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Abstract

The complex spatial structure of ground-based laser scanning data in forest scenes and the high
canopy closure make traditional forest resource survey methods labor- and resource-intensive.
With the advancement of computer vision technology, deep learning methods have achieved signif-
icant success in fields such as transportation, agriculture, and forestry. As a core paradigm of deep
learning, supervised learning relies on large amounts of labeled data to train models. However, its
high demand for data quality and quantity limits its application in scenarios where labeled data is
scarce. In contrast, self-supervised learning-based large-model object detection methods can ex-
tract general visual features from vast amounts of unlabeled data by designing pre-training tasks,
demonstrating strong representational power and generalization capabilities. This approach not
only reduces dependence on labeled data but also enables models to adapt to more complex and
diverse object detection scenarios. To address existing challenges, this paper proposes a single-tree
localization method based on the large model DINO-X Pro, leveraging the unique spatial structure
of forests. First, spatial features tailored to forest point cloud characteristics are designed and input
into the network to determine candidate bounding boxes for individual trees. Then, trunk points
are back-calculated based on the candidate boxes. This study conducts single-tree localization ex-
periments using publicly available forest point cloud datasets. The proposed method achieves re-
call, precision, and F1-score of 84.1%, 88.9%, and 86.4%, respectively, across various sample plots.
Compared to the existing T-Rex method, these metrics show significant improvements of 31.1%,
17.6%, and 25.8%, respectively. The experimental results demonstrate that the proposed method
offers high single-tree localization performance and reliability, providing valuable reference data
for forest resource surveys.
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1. 5|8

ARG A A 5 2 S, AR ST e EETTAE, AR IBORS B R AR MK B2 U 40 A7 15 B AR bk B8
ERL RS RS OMEEAT LS RGBS TT R A B R X [1]-[3]. ﬂﬁﬁﬂ%ﬁ(;‘t?ﬂféﬁ
(Terrestrial Laser Scanning, TLS) R A =% ks IR [4], Ao R 1% AR AR A 8 0 H 381 0 48 1 3 T
JARG B[R AE B [5], Bt TLS $oR 2 32 F T AR IR R [ 6]

EM% TLS %aﬁ‘]ﬁﬁhqﬂ FAARAE R SR IR O o3 A A% DGR 43, o B, T SRR RS
TEAL X — I R B RIIA TS (2] BRIk, WA AN B AL B O B — AN SGBEAR AL BRORE S
ﬂiﬁi%ﬁ%%ux.iﬁf?, I T AR A SR I B A g, SRBURAMAE B, RS HETR R R AR
T, BB L, BETE R R BRI E . FESEIL AR E AL R T, AAEZ M
R BN v . AR —H B R B 72 R el 5 FE AR A (Canopy Height Model, CHM), | 3R T
7 (Digital Surface Model, DSM) 5 ¥ i 244 7 (Digital Elevation Model, DEM)f 2 5, it it 5455
CHM. fESCEEA E, SRATSIAE DR AETE, =& s O A E T BT, AT )
FARIALE[7]. Yang 58 ANTE CHM R 2B EAL b, HHE =425 (8] s = 0P 20 A (R 5, 64T 22 07 ) 1)
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RT3 HT, AIEERI T AL B, A RO & 1 BT SR 1) RCE[8 ] IR STV HE % UL I S ik
RS T 1) 725 (8] 3 AR, A BRAE ALt 1 I SCHE o Iy — Bl U2 i A A T, € B RN B . Wang
SN T —FaIH T BRI vk, ZERE TP E i S E z AR, @it
PG JZ BESEAILE, A T T 00 B A DR o Chen &5 N[ 10] 3% T4 % B 5 5 55 2 [A] 11 S B,
Wit 1 — B B 3& B AR IRV SE B R AE , 856G SR EN LRI T, B R SRS HA,
SEPL T BT R SRS AL R, B T PRORAIE . Liang S5 N[ 11 -1 FE 592 A 2% 2 07 A E N RRAE
R, WA 2 = BE PRSP U R T 5, JHE BB G HOR, i 7 R8N
TMSEHL T BN, B HERA A€ o Chen 5 N[12]38 1 #L RIVKZRHIE, XA F PIRFIEL & 31T VR, 0
IR T U B R IE A

IEAER, REES SIHARNEA— IR, EMRSINZ A0 3Ch 58] 7Tz M Rl e R
B, BRI A AT 55 b, BT B AR MEE M 45 (Convolutional Neural Networks, CNN) R & 27 =)
INERIL T SRR APERE[13]. E 2017 4E#2, Charles 25 A3 H! ) PointNet [14] 5 H 52k i A PointNet++
[1STE LI T I W] f = PR FES: 2], M, IRBES: 2 Wl i Dh B T BRI S i = o K 5 sk
o Xi S AN[163@ XS AR DT % TLS BRHAE ) 73 ek RE, BRI M T aihlas >, £
W EREE E A B ER . Wang 5 A[17]UFIH Faster R-CNN 4%, 38 33 %0 T 25 2 R ) F0 1E [7)
B EUR AT TR, 8 R A RO T BRORALE . AR, K =R RO AR
(A5 S RA T o £ X011 0], Chen[18]5RFH | PointNet XAZA G AR SR =T 038, IS
AR R B T RORIALE, BRI T 2 S B R BRI o 1 Windrim 55 A [19] e 2 T H K,
B e MR = AT KPR, Mt e R, ARSI A R-CNN AR EAR 31T ISR, SEIbLES =
PIHARSEEL, 0T 4 25 FUHE (bounding box) K i FAR AL B . R 1Z T IAE RS E S T —
SERI R, EMRE NSRRI N LA R, HFER K.

P TE S R JE T — R i AR AN R REAR Y, B AT 4 (R I R S I A B o 5 SOAAE S )
FEREE T, BES T S A S RIS RS HERE[20] [21]. SR H PR R I S ENE S it & I R30S, X
FRAERGEAL DL 2 MR A S, ARG (fine-tuning) . /D FEAHE 7R (few-shot prompting) PA K ZEFEAHE 7R
(zero-shot prompting) [22], RGN ZME R 2B TIHHES, Hrp, EREGHIGUR[23] 08 F50k
GINKEAL ., [FFE, fEFRMI s, KRR 5] NG A AR R ARMARER IR G =, 8038 N Ay A
pNi]af

FET BB, IA % S A E AL 77 BUAR BEAE T T A5 i B b S I A 1 BRR S R UR,
{AEERME R 50 T [24], BARE N IR A2 Z 2 — @R BN, IUA 85 A E A 5 ) = T4
BbryE, HFENTANE, Aresctdie . 0 Cl Bl @, Ao o s kg sk s, FIHJL
ATRFAE 3G 5T R AR A = I S (SR AE, PR B RS R S AR e I HE ) B 2, P A 8 R TR (e AT s [ 115
WA bR, 133 RARALE

2. BARJLMHFEHIE

A HIE X o B0 G AE I R AN 8 7 75 B\ s = 4R AL bR A B S SRS R, SR i = 4E80%
PR E IR R 06 55 = RHE(In XY Z Aekr . SRIE(E . RGB HE)ARER T Bk ISR 7R K [25]. N
TIRERAREMPIMEYERE, AR H)E KRR, KIERMREE B2 g5 — PR E R
ENHIREREE, SRS TEMRIEAE N TS AR E
2.1. CSF iZ M A=

HI TR A O TR IR0, il Rl SRR (EIL M 7 AR = B3I [26]. BhAh, Hfh
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o L I e A 5 TR R 2 2] X 28 S AR L 2 R R B AIC - RSB B AR 7 B 55, RS 2 FIH CSF
(Cloth Simulation Filter) i BHIE HIL[27 6 #j Ak TLS BHE AT HOTH 2100 85, BRI 55 = 2 il 4L P,
LSE|S: Y= A

2.2. R TFHE

ZHIE 5T PASCHR[ 28142 HE ) i = = 4ERFAE SR B B N JE e, 155 = B B O & Tl e 58— 0
TEM LAY b, MIEHRMAIZ R S SRR
E=[f.1.] (1)

H £ =[X,Y, Z) A B2 AR, f, =[P,,C,,S, | AN E U RAE . & 1 R VERHE L 58— R RFAIE
s, WK 1,

Figure 1. Feature values rendering
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2.3. DINO-X Zi—{l 5E 458

DINO-X[291 3 # Fif . DINO-X Pro LA K DINO-X Edge %, Rij#&, AT SR At om ik
FNRETT, JEFE O B HE B B AT T, IS S BN G b

AR T DINO-X Pro #5584, o6 SCAMM s R gmid 28 04T 17404k, FE5INT BE IR he,
DAPR T BYTE 2 RS AT 55 R I PR RE R R VAV, PRI T ] 2.

DINO-X Pro B8 SRR /R Hifid 2, MW Ienmisds, B IRnaiE =24,

VAR RGBS . Grounding DINO [20]/% Grounding DINO 1.5 [21])5 f] BERT [301/E U A gw A 2%, H
AAEAE SCABHR I, PR 2 B IR AT S 2 I . DINO-X Pro 51 ATl %k CLIP [22]875, HAE LRI
PETINGR, BETE LA SCAR SO0 TE SORER, &Rt SRk i A e 5 P fg

PLSE PR g 2% . DINO-X Pro HAE K T-Rex? [3 1 ]HIML S HE i il % o I HEAN 5 1 2 R
5w 5 AR, R A BIRAFIG—HRAE 0], 4562 RUZH R EIREUHE, DO P SRR i
INREAT S N R EERHIE B S U S S R R AE

H e R . TESEBRN R, B e 3 o S B AT O [3 2] 75 SR AR H 8 WL . ik, DINO-X Pro
EX T —RANEHIIRSER, AR, BTSRRI ARE R Z 5, Wil AN SRR A R TR
R, T SCRETCER R (R R T A, ASASE 2R e A A 0 A5 R PR A AT 5 1
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Figure 2. DINO-X network diagram
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Figure 3. Construction and back-projection of trunk points bounding box
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4. LR EER SR
4.1. SCIOBUR

NEAEAB T A SENE, ARSEERSRA T TLS AR A ILEARAE[33]. B8 KA T35 22 X (1 Rk
HI#5(61.19°N, 25.11°E), FEHLN BBALS RN ARKA . IS . SRS . S8R 8 4 dkEH,
DARE B 25 BE . AR ARG B S N 3 7 N TR . A ERE S, 14 4(a). E(b) /AT, RS RE
o TR MEFE A B A b, R ARE B (I B R 22 s TLS $idfs, DAREHL 1~4 F0R. FEth 1~2
Hfai . 3~4 &, T AEERE IR AT IS E 1S UE B ACRBIE R, AN RiSCAN
PRO % S bRiciB M Sefilfs B 8RR 1~4 29 70% 5 = 80351 A 2 8dE S, BIAEHRE IR, 56
HEEHE R

A SIS Tensorflow &5 PyTorch HEZMERURE S 2] M IIZRT G o dfEIAEiN Python3.8, #AIER
%>~ Ubuntu 18.04. GPU A GeForce RTX 4090, CPU A Intel(R) Core(TM) i7-12700F, W17 K/NK 64 G.

(®
Figure 4. Forest point cloud intensity images for various plots

4. BHBRIMRTRERE

4.2. BRENMGER

AT EE T T-Rex BT 1R 55 58 ALK BE o Xof EESIZB0 45 SR HTAH [R] W4 4 e B 240 S A 2% AR AT U 2k
KH A I (Recall) K5 (Precision) Fi $8ASERT L VHAE TR bRor & PRI AL PR RE -
TP

Recall = (@)
TP +FN
Precision = P 3)
TP +FP
F - 2 x Precision x Recall )

Precision + Recall

K5 RAGERLEE R . 2 1 ARSI TR A 20 ket Bk, JLrp TPL FPL EN 230 W 1 IR
R BRI R K 2 NARTCE T-Rex WM EXT L. TESFEERAEERE L, AT
T7 i35 08 T VG BE DA ZE (B XK, Herb 4 [ 36, RS WL, By SR B A BORIRTT, 735009 31.1%, 17.6%,
25.8%. [k, ASCNEAEAF ST B TS B0 L BOW L5 R — e %

6. &t

AW FEFE T — i T M O S0 (TLS) B 1) B A S A T 25 A VR P 2 ST R S B, AR 37 53¢
RSB HIRSAE T o TR AR A 1) = e (R G5 R 0 6, 2 B S TAVRFAE AR DN i\ DINO-
X Pro W%, RERTE 7RG E I REIRE ST, ARSI THSC R B . SKIRERRY], 5L
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Figure 5. Neighbor tree points segmentation based on tree trunk localization

5. ETBAREMER

Table 1. Counts for each category of tree trunk detection

F 1. W RNE R HBETER

FEhs 1 2 3 4
ZEAH 46 48 81 79
TP 42 41 65 63
FP 5 4 10 8
FN 4 7 16 16
Pt 1 2 3 4
ZENK 46 48 81 79
TP 30 31 36 30
FP 10 8 20 15
FN 16 17 45 49
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Table 2. Comparison of tree trunk detection accuracy

2. T RNBEXTEE

KRR PRI b 5 1 2 3 4 ¥IH
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B a1 2/% 65.2% 64.5% 44.4% 37.9% 53.0%
T-Rex FEHAIE /% 75.0% 79.4% 64.2% 66.6% 71.3%
Fi f84 69.7% 71.3% 52.8% 48.8% 60.6%
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