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Abstract: [Objective] Typhoon-induced disturbances severely disrupt forest canopy structure, degrade
ecosystem services, and diminish carbon sequestration capacity. There is an urgent need for efficient and
accurate methods to assess typhoon-related forest damage. Current approaches face two major challenges:
(1) the inability to characterize spatial heterogeneity and gradient-based canopy responses at the pixel scale
under typhoon stress, and (2) technical limitations in inversion accuracy and spatial continuity caused by
scale/noise heterogeneity in multi-source remote sensing data and detail loss in optical imagery. To address
these issues, this study aims to develop a pixel-level inversion framework that integrates multi-source remote
sensing data for fine-scale detection of canopy height changes before and after typhoons, and to investigate
how elevation gradients and urban boundaries modulate the spatial patterns of canopy loss. [Method] We
propose an enhanced U-Net architecture—Hierarchical Wavelet-enhanced and Contextual Feature-integrated
U-Net (HWCFU-Net). The model incorporates a hierarchical feature enhancement module based on discrete
wavelet transform to strengthen both high- and low-frequency information representation, thereby mitigating
multi-source data heterogeneity. It further introduces a hierarchical contextual feature integration unit that
employs multi-order depthwise separable convolutions to optimize multi-scale feature transmission and
selection. A pixel-wise regression strategy is adopted to independently model each pixel and directly predict
continuous canopy height values, overcoming the limitations of traditional whole-image single-label or zonal
averaging approaches. We integrated GEDI and ICESat-2 LiDAR data with Sentinel-1/2 optical-radar
observations to construct a multi-source spatiotemporal feature set. Six pre- and post-disaster experimental
scenarios were established using three representative typhoons in 2019: Lekima, Kammuri, and Hagibis. The
model was systematically compared against six state-of-the-art methods: U-Net, U-Net++, AttentionRes-
UNet, TSNN, Y-NET, and Random Forest. [Result] HWCFU-Net consistently outperformed all
benchmarks across all experimental scenarios, achieving coefficients of determination (R*) ranging from
0.62 to 0.71 and root mean square errors (RMSE) between 3.98 and 4.87 m. Compared to deep learning
baselines, it improved R* by 0.01-0.14. Against Random Forest, R* increased by 0.01-0.09 and RMSE
decreased by 0.13—-1.03 m. The highest accuracy was achieved in the pre-typhoon Lekima scenario (R* =
0.71, RMSE = 3.98 m), demonstrating the model’s robustness and generalization capability. Spatial analysis
revealed heterogenecous canopy loss patterns: low-elevation broadleaf forests suffered the greatest damage
due to shallow root systems and low wind resistance, while mid- to high-elevation coniferous forests
experienced relatively minor losses. Forests near urban areas endured stronger wind shear induced by surface
roughness and building-induced turbulence or canyon effects, with damage intensity significantly attenuating
with distance from cities. Short-term increases in local vegetation indices suggested compensatory growth
triggered by post-typhoon rainfall and improved moisture conditions. Elevation gradients significantly
shaped loss distribution by influencing forest composition and structural stability, while urban boundaries
amplified typhoon wind fields. [Conclusion] The study demonstrates that elevation gradient effects and
urban boundary effects jointly govern the spatial heterogeneity of forest canopy loss. The proposed pixel-
level inversion method effectively addresses data heterogeneity and detail loss, substantially improving
disaster assessment accuracy. It provides a reliable theoretical foundation and technical support for forest
disaster mitigation and ecological adaptation planning.

Key words: typhoon disaster; forest canopy height; pixel-level inversion; multi-source remote sensing

fusion; deep learning; spatial heterogeneity; elevation gradient; urban boundary effect; HWCFU-Net
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Fig. 1 The trajectories of typhoons designated by international meteorological organizations during 2019 (a), along with the landfall paths and impacted

regions of of Typhoon Lekima (b), Kammuri (c), and Hagibis (d)
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z0 =1WT(v", vy, vy, vy)
= Conv—transposed(y/Dir, [Yg), Yg), Y,(\?, Yg)]) 4)

Ko v, v v O v o B ROR R AN R 4 R R
W2y B A X O, X x 0 x5k 43 1 i A LI
&, Conv-transposed(-) 70 KN 2 4% B G A
1E, 1% BB AR 5 /N AR A [R] 1) IR AS 8
WA Hyp, o

e, R o IR S AL BT i N R X
DISRASFREE Y o B S, By 5B EE ZzO RS,
P U I 53 2H VR FE A R B A 284 H B Xowe (AT
X5 ).

&1 ATHITHRNEESERFHE

Tab. 1 Features utilized for estimating forest canopy height

B R JETE /P B B HE R /m [F—2F 5 FE% /m TESH

Sentinel-1 ~ VV_asc. VH_asc 10 10 VV_asc(FHTE H -6 B AR AL ) VH asc(FHITE B /K1)
B2. B3. B4. B8 10 10 2 5 : B2(490 nm). B3(560 nm)+ B4(665 nm). B8(842nm)

Sentinel-2  BS5+ B6. B7. B8A 20 10 21106 3E: BS(705 nm)+ B6(740 nm)+ B7(783 nm)- B8A(865 nm)

B11.B12 20 10

FEIRLLAN: B11(1 610 nm))+ B12(2 190 nm)
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Fig. 2 Model construction and training, along with an overview diagram of the HWCFU-Net network architecture

Xou = ZV 0 9(X)

32 BRULTXHEERESET

Rk, RHE RN LT CREE S $oT
(Hierarchical Context Feature Integration Unit, HCFU)
X 2 2 g 2 e Y A RHAE B R BEAT IR . IR
MY — M R IE R & SRS, BERTIZ RE EF
SCAE B IR RE 7 (AN 2¢ Fsm g BT R .

HCFU K 0 BTHFE TR IR A S A0 [ 3
JR) P SRR SR ) 22 B ARFAIE o S ER A T A B PR RRALE
JGy s HIRLIE JR) P SRR AE E A 2% & JR T AR AR AE T
3 5l 38 3 46 A Conv () Rl 42 J&) ~F 2 i AL GAP() 3R 4%,
N C6), (DR,

E = Conv(Fj,)

)

(6)
T = GELU(E +7y, 0 (E — GAP(E))) (7)

o Fin RN NFHEE], y, e ROVRIRWI UG H A7)
KT, oFf/RNIZICEMIFR, GELU(-)FE R~ GELU &

PR B o 8 X HOANRRAE 43 B E — GAP(E) 58T I AL,
BEINERE B A 2 BEE . BEA, X HCFU & 7f R
SCOYSCIEAT T ek, 4R O E IE 45 A (Depthwise
Convolution, DWConv) 2 = R g 15 % ] FERFE . 5
f&] 6% DWConv 5 H VE & 1AL 45 & DAL R 5
A4 R RFAEAS LI 7N, AR SCEE T — R Gl
(AT R, ZAEMAE 3 AN AFELE 1 DWCony
B, gk td e {1, 2, 3)FRATHIZRARI IR
B 4R AIE A2 2 6 1 30 C8) [ fin HH RFAIE B T e ROV
TR EE B RUE KNS xS, K d = 1/ DWConv
S WGP R AIE, SR 5 44 B 3 A5 A0 4 e o 4 2 ) i
A B REAE 4 & T e REHXW b By g AE 4y &
T,y € REHXWRLS B R AIE 73 & T € REOHXW ) Horp
Ci+Cp+Cy=C; BlJG, 4T, AT, 5359 53 e 25 %
KNS5, gk thd =2, LB KN <7 K
tbd =31 DWConv JZ . & Ja, ¥ T, M T, 5 W & i
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DWConv )% H 5 Tk A, T2 B B F SCHIFFE
v, 8. RO AR,

11, Ty, T, = @(DWConvsys 4-1(T)) (®

V = w(T;,DWConvsys 4=2(Tin), DWConvyx7 4=3(Th))
)
A w() RN TE 4EE 7 TR, o()RRIZE
TEYE REPHARAE
55, KR QO MRHIE B T 2 B bR SCRIRHIE
i v 2 SiLU S0 s 5 & 15 8] HCFU
() I 25 Foue o
Fout = (P(x(T)) © D(7(V))) (10)
K r(ORREBRZ KN x TIERERE, o()F
7 SiLU B0 R 4
33 MUEBRSHEHMNIRKRE
AR SCR AR 5 2 2] I 4% HWCFU-Net, i 3
J7 R 230 K B B (MSE-Loss) » 1% bR H0H o 11 5 7
H5 B SE R 7 Z I8, Bets A Bumdl R R =
MR GR TP, FHARAL IS BAY, X1 DR,

Loss = %Zil(@—yi)zlﬁ) (11)

A NROREBREITT L RN BB | MEIT
A7 B T 1 RSy s R ER i AMBOT A B B
Mg, KRS i MBI B R .
34 BEBSEBRXTMAZE

A THPEAl £ X9 35 0 AR MR 25 0 IO R IR A2 B
AT FUAE 6 J2 1 B S TR A L 5N 2 v R R R
573 B4, 25T HWCFU-Net 58 BU7E & X8 B BT
J 7R J2 v B SR A5 R, 3 ) R B A 9 X33 AR
Mot 2 = BB . B S, KRB G EZE T Ea e
E i BRG], A 12 Fos.

Achi = M;-(ch?™ = ch?™). M; (0,1} (12)
K Ach ZBom S i NME IR )2 R EEAVRAE, b5

P G3 BIR R G i G HE & AR B 1T S 17 2
FETRINARL, MR 7R 2458 i ME oL B AL T AR K X S
1, A5 0EL 0,

4 HRE5N

41 HEBEREER

N R YA HWCFU-Net 15 76 #x AR et 2 7
FE ROEAE S5 R R I, ARSI T 6 M T
(B8 5 21 5 DR FE 5 SRR R L Xt 5, 4393l
N [ AL #% #k (Random Forest, RF). U-Net. U-Net++.
AttentionRes-UNet. TSNN Al Y-NET, J-E S — 11l
GHAR LS WL TR VRl . PR TR bR B dE
PE AR A4 7 AR 1R 22 (RMSED, 437 S AR 7Y
PIAUA TR L 5 FRG B2, Wk 2 fow .

45 R F W], HWCFU-Net 75 AT SE46 3 5t H B
R, H R HFRELE 0.62 ~0.71 Z[A], RMSE
FEHITE 3.98 ~ 4.87 m, LT HAMBERL . Kphl 2 7E
& W CRI7F 7 B RET, BALAR] T & m i R E 0.71
KT RMSE {8 3.98 m, & B HAE 5§ bR 5 45 14
SERE BRSO I I 2 A, 0T e 2 4 T HLA T
IZRILRE ST . MHZ R, MR GiLas 2% SRR RF A3
IR B X 48 1 5¢ Jia st HoRs FE B B K, SR LX)
PSP A A2 1) i

Bl 3 VR 7R 1 AT LT R FH R0 FE 5 2] I 2%
783G R7AFD” . “Auga” i “ DU 2 bk mr
J& X FRMOE 2 B AT RS R . BT S,
Kl 3a. ¢ il e 7r il e 7n T & RE B i AR e 2 v E
1 B T P, DA R R 2845 G b T AR 5 0 0 et 2 v
{E 2 A AR S 2 b B o T 3by d A £ U 20l i T
G KR J5 G O, B4 e J2 v B 1D s v P R A e
Bt b TRINE 5 S bR ek 2 A B AR S AT

BRI, AT 7 605 2 BOE 4 1 6 )2 =
FE B, 3 HL5 R 300 H0H A b H A 1 — 2K

®2 BEE I RAMESRNEGTHRNEES EREMEERILL

Tab. 2 Performance comparison of models in forest canopy height inversion under three typical typhoon events

EL ax e’ BRI
LA kRG] i f5 kexlil) i JE T S
R RMSE/m R RMSE/m R RMSEm R RMSE/m R® RMSE/m R* RMSE/m
RF! 0.67 4.18 0.65 4.87 0.56 5.05 0.61 4.87 0.63 5.14 0.57 5.78
U-Net®! 0.63 4.66 0.60 497 0.59 5.11 0.56 5.53 0.65 433 0.61 5.30
U-Net-++'"" 0.65 4.26 0.67 4.13 0.61 4.92 0.60 4.98 0.57 527 0.60 523
AttentionRes-Unet™”  0.59 5.05 0.62 4.79 0.57 5.18 0.57 5.23 0.61 5.81 0.55 6.18
TSNN!M! 0.58 5.78 0.54 5.01 0.63 5.47 0.61 6.68 0.65 5.03 0.58 5.47
Y-NETU! 0.64 5.12 0.59 4.96 0.60 4.96 0.52 5.32 0.63 6.14 0.62 4.64

HWCFU-Net 0.71 3.98 0.68 4.01 0.65

433 0.62 4.74 0.67 4.11 0.63 4.87
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Fig. 3 Plot of model inversion results and the relationship between observed and predicted values
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4.2 HRRICIE

it — 2 6 4IE HWCFU-Net A5 784 i 5% 56 A B
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SO E#E A B G (HCFUD, M T 3 AN xf L iy
(37 U-Net. U-Net + HCFU. U-Net + WAHFMD, f
5 5 45 F) HWCFU-Net BEAT LRSS ELIEA .

&3

3 BIR: AR 3 IR & X AF B FRMOE JZ =
J5 J 38 1, HWCFU-Net #5570 24 3 1L H 50018 (ARG 7K
Fo MU TR U-Net #5254, N\ HCFU B 7E {1
FR AR AL R, $27F 1 BN S0E URIERE T,
i R”* H/Mig#e s+, RMSE F#1K£ 0.3 m, K2 RE
B SBEE 0 e R A M B R X B A ARARAE o T
N WAHFM R, A5 780 %6 76k J2 00 4% 5 45 #9848 [X.
WL IR N R ) B R, R (A REARAETHZ 0.03 ~
0.05, RMSE ¥JH BT F %, i3k — 5 Ul Bz S AE AR Ak
6k J2 v P S B (R B o

S B L5 R () HWCFU-Net [7] 88 5 1 W5 AR B,
TEFTH G REBI P EUS T sES R, K R &aik
0.71, RMSE /& 3% 3.98 m. %45 RIGE 1 b
I F) RS2 1 B (1 38 25 SR, PRI HH R AT S0 R

HRSRIE AR

Tab.3 Ablation study results

AR CFET S AR e &R IR
A kAo BhitjE BT BhtjE kAo BhtjE
R*  RMSE/m R*  RMSE/m R*  RMSE/m R*  RMSE/m R*  RMSE/m R*  RMSE/m
U-Net 0.63 4.66 0.60 497 0.59 5.11 0.56 5.53 0.65 433 0.61 5.30
U-Net + HCFU 0.64 4.56 0.61 4.67 0.61 5.01 0.58 5.23 0.64 430 0.60 5.23
U-Net + WAHFM  0.68 425 0.65 453 0.60 4.62 0.61 5.08 0.65 427 0.61 527
HWCFU-Net 0.71 3.98 0.68 4.01 0.65 433 0.62 4.74 0.67 4.11 0.63 4.87
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Fig. 4 Spatial distribution maps depicting post-disaster canopy height loss across various landfall regions and cloud-rain patterns
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Tab. 4 Proportions of canopy height changes across different elevation ranges induced by typhoons %
L IR ( <300 m) 45 (300 ~ 600 m) RER (> 600 m)
=0
TR A TR AR TR A
“FEr 36.39 26.16 20.68 21.23 14.81
“Jeg” 33.65 24.42 2227 17.41 10.54
“g DY 37.27 25.33 19.46 19.63 13.95
x5 ARAEREREEEHTESXBNFHRERSESIT
Tab. 5 Tree canopy height statistics across urban distance gradients before and after different typhoon landfalls m
0~1km 1~2km 2 ~3km 3 ~4km >4 km
=5 BB

RAE BME PIE RKE RME TPIE RKE RAME CPOE BOKE ReME P BoRE BeME P

BREET 3593 123 13.64 4074 0.67 1472 4516 1.09 1523 39.84 0.13 13.68 41.07 0.54 15.70
Hl7 4
|2 1L

BhiE 3742 096  11.03 4039 0.97 9.66 41.89 0.54 10.07 3992 092 12.18 43.09 032 14.44

BT 4477 028 1053 4832 0.6 1223 3892 071 1287 49.84 039 1293 5463 0.14 1255

((,{‘gy—l\‘lﬂg‘”

BhiE 43.65 051 7.89 39.78 0.28 854 4294 032 856 37.66 0.15 10.11 3592 047 9.71
“ GREHT 3621 049 1338  40.65 074 1525 3786 033 17.07 3992 0.64 1213 3695 041 18.03
Jbs”

FhiE 4194 023 11.87 3252 022 1432 4061 089 1861 3723 0.11 1024 2998 0.66 1522
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