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Table 1 Quantitative criteria for categorical variables
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Fig.2 Statistical characteristics of different ion contents
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Table 2 Super parameter optimization of SVR model
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BT
gamma cost
K" 0.001 7
Na® 0.005 1 600

SVR B I G AR A 1 TR0 45 S
% 3 fiR. ENZGFEAT, SVR X Na 2Bk
SERBURK, RPN 0.900. 7EMIAREAH, SVR %}
Na" BHUE ke RER K, RPN 0.838. Lty KA,
SVR % Na" & ¥ T R5CR B -
% 3 SVRELA G M 4 %
Table 3 Prediction results of SVR model

EREZN PURENEZS
MAE/(g'kg") RMSE/((g'kg") R* MAE/(g'kg") RMSE/(gkg') R
K* 0.073 0.097 0701  0.100 0.119  0.687
Na® 0234 0317 0900  0.841 1.154  0.838

2.4 RFR{&BIENE S 550E

AREFAE R FE 7R BN G AR I SR A
I, randomForest() B £ 23 AR 48 i N\ A% & 2 57 [ I i
MRS, S50 x 1y NI GRFEAR I 1 AR S A A
W, 4 data NIIGEARLTE, S ntree &
AEKM . FHREES S tuneRF() BT

WEMMB S, WA ntreeTry ZHIUE B,
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Table 4 Super parameter optimization of RFR model
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® 5 Pin. MEIFEAT, RFR X Na &G
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RFR % K" & 1 T SO B«

& 5 RFR A &9 7 48 R
Table 5 Prediction results of RFR model

- WIGFEA WA
MAE/(g'kg") RMSE/(g'kg') R* MAE/(gkg") RMSE/(g'kg') R

K" 0.061 0.077 0.837  0.169 0218 0.437

Na® 0381 0.478 0.838  2.841 3.658 0.299
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FRUGIG N, A B TR 2 2 R g, TR AR AL
WA EAMA G R ZE S SR8 38 K, b b AT Af 7 52 T S
RURE M EBAE k E, @EERRFER, RIEAR kA
WA R kK (A5 IREMXRR, HEEBESH K
IR 6 iz .

% 6 KNNRABA 6942 5 HAML

Table 6 Super parameter optimization of KNNR model
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KNNR #f KSR RE REUR, RN 0430,
(2% Na BRI UUE REBUN, RPN 0219, 4
G RFE, KNNR X K & TR SR BT

% 7 KNNR AR A 69 ] 25
Table 7 Prediction results of KNNR model

o HEREZS TR A
MAE/(g'kg") RMSE/(g'kg") R* MAE/((g'kg") RMSE/(g'kg") R

K* 0.049 0.064  0.877  0.169 0218  0.430

Na" 0262 0322 0919  2.826 3.630 0219
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B h20.gbm(O) RIS E, S50 x Jy 30l )2k
FEARR HAZREMPAZE, 24 training_frame Ai)llZx
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AN BRI 1 B R IR S - 18I VA SE & h20.grid()
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% 8 FR.
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Table 8 Super parameter optimization of GBRT model
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Table 9 Prediction results of GBRT model

. VIR A AR
™7 MAE(gkg") RMSE/(gkg") R® MAE(gkg"') RMSE/(gkg') R

K" 0.027 0.038 0.946 0.167 0.223 0.395
Na* 0.216 0.275 0.924 2.856 3.650 0.200

. SR E
BT
ntrees max_depth
K” 100 5
Na* 120 2

GBRT A58 5 Xof Il ZRA A R R A (1) Tl &5 SR
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Xt KBS HE R K, RPN 0.395. 4340
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27 FEILEREH. WEFERETUNEE XL
AR JERE KR R SRR B2 an sk 10 0
Bl 3 fior, ¥ KT TR 2= AT 6 e R B, SVR
BRI R AR IR 2, 4 A LEWAE (0~10. 10~20.
20~30 cm Al 30~40 cm) ] MAE 43 %4 0.122. 0.114.
0.056 g/kg £ 0.106 g/kg, RMSE %354 0.135. 0.135.
0.069 g/kg 1 0.126 g/kg, KM AFELERE
Na" & AR TR FE ik 11 fE 4 Fiow, % Na'
B TIR 22 BEAT R U R T, SVR R A AT B A%
W, 4 NEZEIRER MAE 43504 0.540. 0.619.
0.835 g/kg 1 1.371 g/kg, RMSE 437y 0.636. 0.748.
1.198 g/kg 1 1.710 g/kg, FImf. Fitk, SVR A
ST LR 70 2 0 33 K. Na™ 5 T E A5 B AR 0

£ 10 KRB AR E K ZHA TN A7 B b
Table 10 Comparison of prediction accuracy of K* content model in different soil depths

R MAE/(gkg™) RMSE(g'kg")
A AEem SVRA#A  RFRAA  KNNRAEEA  GBRTEA  SVRAEA  RFREA  KNNREA  GBRT A
0~10 0.122 0.160 0.181 0.202 0.135 0.219 0.247 0.269
10~20 0.114 0.137 0.152 0.153 0.135 0.184 0.197 0.200
20~30 0.056 0.162 0.148 0.157 0.069 0.211 0.195 0.216
30~40 0.106 0.218 0.195 0.157 0.126 0.251 0.228 0.197
10 ——— SVREA Fl & 10 r —— SVREUHIME
——— RFRIEEEITHMI ——— RFREET F I
08 r KNNREER T7 (4 __ 08 KNNRAE RS F500 {5
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Fig.3 Relationship between predicted value and measured value of K* content in different soil depths
% 11 RE £ &R E Na Z A2 B M A 7 b
Table 11 Comparison of prediction accuracy of Na' content model in different soil depths
R MAE(g kg RMSE/(g-kg )
AR TVRER  RFREUE KNNRAUE  GBRT R SVR %! RFR % KNNR [ GBRT fif
0~10 0.540 2.149 2.381 2534 0.636 2.783 2.967 3.168
10~20 0.619 2523 2431 2.496 0.748 3.053 2.981 3.032
20~30 0.835 3.069 3.022 3.035 1.198 3.840 3.817 3.821
30~40 1.371 3.621 3.469 3.358 1.710 4.658 4.524 4.410
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Fig.4 Relationship between predicted and measured Na* content in different soil depths
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Predicting Soil K" and Na" Contents in Cotton Field

Using Machine Learning Algorithm
TANG Maosong'?, ZHANG Nan'?, LI Guohui'?, ZHAO Zeyi'?, LI Mingfa’, WANG Xingpeng'**"
(1. College of Water Resource and Architecture Engineering, Tarim University, Alaer 843300, China;
2. Laboratory of Modern Agricultural Engineering, Tarim University, Alaer 843300, China;
3. Hydrology and Water Resources Management Center of the First Division of Xinjiang Production and Construction Corps,
Alaer 843300, China; 4. Key Laboratory of Northwest Oasis Water-saving Agriculture,
Ministry of Agriculture and Rural Affairs, PR China, Shihezi 832000, China)

Abstract: [ Objective] The contents of K* and Na" in soil affect soil fertility and quality, and understanding their
spatiotemporal changes and the factors influencing their changes is critical to improving soil management and
alleviating soil alkalization. We propose a machine learning method to predict changes in K* and Na* content in soils.
[ Method ] Taking data measured from a cotton field in Southern Xinjiang as an example, we compared four
machine learning algorithms: support vector regression (SVR), random forest regression (RFR), K-nearest neighbor
regression (KNNR), and gradient lifting regression tree (GBRT). All algorithms were first trained based on K* and
Na" measured in 2020, and the trained models were then tested against the data measured in 2021. The accuracy and
robustness of the models were evaluated using the mean absolute errors (MAE), root mean square error (RMSE), and
the determination coefficient (R?). [Result] The MAE of SVR, RFR, KNNR and GBRT for predicting K* content
was 0.100, 0.169, 0.169 and 0.167 g/kg, respectively; their associated RMSE was 0.119, 0.218, 0.218 g/kg and 0.223
g/kg, respectively, and their R? was 0.687, 0.437, 0.430, and 0.395, respectively. For predicting Na* content, the
MAE of SVR, RFR, KNNR and GBRT was 0.841, 2.841, 2.826 g/kg, and 2.856 g/kg, respectively; and their RMSE
was 1.154, 3.658, 3.630 g/kg, and 3.650 g/kg, respectively, and R? was 0.838, 0.299, 0.219, and 0.200, respectively.
SVR model is most accurate for predicting soil K and Na* in the depths of 0~10, 10~20, 20~30 and 30~40 cm, with
its MAE for K" at the four depths being 0.122, 0.114, 0.056 g/kg and 0.106 g/kg, respectively, and RMSE being
0.135, 0.135, 0.069 g/kg and 0.126 g/kg, respectively. The MAE of SVR for predicting Na" at the four depths was
0.540, 0.619, 0.835 g/kg and 1.371 g/kg, respectively, and its RMSE was 0.636, 0.748, 1.198 g/kg and 1.710 g/kg,
respectively. [ Conclusion] Among the four algorithms we compared, SVR is most accurate for predicting soil K*
and Na" at depth from 0 to 40 cm, and it can be used to predict variation in K* and Na" in response to environmental
change in the cotton fields in Southern Xinjiang.
Key words: South Xinjiang cotton field; soil salt ions; machine learning; regression prediction model
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