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Response of Kostiakov-Lewis Infiltration Parameters to Soil
Physical-Chemical Properties in the Loess Plateau of China
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Abstract: In order to know the main factors influence the infiltration parameters, based on the 344 sets
of double-ring infiltration experiments in 101 different experimental sites in the Loess Plateau,
obtained a large sample of Kostiakov-Lewis infiltration model parameters, analyzed the relationship
between infiltration parameters and soil properties, established a multiple linear model, a nonlinear
model and a BP neural network model to predict the infiltration parameters. The results showed that
through Pearson correlation analysis, the main factors for parameter k was bulk density, soil water
content of 0-10 cm, sand content, silt content and organic matter of 0-20 cm, the main factors
influence parameter o. was water content, sand content, silt content of 0-40 cm, and bulk density of 20-
40 cm, and the main factors for parameter fO was water content, sand content, silt content, of 0-40 cm,
bulk density of 10-40 cm, and organic matter of 0-20 cm. Compared with previous studies, this paper
added soil organic matter content as an independent variable to study the effect of soil chemical
properties on soil infiltration capacity, which makes the model more reasonable, higher accuracy, and
better prediction effect. Based on the effective test, result error analysis and comprehensive analysis, it
was feasible to obtain the infiltration parameters in the Kostiakov-Lewis model using three Pedo-
transfer functions. Under the condition of comprehensive consideration of forecast accuracy and
stability applicability, it was recommended to use the nonlinear model as the prediction model of soil
water infiltration parameters in the Loess Plateau.

Keywords: Soil physical and chemical properties; Kostiakov-Lewis infiltration model; Pearson
correlation analysis; soil organic matter content; multiple linear model; nonlinear model; BP neural
model

1. Introduction

The Loess Plateau region is located in the north-central part of China. It belongs to the temperate
monsoon climate, with less rainfall and uneven rainfall, lack of water resources and drought.
Therefore, the acquisition of soil water infiltration parameters is a fundamental problem in the climate
and environment management in this region.

Soil water infiltration refers to the process of water infiltration into the soil through the surface and
stored in the soil under irrigation or rainfall conditions. At present, the models describing soil water
infiltration process mainly include Green-Ampt model [1], Kostiakov model [2], Philip model [3],
Horton model [4] and so on. Regardless of the application of the model, it depends on the
determination of the model parameters. The methods for obtaining the infiltration model parameters
include the direct method and the indirect method. The direct method includes laboratory test method
and field test method. The indirect method includes field irrigation process method and soil Pedo-
transfer function method. The laboratory test method has great differences with the field soil in the
construction of soil water infiltration model, and there are differences between the experimental and
the actual irrigation parameters. The field test method uses special equipment to test the soil water
infiltration process in the field, the double-ring infiltration instrument is most commonly used, but the
method has a long measuring time and the process is complicated. The field irrigation process refers to
the determination of soil infiltration parameters using irrigation data, including the two-point method
of Kostikov-Lewis model [5], the Philip model one-point method [6], the M method [7], the M-J
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method [8], and the M-Z method [9], etc. These test methods have a large workload, a complicated
implementation process, and a long time-consuming process, and the estimated values of the
infiltration parameters are average values. In comparison, the soil Pedo-transfer function method [10]
is based on the basic physical and chemical parameters and obtains the soil infiltration parameters
through the transfer function model. The method is simple in operation, low in test cost, short in test
time, and therefore widely used in obtaining hydraulic parameters. Many experts and scholars use the
Pedo-transfer function to predict soil water characteristic curve [11, 12], soil characteristic water
content [13-15], soil bulk density [16, 17], and soil organic carbon content [18-20]. However, there are
few predictions of soil water infiltration parameters [21-38].

Based on the series of infiltration experiments of farmland scale in the Loess Plateau, this paper fits
a large sample of Kostiakov-Lewis infiltration model parameters and related soil physical and
chemical parameters and adopts multiple linear, nonlinear and BP neural network methods to establish
the Pedo-transfer functions between each infiltration parameter and soil properties. The prediction of
soil water infiltration model parameters is realized, which provides technical support for agricultural
water resources management in the Loess Plateau.

2. Materials and methods
2.1. Soil conditions in the test area

The test area was located in the Loess Plateau of China, centered on Shanxi Province. The test area
was 600km from north to south and 400km from east to west. The test points were distributed in the
topography units such as mountains, hills, and floodplains. The soil bulk density varied from 0.89 to
1.762 g/cm?; the soil volumetric moisture content ranged from 2.0 to 45.2%; the soil organic matter
content ranged from 0.416 to 6.60 g/kg, and the basic physical and chemical properties of the soil were
shown in Table 1. The test area basically covers various soil types in the Loess Plateau, and the soil
physical and chemical parameters varied greatly, which better represented the loess soil condition in
the Loess Plateau.

Table 1. The basic physical and chemical properties of the soil

Soil properties variation range Soil properties variation range
0~10cm Soil Bulk Density 7 (g/cm?) 0.890~1.588 0~20cm Silt content 2 (%) 0.053~0.760
10~20 cm Soil Bulk Density y; (g/cm?) 0.964~1.562 0~20cm Clay content 3 (%) 0.008~0.235
20~40 cm Soil Bulk Density 2 (g/cm’) 0.774~1.762 20~40cm Sand content o4 (%) 0.096~0.930
0~10cm Volumetric water content 6:(%) 0.020~0.452 20~40cm Silt content ds (%) 0.441~0.850
10~20cm Volumetric water content 02 (%) 0.0241~0.328 20~40cm Clay content ds (%) 0.009~0.331
20~40cm Volumetric water content 65 (%) 0.030~0.422 0~20cm Organic matter G (%) 0.416~6.589

0~20cm Sand content 7 (%) 0.097~0.880

2.2. Test methods

The combination of field test and laboratory test was used to obtain soil infiltration characteristics
and soil physical and chemical properties at different test points.

(1) Field test: The soil double-ring infiltration instrument was used for the soil water infiltration
test. The inner and outer rings have a diameter of 26 and 64 cm, respectively, and the height of both
rings was 25 cm. Before the test, the double-ring of the infiltration instrument was buried vertically in
the soil at 20 cm. During the test, use 50-1000ml measuring cylinder, slowly add tap water to the inner
ring of the infiltration instrument in a period of time, ensure that it would not impact the surface soil
during the adding process, and make sure the infiltration head of the whole test process always through
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the self-made water level controller. The infiltration head was maintained at around 2 cm, tap water in
the test area was used for the entire test process. After the start of the test, the soil water infiltration
time and the infiltration amount were recorded in different time periods. Record once every 1 min in
the first 8 min after the start of the test, once every 2 min in 10-15 min, once every 5 min in 15~60
min, and once every 10 min after 60 min. The test time was extended to 90 minutes in consideration of
the reliability of the test.

(2) Laboratory test: Undisturbed soil cores were taken at each site in 0-10cm, 10-20cm, 20-40 cm
using mental cylinders (100 cm®) to measure bulk density (BD) and the initial water content. Oven-
dried the soil cores at 105 °C for 48 hours, then weighted to calculated BD and initial water content.
The disturbed soil samples (0-20 and 20-40 cm) were air-dried and passed through 2mm mesh to
measure the sand (0.02-2 mm), silt (0.002-0.02 mm), clay (<0.002 mm) content using sifting curve
method, and the soil organic matter (SOM, 0-20 cm) was tested using the dichromate oxidation
method.

2.3. Research methods
2.3.1. Fitting of Parameters of Soil Water Infiltration Model

The soil infiltration model is a relationship between the soil water infiltration and the infiltration
time. It can quantitatively or qualitatively analyze the soil infiltration process, thus revealing the soil
infiltration law and providing mathematical means to study the process of soil water infiltration.
Common soil water infiltration models include the Green-Ampt model, Kostiakov model, Philip
model, Horton model and so on. A large number of studies have shown that Kostiakov-Lewis model
has high fitting precision, close to the actual irrigation and infiltration of farmland, and has good
applicability. It is the most commonly used empirical model for studying soil water infiltration.
Therefore, this paper uses Kostiakov-Lewis model to describe the infiltration process of loess soil in
the Loess Plateau. The Kostiakov-Lewis model is shown as follows.

I(t) = kt* + fot (1)

where | (cm) is the cumulative infiltration per unit area, t (min) is the infiltration time, k (cm/min), a
(non-dimensional), f0 (cm/min) are empirical parameters. fO is the final infiltration rate at the steady
state, when infiltration time is sufficient long.

Through the field double-ring infiltration test, different time t and cumulative infiltration amount |
of the test point were obtained. The Matlab software CFtool toolbox was used for nonlinear fitting, and
the optimal fitting parameters were obtained as the infiltration parameter values, namely the values of
k, a, and f0. Then, the infiltration parameter value is corresponding to the physical and chemical
parameter value, which constitutes the sample sequence, and the individual data with obvious errors
are eliminated. Finally, 344 representative experimental data are selected as the experimental sample
data set.

2.3.2. Estimation of the Infiltration Parameters to Soil Properties

The Pedo-transfer function is constructed to establish a functional relationship between soil water
infiltration parameters and soil physical and chemical parameters such as soil bulk density, initial
volumetric water content, sand content, silt content, clay content, and organic matter content, that is,
PTFs. This paper mainly uses multiple linear model, nonlinear model, and BP neural network model to
construct soil Pedo-transfer function.

(1) Multiple linear model: The multivariate linear model is realized by the linear regression
relationship between the output parameters and the input parameter data, that is, the linear expression
between the output parameters and the input parameters is determined by linear regression analysis
between the test sample data sets. The model form is finally determined under the condition that the
prediction accuracy is acceptable. The structure of the multiple linear model is as follows.
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Y: a0+a1X1+a2X2+"'+aan (2)

where Y is the dependent variable, «; is the model regression coefficient, X; is the influencing factor,
and n is the number of independent variables.

(2) Nonlinear model: When constructing a multivariate nonlinear model, firstly, the independent
variables of each infiltration parameter are selected. According to the CFtool toolbox and the results of
the mechanism analysis, the single factor function form of each variable is determined, and then the
initial structure of the multivariate nonlinear soil transfer function is determined. Secondly, using
Matlab software to perform multiple t-tests of independent variables, using 1stOpt software to perform
multiple fittings, and performing significance test to establish a multivariate nonlinear prediction
model. The model building process is shown in Figure 1.
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Figure 1. Nonlinear model construction flow chart

(3) BP neural network model: The BP neural network model is a multi-layer forward neural
network model based on the error backpropagation algorithm. The model has a strong nonlinear
mapping ability. Based on the analysis of the correlation between independent variables and dependent
variables, the hidden neural network model is set. The number of layers and the number of hidden
layer nodes are included, thus realizing effective mapping of the nonlinear relationship between input
parameters and output parameters. The BP neural network model structure is as follows.

Net = newff (minmax (traininput), [i,1],{"tansig’,'logsig’,'trainim’) 3

where new ff is a function for establishing a feedforward neural network, minmax is the range of the
sample, train input is the training input value, i is the number of hidden layer nodes, 1 is the number of
output layer nodes, tensing is the activation function of the hidden layer, purelin is the activation
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function of the output layer, and trainlm is the default training optimization function.

2.4. Data Processing and Software Used

The independent variables are determined by Pearson correlation analysis, and the significance test
of the independent variables is performed by t-test with a confidence level of 0.05. A predictive model
significance test was performed using a joint F test with a confidence level of 0.05. The comparison of
the prediction models is mainly determined based on the residual square sum (RSS), the Pearson
correlation coefficient (P-R), the deterministic coefficient (R2), the relative error (RE), and the mean
relative error (MRE). Where RE is calculated as follows.

YiYi
Yi

RE= 4)

N
MRE = % (5)

where y.is the measured value, . is the predicted value, and N is the number of samples. The residual
square sum (RSS), the Pearson correlation coefficient (P-R), the deterministic coefficient (R2) of the
predicted and measured values are obtained by linear regression of Origin 8.0 software.

Sample Pearson correlation analysis iss performed using IBM SPSS Statistics 22 software. A
multivariate linear model is built using IBM SPSS Statistics 22 software back regression analysis. A
multivariate nonlinear model is established using 1StOpt and Matlab software. The BP artificial neural
network model is established by Matlab software. Drawing with Origin 8.0.

3. Results and discussions
3.1 Soil infiltration Parameters Analysis

The infiltration parameter k is numerically equal to the difference between the cumulative
infiltration amount and the stable infiltration rate at the end of the first unit period after the start of
infiltration. The larger the k value, the larger the infiltration amount at the end of 1 min. During the
test, as the soil water infiltration progresses, water enters the soil accompanied by immersion,
collapsing, deformation and other processes of the surface soil, which means that the soil skeleton is
deformed during the infiltration of soil water. The deformation trend is that the density of topsoil is
changed from loose to dense, and the soil bulk density before and after infiltration is greatly different,
which leads to the change of soil water infiltration capacity. The larger k value, the more unstable the
soil structure, and the greater the soil deformation during the water infiltration process, which leads to
an increase in the error between the predicted value and the measured value.

Since the parameter o reflects the decay rate of the infiltration capacity, the mechanism of the
attenuation of the soil infiltration capacity is very complicated. At the beginning of soil water
infiltration, the soil is dry, the molecular force is strong, the water is quickly adsorbed to form film
water, and then the pores of the surface soil are filled, and the soil matrix potential becomes the motive
force. Therefore, the a value is mainly determined by the initial moisture content and soil structure of
the wet front. The initial infiltration rate of the soil is very fast. In a short period of time, the soil layer
is basically saturated within a certain thickness range below the surface. With the extension of
infiltration time, the cross-section of water passes from full-surface water in the initial period of
infiltration to partial cross-section water. The infiltration gradient is reduced, the infiltration rate is
slowed down, and the decay rate is slowed down.

When the soil reaches a stable infiltration rate, the water content of the topsoil (0~20 cm) is
saturated water content, and the soil water potential gradient driving the infiltration water flow
movement is 1. The relatively stable infiltration rate fO is essentially the saturated water conductivity
rate of the soil. At this time, the upper soil infiltration channel has basically formed, and the value of fO
mainly depends on the soil structure.
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3.2. Response of Infiltration Parameters to Soil Properties

In the Kostiakov-Lewis model, k is the infiltration coefficient, indicating the infiltration rate in the
first period of soil water infiltration, which is mainly related to the initial state of the soil. Therefore,
the physicochemical properties of the soil in 0~20 cm can be selected as input parameters. o is the
infiltration index, indicating the decay rate of infiltration performance, which is related to the whole
irrigation process. It is necessary to consider the physical and chemical properties of the tillage layer
(0-20 cm) and the plow bottom layer (20~40 cm). fO is a relatively stable infiltration rate, indicating
the infiltration parameter when the soil infiltration reaches a relatively stable state, which is related to
the soil properties after stabilization. The physical and chemical properties of the tillage layer and the
plow bottom soil can be considered as input parameters. Considering the linear relationship between
sand, silt and clay content in the soil, it is only necessary to select two or one of them as input
parameters. In this paper, Pearson correlation analysis was performed with SPSS using the selected
344 data samples. The results are shown in Table 2.

Table 2. Pearson correlation analysis between the
infiltration parameters and soil properties

Soil properties k a fo

Y0 -0.613™ -0.052 -0.011
Vi -0.042 0.071 -0.179™
V2 -0.117 0.132" 0.264™
01 0.214™ -0.225™ -0.299™
0> 0.014 -0.349* -0.306™
03 -0.074 -0.125* -0.375%*
o1 -0.442* 0.223" 0.166"
02 0.376™ -0.224* -0.205™
03 0.077 -0.073 -0.006
04 -0.042 0.204™ 0.153*
Os 0.075 -0.278" -0.141"
06 0.063 -0.94 -0.016
G -0.441* -0.083 0.292*

According to the Pearson correlation test result, soil properties Y0 and 61 had negative effect in
parameter k. soil properties 81 and G had positive effect in parameter k. soil properties 01, 62, 63, 62
and 05 had negative effect in parameter a. soil properties y2, 61 and 64 had positive effect in parameter
a. soil properties y1, 01, 62, 63, 62 and 85 had negative effect in parameter f0. soil properties y2, 61, 64
and G had positive effect in parameter fo.

Soils with different organic matter content have different distribution of soil pores. Soils with high
organic matter content have good soil structure and many medium pores; on the contrary, soils with
low organic matter content have poor soil structure and have very large pores or small pores. In the
early stage of soil infiltration, the large pores are mainly filled first. The water seeps into the lower
layer by its gravity, and the soil with extra large pores has a large infiltration capacity. Therefore, the
soil with low organic matter content has a large infiltration capacity in the early infiltration period, and
the soil with a high organic matter content has a relatively small infiltration amount in the early
infiltration period. Therefore, the k value decreases with increasing soil organic matter content.

Soils with low organic matter content have poor soil structure or poor granular structure stability.
After encountering water, some granules on the surface are likely to collapse and become more
uniform small particles. During the process of soil infiltration, the dissolved silt particles tend to be
deposited in some large pores to hinder the infiltration of water, the dissolved clay particles
accumulate on the surface of the soil, forming a thin dense layer, correspondingly hindering the
infiltration of water, the amount of soil infiltration decreases, so the soil infiltration speed decays fast.
On the contrary, in soils with high organic matter content, the soil aggregate structure is more and
stable, and the aggregate structure is not easy to collapse after encountering water, and it is not easy to
form a dense layer on the ground surface, and the amount of water infiltration is relatively large, so the
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soil infiltration rate and soil infiltration capacity decay slowly. Therefore, the infiltration index a
decreases with increasing soil organic matter content.

There is a significant positive correlation between the content of organic matter and fo. The analysis
believes that the content of organic matter can reduce the bulk density of the soil and increase the soil
pores, thereby improving the soil water conductivity, resulting in an increase in fo value.

3.3. Estimation of Infiltration Parameters to Soil Physical-Chemical Properties
3.3.1. Model Construction

In order to obtain the infiltration parameters, the multiple linear, nonlinear and BP artificial neural
network prediction models were constructed. The model are shown in Table 3.

Table 3. Pedo-transfer functions

Methods Pedo-transfer functions

Multiple k =5.118 — 5.5286; — 2.45671, + 2.043w, — 0.398G
linear a =0.162—-0.2590; — 0.4708, — 0.131y, + 0.326w, + 0.448w,
model fo =0.071—-0.216, — 0.20405 + 0.046G + 0.076ws — 0.109wg¢

k = 0.284 + 1.960e77:82001 4 6,694y, + 1.659 In §, — 8.172¢14525C
Nonlinear  « = 0.338 + 0.093[n8; — 0.9986; — 0.050 In 6, — 0.0236, — 0.219y; + 0.0907, + 0.2198; + 0.3966,
model +0.030InG
fo = 0.204 + 0.001e10-34061 — 0,2321908% 4 0,030 In G + 0.073e~1%5280: + 009668, + 0.16755

BP neural k: net=newff(minmax(traininput),[i,1],{'tansig’,'logsig'}, 'trainlm’)
network o:net=newff(minmax(traininput),[i,1],{'tansig’, 'logsig'}, 'trainlm’)
model fo: net=newff(minmax(traininput),[i,1],{ tansig', 'logsig'}, trainim’)

The significance test of the predictive model independent variables was performed according to the
t-test. Based on test results in Table 4, the t-values of the multivariate linear model and the nonlinear
model are both greater than t0.05/2, indicating that the two independent predictive models have
significant effects on the infiltration parameters. This result is consistent with the Pearson correlation
test in 3.2.

Table 4. t-test for predicting model independent variables

Parameters Multiple linear model Nonlinear model o.052
0 -10.147 e~ 78206, 10.841
k Y0 -6.910 Y0 16.6036
02 4.177 w2 5.0287
G -2.146 e14-525G 3.3377
Inbr 4.5630
61 4.8552
0 -2.135 n6> 4.7604
6> -4.192 0> 4.8743
a V2 -1.438 71 2.8802
) 2.224 Y2 4.5008 1.96
02 4,306 01 3.2290
02 5.1310
InG 1.9936
6> -3.291 10-346, 2.3157
03 -3.973 1.0086, 11.8419
fo G 4.603 InG 3.9826
s 2.156 g~10.52805 4.7001
06 -3.252 04 3.3584
05 6.1606

The three models established by 344 sets of samples was tested for significance, that is, by the joint
F test, the corresponding F0.05 was obtained at a given significant level a (0=0.05). Calculate the F
value of the prediction model, compare the F value and F0.05, and discriminate the significance of the
prediction model. The test results are shown in Table 5. It show that the prediction results of the
infiltration parameters k, a, and f0 are significantly using the three models.
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Table 5. Significant test results of Pedo-transfer function

F value
Parameters Multiple linear model Foos Nonlinear model Foos netlivlz);llf 1r]rr1?)1del Foos
k 31.47 2.404 87.221 2.404 347.51 2.247
a 19.82 2.247 118.355 1.914 503.47 1.94
fo 38.31 2.247 205.528 2.132 862.25 1.94

3.3.2. Model Evaluation

(1) Effectiveness Analysis: Based on the independent variable significance test and the model
significance test, the forms of the three models are finally determined (Table 3). The respective
variable values are input into the model, and the fitted values of the infiltration parameters k, a, and 0
are obtained and compared with the measured values (Figure 2). The residual sum of squares (RSS),
the Pearson correlation coefficient (P-R), and the deterministic coefficient (R2) between the predicted

value and the measured value are shown in Table 6.
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Figure 2. The measured and the predicted values of samples
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Table 6. RSS, P-R and R values between the measured and predicted values
of the infiltration parameters of the sample

Parameters Multiple linear model Nonlinear model BP neural network model
RSS P-R R’ RSS P-R R? RSS P-R R
k 9.3481 0.8969 0.8045 5.0593 0.9755 0.9516 1.4744 0.9944  0.9888
a 20.5689  0.6814 0.4643 7.2065 0.8418 0.8869 1.0797 0.9777  0.9560
Jfo 7.4281 0.8124 0.8738 5.3721 0.9348 0.9036 0.00005 0.9992  0.9985

*RSS is the residual sum of squares, P-R is the Pearson correlation coefficient, R? is the deterministic coefficient.

The three models constructed can better predict the three infiltration parameters. When multivariate
linear model is used to predict the infiltration parameters of samples, the RSS value between the
measured value and the predicted value is 3.56896-20.34808, the P-R coefficient is 0.68139-0.87382,
and the R2 is 0.4643-0.87382. When using the nonlinear model to predict the infiltration parameters of
the samples, the RSS value between the measured value and the predicted value is 2.20654-5.05934,
the P-R coefficient is 0.9348-0.97553, and the R2 is 0.88695-0.95167. When the BP neural network
model is used to predict the infiltration parameters of the samples, the RSS value between the
measured value and the predicted value is 1.4744-0.0005, the P-R coefficient is 0.97775-0.99922, and
the R2 is 0.956-0.99845.

The prediction effect of the infiltration parameter fO of the sample by three methods (RSS value is
7.4218-0.0005, PR coefficient is 0.8124-0.99922, R2 is 0.87382-0.99845) is better than the infiltration
parameter k (RSS value is 1.4744-9.34808, PR The coefficient is 0.889698-0.99443, R2 is 0.80458-
0.98889), and is superior to the infiltration parameter o (RSS value is 1.07978-20.56896, PR
coefficient is 0.68139-0.94445, R2 is 0.4643-0.956). According to the analysis, in the initial stage of
infiltration, the infiltration process is greatly affected by various physical and chemical properties, and
as the infiltration process progresses, the physical and chemical properties also change. When the
infiltration parameter fO is measured, the infiltration process is in a stable phase that is consistent with
Rahmati results [39].

For the infiltration parameter k of the sample, the BP artificial neural network model has the lowest
RSS value (1.4744), the largest P-R value (0.99443), and the largest R2 (0.98889), and the fitting
effect is optimal. For the infiltration parameter a of the sample, the BP artificial neural network model
has the lowest RSS value (1.07978), P-R maximum (0.97775) and R2 maximum (0.956), and the
fitting effect is optimal. For the sample infiltration parameter fO, the BP artificial neural network
model has the lowest RSS value (0.0005), P-R maximum (0.99922) and R2 maximum (0.99845), and
the fitting effect is optimal.

(2) Result Error Analysis: In order to facilitate the analysis of the relative error of the prediction
results, the infiltration parameters are arranged in order from small to large. The relative error between
the predicted and measured values of each infiltration parameter is shown in Figure 3. The relative
error maximum, minimum and average values are shown in Table 7.

Table 7. Maximum value and the average value of the relative error between the measured value
and the predicted value of the infiltration parameter of the sample

Multiple linear model Nonlinear model BP neural network model
Parameters . . .
max min mean max min mean max min mean
k 0.392 0.001 0.152 0.301 0 0.071 0.243 0 0.036
a 0.394 0.013 0.175 0.372 0 0.096 0.197 0 0.056
fo 0.203  0.00029 0.155 0.248 0 0.076 0.176 0 0.013

When the infiltration parameter k is predicted by the multivariate linear model, 0.001 < REk<
0.392 and REkmean = 0.152. It can be seen from Figure 3 that as k value increases (0 < k < 3.5
cm/min), the error between the measured value and the predicted value increases. According to
statistics, when k>2.3 cm/min, the relative error is greater than 20%, accounting for 75.23%. When
using the nonlinear model to predict the infiltration parameter k, 0<REk<0.301, REkmean=0.071, the
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error between the measured value and the predicted value increases with the increase of the k value,
which is consistent with the linear model prediction result. When using the BP artificial neural network
model to predict the infiltration parameter k, 0 < REk< 0.392 and REkmean = 0.036.

When the infiltration parameter a is predicted by the multivariate linear model, 0.013< Rea <0.394
and Reamean = 0.175. When the infiltration parameter a is predicted by a multivariate nonlinear
model, 0< Rea <0.372 and REamean=0.096. When BP inductive neural network model was used to
predict the infiltration parameter o, 0< Rea <0.197 and Reamean = 0.056.
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Figure 3. The relative error of prediction results of infiltration parameters of samples

When the infiltration parameter fO is predicted by the multivariate linear model, 0.00029<RE
f0<0.203 and RE fOmean = 0.155. When the infiltration parameter f0 is predicted by a multivariate
nonlinear model, 0< RE f0 <0.248 and RE fOmean = 0.076. When the BP artificial neural network
model is used to predict the infiltration parameter f0, 0< RE f0 <0.176 and RE fOmean=0.013.

For the three methods, the multivariate linear model is a simple superposition of the influencing
factors, but cannot accurately reflect the influence of each factor on the whole. The forecast accuracy
is lower than the nonlinear model and the BP neural network model, but the physical meaning Clear
and easy to use. Compared with the multivariate linear model, the nonlinear model can reflect the
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nonlinear relationship between the independent variable and the infiltration parameter to a certain
extent. The physical meaning is clear, and the prediction accuracy is greatly improved compared with
the multivariate linear model. Compared with the former two models, the BP neural network model
has higher prediction accuracy and can accurately reflect the nonlinear relationship of various factors.

However, the model is complex in form and has high requirements on the user computer level.
Therefore, the BP artificial neural network model has poor generalization.

(3) Comprehensive Error Analysis: The obtained k, o, and fO values are substituted into the
Kostiakov-Lewis model, and the fitted value of 190 (cumulative infiltration amount in 90 min) is
obtained. The relative error of the 190 is obtained by comparing the predicted value with the measured
value (Table 8).

Table 8. Analysis of the predict results of 190 of the sample

Samples Measured Mult.iple linear model . Nonlinear model BP neural network model
Iso Predicted /9o RE Predicted oo RE Predicted Ioo RE
1 15.1070 13.3092 0.1190 14.8537 14.9128 0.01285
2 17.3600 17.9958 0.03662 16.9921 17.2641 0.005524
343 16.7500 16.3607 0.02324 16.9745 15.9062 0.05037
344 10.7120 11.1008 0.03629 10.4931 11.4339 0.06795
max — — 0.1549 — 0.1271 — 0.09842
min — — 0.00825 — 0.00001 — 0
mean — — 0.1105 — 0.09217 — 0.08005

It can be seen from Table 8 that the relative error of the multivariate linear model for predicting 190
is 0.00825< REI90 <0.1549 and RE I90mean = 0.1105. The relative error of 190 is predicted by the
multivariate nonlinear model 0.00001< REI90 <0.1271 and RE 190mean = 0.09217. The relative error
of 190 predicted by BP neural network model is 0< REI90 <0.09824 and RE [90mean = 0.08005. The
prediction accuracy of the three models is within the acceptable range, indicating that all three models
can achieve accurate prediction of 190.

4. Conclusions

(1) Soil infiltration parameters had great correlation of soil physical-chemical properties. The bulk
density of 0-10cm and sand content of 0-20cm had negative effect in parameter k. The water content of
0-10cm and the organic matter of 0-20cm had positive effect in parameter k. The water content of 0-
40cm, silt content and clay content of 0-20cm had negative effect in parameter a. The bulk density of
10-20cm and sand content of 0-40cm had positive effect in parameter a. The bulk density of 10-20cm
, water content of 0-40cm and silt content of 0-40cm had negative effect in parameter f0. The bulk
density of 20-40cm, sand content of 0-40cm and organic matter of 0-20cm had positive effect in
parameter fO. The organic matter content had great influence in soil infiltration properties.

(2) The multivariate nonlinear model has the advantages of simple form, clear physical meaning
and easy to use. Although the forecasting accuracy is lower than that of the BP artificial neural
network model, it has perfected the basic data for scientific researchers and laid a solid foundation for
the fragile ecological environment in the Loess Plateau.
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