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Abstract

As one of the most widely distributed major terrestrial vegetation types, the optimization of graz-
ing in grasslands could provide scientific evidence for governments to formulate grazing policies.
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Taking the Xilin Gol Grassland in Inner Mongolia as an example and based on the monitoring data
across sites under various grazing strategies, this study first leveraged machine learning algo-
rithms including ridge regression, BP neural networks and XGBoost to investigate the impacts of
different grazing strategies on soil properties in the region. Prediction models of soil moisture
content across depths were then established. Afterwards, a mathematical model reflecting grazing
intensity’s influence on soil chemical properties was constructed. Finally, predictions were made
with historical data on relevant indicators of soil properties in 2022. Results demonstrated that with
the increase of grazing intensity, vegetation biomass first increased and then decreased, while no
grazing and overgrazing were also detrimental to vegetation growth. The model predicted the 2022
values of soil organic carbon, inorganic carbon, total nitrogen and C/N ratio across monitoring sites
in Xilin Gol Grassland under varied grazing intensities. Verification suggested relatively decent
goodness of fit. To improve model applicability, future studies should consider correlations between
certain features.
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Figure 1. Heat map of correlation coefficients between variables

B 1. TENEXREANE

0. 0047

AALAG 5 (NDVI) —

0. 0043

AR -

1.0

-0. 021 0.022 0.019 0. 0026 =0.011

0.8

-0.016 -0.035 -0. 034
0.6

0.29 0.32 -0.18
-0.4

0. 0057 0.017
-0.2
-0.0
-0.2

2AE m3) -

10cmi2 & (kg/m2) =
40cmiE & (kg/m2)
100cmi2 & (kg/m2)
200cmiE /& (kg/m2)

EH AR R, AN [ VR B T 38 AR B AP IR AR DG, BT DAFE AT 23 BT A DG IR 3 %) L 38008 2 ) 5
Wy, AILAZSS IR &, HLUE BT 40 em 3B 52 25 R R I RZMa IS v LK 10 om 35808 g NS
R, TR 43 BT 100 em 3580 75 52 25 DR 2R 1952 5 7T LUCKE 10 om A 40 em [ 33808 5 40 ABELHY, 767347 200 cm
IR P A2 A R R B I T O AT = AR LR RN (8] BkAh, PRI 1 AR E . IR
B, MRS 5 NMERERAHMEIEA S, HARYE SRR & AR E X T BB e, RIHRX 5
AN B[R Y NSRS R ) SERTAT I

2.2.2. IGEVARBIE I

1962 4, Hoerl 1 XFZLHIEEH, FH7E 1970 571 Kennard 37— 504 B AR 7 PRG0S, E
W P A7 2 2R v, 04 R] AR B R R (I e/ R il i, JE I B/ IRl THREAT T ek,
DU BV BRI LR M2 I BUR (9]0 B — ek R IR /D — 3Rk, Sibr LR TELR PR IR IS 145 0% o B0 n—
ALy IENLTR, DAIA S8 BRI 2R PERA 0 (0 R, BEAR T[] U5 485 B 4047 4% DR 256 DRI A B f) s 2 B A0 7 1l

min ||y - Xw";

3)

st |wf <C

ARG)H, X REARRAERERE: y R, w RENKSHmE; ¢ RRTENEH. £AXO3)
HOIRNRLRS W H 3Tk, R LRI A 1n) AU 0 2 X0(4) IO TE 20 TR AR 4 B B DA T e

DOI: 10.12677/hjdm.2024.141004

29 EAGIEEraE


https://doi.org/10.12677/hjdm.2024.141004

MR %

min, [y = Yool + 2w

st uf =3 ()

A>0
U [E] U PR A -
w=argmin, ((ly = xuff + 2} ) = (XX + 27) Xy
2.2.3. IGEVIERE T 5R AR
MRPE R A AR A X, £FX) 10 em IR AR E S 5 AN R AT IRIR RN 081, AP

ORI AN E BB 1 R, [FIEE HA = A R VR AR Rl o X EETT R, ARG [m] A S A 3552
IR, B3 BE 5% R BN AT AT s W&l 2 Firor

Table 1. Model evaluation of ridge regression based on soil moisture at different depths
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Figure 2. Regression coefficient plot of 10 cm soil moisture ridge regression
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Figure 3. Regression coefficient plot of 40 cm soil moisture ridge regression
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Figure 4. Regression coefficient plot of 100 cm soil moisture ridge regression
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Figure 5. Regression coefficient plot of 200 cm soil moisture ridge regression
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Table 2. Average vegetation biomass under different grazing intensities
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Figure 6. Vegetation biomass under different grazing intensities
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Figure 7. Time series plot of soil moisture at different depths
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Figure 8. Prediction process of soil moisture at different depths
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Figure 9. Variable selection plot
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Table 3. Performance table of optimal regression prediction models for soil moisture at different depths
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xS 0.658 0.921 0.001 1 0.001 1 0 1
MRS 1.248 0.816 7.729 0.9 5.874 0.961 0.101 0.896
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Table 4. ADF test table
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Figure 10. First order differenced time series plot of original data
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TR 100 om W% (kg/m?), AF 5 o Q Gt B Rl . Q6 fE/KF LA RIEEME, AREIRL

R B 2209 FUGE R P A (MR, RN AR RS L RN 0.966, RUR R
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Table 5. Test table of ARIMA model (0, 1, 1)
3 5. ARIMA #5380, 1, HiIe s

& e i
Df Residuals 120
HAKE N 123
Q6 (P 1H) 0.028 (0.867)
QI2 (P fH) 0.765 (0.993)
Q4iit& QI8 (P fH) 9.229 (0.683)
Q24 (P fH) 16.039 (0.590)
Q30 (P fH) 21.27 (0.623)
AIC 593.21
= BN
BIC 601.622
A R’ 0.966

LT TR 1% 5% 10%0 R KT

BJa, H ARIMA(O, 1, DEEAIST 100 om @ (kg/m?) A EAEBEAT T . A3, AIHYE ARIMA FEAY7E
HH 7 42 AR & 1 AR SR A
3.2. IRETFME R

JEIT ARIMA #ERIGE 2022 4F 4~2023 4F 12 H #% H AR ST I, R T E a4 NI 2Rl B
FERETR R, 3R B TGRS A E LT, 2022 2023 EAR[RIR B TR B, BRI SE S
* 6 Fiaw:

Table 6. Prediction table of soil moisture at different depths
= 6. TEIRBH IR TN

Ay Ay 10 cm i@/Z (kg/m?) 40 cm i@E (kg/m?) 100 cm %% (kg/m?) 200 cm i@ /E (kg/m?)

04 13.0361 51.5338 47.8925 168.3608

05 14.5551 51.6532 48.9803 168.4069

06 16.6938 51.4858 48.3077 167.2532

07 15.5350 51.4786 49.3574 167.7170
2022 08 14.9076 51.7093 482133 167.8939

09 14.5804 51.7648 48.2528 167.8789

10 15.8794 52.1969 48.2086 167.8696

11 16.6891 52.1148 48.5181 167.8219

12 16.8967 52.1325 48.5656 167.8225
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01 16.2420 52.1301 48.7531 167.8218
02 15.5761 52.1068 48.4083 167.8262
03 14.2645 51.9323 48.4110 167.8220
04 13.1394 51.8273 48.3990 167.8214
05 12.1608 51.7145 48.3818 167.8810
06 12.1622 51.7145 48.3272 167.4638
20 07 12.5797 51.7135 48.7427 167.4507
08 13.7917 51.7137 48.6813 167.5320
09 15.0412 51.8270 48.6090 167.5705
10 16.4960 52.1460 48.5769 167.5695
11 17.2449 52.1105 48.6363 167.5113
12 17.5584 52.1198 48.6363 167.5113

4. TR RS TR M4 BRI NE

T 2 A (R FBCH 5 B B M B g ST AN [ TS ORI TS e o R 0 8 2 - g
JR SR AR REUHE DGR AR B AR B LA HLEK SOC. H8EohLik SIC, L34k STC &r
R TRl AR A, 0 b R RS SUITURI AN 5 i A8 )OI AR AR AR PR g, AR S e s U P 07 Ui, (A, &%
AR R ARAR REUIE GO, 0T AS R A i 5 ok - 390k 2 R SRR, 3 5 b A 2 s i s
75 36 Ak 2 T T

FLUREEH 12 AS/NX IS A, R AS (RO B 3 S M I 25, ST B AR T 2022 4 12 A
TSN DXAE DU oA [ TSP B B 1 3 A 2 M SR BB . b T 28 AN [0 T B R 8 1 25 2 I () 5
A TR mE, R 2012~2020 A HAEECAE R R I ISR, BN RGOREREZ N ES,
I 132 &, BE D, L% XGBoost 17 FLRML A 4076 AN R FBCHCS i T BEAT 31 )3 300

B A R LS LA LR SOC, LIETLHLAK SIC. LAk STC. & N, LIECN L, 1
LT RN 3 A STC A4 C/N el il It Hok 3 Mabrit R, HitE A iR, MoEH
T A YR SOC. LI TCHLER SIC A4 N =30 -3k 24k AR b AT 20 W SR it

T34 STC = LA HLEK SOC + L3 TeHLEk SIC.

13 C/N= L34k STC/A N,

4.1. HEREBT 5K E

HoE, RSB R IRIEATAR OGSCHR, ASCHEE Bk 3 NMEAREVN AR R, A AR R
AN o R R IR EAC R, B AR Rl i B AL & 5 U AT A R e it

HRAE AL Bl AR A I, A0 AU SOC SRR . BURU/INX I AZ 5% 15 AN R AT P IX
W mA 73BT, 453 PR EEEIHA E BB 7 PR, B REAS LA &, AR TR SR [m] A A 7 45
¥R, AR AN A X, A, BB X EAR S R AGEAT AL R I 1 B
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Table 7. Model evaluation table of ridge regression based on soil moisture at different depths

* 7. ETAEREDREFIREFNERFZ SR

+HE LK SOC M SIC 4N
ToAE X I 0.827 0.378 0.79
Rl 0.818 0.371 0.774
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Figure 11. Regression coefficient plot of soil organic carbon (SOC) ridge regression

11. HEAH SOC W EVFRIETRHE

Hy [l R 45 SR AT A, 15 AR EOR R LK SOC 1 (Bl 7 240 T -

Y, =—=0.36.X, —0.51X, —0.56.X, +0.37.X, —0.92.X,, —0.36.X,, —0.3X,,
+0.53X,, +0.31X,, +0.56X,, +0.19X,, +0.32X,, +0.39X,, +¢,

Hrp, Y5 RR IEA WK SOC, X R (intensity), Xo~X13 R 12 NMEANX (plo) AR &, ¢
TR, T HOA TR 0 2 S A B

4.2. R

4.2.1. ETHHCEER TR

MRAE TR R BT AL, AR AR REFA R RIS T, BB R EEEL SIC 3oLk & & 13 K
HIEE PR SOC & B2 K, AR N W& ES HFEEHK SOC & EEIMIEMHK, HESENS
MUK B B ORI 2 2 s TS BN X BB LT AT, /X 64 /NIX 8. /X 9, /DX 11, /MX 124 /DX
133X 6 MN/NXAH L HAD/NX TS, A HLEK S AR B — L,

A3, JADY LZETLAHLE SIC. & N 'R RIS, AR AR R E A 12 F1E 13 fios,
FERLI 1A 75 2 0] 22 L3R TEH U SIC MUE [RIALE R H, 4Rttt nT 13 228 B L .

4.2.2. ETRHERFRB O

MRS R HEE R, E O S GRS HT AR b, R L@ N A 2 K I ey s
LIRS R A ST A A G SRR R (K OO RO AR S, A S RO A R e
FREEINR: FOE BRI T, S0 SO 4 IR — e AR R, O 38 A 2 1 IR ) R 1 2 A 2k
/Ny HARRUEAR AT 235 DL B AT RIS H
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Figure 12. Regression coefficient plot of soil inorganic carbon (SIC) ridge regression
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Figure 13. Regression coefficient plot of total N ridge regression

B 13. £ N IREIREIRKE

4.3. BT HUEFHREN XGBoost FMER

43.1. RRENT

R U IO A SRR, AR =P I ST 45 S H S e A 3% CO/N
too MeAh, BERAFET N, R T ZHAT A HEAE . RH XGBoost 5% v 5748 & 1] 9 Tt
AL, FRT 2022 4F 12 NNX PR EWE. BN PXAEE 2012, 2014, 2016+ 2018 AT 2020
X TAFA IR A FIR A ME . TR — AN RN —AN AR, 7S5 R
RIE 12 ANDNXBEIT /32, EERHEAS XA IRAE ] XGBoost 51 My = > T340 A W%t B (1 B8 2 [m] 1
TRAEEL, 23 D0 RS 3 Fp 3B ST . A E N AR E, B MO SR AL S k) g
[l YA PR AL

A B R IE S AR R Bk s 17 PO 25 SR A 2 1) LRI, T AR R 2 B A e 8 S B G IR R
R B RME . D T — D4 XGBoost [l AT AR 28, ASON 134T XGBoost B2 1 1] 5
TSR AT T S50, EEER =S5 leamning rate (354515524 > 23 B E 45k 52 %0) <
max_depth (J=25% 2] 2% P B RIRFE, 1S5 Tk Feid 04 ) Al n_estimators (B 395844 GB %R,
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FET R RKIERIREAE AR EAR). XGBoost X max_depth = 3, n_estimators = 100, learning rate = 0.1,

4.3.2. BRBTNLER
M4 A SC ST 1 XGBoost [AIJAREAY, St 2022 4485 MK 205 35 B S W INRE i 78 DU Ah Jicahosi R i 34k
VAN OB 4 N SEATT, FSBAE N ) LI e a8 O/N b, Bas B E R 8 Fin.

Table 8. The prediction table of soil chemical properties in 2022
3 8.2022 F MU F M RIUNR

WHOIE  aihe Lmpms SHENR L =N HRCN
G17 16.4575 6.1341 22.5916 2.0555 10.9909
NG G19 16.9931 4.2831 21.2762 2.1493 9.8993
G21 19.8665 4.0546 23.9211 2.3969 9.9800
G6 14.3854 3.0000 17.3854 1.9505 8.9135
LGI Gl12 15.9067 3.8341 19.7408 1.9155 10.3058
G18 19.1562 7.2444 26.4006 22214 11.8844
G8 14.2493 1.9530 16.2023 1.9069 8.4966
MGI Gl11 14.5753 3.6537 18.2290 1.9328 94314
Gl16 14.7594 9.8243 24.5837 1.7113 14.3652
G9 17.1049 3.1593 20.2642 2.1774 9.3065
HGI Gl13 16.3682 3.5297 19.8978 2.0691 9.6166
G20 15.6223 4.7445 20.3667 2.0064 10.1509
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