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Abstract: Water security in the ecotone between semi-humid and semi-arid regions (EHA) is very
vulnerable and sensitive to climate change and human interferences. Urban turf irrigation is a
primary consumer of urban water resources in the EHA, which places huge pressures on water
security by substantial irrigated water use due to the expansion of urban turf planting. Based on
a 2-year (2020–2021) turf experiment in Zhangjiakou City, a typical water-deficit city in the EHA
of northern China, the water budget for turf was measured and analyzed. Furthermore, the Root
Zone Water Quality Model (RZWQM2) was employed to evaluate the optimal irrigation scheme for
turf. The results showed that the average volumetric water content in the 0–40 cm soil layer was
maintained above 23% in 2020–2021. The evapotranspiration in growth period of turf accounted for
more than 70% of the annual evapotranspiration, and the deep seepage in turf soil accounted for
49.67% and 60.28% of the total precipitation and irrigation in 2020 and 2021, respectively, during
the vigorous growth period of the turf from May to September. The calibrated RZWQM2 showed a
robust ability to simulate the water changes in turf. The d-values (consistency index) between the
simulated and observed volumetric water contents and evapotranspiration were both greater than
0.90. In the aspects of irrigation scenarios, the T60%-12 scenario (TA-B, where A is 100%, 80%, 60% or
40% of the total irrigation amount and B is the number of irrigation events corresponding to A) was
determined as the best irrigation schedule in our study area because of lower evapotranspiration,
seepage and higher turf soil water storage under this irrigation scenario, also resulting from the
comparison of different irrigation scenarios using the entropy-weight-TOPSIS method. In such an
optimal scenario, T60%-12 irrigation treatment reduced the irrigated water requirement of turf by 40%
(142.06 mm) and the seepage amount by 28.07% (39.05 mm), and had the lowest negative impacts on
the turf growth.

Keywords: RZWQM2; urban turf; applicability; irrigation schedule

1. Introduction

Water shortage is a main factor restricting China’s economic and social development
and ecological conservation. China’s water resources are only 2876.12 billion m3, accounting
for 5.1% of the world’s water resources; additionally, China’s per capita available water
resource is only 1/4 of the world’s total [1]. Furthermore, China’s urbanization rate
increased from 17.9% to 58.5% from 1978 to 2017, resulting in a sharp increase in per capita
daily water consumption with a significant increase from 117 L/day to 221 L/day that
period [2].
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The area of China’s urban turf planting increased from 1.3 million ha in 2006 to
3.2 million ha in 2019, an increase of 141.67%. Taking Zhangjiakou City of northern China
as a case, the urbanization development has unprecedentedly accelerated in the past two
decade, and the rate of urban greening increased from 25% in 1996 to 38% in 2017. The
turf planting region in some cities and counties of northern China increased by at most
1.76 million m2 annually [3]. With the rapid expansion of urban turf planting, water
resources are severely overused due to the excessive turf irrigation and unreasonable turf
management systems, especially in water-deficit cities in northern China. As a result,
the storage of water resources has been neglected, which severely threatens urban water
security [4]. Zhangjiakou City is located in the semi-humid and semiarid region in northern
China, with a multi-year average water resource of 1.54 billion m3 and a per capita rate
of only 347 m3 available water, far less than 1/5 of the national level. Hence, for such a
typical water-deficit region in northern China [5], it is critical to examine turf water-saving
irrigation to improve the utilization of urban water resources in response to the growing
pressures on urban water shortages.

An optimal turf irrigation schedule can achieve efficient irrigation water use by adjust-
ing irrigated water to reduce evapotranspiration and seepage [6,7]. The key to an optimal
turf irrigation schedule is appropriately allocating the amount of irrigation, irrigation
quotas and the number of irrigation cycles over the turf growing period [8]. Therefore, a
reasonable turf irrigation schedule not only improves the efficiency of urban water-saving,
but also maximizes economic benefits. In the traditional irrigation system, field experiments
are widely used to assess the changes of water consumption and volumetric water content
to determine the optimal irrigation quota and amount, which requires a long experimental
period and faces many unpredictable experimental impacts. Specific model-based methods
can overcome these drawbacks and effectively simulate water dynamics.

The root zone water quality model (RZWQM2) has become a promising tool for agri-
cultural water management since its inception in 1992 [9] and has been applied to optimize
field management practices for crop growth under different irrigation conditions [10].
RZWQM2 has performed well in simulating crop growth and volumetric water content
(VWC) under different irrigation conditions [11]. RZWQM2 has been widely adopted in
many studies on crop growth [12–14], and it can simulate pesticide residues [15], nitrogen
fertilizer uptake [16], crop growth processes [17], crop transpiration processes [18] and
crop water use efficiency [19]. RZWQM2 was calibrated and validated using winter wheat
growth data from 2015 to 2019 [20]. Field trials have disadvantages such as long lead times
and complicated repeatability [21], but RZWQM2 can address these disadvantages [22],
and hence the model has become a powerful tool for agricultural research; in addition, it
has been widely used in different fields, such as irrigation management optimization, crop
growth simulation, crop yield prediction and environmental evaluation [10].

In this study, 16 turf irrigation scenarios were designed and applied in RZWQM2
to explore optimal irrigation water amount and frequency. Meteorological data from
2000–2021 were used to drive RZWQM2. The main objectives of this study are to (1) analyze
the applicability of RZWQM2 in simulating turf water consumption, (2) investigate the
response of soil water storage, evapotranspiration variations and water seepage change
under different irrigation schedules, and (3) explore the optimal irrigation schedule for
urban turf in arid areas.

2. Materials and Methods
2.1. Experimental Site

This experiment site is at the Hebei University of Architecture, Zhangjiakou City
(40◦45′ N, 114◦54′ E), and the study periods cover the turf growing season in 2020 and 2021.
The experiment site is located in the arid and semiarid regions of northern China, with an
annual average precipitation of 401.3 mm (1960 to 2016). In the turf growing season in 2020
and 2021, the total precipitation was 444.09 mm and 342.72 mm (Figure 1), respectively.
The experiment plot utilized the Poa pratensis turf species, which is commonly used in the
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northern region. The soil texture of this experiment region was homogeneous sandy loam
with a soil pH value of 8.51, fast-acting potassium of 74 mg/kg, fast-acting phosphorus of
5 mg/kg, and organic matter of 7.8 g/kg, while the contents of cations (including Na+, K+,
Mg2+, and Ca2+) in the soil were 46, 8, 10, and 98 mg/kg, respectively, and the contents
of anions (including F−, Cl−, and NO3−) were 8, 22, and 19 mg/kg, respectively. The soil
conductivity was 131 µs/cm.

Figure 1. Precipitation, maximum (Tmax) and minimum (Tmin) air temperature in the experimental
field (2020 and 2021, the datasets were from the HOBOU-30 meteorological station).

2.2. Information on Turf Management

The turf species Poa pratensis was planted in June 2019. It is commonly planted
in northern regions. The plot size was 0.8 m × 0.8 m, and a large weighing lysimeter
was installed at the bottom of the plot, which consists of a 0.8 m × 0.8 m × 1.2 m iron
box (Figure 2). Total irrigation volume was 23.4 mm and 203.7 mm in 2020 and 2021,
respectively. The low amount of irrigation in 2020 was mainly due to high rainfall and
frequent precipitation during the turf growing season in 2020, and hence only two irrigation
events were used. Fertilizers were applied twice in 2020–2021, both with “compound
fertilizers”. At the same time, turf management such as mowing, weed removal and
fertilization were regularly carried out on the turf in the test plot.

Figure 2. Above-ground part and underground part of turf field experiment. ((a) represents the
above-ground part of the lysimeter; (b) represents the structure diagram of the lysimeter).
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2.3. Data Collection
2.3.1. Meteorological Data

The meteorological data during the turf growth period were measured by a Hobo mini-
weather station installed in this experiment site and included daily maximum and minimum
temperature (◦C), daily average temperature (◦C), precipitation (mm), relative humidity
(%), wind speed (m/s) and sunshine hours (h). The daily radiation was determined by an
integrated module based on the Penman-Monteith method [23]. A long-term historical
meteorological data (2000–2021) covering the study region was gained from the China
Meteorological Data Service Center (http://data.cma.cn, accessed on 10 September 2022).

2.3.2. Soil Data

The soil data included soil texture parameters, soil bulk density, field capacity water
content, saturated hydraulic conductivity and volumetric water content for each soil layer.
The initial soil data included the initial soil temperature and volumetric water content
for each soil layer. The volumetric water content of each soil layer was measured by
Insentek-sensors [24], which record the data every 1 h. The soil water content monitoring
in this study was performed using Insentek-sensors, which can monitor the change of soil
at depths of 0–120 cm at 10-cm intervals. At the same time, the sensor was calibrated and
tested for stability when the test equipment was installed, and the collected daily scale data
was processed with hourly average data to eliminate the error in the data. In this study, the
data in the 20 cm, 40 cm, 60 cm and 80 cm soil layers were selected for analyses.

2.3.3. Experimental Management

The turf data include turf species, planting date, planting density, tillage method,
fertilizer application date, irrigation amount and irrigation date, mowing date, mowing
height and stubble height, all relevant turf measurement parameters.

2.4. RZWQM2 Description

Developed by the USDA Agricultural Research Service, RZWQM2 is an agricultural
system model that integrates biological, physical and chemical processes as a whole [25,26],
including the physical, chemical, pesticide, nutrient, crop growth and crop management
modules, which interact and influence each other [10,27]. RZWQM2 can provide accu-
rate simulations of water and fertilizer transport during agricultural production, crop
responses to changes of soil moisture, and pesticide transport processes in the process of
crop growth [28–30]. After calibration, the model can accurately simulate crop growth and
development, volumetric water content, and crop evapotranspiration at a daily scale [31].
Therefore, the model can also provide more accurate irrigation decisions for different
irrigation measures [32].

Based on the requirements of RZWQM2, databases of local meteorological data, turf
data, soil data, turf management data and other turf parameters were established. This
study was based on field observations and model simulation using default parameters in
2020 and 2021, and the model parameters were calibrated using a “trial and error” approach
due to the small number of calibration parameters required for this study. Only soil physical
parameters and volumetric water content were calibrated in this model, and the calibration
results are shown in Table 1. In this experimental study, the main physical parameters
of the model (Table 1) were calibrated based on the actual soil type and validated by the
monitored soil water content. Therefore, the soil physical parameters were chosen to
calibrate the model default parameters.

http://data.cma.cn
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Table 1. Main physical parameters of different soil depth in the experimental site.

Soil Depth
(cm)

Soil Texture (%) Bulk Density
(g·cm−3)

Saturated Hydraulic
Conductivity

(cm·h−1)

Field Capacity
Water Content

(cm3·cm−3)Sand Silt Clay

20 31.5 48.7 19.8 1.457 3.32 0.3435
40 31.2 47.5 21.3 1.414 2.16 0.3506
60 29.0 52.5 18.5 1.409 1.35 0.3534
80 20.0 65.0 15.0 1.322 0.68 0.3555

2.5. Model Performance Criteria and Calculations

The evaluation indicators of model simulation were utilized in the study region [33,34],
including Root Mean Relative Error (RMSE), Mean Relative Error (MRE) and consistency
index (d). These statistical criteria are defined as follows:

RMSE =

√
1
n ∑n

i=1(Pi −Qi)
2 (1)

MRE =
1
N ∑N

i=1

∣∣∣∣Pi −Qi
Qi

∣∣∣∣× 100% (2)

d = 1−
[

∑n
i=1(Pi −Qi)

2

∑n
i=1
(∣∣Pi −Qavg

∣∣+ ∣∣Qi −Qavg
∣∣)2

]
(3)

where Pi is the ith simulated value; Qi is the ith measured value, Qavg is the average
measured value; and n is the number of data.

The smaller the RMSE value, the better the simulated value fits the measured value
and the better the simulation result [35]. The smaller the value of MRE, the more standard
the simulation results are [36]. The consistency index d value lies between 0 and 1. The
closer the d value is to 1, the better the consistency between the measured and simulated
values [37].

2.6. Simulation Schedule Design

This study is based on the principles of water balance, the difference between water
income and expenditure at a given moment and in a given soil layer, which is a calculation
of farm water income, expenditure and storage [38,39]. As the main basis for determining
irrigation time and volume, it can respond to soil moisture changes [40], which is defined
by the following equation.

∆W = (P + I + M)− (E + T + R + D) (4)

where ∆W is the amount of volumetric water content change (mm); P is the amount of
precipitation (mm); I is the amount of irrigation (mm); M is the amount of groundwater
recharge (mm); E is the amount of soil evaporation (mm); T is plant transpiration (mm); R
is surface runoff; D is soil water seepage (the depth of the lysimeter box was 1.2 m).

The sum of soil evaporation and plant transpiration is E + T = ET, which is the total
evapotranspiration. Since the terrain in this study region is flat and the surface runoff is
not considered, while the water table is deep. Therefore, groundwater recharge is also not
considered, so the equation can be simplified as:

∆W = (P + I)− (ET + D) (5)

The design of the irrigation regime in this study RZWQM2 is based on the potential
evapotranspiration (ET0), which is calculated by the following equation:

I = ET0 − P (6)
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where ET0 is then calculated from the FAO Penman–Monteith method.
A total of 16 different irrigation scenarios (T100%-12 to T40%-21) were set, and four

irrigation frequencies (12, 15, 18, 21) were identified based on four irrigation ceilings (100%,
80%, 60%, 40%) and four calculated irrigation quotas (355.14 mm, 284.11 mm, 213.08 mm,
142.07 mm), setting irrigation dates based on the precipitation variation in the region
(Table 2). For example, the T100%-12 means the upper limit of irrigation is 100% and the
number of irrigation events is 12.

Table 2. Schedules of different irrigation systems for turf.

Irrigation
Scenarios

Irrigation
Cap/%

Irrigation
Quotas/mm

Number of
Irrigations

Sub-Irrigation
Volume/mm

T100%-12

100%

355.14 12 29.60
T100%-15 355.14 15 23.68
T100%-18 355.14 18 19.73
T100%-21 355.14 21 16.91

T80%-12

80%

284.11 12 23.68
T80%-15 284.11 15 18.94
T80%-18 284.11 18 15.78
T80%-21 284.11 21 13.53

T60%-12

60%

213.08 12 17.76
T60%-15 213.08 15 14.21
T60%-18 213.08 18 11.84
T60%-21 213.08 21 10.15

T40%-12

40%

142.07 12 9.47
T40%-15 142.07 15 7.58
T40%-18 142.07 18 6.31
T40%-21 142.07 21 5.41

2.7. Construction of Irrigation Evaluation Index System
2.7.1. Evaluation Indicators and Methods

The entropy method compares the same indicators of different objects, and to under-
stand the amount of information contained in them by weighting, which may also have a
more complex situation, with enhanced objectivity [41]. The TOPSIS method is a system
analysis method, which is widely cited in solving multi-target decision-making analysis by
judging the approach of research goals and the approach of “positive ideals” and “negative
ideals”. If the research object is close to the ideal solution, the plan is a better solution in
the alternative scheme [42].

In this study, there are four evaluation indicators: irrigation, soil water storage, evapo-
transpiration and seepage volume. Different indicators were analyzed and optimization
solutions were obtained by SPSSAU online.

2.7.2. Determining the Weights of Evaluation Indicators

The weight of the evaluation index is determined by the entropy weight method, and
its calculation steps are as follows:

X =

 x11 · · · x1n
...

. . .
...

xm1 · · · xmn

 (7)

rij =

[
Xij −min

(
Xij
)][

max
(
Xij
)
−min

(
Xij
)] (8)

rij =

[
max

(
Xij
)
− Xij

][
max

(
Xij
)
−min

(
Xij
)] (9)
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where i is the evaluation scheme, j is the evaluation index; Xmax and Xmin are the maximum
and minimum values, respectively, of the jth index in each scheme.

Through the above transformation, the standardized eigenmatrix is obtained as follows:

R =

 r11 · · · r1n
...

. . .
...

rm1 · · · rmn

 (10)

2.7.3. Evaluation of Entropy Weight-TOPSIS Model

(1) Entropy method to determine the weight

Defining entropy: In a scheme with m indicators and n evaluations, the entropy of the
ith indicator is:

hi = −k ∑n
j=1 fij ln fij (11)

where is fij =
rij

∑n
j=1 rij

, k = 1
ln n , n represents the number of possible states of the system, fij

represents the probability of a certain state of the system.
Defining entropy weight: After defining the entropy of the i-th index, the entropy

weight of the i-th index can be obtained as follows:

wi =
1− hi

m−∑m
i=1 hi

(
0 ≤ wi ≤ 1, ∑m

i=1 wi = 1
)

(12)

where hi is the entropy of the i-th index, wi is the entropy weight of the ith index.

(2) Construction of evaluation matrix

Z =

 z11 · · · z1n
...

. . .
...

zm1 · · · zmn

 =

 r11w1 · · · r1nwn
...

. . .
...

rm1w1 · · · rmnwn

 (13)

(3) TOPSIS determines the distance of the index to the positive and negative ideals

D+
j =

√
∑m

i=1

(
z+i − zij

)2 (14)

D−j =
√

∑m
i=1

(
z−i − zij

)2 (15)

where z+i and z−i are the maximum and minimum values of the nth column of the normal-
ized weighting matrix.

(4) Calculation of the comprehensive evaluation index

Cj =
D−j

D+
j + D−j

(16)

The closer C is to 1, the better the evaluation object.

3. Results and Discussion
3.1. Water Balance Analysis
3.1.1. Volumetric Water Content Variation in Different Soil Profiles

Figure 3 shows the variation in VWC in the 0–100 cm soil layer in the turf growth
season from 2020 to 2021. The VWC exhibited an increasing trend in the observed period,
and the average VWC values at the depth of 0–40 cm soil layer were 23.24% and 23.27%
during the precipitation and irrigation periods in 2020 and 2021, respectively. At the same
time, the VWC value was lower in the 40–60 cm soil layer than in the 0–40 cm soil layer,
reaching 19.70% and 20.39%, respectively. The annual precipitation was concentrated
from April to October annually in the study region, during which the amount of annual
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precipitation was 394.64 mm and 310.20 mm in 2020 and 2021, respectively, accounting
for 88.87% and 91.58% of the total annual precipitation (444.09 mm and 342.72 mm),
respectively. The main irrigation was carried out during this period, thus making the
volumetric water content in the 0–40 cm soil layer greater than that in the 40–60 cm soil
layer. In contrast, the average volumetric water content in the 70–100 cm soil layer in 2021
(mean value 26.54%) was significantly lower than that in 2020 (32.63%), mainly because
the precipitation during the turf growing period in 2021 was significantly lower than that
in 2020. The precipitation in 2021 was 310.20 mm, which was 84.44 mm less than that in
2020. The VWC below the 80 cm soil layer was thought to have reached a saturated state.
Overall, the average VWC in the 0–40 cm soil layer from 2020 to 2021 was higher in the
rainy season than in the other seasons, while the average VWC in each soil layer was lower
when soil freezing and thawing occurred in winter.

Figure 3. Variation of volumetric water content (VWC) in the 0–100 cm soil layer.

The main reason for the low water content in winter is that the soil water content
appeared to be frozen by shrinkage due to very low winter temperatures at the experiment
site. From the perspective of results, water content consumption by turf in the 0–40 cm soil
layer was dominant, and soil water content under the 60–100 cm soil layer was basically
not used by turf. The results of this study were similar to the results of soil water content
changes of turf in the Beijing area [43].

3.1.2. Variation in Evapotranspiration under at Varying Time Scales

Figures 4 and 5 show the variations in the daily evapotranspiration, cumulative
evapotranspiration and monthly evapotranspiration in the study period. The annual
evapotranspiration of the turf first increased and then decreased. The evapotranspiration
maximum of the turf occurred in June, and the maximum values were 9.15 mm in 2020 and
7.01 mm in 2021. These values were observed mainly because of the more frequent irrigation
events and a greater irrigation water volume in June 2021 than in 2020; in addition, higher
temperatures and turf water consumption occurred in the peak growth period. The total
evapotranspiration of turf was 634.92 mm and 496.80 mm from May to September in 2020
and 2021, respectively, accounting for 75.34% and 72.80% of the total evapotranspiration,
respectively. At the same time, the total evapotranspiration was 842.74 mm in 2020 and
682.40 mm in 2021. The average rates of turf evapotranspiration in June were 5.86 mm/d
in 2020 and 4.57 mm/d in 2021. However, the evapotranspiration was low in winter
(November–March) at less than 10% of the total evapotranspiration. In addition, the total
evapotranspiration in winter was 40.08 mm and 50.47 mm in 2020 and 2021, respectively,
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accounting for 4.76% and 7.40% of the annual evapotranspiration, respectively, mainly due
to the soil freezing and thawing in winter when the turf leaves wilted and the temperature
was low. Therefore, the evapotranspiration in winter is considered to result from soil
evaporation. The results of turf evapotranspiration mainly showed an overall trend of
increasing and then decreasing during the peak growth period, similar to Ross’s results [44]
on evapotranspiration of cool-season lawns in response to water deficit irrigation.

Figure 4. Variations of evapotranspiration (ET) and cumulative ET in 2020 and 2021.

Figure 5. Evapotranspiration (ET) changes at the turf experiment site during 2020 (a) and 2021 (b).
The top and bottom range of the box represent the 25th and 75th percentiles. The box whisker
represents an outlier ranger and stars are extrema. The line and square within the box represent
medium and mean values, respectively.

3.1.3. Seepage Variation

Figure 6 shows the variation in seepage and cumulative seepage from 2020–2021.
Daily seepage varied with the changes of precipitation and irrigation in the turf growth
period when the cumulative seepage amounts reached 232.74 mm in 2020 and 332.64 mm
in 2021.
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Figure 6. Variations of seepage and cumulative seepage in turf growth period with precipitation and
irrigation conditions in 2020 and 2021.

The seepage in the turf field was mainly concentrated from May to October, during
which the frequent precipitation and irrigation events occurred. The daily seepage maxi-
mum was 7.35 mm in 2020, with the greatest precipitation reaching 33.0 mm. In addition,
45.72 mm of monthly seepage with 125.60 mm of precipitation occurred in August 2020. At
the same time, the highest monthly seepage of 59.88 mm was in July 2020, accounting for
25.73% of the total seepage. The cumulative seepage in 2021 was 332.64 mm, an increase
of 99.90 mm compared to that in 2020, mainly due to the increase in irrigation in 2021 of
203.19 mm and 12 events. The total seepage amounts in July and August in 2021 were
approximately the same at 66.63 mm and 66.75 mm, respectively, and the total precipitation
and irrigation in August was 116.53 mm, followed by 60.74 mm in June.

During the mature stage of turf, the daily seepage gradually increased, especially
after precipitation and irrigation events, while the daily seepage amount decreased when
precipitation was low, so that the higher seepage amount occurred mainly in July and
August when precipitation was high; in addition, no seepage occurred during winter and
rainless periods.

3.2. Model Calibration and Validation Results
Simulation of Volumetric Water Content

In this study, the volumetric water content in 2021 was selected as the validation
period for RZWQM2. The dynamic changes in turf volumetric water content at different
soil profile depths (20 cm, 40 cm, 60 cm, and 80 cm) were simulated in the key growing
period of turf (May–October) after the soil hydraulic parameters were adjusted periodically.
The measured volumetric water content data before and after precipitation and irrigation
were selected as the volumetric water content data for the validation period. The volumetric
water content at depths of 40 cm, 60 cm and 80 cm soil layers fluctuated at 20–22%, 19–21%
and 24–26%, respectively, without significant variability.

Figure 7 shows the comparison between the VWC in the 0–80 cm soil layer and the
corresponding value simulated by RZWQM2. In this study, VWC data from 2020 were
used for the model calibration, and volumetric water content data for 2021 were used to
verify the modeled results. The simulation period covered the 2020–2021 turf growing
seasons. To calibrate the modeled VWC in 2020, the simulated value overall corresponded
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to the measured value. The d-values were all greater than 0.80, and the mean relative errors
(MREs) were 8.33%, 5.19%, 4.04% and 1.48% in the 20 cm, 40 cm, 60 cm and 80 cm soil
layers, respectively. The simulated results were consistent with the calibrated results, and
the RMSE was greater than 1.5%. At the same time, the d-values of VWC simulation at the
20 cm, 40 cm, 60 cm and 80 cm soil layers were all greater than 0.90. As shown in Figure 3,
the simulated values better reflected the trend in the measured values and the fluctuation
in VWC in the different soil layers.

Figure 7. Comparison between measured volumetric water content (VWC) in the 20 cm, 40 cm, 60 cm
and 80 cm profile the simulated values by RZWQM2 during the growth period of turf in 2020 (a) and
2021 (b).

The RMSE values of the simulated VWC of each soil layer in 2020 were less than
3.00%, reaching 2.27%, 1.28%, 0.97% and 0.56% at depths of 20 cm, 40 cm, 60 cm and 80 cm
soil layers, respectively, and accordingly, the MRE values were 8.33%, 5.19%, 4.04% and
1.48%, respectively. The d-values of the simulated VWC were 0.81, 0.95, 0.94 and 0.99 in
the four soil layers. In 2021, the simulated VWC values at the 40 cm, 60 cm and 80 cm soil
layers were higher than those at the 20 cm soil layer, and the d-values reached 0.98, 0.99
and 0.97, respectively, with the RMSE values reaching 0.66%, 0.64% and 0.82% and MRE
values reaching 2.74%, 3.15% and 2.00%, respectively. Overall, RZWQM2 showed good
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applicability in simulating turf water uses in this region. Compared with that of the surface
soil, the VWC at the deep soil layer was better simulated by RZWQM2, and the simulated
error was relatively low. Similarly, the VWC simulation of the surface layer (20 cm) was
relatively poor, as the surface soil layer is affected by the external environment [44,45]. In
this study, the simulation of RZWQM2 for the water content of the surface layer may have
a large error compared to other soil layers. The possible reason for this is the error due to
external factors, such as the idealized turf growth in the model and the actual turf growth
in the field, which resulted in the poor simulation of soil water content in the surface
layer [46].

Figure 8 shows the simulation of evapotranspiration during the turf growth period
from 2020 to 2021. The d-values between the simulated and observed monthly evapotran-
spiration reached 0.92 and 0.91 (both >0.90) in 2020 and 2021, respectively. The simulated
RMSE and MRE values were low as a result of the RMSE values (22.08 mm and 12.60 mm)
and the MRE values (5.22% and 9.94%) in 2020 and 2021, respectively. Overall, the simulated
and measured values of turf evapotranspiration in 2021 and 2021 were highly consistent.
In comparison to the measured values, RZWQM2 better simulated turf evapotranspiration,
and the results show that RZWQM2 has better applicability in this region.

Figure 8. Comparison between measured evapotranspiration (ET) and simulated values by RZWQM2
during the growth period of turf in 2020 and 2021.

3.3. Response Simulation of Different Irrigation Schedules
3.3.1. Soil Water Storage

Figure 9 shows the comparison of soil water storage (SWS) in different irrigation
schedules. In 16 different turf irrigation schedules, the overall SWS showed low fluctuations
from May to August and a significant increase from August to October.

The SWS for different scenarios were ranked as: T100%-12 > T80%-12 > T60%-12 > T40%-12,
T100%-15 > T80%-15 > T60%-15 > T40%-15, T100%-18 > T80%-18 > T60%-18 > T40%-18 and T100%-21 >
T80%-21 > T40%-21. Less SWS occurred from May to August, mainly due to the considerable
water consumption resulting from high air temperatures and turf evapotranspiration in
this period. The average values of SWS were 194.73 mm, 197.46 mm, 199.26 mm and
199.49 mm under T100%-21, T80%-21, T60%-21 and T40%-21 treatments, respectively, and the
SWS maximum was observed in the T100%-21 treatment. The maximum average values
of SWS were observed in the T80%-21, T60%-21 and T40%-21 schedules under 80%, 60% and
40% irrigation conditions, respectively. Compared with the fully irrigated treatment, the
maximum of average SWS decreased by 3.00%, 6.21% and 8.06% under the irrigation
treatments of T80%-21, T60%-21 and T40%-21, respectively. The average values of SWS in the
T80%-21 and T80%-18 treatments were only 0.70% and 0.63%, respectively, which were lower
than those in the T100%-12 treatment under fully irrigated treatment. Therefore, compared
with the full irrigation treatment, T80%-18 and T80%-21 irrigation treatments under 80%
irrigation conditions were better.
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Figure 9. Simulation and comparison of soil water storage (SWS) under different irrigation conditions.

3.3.2. Total Evapotranspiration

Figure 10 shows the comparison of total evapotranspiration in the different irrigation
treatments. The trends of the simulated evapotranspiration values were generally similar.
The overall trend showed the highest evapotranspiration at the 18 irrigation frequency and
the lowest evapotranspiration at the 21 irrigation frequency.

Figure 10. Simulation and comparison of total evapotranspiration under different irrigation conditions.

The total evapotranspiration values under different irrigation treatments were ranked
as T100%-18 (595.88 mm) > T100%-15 (601.35 mm) > T100%-12 (606.31 mm) > T100%-21 (597.75 mm),
and the maximum of turf evapotranspiration was 606.30 mm under full irrigation treatment.
The maximum of total evapotranspiration was 569.55 mm, 521.87 mm and 425.37 mm for
the T80%-18, T60%-18 and T40%-18 treatments, respectively, under 80%, 60% and 40% irrigation
treatments. Compared with the full irrigation treatment, the irrigation conditions of T80%-18,
T60%-18 and T40%-18 resulted in the decrease of total evapotranspiration maxima by 6.06%,
13.93% and 29.84%, respectively. Therefore, the total evapotranspiration was close to the
maximum of total evapotranspiration in the T80%-15, T80%-18 and T80%-21 irrigation treatments
compared with that in the full irrigation treatment, and the T80%-18 irrigation treatment was
better than the T80%-15 and T80%-21 treatments. Therefore, the T80%-18 irrigation treatment
was better in terms of the decrease in overall evapotranspiration.

3.3.3. Cumulative Seepage

Figure 11 shows the comparison of cumulative seepage in the different turf irrigation
treatments, and the variation trends of the simulated cumulative seepage were entirely
consistent. Each trend has increased under the four irrigation treatments of 100%, 80%, 60%
and 40%.
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Figure 11. Simulation and comparison of cumulative seepage under different irrigation schedules.

With the increase in irrigation frequency, the cumulative seepage also increased grad-
ually, and it scarcely increased when the irrigation frequencies were 18 and 21. The cumu-
lative seepage values under the T80%-18 and T80%-21 irrigation treatments were 170.30 mm
and 171.21 mm, respectively, with an increase of only 0.57%. From the analysis of the
changes in SWS and total evapotranspiration, the T80%-18 and T80%-21 irrigation treatments
reduced cumulative seepage most significantly, as the simulated cumulative seepage of
the T80%-18 and T80%-21 irrigation treatments was 144.31 mm and 144.95 mm, respectively.
Therefore, the T80%-18 irrigation treatment was better than the T80%-21 irrigation schedule.

3.4. Entropy Weight-TOPSIS Method to Evaluate Optimal Irrigation Schedule

Table 3 showed the relative proximity of different irrigation schedules. Among them,
the relative proximity of the T60%-12 irrigation treatment is the largest, with a maximum of
0.875, and followed by the T80%-21 and T80%-18 irrigation treatments, which are 0.856 and
0.818, respectively. The irrigation treatments with relative proximity greater than 0.8 were
T60%-12, T80%-21 and T80%-18. Therefore, the best irrigation treatments are T60%-12, T80%-21
and T80%-18.

Table 3. TOPSIS evaluation calculation result.

Irrigation Scenarios Positive Ideal Solution
Distance D+

Negative Ideal Solution
Distance D− Relative Proximity C Sort Result

T100%-12 1.778 0.257 0.126 16
T100%-15 0.875 0.978 0.528 8
T100%-18 0.770 1.097 0.588 7
T100%-21 0.665 1.209 0.645 6
T80%-12 0.533 1.303 0.710 5
T80%-15 0.437 1.419 0.765 4
T80%-18 0.343 1.538 0.818 3
T80%-21 0.278 1.652 0.856 2
T60%-12 0.252 1.768 0.875 1
T60%-15 1.656 0.245 0.129 15
T60%-18 1.540 0.319 0.172 14
T60%-21 1.424 0.411 0.224 13
T40%-12 1.323 0.566 0.299 12
T40%-15 1.210 0.665 0.355 11
T40%-18 1.096 0.768 0.412 10
T40%-21 0.985 0.876 0.471 9

3.5. Optimizing the Irrigation Scheduling

Through the simulation analysis of SWS, the total evapotranspiration and cumulative
seepage, the average values of SWS under T80%-18 and T80%-21 irrigation treatments were
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less than 1.00%, lower than that of T100%-12 treatment under fully irrigated conditions. The
values of total evapotranspiration under the T80%-15, T80%-18 and T80%-21 irrigation schedules
were close to the maximum of total evapotranspiration. The larger the evapotranspiration
is, the better the turf grows. The cumulative seepage under T80%-18 irrigation treatment was
lower than that under T80%-21 irrigation treatment. The analysis of the entropy-weighted-
TOPSIS evaluation method showed that the optimal irrigation schedules were ranked
in the top three results, namely, T60%-12, T80%-21 and T80%-18. In terms of comprehensive
analysis, the irrigation amount of T60%-12 irrigation treatment is less than that of T80%-21
and T80%-18. Therefore, T60%-12 is the best irrigation treatment for turf irrigation schedule in
the study region. Meanwhile, the optimization of the irrigation in this study is the result of
the optimization of the model, and this result needs to be verified by field trials to change
the irrigation schedule.

4. Conclusions

In this study, based on the water balance principle and RZWQM2, the characteristics
of volumetric water content, field evapotranspiration and seepage change of turf were ana-
lyzed through a 2-year turf field experiment in 2020–2021, and the responses of soil water
storage, evapotranspiration and seepage changes to different irrigation schemes were inves-
tigated. The mean values of volumetric water content of turf at the depth of 0–40 cm were
23.24% and 23.27% in 2020 and 2021, respectively. The turf evapotranspiration was greater
during the turf peak growth period as a result of total evapotranspiration of 620.75 mm
and 556.38 mm, accounting for 75.34% and 72.80% of the annual evapotranspiration in 2020
and 2021, respectively. The seepage values were 203.85 mm in 2020 and 278.89 mm in 2021.
The validation results showed that RZWQM2 had good applicability for the simulation of
turf water uses. The optimal turf irrigation schedule was explored by RZWQM2 and the
optimal irrigation schedule was analyzed in conjunction with the entropy weight-TOPSIS
evaluation method. The smallest difference in soil water storage (SWS) between the sched-
ules and the fully irrigated treatment was observed when the irrigation water volume was
284.11 mm with 18 and 21 irrigation frequencies. Furthermore, the total evapotranspiration
was very close to the full irrigation treatment under the 18 irrigation frequency. The best
irrigation schedule obtained by the entropy weighted-TOPSIS evaluation method was
T60%-12 (60% of the total irrigation amount and 12 irrigation frequency). Therefore, the best
irrigation schedule was a 12 irrigation frequency with a total irrigation water volume of
213.08 mm.

This study comprehensively analyzed the changing characteristics of SWS, evapotran-
spiration and cumulative seepage under different turf irrigation amount and frequency,
which can provide a scientific basis for guiding urban turf water-saving irrigation in
semi-humid and semi-arid regions of China.
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