1007-4619(2026)06-1611-16

PTV3-BLSeg: H R K = = 1520 A R AT BY
Bt E i

BHW, hzxs, KRN

L AbETAOl K2R AR by ARORBRIR 2k P A ) B S0 e 28, JE AT 100083;
2. dbEiHll KA MR Be RS HERROL L 0T A SE 5 %, Jb st 100083
3.dbEMOl K 2E BRMRERE SR EE T E T =, dbat 100083

B E: SRS SR B TR AE R TSR AT S A a5 R N A B AR B AL RN PR A
[A] &, Z<3CHET Point Transformer V3 42482 H T — Rttt 19 PTV3-BLSeg (fusion—enhanced boundary—aware Point
Transformer V3 for branch—leaf segmentation) B%Y . IZBIE i 5 ARG BEBRIE 2 DI TR IS R RAFEAEZIE , thikm
A& RRFE AL A ROR . A IR THEI 58 BRI BN RE 1 o O Tk — 2 s A il AR BE L
RSB AR, RAERT S50 A AR RAE, 2B 2 () AL . AR TR Z RRAE R ) B AR e T
FURSRE, RAGZMBALE, Do bk T4 B 2% I A%, SR 092 S SR 5 PEREIR Tt . 7 Smart Tree B3 4
b, PTV3-BLSeg B (R ARG B35 3 93.33% . AT F1 KN 75.61% . #H F1 50400 96.09%, 43 5148 i 4l
(Point Transformer V3) 427} 1.36% . 4.14% F10.85%; 1EMN S ARIEIEEE T, PTV3-BLSeg 15 (15 (A0S 1A 51|
83.83% . M F143480060.77% . WM F143404 89.50% , 3 FEMERIAL S BIFE T 5.04% . 12.86% F19.13%; F#E) VG
BEMNEARAE T, PTV3-BLSeg b /M (1R {40K5 B 153 81.87% . AT F1 /0500 71.32% . Wt F1 50500 86.60%, 435

National Remote Sensing Bulletin & & 5 4

BT 4.49% . 12.73% F11.48%, Bl T H B IF-m0Z {bfE
R EE L, BRSNS R I AN

o RMARMIE, PTV3-BLSeg M BITE M A 5 2= B 043 B AT:

I 5 2 B o R A LA S AN A A M LA ) 45 O

SRS, ] N AR S = eI T B S KOG A A 4R TSR A BRSO

KEE: A E, Point Transformer V3, R, HZE

R E %S, TP79/S757.2/P2

B, SAoifSOrE, BRER:, FHERLG, =40z

S AR BERP, YRE, KL .2026.PTV3-BLSeg: T B % 7K ;2 =45 40 45 M MR AT B B I 3 B A L L I RE 229, 30(6) : 1611~

1626

Zhou S Y, Yao Z Q and Zhang X L. 2026. PTV3-BLSeg: A branch-leaf segmentation model for fine—scale structural
analysis of tree point clouds. National Remote Sensing Bulletin, 30(6) : 1611-1626[ DOI: 10.11834/jrs.20265427 ]

15 =

AR, ML RO B IE TLS  (terrestrial laser
scanning) PR H 548 (8] 43 HE A 5 AR il =0 = e 4
REJT . Bl 2 0 T B 45 g 41 IO e )22 A
(Li%, 2014; Yen4§, 2010; H#R5F 4, 2019;
XIEHE 45, 2014) . SubRIES, FEE X RE AL
P B TR ARG I, SR (A5 258
R SO MLS (Mobile Laser Scanning) ¢
T B R A, 2 S PR A0 AR AROR = 4 4l

i HEA: 2025-10-10; FEDZAR: 2026-03-30

2 Y 2 4 UL 8 T 1 kg LA ) o 7 i Y
W58 7 1) o T TLS A MLS 7 %5 4 = B0 i A
AEF SR BOR A8, T4 B, 12
IR L BRI T R OR F R AR S
SEREVE, SR AR I AR ZC LAT (Leaf Area
Index) . FEVEEAVEFAEH NPV (Non—Photosynthetic
Vegetation) . B AMFL 5 Hy A9 AGB (Above
Ground Biomass) 4SS EAEEE L, it
FETERG AL = e b il Bl k™ A
AE BT XA A, e TR A ST

EETB . EEELH LTS5 :2023YFD2201700) ; [ 5 [ ARF 34 (455 :32171779)
F—EFR N AN, W5 O AR 4 F # . E-mail: zhoushuyu@bjfu.edu.cn
BEMEE R ke, A58 7 m MR A 38 K . E-mail : zhangxl@bjfu.edu.cn
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JEARARGT IR AT | BRAE PR ARG A
e fif AL 45 2 — (Dassot 5%, 2011; Liang 55 ,
2016; Zheng %5, 2016). SXif, H T 0L £ FR
hil, DLW AREEME 2 . RO AL A, S EOR
W 22 [f) 23 1) s SUSERT, AR R SRR B - b
AR EE R, RO R A S AR 4 0 8 Tl 5
KIkH

FIRT, B 43 807 1 32 BG4 35 7 B0 U A ik
BT R T HLAER 27 2T 1 7 V5 AL TR A T 1Y
T3 KK, FET R RHAE Y 512 AT DLy BT
(0] 35 A 2 R 1) g 3 R T T LA AR R ) 7 v S
& A BOCH A AGR IR SHE B, Rkt
SRR AT AR DR T BAT A ) B 0a 45
(Tao 5§, 2015). filtn, Cote%§ (2009) FJJHLLAL
W B R 2 F S T AT S R Xy, AR
PR TR P B S s Tk o SR TR
BOTYEXSIREDGIR | AL AR A bk 7 &5 R 4K i
PEEZE , ME LR A2 4 AR el B E A I
R FF R E RS BE . W, Strahler % (2008) 5
Mark Danson%§ (2018) % XL B EHH, ©
FIRTE TSR . A BT R 2 D 0 B A
MEREAE A AL X B, HIZE Ik R R 5
T PR N A SRR R, BT
BAR. BAh, FEBCEARST R, WOG A AT R [E
(VS I i LS 2 1T R T 2 i 5 7 N2
[Fi) 2 2455 g ) 79 B 4 38 22 S e DL S A2 1k
“H M EIRYE (Raumonen %, 2013). [AF, %
07 v T RS O RO R AR I, BRI A
(] 7 % A E 25 SRk DL BB (Calders 45,
2017), BRI 7 HE VAN . T LA RRE AL
B 5 2 IR A 2 9 = 4k 2 TRl {5 8, 3 ek 220 i )
TR A Al 22 S X R T S R S DT R
P IUREAS KUY Jry B A (R ARAE , A 2R
TR B 4% (Zhang 2%, 2019; Wan %%, 2021), 4K
JREE S BEBSIR MR LB . SR IL ARk
4 i IR o 8 Bl 0w =X, AN R AR
T ZFgmg, 455 T k 4R KD-Tree (K-
Dimensional Tree) Y402 5] (Klokov £ Lempitsky,
2017) . T kiL4F k-NN  (k—Nearest Neighbors) ¥
PR (L%, 2018). HAF, Ferrara%§ (2018)
F| H§ DBSCAN (Density—Based Spatial Clustering of
Applications with Noise) BRE W, 4565 KBTS

MR e R m B ZER, SCEL T B Rk
S B . Wang 55 (2020) 9 LeWoS (Leaf—Wood
Separation) &8 5 25 (9 JUAT 4R AIE 24 B (5] 5356 U1 )
(B3 3 S BRSO BB 0 85 o 2RI AR IR
UE W] A R i R, LA S5 0 1) 55 15 3 L 1
LG 5 (R 25 005 0 AN [ ol AR i 5 65
TR, AP AR N 7 A T

FR o E Ik — 2L 5 ABLER 2% > 7 i DL THRL
73 B AR o i TR Y 3 2R R 40 4% BE ML AR MK RF
(Random Forest) (Breiman, 2001). m¥iE&HA
GMM (Gaussian Mixture Model) (Wang %5, 2017)
DA M S2 5 ) 5 AL SVM - (Support Vector Machine) o
B, Zhu %5 (2018) $ Hi 3T F G LA A AT
e N T NS AR 3 7 OIR ORSE EE T K
fit., JFHIH REF SE BB 70285 Chen %5 (2018) i
SoR S SaRCINS BT VAIUELEE & St 3OS F IR CESE (N
JFHET SVM PR F. X7 E T T3h
VOB S A BIE , BERSI i 2% S FEA [B] i e 1 22
S S PLEE RE R o 2E, (ERR Y 1 REATD AR A b 1
o BT i FRCRE , HAE S B Rl RN 23 57 551 T Y
ZALRE IS R i

Bl M TR 2 I R R TR, i 3 i Y A
W3 89 07 VR B W SO IS AR . X SR T i B
AR IR S B ) JUTARAE S R AR G &
RE % it F A% e JE B Oy ik S 80U iz ALRE
ANRERFE, Qi%F (2017) 4211 T PointNet, /&
A BT S a BT T RS, REAE AR
WA Ry JUATRRAE , fHLER T 85 2 X6F ey 0 485 4 1 2 1y
R TRMAR . BE)5, PointNet++ (Qi
&5, 2017) SIAJR AL RAE S JR iR e RS PL ]
PETL TR JRy R4S (8] OC R AL RE O, (EAEAL
PRI B RAE S 2 W AAFAE TR RE T BRI &, it
— LR Ja A LA C R Y ERiA, DGCNN (Dynamic
Graph CNN for learning on point clouds) (Wang %,
2019) K KA TFRERAE, T8 A W B 4 4%
KR I R AR FM Y A A~ H A O
JE%5 5 . KPConv (Kernel Point Convolution) (Thomas
&5, 2019) WIR A7) % BT, B
FETE T P28 X Jry A ) IR RE ), (BB S
BOFHER, RIS = PR,

LA OK, Transformer 4L R 9% 51 A 55 25 @A
Point Transformer (Zhao %, 2021) i#id HFEE S
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B 52 B 0] 5 R A, 4R T 1 4 SR BRI g
PCT (Point Cloud Transformer) (GuoZ§, 2021) 5
Point-BERT (Yu %, 2022) FEMCIERN [ ifF— 4R
A6 THHIEFRIA . Point Transformer V2 (Wu %%, 2022)
TERCR AW SR BE A I $ Fh . Point Transformer
V3 (Wu%:, 2024) 7£ Point Transformer V2 [ 3Ll
G IAT R AR Y SR A2 HL AL RN S Y T ) 5
T, WERTE T MR R S 4 )R BT S
HERE Sy, JFEZ A F o AR 5 B T 95t
PERE. SR, 25 AR 20 B 5 AT AR AR L
AR H—, PR 5 28 A X A
B AR AR s =, BT AR it ™
ANEEF, BERL NS () B R A8 55
K=, I RhAES AR, R 7%
RGBS

BEXF R M A AR SRR 2, AR SO
Point Transformer V3 234, 21 T —F ek gk A4
PTV3-BLSeg (fusion—enhanced boundary—aware Point
Transformer V3 for branch—leaf segmentation) &7
Mg ABRBRIERE . 2 A R A S TR AL
il , PTG R AR R RE T . SRR
P, IR i rh A Z AR R LTS Rl
ARSCUIMEGE 1) LeWoS JTiEAE N I BAY , LALES
PEAT B2 89 75 0k AR R B A = Bl b e P RE
P

2 WX S

2.1 Smart Tree N FEiE&E

AW AE B 5 5 PEAL B Be R T Smart
Tree 78 #8048 (Dobbs 4%, 2023) . Smart
Tree 5 42 5T Speed Tree AT HA AL, A
7 N TR AR, BE NS R B A R R R
B LT ZE R A AERTIE A, AT AR il B A L S P
AR =4S 28 . Smart Tree ZUHE4E AL
6 KA AN . SR (Malus domestica) B, FAMY
(Pinus ssp.) . ¥t (Eucalyptus ssp.) . 4% (Ginkgo
biloba L.) # . $ABk (Juglans regia L.) W S5PEHEL)
B (Sapling Cherry) , AN AP 442 5 100 4~ LR
FEAS, IR T2 BT S5 R beds . B
BT B R B 2R S R M R R A, B
W A LR AR 22 5, g DI R0 P B AS I R A

RUPE AL T RAF (50 SE a5 IR B EIAART | A
SRR AR A T S B B RS . SRR IR AR
SE ., ATREXT A ALY LR B AR T, BOEEAR RS
HARKFIZ I MR AT AR . e, EHOER
B R FIARAS AR 3 SR SR U1 255 PPk Eicae ok
U5, 3 R PR AL = % B 4 il o 23697 pis/m’,
15259 pts/m*, 18345 pts/m’. L5 45 b iR Bl 4
701 20 LR IR N ZRAE | SRR S a4
AR AIE 9 25 76 Z2 A6 Bl 45 00 T 1 38 43 2% 2 5 R g
Zk.

22 BHEHESE

R it — A B AR Y A B SRR 5 P B
ROR e O ep [ g AL 7 A R B A iz AL RE Sy, A
SCHEHCT AL T A T7 N S8 B R DR TR M Y
LW AR ZEHE (B2 NEE R
TREAE) LR AL T B R 7 ) P F A XS
THRONFEHB A R =8 (PIrfs B de 49K 104
BEHEIE AR ), BF9E XL & BT 1 s, A% ol i
FI#E (Betula platyphylla Suk.) . ¥MA (Larix gmelinii
Rupr.) . ¥ 8 (Eucalyptus spp.) . S BAs (Pinus
massoniana Lamb.) . 250 i 45 R0 2 7 5 H 14
F4 ## SLAM  (simultaneous localization and mapping)
BWOCHHE AR, 28 Filsb 15 {f ] CloudCompare
B AT N TAR bR, R4S & BT it e 432
bR&E o @R A, AR B AR U TR
RUMA B Be, RS SAEMIIRE R fE, &
TE VG A Y A 5 52 2% B LS AR MR 5 R iz AL
T,

221 HERHRTHIESE

HRVAT T 67 T N 5l A A IXIFAR DUR T, Ak
KA RE, HuBEYE [l 50°20'N—52°30'N,
120°12'E—122°55'E, “FYilik 2714 m. i IX
J& TR IR, &FEEK, HFER
PR X IR g I 2 BN TR IR AT B R A,
PR 35 R R o SCIORE M N L BEAE XTI, AR
VAR AE, DRSARAIh FORE RIS A o RSt AR
BHRAE R BT 4+ H120 T4 SLAM 35 4R 4E
Hrb & FHE3sS R, PR S %R 51678 pts/m?,
TR 3SR, FI 8 =% E R 76933 pts/m®s R4S
SHANF IR .
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£1 HI20 F#HK SLAMZ &S HEE
Table 1 Handheld SLAM device H120 parameter details

SRR ZHE SRR ZHUE

F b 75 /m A h 5870 N il /m 120
L/ 18 FABLE A 360° eSSk LA
B 0) 280x360 R I HER 6080 pxx3040 px(2:1)

LiDAR & #/em +3 ARXTREE /em <3

SO CBLIRTIEE )/ (pts/s) 320000 Y XK /em <5

222 JTTEBEMNEES

B T 7 e PR B IR X T, b
FHARFR A 22°08'N—23°30'N, 108°48'E—109°37'E,
J& AR 2 R, AR 32 DL SR
MRAH GREF AR 2, H LA RN SR . A
F, MRS BN EGR R K, PR,

AR B = LA T S ket . Th RS . PR 4L
P T A A AT B2 HT FHE SLAM B R4
SER, LR 3SR, TR R 7050 pts/m’,
R 3SHR, IS 2% R 13193 pts/m®, W&
HARSHANFR 2 FiR

£2 HTIFHASLAMEESHIEE
Table 2 Handheld SLAM device H7 parameter details

SR ZHH E AN ZHUE
Lt 25 i/ mAh 3450 HWOLIE /() K360, I EH-7—52
TRR% GPS+GLO+BDS+GAL+QZSS iy 3840x2160 px (2:1)
P 1(°) 240%143 ARG /em <

ST (0.8+107°
RTK K i /em P (0.8+10°) 245 %K FE fem <5

=R (1.5 em+107%)

BT 35 = B0 DL onpz #8200 AF, 0 =4k
s B FLXE I A T/ bR A o AR % 22T
FA s BEARY AT T IH— b S5 R 2 R AL P,
DU RS, Si— R, IR AR5 R R
G ——XI N . AW T RESH G —1 8 0.02
CEDBE 2 18] 43 A 1K 0.02 m B9S2 7 AR RIS, F4
KRR R — RS, M N 5000 pts/m’,

3 WSRO
31 R

3.1.1 Point Transformer V3 &5

Point Transformer V3 J&—FFE F Transformer 42
MBI R R A, B B B K
RN 22 RUBE 23 (M) 45 R B RE 0 o SR 20 1) 4% — fi
WA 5K, TE g i B B i 22 903 2 AL ] S 1
Mo AR 5 R U RAAE TR B B 2 1k
ERnalgdx, miSEHE2 N ERm

Serialized Attention B, &5 G s 2 Fiv i 40 4 52 81
25 MERHRFIE R GA 5 IR 28 A & F RAEE S |
RAERLH, SR EMERMZ R EEE. Point
Transformer V3 i) R Z& B4 QN 1 TR .
TEARWFFEH, Point Transformer V3 Ji 5 % Bt £
HoN RS, HAET—Hmias, HaBEms—
o, EIEBONAGE, FEIE4ERE R — 2N 2R

(N, C=16). (g, C=32) . (ﬁ, C=64) (ﬁ, C=

4 8
N N
16 €=256) . (55, Cc=512), H, NE
IR AR, CRR N Sl

R A B I () MK A 25 () 43 R, TR B 2 e
Yl AE B, B R AR B A 2k R AT R
1) s <5 V[ 8

3.1.2 PTV3-BLSeg &8 & {KHEZE

128). (

PTV3-BLSeg JETE Point Transformer V3 [P 4% [
Hehb b, S5 A WA S = AT S0 B A e
o 38 A W R I A B 32 I 2% A 2R AN
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AL 2 R SRR A ), 5O A R Cross Entropy), FFRlA 3T SEHEAEHBETT. mlA Bk
(Focal Loss) B U HLAY {2 X4 BCE (Binary PR . S AR AL . TRZ B L
""""""""""""""""" S Y
oommw T \
Wit | 7 xN
|z Lol olirm i+ s L] Lt L ‘L£>
Il BNEH e [ i 4 ¥

RN ES-
A~k ﬁﬁUJ g e v

K1 Point Transformer V3 M 452845

Fig. 1  Point Transformer V3 network architecture

PTV3-BLSeg il AZHE N (N, 3) HEREAYHR
Mo EBANNZG T R, B A 2 h 4o
FIHATACER . 43 30 i PTV3-BLSeg - T M 4541
BURRAE I 76 Bk BRO% 4 B Bl 3 R AIE il A
(Fusion Block) #F— @l GH-E, eSS 0 B
WF%%T%E:E(,C)@(M(D%%ﬁ

Fono kb E, ﬂﬁ%ﬁ%ﬁﬁ(—,w

LV NEae (€T
N3 ‘:'\ A IR I 5 o,
‘ S D LA 75 HH B 280
AR
N-C [ Transformerf# b ]—
N ]
- i3e [ Transfor'mer*ﬁﬁE  —
N :
R 32C | Transformerfith ——y y v
M ®
== £
i 4z
35 [ =
il =l
) ﬁ
2ome
Loac (1 T
3 ransformer J_‘.ﬁ .....
N-C [ Transformer fEt 14):

3, F%%iﬁ%#

%iﬁﬁﬁHLﬁﬁ FrimAL, PAKESR
mﬁEﬁ%b%ﬂE,Mﬁﬁﬂ%wﬁEM%%
RRRIE o (| O B ol W U L e TR A O i
SRR J2 W B AL DA — 2B s A B 93, ek
P £ B B (AT R Ak . FEMERRBY B, TRIZ M B HL
AP, BRI 2 R S, AL A
e 2 fis .

XA T w B Eo

EREER
N1

2 PTV3-BLSeg %45 H R B (A A== (6))
Fig. 2 Schematic diagram of PTV3-BLSeg network structure (The formula on the right is shown in Equation (6))
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PTV3-BLSeg L) Point Transformer V3 fi*) i ith 5 —
R RS aE A B Rl G 13 5 )2 Transformer Ji B AR B
e ROE A AR AE . 7Eff i Re v, Dok o 5
JZERREA R SRR ER LR, SIA T/
B aABRER IR B2 A FORFES RYRRIE S
XF V7 4 B A T R AT PR R, R G 2 R BONL
MLP (Multi-Layer Perceptron) #5347 3| £k 14 il
Bo T WHBREREAN, AUFFRAEBIT I E
MR T R S = RS MR, AnASe ) RO 22
SR R R A T A T LIRS S A,
B SR DR AR et il -5 0007 2, REAS WAL H
X L AL TUART 25 M A, G R SRR IS B0 A
BEEs AR /N R I R R AR 22k o X Fh 5 s L Rt iR
o0 265 v A4 T BRI B B R GRBE ), RESE LR LR BA
R Y 43 ) 5 R 15 L o

FEXS R P b0 2 OB A
PTV3-BLSeg M 2% 5| A i B3l s A e . Bk
2 A KBRS AT S A B A A
FEAE YN Lt e v X 3 6 30 5 I3 B g 19 45 2R A
H, G RZE O TEME S DX, AT TR AE
Ab RG> FIHERR AR o IR R AEAE B LA A T
KRB DRGNP RR S, X i H B A
T AT e Ae, AR AR A T
T REE M BT E I EORB AR S5 1, X — Rk S
WAL I A0 R AR L BE B A R OR R B0 45 o A
R

B TR 45 5 U R A 2 1k o TR] R AR 3R A RE
71, PTV3-BLSeg 15 U it — 20 5| A TR 2 W B HLHI -
T fiff i v T) 2 A8 ey B B Sk, X b )RR AE
PEEATE S, (EAA AR I 5 R AT 3R AR B L
MIBREEAR S, TIPS SO $2 T B (R e . BT
XA 7 BV AR 2 RS 22 R A
SR B AR T A 2 AR A, R R
B 2 S EOP A2 AR AL, MELLSE o 4
ARANA N SR BRI LTS5 1 o e, AROFSTTE MRS A%
i tH AT — 20 TR R MR, O B g A
Bt RIAERT, e i B A XA i Jag & 45 4 1
AR A AT, DA I 2 B TR TR ) 52 A
TRAA XN 5 HIBE T

313 FABIEKERE

TEJR A Point Transformer V3 MRS BL, R
B2 T R R BRI 7 5, B EERK ORAERRAE

55068 07 2 5 g i SEAT B G RN . SR, B
fA] SR ERAE 25 5 2206 N [F) 2 RRAE AR 18 325 1] 5 L
T ROEE By 255, GRS 407 (5 B JCHE A R
Ho NI ER SCHRE R M5 B S H, PTV3-
BLSeg 5| A T fil & :CBRERE LK, RIE 3 P A
fERL A,

TE R R B B, 8 4 A AL 2 R R AE
F, e RV 5 X0 g i a4 (D FRAE F, e RV VR
A HATOHEAR B F .

F,=(FJF)eR" (1)
B J 308 2k — A P 2 SR ML A T A 2k 5 A5 2
BIRMRHEF,,,.:
Fo.=MLP(F.,)=W,(a(LN(W,F,)))e R (2)
Krfr, W HW, WENEAEHZ2, LN LayerNorm,
o 0 ReLU JUI% BRE . AL AT A 088 T 15 )2 Ak
X5 5 RGRRE Ty, AR ARG JR R A ) B
e
3.14 AFESRELR

53 BT 55 v T I 1 — A SR A T

B R Aoy B . M IE, PTV3-BLSeg 11T

— i) SR AT O TR W A AR T A A 3 A A5 R

SIRE ) o BRI, SR T K 4B A% 553 kil

BA S R BB N & A T RAR S, A

fE, WPEIZ S FRIE N A il R g Uk h

1, JeN()j*i

"7 o, it

b, MG)FERE I ED RIS SES, M2

Bl i AME— i, SRR LG PR — R S

RNIE TR —Kr%, WB, B, FRiiEhR

M RZI0, B RETE — O FE R R S
XIS AL

Loapy) ==(a(1=p)"yin(p) +
(1- a)p7(1 - y)ln(l —p))
L, Lou(ps y) FRBUMAT RS AR RS, p

FORTIMER, ¥y FRH TN, o fURIHINE,
y FRRER T

(3)

(4)

L= Ziwi : ‘Cfocal(pi’yi) (5)
. S P A A wzw,B(i)=1
ﬁ¢,cﬁwwa%@ﬂ,i{l,Bm:0<w>w,
R E
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315 FENME

A s 45 N R R 1 S v Ta] 2 Y R AR
KILAES), PTV3-BLSeg 5l A T )= Wi & ML
WAL e fF A5 g% 09 b ) B Be LA — A i B
oy 32, W a) 2 FRAE R AT MR . b ]
JZ SRR R F,, e RYVC, HWMEHE . 7., =
oW, F,)e R, How, A5k &5
e, o 4y sigmoid B, ZHK (L,,) tEMK
(L, MBI (L, Hn, —3 308 fE N
K, BRI

Lo = Lo ¥ AL, (6)
Ao, A PTG B RAE . B ] 2 e
FaaE BB B S Ast . AT R TN SRR I 5/ B A
MIZRIBHETT
3.2 IEMMERR

N A TP A ST H Y PTV3-BLSeg KA 1L
K5 i ks A FAE 55 ey o Rk RE, SR T
A5G BAARE E OA (Overall Accuracy) . Kappa &%
DA BT A I F 1080 N 2 0 bR o B
SERAT H I kTR BN T, SR
ELSI Sy o 0 sSBCh T, LS Sy {E R
HUDSE 3 LJ&E%?@&?W%EZB@WM%WHB‘J
R HERF, | F\, SN

N=T,+T +F, +F, (7)

OA FI T S MR RIS i Ay s Y 0 2RAE T 38, &

SR,

T +T
A: W 1
0 N (8)

F1 75 B0 2 % 5 R (Precision) 5 A [A] &
(Recall) FJPFIEIIME, KTt R 09 F1 0808
SMANE

P, = T 7; . (9)
R, = TWTJ}F, (10)
P = T ?Fl (11)
R =% (12)

o, PR TINA T AR B R, R, A TN A Y
AR, PO R BRI R, R AT A Y
AR, G, BRI FL a5 (F1,,,) &
X H

2P R

F1 0 = P+ R " ]g“ (13)
MR F1L 8 (1) WE SO
2P\R,
Flu=pin (14)
Kappa R %0 (k) 382 Ho A i 45 51 5 B AL 43
RERN— B HA TR, Rk
_ P, P.
=0T (15)
(T +F YT +F,)+(F, +T)(F+T)

Ao, pAREROA, p.= e

3.3 SLIEIAE

F R 25 A0 58 31F 2 7F Linux Ubuntu 22.04 $#:1E
Ao itir, HEE 4P ¥ 5T GPU (Graphics
Processing Unit) A NVIDIA GTX4090 24 G, i}5
G — K R 454 CUDA  (compute unified device
architecture) WA 12.4, Jr A 59 3 F IR IR
22 HESE PyTorch SEBL, WRAS A 2.1.1. AMFSE4E
f¥) PTV3-BLSeg 5 %), 3 T M % & PTV3 M %5 .
S EWL R gk 2 b, FEXS LE S g b, AR R Y
BRI SR — 3, BB RS HUNR 3 R,

x3 EFTMEXEBSHILE
Table 3 Key hyperparameter configuration of the

backbone network

2 ZHUE
LITDATIBTER ' 3
TRH A 2,2,2,2
LR RBIIBIER 'S 16, 32, 64, 128, 256
EMR WIS 2,2,4,8,16
T AN B 1024, 1024, 1024, 1024
it 30 AR 1

IR BT AddamW FLALSS , 7 T R0 46
A1 % 107, IR BB 1 x 107, R/
W2, EARRE N 100K, AAMKESH o
BER 3, WZWEESEAREN0.5, FFE
a7 0.75, RENT vy A2,

4 SEERES AR5 b
4.1 XJEbsIE
J T FEAVEAL PTV3-BLSeg 1EA% M43 BT 45 19

VERE, AWF3E(H FH LeWos 1l Point Transformer V3 ¥
FE2E ) AR AR T, R 3B R AR A T L
1
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4.1.1 Smart Tree BIEEMN DB ERE DT

F AR T 3K PR T 1 HUAR SCHE Y Y PTV3-
BLSeg 7£ Smart Tree 2{ ¥4 ARSI . Kappa R%X,
LA T FLAR 5 5t i FLAG 90 B HE AR Es 2R .
SE AP HTRWT, PTV3-BLSeg 75 4% fA 1 fiE - 4 1
R L, HLAEMORT JE A 93.33%,  #X Point
Transformer V3 #2 | 1.36%, % LeWos #£ J} 5.86%;

B F1 5380k 5] 75.61%, %% Point Transformer V3
$e T+ 4.14%, H LeWos K42 1 35.65%; It F1
5K 96.09%, %% Point Transformer V33271 0.85%;
Kappa 2535 71.89%, %% Point Transformer V3 42 F+
5.19%. X —FRYVEAE 7L /3 Bk | PTV3-BLSeg 7F
Kooy B AR 55 P R S

x4 AEHM S EFETE Smart Tree HiEE FHZIEEEEEE

Table 4 Performance comparison of different branch - leaf separation methods on the Smart Tree Dataset

T i (e SS9 e F153%0% A F150%0% Kappa 2 $/%
LeWos 83.94 49.37 91.11 39.14
SRR Point Transformer V3 89.12 56.24 93.70 50.77
PTV3-BLSeg( A ) 89.68 59.37 94.01 54.06
LeWos 87.26 51.62 90.37 46.95
PR Point Transformer V3 94.88 80.98 97.03 78.02
PTV3-BLSeg(A<30) 96.54 86.54 98.01 84.56
LeWos 91.19 57.44 95.00 53.59
FRA A Point Transformer V3 95.81 83.00 97.54 80.60
PTV3-BLSeg(A ) 96.06 84.28 97.68 82.00
LeWos 87.47 39.96 92.16 36.53
EZ20N Point Transformer V3 91.97 71.47 95.24 66.70
PTV3-BLSeg(A<30) 93.33 75.61 96.09 71.89

PTV3-BLSeg X A~ [l # it Ji& 2 i A2 1992 fL RE
J1o X FRTIEEE LR, HA T F1 0%
53 59.37%, % Point Transformer V3 #& T} 3.13%,
A LeWos $2TF 10%, &35 038 T4 A 1 A 1851
KGR, X AR T AR MR, BT F1r8dE Tt
It i #F & 86.54%, % Point Transformer V3 42 J}
5.56%, %iLeWos$Tt34.92%, UEHHH 40411
FEERTPERE J1 5 WX F AT A XS A g i AR A, R
B EERE A IR AE , (H PTV3-BLSeg /514 84.28%
IR T F1 A BUR A5, %% Point Transformer V3
P27+ 1.28%, H:82.00% I1) Kappa 2 EUH 4 LeWos $i
F+28.41%, VRILT HA3HIZ5 50 = o] Sk

EAFE BN, L5071k LeWos TEAL 1431
T RIAE . HAESE IR A | R R AL
T F1A80 UL R 49.37% . 51.62% . 57.44%, %%
KT F1AB0OE B % 39.96%. AT LeWos,
Point Transformer V3 753 AAAL 143 E1EE A H
PTH, HAT F1BGEE 71.47%, SR, TE3ER
R L, HAT F1 58U 56.24%, 3 PTV3-

BLSeg i 3.13%; TEMMM AR L IRMIK 5.56%, @7
HAEAFIRRh 1 f23 FIRE 1A AFAE— € JRIBR

3 7R T Smart Tree £l 5 3 DR AP TEAS
[F) A 380 07 2 B AT ARG X L 25 2R . e AR
oA 5ECT, 22 R B AL E AR A
BRI A YR R, W AR R I 2R
Byt Raf AIOL, LeWos Jrik mAR Hag — a2
I X RE ), AR AR A I 52 S DXCIAF A i 5 iR
gy, JUHARTE R A B A A RS LT REA
fa %€ . Point Transformer V3 £ 3 {4 43 #) e o 14
B LeWos A7 BT R $2 T}, REWSELUF IR BB AR 3T
—RALEEH, BT — E TR R 0 SRR A
M ERAL MHILZ T, A SCHE Y PTV3-BLSeg
J7 ¥k g g | 30 B i 2k B B R R e
BT T BRI A0 B S5 R BERBE 1, fEA
(i) A A v 27 92 BT BV WA RS B RS BRI A R
SPRA, RIME A BT SZ AR, Rk
TR DT RTE SRR S S AN o AR S5 TR A
ROk
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Fig. 3 Visual comparison of different leaf~branch separation methods on the Smart Tree Dataset
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FE N S R AR 4 |, PTV3-BLSeg [FlFf
I R Z ACPERE . IR 5 PR, RO ETE FIAE
FNFE AN PR A B0 2 B PERE 2 G . Bk
)1k 83.83%, %X Point Transformer V342£7}5.04%,
B LeWos #713.25%; it F1 080K 60.77%, %
Point Transformer V3 K 0& & Ft 12.86%, % LeWos
27t 13.88%; M Jr F1 43 %03k 89.50%, 5 Point
Transformer V3 £ 7} 9.13%; Kappa Z £ik 52.66%,
# Point Transformer V3 £ F 12.33%, X —45 R 4E
Ff 8 B A 5h i — 2P 58 9IE T PTV3-BLSeg i &
B,

SR FRLEE & BE, PTV3-BLSeg 1£ & 22 I 25
R PR ETE o B2 R R 2R B AR IR 5
ey, HAT F1E0GA 60.85%, % Point Transformer
V3T 11.58%, % LeWos #£ 71 9.93%; TEFL %

AR IE M T 5, R F1 BRIy 58
H % 60.65%, ¢ Point Transformer V3 2T} 14.83%, #%
LeWos 27} 20.80%. (HA57E /02, Point Transformer
V3TEZ B AE LR E R, Ak R Rl
SR 81.49%, H& B AL T 15 58 75 1 LeWos 1
88.18%, 1fii PTV3-BLSeg L 89.10% (1)1 /i F1 /3 %%
B v A MM T 50, ik WY JH 8 A 00 A (] AR
etk

1% 55577 75 LeWos 7E A 5 B it p AT LR 45 3 it 43
FIRe Ty, ARKL T PUNAEAER ARG o 9% R L
T F1 57500 39.85%, < BH FIHERT Hz SO 75 04
B I SHE A0 R T R 0T ) VA A B IR PR o Point
Transformer V3 B 7ER T 0 E) _EAE T LeWos, {HH
For BT RE L g, IR A R AR
K% 78.63%, FRWIBRIEGR EE 2 2] B AYXT X B Ly
PEAR I o 17 PTV3-BLSeg 7E AR5 143 FI AL 3 [
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Table 5 Performance comparison of different branch - leaf separation methods on the Genhe Dataset from Inner Mongolia

T iy SRS 1% T F13%80% - H F15%0% Kappa £ 50/%
LeWos 81.38 50.92 88.18 4278
P Atk Point Transformer V3 78.82 49.27 81.49 39.05
PTV3-BLSeg(A3X) 83.22 60.85 89.10 52.58
LeWos 79.44 39.85 87.33 32.48
TN Point Transformer V3 78.72 45.82 78.63 42.16
PTV3-BLSeg(4<3) 84.76 60.65 90.15 52.77
LeWos 80.58 46.89 87.83 38.46
AR Point Transformer V3 78.79 4791 80.37 40.33
PTV3-BLSeg(Z3¢) 83.83 60.77 89.50 52.66

Bl 4o TIENSE OB G2 b P Rl EZ5 M o8 B M al b, ARG T3R50 28
(FHES A ) AR > BIA5 R XS L. & I, JCHAEE AR E N %S TSI X,
AU LeWos J7iEfE FAME EAFAERBEIRIMSE, U WA UUNEE T, S8 B4 1) 4D 2 5 1 g
HAE £ F U £ 0 BRI Point I SEMRENE . R BRI T A SO
Transformer V3 AL Gt )7 12 BA B0k 1Y 45 14 45K TE 22 FEVE T ey 1Y S B 508l i AT B R4 i iz A P fig
AEJ), (HAEJRARAE A2 Xl (P BAERRTEAL) 15 SEHEE.

Sy B S AN EGRH] s PTV3-BLSeg 7ERF

Ji LeWos Point Transformer V3 PTV3-BLSeg

F

s

K4 NS HEEE 8 b RIRCH- 23 3 7 ik i al AR X L

Fig. 4 Visual comparison of different leaf-branch separation methods on the Genhe Dataset from Inner Mongolia
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4.49%, % LeWos #& T} 11.40%; ¥+ F1 5y 50k
71.32%, %% Point Transformer V3 fll LeWos & J}
12.73% $120.95%; " F1 50405 3] 86.60%,

Point Transformer V3 #& J} 1.48%, #8 # LeWos
5.32%; Kappa 250K 59.04%, 7% ik /] —5%
(e TE =51

R6 ARBMAIBEHEE BEMNBUIRE LS BIERELLE

Table 6 Performance comparison of different branch - leaf separation methods on the Hengzhou Dataset from Guangxi

T i (e SRS % e F153%0% A F15%0% Kappa 2 $U/%
LeWos 71.38 43.26 87.18 40.54
et Point Transformer V3 79.24 52.46 86.33 43.12
PTV3-BLSeg(A3C) 85.02 73.36 89.29 63.10
LeWos 69.55 57.48 75.37 46.48
EYEEY VN Point Transformer V3 75.51 64.70 79.28 52.02
PTV3-BLSeg(A<30) 78.72 69.28 83.90 54.97
LeWos 70.47 50.37 81.28 43.51
R Point Transformer V3 77.38 58.59 85.12 47.57
PTV3-BLSeg(A<30) 81.87 71.32 86.60 59.04

XF FEAS R B R i) 23 #2528, PTV3-BLSeg 7E4
A R BRI R . HA R FL A
ik 73.36%, %% Point Transformer V3 Fll LeWos 43 3]
$£ 7+ 20.90% F130.10%, [FIBF 0t R F1 o R R AE
89.29%; b AN KT F1 43 %0 R 69.28%, A
F1 53 %08 83.90%, 40 T HAb )y ik . X R W]
PTV3-BLSeg it 947 %500 X A% 32 45 FE £ 52 24 1)
st

MEZ T, LeWos fEAL T4 ¥l A7 B A
B, H kR BT FL 2 0L R 43.26%; Point
Transformer V3 B $#& T, (HI F o3& sh ik,
JRr v 52 2% DXCIUATS 5 1 B3 SRR . PTV3-BLSeg A
ACRFEAR T 3 I, R RR e B2 T 0 B
FE, S TR I A SRR

KI5 IR T AR 5 I AE ) VU R P B5cal SR A AR
A A FIROCR o X TR REAS AR A S 3 b
M E T X3, LeWos H T H 3T LA % 22 Pk 5 fil
) 45 P AL R R a5, BRI PR FL&5 4 P — 1
TEB o R B AP R E . MILZ T, Point
Transformer V3 A PTV3-BLSeg 7£ 1% X 3 57 PR - &5
REEARY LR E T UEREANR, e
R

SR, TERCT 5 A8 F Ak Boed )2 N 38 45 45
¥y 52 7 X 3, LeWos 9 JLARI I 51 6E J1 B 2 F B,
1Ml PTV3—-BLSeg il j2f i1 F 38 58 15 25 44 29 o 4l 2 i />
TR, ARG R — SR g0k B 53 7
TR I TR -
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L RS B ik %)) 83.83%, Kappa ALK 52.66% ;
TFE ) VG R N B L AR FE 4 81.87%, Kappa
FECH 59.04% . JLAE )T VO N B s 4 1 Kappa £
B =, AR P S AR A SR TR AT S R FL
SYEC RN RR A o R DR AR T A A R 45
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AN, W EEHTEW . BREHR T, S
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JUM2S5
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Fig. 5 Visual comparison of different leaf—branch separation methods on the Hengzhou Dataset from Guangxi

42 HRAXISHH 0.43%; &Nl T sRB S, BT F1 5350k —
AT PTV3-BLSeg (BG4 300, 2B LT E 72.67%, BH—BEERE LR T 0.77%; &%

FH T AWML R, WRTPR, fSman I AREEHIGTCRERUL PIV3-BLSeg, BT F1
Tree KO 1505 5L ABRBRIEH: | nam g P BT RT561%, B3 BB 10 2 L1
R T U SR B R M B R L R T . MR BT 4.14% , X Fh B BRI I0E T 2B i P[]
B BRI B L BT R A 5 poine KIS
transformer V3 [ 71.47% & 7+ & 71.90%, 3 i&

%7 Smart Tree #{#E % = PTV3-BLSeg /&2 5 g L1

Table 7 Ablation experiment of PTV3-BLSeg on the Smart Tree Dataset
ek gy

FEAY SN B2 1% Wt F1LE% R LU % Kappa R 40/%
BRER R AR WRIE
x x x 91.97 71.47 95.24 66.70
Point Transformer V3 J X 92.55 71.90 95.64 67.73
N N x 92.83 72.67 95.81 68.67
PTV3-BLSeg N N N 93.33 75.61 96.09 71.89

WIZ AL R IR stk o 8 B S AT F1 3 50 T 2.94%,  [R) i HE 3)
Fo ML R AR o R , K2 Kappa REUETF 3.22% . X RILE A PR RHE K
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FERR A B 25 . 58 AR T PTV3-BLSeg fit & 52 HX
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Fig. 6  Ablation study visualization comparison on a Pine sample from the Smart Tree Dataset
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PTV3-BLSeg: A branch-leaf segmentation model for fine—scale
structural analysis of tree point clouds
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Abstract: Tree point cloud segmentation plays a crucial role in forest structural analysis, 3D forest reconstruction, and the accurate
estimation of tree parameters such as diameter at breast height, crown structure, and biomass. However, automatic branch-leaf separation
from tree point clouds remains a challenging task. Major difficulties include the ambiguity of boundaries between trunks, branches, and
foliage, the severe class imbalance caused by the significantly larger number of foliage points compared with that of trunk points, and the
complex fine-scale geometric structures present in tree crowns. These challenges often lead to misclassification of trunk points as foliage
and inaccurate representation of structural details, which ultimately limits the reliability of downstream forestry applications. Therefore,
developing a robust and accurate segmentation method capable of effectively handling boundary ambiguity, class imbalance, and fine-
grained structural representation is essential for improving the quality of tree point cloud analysis.

To address these issues, this study proposes Point Transformer V3 (PTV3)-BLSeg, an improved tree point cloud segmentation model
based on the PTV3 architecture. The proposed model introduces three key improvements. First, fusion skip connections are incorporated
into the decoder to strengthen cross-level feature propagation and enhance the interaction between shallow geometric features and deep
semantic features, thereby improving the model’s ability to capture local structural details and global contextual information. Second, a
boundary-enhanced loss function is designed to emphasize points located near trunk-leaf boundaries by assigning them higher training
weights. This strategy helps the model focus on subtle structural transitions and improves discrimination between adjacent classes. Third, a
deep supervision mechanism is introduced by adding auxiliary supervision to intermediate layers, which guides the feature learning process
at multiple depths, stabilizes network training, and improves the learning efficiency of trunk-related features that are typically underrepresented
in the dataset. The proposed model was evaluated using three different tree point cloud datasets representing diverse forest environments: the
Smart Tree Dataset, the Genhe Dataset from Inner Mongolia, and the Hengzhou Dataset from Guangxi.

Experimental results demonstrated that the proposed PTV3-BLSeg model consistently outperformed the baseline PTV3 model across
all evaluation datasets. On the Smart Tree Dataset, PTV3-BLSeg achieved an overall accuracy of 93.33%, with trunk and leaf F1-scores of
75.61% and 96.09%, representing improvements of 1.36%, 4.14%, and 0.85%, respectively, compared with the baseline. On the Genhe
dataset, the model achieved an overall accuracy of 83.83%, with trunk and leaf Fl-scores of 60.77% and 89.50%, improving by 5.04%,
12.86%, and 9.13%, respectively. On the Hengzhou Dataset, the model obtained an overall accuracy of 81.87%, with trunk and leaf F1-
scores of 71.32% and 86.60%, which corresponded to improvements of 4.49%, 12.73%, and 1.48%, respectively. These results indicate that
the proposed model significantly enhances trunk recognition performance while maintaining high accuracy in leaf segmentation.

Overall, PTV3-BLSeg effectively addresses key challenges in tree point cloud segmentation, including boundary ambiguity, class
imbalance, and the difficulty of recognizing fine-scale structures. By integrating fusion skip connections, a boundary-enhanced loss function,
and a deep supervision strategy, this model improves segmentation accuracy and training stability. The consistent performance improvements
observed across multiple datasets demonstrate the robustness and generalization capability of the proposed approach. This study provides an
effective and reliable solution for high-precision tree point cloud segmentation and offers valuable technical support for advanced forestry
applications such as 3D forest inventory, tree structure analysis, and ecological monitoring.

Key words: branch-leaf separation, Point Transformer V3, boundary enhancement, deep supervision, point cloud semantic segmentation,
skip connection, feature fusion, 3D point clouds
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