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Abstract

:

It is of great convenience to map daily evapotranspiration (ET) by remote sensing for agricultural water management without computing each surface energy component. This study used the operational simplified surface energy balance (SSEBop) and the remote sensing-based Penman–Monteith and Priestly–Taylor (RSPMPT) models to compute continuous daily ET over irrigated fields with the MODIS and CMADS data. The estimations were validated with eddy covariance (EC) measurements. Overall, the performance of RSPMPT with locally calibrated parameters was slightly better than that of SSEBop, with higher NSE (0.84 vs. 0.78) and R2 (0.86 vs. 0.81), lower RMSE (0.78 mm·d−1 vs. 0.90 mm·d−1), although it had higher bias (0.03 mm·d−1 vs. 0.01 mm·d−1) and PBias (1.41% vs. 0.59%). Due to the consideration of land surface temperature, the SSEBop was more sensitive to ET’s change caused by irrigation before sowing in March and had a lower PBias (6.7% vs. 39.8%) than RSPMPT. On cloudy days, the SSEBop is more likely to overestimate ET than the RSPMPT. To conclude, driven by MODIS and CMADS data, the two simple models can be easily applied to map daily ET over cropland. The SSEBop is more practical in the absence of measured data to optimize the RSPMPT model parameters.
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1. Introduction


Accurately estimating regional evapotranspiration (ET) is crucial for the wide range of research in hydrology, climate, crop yield forecasting, and drought monitoring. Knowledge of continuous daily ET of cropland is a practical approach to monitor spatiotemporal variations in water use. It is the key to the rational allocation and management of agricultural water resources in semi-arid and arid regions, where water resources are scarce. Agricultural irrigation water is mainly from channels and pumping wells [1].



At the site scale, accurate quantification of ET can be achieved using in situ measurements, such as the observations from weighing lysimeters, Bowen ratio systems, large aperture scintillometer (LAS), and eddy covariance (EC) systems [1]. Among all of the in situ ways, the EC is a relatively popular method for both actual ET measurements and ET estimations’ validation, such as the global FLUXNET network, which contains the worldwide EC observations and is widely applied in global water and energy fluxes research [2]. However, in situ methods are costly and only can obtain water and energy fluxes over small regions. For regional or large-scale ET estimations, remote sensing technology plays an irreplaceable role for its convenience of obtaining the land surface parameters spatially, such as surface emissivity, surface temperature (LST), surface albedo, and vegetation indexes, which are the necessary driving factors of ET simulations. For the past decades, many remote sensing ET models were developed and widely applied, and validated worldwide over various land-use types. The surface energy balance (SEB) and the remote sensing-driven Penman–Monteith or Priestly–Taylor approaches are the two most popular categories of ET models. The surface energy balance (SEB) models initially compute the surface energy balance components, i.e., the net radiation flux (Rn), the soil heat flux (G), and the sensible heat flux (H). Thus, the ET-related latent heat flux (λET) is calculated as the residual of the surface energy balance equation, i.e., λET = Rn-G-H. The key of SEB models is to estimate each energy component accurately, especially the net radiation and sensible heat fluxes. The calculation process of H is complicated, and it is hard to accurately determine the aerodynamic parameters for the transfer of heat fluxes when using the remote-sensing LST instead of the aerodynamic temperature [3]. Some of these methods consider the land surface as a single layer, i.e., a “big-leaf”, and the energy fluxes from vegetation and soil components are estimated indiscriminately, such as the Surface Energy Balance Algorithm for Land (SEBAL) [4], the Surface Energy Balance System (SEBS) [5], and the Satellite-based Energy Balance for Mapping Evapotranspiration with Internalized Calibration (METRIC) [6]. However, some models compute evaporation (E) from the soil and transpiration (T) from plants separately, e.g., the Two-Source Energy Balance Model (TSEB) [7], the Atmosphere–Land Exchange Inverse (ALEXI) [8], and the ALEXI flux disaggregation approach (DisALEXI) [9]. The Penman–Monteith (PM) or Priestly–Taylor (PT) approaches have also been further developed, and multi-source remote sensing products are used as the primary inputs, e.g., the PM-based MODIS evapotranspiration product algorithm (MOD16) [10] and the Priestley–Taylor–Jet Propulsion Laboratory (PT-JPL) ET algorithm.



However, it is also challenging to estimate regional ET accurately with the high temporal resolution for some practical reasons. Firstly, the remote sensing satellites observe the land surface at an instantaneous scale and may be significantly affected by the weather [11]. The absence of thermal infrared LST and surface reflectance caused by clouds may affect the SEB, PM, and PT ET models’ performance. Although numerous data fusion algorithms can interpolate the missing thermal infrared LST using the coarser-resolution microwave or reanalysis LST data, it also brings new errors for the algorithms’ uncertainty or coarser data [12]. Secondly, time expansion methods get additional errors when transforming the remote sensing computed instantaneous land surface energy fluxes into daily evapotranspiration in SEB models [13]. Thirdly, evapotranspiration mapping using SEB models across complex hydroclimatic conditions proves challenging due to the difficulty of solving the energy balance equations and the required model parameters because of the increased uncertainty with instantaneous input data and model structures [14].



In contrast, the daily meteorological data are more stable than the instantaneous observed meteorological data [15]. An effective way to improve the robustness of daily evapotranspiration estimation is reducing the input of instantaneous variables and avoiding solving each surface energy component [16]. Senay et al. [16] introduced a novel parameterization to an existing simplified modeling approach to produce a seamless daily ET using the Operational Simplified Surface Energy Balance (SSEBop) approach, which only needs the daily meteorological data, the LST, and vegetation index from remote sensing. The PM and PT approach also can compute daily ET based on daily variables directly. The remote sensing-based PM and PT model (RSPMPT) that uses the P–M equation for canopy transpiration and the P–T equation for soil evaporation takes advantage of both models’ strengths [17,18]. RSPMPT considers both the aerodynamic and canopy resistance and does not require additional soil parameter inputs (e.g., soil moisture) to calculate soil evaporation.



The China Meteorological Assimilation Driving Datasets for the SWAT model (CMADS) reanalysis dataset can provide daily meteorological products and has been widely applied in hydrological simulations, and produced better results in China [19]. However, the CMADS still showed various uncertainties in China’s climatic regions when estimating potential ET [20,21]. Tian et al. [21] found CMADS wind speed causes PET to be underestimated for central and western China, whereas solar radiation causes PET to be overestimated. Whether CMADS data applies to actual ET estimation over irrigated fields in northwest China’s semi-arid and arid areas still needs careful investigation.



In this study, the CMADS daily variables were selected as the meteorological data for actual ET estimation. The RSPMPT and SSEBop models were adopted to compute continuous daily ET over irrigated fields in an oasis–desert region in the northwest of China. The modeled daily ET was also compared with the SSEBop global ET product provided by Senay et al. (2013) [15]. The results were validated using in situ observations from automatic meteorological and eddy covariance systems installed in the study area. Furthermore, the uncertainties resulting from CMADS data and the different schemes of models, the models’ performances for cloudy days, and the error analysis are discussed.




2. Materials and Methods


2.1. Study Area


The Heihe River Basin (HRB) is the second-largest inland river basin in the arid region of northwest China. The study area is located in an oasis–desert region in the middle reaches of the HRB and is distributed in a range of about 150 km × 150 km. The elevation ranges from 2000 to 3000 m above sea level (a.s.l.), and the annual precipitation is 100 to 250 mm. Maize is the main crop of the irrigated fields that grows from April to October and consumes plenty of the limited water resources, covering approximately 12% of the entire HRB [22]. There is no crop in the fields from November to March.



Figure 1a shows the standard false-color composite image from the GF1 WFV3 sensor in 2016 with a spatial resolution of 16 m. The red part is the central area of the oasis, and the blue point is the location of the meteorological station. The land-use type extracted from the MCD12Q1 International Geosphere-Biosphere Programme (IGBP) product is shown in Figure 1b; this region is mainly covered by croplands, grasslands, barren areas, etc. The grassland in Figure 1b is primarily alpine meadow. It is close to the upper reaches of HRB, where the maximum altitude is approximately 5000 m a.s.l. and the minimum air temperature approaches −40 °C. Over the past few decades, many scientific experiments have been carried out to better understand the ecological and hydrological process of the Heihe river basin [23].




2.2. EC and AWS Data


The observation system of meteorological elements gradient of superstation installed in the Daman irrigated area continuously collects data using eddy covariance and automatic weather systems through the HiWATER projects [24,25]. The ground-based measurements from 2013 to 2016 of this site were used to validate the estimations.



The raw EC observations were processed by EdiRe software, including spike detection, lag correction of H2O/CO2 relative to the vertical wind component, sonic virtual temperature correction, coordinating rotation, correction for density fluctuation, and frequency response correction. The half-hourly sensible heat flux (H) and latent heat flux (LE) were provided in the final released EC measurements.



The automatic weather system (AWS) observations were provided at every 10 min frequency, including the surface net radiation (Rn), the soil heat flux (G) measured using soil heat flow plate at a depth of 6 cm underground, mean soil temperature measured at the depths of 2 to 4 cm underground, soil moisture at different depths, wind velocity, air temperature and humidity at different heights, etc. The AWS measurements were averaged to 30 min frequency to keep consistent with the eddy data. The soil heat flow plate measured G was corrected by the Averaging Soil Thermocouple Probe (TCAV) [26] method based on the mean soil temperature and soil moisture measurements.



To solve the energy non-closure, the Bowen ratio correction method was adopted under the assumption that the ratio of latent heat to sensible heat is constant before and after closure correction [27]. Finally, the mean diurnal variation (MDV) method was used to fill the latent heat gaps to obtain continuous daily evapotranspiration measurements [28]. The average yearly ET from 2013 to 2016 is 759.5 mm, which is close to the value of 760.5 mm at the same site, according to Zhou et al. (2018) [29].




2.3. MODIS and CMADS Data


The MODIS remote sensing products, including the 500 m resolution daily land surface reflectance (MOD09GA) and 1 km resolution land surface temperature (MOD11A1), were used for ET model calculation. The Normalized Difference Vegetation Index (NDVI) was computed based on the near-infrared and red bands reflectance. This study also used the version 4 SSEBop Monthly Evapotranspiration product for comparison (From https://earlywarning.usgs.gov in 1 October 2020). As reported, it improves ET’s spatial accuracy by subdividing and modeling each MODIS tile into 25 units [15].



To eliminate the noise caused by cloud on the vegetation index, the Savitzky–Golay filtering was employed to process the daily NDVI. The upper envelope defined by the local maximum was detected to obtain a new NDVI time series. The leaf area index (LAI) and fractional vegetation cover (fv) were calculated using the empirical formulations calibrated based on NDVI and observed values in the same study area [1].



The version 1.1 CMADS datasets (From http://www.cmads.org in 1 October 2020) contain the daily averaged wind speed at 10 m height (m/s), the daily maximum and minimum air temperature (Tmax and Tmin, k), daily mean air temperature (Tmean, k), and daily mean relative humidity (RH) and solar radiation (Rs, MJ∙m−2∙d−1) with 25 km resolution. The MOD11A1 and CMADS data were interpolated to a spatial resolution of 500 m by the bilinear method [21]. As the Penman–Monteith reference evapotranspiration equation needs the wind speed at the height of 2 m (u2), the CMADS wind velocity was transformed into this height using the wind profile equation [30].




2.4. Methods


2.4.1. Daily Net Radiation


The daily net radiation can be expressed as the difference between the incoming net shortwave radiation (Rnsd) and the outgoing net longwave radiation (Rnl):


   R n  =  R  n s d   −  R  n l    



(1)






   R  n s d   = ( 1 − α )  R s   



(2)




where α is the albedo and was set as 0.23 for the hypothetic grass reference crop, and Rs is the solar radiation that can be derived from CMADS. The outgoing net longwave radiation (Rnl) was computed based on the daily maximum and minimum air temperature, daily mean vapor pressure, and the extraterrestrial solar radiation (Ra), according to Senay et al. (2018) [16].



Senay et al. [16] introduced a new modification to estimate the solar radiation by replacing the clear-sky with the ”average-sky” condition; kRs is the adjustment coefficient and ranges from 0.16~0.19.


   R s  =  R a  ×  k  R s   ×    T  max   −  T  min      



(3)







The average-sky condition assumes a given pixel in a given day will be subjected to an average cloud cover for the rest of the day despite the clear-sky condition during the instantaneous moment of satellite overpass, avoiding a general overestimation of the net radiation, which would lead to an overestimation of ET [16]. The two approaches for solar radiation computation were compared with the AWS measured ground truth to determine a better solution.




2.4.2. RSPMPT Model


The RSPMPT model computes the total latent heat flux as the sum of the transpiration from the vegetation canopy [31] and the soil surface evaporation [32]. The main formula will vary depending on whether the wet canopy evaporation term is distinguished [17,18]. In this study, the simple form was used and calculated as follows:


  λ E T =   Δ R  n c  + ρ  C p     e s  −  e a     r a      Δ + γ  (  1 +    r c     r a     )    +  [   (  1 −  f  w e t    )   f  s m   +  f  w e t    ]   α  p t    Δ  Δ + γ    (  R  n s  − G  )   



(4)




where Rnc, Rns, and G are the daily net radiation (W·m−2) over canopy and soil surface and the soil heat flux (W·m−2), respectively. Rnc and Rns were estimated by the fractional vegetation cover (fv) along with the net radiation, G was estimated by the ratio of soil heat flux to net radiation according to Su (2002) [5], λ is the latent heat of evaporation of water, Δ is the slope of the saturation vapor pressure versus temperature curve [30], γ is the psychrometric constant of ~0.066 (Kpa·K−1), ρ is the air density (kg·m−3), Cp is the specific heat of the air (J·kg−1·K−1), and es and ea are the saturated and actual vapor pressures (Kpa) and calculated by the daily mean air temperature and relative humidity (RH) from CMADS data. The relative surface wetness (fwet) is used to determine whether the surface is wet or not and is equal to RH4. The fsm is a soil moisture constraint used as an indicator of surface soil moisture. The coefficient αpt is an empirical multiplier and was initially set to 1.26 for well-watered surfaces. The canopy resistance rc (s/m) was found to vary with different environmental variables and was modeled as a product of the response functions to the environmental factors according to Jarvis’s model [33]. As soil moisture is not available in CMADS data, the solar radiation (fsd), the vapor pressure deficit (fvpd), and the air temperature (fta) factors were considered to scale the minimum canopy resistance (rcmin) as follows:


   r c  =    r  c min     LAI   ×  f  s d   ×  f  v p d   ×  f  t a    



(5)







The rcmin was set as 36.6 s/m, which was optimized by MODIS and meteorological data in the same research area [34]. The aerodynamic resistance ra (s/m) controls heat and water vapor transfer from the evaporating surface into the air above the canopy. It was calculated mainly based on the surface aerodynamic roughness and the daily wind velocity from CMADS. The RSPMPT model can thoroughly explain how plants’ transpiration rate varies with the increase or decrease in the environmental constraints under different conditions [35].




2.4.3. SSEBop Model


The SSEBop model assumes that the available net radiation mostly drives the surface energy balance process. Differences in land surface temperature can quantify a decline in ET due to water stress and other factors. SSEBop directly estimates pixel-based actual evapotranspiration (ETa) by multiplying the ET fraction (ETf) and reference ET (ETr) as follows [15]:


  E  T a  = E  T f  ×  k  max   × E  T r   



(6)




where the kmax is the coefficient that scales the grass reference ET (ETr) into the level of a maximum ET experienced by an aerodynamically rougher crop, and a recommended value for kmax is 1.2. The ETr is calculated using the FAO-56 PM equation with the support of CMADS daily meteorological parameters [30].


  E  T r  =   0.408 Δ (  R n  − G ) + γ   900    T  m e a n      u 2  (  e s  −  e a  )   Δ + γ  (  1 + 0.34  u 2   )     



(7)







The ET fraction is a critical parameter for the actual ET computation in SSEBop, and is calculated as:


  E  T f  = 1 −    T s  −  T c    d T    



(8)




where the Ts is the MODIS land surface temperature; dT is a predefined temperature difference (K) between the “hot-dry” and “wet-cold” surfaces for each pixel and calculated as:


  d T =    R n  ×  r  a h     ρ ×  C p     



(9)




where rah is the aerodynamic resistance to heat flow from a hypothetical bare and dry surface (110 sm−1), and the minimum value of dT is recommended as 6 K, reducing the ET uncertainty in cold climates. The Tc is the estimated Ts at the idealized “cold-wet” limit for each pixel and computed as:


   T c  = c ×  T  max    



(10)






  c =    T  s _ c o l d      T  max      



(11)




where c is a scene-specific factor that relates air temperature to Ts_cold, which is the average land surface temperature on a well-watered, fully transpiring vegetation surface, Ts_cold is obtained on all pixels where NDVI is greater than or equal to 0.7 in the image of a particular day [36]. If no pixels in the images of some days meet the NDVI conditions, the median value of all the effective c values within that year is used to replace the c value of those images. The minimum ETf is set to 0. The maximum ETf is 1.05, and the ETf exceeding 1.3 is suspected of being contaminated by clouds and is filled through temporal interpolation by assuming linear relationships between two consecutive satellite dates. The SSEBop model eliminates the subjectivity and uncertainty that could be introduced during manual hot and cold reference selection, and more details can be found in [14,15,16,37,38].






3. Results


3.1. Daily Net Radiation


Daily (24 h) net radiation (Rn) is the energy boundary condition of the two models. The two approaches, one computed from the CMADS solar radiation (CMADS Rn), the other from the SSEBop equations under the “averaged sky” assumption (SSEBop Rn), were compared with the AWS measured daily net radiation. Generally, both the two methods could reflect the annual change of daily net radiation. However, there was an evident overestimation of daily net radiation based on the CMADS solar radiation, which had a higher root mean square error (RMSE) of 7.23 MJ∙m−2∙d−1. In contrast, the daily net radiation from SSEBop had a lower RMSE of 3.12 MJ∙m−2∙d−1 from 2013 to 2016. Figure 2 also shows the overall Nash–Sutcliffe efficiency (NSE), coefficient of determination (R2), mean bias error (bias), and percent bias (PBias) statistics for daily net radiation estimations. The NSE value close to 1 represents the overall high simulation accuracy of the model. The negative bias and PBias values indicated that both the two approaches overestimated daily net radiation. The bias error can be removed by applying the bias correction. It was found that both the NSE and RMSE improved after bias correction for the two approaches. The NSE increased to 0.77 and 0.72, and the RMSE decreased to 2.51 and 2.66 MJ∙m−2∙d−1 for SSEBop and CMADS Rn, respectively. It can be concluded that although the SSEBop Rn slightly overestimated the daily net radiation, it had lower RMSE, better NSE than those of CMADS Rn before or after the bias correction. As the assessment of outgoing longwave radiation had the same formula, the overestimation of CMADS Rn primarily resulted from the uncertainties of the solar radiation provided by CMADS data. As reported by Santhi et al. (2001) [39], the model performance was considered to be acceptable if the NSE and R2 were larger than 0.5 and 0.6, respectively. It is more convenient to compute daily net radiation from CMADS data when there is no site of observed sunshine duration. The SSEBop Rn approach was chosen to drive the two models for actual evapotranspiration simulation for its higher accuracy.




3.2. Validation of the Estimated ET with EC Measurements


The daily ET computed from RSPMPT, SSEBop with CMADS data, and derived from the version 4 SSEBop monthly global evapotranspiration product (hereafter, RSPMPT-CMADS, SSEBop-CMADS, SSEBop-Global) were compared with the eddy covariance system measured ET from 2013 to 2016 (Figure 3 and Table 1).



As shown in Figure 3a and Table 1, both the RSPMPT-CMADS and SSEBop-CMADS showed a good performance of daily ET compared to the ground truth. Overall, the performance of RSPMPT with locally calibrated parameters (fv and LAI) was slightly better than that of SSEBop, with higher NSE (0.84 vs. 0.78) and R2 (0.86 vs. 0.81), lower RMSE (0.78 mm·d−1 vs. 0.90 mm·d−1), although it had higher bias (0.03 mm·d−1 vs. 0.01 mm·d−1) and PBias (1.41% vs. 0.59%) from 2013 to 2016. Figure 3b shows the change process of monthly ET derived from different approaches and the EC observations. All the methods have the potential to deliver consistent changes in ET at different crop phenological stages. On the monthly scale, the NSE and R2 of the two methods became higher, and the RMSE was close; the RSPMPT still had higher bias and PBias than SSEBop. Unlike other years, both the two models tended to overestimate ET from June to August in 2015.



Table 2 shows the statistics of averaged measured and estimated ET in different crop growth stages from 2013 to 2016. From November to February, there is no crop in the field during the cold and dry winter, and the croplands have little water or energy for evaporation. In this study area, spring agricultural irrigation was carried out in mid-March. Due to the increase of soil moisture content, farmland ET gradually began to increase. In March, the average ET approached 40.7 mm, and SSEBop-CMADS had the best estimates, with a PBias of 6.7%. In contrast, the SSEBop-Global showed an apparent underestimation (with an average ET of 5.9 mm and a PBias of 85.4%). As crop growth requires a lot of irrigation during the growing season, both vegetation transpiration and crop evaporation begin to rise. Much higher ET values were found in both estimations or observations during the crop peak growing season from June to August. The three approaches had similar estimation accuracy, with PBias from −6.3% to 2.8% during this period. At the early and late stages of crop growth, roughly during April to May and September to October, the cropland ET was lower than that in peak growing season, and RSPMPT-CMADS had the best performance.




3.3. Spatial Comparisons of the Estimated ET


Figure 4 shows the cropland’s evapotranspiration maps from 2013 to 2016 in the study area. The evapotranspiration spatial distribution obtained by different methods was inconsistent. The RSPMPT-CMADS and SSEBop-CMADS had more similar ET patterns, while the SSEBop-Global showed lower annual ET throughout this region.



Although the underlying surface is homogeneous, the maps demonstrate the spatial heterogeneity of evapotranspiration, which may be caused by the differences in irrigation intensity, irrigation types, crop types and conditions, and other environmental factors. In general, the RSPMPT-CMADS had spatially higher ET than the other two approaches and mostly ranged from 680~810 mm/y in the years 2013, 2014, and 2016. In 2015, both the RSPMPT-CMADS and SSEBop-CMADS had spatially more extensive ET than those of other years in the Daman irrigated area around the EC and AWS station.



The density scatter plots of the RSPMPT-CMADS and SSEBop-CMADS estimated annual croplands evapotranspiration from 2013 to 2016 are displayed in Figure 5. There was a moderate correlation between the two models’ estimations with the correlation coefficients between 0.66 to 0.77 based on the statistic from more than 6500 pixels. The RSPMPT-CMADS computed higher ET than that of the SSEBop-CMADS from 2013 to 2016 in the study area. Relative large RMSE values were found between the two models, ranging from 74.0 to 107.2 mm/year, indicating the two approaches’ different performances at spatial scale. The ET density told that more pixels were concentrated in evapotranspiration between 600~800 mm/year for the two methods, and the highest density of annual ET was around 700 mm/y for the croplands.




3.4. The Models’ Performances for Cloudy Days


The most critical part to continuously monitor ET by remote sensing is to reconstruct the ET time series of cloudy days. The LST quality control documents in the MOD11A1 product were used to determine whether there are clear pixels or not around the EC site. Figure 6 and Table 3 show the scatter plots and the statistics for the estimated ET by the two models on clear and cloudy days. From 2013 to 2016, there were 805 clear days and 656 cloudy days. The RSPMPT-CMADS and SSEBop-CMADS models had the coefficients of determination (R2) of 0.89 and 0.84 on clear days. On cloudy days, both models’ performance decreased slightly with R2 of 0.79 and 0.73, respectively. However, the root mean square errors (RMSE) of the two models were low on both clear and cloudy days. The relatively high NSE and R2 for both clear and cloudy days indicates the effectiveness of the two models for estimating evapotranspiration continuously over irrigated fields. From the bias and PBias, both the two models showed slight overestimation of ET on cloudy days. Table 4 shows the canopy resistance (rc) and ETf during the crop growing and non-growing seasons, which are the critical parameters of RSPMPT and SSEBop, respectively. Lower canopy resistance and higher ETf were found in the growing season. In both growing and non-growing seasons, the daily canopy resistance on cloudy days was higher than on clear days. The solar radiation environmental stress increased due to the decrease of the downward solar shortwave radiation on cloudy days. However, the ETf in SSEBop models did not show a significant decline on cloudy days. Therefore, in contrast, SSEBop is more likely to overestimate ET on cloudy days, with a PBias of −6.5%, which is lower than that of the RSPMPT (−2.2%). The RSPMPT estimated ET on cloudy days using smoothed NDVI and the meteorological data, whereas the SSEBop model estimated ET by filling the ETf on cloudy days through temporal interpolation based on adjacent valid ETf values. The ETf variations caused by the changes of environmental factors are not considered in the interpolation process.




3.5. The Models’ Performances for Growing Season


It is essential to identify the evapotranspiration estimation accuracy in crop growing season when the model is used in crop water-consuming monitoring [40]. Table 5 shows the error statistics for the evapotranspiration from RSPMPT-CMADS and SSEBop-CMADS models during growing and non-growing seasons. The simulation accuracy of the two models in the crop growing season is significantly better than that in the non-growing season. The RSPMPT-CMADS had higher NSE and R2, and lower RMSE than the SSEBop-CMADS in both growing and non-growing seasons. However, the SSEBop-CMADS had better bias and PBias, especially in the non-growing season, and the RSPMPT-CMADS significantly underestimated cropland evapotranspiration. During the non-growing season, soil water evaporation is the primary source of evapotranspiration. The canopy resistance in the RSRMPT model is substantial (~5000 s/m) as the LAI is very low, so the ET from vegetation decreases. The soil transpiration is scaled from its potential level based on the soil moisture constraint and relative surface wetness. The soil moisture constraint estimated by vapor pressure has more uncertainties than that estimated by soil moisture [41]. It takes a long time and a more extensive range for surface soil moisture change to affect the water vapor pressure near the surface. The soil moisture constraint estimated by vapor pressure is more suitable for evapotranspiration estimation over large scales and long time intervals (e.g., eight days). In contrast, the pixel-based land surface temperature can be sensitive to soil moisture. The irrigated fields with higher soil moisture always experience cooler land surface temperature than the dryland fields [40]. The better bias proved that when soil moisture changes in the non-growing season (e.g., irrigation before sowing or after rainfall), the SSEBop model has more potential to reflect the evolution of evapotranspiration. It is consistent with the statistics shown in Table 2 that the SSEBop model can effectively reflect the increase of evapotranspiration caused by irrigation around the AWS station before sowing in March.





4. Discussion


Both RSPMPT and SSEBop models are easy to apply at a regional scale because they do not need to compute each intermediate variable in the SEB equation and can compute daily ET without instantaneous estimations. Since CMADS directly provides daily meteorological parameters necessary for the two models, it is of great convenience to simulate ET by combining the two models with the CMADS data. The validation of daily net radiation shows that the overestimation of CMADS solar radiation leads to a lower negative percent bias (PBias), indicating the apparent overestimation of net radiation. It is recommended to use the maximum and minimum air temperature to compute the daily net radiation by CMADS under “average-sky” conditions.



As can be seen in Figure 3, both the two models overestimated ET in 2015 significantly. Since the daily net radiation estimations do not show apparent annual variation, the CMADS daily meteorological variables were further explored and compared to the AWS averaged measurements from 2013 to 2016. As shown in Figure 7, from 2013 to 2016, the wind speed was apparently higher than the other years. In addition, the air temperature (minimum, maximum, and averaged) and air pressure were slightly higher in 2015 than those in other years. Significantly higher wind speed may compute lower aerodynamic resistance and lead to higher canopy transpiration for RSPMPT and higher reference evapotranspiration for SSEBop.



In previous studies, the two models’ uncertainties have been thoroughly discussed [18,42]. The sensitivity analysis of the RMPMPT model showed that the canopy resistance was responsible for 95.7% of the variability in the ET results [18]. In this study, the Savitzky–Golay filtering was used to process the daily NDVI smoothing. Daily NDVI calculated the daily LAI, and the LAI and meteorological data estimated the canopy resistance. RSPMPT is easier to use because it does not require land surface temperature input. However, the parameters, LAI, and the fractional vegetation cover (fv) were also critical and sensitive for the model calculation [1,43]. At present, statistical regression methods are used to optimize the estimation of these parameters. In this study, the regression formula with local calibration in the same study area was used. ET estimation accuracy was improved compared with other LAI and fv empirical formulas (not shown).



The SSEBop model is sensitive to input variables, land surface temperature (LST) and reference ET, and parameters, differential temperature (dT), and maximum ET scalar (kmax), particularly during the non-growing season and in dry areas [42]. The necessary process of the SSEBop model is to determine the cold pixel coefficient (C factor) within the image range and calculate the “hot/dry” and “cold/wet” surface temperatures at the two idealized reference conditions for each pixel in the same period. Ji et al. (2019) defined the cold pixel as NDVI > 0.7 for vegetation cover based on the knowledge and experience with the use of satellite-derived vegetation indices in ET modeling and mapping [36]. In this study, the cold pixels were determined over the cropland, mostly located in the middle reach of the Heihe river basin. Besides, cold pixels can also be determined over all vegetation types within the image. For comparison, Figure 8 shows that the C values calculated over croplands were slightly higher than those of C calculated over all vegetation types. By comparing the minimum, maximum, middle, and average values of the C factors calculated by the two methods, it was found that the maximum value was almost the same. In contrast, the C factor’s minimum values had a large gap, and the median and average values had a slight gap, which showed that the C factor calculated by all vegetation types was lower.



According to Senay et al. (2018) [16], the median value of the C factor within one year is suggested to replace the image without “cold/wet” pixels. In farmland area, the period when “cold/wet” pixels cannot be found is mostly non-growing season. A lower median value of the C factor may lead to a lower ET fraction (ETf) value in this period. Figure 9 shows the daily ETf values from 2013 to 2016, and the lowest values calculated over all vegetation types concentrated on non-growing season. A lower ETf means a lower ET estimate. From 2013 to 2016, the pixel-averaged cropland ET estimated by C factor calculated over all vegetation types was about 40 mm lower than that estimated by C factor calculated over croplands only. The possible reason is that alpine meadow surface temperature in high-altitude areas is lower than that of farmland. Simultaneously, the spatial resolution of CMADS is coarse, and the difference of maximum temperature between the two types is not as evident as that of surface temperature. It is worth noting that the version 4 SSEBop ET product is also significantly underestimated in the non-growing season, which eventually leads to the underestimation of annual crop ET. This product improves the spatial accuracy of ET by subdividing and modeling each MODIS tile into 25 units. However, it is also an extensive area, close to 450 km, due to the MODIS scan width of 2330 km. To a large extent, if the altitude, climate, and vegetation types vary significantly in different parts, the selection of vegetation types is also crucial for determining cold pixels.




5. Conclusions


Monitoring cropland ET continuously is essential for agricultural water resources management and drought monitoring, especially for the arid areas with limited water resources. Remote sensing-based ET models can simulate the spatiotemporal features of ET.



This study’s main objective was to evaluate the performance of the RSPMPT and SSEBop models driven by MODIS and CMADS data over irrigated fields in the Heihe river basin of China. The eddy covariance observed ET was used to make a quantitative evaluation of the models.



This study demonstrated that both the RSPMPT and SSEBop models produced robust daily ET results. Overall, the SSEBop model’s performance was slightly inferior to that of the RSPMPT model with local calibration. The performance result also strengthens the useful application of the CMADS data for daily ET estimation. The solar radiation is overestimated, and the wind speed has an apparent interannual mutation from 2013 to 2016 in the study area. This study also found that the cold pixel coefficients (C factor) in SSEBop determined over all vegetation types or croplands caused different ET estimation. The ET estimated using C factors from all vegetation types was lower than using C factors from croplands. During the non-growing seasons, the C factor cannot be determined from croplands. The C factor calculated over alpine meadow was too low for the croplands during this period due to the increase of soil evaporation caused by the irrigation before sowing. It is more reasonable to replace the C factor in non-growing seasons with the medium C factor values over croplands of one year. It proved that the selection of vegetation types is also crucial for determining cold pixels in the SSEBop model if the altitude, climate, and vegetation types vary significantly in different parts of the research area. On cloudy days, the SSEBop model is more likely to overestimate evapotranspiration than the RSPMPT model because its ETf time expansion method does not consider environmental factors’ impact. During the non-growing season, the SSEBop model was more sensitive to the change of evapotranspiration caused by irrigation before sowing, which had a lower bias, and the random error accounted for the most proportion of total errors.



To conclude, this is the first comprehensive validation and comparison of the two simple and popular ET models driven by MODIS and CMADS data (e.g., RSPMPT-CMADS and SSEBop-CMADS) over irrigated fields in the Heihe river basin. The two approaches both had the potential to model continuous ET over irrigated fields at spatiotemporal scales and reflect the heterogeneity of croplands ET caused by different crop species, crop growth, and irrigation amount. The SSEBop is more practical over a large area because it has more capacity to capture the ET heterogeneity of irrigated fields and needs less empirical coefficient, especially in the absence of measured data, to optimize the RSPMPT model parameters.
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Figure 1. (a) The standard false-color composite image for the oasis–desert area from the GF1 WFV3 sensor in 2016; (b) the land-use type from MCD12Q1 IGBP class product. 
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Figure 2. Comparisons of daily net radiation estimated from different methods with AWS measured ground truth. 
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Figure 3. Comparisons of daily ET (a) and monthly ET (b) derived from different approaches with EC measured ground truth. 
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Figure 4. Annual accumulated evapotranspiration of the study area derived from the three approaches (RSPMPT-CMADS, SSEBop-CMADS, SSEBop-Global) from 2013 to 2016. 
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Figure 5. Density scatter plots of the RSPMPT-CMADS and SSEBop-CMADS estimated annual evapotranspiration from 2013 to 2016. 
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Figure 6. The scatter plots for the two methods (RSPMPT-CMADS and SSEBop-CMADS) estimated ET versus EC observed ET on clear and cloudy days. 
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Figure 7. The mean meteorological variables from monthly averaged CMADS daily data from 2013 to 2016 around the AWS station. 
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Figure 8. The minimum, maximum, median, and average values of C factors calculated over croplands and all vegetation types, respectively, in the SSEBop model. 






Figure 8. The minimum, maximum, median, and average values of C factors calculated over croplands and all vegetation types, respectively, in the SSEBop model.



[image: Agriculture 11 00424 g008]







[image: Agriculture 11 00424 g009 550] 





Figure 9. The regional mean daily values of ET fraction (ETf) calculated over croplands and all vegetation types, respectively. 
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Table 1. The overall performance statistics of daily and monthly ET estimations from 2013 to 2016.
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Years

	
Temporal Scale

	
Methods

	
NSE

	
R2

	
Bias

(mm)

	
RMSE

(mm)

	
PBias

(%)






	
2013–2016

	
Daily

	
RSPMPT-CMADS

	
0.84

	
0.86

	
0.03

	
0.78

	
1.41




	
SSEBop-CMADS

	
0.78

	
0.81

	
0.01

	
0.90

	
0.59




	
Monthly

	
RSPMPT-CMADS

	
0.93

	
0.95

	
0.86

	
14.3

	
1.35




	
SSEBop-CMADS

	
0.93

	
0.94

	
0.34

	
13.7

	
0.53
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Table 2. Averaged measured and estimated ET in different crop growth stages from 2013 to 2016.
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Month

	
Measured Average

	
RSPMPT-CMADS ET (mm)

	
SSEBop-CMADS ET (mm)

	
SSEBop-Global ET (mm)




	
Estimated Average

	
PBias (%)

	
Estimated Average

	
PBias (%)

	
Estimated Average

	
PBias (%)






	
Nov–Feb

	
12.2

	
7.9

	
34.9

	
15.6

	
−28.0

	
3.6

	
70.3




	
Mar

	
40.7

	
24.5

	
39.8

	
37.9

	
6.7

	
5.9

	
85.4




	
Apr–May

	
53.6

	
52.5

	
2.1

	
43.2

	
19.4

	
31.3

	
41.5




	
Jun–Aug

	
143.4

	
152.4

	
−6.3

	
151.0

	
−5.3

	
139.3

	
2.8




	
Sep–Oct

	
66.5

	
65.4

	
1.5

	
58.0

	
12.8

	
40.9

	
38.5
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Table 3. The other statistics for the models estimated ET on clear and cloudy days.
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Days

	
Number

	
RSPMPT-CMADS

	
SSEBop-CMADS




	
NSE

	
Bias (mmd−1)

	
PBias (%)

	
NSE

	
Bias (mmd−1)

	
PBias (%)






	
Clear Days

	
805

	
0.86

	
0.08

	
3.3

	
0.82

	
0.11

	
4.4




	
Cloudy Days

	
656

	
0.73

	
−0.04

	
−2.2

	
0.65

	
−0.11

	
−6.5
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Table 4. The canopy resistance (rc) and ETf during the crop growing and non-growing seasons.






Table 4. The canopy resistance (rc) and ETf during the crop growing and non-growing seasons.





	
Month

	
Days

	
Number

	
rc (s/m)

	
ETf






	
Apr to Oct

	
Clear Days

	
504

	
160.1

	
0.61




	
Cloudy Days

	
352

	
271.9

	
0.63




	
Nov to Mar

	
Clear Days

	
301

	
3328.2

	
0.42




	
Cloudy Days

	
304

	
4205.7

	
0.47
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Table 5. The error statistics for the ET estimated by RSPMPT-CMADS and SSEBop-CMADS models.
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Year

	
Statistics

	
Growing Season

	
Non-Growing Season




	
RSPMPT-CMADS

	
SSEBop-CMADS

	
RSPMPT-CMADS

	
SSEBop-CMADS






	
2013–2016

	
NSE

	
0.74

	
0.67

	
0.35

	
0.10




	
R2

	
0.78

	
0.92

	
0.59

	
0.30




	
RMSE (mmd−1)

	
0.94

	
1.07

	
0.47

	
0.59




	
Bias (mmd−1)

	
−0.11

	
0.07

	
0.23

	
−0.06




	
PBias (%)

	
−3.42

	
2.23

	
37.48

	
−11.62

















	
	
Publisher’s Note: MDPI stays neutral with regard to jurisdictional claims in published maps and institutional affiliations.











© 2021 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).






media/file13.jpg





media/file4.png
40

J

Daily Rn (MJm™d!

[\
-
]

[
=
|

: MJM MN
ﬁ Al

DallyRn -\ ADS Rn: NSE=-1 02, R*=0.81, Bias= —6.72 MJm™d"!, PBias= —117.9% , RMSE= 7.23 MJm™d"’

{— SSEBop Rn

— CMADS Rn SSEBop Rn: NSE= 0.62, R*=0.76, Bias= —1.85 MJm?d", PBias= —32.4% , RMSE=3.12 MJm™d"

|

i

|
u&ﬁ“ WR \‘ﬁ,h W’“ (&l

1 T T T
2013 2014 Year 2015 2016






nav.xhtml


  agriculture-11-00424


  
    		
      agriculture-11-00424
    


  




  





media/file18.png
0.25 +

—— ETT calculated over all vegetation types: average value is 0.45
— ETf calculated over cropland: average value is 0.51 r=0.90. RMSE=0.11
90, .

| 1 1
2014 Year 2015 2016






media/file16.png
1.05 1.05
Minimum Maximum
1.00 -
0.95 v\.
1.00 - - ] = m
———
- /_‘—/
0.85
0.80 T , T , l r , 0.95 1 r 1 . y . T
2013 2014 2015 2016 2013 2014 2015 2016
1.05 Year 1.05 Year
Medimum Mean
1.00 - _ 1.00 -
0.95 - 0.95 -
0.90 . ‘ J ‘ | , | 0.90 . , I < I , |
2013 2014 2015 2016 2013 2014 2015 2016
Year Year

—=— ( factor calculated over croplands
—=— ( factor calculated over all vegetation types





media/file2.png
99°40'0"E  99°50'0"E  100°0'0"E  100°10'0"E  100°20'0"E  100°30'0"E 100°40'0"E
1 1 1 1 1 1

39°30'0"N

39°20'0"N

39°10'0"N

39°0'0"N
39°0'0"N

38°50'0"N
38°50'0"N

(a) (b)

A Land Use Type
[ ] Grasslands I Permanent Wetlands - Croplands
[ Urban and Built-up Lands [ ] Permanent Snow andIce | | Barren
| ® EC and AWS Station KM

0 1200 2400 KM =% 0 5 10 20 30 40
| | o






media/file5.jpg
12
—— EC Observed ET @
—— RSPMPTCMADS ET
9] ssEBopcMADSET
=
H
8
3
0
2013 014 Yer 2015 2016
2504 e BC Observed ET ()
—— RSPMPT.CMADS ET
L SSEBopCMADS ET
200 - SSEBop-Giobal ET
T
E
5
Zi0
=
0
o

201301 201307 201401 201407 201501 201507 201601 201607 201612





media/file3.jpg
a0

Daiy ke

Divia | cwads 020081, B 720 795 RSE= 723 |
AR R SSEBop R NSE- .62, R-0.7,Bs- 185 Ml . P 3005 RNSE- 1.2 M

£

£

ELY

£

Zh0

&

2013 2014 Year 2015 2016





media/file1.jpg
(@) ®
Land Use Type

[l Graslnds e Weterds [ Croplnds
L it and it Lands [0 Permanent S and ke

© FCand AW Sion by






media/file7.jpg
ETm
-
o o

RSPMIPECMADS SSEBop-CMADS. SSEBop-Glabal

2014 * < 2014

/

RSPMPT.CMADS SSEBop-CMADS. SSEBopGlabal

2015 2015 2015

RSPMIPECMADS SSEBop-CMADS. SSEBop-Glabal

2016 2016

RSPPTC






media/file10.png
SSEBOP-CMADS ET (mm/year)

SSEBOP-CMADS ET (mm/year)

1000

800

200

1000

800

200

r=0.77
RMSE=107.2 mm
N = 6568

2013 4
r =066
RMSE =74.04 mm
N = 6522

e o Hgh
""' lm
0 200 400 600 800 1000
RSPMPT-CMADS ET (mm/year)
2015 '

200 400 600 800 1
RSPMPT-CMADS ET (mm/year)

000

SSEBOP-CMADS ET (mm/year)

SSEBOP-CMADS ET (mm/year)

1000

800

200

1000

800

200

r =10.66

2014

RMSE =97.13 mm
N = 6564

200 400 600 800
RSPMPT-CMADS ET (mm/year)

"' l‘w
0 200 400 600 800 1000
RSPMPT-CMADS ET (mm/year)

2016 . .
r =07 ’
RMSE = 78.44 mm
N = 6570

o8 o e
"”‘ l‘“
1000





media/file12.png
*

RSPMPT-CMADS ET (mm/day)

Clear Days 9 Clear Days
. L) ‘ . 'a’ L ] .'

R*=0.89 * YO e R*=0.84 .
RMSE = 0.79 mm /

RMSE=0.92 mm

o))

SSEBop-CMADS ET (mm/day)

3 6 9 0 3 6
EC Observed ET (mm/day) EC Observed ET (mm/day)

>

‘s

RSPMPT-CMADS ET (mm/day)

Cloudy Days 9 Cloudy Days

R*=0.73 .
RMSE=0.89 mm . 9 L

R*=0.79
RMSE=0.78 mme

»

‘o

SSEBop-CMADS ET (mm/day)

f—

3 6
EC Observed ET (mm/day)





media/file9.jpg
o[ 2013 o
frred
RS 40t
§ | Wik 5 o
E H
a 2
&5 ol £ o)
g g
] J g
Em 3:-:7
e %
o] - S of -
s R W . e
T ADS [ —
2015 10001 2016
ol rhn ey
B [ . S 1 -
B N=6ses 3 s00f N=6s70
[ : i
B & wol
i :
g &
H H y
g .
] ]
% g |
i | o -
e T

RSPMPT-CMADS ET (mavyear) RSPMPT-CMADS ET (mmvyear)





media/file0.png





media/file14.png
Relative Humidity

Daily maximum air temperature (k)

0.6
280
0.4
0.2 ~ 2013 260 ~ 2013
- 2014 = 2014
- 2015 = 2015
ol 201!5‘ - 201!.")1
0.0 = AWS 240 = AWS
Jan Feh Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar  Apr May  Jun Jul Aug Sep Oct Nov Dec
Moaonth Month
Daily minimum air temperature (k) Daily averaged air temperature (k)
300 300
280 280
- 2014
= 2015
- ZGIF_
240 = AWS 240
Jan Feh Mar  Apr May  Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar  Apr May  Jun Jul Aug Sep Oct Nov Dec
Month Month
4 . . 200 .
Wind Speed (m/s) Air pressure (hpa)
3 875
2 850 S : ﬁ
| = 2013 825 = 2013
- 2014 = 2014
= 2015 = 2015
= 2016 -— 201?1
0 - AWS 800 - AWS
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec Jan Feb Mar  Apr May  Jun Jul Aug Sep Oct Nov Dec
Month Month






media/file8.png
RSPMPT-CMADS

SSEBop-CMADS

2015

SSEBop-CMADS

SSEBop-Global

2015

SSEBop-Global

0 1020

ET(mm)
B o640
[ 640 - 680
[ |680-710
B 710-750
B 750790
- =790

ET(mm)

B 0-630
[ 630 - 680
[ 1 680-720
B 720 - 760
B 760 - 810
Bl -cio

ET(mm)

B o - 700
[ 700 - 750
[ 1750-800
B 800 - 840
B 540 — 890
B - 200

ET(mm)

B o-620
[ 620 - 660
L1 660-700
B 700 - 730
B 730 - 780
Bl - 730

KM
40 60





media/file11.jpg
CMADS E

Clear Days o

K=089
RMSE=079mm

) Clear Days ,

R=0s4
RMSE= 092 min

K Observed ET (may) EC Oberved ET (maiey)
Cloudy Days ) Cloudy Days
#=0m . T .
RMSE=078mme 0 RMSE=089mm | 0 e

EC Observed ET (mm/day)

EC Observed ET (mm/day)






media/file6.png
———EC Observed ET (a)
— RSPMPT-CMADS ET
—— SSEBop-CMADS ET

b, (ll"
Wi, ol _
0 - I - T I - T
2013 2014 Year 2015 2016
] ! ] ! ] ' ]
250 —=— EC Observed ET
—e— RSPMPT-CMADS ET
—+— SSEBop-CMADS ET -
200 - —— SSEBop-Global ET
@ _.L“-.;-.
E150 - Y 7|
—
Ed|
2100 - i
=
o
>
50 -
(} -

| | | | | | | | I
201301 201307 201401 201407 201501 201507 201601 201607 201612






media/file15.jpg
105

1

095

o

oss

105

095

090

Minimum

~
.’/"_'/-

o e s 2016

Medimum

| ———mam— |

o e s 2016

105

10

095

105

10

095

030

Maximum
013 wsms e
Year
Mean

5\,,4::

13 e oms e

—=—C factor calculated over croplands
—=— C factor calculated over all vegetation types





media/file17.jpg
025

—— ETfcaleulated over all vegetation types: average value is 045
—— ETfcalculated over cropland: average value is 0.51 =0.90, RMSE=0.11

2013 2014 Year 2015 2016






