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ABSTRACT: Objectives: Vegetation classification and mapping are of great significance to developing
ecological environmental protection. Supervised classification is the most widely used method for vegetation
classification and mapping because it can generate accurate classification results. However, most of the current
vegetation classification and mapping methods rely on single-phase field data, and field sampling often requires a
lot of manpower and material resources, so it is difficult to realize long-time sequence dynamic vegetation
classification and mapping only by field sample data. Methods: This study proposes an unsupervised classification

method for automatically obtaining reliable samples based on historical vegetation classification map datasets.
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Using the 1:1 000 000 Chinese Vegetation Atlas dataset as prior knowledge, a model for optimizing and migrating
large-label samples for vegetation types is proposed. Multi-source data of the same or similar temporal phase as
the existing vegetation classification maps are used to construct a feature set for local sample clustering
optimization and global sample hierarchical Gaussian mixture optimization, which replaces the manual selection
of training samples, and then obtains a usable sample set. On this basis, the invariant region sample migration is
carried out by combining the results of the long-time-series Landsat vegetation change detection. The migrated
samples are used for multi-temporal vegetation classification mapping, to quickly obtain the dynamic mapping
results of long time series vegetation classification. Results: The experiment selected Arhorqin Banner as the key
study area, and completed the regional multi-temporal natural vegetation classification and mapping from 2005 to
2022, with the overall accuracy of the classification better than 88%, and the Kappa greater than 0.80. The natural
vegetation in the study area is dominated by grasslands and forests and scrubs are mainly distributed in the
northwestern part of the study area, with temperate tufted grassland dominating the grasslands, and the temperate
tufted grassland dominated by the extensive needlegrass grassland. From 2005 to 2022, the degree of shrinkage of
natural vegetation gradually increases from north to south, in which the area of temperate deciduous broad-leaved
forests does not change significantly, the most significant change in natural vegetation is located in the southern
part of the study area, temperate graminoid grassland, temperate deciduous scrub (dominated by small-leaved
mallard scrub) decreases year by year and the area of non-natural vegetation increases year by year. Further
analysis of the situation shows that the southern part of the study area is dominated by sandy vegetation, which has
been seriously degraded since 2000. Still, since 2010 the study area has started to implement the artificial forage
industry, so the natural vegetation area in the southern part of the study area has decreased. The unnatural
vegetation area has increased, and the unnatural vegetation area is mostly small round patches, which are more
concentrated in the southern part of the study area. Conclusions: The overall accuracy of the classification meets
the needs of long-time series vegetation classification mapping, and the mapping effect is more stable. Therefore,
the unsupervised sample migration method based on historical large-label vegetation classification maps can to
some extent make full use of the existing vegetation classification products, and provide a more convenient way
for vegetation classification mapping update, using the geometric features of the historical vegetation classification
products, combining with the multi-source remote sensing data of the same or similar time-phase to construct the
feature attribute set of the patch-by-patch, and hierarchically optimizing samples of the large-label data of
vegetation classification from local to global, to form the optimized and migratable vegetation classification maps.
Optimization of samples is carried out, to form a migratable training set of optimized vegetation classification
samples. The optimized vegetation classification samples training set is then combined with land use data to carry
out multi-temporal natural vegetation classification and mapping, and the results of long time-series natural
vegetation classification changes are obtained. This study provides a fast, convenient, lightweight, and reliable
mapping method for vegetation remote sensing classification.

Key words: Long time series remote sensing; Sample optimization; Sample migration; Unsupervised

classification; Vegetation mapping
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MR B AR M AN A8 XS 45 5, A 3 22 BT A
BER B SWIMEB A B R R G AL
XIRIFEAR AT 3, 7315 2] FiR FANE
¥ f) (2005 4. 2010 4. 2015 4. 2020 4.
2022 ) FEA, AR INTR IR (B
TG BUAREE 9D Nk 2 Fios .

R 2 HI AR A A

Tab. 2

Sample after migration by time phase
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. Ve e A AR L ARE, BREL RE, R 9
" IH i —-_ AT ] ﬂ%ﬁéﬂé AREIHEN FiHAER it
L B B ) A i
2005 170 806 73 1573 205 49 2876
2010 116 628 79 1601 197 48 2669
2015 98 401 57 1455 165 42 2218
2020 126 341 59 1344 162 33 2065
2022 129 310 55 1224 145 29 1892

Hr(a). (b)s ()l s, FRAK,
M2 SG JEHJERIIZE, (d)NFRM. FEN.
iy EVI BRI, (e) LM BUAE A 2
BFRZE EVI N 42

FRAR EM . BHLIET P EVI B 2R 7E 4R
Mg A% S X . ] HANTS &3 5
BT, K EVI IS 5 BT 2R 14 1E 5% R BT R % R B

Erxt EiREAy, RHZ SG B EM
MODIS-EVI It 7 ##k, #dE >k 3 mob13Q1

6 EVI I 7 it 45
Fig.6 EVItiming curve

Bk, BRI 16 K, KUIbeERT
M HEIET 25 ANAH, niE 6 Fran.

FADLA  PRIEAE N S EERR A i A B7HB381 %
RO AR K3 Landsat 204, FFH
Landsat Z(dEiH & BB R EL KRR EL,

DL SCERFAE A 70 AR 5 e R

R 3 R RS

WORAR S BRMERAIN 7 AL BEAh, A
W RE TR A E A A K R R B 1
NI RFFAERIN o 73 R A R 3 FTR -

Tab. 3 Feature variable sets
FHIESE FRIEA &
JEIERHIE BLUE. GREEN. RED. NIR. SWIR1. SWIR2
H— Ak £ NDVI
S S4B E HE T EVI

ZAHI IS IEH (Difference Vegetation Index, DVI)

FLAE M5 %L (Ratio Vegetation Index, RVI)
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3T IR B R 2L (Soil-Adjusted Vegetation Index, SAVI)
TRARFE £ 140 TKAR L IBIE FE R ¥ (Land Surface Water Index, LSWI)
1 HE gray_asm. XTLLJE gray contrast.
I gray_corr. %430 gray_dent.
75 gray_diss. 7577 gray_dvar.
i gray_ent. WiZHE gray_idm.
corr {5 B & 1gray_imcorri.

st e
AEAHE corr {5 B & 2gray_imcorr2.
1515 gray_inertia. SERFZEH gray_prom.
SRFVEYME gray_savg. EVJ§ gray_sen.
FEMEMRS gray_shade. SRA1J5 % gray_svars
777 gray_var
HUTERFAIE =2 elevation. i slope. 317 aspect

ES% A% Sin, &% A Cos
HAL F phase. FRIE amplitude
MR AL runoff_sum
FEH T Z B -3 L )25 /K& skin_reservoir_content
KGFHIE M2 5 i skin_temperature
— 2% L3I soil_temperature_level 1

HuERZR 0 S5 forecast_albedo

MODIS_EVI I F4#-1E

KM REAENIN A%, K LR A6 i EVI i PRk KA AR AR 7y Rl 1 5
FEA N> 8%, RITRHE R ZMEIATRAE  BUEM; 456 0 JORURHIE F 2R P kAT
e, WK 7 Pros. Hd@AE—ERAK.  RHEIRE, 53] B TANE 0 E SR )
BEON FHL SR M RFAE B ZVE R, (b)  JRERAR, FRARIES I oy Y - R A B X
NS R AAR T 5y A TR ) ik A AR E AR X IGHEAT R, 15 BB 28 7 SR 4
P ()5 =SR2 AR 2 0 SRR AL 22 R, A HEET 30m, WK 8 PR,
PEAEF . AMERH, SBAFIE. HRRFIE

K 7 RpAEE 2

Fig. 7 Feature importance
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Kl 8 7 Erkah
Fig.8 Hierarchical classification results

MEEAR FRE, WX SRR B LA B
N, AR B A AERE T X PE AL,
o R DU AT AR RN =, i A
A REEREJFDLREN P N FE . 2005 4F %
2022 4, [ ORAE B A veoRE BE He b ) e I
B, Fod s R AR AR A R A
EWARA, B IR B 3 B X I T
WFFE X FE 0, W AR AR SRR, AR
I N CLAZ N0 LTEE A 32D 3B A
AE E SRR X IR AE R N o 456 SEBR 1 Bl
— B HT AT AT, AT IX R R LAV MR R
2000 FfEHEAHRIL ™, {HH 2010 F LT
FXFFGEHEAT N TR, PR R R X
H SRR B DX ek /b, A AR AR X 338
A F AR X 38 2 N T /N BEH, 75 R R
NEEH AR

454y 2020 SFEHHTH 1:100 J3 9 EEHE

U7 % 2020 4E CLCD - Huf F #d29, ik
SRR, /NHHERRS JLIEM, /MR, B
KER A, R, WEEEME, WKk, B,
KBSV b S B R ) B TR SR R R
AR FEIX 2020 FAEBE 73 2 HEAT IR,
Horr SRR BEAARRG 5  93.08%, /N4
) LHE M IR HEAARNE O 96.43%, /MR, Y
K Z W) AN N 82.17%, F 5. TP
A () B ARRS B N 90.79%, ¥hoK. Hisz. g
BIRVDHL I BRI I AN N 86.37%
ISUEREA, ASLIG M R RO TTEE.
2005-2022 FHFFLIX H IR 70 FKE B
SEIRUNER 4 PR BEAR 7> K BEAE 88% LA |,
FEREAR Gy R T, AP tH I HESE
RERS SCIVECN AT SEMIREARIE RS, 0T SRBlk
I Y B A R o 2 B B B R I 7T .

F 4 PUERRIDHE 2000-2022 4 H IR I 73 45 o KRG
Tab. 4 Classification accuracy of natural vegetation classification results of Arukorgin Banner
from 2000 to 2022

Fhr

2005

2010 2015 2020 2022
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% OA/% 9426 9551 9562 9447 9522

. AR HEM. HHb
KFEFK

= Kappa 0.8786 0.8940 0.8874 0.8479  0.8509

P OA/%  90.36  89.21 9130  89.61  90.71
2 B R ) 2

JZ Kappa 0.8016 0.8219 0.8018 0.8451  0.8150

TR VA - i AR OA/% 9739 9623 9576  95.83  95.57

BRI Kappa 0.9548 0.9432 0.9513 0.9350 0.9346

LS T I E OA/%  97.60 9695  97.01 9420  91.94

- HER PR Kappa 0.9678 0.9576 0.9607 0.9208  0.8936

; AR, JeRE OA/% 9091 8821 8889 9231 8933

= ) B R0 R Kappa 0.8308 0.8192 0.8692 0.8646  0.8364

T AR R OA/% 9636 9458  96.03 9442  94.26

FRBER PR Kappa 0.9257 0.8958 0.9221 0.8853  0.8872

REEL EE G AKE OA/% 9677  97.13 9524  96.47  96.34

BENE R Kappa 0.8422 0.8665 0.8571 0.8446  0.8540

5. &5

WEFHEH T — Bl T 7 50 K bR 25 M 4
Iy AR I 2 RS AR 1Y “JR-4 )R
JUAAT BRFAE AR & 20 SR (70 B B I FE AR IT
FEAETY R FARMELE o S8 358 XS] 6 o /R i
NE SHEALIX, SERL T 2005-2022 R X3,
2 I AH B ARAEAE 73 R, o R AR FE YY)
T 88%, Kappa KT 0.80, /&K FiE
B oy KM R SR, HIEIBER B R E . B
U, BEF 7 50 bR AR 23 28 P 1) G MR B A
KWk, w—ERE LR FHCH
IR 73 272 i, SRR 20 ) L B e it
T MRS R AR, R SR R 2
i B LFRTREAE , 454 [A)— BSUAH I B A 1) 2 05
TR TR A 0 BT (P RRAE SR M, MRS
B4 J5) 43 2 0 L 40 2R K AR B2 B s 14T
AIRAL, AT T AT IE A% AL JS BRI REL A
I RFERNGRAE o I ARIERFAE 2 2 53 2R 1)
J5¥E S G - R B B0 AT 2 AR B AR
R S, IRTFACE 7 E SRR B 29 A
g R o AW TR R By S it 7 — A

(LN % N5~ N SO RI E TRV S | i
e

X AEAN AL, BIUNAE RN Fr AR A e Nl
FEAAL L L AR AR A RS 2 3 0. R4k
A EHERA R AR — DA . KRR
P A A s 3o R P G 03 24 1) S 3t L i
it A7 5OW I T BoR s A0 A 33 3o e mR ™ A
MRS, S PRIE S EUARHER P, K
Fr AR A o SR 2l 28 ) [ 4R 43— P BE Dy ]
FERITT R
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