BE AR R R R AU,
KR, iR gA R, BESEHE. W
I, ARWFFREEH T —FhaE A Y T A B
6, BB 3E: FET RS m A RHE
S8 RIDEZ & R R TR R IES 5, L
K WeTE B IR IE S 8. BlSE, BT XA RS
SRR AR X AR AR B B A0 BURR 22 5, B3 E AR
PO LSRG . BT, B2 WD R IE S HL
AT AR MNAAESE , DLE A AR B O A
BhR, UG R R AL A A f AR A

BET R e A AT R AR E S HURE 8 SR AR ARy
& B I FARARE, EAFTEIL R PR, AWFSE
BT U IR R T S o, RIERES
o> 225 B RE A O | 2 PEIEA TR 1] 0 32k 5
TG LA 0 A W mLE 6 sk i AT S
] 16 , O B S Y728 i o5 AT 5 22 R - VIR
(Variance Inflation Factor) [k, #0f T A A8 =
VIFH<10, FRAEE m S 5w BLE AR e 28, F%
SFHIAHME . B EIEAT IR . 3 EL 45 A YRR
ZHRGEH S R R IES A R, AREE R
fEMR> B, RIATERD I b %8, R,
T 41 AR A S AR R R e A 4 1 —3 T
S T BEAT AT IR E S AL . 0—2 4> RAEA 5 g JEE
K S ERRHIE S A DL 0—2 2 B A5 M R AT
2R
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Improving forest stock volume estimation using three—dimensional
canopy structure characteristics based on ICESat-2 ATLAS data
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Abstract: Satellite-based photon-counting LiDAR systems, represented by the Advanced Topographic Laser Altimeter System (ATLAS)
onboard the Ice, Cloud, and land Elevation Satellite-2 (ICESat-2), enable rapid acquisition of large-scale three-dimensional vegetation
information and have been widely applied to forest parameter retrieval. However, their general applicability remains limited. To address this
issue, this study focused on mixed coniferous and broadleaved forests in the canton of Aargau, Switzerland, and evaluated the role of canopy
horizontal and vertical structural features in improving the accuracy of stand volume estimation from ICESat-2 data under complex forest
conditions. Furthermore, we explored the optimal model form for this region and compared it against a baseline model using only
conventional height-based statistical metrics. First, the denoised ICESat-2 ATLAS data were segmented into 100 m estimation units, and
quality control was performed to identify and remove anomalous units, ensuring stable data quality. Next, feature grouping pre-screening
combined with rule-constrained all-subset selection was applied to integrate point cloud height distribution metrics, canopy height and
heterogeneity indices, and vertical structural features for stand volume estimation, yielding the optimal feature subset. Results indicated that
the best-performing model for stand volume estimation in the Aargau mixed forests comprised the mean top-of-canopy height, the 65%
height percentile, the leaf area - weighted canopy volume, and the mean value of the foliage profile. Ten-fold cross-validation demonstrated
that this model achieved high accuracy, with an average R2=0.78, RMSE=92.48 m’/hm* and rRMSE=0.24. By comparison, the baseline
model using only traditional metrics yielded an R?=0.66 and an rRMSE reduced from 0.28 to 0.24, confirming that the incorporation of
structural features substantially improved the accuracy of ICESat-2-based stand volume estimation, particularly in forests with high canopy
heterogeneity. In conclusion, integrating three-dimensional structural attributes significantly enhances the applicability of ICESat-2 data for
forest stand volume estimation under complex stand conditions, thereby providing methodological support for large-scale forest volume and
carbon stock monitoring.

Key words: forest stock volume, ICESat-2 ATLAS, forest structural features, canopy height heterogeneity, vertical structure, quality
control, preliminary grouping feature selection, rule-constrained all subset

Supported by National Key Research and Development Program (No. 2023YFE0105100, 2020YFE0200800)



