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fiff FH A 42 2 S R 48 DU Bk Rl AL AR A
(random forests, RF) . A T. 1 2 M % (artificial neural
networks, ANN)LA K 32 #F ] & #l (support vector
machines, SVM) ., £ JC H i i [8] )4 2% (multivariate
adaptive regression splines, MARS )3t 4 fpfayk . Hrp
RF J2—FH T 4325, BIH B8 a= > ik, st 7e il
SRR A AR SR S TR S > S B, 4D 45 A 3R ] 4%
AR EE™; ANN sz A Yy pf 22 N 45 )5 & 1)
TR RS, B K25t fafeg, T AT
22 W28 BeAS F IR AR e B2, H ATt Zzis
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[l (]8R B o ] [ B X Rt AN AR 1 2 (6] i AH
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BRI Zr it R, SR 10 3738 LEHIE (k=10) 7
Al £5 FERHBRLPE R, DL A5 SR RIS AL 500 25 A A,
K L-BFGS-B {1k % 32 38 & f /N 5% 22 °F J5 Fl
(residual sum of squares, RSS ) iffi i 45 # l fi AR A H 211
G B 4 FIULAS ) R L A A AR S R R
2 ) BRI ) AN A B BCGE GERT 0~100) . 4R
AL, (x) 8
Je (%) =ki X fann (%) + Kz X frr (x) +
ks X fovm (%) 4 ks X fusars (x) (7)
ki +k; + ks + k; =100 (8)
T, fan () N T 22 I 8R40 75 5 51, AR
ks fre (x) T BEHLAR AR RUA G 55 5, HALUE N ky;
fovm (%) R 3 HF 1) T WL B AL 45 SR, HOALEE W ks
fuars (x) 24 22 70 F 38 N [T RE SRR 400G 45 5, AL
Ak,
1.3.7 #HMAERE
HR 8 W5 DX R [ A A 53 A5 R AR, 255 75 B R
H W B R, SR 5 IZ AR B AL A AR 45
HHTTIE, T 2012—2016 45 LU K 2022 47, 78 i 1 5
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TP TR 1L M R ) A 6 Fp R I 2SR B A M, R A
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2 HR54%5%

21 TEERERKLHEZSFFE

2012—2022 4, T H FLJF ) GHI 4 &b 78 g K
F, HARBLASE (8] 3), Horp 2012 4E 1% GHI dxe i, 35
F|T 87.24; 1Mi 2016 4F B GHI iz fik, A 79.60; M
2012—2016 4, GHI B&A T [, JF7E 2016 4FIR AL
{H; 3 2022 4F, GHI FFLA R, 355 T 85.04, 10 4[]
GHI I R 2P B %2 5 (P>0.05) ., HFUfHEHE )
7 Ak A s i T I i e RRTR 50 7 2 A v AR
2012—2016 4 GHI By T R Al fig 5 A8 b DL S N2
W ERA K, WA TR AN TRNZE LI E,
GHI 7 2022 I 4f 7 H LT ke 34, o Jf Btk
DA — R

100

90 | 87.24

84.58 8338 85.04

8098 7960 [
80+ = —

U R A

0
2012 2013 2014 2015 2016 2022
A

3 2012—2022 47 5 B R e Fepk vl st a] 3 2%

MR A2 0 (] 4), 2012 4F 1 3 B4 2k
GHI BB, R 91.74, MR AL GHI ¥I{E
1%, 4 82.83, YR Ff) F R GHI #4{E R 91.70, TEPESE
A GHI 34 {8 4 89.20, I 1 & JF & GHI ¥ {H H
89.03, L1 e 1 5 L GHI #4116 A 84.05, 4% i IS Al
GHI YJEHRA R TR, 2022 475 2012 4E5{H
A3 A ESHA ], L Hb A 2E GHI BI{E fe i, b 88.18,
TP ST B R GHI Y{E FAIX, o 84.46, HoAth S A F
5 GHI BIEA T 2 & Z 0], 45 552 A GHI ¥{E[R]
BEHIR R TR K-
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Machine learning—driven intelligent evaluation application of grassland
health
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Abstract Grassland health evaluation is a key technical means to measure the structure and function of grassland ecosystems and to
support ecological security and sustainable resource utilization. However, traditional evaluation methods have limitations such as strong
subjectivity and insufficient spatio—temporal continuity in index system construction and large—scale dynamic monitoring. This paper
proposes an intelligent evaluation method for grassland health based on multi—source spatio—temporal data and machine learning, and
constructs an intelligent research framework covering "data collection—feature extraction—index construction—health evaluation—
management decision—making." By integrating field sampling data with multi—source remote sensing data, this method introduces expert
knowledge to construct the Grassland Health Index (GHI) and utilizes machine learning models to achieve pixel—scale quantitative
inversion and dynamic monitoring of long—term sequence grassland health conditions. To verify the effectiveness of this method, Ningxia,
which has implemented region—wide grazing exclusion for nearly 20 years, was taken as a typical application scenario. The results show
that the machine learning method significantly improved the accuracy of various evaluation indicators, with the R* of spatial simulation for
grass yield reaching 0.88. From 2012 to 2022, the grasslands in Ningxia were generally at a healthy level (GHI>80), remained stable
overall, and the ecosystem showed a recovery trend. There was significant spatial heterogeneity in grassland health; due to differences in
land use patterns and precipitation gradients in local areas, degradation risks still require continuous attention. The intelligent evaluation
method proposed in this study has good operability and extensibility, providing technical support for grassland ecological health
diagnosis, degradation risk early warning, and sustainable management in different regions, as well as providing a scientific basis for the
optimization of grassland ecological subsidy policies and resource security decision—making.

Keywords grassland health; machine learning; multi—source spatiotemporal data; intelligent assessment; grazing exclusion; Ningxia
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