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Abstract

In order to reduce the workload of large-scale determination of cation exchange capacity (CEC), a
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simple and efficient method for predicting CEC by using easily measured soil physical and chemi-
cal properties was explored. Researcher have used different input soil properties to derive pe-
do-transfer functions (PTFs) to predict soil CEC. Based on the pH, texture and organic matter (OM)
of 152 topsoil (0~10 cm) samples in dry farming region, the CEC soil transfer function was estab-
lished by back propagation neural network (BP-NN), support vector machine (SVM) and multiple
linear regression (MLR), and the prediction accuracy and sensitivity of each method were com-
pared and analyzed. The results showed that CEC was mainly positively correlated with OM and
clay. The prediction accuracy of SVM was the highest, with its decision coefficient (Rz = 0.58) and
efficiency coefficient (E = 0.57) higher than BP-NN and MLR. The root mean square error of SVM
(RMSE = 5.41) is lower than other models, and MLR model has the lowest prediction accuracy. SVM
method can better predict cation exchange capacity in dry farming.
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Figure 1. Location and sample distribution of the study area
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Table 1. Description statistics of soil physico-chemical properties

= 1 IR R It

il & w/ME YN YA i AR 5 R H(%)
HEALE
pH 152 4.10 9.05 6.97 1.39 19.89
WRL(%) 152 1.32 83.38 23.86 17.93 75.14
HRL(%) 152 15.19 90.96 71.45 16.82 23.54
FRL(%) 152 0.74 12.55 4.69 2.14 4572
HHLUF (gkeg ™) 152 2.88 85.77 22.44 14.20 63.29
CEC (cmol'kg 1) 152 3.07 53.30 22.54 8.59 38.10
IRk
pH 116 4.10 8.97 6.89 1.39 20.15
B Hi(%) 116 1.32 77.88 24.25 17.90 73.81
HRE(%) 116 20.67 90.15 71.16 16.71 23.48
FHL(%) 116 0.74 12.55 4.59 2.19 4778
HHLF (gke™) 116 2.88 77.13 22.19 13.26 59.73
CEC (cmol'kg ™) 116 6.36 53.30 22.20 8.67 39.04
e
pH 36 4.53 9.05 7.23 1.37 18.91
RL(%) 36 4.30 83.38 22.61 18.23 80.63
KA (%) 36 15.19 90.96 72.38 17.37 24.00
FRL(%) 36 1.44 11.60 5.01 1.97 39.47
AP (gke™) 36 5.32 85.77 23.24 17.09 73.54
CEC (cmol'kg ™) 36 3.07 4151 23.66 8.36 35.34

Table 2. Correlation analysis of soil physico-chemical properties

2. BRI RIRR M S

pH Frki(%) Whi(%) k(%) HHLF (gkg™) CEC (cmolkg ™)
pH 1
(%) -0.158 1
WHI(%) 0.177" -0.994" 1
Fiki(%) -0.241"" 0.472" -0.563" 1
HHLF(gke ) -0.397" 0.173" -0.190" 0.237" 1
CEC (cmolkg™) -0.110 0.410™ —0.438" 0.449" 0.656" 1

VE: *E 0.05 K EEFEAMI, *#1E 0.01 KF LEZEMK.
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Figure 2. Influence of the number of neurons in the hidden
layer on prediction accuracy
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3.3.3. SVM & # el 3

FESCHRIA ML B )32 (s AR AR (RBF) R 8, B RS Wesldsl, HRA S 14258, 47T
RAG[17], #EHE SVM KA R = FIH(SVR), #RECHR MBI R 5L, 7E RBF 1% pR £ 75 220 E 1)
SRR SR ECIE T F oo AR FUE T M S8 TR T4 — A8 o 437248 1.00.0.33,
WZRFEE R E N 0.01.

3.4. REBUSE S

MLR. BP-NN 1 SVM =i R 4 37 (1) PTFs FH T Pt 4 - 3EAE AR CEC. MK 4E CEC (15
5 = R 8 R 45 3 () UG . 8] 805 B LI 3 BP-NIN [ MAE f2 /)y, % 8] BP-NN 1% Z 34k /N SVM
AMLR (W% 3)o MLR. BP-NN. SVM =F##R (1) R?, Hrt SVM R R* fiz KB [ AR & RE MR (A 28 B
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FERE fe i, BP-NN /X2, MLR #{%; SVM % RMSE #/), BP-NN /X2, MLR #:k; SVM f&AL[)
Nash-Sutcliff 2035 ZEE KT H AP R BHKT 0 /T 1, FBH =Rl AL ) 7 45 SRR e 1 s e
M5ME, o SVM BRI MR RECH 0.57 AL B -

SRR CEC 3 KA S5 H/MERAT B RO 3), X o] 582 i B i I 258 R R AR
A, HEALTH, %4 CEC AT 15~25 cmolkg ™ JElH, SVM RERIF TN CEC, BP-NN /X2, MLR
I, A% ELL EIUANENR S50 51, SVM. BP-NN RS F0RS B2 T MLR, b SVM. BP-NN

FIPUA PN Z BB 3T, W] SVM AR A TR EEE L T BP-NN.

Table 3. Accuracy comparison of models

3. REBELLK

T MAE R? E RMSE
MLR 4.70 0.51 0.49 5.91
BP-NN 4.16 0.56 0.53 5.67
SVM 4.45 0.58 0.57 5.41
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Figure 3. Scatter plots of measured and predicated values by models
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