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Abstract: The surface energy balance algorithm for land (SEBAL) is a commonly used method for
estimating evapotranspiration (ET) at a regional scale; however, the cloudy and rainy characteristics
of subtropical monsoon regions pose a greater challenge for estimating paddy field ET based on
remote sensing technology. To this end, a typical subtropical climate region in southern China (Ganfu
Plain irrigation system) was selected as the study area. Subsequently, we evaluated the applicability
of the SEBAL model for estimating the ET of paddy fields at the daily scale; derived the interannual
variation (2000–2017) characteristics of early, middle, and late rice ET; and finally analyzed the spatial
distribution patterns of rice in different hydrological years. The results demonstrated that: (1) the
SEBAL model estimated ET accurately on a daily scale, with R2, NSE, and RMSE values of 0.85, 0.81,
and 0.84 mm/day, respectively; (2) the ET of paddy fields in the irrigated area was higher in July
and August and the interannual trend of ET of early rice was not obvious, with a declining trend
observed in middle rice and late rice from 2000 to 2009, which was followed by an increasing trend
from 2009 to 2017; and (3) variations in the spatial distribution of ET were significant for early and
late rice at different precipitation levels and less obvious for middle rice in wet years but significant
in dry years. Overall, this study verified the applicability of the SEBAL model for estimating ET in
paddy fields in subtropical regions and provided a basis and reference for the rational allocation of
water resources at a regional scale.

Keywords: evapotranspiration; paddy rice; SEBAL; interannual variation; spatial distribution; Ganfu
Plain irrigation system

1. Introduction

Paddy rice is a dominant staple food that feeds over 50% of the population worldwide.
However, paddy rice needs a large amount of water to maintain high production. Statistics
have shown that paddy field irrigation accounts for 80% of agricultural water consumption
in southern China [1]. Evapotranspiration (ET) represents the sum of vegetation transpira-
tion and soil evaporation, which is the major component of farmland water consumption,
and it includes the amount of evaporation on the ground surface and plant surface and the
amount of transpiration that occurs at the plant surface and inside the plant. ET not only
plays a huge role in hydrological cycles and energy balance systems, but also represents a
crucial link between ecological and hydrological processes; furthermore, it is a significant
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parameter for calculating the regional water balance and a convenient means to retrieve
water amounts applied for irrigation over anthropized regions [2–4]. Water consumption
dominated by ET is the final form of water resource consumption, which often approxi-
mates the regional water resource consumption [5]. With economic and social development
and population growth, the problem of water resource shortages is becoming increasingly
prominent. The unbalanced spatial and temporal distribution of water resources is one of
the challenges of water resource management. Therefore, understanding the spatial and
temporal variability in ET is of great significance for rationally allocating regional water
resources and scheduling irrigation [6].

With the continuous development of remote sensing (RS) technology in recent
decades [7–9], satellite sensors with multiple spatial, temporal, and spectral resolutions
(e.g., Land Remote Sensing Satellite (Landsat), Moderate Resolution Imaging Spectrora-
diometer (MODIS), Advanced Very-High-Resolution Radiometer (AVHRR), and Sentinel)
have become ideal tools for estimating ET at a regional scale [10–13]. Various models
have been reported for estimating ET with RS datasets [14–16]. According to different
theoretical bases, RS-based ET models can be roughly classified as: (i) empirical statistical
methods, which have the advantages of requiring less data and being easy to use; however,
they have significant regional limitations because their statistical parameters need to be
recalibrated when used in different regions [17,18]; (ii) feature space methods, which refers
to the method of obtaining feature points and interpolating the ET of the feature points
to derive the ET of each image element based on each surface parameter obtained from
remote sensing images—such as surface albedo, vegetation index, surface temperature,
etc.—presenting a certain shape on the scatter plot, and using that shape to obtain the ET of
the feature points [18,19]; (iii) residual surface energy balance methods, which calculate the
net radiation, soil heat flux, and sensible heat flux of the surface energy balance equation
and finally calculate the latent heat flux as the residual term, which can be divided into
single-source models and dual-source models according to whether soil evaporation and
vegetation transpiration are distinguished. Studies have shown that vegetation cover can
affect the water cycle and accurate estimation of ET [20,21]. Since the dual-source model
considers the parameters of vegetation and soil separately, it can describe the surface
fluxes of nonuniform subsurfaces in greater detail; however, it is difficult to obtain the
corresponding parameters for the model [22]. The uncertainty and errors of the dual-source
model will increase, and the estimation results may not be more accurate than those of
the single-source model [23]. In contrast, the single-source model simplifies the treatment
of the subsurface, which makes the model parameters easier to obtain and more flexible
to apply.

As a typical single-source model, the surface energy balance algorithm for land (SE-
BAL) based on the surface energy balance has been applied to estimate ET in different
regions with multiple data sources [24–30], since it does not excessively rely on ground-
assisted data. The accuracy of ET estimated by the SEBAL model can reach 85% for the
daily ET, 95% for the whole-season ET at a field scale, and 96% for the annual ET in large
watersheds [31]. The SEBAL-based ET model has been gradually applied to water use and
water management in irrigation districts in recent years. The SEBAL model has been used
to estimate ET across various land uses in Nansi Lake Wetland of China using Landsat-7
ETM+ images, and the results showed that the SEBAL model can calculate the spatial
distribution of ET despite little ground-based weather data over large areas [32]. Gao et al.
(2020) [33] estimated the actual ET of the Loess Plateau in China from 1990 to 2015 using
the MODIS and AVHRR datasets based on the SEBAL model, and the R2 values were above
0.87 in 161 subbasins, which indicated the simulation results are reliable and effective;
meanwhile, they obtained an interesting finding that the SEBAL model overestimates
regional ET, the main reason mainly being due to the overestimation of regional latent heat
or underestimation of sensible heat. Ding (2020) [34] compared the performance of the
SEBAL model and Surface Energy Balance System model (SEBS, a dual-source model) in
estimating regional ET, and results showed that the SEBAL model is suitable for estimating
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ET in plain areas, while the SEBS model is suitable in composite terrain. The above studies
show that the SEBAL model has been used for estimating ET at field scale to regional
scale with encouraging results, but the application of the SEBAL model to rice-dominated
irrigation areas has not been sufficiently investigated.

The rice-planting areas are mainly distributed in the monsoon regions of East Asia,
Southeast Asia, and South Asia, as well as the tropical rainforests of Southeast Asia. The
SEBAL model has been applied to several regions in China: the northeast Sanjiang River
Basin [35,36], the North China Plain [37], the Loess Plateau [33,38], the agro-pastoral
ecotone of Northwestern China [39], the Taklimakan Desert [40], and the Yellow River
Delta [21]. Additionally, the SEBAL model has been widely applied over a multitude
of different climatic conditions, including subtropical areas [41–43], but the cloudy and
rainy weather in the subtropical climate zone—which is represented by the southern
region of China, where mixed double-season early and late rice and single-season middle
rice are cultivated—presents a greater challenge for accurate estimations of ET using the
SEBAL model.

Therefore, the Ganfu Plain irrigation system (GFPIS) located in southern China, which
is a subtropical monsoon climate region, was selected as the study area. The objectives
of this study are to: (1) assess the applicability of the SEBAL model for estimating ET in
rice-dominated irrigation areas; (2) analyze the daily variation in paddy rice ET over the
growing season; and (3) analyze the interannual variation (2000–2017) characteristics of
early, middle, and late rice ET and the spatial distribution pattern in different hydrological
years. Hence, this study estimated ET of the rice-dominated irrigation areas in southern
China using Landsat and the SEBAL model, and derived the spatial-temporal variation
patterns of ET in the region, which will provide a reference for regional farmland water
consumption and a decision-making basis for the rational and efficient allocation of regional
water resources.

2. Material and Methods
2.1. Study Area

The GFPIS (8◦10′–28◦48′ N, 115◦48′–116◦17′ E) is the largest diversion irrigated area
south of the Yangtze River in China (Figure 1) and one of the main grain-producing areas
in Jiangxi Province, with an effective irrigated area of approximately 67,000 Hm2. The main
crop planted in this region is rice, which can be divided into double-season early and late
rice and single-season middle rice. The growing season is shown in Figure 2 [44]. Among
the rice crops, double-season early-late rice may only be planted with early-late rice, which
is rotated with cash crops, such as vegetables, melons, and fruits.

The distribution of water conservancy projects in the GFPIS is shown in Figure 1d,
with a total of 10 major trunk canals. With the expansion and economic development of
Nanchang city in recent years, the water consumption of urban residents and industry
in irrigated areas has been growing and the demand for water resources from various
water-using units has been increasing; therefore, the contradiction between water supply
and consumption in irrigated areas will be more prominent.

The GFPIS is located in a humid subtropical climate zone, with an average annual
temperature of 17–18 ◦C, an average annual wind speed of 3.4 m/s, an average annual
sunshine of 1603.4 h, a frost-free period of 260–280 days, an average annual precipitation
of approximately 1662.5 mm, and an average annual land evaporation of approximately
800 mm. The irrigated area has four distinct seasons, with low temperatures and rain in
spring, greater precipitation and flooding in late spring and early summer, high temper-
atures and little rain in summer, mild temperatures but little rain in autumn, and cold
temperatures in winter.
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Figure 1. Overview of study area. (a) Geographical location of Jiangxi Province; (b) Location of
the study area; (c) DEM of the study area; and (d) Distribution of the water conservancy project in
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Figure 2. Common growth stages of early, late, and middle rice in the GFPIS: 1–sowing; 2–seeding;
3–transplanting; 4–tillering; 5–booting; 6–heading; 7–milk; 8–mature; and 9–harvest.

2.2. Data Used

The input data (Table 1) in the SEBAL model include satellite imagery, meteorological
data, and digital elevation data (DEM).

Table 1. Information of datasets used.

Datasets Source Time Period

Satellite imagery Landsat, U.S. Geological Survey From 2000 to 2017

Meteorological data China Meteorological Data Sharing Service
Network (http://data.cma.cn) From 2000 to 2017

DEM
SRTM data, NASA, and the National

Geospatial-Intelligence Agency
(https://earthexplorer.usgs.gov/)

/

The Landsat images have the same spatial resolution and continuous temporal cov-
erage. All of the Landsat images are level 1 T data, with terrain corrections referencing
the World Reference System-2 and intercalibrated across the various Landsat sensors;
thus, these images are suitable for time series processing analysis. According to the rice
growing season in the GFPIS, satellite imagery acquisition occurred between 20 April and
31 October from 2000 to 2017. All cloud-free Landsat 5 TM, 7 ETM+, and 8 OLI images
(Path 121 and Row 40) from the U.S. Geological Survey (USGS) Earth Explorer data portal

http://data.cma.cn
https://earthexplorer.usgs.gov/
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(http://earthexplorer.usgs.gov/, accessed on 10 January 2022) were downloaded. A total
of 63 images were used, and Figure 3 shows the temporal distribution of the available
Landsat images.
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Figure 3. Temporal distribution of the available Landsat images for the rice growing season from
2000 to 2017.

The meteorological data in this study are from the China Meteorological Data Sharing
Service Network (http://data.cma.cn, accessed on 10 January 2022), and the Daily Climatic
Dataset (V3.0) of the China International Ground Exchange station was selected as the basic
meteorological data. Meteorological data were collected from Nanchang Station from 2000
to 2017, and they included the maximum temperature, minimum temperature, average
temperature, average wind speed, relative humidity, and sunshine duration.

DEM data are derived from SRTM data, which are jointly measured by NASA and the
National Geospatial-Intelligence Agency (https://earthexplorer.usgs.gov/, accessed on
10 January 2022). The spatial resolutions of SRTM data are 30 and 90 m. SRTM data from
radar images have the highest resolution and represent the most widely used terrain data
thus far; furthermore, global SRTM data have a unified coordinate system. In this study,
DEM data with 30 m resolution were mosaicked together with two sheets and then cropped
to a rectangle containing the range size using the GFPIS vector file, as shown in Figure 1c.

2.3. Selection of Typical Hydrological Years

Precipitation and irrigation are the main sources of water in paddy fields, and ET
is the main consumer of water in paddy fields; thus, it is also the basis of irrigation
management. Therefore, it is of great guiding significance for water resource management
to investigate the distribution characteristics of ET under different precipitation conditions
in irrigated areas.

First, the total precipitation during the growing seasons of early, middle, and late
rice from 2000 to 2017 was statistically analyzed, and the results are shown in Figure 4.
Overall, the total precipitation during the growing season of early rice was the highest
and ranged from 351.8 mm to 1025.9 mm, with the minimum value occurring in 2009 and
the maximum value in 2010. The second highest was the total precipitation during the
growing season of middle rice, with a minimum value of 216.2 mm (2016) and a maximum
value of 563.8 mm (2014). The total precipitation of late rice was the lowest and ranged
from 58.9 mm to 401.2 mm. These results indicate that precipitation is abundant in the
early rice growing season and less abundant in the late rice growing season, and the total
precipitation in the middle rice growing season is between that of early rice and late rice.

http://earthexplorer.usgs.gov/
http://data.cma.cn
https://earthexplorer.usgs.gov/
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Figure 4. Interannual variation in precipitation during the early, middle, and late rice growing
seasons from 2000 to 2017.

In this study, the precipitation data for the GFPIS from 1952 to 2017 were sorted by
frequency, the Pearson type III curve was used to fit the line, and the precipitation values
corresponding to each frequency case were obtained by fitting the line. Generally, the
precipitation values corresponding to P = 25%, 50%, and 75% can be taken as the design
values for wet, normal, and dry years, respectively, and then the real years equal to or
close to the design values can be selected as the corresponding wet, normal, and dry
representative years in the existing actual measurement series. The wet years selected in
this paper were 2002 and 2014; the normal years were 2004, 2008, and 2010; and the dry
years were 2007, 2008, and 2016.

Consistent with the previous conclusion, the total precipitation during the growing
season of rice in different hydrological years was ranked as early rice, middle rice, and late
rice. The precipitation during the growing season of early rice was higher than 400 mm in
different hydrological years; the precipitation during the growing season of middle rice
was as high as 564 mm in wet years, 365 mm in normal years, and only 216 mm in dry
years; and the precipitation during the growing season of late rice was 401 mm in wet years,
255 mm in normal years, and as low as 136 mm in dry years.

2.4. SEBAL Algorithm Description

Since the SEBAL model was proposed by Bastiaanssen, it has been successfully applied
to a variety of ecosystems through continuous improvement and development [45]. The
SEBAL model calculates the latent heat flux by estimating the net radiation, soil heat flux,
and sensible heat flux to obtain the instantaneous ET. The theoretical basis of the SEBAL
model is the surface energy balance formula, and the calculation formula is

λET = Rn −G−H (1)

where λET is the latent heat flux (W/m2), Rn is the net radiation flux (W/m2), G is the soil
heat flux (W/m2), and H is the sensible heat flux (W/m2).

Rn is the main energy source in the transport and exchange of energy, momentum,
and water on Earth’s surface, and it is calculated as follows:

Rn = (1− α0)Rs+RL ↓ −RL ↑ −(1− ε 0)RL ↓ (2)

RL↓ = εa × σ× Ta
4 (3)

RL↑ = ε0 × σ× Ts
4 (4)
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where Rs is the incoming shortwave radiation (W/m2), RL ↓ is the incoming longwave
radiation, RL ↑ is the outgoing longwave radiation (W/m2), (1− ε0)RL ↓ is the incident
longwave radiation emitted through the surface (W/m2), α0 is the surface albedo (dimen-
sionless), εa is the atmospheric radiance, ε0 is the thermal surface emissivity (dimensionless),
Ta is the temperature of the air near the surface, and Ts is the surface temperature (K).

ε0 = 1.009 + 0.047ln(NDVI), NDVI ≥ 0.002 (5)

ε0 = 1, ·NDVI < 0.002, (6)

Ts = K2/ ln
(

εNB ∗ K1

Rc
+ 1
)

(7)

where K1 and K2 are the constant values (K), Rc is the corrected thermal radiance of the
surface, and εNB is the narrow band surface emissivity.

NDVI =
ρNIR − ρRED
ρNIR + ρRED

(8)

where ρNIR and ρRED are DN values of the near-infrared band and red band, respectively.
It should be pointed out that the radiance changes at different times in the year and

between years as a result of different solar incidences over the surface, especially in rough
terrain. The ratio properties of NDVI enable the great mass of noise due to changing sun
angles, clouds, topography, or shadow to be cancelled, making NDVI less susceptible to
illumination conditions [46].

α0 = ∑ γiαi (9)

where αi and γi are the surface reflectance and the weight coefficient of band i, respectively.
G is the soil heat flux, and its equation is

G/Rn = Ts ∗ (0.0038 + 0.0074 ∗ α) ∗
(

1− 0.98 ∗ NDVI4
)

(10)

where Ts represents the surface temperature (C); α represents albedo; and NDVI is the
normalized difference vegetation index (dimensionless).

H =
ρair ∗ Cp ∗ dT

γah
(11)

where ρair is the air density (kg/m3), Cp is the air specific heat (J/kg*K), γah is the aerody-
namic resistance against heat transfer (s/m), and dT is the temperature difference (T1 − T2)
at heights of Z1 and Z2 (◦C).

γah =
ln( z2

z1
)

k ∗U∗
(12)

where k is the von Karman constant (0.41) and U∗ is the fraction velocity at heights of 2 m
and 0.1 m.

U∗ =
k ∗U200

ln( z200
z0m

)
(13)

where z0m is the surface momentum roughness height (m). The equation for z0m is

Z0m = exp(
a ∗ NDVI

α
+ b) (14)

where a and b are empirical coefficients.

dT = aTs + b (15)

where a and b are linear parameters, and dT is the temperature difference (T1 − T2) at
heights of Z1 and Z2 (◦C), with Z1 = 0.1 m, Z2 = 2 m usually used in the SEBAL model. The



Remote Sens. 2022, 14, 1201 8 of 19

purpose of defining the zero-plane displacement is to reduce the obstruction of wind by
ground vegetation.

In Equation (1), ET represents instantaneous evapotranspiration. The evaporative
fraction (Λ) was taken to extrapolate the instantaneous ET to the daily ET in the SEBAL
model, and the equations are

Λ =
ET

Rn − G
(16)

ET24 =
Λ·(R24 − G24)

λ
(17)

where λ is the latent heat of vaporization (MJ kg−1); ET, Rn, and G are the instantaneous
latent heat flux, net radiation and ground heat flux in each pixel, respectively; R24 is the
daily net radiation (W m−2); and G24 is the daily soil heat flux (W m−2).

2.5. Calculation of ET in Paddy Fields

The paddy rice fields of the GFPIS were extracted in our previous study [44], and we
took the average ET value calculated based on the extracted rice image elements as the
daily average paddy rice ET value calculated in Section 3.2.

For the days without accessible RS images, the daily ET can be estimated by linearly
interpolating over periods between two consecutive images [47,48]. The specific steps are as
follows: (1) Calculate the daily crop reference ET (ET0) using the Penman–Monteith method
recommended by the FAO [49]; (2) Calculate the ratio of ET24 to ET0 in two available RS
images; and (3) Linearly interpolate the two-spoke image to determine the ratio on the
missing dates. The ET24 of the missing date can be obtained by multiplying the ratio by
the ET0 on the missing date [50]. The Penman model was modified by the FAO in 1998,
and the modified Penman model has a solid theoretical basis and high universality; thus, it
is currently the most accurate method of calculating ET0. The calculation formula of the
Penman model is as follows:

ET0, PM =
0.408∆(Rn − G) + γ 900

T+273 u2(es − ea)

∆ + γ(1 + 0.34u2)
(18)

ETseason =
i=end

∑
i=start

ETdaily_i =
i=end

∑
i=start

ETFi × ET0_PM_i (19)

2.6. Evaluation of Model Accuracy

In this study, the daily average ET observed based on the eddy covariance of the
Jiangxi Province Irrigation Experiment Station (116◦00′03′′ E, 28◦26′27′′ N) in the GFPIS
from 2016–2017 was compared with the results calculated by the SEBAL model. To evaluate
the prediction accuracy of the model for ET, the coefficient of determination (R2), root-mean-
square error (RMSE), and Nash–Sutcliffe efficiency coefficient (NSE) were chosen to analyze
the ET derived by the model, and the calculation process is shown in Equations (20)–(22).
A reliable model usually has high R2 and NSE values and low RMSE values [51,52].

R2 = 1− ∑n
i=1 (ETEC_i − ETsat_i)

2

∑n
i=1 (ETEC_i)

2 (20)

RMSE =

√
∑n

i=1 (ETEC_i − ETsat_i)
2

n
(21)

NSE = 1−

 ∑n
i=1 (ETEC_i − ETsat_i)

2

∑n
i=1

(
ETEC_i − ETEC_i

)2

 (22)
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where ETEC_i is the ET observed by vorticity on day i, ETsat_i is the ET estimated by remote
sensing on day i, ETEC_i

is the mean ET value observed by vorticity, and n is the total
number of observed samples.

In this study, ArcGIS (ESRI, West Redlands, CA, USA) and ENVI (Environment for
Visualizing Images, Exelis Visual Information Solutions, Boulder, CO, USA) were used
to process the RS images and PyCharm (JetBrains, Prague, Czech Republic) was used to
construct the SEBAL model using the Python programming language.

3. Results and Discussion
3.1. Estimation Accuracy of the SEBAL Model for Daily ET in the GFPIS

In this paper, Landsat images on typical days with cloudless skies or less cloud cover
were selected to analyze the estimated surface ET results in the growing season of 2017,
which were 25 May, 12 July, 14 September, and 30 September 2017. Due to cloud cover and
other influences, the processing results of some pixels were still null, as shown in Figure 5.
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In terms of time series, the maximum ET value in the GFPIS was 7.6 mm/day on
July 12, followed by those on 25 May and 14 September, and the minimum daily ET was
5.6 mm/day on 30 September. The ET of the farmland area on 12 July and 14 September
was higher, and the ET of the farmland area on 30 September was lower than that on 14
September. In terms of the four seasons, the maximum and minimum ET values were
observed in summer and winter, respectively; moderate values were observed in spring
and autumn; and higher values were observed in spring than in autumn.

The ET was estimated by the SEBAL model in 2016 and 2017 and the ETs observed
based on the eddy covariance at the experimental station are shown in Figure 6. The RMSE
of the comparison between the model estimation results and the observation results was
0.84 mm/d, the R2 was 0.85, and the NSE was 0.81. Figure 6 shows that the estimated ET
results in 2016 and 2017 were consistent with the observed eddy covariance values. In
general, the ET estimated by the SEBAL model was of high accuracy, and the adaptability
and stability of the SEBAL model in the irrigated area of GFPIS were satisfactory.
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Figure 6. Validation of the estimated ET.

The results of this study indicate that the SEBAL model has reasonable accuracy
when predicting the ET of subtropical regions. In Tan et al.’s previous study in 2021 [42],
the SEBAL model was applied to estimate the ET characteristics in a subtropical region
(Huaihe River Basin, China) and the SEBAL model performance was evaluated by fitting
the regression with the daily reference ET calculated by multiple theoretical methods. The
results showed that the bias between the ET estimated by the SEBAL model and daily
reference ET was less than 1.5%. The results of this study have a slightly higher error than
that in the previous study. The bias of the SEBAL model’s estimation of ET is mainly due
to the following factors: (1) The SEBAL model relies on instantaneous surface temperature,
and the selection of hot and cold pixels in the imagery is subjective, which has a great
impact on the accuracy of ET estimation; (2) The SEBAL model has been proven to be
applicable for estimating ET in flat surfaces with relative accuracy, while it tends to have
a high bias when applied to mountainous areas [53], which may lead to some increase in
bias due to the presence of some hilly areas in our study area; and (3) Studies have shown
that even a thin layer of clouds can lead to large errors when calculating sensible heat
fluxes [54].

Landsat images with a resolution of 30 m can reflect spatial differences in the ET
distribution. Moreover, ET is greatly affected by different ground object types. The greatest
evapotranspiration occurred from water bodies—mainly lakes and rivers—whose ET was
approximately 5 mm/day. The daily ET of the urban construction area and beach sand
was the lowest at only 0–3 mm/day. The ET of forestland and farmland varied with
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different growth stages. Thus, the estimated spatial distribution of evapotranspiration in
the irrigated area is consistent with the actual evapotranspiration.

3.2. Variation in the Daily Rice ET during the Growing Season

The daily variation characteristics of ET from paddy fields in the GFPIS were analyzed
based on the ET of double-season rice in 2016 and 2017, and the results are shown in Table 2.

Table 2. SEBAL-estimated daily average evapotranspiration from early and late rice in 2016 and 2017.

Date ETa (mm) Date ETa (mm)

7 June 2016 4.69 9 May 2017 5.87
23 June 2016 7.43 25 May 2017 6.31
9 July 2016 6.00 12 July 2017 6.42

25 July 2016 7.08 28 July 2017 6.82
19 September 2016 5.29 29 August 2017 6.12
27 September 2016 5.41 14 September 2017 6.09

5 October 2016 4.15 30 September 2017 4.85
16 December 2016 1.05 1 November 2017 2.69

In June 2016, as the rice grew and changed from the booting stage to the heading stage.
The average ET value increased from 4.69 mm/day on June 7 to 7.43 mm/day on 23 June.
On 9 July, as the double-season early rice was in the mature stage, the ET was weak and
had a value of 6 mm/day. On 25 July, as the double-season late rice was about to enter
the tiller stage, the ET increased to 7.08 mm/day. In September, the ET of double-season
late rice was approximately 5.3 mm/day; and in October, it decreased to 4.15 mm/d as
double-season late rice entered the mature stage.

In May 2017, as rice growth and transpiration increased, the daily ET value of rice
also increased gradually from 5.87 mm/day on 9 May to 6.31 mm/day on 25 May. In July
and August, the peak of the double-season early and late rice growing season occurred,
the temperature in the GFPIS was high, and the daily ET of rice fields also maintained a
high value, which was higher than 6 mm/day. On 14 September, when the late rice was
in the heading stage, transpiration remained at 6.09 mm/day. However, the transpiration
intensity gradually decreased on 30 September when the rice was in the milking stage
and water was lacking in the paddy field due to evaporation by the sun; therefore, the
transpiration value decreased significantly to 4.85 mm/day. In November, the transpiration
value reached a minimum of 2.69 mm/day when there was no vegetation in the paddy field.

The results showed that the seasonal ET exhibited significant changes and was closely
related to the climate. Overall, excluding November and December after rice harvest, the
regional daily average double-season early and late rice ET values in 2016 and 2017 showed
a pattern higher than 6 mm/day in July and August and lower than 5 mm/day in late
September and October, while the daily average paddy ET values varied in the range of 5
to 6 mm/day for the rest of the year.

3.3. Interannual Variation in ET and Precipitation in the Rice Growing Season

Due to cloudy and rainy weather during the growing season of early rice, limited
remote sensing image data are available, and no data are available to calculate the ET of
the growing season of early rice in 2003, 2008, 2010, and 2015. Due to the lack of data, we
cannot obtain the distribution map of early, middle, and late rice in each year. According to
our extraction results for paddy rice in the GFPIS in a previous study [37], the rice planting
structure changed, with 2010 as the boundary; according to the available quantity and
image quality of satellite data sources during the rice growing period, the middle and
double-season rice maps of 2003 were used to calculate the ET of paddy fields from 2000 to
2009 and the middle and double-season rice maps of 2017 were used to calculate the ET of
paddy rice from 2010 to 2017. The division of the rice growing season was determined by
the observation data from the Jiangxi Irrigation Experiment Station, where the early rice
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growing season was from 22 April to 10 July, the middle rice growing season was from 26
June to 7 October, and the late rice growing season was from 19 July to 24 October.

Figure 7 shows the interannual variation in ET and precipitation in the rice growing
season by the SEBAL model combined with the paddy rice distribution map. The interan-
nual variation in evapotranspiration in the GFPIS from 2000 to 2017 shows that the ET of
middle rice is generally the largest, with a multiyear average value of 434 mm; followed by
the ET of the late rice growing season, with a multiyear average value of 380 mm; and the
ET of early rice is the smallest, with a multiyear average value of 287 mm. The ET in the
early rice growing season ranged from 263 mm to 349 mm, with maximum and minimum
values occurring in 2013 and 2014, respectively. The average ET value during the growing
season of middle rice ranged from 378 mm to 520 mm, with maximum and minimum
values occurring in 2016 and 2009, respectively. The mean ET value during the growing
season of late rice ranged from 324 mm to 457 mm, with maximum and minimum values
occurring in 2016 and 2012, respectively.
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The interannual variation trend of ET during the rice growing season of early rice was
not obvious, but the variation trend of ET of middle rice and late rice was consistent. The
interannual change in ET of middle rice and late rice was not significant before 2003, and
ET of middle rice and late rice showed a downward trend from 2003 to 2009, while ET of
middle rice and late rice showed an upward trend from 2009 to 2017.

As can be seen from Figure 7, the interannual variation trend of precipitation is
opposite to the interannual variation trend of ET overall in rice growing season, showing
a negative correlation which is especially obvious in the early rice growth season. This
may be that the study area is located in the subtropical monsoon region, and the east Asian
summer circulation is enhanced during the early rice growth period, resulting in increased
precipitation. ET can be regarded as one of the most important factors for indicating climate
change at the catchment scale [55], and our research supports this view. Meanwhile, the
interannual variation of ET is closely related with many ecological factors. This study’s
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focus on the analysis of the time characteristics of ET and cannot directly explain the
relationship between the interannual variation in ET and precipitation. If ET values are
combined with meteorological factors, topographical factors, and vegetation changes,
we may arrive at a more accurate and comprehensive understanding of the relationship
between the interannual variation in ET and precipitation in the study area.

3.4. Spatial Distribution of ET during Rice Growth in Different Hydrological Years

Table 3 shows the precipitation and ET values during the rice growing season in
different hydrological years, and the selection of a typical hydrological year is explained in
Section 2.3. Almost no difference was observed between the ET of early rice in wet years
and dry years, which might be due to the abundant precipitation of different hydrological
years in the growing season of early rice. The ET of middle rice in different hydrological
years showed significant differences, with a value of 393 mm in wet years, 423 mm in
normal years, and 520 mm in dry years. The ET of late rice in wet years and normal years
showed little difference, and the values in dry years were 330 mm and 367 mm. Overall, ET
showed limited differences in the early and late rice in different hydrological years, but
great differences in middle rice.

Table 3. ET of early, middle, and late rice during typical years in the GFPIS.

Rice
Types

Wet Years Normal Years Dry Years

Year Precipitation ET Year Precipitation ET Year Precipitation ET

Early rice 2014 850 263 2008 624 * 2007 443 267
Middle rice 2014 564 393 2004 365 423 2016 216 525

Late rice 2002 401 330 2010 255 330 2008 136 367

* ET in 2008 could not be estimated because no images were available during the growing season of early rice.

Figures 8 and 9 show the ET frequency distribution and spatial distribution of rice
in different hydrological years. In the wet year (2014), the early rice ET in the GFPIS was
mainly within the range of 200–300 mm, with an average of 263 mm. The ET of the first,
third, and fourth main canals of the irrigated area was between 263 mm and 283 mm. The
early rice ET in the second main canal and the middle of the main trunk canal was lower
than the average early rice ET in the whole irrigated area, and the early rice ET in the east
trunk canal and the main canal was generally approximately 243–263 mm. In the dry year
(2007), the ET of early rice was mainly in the range of 225–300 mm, with an average of
267 mm. Among them, the early rice ET in the first, second, and third main canal irrigated
areas was higher than the average early rice ET value in the whole irrigated area, and the
early rice ET in the fourth main canal and the end of the third main canal irrigated area was
lower than the average value. These results indicate that the mean values of early rice ET
do not differ significantly in different hydrological years, although significant differences
occur in the spatial distribution of early rice ET.

The middle rice ET values in the wet year (2014) mainly ranged between 375 mm and
425 mm and the mean middle rice ET value in the whole irrigated area was 392 mm, with
little spatial difference. In the normal year (2004), the middle rice ET mainly ranged from
360 mm to 450 mm and the average middle rice ET value in the whole irrigated area was
423 mm. In terms of spatial distribution, the middle rice ET in the east main trunk and the
end of the fourth main canal was higher than 450 mm. In the dry year (2016), the middle
rice ET value mainly ranged from 487–570 mm and the mean ET value was 525 mm in the
whole irrigated area. There were differences in the spatial distribution of ET, with generally
higher values at the end of the fourth main canal and the second main canal compared with
the mean ET value in the whole irrigated area while the ET values in the middle section of
the west main canal and the second main canal were lower than 525 mm.
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The late rice ET values in the wet year (2002) in the GFPIS mainly ranged from 300 mm
to 350 mm, with an average value of 328 mm. In the western GFPIS, the late rice ET was
generally higher than that of early rice and the ET was evenly distributed. The eastern
GFPIS is a hilly area, and the late rice ET was generally lower than the mean value. In the
normal year (2010), the late rice ET values in the GFPIS areas mainly ranged from 300 mm
to 380 mm, with an average value of 347 mm. The late rice ET at the end of the second main
canal and the fourth main canal was higher than that in the whole irrigated area (347 mm).
The late rice ET in the third main canal and the first main canal irrigated area was higher
than that in the whole irrigated area. In the dry year (2008), the late rice ET in the whole
irrigated area mainly ranged from 325 mm to 400 mm, with an average value of 366 mm.
The spatial distribution of the late rice ET was similar to that of the wet year, and the late
rice ET in the western irrigated area was higher than the average value, while the ET in
the eastern irrigated area was lower than the average value overall. Compared with the
wet year, the ET in the whole irrigated area increased in dry years and mainly ranged from
40 mm to 60 mm.
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In general, the late rice ET in the western irrigated areas was higher than the mean late
rice value in irrigated areas in different hydrological years. The late rice ET in the irrigated
areas of the first and second main canals and the third canal was slightly higher than the
mean late rice ET in the whole irrigated area in the three hydrological years. In the normal
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and dry years, the late rice ET at the end of the fourth main canal and the second main canal
was much higher than the mean late rice ET value in the whole irrigated area. This finding
is related to water resource dispatching measures in the GFPIS. In the case of drought, the
first, second, and third main canals on the east main canal and west main canal should be
adopted to temporarily control water inflow so that the water output can guarantee water
for production and living in the middle and lower reaches of the irrigated area. The late
rice ET of the eastern irrigated area and the hilly area near the west main water inlet in
the three hydrological years was generally lower than the mean late rice ET value of the
GFPIS [56]. Agricultural water consumption accounts for approximately 8% of the actual
water consumption in the eastern irrigated area; therefore, the irrigation conditions in the
irrigated area are not as good as those in the western irrigated area.

4. Conclusions

In this paper, the SEBAL model was applied to the subtropical climate region of
southern China (GFPIS) to assess its rationality and applicability for daily scale estimates
of paddy ET and to analyze the spatial and temporal distribution characteristics of early,
middle, and late rice evapotranspiration in the GFPIS in different hydrologic years. The
main conclusions are as follows:

(1) On the daily scale, the ET estimated by the SEBAL model is consistent with the
eddy covariance, with R2, NSE, and RMSE values of 0.85, 0.81, and 0.84 mm/day,
respectively.

(2) Based on the analysis of the temporal characteristics of paddy ET, the daily average
evapotranspiration value in irrigated areas was higher in July and August but lower
in other months. The interannual variation trend of ET during the growing season of
early rice was not obvious from 2000 to 2017, while that during the growing season of
middle rice and late rice generally showed a downward trend from 2000 to 2009 and
an upward trend after 2009.

(3) In terms of spatial distribution, significant differences were observed between early
rice and late rice in different hydrological years. The spatial difference of middle rice
was not significant in the wet year but was significant in the dry year.

Due to the large amount of water evaporation in paddy fields, the single-source SEBAL
model needs further research to estimate ET in rice flooding periods, which will improve
the accuracy of the SEBAL model in estimating ET in rice growing areas.
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