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Fig.1 Overview map of the Qinling—Daba Mountains
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Fig.3 Superpixel segmentation results under different combinations of seeds quantity and compactness
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W B R AERFAE 23 (8], I M 8] R SR AR e 0
RTINS PN A NI [E1] D E R T L S
DR EANE R LR G R B R (B TR 4
2018) o A BT AL H] A% 18 = ik SR i S 4L
2020 4F-—2023 4F- #4{fi i RBF 4% ] 2L PR %L, gamma
fHIE M1, costHIEN 10,

CART PR 275 TC 17 To AL 1 Y e A v e
TR AR BB T, BAT YN S R ] R
W 25K By T B 5 A BB R R Z AR AR L A (VT
R4, 2023). WIS, KA SEREB L
U3 A BIE S A BRFEAS 254, U 2020 4 —
2023 4FH A S KL, HorP maxNodes 324 null
(S BR il A% 55 5 %03 ), minLeafPopulation 1% 4 1
(749 s D REA KO 1) .

B EEHEF B (GBDT) J& H Freiman 48 i ) 2
?Boosting%%ﬁg%ﬁiﬂlﬁ’%%}jﬁif (SR ifEVE 45,
2023) . AL N B A AU MR Gk
AR SR b i sk 22, TS (Li 5%,
2024) . BEFEAE I MARE R G R BN SE, S5
WE LS,

3.5 BEEMN
W 55 4l IR ¥E A FE  (Confusion Matrix) X 4%

it o3 6 AT RS BE VR AR, 32 S IS AORS B2 OA
(Overall Accuracy) . Kappa ZEUF F, BV 7= 2504 1
PA (Producer’s Accuracy) FIH ARG UA (User’s
Accuracy) MJPEFPEYME, 3 PEN 8 bR Xt 2k
KEBEATVEAN 4087, Horh SUACKS B2 # Kappa 2501
HVEN SR RS B R bR, FOAE LRSI R
i FH DL G 78 52 PR oy S A vh PA 5 UA Y i £ 7]
OCH PRI A5, 20245 MR TE 45, 2024). FIY
BUEFERA [0, 1], HFEKLH

PA x UA
PA + UA

*5 RFFGBDTEERER A
Table 5 Annual number of trees for RF and GBDT models

F,=2x (5)

AR /AT RF RF i) % 4 GBDT
2020 410 220 400
2021 350 180 380
2022 350 210 350
2023 380 210 450

3.6 WHMEREIERKE

HEFHIEEK R (CAGR) RAJLAF-Hikit
. (Puyravaud, 2003), S®RILEISCHR, EA
ANTRIAR b B AR B, HERIA Al

CAGR:(AN”)"—I (6)
A 2020

ﬁ‘:fj, CAGRﬁEé\ﬁzi@iﬁ%v % ; Azozoﬂ]AZOB
3R IRAE 5 G5 AR R R T AR, km®s 0 R [H]
BRAE

4 RS0

4.1 HEEEMEIEM

FEAE 5 B4 B 7 R A R R I L A
PR SO ADLE (K 4) . FEHIERAET,
elevation 7E 2020 4FE—2023 4F A 45 AE HEFF 44 o B
FEARE, HTTHRE N 4.309%—4.85%, W m TH
fARAE (F14); PIEFFE (SoS. EoS. LoS) 7EAN
[ ATy 5 4 R AR T HE P AT S 44 (B 4) 5
FE T8 B T3 2 sk o R, Hrp EVIL
NDWIFISR_Brel &I R 47 (E4); SORFHIELEAE
R B AEAE — P8l , ] AR JE BE $F gray_contrast £l
gray_savg, Horp gray_asm 0 gray_ent o1 Bk B A,
WM BR s JEIERRIE B STBRR MR AR (F4)
UEAh, R E EMEHE A T 10 B RRIE T3
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FeA, kPRI . W AR Wk 48 KON o 20K BE 1)
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(a) In 2020 (b) In 2021
10r B 10r o
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o] 5 >‘\§D v S E = o] - 52§ =
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RIS & FRIEAR 5
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El4  ARAFEAG AN FRAAE 23 SRNE 4 Lk

Fig. 4 Cumulative percentage of feature importance across different years

4.2 S EBEIEN

4.2.1 MHEENRAEFIEMRIEBEITEE

SR FEVTED 1) X5F 52 04 BE AT AR AMRASE R R A T AR AR AR TE
BB F M R 90% (226 Tk B A Ay 24
FRAE, BRI A ERE R 90%, 27 MRAE) . 80% .
70% F1 60% Y FFAE 2 A, R IM IR 2 34 {8
WME SR, 5REH, 2020 4—2023 4 ) M i
B PE A A L g N T RRAIG . Hoh, 2020 4
2021 4F AR IR AR, T 2022 4F 1 2023 4F () B iR 8
N BARSKRF, 2021 4EF12023 4E7E H 51 B 90% [
K51 80% I, JM FE B BI{A N BRI fe ks 2020 4F
12021 4F-7E L A5 D 80% FEAIR 2 70% B, F B
R GAFEFMRM, BIHRAEEZER90% i,

TV 2 (2 3K B 45 L B A0 B B (2020 4F—
2023 4E43 5100 1780, 1.782. 1.777. 1.777), Ktk
B 7 BT AR 5B R 90% (R AE 4 A 1l e &
AT % .

W& 6 s, R H T ) X 2 19 Bifi AL AR PR A 72
g5 O A FRAE AL 2 T AT LL S2 58, 2020 4F A5 Y
T BRI Ry 256 5> S50 3>IM Fe i
909> 1 4> 5 1 2> 555 15 2021 4F 3R T #h 1= 5
TRARIK S IM B AR 90%> 52 1y 5> 52 3 3> 52 1y 4> 51
B 2>5055 1; 2022 4F R I J) h = BRI Oy 52
55 5>IM H5 {1t 90%> 55 5 1> 5 56 4> 52 55 3> 50 56 2
2023 4F R H R BUIRAR IR Ry . S 5>5L50 4>IM
M 90%> 5 1 3> 52 1>50 45 2, S 4 3 RN 5L 40 4
(A B AR T S 56 5 RN JMBE 25 48 BE 90% B 45 1iE
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HE, Wik, fEERRE e | Xt T RAE
VEHUH) TTmk E# m o 2021 4FF FH IM AL R4 AE 90%
BYJ5 %, 20204F 2022 412023 47 % F 4 H 0 FEF
AT,

422 ARESEEBFEITLE

M6 UL, 4RI, FENLARMEI R )
BT, TESLHERN 45 AT X GO R A T SRR
B, Horbe 20204F . 2021 4E 12023 4F 4% 4 256
AU RKG B2 s 2K HEF S RFE>GBDT>CART>SVM

18 _ - _ e . .
- B - | 2022 4E45 S AR RS I s 2R . GBDT>
- B B = RF>CART>SVM. FEHLARARAAE ) 73 2805 B OA Oy
16 f B = 0.740, Kappa %00 0.662, K HITH M X409 771,
© OA 4 0.837, 7} T 0.097, Kappa Z %4 0.791,
E #IFT 0.129.
L4F TEA R RPN BOR H, F i v (B Y AR A
RATH, EARE N HARA R (7)), HEWE T
Z UL 1L b RS b 22 R 2 v O LS b R AR Y R R
2020 2021 2022 2023 R BRI 8. RS, A IM B2 2T RRE
e {45 5 5 YT 1 % 42 010 B AL 25 MBS 1 43 0 i
s I OB E 6 P DM 4 Sy, RARHRSEA9(E ) 0837, Kappa R4 0.791,
Fig.5 Mean values of JM for different proportional feature choices F, 4 0.799,
10 09
ost L [T h I osf
< (mtll N ST m &
° B V;
0.6 07+
0.4 0.6 : : :
2020 2021 2022 2023 2020 2021 2022 2023
o Ry
s [Csem2  [Csems3 —=—SChG] —e— S —e— I3
Cgesea [Cseshs [ IMBEAR90% — U4 —e— SIS —e— IM90%

(a) A[FASEHTT %€ OA fEXFLE
(a) Comparison of OA values under different

experimental schemes

(b) RIRISLH5 1 %E Kappa {EXT H
(b) Comparison of Kappa values under different

experimental schemes

Ko ARG ARSI 5259 OA Fl Kappa i BEXT L

Fig.6 Comparison of OA and Kappa accuracies under different experimental schemes across different years
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2R 28 FRAERAEP R, KMiliagiix, 2
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Mgk (BRPEHET ), SE3EE 3 m o A 1 23
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(CHR AR ) SRALER GaIRpu s &k) , L4
RAFA AL TP PUES (BRPE PR ol . H A R R )
Hrgmig (MIZRIEE . HEPAEE)

x6 BHERBEEFEMMMFBEESTLL

Table 6 Comparison of the accuracy of each classification
model with feature optimization

el EMERR 20204F 2021 4F 20224F 20234F  H{H

OA 0.739 0.739 0.753 0.727 0.740

RF Kappa  0.661 0.659 0.675 0.651 0.662

OA 0.829 0.833 0.838 0.848 0.837

RF(Tfi A X 4)
Kappa  0.781 0.788 0.791 0.803 0.791
0A 0.615 0.668 0643 0.622 0.637
SVM
Kappa 0469 0541 0513 0492 0.504
0A 0.657 0.672 0.687 0.679 0.674
CART
Kappa  0.568 0.592 0.616 0.598 0.594
0A 0.727 0726 0753 0.693 0.725
GBDT

Kappa  0.647 0.646 0.681 0.601 0.644
L IHLER Z3 b R B AR R 2R

S HI L. 20204—20234F, ZEE 1ML ARAK
ST AR 257.87 km?, G ARG KR E10.42%,

BERM ETHES (£8) . hE 8 AL 2020 4 —
2022 4E IR A, 2022 4E—2023 AR MR/ .
x7 BHHRKREENRSEFE
Table 7 Random Forest object—oriented

classification F, values

i 20204F  20214F  20224F  20234F M

/S 0.791 0.815 0.816  0.826  0.812
(S 0.857 0.806 0.792 0.897 0.838
iEES 0.889 0.909 0.809 0.769 0.844
HX%E 0.909 0.947 0.646 0.889 0.848
hiZE2 0.713 0.833 0.824 0.824 0.798
=S 0.855 0919 0832 0773 0.845
TR 0.725 0.787 0.691 0.839 0.760
ke 0.833 0.711 0.882 0.769 0.799
LES 0.714 0.838 0.747 0.805 0.776
HEARZE 0.824 0.794 0.876 0.923 0.854
(lES 0.857 0.923 0.871 0.828 0.870
oAt AR Fef 0.571 0.592 0.533 0.491 0.547
¥i{E 0795  0.823 0.777  0.803 0.799

T MHLER AT R F A R A

(a) 20204F (b) 20214 (¢) 20224F
(a) In 2020 (b) In 2021 (¢) In 2022
C WX A N
TV RIGE I AL RS A
. 3% ik
[ PR L7 ES
EAES I ES
[ NS A
BRI . 0 100
| EES . > Ltkm

(d) 2023 4F
(d) In 2023

(e) 20204F—2023 4F
(e) From 2020 to 2023

FEl7 2020 4F—2023 4T [ X G2 i Ao 28 [

Fig.7 Object—oriented tree classification chart from 2020 to 2023

4AER], WA AT BEREL . ISR K
Ik B 3 Horp B AR AL G I 1457.65 km®, AR AR
L LIS K 485.88 km®; ARISNEFRBE A T RE, SA2
LR A 614.26 km?, & A 4F 1K K FFL 1.62%
(£ 8). FAZSHBRIASIE AR AR A BTk BE S5 K Y
R, PIE A B B e (E18) o &R/
RPN SEZRAIIZR) B AR K

AR K 41.60% . 14.07% F115.38%, FrREFEP
WA IZRE L MRS | AT ARSI U H B
F TR, P MR AR R AR 55.07%,
Fefiimok (R 8). BMOKE , AR B i AL 77
TEML R 225, RIOTEHHAR (Iiade . #28) Tl
s, iRy R AR (AR . MRS WAk
2 MR
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®8 WHERELSFE

Table 8 Analysis of tree species area changes

Ty A 2020 4F i #/km? 2023 4F- i #/km? SR L km? AR AR AL (km®/4F) CAGR/%

Fazk 3827.78 5285.43 1457.65 485.88 11.35%

(S 956.2 859.87 -96.33 -32.11 -3.42%

iEES 26.03 74.37 48.34 16.12 41.60%
EiRES 155.09 102.45 -52.64 -17.55 -12.92%

s 2% 432.69 89.15 -343.54 -114.51 -40.94%

BRE 13090.27 12476.01 -614.26 -204.75 -1.62%

B S 78.13 115.99 37.86 12.62 14.07%
i 290.25 165.28 -124.97 -41.65 -17.20%
LB 10.62 16.29 5.67 1.89 15.38%
HEARZE 187.98 19.68 -168.3 -56.1 -55.07%

(S 371.72 204.55 -167.17 -55.72 -18.05%

HAA Ao 1050.95 1326.48 275.53 91.84 8.07%
pesay 20477.70 20735.57 257.87 85.96 0.42%
TE + LR A3 T B AR AL AR A doe K A b
Y . TR R . SIS . HUR R AR
Ze i b R R E , I HRRUE A AR L 14
RO R 6T 22 5, WD R (BT 4R,
2024) . TE/NXIR . EOGIESEAIE ST, SORAHIE
BN, XTI RO E R EEOE AR (5
R AE, 2023), HEMR T2 O L X R B
K oy PR AR S B se Mk, IF Hb B
SRR B Z e 3R R 22 R EOR, N
JEAR . FEAWEGR Hon A SOEREAE X T4 290K B2 R
2020;:% o 2021¢% %m;izzﬁm%% *;;jﬁ MIEAEH, 5CHCTHAENME 2 (5
FOR AN SR WIS AT AR M 4, 2022), FRIEEZEMEHEA hBORRHEAL T

F8 20204FE—2023 4EM AP ARk &

Fig.8 Tree species transitions from 2020 to 2023

M EF, 226, M2, BRI I,
R S, WIMRE SRR ke —)n
W g, mESHIIE ol —
JRRE—HE” s, MRS HARR AR St
Wk e (K8).

SRR, ARSI AE 28 1L s AR oy
ESR AL, I IR BN R b A e U A 5
W RS AR PR 22 S ] REAZ B KR 22 L AR
Yoo AEBEOR ., RSW . ARKE R PRAEES

AR 25 AT A
5 W ow
5.1 4SEIEIERT S KIS E RIS

TEAHFSE r T TRk R 25 BT Y R LI

SEIGAE (ETE 55, 2024) . SCHEARE B9
TR0 ) 2R A2 X el A 5 A B T 11 R /N — Bk |
SARBE G TG B AR . &S BB Myt
B RS LR A (Franklin %, 1996) ,
A3 JERE P S BRAEAE e B EAT AR

1T 2% O L M Y 1 SR M B EREE AT 2, AR AR ik
BRI AN 7 ZE AL BEAE PRI S ek s . 82 34
TN . —ZltaWEE, ATHEGEER;
TR ARLEA AN, R T R U B
B S W O R R BRI 5 s SRR AR AR
BAFAEAE BRI B

7 B 1) b Vg 4R A 5 T 38 5495 m, TR Z
Ly b 6 T BT SO MY 2 BAT B 8 3K RN, il
BXIREWFEE . RFR = E>50% G ER
P EAERARA 2 LA, EEEER T ] AR A
MM CT I 2, 2025), MRDGIE . Hibkds
BRI SRR ()3 I A F R i)
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£9 20204—2023 £ Sentinel -2 EH =B Fit &
Table 9 Cloud cover statistics of Sentinel-2
imagery from 2020 to 2023

£zt 20204F  20214F  20224F  20234F
SRR 7251 7175 7223 7122
H>50% WK 4804 4354 4143 4020
L fil1% 66.25 60.68 57.36 56.44
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Fig.9 Spectral sensitivity of different tree lasohispecies in various seasons
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Fig.10  Phenological shifts at the same sample location from 2020 to 2023
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RGN b T B Al B 1) e BB, PR AR AR
M2 R, & LHRE . LIDARY
ISR HESE A (Fassnacht &5, 2016), RlE &4
ARSNGB L 5 o PR AR I 8] 2] A Ao
FEFRI, AR LRI S AR AR

53 AR ERSEE I KEARIS LR FhiE &
R 5 B Wi

FEARDEFE A, RF 454G 18 0] WG 5 AR ZER B
MR TS5 TR T ik . 2020 4 —
2023 4 1) OA Z B T2 10%, Kappa REH £
EPERTE 12.9% . X—45R 50 /MR —8, £
WIAE S 2 W BRAR IR v, TE ] XF 52 1) 7 125 BB 6% B
I I 2R (Feret Fl Asner, 2013), [HIH,
AT I TR R MR, 1 ) X R AR T
YRGS AL, 5 BT 28U 1 X
GNEETAR R A HEA 732 B b ) 43 28 1 X L AE 5 v
(B 5, 2025; Heff %, 2021; BFH %, 2023)
4590 — . R BRI B H R 50 2 00 45 3 & i
SR BRI R ORI R S (kK
4, 2019) . ASHESE R HBY SNIC 240 (seeds=30.,
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L EI ST RRAAE 22 S . AR Z HIE X 43 5]
S, TR e B R ) i, &
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WFoE PR LB S e 2%, REFIRIEI i, SVM
DU X6 ZINRE A Ah B 432 0 vk I ELAROMS T B A
At GROEE R, 2016), [FAIAFEIRZ
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Fine—scale tree species mapping in mountainous regions using integrated
machine learning and object—based remote sensing: A case study of the
Qinling—Daba Mountains

WANG Xiaofeng'?,YANG Zihuan',LIU Shirong’,ZHOU Chaowei',
CHEN Jizhen’, HUANG Zhilin’, BAI Juan'

1. School of Land Engineering, Chang’ an University, Xi’ an 710054, China;
2. Key Laboratory of Shaanxi Land Consolidation, Xi’ an 710054, China;
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Ecology and Nature Conservation Institute, Chinese Academy of Forestry, Beijing 100091, China

Abstract: Mountain forests, as critical terrestrial carbon reservoirs, exert significant impacts on atmospheric chemical processes, landscape
ecological functions, and biodiversity through key climate feedback mechanisms. However, owing to the constraints of complex topography
and observation conditions, the accurate characterization of tree species composition and spatial distribution in mountain forests remains
challenging. The integration of terrestrial satellite monitoring technologies, represented by Sentinel-2, with artificial intelligence algorithms
has greatly transformed traditional forest survey approaches, offering new opportunities for tree species monitoring and fine-scale mapping.
In this study, ground sample plots and multisource remote sensing data were integrated, and multitemporal Sentinel-2 imagery from 2020 to
2023 was processed via the Google Earth Engine platform. A multidimensional feature optimization scheme was developed using the
Jeffries-Matusita (JM) distance, followed by SNIC segmentation and machine learning approaches to build a random forest model with
optimal features for fine-scale tree species classification in the Qinling-Daba Mountains, thereby revealing spatiotemporal differentiation
patterns. The results are as follows: (1) Topographic features are key variables for tree species identification in the Qinling-Daba Mountains,
and JM distance-based feature combination schemes can effectively improve feature selection. (2) Under conditions of limited samples, medium-
resolution imagery, and large-scale areas, the object-oriented random forest model based on SNIC segmentation demonstrated robust classification
performance, with an average overall accuracy of 0.837, a kappa coefficient of 0.791, and a mean F,-score of 0.799. (3) Quercus, Pinus, and
Cunninghamia species were widely distributed, whereas other species exhibited scattered distributions. (4) From 2020 to 2023, the forest
area showed a slight upward trend, indicating continuous ecological improvement in the region. Pinus and Quercus contributed the most to
forest change, whereas species with smaller area proportions exhibited more frequent transitions. This study provides valuable data support
for carbon sink assessment and biodiversity conservation in complex mountain forest ecosystems.

Key words: mountain forests, tree species identification, spatial distribution dynamics of tree species, remote sensing data, spatiotemporal
differentiation of tree species
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