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Abstract: Long-term and accurate predictions of regional groundwater hydrology are important for
maintaining environmental sustainability in arid agricultural areas that experience seasonal freezing
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and thawing where serious water-saving measurements are used. In this study, we firstly developed a
machine-learning method by integrating a multivariate time series controlled auto-regressive method

and the ridge regression method (CAR-RR) for water table depth modeling. We applied and

evaluated this model in the Hetao Irrigation District, located in northwest China where the
freezing-thawing period is five months long. To train and validate the model, we used monthly data
of water diversion, precipitation, evaporation and drainage from 1995 to 2013. The CAR-RR model
yielded more accurate results than the support vector regression (SVR) and multiple linear regression
(MLR) models did in the validation period. To extend the model applicability during
freezing-thawing periods, we included additional temperature information. We compared results

obtained using temperature only during the freezing-thawing period with results obtained without
temperature, which showed that the input data of the temperature during the freezing-thawing period
significantly improved the model accuracy. To resolve the problem of capturing the peaks and

troughs of CAR-RR, we further developed an integrated CAR-SVR model to consider the
nonlinearity. The optimal model (CAR-SVR) was then used to predict the water table depth under

future water-saving measurements. It demonstrated that water diversion was the most important
factor affecting the water table depth. A water table depth with less than 3.64 billion m3 water

diversion will result in risks of environment problems.
Key words: machine-learning method; integrated CAR-RR; CAR-SVR; seasonal freezing-thawing
area; water table depth.
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Introduction
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When using groundwater resource to support various human activities (Yoon et al., 2016),
groundwater overexploitation has occurred in many regions of the world and has caused serious
water-level decline (Rodell et al., 2009; Ebrahimi and Rajaee, 2017). Effective and efficient
groundwater management has become more and more important because of the ever-increasing
water demand to meet industrial, agricultural, and domestic needs (Suryanarayana et al., 2014).
Efficient management requires accurate and reliable prediction of groundwater dynamics, and one

important variable for characterizing groundwater dynamics is evolution of water table depth. Water
table depth predictions can be obtained using either physically based modeling approaches or
statistically based machine-learning approaches. In the past several decades, numerous physically
based groundwater models have been utilized to predict groundwater dynamics, including those

developed by using software such as MODFLOW (Coppola et al., 2003), FEFLOW (Feng et al.,

2011), HYDROGEOSPHERE (Brunner et al., 2012), Hydrus (Satchithanantham et al., 2014), and
Q3D (Zhu et al., 2012). Field applications of these models, however, are difficult because of the lack

of data to characterize the spatial heterogeneity of groundwater aquifers and temporal changes of

boundary conditions, especially at the regional scale; the computational cost of executing these
physically based models is also a significant concern (Raghavendra and Deka, 2014).
Machine-learning methods provide an alternative way to make groundwater predictions when
inadequate information is available or when forecasting efficiency is desired (Daliakopoulos et al.,
2005; Coppola et al., 2005; Shiri et al., 2013). Machine-learning models can reveal hidden patterns
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(e.g., nonlinearity and nonstationarity) of complicated hydrological systems based on available data,
and use these patterns to make predictions (Sahoo et al., 2017; Rezaie-Balf et al., 2017). A variety of
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models based on machine-learning methods have been developed for hydrological predictions,
including artificial neural network (ANN; Daliakopoulos et al., 2005; Kuo et al., 2007),
autoregressive models (Yang et al., 2009; Shirmohammadi et al., 2013), support vector machine
(SVM; Behzad et al., 2009; Yoon et al., 2011), and genetic algorithms (GA; Jha and Sahoo, 2015;
Ravansalar et al., 2017). Daliakopoulos et al. (2005), for example, developed an optimal ANN

architecture to simulate the decreasing trends of groundwater levels. Kuo et al. (2007) used ANN to
predict reservoir eutrophication. Yang et al. (2009) used the integrated time series (ITS) and
back-propagation ANN (BPANN) methods to forecast groundwater levels. Yoon et al. (2011) used
ANN and SVM to predict groundwater levels in a coastal aquifer. These previous works demonstrate
the capacity and applicability of machine-learning methods to capture the nonlinear relation between
the inputs and outputs of hydrologic systems. Machine-learning methods may achieve comparable or

even more accurate results than physically based models, with less computational cost and data

demand (Coulibaly et al., 2001; Coppola et al., 2003; Mohanty et al., 2013).
This study is focused on the use of machine-learning methods to predict water table depth in

agricultural areas where water table exhibits seasonality and temporal fluctuations resulting from the
impacts of climate, land uses, and irrigations (Knapp et al., 2003; Schoups et al., 2005; Shah et al.,
2009). Because water table depth is related to previous hydrologic conditions with possibly a large
time lag, water table dynamics cannot be predicted easily by many machine-learning methods
directly (Chen et al., 2002; Nayak et al., 2006). To handle historical data, the data should be
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pre-processed before being used by machine-learning models. Therefore, it is necessary to integrate a
pre-procession method (e.g., wavelet method) with the machine-learning methods (e.g., SVM and
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ANN) to develop hybrid machine-learning methods (Maheswaran and Khosa, 2013; Moosavi et al.,
2014; Ebrahimi and Rajaee, 2017). In these hybrid methods, wavelet analysis and singular spectrum
analysis are used to decompose nonstationary and nonlinear time series data into a set of simpler and
easier-to-model data, which makes the hybrid models adaptive and intuitive for handling time lags in
time-dependent data (Huang et al., 2014; Zhang et al., 2015; Sahoo et al., 2017). After decomposing
the data, the machine-learning methods can further be used for simulating and forecasting, which is
complicated.
Using multivariate time series is useful for simulating fluctuations in the dependent variables of a

hydrologic system, as groundwater dynamics are determined by multiple variables (Nourani et al.,

2008; Manzione et al., 2012; Russo and Lall, 2017). The controlled auto-regressive (CAR) method is
usually adopted to handle multivariate time series, and it can well describe time-dependent variables
and evaluate the importance of new observational data (Chang et al., 2008). Yao et al. (2014)

proposed a runoff CAR model to explore responses of runoff to climate change and human activities
for water resource management. Zhang et al. (2017) developed a CAR model for groundwater-level
prediction. The model failed for future prediction because of an overfitting problem, which was
caused by the multicollinearity of variables when a higher-order model with too many variables was
used.
In this study, we developed hybrid machine-learning models to simulate and predict the water

table depth in agricultural areas with a seasonal freezing and thawing period. We used the CAR
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model to handle multivariate time series for groundwater prediction. We firstly integrated the ridge
regression (RR) method with CAR to solve the problem of unstable and/or biased coefficient
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estimates caused by multicollinearity in regression analysis when significant correlations exist
among input variables. Another concern to develop the CAR-RR model was the capability of the
model to show the intrinsic relationship of the dependent variable with the independent variables,
which is convenient for application. The integrated CAR-RR model is trained and validated by the
monthly data obtained during the period from 1995 to 2013 in the Hetao Irrigation District. We
compared the results obtained from the CAR-RR model with those obtained using other
machine-learning models without data preprocessing, specifically speaking, support vector
regression (SVR) and multiple linear regression (MLR). Moreover, to improve the simulation
accuracy for freezing-thawing period, we considered temperature as an additional variable. We then

compared the simulated results that considered temperature only during the freezing-thawing period
and evaluated these results with those without temperature. In order to better capture the peaks and

troughs, we further integrated CAR with SVR, because the latter considers the nonlinearity between

water table depth and the input variables used by CAR. Since CAR-SVR outperforms CAR-RR, the

former was used to predict water table depth under nine scenarios with three different irrigation
water diversions and future precipitation.

Study area and observation data
Study area
The Hetao Irrigation District is located in the west of the Inner Mongolia Autonomous Region
(Figure 1). The district is located in an arid climate area, with an average annual precipitation of 152
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mm and an average annual evaporation of 2,400 mm (measured by using 20 cm-diameter
evaporation pans). The irrigation water in this district is mainly from the water diversion from
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Yellow River and precipitation. As shown in Figure 1, 227 groundwater observation wells are
distributed across the district, and the water table depth is measured every 5 days. Because of serious
water resource scarcity in northern China, a water-saving plan for the Hetao Irrigation District was
proposed in 1999, and the amount of water allocated to the irrigation district will be reduced from

4.60 billion m3 first to 4 billion m3 and finally to 3.64 billion m3. Furthermore, this district has more
than five months in its freezing-thawing period. The mechanisms governing the movement of
groundwater and soil water during the freezing-thawing period are substantially different from those
in the non-freezing-thawing period (Wei et al., 2016), which is controlled by temperature and
difficult to evaluate according to physically based models. Therefore, it is a significant challenge to
investigate the water table depth change under different water-saving measurements in this seasonal

freezing-thawing agricultural district.
Data description
The original data included the water diversion for irrigation, precipitation, evaporation,

temperature, water drainage, and water table depth from 1995 to 2013, as shown in Figure 2. We
used Student’s t-test to determine the important variables considering the significance of the
independent variables, while also eliminating the insignificant variables (Sahoo and Jha, 2013). The
precipitation and evaporation data are the monthly sum of the entire irrigation district and were
obtained from the Water Conservancy Data Compilation in the Hetao Irrigation District (1995–
2013). We used the evaporation other than evapotranspiration because there are no measurements for
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evapotranspiration in this area. The water diversion and water drainage data are the monthly amount
based on the water conservancy statistics for Bayannur City, which are measurements derived from
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the diversion sluice and surface drains as shown in Figure 1. The monthly average temperature data
are from the statistics of meteorological data in the Hetao Irrigation District (1995–2000) and the
China Meteorological Data Service Center (2000–2013). The water table depth data are the monthly
average value of all wells. Because these data vary widely in scales (units), as shown in Figure 2, we
standardized the original data in the calibration period to eliminate any errors caused by inconsistent

scales (units) of the features, as shown in Figure 2.
Data pre-processing
The correlation coefficients of the five independent variables (water diversion, x1; precipitation, x2;

evaporation, x3; water drainage, x4; temperature, x5) are quantified as shown in Table 1. The table

shows that the water drainage and evaporation are highly related to water diversion, and that the

evaporation is closely related to temperature.
Table 1 Correlation coefficients between independent variables.
x1

x2

x4

x3

x1

1.0000

x2

0.2361

1.0000

x3

0.5063

0.4409

1.0000

x4

0.5631

0.1061

0.2017

1.0000

x5

0.5888

0.6020

0.9252

0.2985

x5

1.0000

The condition index is used to quantify the multicollinearity among input variables, which is
calculated as follows (Demirhan, 2014):

  1 q

,
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(1)

where λ1 ≥ λ2 ≥ … ≥ λ5 are the eigenvalues of (X*)TX*; X* is a n × 5 matrix of the standardized input
variables x1, x2, x3, x4, and x5. The calculated largest κ value is 42.57, indicating strong
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multicollinearity among these input variables.

Methodologies
Machine-learning models

CAR model for multivariate time series
An m-order autoregressive time series model with q independent variables and one dependent

variable can be described by the following equations:
ys  βθ s   s ,
θ s  (ΓT , X1T , XT2 ,

Γ  (1, ys 1 , ys  2 ,
Xi  ( xi , s , xi , s 1 , xi , s  2 ,

, XTq )T

,

(3a)

, ys  m )T ,

(3b)

, xi , s  m )T , (i  1, 2,

β  (γ, χ1 , χ 2 ,

γ  (  0 , 1 ,  2 ,
χ i  (i ,0 , i ,1 , i ,2 ,

(2)

, χq ) ,

(3c)
(4a)

, m ) ,

, i , m ),(i  1, 2,

, q) ,

(4b)
, q) ,

(4c)

where ys is the dependent variable of the s-th month (the current time); m is the lag number; ys-m is
the dependent variable with the lag of m months; q is the number of independent variable; xi,s-m is the
i-th independent variable with the lag of m months; ys-m and xi,s-m are a pair of time series data; βm and
βi,m are unknown parameters; εs is the random variable; θs is a vector of known numbers and
variables; β is the vector of unknown parameters; Γ is the vector consisting of constant 1 and
variables of the dependent variable of different lags; and Xi is the vector of the i-th independent
variable with different lags. For Eq. (4), the unknowns are the vector β, consisting of γ (the
parameters of Γ) and χi (the parameters of Xi).
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RR model
The unknown parameters, β, of the previously given linear model can be estimated using the least
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square techniques. The equations for the estimate are as follows:
β  (WT W)1 WT Y ,

(5a)

W  (θn , θn 1 , θn  2 ,

, θm1 )T ,

(5b)

Y  ( yn , yn 1 , yn  2 ,

, ym1 )T ,

(5c)

where β̂ is the vector of estimated values of the unknown parameters; W is the matrix of θ; Y is the
vector of dependent variables in Eq. (2); and n is the number of observations (i.e., the number of
times).
The parameter estimates obtained by using Eq. (5a) are unbiased, that is, the expectation of β̂

(E(β̂ )) equals β. The term WTW is close to 0 when the correlation between the independent variables
is strong, which will cause a large error when calculating the inverse of WTW. The essence of the RR
model is to artificially add a non-negative factor to the main diagonal element of the matrix WTW.
The modified Eq. (5a) is
β  (WT W  kI)1 WT Y ,

(6)

where k is a ridge constant; I is the identity matrix. The obtained parameters by using Eq. (6) are
biased. The RR model can avoid overfitting problem by adding the non-negative factor, which

introduces a priori distribution on the model parameters.
MLR model
The MLR model is as follows (Makridakis et al., 2008; Sahoo and Jha, 2013):
ys  ηH   s ,
H  (1, x1 , x2 ,

, xq )T ,
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(7a)
(7b)

η  (0 , 1 , 2 ,

, q ) ,

(7c)

where ys is the dependent variable; xj (j=1, 2, …, q) represents the j-th independent variable; q is the
number of the independent variables; βj (j=0, 1, 2, …, q) is the j-th unknown parameter; and εs is the
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random variable that is normally distributed. For MLR, η is unknown, and H is known. The

unknown parameters, η = (β0, β1, β2, …, βq), can be estimated by applying the least-square technique
to minimize the sum of squares of the difference between the actual observations and the
corresponding model simulations (Makridakis et al., 2008).
SVR model
Building an SVR model requires selecting the support vectors and determining their weights

(Khan and Coulibaly, 2006; Behzad et al., 2010). The process of an SVR estimator (f) on regression
can be expressed as follows (Shiri et al., 2013):
f (υ)  u (υ)  b ,

(8)

where u is a weight vector; υ is the input vector; φ is a nonlinear transfer function mapping the input
space into a high-dimensional feature space; and b is a bias correction term. Eq. (8) is solved by
introducing an object function of convex optimization with ζ-insensitivity loss function (Vapnik,
1995), as follows:
min*

u , b , , 

N
1 2
u  C  (i  iN ), (C  0)
2
i 1

 yi  u (υi )  b    i

subject to u (υi )  b  yi    i* , (i  1, 2,

i , i*  0


,

(9)

, N)

where ξi and ξi* are slack variables penalizing the estimation error by the ζ-insensitivity loss function;
N is the number of support vectors; and C is a positive constant influencing the degree of penalizing
loss when a training error occurs. By minimizing the regularization term u2/2, we avoided
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underfitting and overfitting to train the data. We dealt with the optimization problem by constructing
a Lagrangian function from the primal objective function and by inducing the kernel function, as
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follows:
min*
 i , i

N
N
1 N
( i  i* )( j   *j ) K ( υi , υ j )    ( i  i* )   yi ( i  i* )

2 i , j 1
i 1
i 1

N
*
 ( i  i )  0
subject to  i 1
 0   , *  C
i
i


,

(10)

N

to obtain f ( υ)   ( i  i* ) K ( υi , υ j )  b
i 1

where σi and σi* are Lagrangian multipliers; K(υi, υj) is the kernel function which can be a linear

function, polynomial function, radial basis function, or sigmoid function.
Integrated CAR-RR and CAR-SVR models
Figure 3 is the flow chart of the integrated CAR-RR and CAR-SVR models. First, all standardized

independent variables are imported to the CAR model. When developing the CAR-RR model, the
vector of unknown parameters β is then obtained by the RR model as shown in Eq. (6). While

developing the CAR-SVR model, the vector θs determined by the CAR model are imported to the
SVR model as the input vector υ. And then the Eq. (8) are solved by Eq. (9) and Eq. (10). The order

of the CAR-RR (CAR-SVR) model is determined by the F test. The F test of the m and m +1 order
CAR-RR (CAR-SVR) model is defined as follows (Tang, 2010):
F

RSSm  RSSm 1
d m 1

~ F (d m  d m 1 , dm 1 ) ,
RSSm 1
dm  dm 1

(11)

where RSS is the residual sum of squares of the CAR-RR (CAR-SVR) model; d is the model’s
freedom degree; and α is the confidence level, generally α = 0.05. If F < Fα(dm-dm+1, dm+1), it means
that the m-order model is the appropriated one. Otherwise, the model with m + 1 order needs to be
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developed. After determining the model order, we carried out Student’s t-test to consider the
significance of the independent variables of the CAR-RR model, and then to eliminate the
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insignificant independent variables. We again solved the model without insignificant independent
variables to obtain the new parameter estimates of the CAR-RR model, as shown in Figure 3(a).

Model evaluation and test

Model evaluation metrics
To evaluate the simulation accuracy of the previous models and the deviation between simulated

and observed values, three statistical metrics, including coefficient of multiple determination R2, root
mean square error (RMSE), and Akaike information criterion (AIC), are defined as follows:
nu

R2 

(y
i 1
nu

i

 y)2

 ( yi  y)2

,

(12)

i 1

nu

(y

i

 yi )2

,

(13)

AIC  2  I  2  NP ,

(14a)

RMSE 

I 

i 1

nu

nu
RSS
 [ln(2   )  ln(
)  1] ,
2
nu

(14b)

where yi is the observed value of the dependent variable; y̅ is the mean of the observed values of the
dependent variable; ŷi is the estimated or predicted value of yi; nu is the number of measurements in
the evaluation period; I is the log likelihood; NP is the number of parameters estimated; and RSS is
the residual sum of squares. The R2 value close to 1.0, and the RMSE value close to 0 show the
accuracy of the model. The relative smaller AIC value indicates the modeling results are more
accurate.
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Residual normality test
Because the previous linear regression equations assume that the residual term follows the normal
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distribution, a normality test on the residuals is necessary. We conducted the normality test using the
Lilliefors test, in which we used the sample mean and variance without knowing the population mean
and variance of the residuals. This Lilliefors test requires the evaluation of two test statistics, D and
the p-value (Lilliefors, 1967; Wang et al., 2016). When D was closer to 0 and the p-value as larger

than the significance level α (usually with the value of 0.05), the residual of the sample data was
closer to normal distribution, which qualified the model assumption.
Model application
We used data from the Hetao Irrigation District for the period from 1995 to 2005 for model

calibration, and used data for the period from 2006 to 2013 for model validation. Given the policy of
reducing the water diversion from the Yellow River, we considered three scenarios of water diversion

in the prediction, marked as W1 (with the current water diversion of 4.60 billion m3), W2 (4.00
billion m3), and W3 (3.64 billion m3). Because water drainage is highly related to water diversion as
shown in Table 1, we set the water drainages as 0.3 billion m3, 0.15 billion m3, 0.05 billion m3 under

the W1, W2 and W3 scenarios. We considered three different levels of precipitation assurance
representing rainy, medium and drought hydrological years (25%, P1; 50%, P2; 75%, P3). Because
the evaporation in the Hetao Irrigation District is relatively stable annually as shown in Figure 2, we
used the average evaporation from the data set from 1995 to 2013. Therefore, the nine prediction
scenarios composed of different water diversion and precipitation assurance levels are marked as S1
(P1W1), S2 (P2W1), S3 (P3W1), S4 (P1W2), S5 (P2W2), S6 (P3W2), S7 (P1W3), S8 (P2W3), and
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S9 (P3W3).

Results and discussion
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We established the CAR-RR model to simulate the variation of the water table depth, and
compared the results with those from MLR, SVR, and the traditional CAR models. We imported the
temperature during the freezing-thawing period into the CAR-RR model to improve the simulation
results, marked as CAR-RR(FT). We discussed limitations of the CAR-RR(FT) model and improved
the model to consider the nonlinearity of variables by integrating the CAR with SVR, and used the
optimal CAR-SVR(FT) model to predict variations in the water table depth according to the future
water-saving policy.
Results of the CAR-RR model
The model order was m = 2, according to F test when we developed the CAR-RR model. We

then selected the model parameters according to Student’s t-test. Because the temperature variable

(x5) cannot pass the Student’s t-test, the CAR-RR model has only four input variables. The variables
and parameters are listed in Table 2. Note that the observed water table depth data from lag time are
used in the calibration period to obtain the parameters, whereas the predicted data are used in the

validation and prediction periods. We compared the calculated water table depths of the CAR-RR
model in the calibration and validation periods with the observations, as shown in Figure 4. The
evaluation statistics, R2, RMSE and AIC were 0.9489, 0.0886 m, and -238.3, respectively, in the
calibration period, and 0.8230, 0.1896 m, and -23.8, respectively, in the validation period, which

demonstrated the satisfactory performance of the developed model. The results of the Lilliefors test
were D = 0.0462, p-value = 0.7107, which showed the effectiveness of the integrated CAR-RR

This article is protected by copyright. All rights reserved
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model.
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Table 2 The simulated equations.
Simulated method

Simulated form

Variables

Values of parameters
r  (1.641,5.484 101 , 3.180 101 );

4

CAR-RR

ys  βθ s  rΓ   χ i Xi
i 1

Γ  (1, ys 1 , ys  2 )T
Xi  ( xi , s , xi , s 1 , xi , s  2 )T

χ1  (2.041103 , 1.490 103 , 0);
χ 2  (2.123 103 , 1.875 103 , 0);
χ 3  (3.874 104 , 0, 2.066 103 );
χ 4  (4.420 102 , 7.145 103 , 1.629 102 )

MLR

ys  ηH

H  (1, x1 , x2 , x3 , x4 )T

η  (2.081,1.675 103 , 3.013 104 ,0, 8.282 101 )

γ  (1.051101 ,1.232, 7.123  101 , 2.708  101 , 2.106  101 );
4

CAR

ys  rΓ   χ i Xi
i 1

Γ  (1, ys 1 , ys  2 , ys 3 , ys  4 )T
Xi  ( xi , s , xi , s 1 , xi , s  2 , xi , s 3 , xi , s  4 )T

χ1  (2.778 103 , 1.122 103 ,9.233 104 ,9.679 104 ,1.015  103 );
χ 2  (2.448 103 , 0,5.846 104 ,3.584 104 ,9.503  104 );
χ 3  (0,8.857  104 ,1.938  103 , 1.529 103 , 0);
χ 4  (3.546 102 , 2.326 102 , 1.160 102 , 0, 2.724 102 )

γ  (1.064,5.463 101 , 0, 9.149 10 2 );
χ1  (1.719  103 , 2.690 103 , 0, 0);
5

CAR-RR(FT)

ys  rΓ   χ i Xi
i 1

Γ  (1, ys 1 , ys  2 , ys 3 )T

χ 2  (0, 2.030 103 , 0, 0);

Xi  ( xi , s , xi , s 1 , xi , s  2 , xi , s 3 )T

χ 3  (0, 0,1.865 103 , 0);
χ 4  (3.429  102 , 0, 0, 0);
χ 5  (0, 1.814 102 , 0, 0)
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Model comparison results
We developed the machine-learning models based on MLR, SVR and traditional CAR for water
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table depth prediction with input variables of water diversion, precipitation, evaporation, and water
drainage. To ensure consistency of the input data with data used by CAR-RR model, we did not
include temperature data. The MLR and CAR models are listed in Table 2. We used the ε-SVR model
in the study. We selected the best kernel function and parameters by using a tuning function. We
obtained the SVR model using the svm function. The kernel function was RBF, and the penalty
coefficient C was 10, gamma was 0.5, and the accuracy of the iterative computation ε was 0.01.
The comparison results between the measured and simulated water table depth in the calibration

and validation periods by various machine-learning methods are displayed in Figure 4. We compared
the performance of CAR-RR, CAR, MLR, and SVR using relative error distribution and the

evaluation indicators. SVR was the best model in the calibration period with 94% of the relative
errors less than 10%, and the corresponding value was 92% for CAR-RR, 91% for CAR, and 57%

for MLR. The CAR-RR model was the best model in the validation period, however, with 73% of the
relative errors less than 10%, and the corresponding value was 57% for SVR, 56% for CAR, and 51%
for MLR. The MLR model performed the worst in the calibration and validation periods. The
evaluation statistics (R2, RMSE, and AIC) of the four models showed that the CAR model (R2 =
0.9559, RMSE = 0.0815 m, AIC = -237.7) and the SVR model (R2 = 0.9494, RMSE = 0.0872 m, AIC
= -260.6) were slightly better than the CAR-RR model (R2 = 0.9489, RMSE = 0.0886 m, AIC =
-238.3) in the calibration period, and the MLR model (R2 = 0.7185, RMSE = 0.2049 m, AIC = -37.0)
had the worst performance. The CAR-RR model (R2 = 0.8230, RMSE = 0.1896 m, AIC = -23.8)
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yielded better results in the validation period, followed first by the SVR model (R2 = 0.7067, RMSE =
0.2074 m, AIC = -20.6), then by the CAR model (R2 = 0.8482, RMSE = 0.2182 m, AIC = 21.1) and
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last by the MLR model (R2 = 0.6149, RMSE = 0.2553 m, AIC = 17.3). In summary, the CAR-RR
model was considered to be a reasonable model for predicting water table depth.
Improvement of the CAR-RR model during the freezing-thawing period
The Hetao Irrigation District, experiences little precipitation and no water diversion during the

freezing-thawing period (Yang et al., 2017). During the freezing period, the upper-layer soil water is
frozen at negative temperatures, which leads to a sharp decrease in the matric potential in the soil
zone, causing the groundwater migration to the upper frozen soil. When the temperature rises, the
frozen ice in the soil melts from both the upper and lower directions to the middle, and the melting
water recharges the groundwater (Li et al., 2012). Therefore, temperature is the major concern to
control the water table depth during the freezing-thawing period. We did not consider it as an input

variable when developing the CAR-RR model in the section titled Results of the CAR-RR model

because it cannot pass Student’s t-test. Considering the physical mechanism, we used the temperature

only during the freezing-thawing period as an input variable, and set it as 0 during the remainder of
the time. We developed the new CAR-RR model (marked as CAR-RR(FT)) according to the model
development procedure in the section titled Machine-leaning models with the pre-processed
temperature data. In this case, all five variables passed Student’s t-test. The order of CAR-RR(FT)

model was m = 3, as suggested by the F test. We selected the model parameters according to
Student’s t-test as shown in Table 2.
The simulation results of the CAR-RR model and CAR-RR(FT) model are shown in Figure 4.
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Figure 4(a) shows that the CAR-RR(FT) model had a better performance during the
freezing-thawing period and captured the peaks of the water table depth satisfactorily. The evaluation
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statistics (R2, RMSE, and AIC) of the two models during the freezing-thawing period and throughout
the whole simulation period are given in Figures 4(b), 4(c), 4(g), 4(h), and 4(l)-4(o). During the
freezing-thawing period, the RMSE and AIC of the CAR-RR(FT) model were reduced by 0.0820 m
and 46.0 in comparison with those of the CAR-RR model and the R2 increased by 0.1453 in the

validation period. When considering the results for the entire simulation period, the R2, RMSE, and

AIC values were 0.8710, 0.1516 m, and -72.7 for the CAR-RR(FT) model, and 0.8230, 0.1896 m,
and -23.8 for the CAR-RR model. These results demonstrated the better performance of the
CAR-RR(FT) model, indicating that using the temperature during the freezing-thawing period
improved the accuracy of the CAR-RR model. This is physically reasonable. Therefore, we used the

temperature data during the freezing-thawing period later to predict the water table depth in the
Hetao Irrigation District under water-saving scenarios.

Comparison of CAR-RR and CAR-SVR
When developing the machine-learning models, we observed that it is difficult for the CAR-RR

and CAR-RR(FT) models to capture the peaks and troughs, especially in the validation period, as
shown in Figure 4. We found that the SVR model outperforms the CAR models in terms of capturing
the peaks and troughs. Generally speaking, for the hysteresis characteristics exhibited in the time
series and the nonlinearity between the water table depth and independent variables, the CAR model
considers the hysteresis characteristics, and the SVR model addresses the nonlinearity. This is shown

in Figure 4, in which CAR-RR outperforms SVR because the hysteresis characteristics had a greater
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impact on the simulation, while considering the nonlinearity improved the SVR simulation accuracy
for peaks and troughs. Based on these results, we developed the CAR-SVR model for simulating
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water table depth. The CAR-SVR model also uses the five independent variables used by CAR-RR
with temperature as an additional variable during the freezing-thawing period. This model is denoted
as CAR-SVR(FT). The results of using CAR-RR(FT) and CAR-SVR(FT) for simulating water table

depth are shown in Figure 5. For the results of the entire simulation period, the R2, RMSE, and AIC
values were 0.9553, 0.0706 m and -147.6, respectively, for the CAR-SVR(FT) model, and 0.8710,

0.1516 m, and -72.7, respectively, for the CAR-RR(FT) model. In summary, the CAR-SVR(FT)

model obtained better results at the peaks and troughs than the CAR-RR(FT) models. The

CAR-RR(FT) model obtained smaller peaks and troughs than the true values due to its intrinsic
linearity while it can be used for prediction as a trade-off for model complexity and accuracy, since it

can show the clear relationship between the dependent and independent variables.
Another concern is that the model ignored important variables as unrelated factors when learning

data, as noted in the section titled Results of the CAR-RR model. Additionally, it is not true that the
more the data, the better the model performance. The data should be pre-processed by considering
physical background, which can ensure that predictions are more closely approximated to true value.
Variation of the water table depth under the water-saving policy
The improved model CAR-SVR(FT) can provide more accurate results of peaks and troughs

when both strong nonlinearity of variables and hysteresis characteristics in time series exist, which
was then used in prediction in this study. The predicted monthly water table depth by the
CAR-SVR(FT) model under different levels of precipitation assurance with the same water diversion
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and different water diversion conditions with a 50% level of precipitation assurance are shown in
Figures 6(a) and 6(b). The precipitation showed very slight impacts on the water table depth
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prediction results as shown in Figure 6(a), whereas water diversion showed much stronger impacts.
The annual average water table depth and the maximum and minimum monthly water table depth for
the crop growth period for the nine scenarios are illustrated in Figures 6(c)-6(e). The results showed
that S9 resulted in a maximum average water table depth of 2.167 m. The water table depth was
shallowest under S1 with a depth of 1.894 m, which was 0.078 m deeper than the current level. The
descending order of the water table depth for the nine scenarios was as follows: S9 > S8 > S7> S6 >

S5 > S4 > S3 > S2 > S1, which demonstrated that the water diversion was the most important factor
to influence the water table depth in this area. Under a 50% level of precipitation assurance, the

average water table depth under current water diversion was 1.816 m, which was 2.060 m with the 4
billion m3 water diversion and increased to 2.143 m with the 3.64 billion m3 water diversion. The
water table depth in the crop growth period (from May to September) under current water diversion
was 1.433-2.103 m. It was 1.690-2.394 m with 4 billion m3 water diversion, and 1.769-2.482 m with

3.64 billion m3 water diversion. Through the test-pit experiment, the suitable water table depth of

natural vegetation and crop was 1.5-1.8 m (Wang et al., 1993). When the water diversion was 3.64
billion m3, the water table depth was much deeper than the suitable depth, which may cause
environmental problems and crop production reduction. The discrepancy of the minimum water table

depth obtained from the CAR-SVR model and CAR-RR model ranged from -0.001m to 0.011m, and
the discrepancy of average water table depth ranged from 0.06 m to 0.129 m, and the discrepancy of
maximum water table depth ranged from 0.188 m to 0.311 m.
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Conclusion
In this paper, we developed two new machine-learning models (CAR-RR and CAR-SVR) to
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simulate and predict the water table depth in arid agricultural areas that experience seasonal freezing
and thawing with a planned water saving policy. Our work leads to the following major conclusions:
(1) The CAR-RR model outperforms the other machine-learning models, including, SVR and

MLR, because CAR-RR considered the hysteresis characteristics in time series.
(2) The CAR-RR(FT) model had a better performance both during the freezing-thawing period

and throughout the entire simulation period, when it considered temperature as an input data during
the freezing-thawing period.
(3) The CAR-RR model failed to capture the peaks and troughs because of the model’s intrinsic

linearity. This problem can be resolved by integrating CAR with SVR model, which considers the

nonlinearity between water table depth and input variables.
(4) The CAR-SVR(FT) model was used for water table depth prediction under future changing

conditions. The prediction results showed that environmental problems and crop production
reduction may be resulted when water diversion is 3.64 billion m3.
(5) When using the machine-learning methods, the data should be preprocessed by considering

physical background.
(6) The CAR-RR can show clear relationship between the dependent and independent variables.

The model can be used for prediction as a trade-off for model complexity and accuracy.
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Figure Captions
Figure 1. Study area and the groundwater observation wells.
Figure 2. Time serious of monthly measurements and standardized variables of (a) water diversion,

(b) precipitation, (c) evaporation, (d) water drainage, (e) temperature, and (f) water table depth.
Figure 3. The flow chart of the CAR-RR and CAR-SVR models.
Figure 4. The comparison results of simulated and measured water table depth in the calibration and
validation periods.
Figure 5. The comparison results of calculated and simulated water table depths by the CAR-RR(FT)
and the CAR-SVR(FT) models.
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Figure 6. The monthly water table depth under different (a) levels of precipitation assurance with the
same water diversion and (b) water diversion conditions with a 50% level of precipitation assurance;
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(c) the mean, (d) maximum, and (e) minimum variation of water table depth under the nine
scenarios.
Notes: * represents the whole year; ** is the crop growth period.
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