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Fig.1 Overview of Gansu Province
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Tab.1 DEVs in regional machine learning method

A fapk AR 7% [ 43
R DEV, www.resdc.cn 90 m
e DEV, www.resdc.cn 90 m
FLEFKMIEES  DEV;  www.openstreetmap. org FS
FIKRMIEE  DEV, www.geodata.cn g
RIRT DEVs  www.ngdc.noaa.gov 1 km
WRFE A DEV  data.casearth.cn 30 m

VYIRS DEV,  ladsweb.modaps.eosdis.nasa.gov 1 km

PEVs A B A A i 25 P 91 20 4 TERE A vh
A S R — L TC R AR, VR FRAST AR
ICE BTN B FEIERE, B . aNDVI,, P, aT; 353
K3n A, H, j NERFS, j=1,2,,n,1H
2000 4,2 2y 2001 4F, LAEHE, T IHER PEVs 4L
Pz (a1 2 B AL M, R 3 853 43 F 12k ( principal




- 48 - A % %

2025 4

vomponent analysis, PCA) X} PEVs 5% 2 4b # | {3 54
B BT R T8 E BE (AR SCRE N 95%) 1Y m

NFER S, B, PCA_PEV,, PCA_PEV,, -+, PCA _

PEV

m

2 Rk

2.1 XE#HBFEIERGE
BLER S 2] LA AR Z | 5 SR B R S5 A TR
LT HL A& we kAt FHBEHLAR AR B IL T BEL
PEIURE X P 70% IFEA SR AR B - R R Y
DX IRBLAR 27 SR 45 5 3 iR 25 Pl e R4,
Tl A5 10 309 A A 5 2 Bh PR BB S 500 50 TE ARG
JE ., FIH DEVs Fl PEVs ##E X IBAL #8272 Bl | H
Nl S
aNDVI, = ML[ aP,aT,; DEV,

i ij il

DEViza"'aDEVnJ s
(1)

il

PCA_PEV,,--- ,PCA_PEV, ],  (2)

e ML O IXEHL G TR R iR BOE X 0 1B

IR
BEAN, FHTX L R)B G T i/ D e R R IR R
aNDVIj =B, + B, an+BZaTj ’ (3)

K. B, AITRREEE; B, , B, WITFEREL,
22 SEMAABREHNRRETE

FH SLO,,, 1R 3 aNDVI WLIAH i 32k R
B SLO,. > 0 H P < 0.05 HfHpikE", SLO,,. <
0 H P < 0.05 A maR b, HAE BN« 4% TC
54 . F SLO ., Al SLO,. 435 Fe/Rmii4tl aNDVI Al
5% 2% aNDVI W) #L A% (SLo,., = SLO,,, -
SLO..) o 3% Pei % {05 B4 X M Wk B skaR
PRI BGOSR R R (R BTk, an sk
2 R,

aNDVI, = ML[ aP,,aT,; PCA_PEV,

®2 SBEMAABRERHEHESE

Tab.2 Calculation method for contribution of climate and human factors
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Fig.2 The relationship between a single climate factor and the simulated values of
aNDVI in regional machine learning method
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Fig.3 Effect of vegetation change and its attribution in the research area
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Fig.4 Relationship between climate and the simulated values of aNDVI in typical areas with differences in output between

regional machine learning method using direct environment variables and pixel by pixel least squares method
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degradation and its quantitative assessment in the Northwest China

Residual trend method based on regional modeling and
machine learning for attribution of vegetation changes

HU Boyang'>?, SUN Jianguo'**, ZHANG Qian"**, YANG Yunrui'*’
(1. Faculty of Geomatics, Lanzhou Jiaotong University, Lanzhou 730070, China; 2. National—Local Joint Engineering Research Center
of Technologies and Applications for National Geographic State Monitoring, Lanzhou 730070, China; 3. Gansu Provincial
Engineering Laboratory for National Geographic State Monitoring , Lanzhou 730070, China)

Abstract; Existing residual trend methods utilize a pixel =by—pixel modeling strategy, in which the ordinary least
squares method is employed. These methods suffer certain limitations. On the one hand, the pixel —by — pixel
modeling strategy causes each model to contain signal interference from human activities in local space. On the other
hand, the ordinary least squares method is unfavorable for simulating commonly observed nonlinear characteristics.
This study proposed an entirely new residual trend method based on regional modeling and machine learning.
Besides, this study compared two types of environmental variables used to express spatial heterogeneity: (Ddirect—
environmental variables (DEVs) such as terrain, hydrology, and land use; and @proxy—environmental variables
(PEVs) that combine the spatiotemporal series of vegetation and climate. First, a regional modeling strategy was
adopted. After DEVs and PEVs were introduced individually, models for the vegetation—climate relationship were
built using machine learning. Second, residuals were determined based on the definition of the residual trend
method. Finally, the contributions of anthropogenic and climatic factors to vegetation change were assessed. The
results indicate that compared to the previous pixel —by —pixel residual trend method that utilizes ordinary least
squares, the new residual trend method can simulate the nonlinear features of the vegetation—climate relationship
and exhibits enhanced resistance to human signal interference. For the new method, significantly higher
performance can be achieved using PEVs compared to DEVs. PEVs can fully utilize the original modeling data,
without increasing difficulties with data acquisition and avoiding additional data errors. The residual trend method
based on regional modeling and machine learning proposed in this study allows for more effective attribution of
vegetation changes.

Keywords: attribution of vegetation change; regional modeling; machine learning algorithm; residual trend meth-

od; spatial heterogeneity
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