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Abstract

:

Accurately estimating the reservoir evaporation loss is crucial for water resources management. The existing research on reservoir evaporation loss estimates primarily focuses on large spatiotemporal scales and neglects the rapid dynamic changes to reservoirs’ surface area. For reservoirs essential for frequent flood control and regular water supply, high spatiotemporal evaporation data are crucial. By integrating remote sensing and the evaporation model, this study proposes a new method for the high spatiotemporal estimation of the evaporation losses from reservoirs. The proposed method is applied to the largest artificial freshwater lake in Asia, i.e., Danjiangkou (DJK) Reservoir. The daily reservoir water surface area is extracted at a spatial resolution of 30 m during the period 2014–2018 based on the Enhanced Spatial and Temporal Adaptive Reflectance Fusion Model (ESTARFM). The daily evaporation rate is estimated at a spatial resolution of 100 m using the generalized complementary relationship (GCR). The results show that the water surface area of the DJK Reservoir exhibits rapid and frequent fluctuations from 2015 to 2018, with a multi-year average area of 731.9 km2 and a maximum and minimum difference of 304 km2. Significant seasonal variations are observed in both the evaporation rate and volume, with a multi-year average evaporation rate of 806 mm and evaporation volume of 595 million m3. The estimated results align well with three other independent estimates, indicating that the GCR is capable of water surface evaporation estimation. Further analysis suggests that the data resolution has a great influence on the evaporative water loss from the reservoir. The estimated mean annual evaporation volume based on the 1000 m resolution water surface area data is 14% lower than that estimated using the 30 m resolution water surface area data. This study not only provides a new method for the high spatiotemporal estimation of reservoir evaporation by integrating remote-sensing data and the GCR method but also highlights that reservoir evaporation water loss should be quantified using the volume rather than the rate and that the estimated loss is noticeably affected by the estimation spatial resolution.
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1. Introduction


Water surface evaporation refers to the process in which water molecules on the surface of a water body transition from a liquid state to a gaseous state. This phenomenon constitutes a vital component of the hydrological cycle and has significant implications for water resources management [1], climate studies [2,3], and the functioning of ecosystems [4]. Reservoir water resources play a pivotal role in the sustainable societal and economic development of all nations. Due to the expansive open water areas of reservoirs, significant amounts of water are lost through evaporation annually [5]. Therefore, accurately quantifying the reservoir evaporative water loss is crucial for water resources management and sustainable utilization, and it can provide fundamental data and a basis for water resource protection [6,7].



The dynamics of reservoir evaporative water loss are influenced by both the water surface area and the evaporation rate. Most of the current research predominantly focuses on variations in the evaporation rate rather than the overall evaporation loss [8,9,10]. Evaporation rates alone may not provide an accurate depiction of the reservoir evaporation loss, especially for reservoirs where water surface area changes are usually huge due to floodwater utilization. Current studies on the quantification of evaporation losses from reservoirs mostly concentrate on large (e.g., globe and nation) or point (e.g., experimental site) scales [11,12,13,14]. The large-scale studies provide a fundamental understanding of terrestrial water surface evaporation at the global and national scales. However, the spatiotemporal resolutions of these estimations are relatively low and thus rapid changes in the water surface area and the consequences for reservoir evaporation are overlooked. The water surface of a reservoir can change rapidly over a few days, and it can significantly influence evaporation estimation [15]. Experimental site-scale research provides more accurate data, while the acquisition of data is challenging, and such data can only provide limited information on whole reservoir-scale evaporation [16]. Therefore, to acquire more detailed and continuous evaporation information from the reservoir, high spatiotemporal reservoir surface area and evaporation rate data are needed [17,18].



The reservoir surface area is usually inferred from in situ water level measurements. However, this method has some limitations in obtaining the continuous, accurate, and spatially distributed reservoir water surface area [19], which is critically important under the influence of artificial control for floodwater utilization [20]. Reservoir water level variations during the flood season can be up to tens of meters and spatiotemporal changes are highly dynamic, necessitating high temporal and spatial resolution for effectively monitoring changes in the water surface area [21]. Remote sensing has advantages in accurately obtaining the water surface area and has become the mainstream method in hydrology research [22,23,24]. Landsat-8 and MODIS are proven to have relative spatial and temporal advantages for water body monitoring [25]. However, there is a trade-off between high temporal and spatial resolutions, so it is necessary to adopt an image fusion algorithm to integrate the advantages of the two observations to obtain long-term, continuous and accurate time series of the water surface area [26]. Gao, et al. [27] introduced the Spatial and Temporal Adaptive Reflectance Fusion Model (STARFM), and the fusion results of this model are particularly suitable for monitoring rapidly changing land features at the regional scale. Subsequently, scholars have advanced this method, such as Zhu et al. [28], who proposed the Enhanced Spatial and Temporal Adaptive Reflectance Fusion Model (ESTARFM). This model has improved the capacity of the STARFM in the heterogeneous and changing region [29], and it has been applied widely [30]. Remote sensing has significantly improved our capacity to accurately map highly dynamic variations in the reservoir surface area, especially during the flood season.



Various methods have been successfully applied to estimate water surface evaporation rates, such as the Pan evaporation method [31], eddy covariance method (EC) [32], Bowen ratio energy budget method (BREB) [33], mass balance approach [34] and Penman equation [35,36]. The Pan evaporation method, EC and BREB rely on point observations, requiring station deployment for estimating evaporation. However, due to cost and site constraints, the limited station density makes them unsuitable for large-scale evaporation estimation. The mass balance approach is data intensive, requiring inputs of inflow, outflow, storage change, and water use data [37]. However, the intensive data requirement can lead to considerable errors [38]. The Penman equation is the most common method among the various combination equation methods [39]. It assumes that the relationship between the potential evaporation (    E   p a    ) and actual evaporation (    E   a    ) is proportional. But, the Penman method neglects the feedback of evaporation on the near-surface atmosphere [40]. The generalized complementary relationship (GCR) [41] is the latest form of complementary principle [42]. It considers the complex feedback of evaporative rate changes on atmospheric conditions and attributes the complex evaporation surface and atmosphere interactions to the changes in several meteorological elements, including the temperature, humidity, etc. [43]. The input data for the GCR method are mostly routine meteorological observations [44]. Recently, it has been validated and successfully applied in various climates and landscapes globally [41,45,46]. However, it has rarely been applied to estimate water surface evaporation and thus needs further verification.



This study proposes a new method by integrating the ESTARFM and GCR to allow for the high spatiotemporal estimation of evaporation from reservoirs. Danjiangkou (DJK) Reservoir, the largest artificial freshwater lake in Asia, is chosen as the study area. The DJK Reservoir serves as the source for the South-to-North Water Diversion Middle Route Project (SNWDP) that benefits more than 100 million people; thus, understanding its evaporation is important for water resources management. Specifically, our main objectives are: (1) to derive the water surface area of the DJK Reservoir at high spatial and temporal resolution; (2) to estimate the evaporation rate and volume of the DJK Reservoir at high spatial and temporal resolution; and (3) to demonstrate the capability of the GCR for estimating large reservoir water surface evaporation.




2. Methods


2.1. Surface Area Extraction


The ESTARFM is utilized for the fusion of high-resolution (Landsat) and coarse (MODIS) images [30]. The model takes into account the spatial variability of pixel reflectance, the spectral similarity between central and neighboring pixels, and temporal changes in reflectance values, effectively enhancing the fusion accuracy. Currently, this model has been widely applied in various complex and fragmented landscapes.



The ESTARFM requires two pairs of Landsat and MODIS images at the base date (    t   0    :     t   1     and     t   2    ) and MODIS images for the predicted time to generate Landsat images for the predicted time. Errors in the geometric and atmospheric corrections of the images are overlooked during the fusion process. However, systematic differences in surface reflectance may exist among images from different sensors. Hence, the relationship between the Landsat and MODIS reflectance with homogeneous land cover can be described by a linear model, which is expressed as:


  L   x , y ,   t   k   , b   = M   x , y ,   t   k   , b   +   ε   k    



(1)




where (  x , y  ) is a given pixel location for both the Landsat (L) and MODIS (M) images,   b   represent the predicted band,     t   k     is the acquisition date, and     ε   k     represents the difference between the observed MODIS and Landsat surface reflectance.



The algorithm further assumes that the system error (i.e.,     ε   k     in Equation (1)) is the same between periods [27]; thus, Equation (1) can be rewritten to approximate the Landsat reflectance at the predicted date (    t   p    ) as:


  L   x , y ,   t   p   , b   = L   x , y ,   t   0   , b   + ( M   x , y ,   t   p   , b   − M   x , y ,   t   0   , b   )  



(2)







Simultaneously, the ESTARFM algorithm introduces neighboring homogeneous pixels with similar spectral characteristics as auxiliary information to improve the fusion accuracy. Therefore, within a moving window, the predicted reflectance of the center pixel is as follows:


  L       x   w     2   ,     y   w     2   ,   t   p   , b   = L       x   w     2   ,     y   w     2   ,   t   0   , b   +   ∑  i = 1   N      W   i   ×   v   i   × ( M     x   i   ,   y   i   ,   t   p   , b   − M     x   i   ,   y   i   ,   t   0   , b   )    



(3)




where       x   w     2     and       y   w     2     represent the locations of the central pixel,       x   i   ,   y   i       is the location of the i-th pixel,     W   i     is the weight of the i-th similar pixel,     v   i     is the conversion coefficient of the i-th similar pixel, and   N   is the number of similar pixels.



To derive the water surface area utilizing the fused images generated by the ESTARFM, the first step involves delineating the land and water for each pixel. Next, the total water surface area is calculated by multiplying the number of classified water pixels by the grid cell size (900 m2). The water surface area of the reservoir for each period is extracted from the 15-day fused time series by Matthew’s water classification algorithm [47]. This approach involves calculating the mean   ( M )   and standard deviation   ( S )   of the Modified Normalized Difference Water Index (MNDWI) for regions that are likely to be water and land. Equation (5) is then applied to compute the appropriate threshold value     σ   0 W D    :


    σ   0 W D     t   =   M   W a t e r     t   + x   S   W a t e r     t   =   M   L a n d     t   + x   S   L a n d     t    



(4)




where     M   W a t e r     and     M   L a n d     represent the means of the water and land pixels, respectively;     S   W a t e r     and     S   L a n d     represent the standard deviations of the water and land pixels, respectively; and   x   is a multiplicative factor determined by equating the center and right-hand side terms of the Equation.



The threshold     σ   0 W D     obtained through Equation (5) is applied to classify the reservoir pixels, following the criteria outlined as follows:


  c l a s s   x , y , t   =       w a t e r ,     i f   σ   x , y , t   >   σ   0     t         l a n d ,     i f   σ   x , y , t   ≤   σ   0     t          



(5)








2.2. Evaporation Volume and Rate Estimation


For a comprehensive evaluation of the water loss from the DJK Reservoir, the evaporation volume (    V   E    ) is employed as the primary basis for evaluating the reservoir evaporation loss using Equation (1).


    V   E   = E ×     A   S     1000    



(6)




where     V   E     represents the daily evaporation volume (m3 d−1);    E  represents the daily evaporation rate (mm d−1); and     A   s     represents the daily water surface area of the reservoir (km2). The daily scale E is calculated using the GCR.     A   s     is determined through linear interpolation of the water surface areas extracted at 15-day intervals using the ESTARFM. The specific calculation procedure will be elaborated in the following subsection.



The complementary principle reveals the relationship among three types of evaporation [48,49,50]. The first is the actual evaporation (  E  ) of a natural land under drying conditions; the second is the evaporation occurring under ample water availability conditions, known as potential evaporation (    E   p o    ); and the third is the evaporation taking place on a small wet surface area, placed in the same environment and surrounded by the drying surface from which   E   is taking place, referred to as apparent potential evaporation (    E   p a    ). Under well-watered conditions, all the net radiation is converted into latent heat through evaporation, resulting in   E  ,     E   p a    , and     E   p o     being equal, i.e.,   E =   E   p o   =   E   p a    . However, in water-limited situations,   E   decreases, with a fraction of the net radiation not dissipated through evaporation transforming into sensible heat, increasing     E   p a    . The relationship among these three factors follows   E <   E   p o   <   E   p a    . This study adopts the generalized complementary relationship recently proposed by Brutsaert [51], with the model’s formula as follows:


  E =   (     E   p o       E   p a     )   2   ( 2   E   p a   −   E   p o   )  



(7)




where     E   p o   =   α   c     E   e    ,     α   c     is an adjustable parameter of the complementary relationship [45] and     E   e     represents equilibrium evaporation. The calculation method for     E   e     is as follows:


    E   e   =   Δ   Δ + γ     Q   n e    



(8)




where   Δ   is the slope of the saturation vapor pressure curve;   γ   is the psychrometric constant; and     Q   n e     represents available energy, measured in   m m     d a y   − 1    , and the equation is as follows:


    Q   n e   =   (   R   n   − G )   λ    



(9)




where     R   n     is net radiation, measured in W m−2;   λ   is the latent heat of vaporization (MJ kg−1); and G is the water heat flux, measured in W m−2. Due to the relatively small magnitude of G compared to     R   n     and its difficulty in terms of measurement, especially at smaller timescales, G was neglected in the estimation [9].     R   n     is calculated using     R   n   =   R   s i   −   R   s o   +   R   l i   −   R   l o    .     R   s o     and     R   l o     are the outgoing shortwave and longwave radiation.     R   s o     is obtained using     R   s o   = α   R   s i    , with   α   the surface albedo determined to be 0.06 [52].     R   l o     is calculated by equation     R   l o   =   ε   s   σ   T   a   4   ,   with     ε   s    the surface emissivity,   σ    the Stefan–Boltzmann constant (5.67 × 10−8, W m−2 K−4). The latent heat values to convert the net radiation into evaporation units are calculated using   λ = 2.501 − 0.002361   T   a      (MJ kg−1), where     T   a     is the air temperature 2 m above the surface.



The parameter     α   c     is determined using an empirical statistical model established by Brutsaert, Cheng and Zhang [41]:


    α   c   =   a   [ 1 +   ( b K )   c   ]    



(10)




where   a =   1.496;   b =   0.2948;   c =  0.6697; and K is the aridity index and is estimated as 1.27.



For     E   p a    , it can be measured using an evaporative pan [53,54]. Previous studies demonstrated that     E   p a     can be estimated by Penman equations [55].


    E   p a   =   Δ   Δ + γ     Q   n e   +   γ   Δ + γ     f   e   (   u   2   ) (   e   1   ∗   −   e   1   )  



(11)




where     u   2    (m s−1) is the average wind speed measured at a height of     z   2     above the surface, while     e   1    (hPa) is the vapor pressure recorded at a height of     z   1     above the surface, with the asterisk indicating saturation. For routine meteorological observations,     z   1     and     z   2     are 2 m above the surface. The wind function     f   e   (   u   2   )   is formulated through the Penman wind function [35] as:


    f   e   (   u   2   ) = 0.26 ( 1 + 0.54   u   2   )  



(12)







The vapor pressure     e   1     is estimated as     e   1   = 0.0016077   q   a i r   P r e s  , where     q   a i r     and   P r e s   are the specific humidity and surface pressure, respectively.





3. Study Area and Data


3.1. Study Area


The DJK Reservoir is situated in the middle and upper reaches of the Han River [56], spanning the provinces of Hubei and Henan (32°71′, 111°55′; Figure 1). It is the largest artificial freshwater lake in Asia, serving a crucial role as a water source for the Middle Route of the SNWDP. The reservoir fulfills multiple functions, including flood control, water supply, power generation, irrigation, navigation, and aquaculture [57]. Located in a subtropical monsoon climate [58], the reservoir experiences an average annual temperature of 15.8 °C and an average annual precipitation of 804.3 mm, with higher precipitation levels typically observed in July and September. The reservoir has a water surface area of 546 km2 and receives an average annual inflow of 39.48 billion m3, primarily from the Han River and its tributary, the Dan River. The reservoir underwent a dam heightening project starting in 2005, officially completing operations in 2013 [59]. This project raised the normal water level from 157 m to 170 m [60], increasing the reservoir’s maximum storage capacity to 29.05 billion m3. The Middle Route of the SNWDP became operational in December 2014, further impacting the reservoir’s dynamics. The reservoir undergoes multiple cycles of water storage and discharge each year due to various operational requirements, such as flood control, water resource utilization, and power generation, contributing to the highly dynamic nature of the reservoir’s water level. Due to the flat terrain around the reservoir, changes in the water level can result in significant variations in the water surface area.




3.2. Data


Six meteorological variables of the China Meteorological Forcing Dataset (CMFD) [61] were collected as input parameters for the application of the GCR in estimating the evaporation rate. The variables included the 2 m air temperature (    T   a    ), surface pressure (  P r e s  ), specific humidity (    q   a i r    ), 10 m wind speed (  W S  ), downward shortwave radiation (    R   s i    ), and downward longwave radiation (    R   l i    ). The dataset is available for the period 2014–2018, with a spatial resolution of 0.1° at the daily time scale. The   W S   data were reduced to 2 m above the surface by a mean reduction factor of 0.795 [(=2/10)1/7], which is required in the GCR. To explore the influences of different spatial resolution data on evaporation estimation, the input data were linearly downscaled to resolutions of 100 m, 1000 m, and 5000 m to obtain the evaporation rates at different resolutions.



To achieve image fusion, Landsat 8 OLI (Operational Land Imagery) Surface Reflectance and MODIS NBAR (Nadir BRDF-Adjusted Reflectance) imagery were chosen to be input pairs. The fused 15-day water surface series of the DJK Reservoir with a 30 m resolution was generated based on the ESTARFM. To achieve higher temporal resolution, the linear interpolation method was employed to reconstruct the desired daily water surface series.




3.3. Independent Datasets and Cross-Validation


To verify the applicability of the GCR in reservoir evaporation estimation, three independent evaporation datasets were further collected, including the Global Land Evaporation Amsterdam Model (GLEAM) [62], ECMWF Reanalysis dataset version 5 (ERA5) [63], and Penman–Monteith–Leuning Evaporation dataset (PML) [64], with the spatial resolution of 0.25°, 0.5°, and 0.05°, respectively. The temporal resolution of the GLEAM and ERA5 is daily, while that of the PML is 8 days. The datasets obtained from the CMFD, GLEAM, ERA5 and PML were resampled to the same resolution (i.e., 100 m) using a local averaging method.



To verify the reliability of the estimated evaporation volumes, a method (PH) proposed by Zhao and Gao [17] was selected as a comparative method, which has been validated using in situ observations. This method incorporates the fetch length into the Penman equation, which requires daily wind direction data from the DJK Reservoir for the years 2014 to 2018. Due to data availability challenges, 3 h interval wind direction data from the Laohekou station (~25 km away) of the National Climate Data Center were used as a substitute and were converted into daily data.





4. Results


4.1. Estimated Reservoir Surface Area


The study period of 2014–2018 was chosen to showcase the notable variations in the water surface area between the periods before (2014–2015) and after (2015–2018) the dam heightening. However, the evaporation analysis primarily focused on the period after the dam heightening (2015–2018) as it is the present condition. Figure 2 shows the 15-day fluctuations in the water surface area of the DJK Reservoir. In 2014, the water surface area of the reservoir increases significantly fluctuates from 426 km2 in early 2014 to 790 km2 in September due to the dam heightening. From September 2014 to the end of 2018, the surface area fluctuates between 600 km2 and 900 km2, with the multi-year average water surface area for the years 2015–2018 being 731.9 km2 after the dam heightening. The annual average values of the period 2015–2018 are 703, 671, 813, and 740 km2, respectively. During this period, the water area experiences frequent and rapid fluctuations, with the maximum value appearing in July 2017 and the minimum value appearing in January 2016. The fluctuation characteristics of the water surface area in the four years after heightening have no seasonality. In 2015, it shows a downward trend. In 2016, the fluctuation is relatively small around the annual average value. In 2017 and 2018, the fluctuation is large, with the maximum and minimum area differences of 236 km2 and 231 km2, and experiences clear upward and downward changes, respectively.



Figure 3 presents a 30 m spatial resolution image depicting the maximum and minimum water surface areas of the DJK Reservoir from 2015 to 2018. The minimum water surface area (606 km2) occurs on 30 January 2016, while the maximum water surface area (910 km2) occurs on 15 July 2017. The dark blue area illustrates the range of fluctuations in the water surface area between the maximum and minimum. As shown in Figure 3, notable variations primarily occur in three distinct regions in the eastern, western, and northern parts of the reservoir, respectively. Conversely, minor fluctuations are observed in other areas of the reservoir. The differences between the maximum and minimum water surface areas are 69.6, 51.6, and 143.7 km2 in the eastern, western, and northern parts of the reservoir, respectively. The total differences between these three regions accounts for about 87.1% of the total difference in the whole reservoir between the maximum and minimum water surface areas. It is worth noting that the boundary of the water surface is fragmental, which indicates the significance of the spatial resolution in accurate water area estimations.




4.2. High Spatiotemporal Estimation of Reservoir Evaporation


Figure 4 shows the daily and monthly evaporation rates (Figure 4a) and volumes (Figure 4b) of the DJK Reservoir from 2014 to 2018. The evaporation rate shows evident seasonal patterns, with higher values observed from May to August and lower values observed from November to February. The daily evaporation rate exhibits rapid and frequent fluctuations, characterized by smaller variations at lower values and larger variations at higher values. Notably, the maximum difference in the evaporation rate between two consecutive days can reach 4.43 mm. Over the period from 2014 to 2018, the average daily evaporation rate is 2.20 mm. The maximum daily evaporation rate of 6.70 mm occurs on 23 July 2017, while the minimum daily evaporation rate of 0.08 mm is observed on 20 December 2014. The average monthly evaporation rate from 2014 to 2018 is 67.0 mm. The highest monthly evaporation rate of 157.3 mm is estimated in July 2014, whereas the lowest monthly evaporation rate of 6.4 mm is observed in December 2018. During the period from May to August in the years 2014 to 2018, the evaporation rates accounts for 62%, 61%, 60%, 64%, and 62% of the annual total evaporation, respectively. The annual evaporation rates of the 5 years are as 794, 763, 772, 835, and 854 mm, respectively. The five-year (2014–2018) average evaporation rate is estimated to be 804 mm.



The evaporation volume exhibits a similar seasonal pattern to the evaporation rate, with higher values observed in the summer and lower values in the winter. The maximum and minimum daily evaporation volumes are observed in July 2017 and December 2014, respectively. The sum of the monthly evaporation volumes for May to August in each year from 2014 to 2018 accounts for 61%, 60%, 61%, 65%, and 61% of the respective year’s total annual evaporation. The five-year (2014–2018) average evaporation volume is 572 million m3. After dam heightening, the mean annual average evaporation volume (2015–2018) is 595 million m3. The annual total evaporation volumes for the years 2014 to 2018 are 480, 538, 527, 698, and 617 million m3, respectively, indicating a larger interannual variation than that of the evaporation rate.



Figure 5 shows the spatial distribution of the multi-year average evaporation rates of the DJK Reservoir after heightening estimated by the GCR with a resolution of 100 m. The multi-year average evaporation rate from 2015 to 2018 is estimated to be 806 mm. Notably, the spatial variation of the evaporation rate in the reservoir is manifested as a decrease from north to south and from west to east. The spatial distribution of the evaporation rates exhibits relatively uniform characteristics, with a difference of 35 mm between the maximum and minimum values. The maximum rate of 828 mm is observed in the northeast and northwest regions, while the minimum rate of 793 mm is observed in the central part of the reservoir.



To validate the suitability of the GCR method for reservoir evaporation estimation, the estimated evaporation rates obtained by the GCR were compared with the datasets derived from the ERA5, GLEAM, and PML in terms of the temporal and spatial consistency. Two performance indices, including the coefficient of determination (R2) and the Nash–Sutcliffe model efficiency coefficient (NSE), were used. Figure 6a,b present the comparison of the daily evaporation rate between the estimated values and the ERA5 and GLEAM from 2014 to 2018. The PML is not compared at the daily time scale due to it being at an 8-day temporal resolution. Both the NSE and R2 values are higher than 0.8, indicating the strong consistency of estimated results in this study with other independent estimates. Figure 6c shows the monthly average comparison of the estimated results with the three products from 2014 to 2018 and the uncertainty range (UR) of the GCR. It demonstrates consistent monthly variations among the four datasets. The NSEs of the estimated monthly evaporation rates with the other three products are all above 0.8, and the R2 values are all higher than 0.95, indicating a good agreement with the independent estimates. However, it is worth noting that the estimated evaporation rates based on the GCR method are higher than the other three products during the summer months (June to August) and lower during the winter months (November to February).



The downscaled spatial distribution images of the muti-year average     E   G C R    ,     E   G L E A M    ,     E   E R A 5     and     E   P M L     from 2014 to 2018 at a resolution of 100 m are presented in Figure 7. The magnitudes of the multi-year average values are comparable, with values of 790.12, 786.09, 809.05, and 763.04 mm, respectively. However, the spatial pattern of     E   G C R    , as depicted in Figure 7a–d, shows inconsistency with the other three evaporation products. The inconsistency of meteorological data may be a primary factor contributing to the spatial disparity.



To verify the reliability of the estimated evaporation volumes, the comparison with the PH method was conducted at a monthly scale as the PH method has been applied at the monthly time scale before. Figure 8 presents the fitting results of the monthly evaporation volumes using the PH and GCR methods from 2014 to 2018. Notably, the evaporation volumes estimated using the PH method are slightly higher than those of the GCR method during the winter (November to January). Both the NSE and R2 exceed 0.94 between the monthly results estimated using the PH and GCR methods, indicating high overall consistency.




4.3. Influences of Data Resolutions on Evaporation Estimation


Figure 9 shows images of the water surface area of 30 m, 500 m, and 1000 m resolutions and the estimated evaporation rates of 100 m, 1000 m, and 5000 m resolutions. The water surface area image with a resolution of 30 m was obtained using the ESTARFM. The 500 m data was directly derived from the MODIS, while the 1000 m data, due to the lack of direct acquisition, was obtained by upscaling using the GEE reprojection method. There is a significant disparity in the clarity of the water surface area images at different resolutions. Importantly, the image with a resolution of 30 m exhibits clear water–land boundaries, which is a crucial factor influencing water surface area extraction. Notably, high-resolution evaporation rate images display more continuous spatial patterns and mitigate the occurrence of extensive data gaps, as is shown in Figure 9f. As the evaporation rate represents the mean value across all the grid cells within the basin, there is minimal divergence in the evaporation rates at different spatial resolutions, consequently exerting a negligible impact on the evaporation estimation. Therefore, this section solely showcases the impact of the water surface area extracted at different spatial resolutions on the estimation of evaporation. Figure 10a shows the variation in the water surface area extracted at different resolutions, with data acquired every 15 days. Substantial differences exist among the three water surface area datasets. The disparities are primarily concentrated in the years 2017–2018, with the difference range between the 30 m and 500 m resolution data being 0.33 km2–151 km2, and between 30 m and 1000 m resolution data ranging from 10 km2–229 km2. The higher values are relatively close, while the lower values exhibit significant differences. The average values for the water surface area data at resolutions of 30 m, 500 m, and 1000 m are 734, 662, and 620 km2, respectively. The three water surface area datasets (30 m, 500 m, and 1000 m) are used in conjunction with the same climate-forcing data (100 m) to estimate the monthly evaporation volume. Figure 10b demonstrates noticeable differences among the three estimated evaporation volumes, primarily concentrated in the summer season, with little difference in winter. The annual average evaporation volumes at the three different spatial resolutions are 556, 514, and 488 million m3, respectively. Compared to the results at the 100 m resolution, the estimated mean annual evaporation volume is 9% and 14% smaller at the 500 m and 1000 m resolutions, respectively. The use of reprojection in obtaining the 1000 m water surface area data may have a certain impact on the results. However, the significant differences in the evaporation estimation results caused by data of different resolutions still persist.





5. Discussion


5.1. Attribution of Interannual Variability of Reservoir Evaporation Volume


Most existing studies on evaporation estimation primarily focus on evaporation rates, but relying solely on evaporation rates may not offer a comprehensive depiction of the evaporation losses from reservoirs. As shown in Figure 11a, the evaporation rates and volumes exhibit apparently different inter-annual variations. Except for the variations from 2016 to 2017, the changes in the remaining three between-year variations are the opposite. Figure 11b displays the inconsistent variations in the monthly evaporation rates and volumes in 2017, particularly during May and June. This indicates that evaporation rates alone are insufficient for assessing evaporation losses in reservoirs. To quantify the impact of the water surface area on the evaporation volume variations, a detrending method [65,66] was employed to estimate the contribution. The results indicate that the water surface area and climate forcing account for 95.8% and 4.2% of the variation, respectively. It is found that the water surface area makes the dominant contribution, consistent with the previous analysis [67]. According to the contribution analysis method, the larger the water surface area, the greater its impact on the evaporation volume, while the contribution of meteorological factors becomes smaller. In the case of the DJK Reservoir, a large reservoir with a water surface area of 708 km2, meteorological factors exert minimal influence on evaporation. Nevertheless, the results demonstrate the importance of considering the water surface area as a crucial factor in quantifying the evaporation loss of the reservoir. In reality, the water surface area of reservoirs often undergoes significant dynamic changes in the short term for multiple reservoir operation purposes, highlighting the importance of obtaining high temporal resolution water surface area data for accurately estimating evaporation losses in reservoirs.




5.2. Uncertainty Analysis


The uncertainty associated with the ESTARFM algorithm primarily comes from the selection of similar image pairs. Due to the high requirements of image pairs for the fusion, only 18 pairs of similar images were identified between 2014 and 2018. Consequently, when predicting an image at a specific moment, the significant intervals between the preceding and succeeding time periods may result in an inability to accurately capture the irregular variations in the reservoir, resulting in uncertainty that is challenging to calculate and analyze.



The generalized complementary relationship (GCR), introduced by Brutsaert [51], has been validated and successfully applied in various global climates and landscapes. The preliminary evidence of the comparison with three evaporation products demonstrates the applicability of the GCR method for water surface evaporation estimation. However, due to the lack of actual measured values for comparison, further analysis of the uncertainty of the GCR method is required. The influence of the parameter     α   c     on evaporation rate estimation using the GCR was analyzed by arbitrarily varying its value within ±5% and running over 100 times. This 5% adjustment was compared to variable uncertainties, as depicted in the uncertainty range (UR) of the GCR shown in Figure 6c. The maximum UR at monthly scale is 18.5 mm in July, and the minimum is 1.5 mm in December. A 5% variation in     α   c     results in a 5.7% change in the evaporation rate.





6. Conclusions


This study proposes a new method to perform high spatiotemporal estimation of reservoir evaporation losses by integrating remote sensing and evaporation models. By applying the method to the DJK Reservoir, the high spatial (30 m) and temporal (daily) water surface area was derived using the ESTARFM, and the high spatial (100 m) and temporal (daily) evaporation rate was estimated using the GCR. The evaporation losses were subsequently estimated as the product of the surface area and evaporation rate. The magnitudes and spatiotemporal variations of the reservoir surface area, evaporation rate, and reservoir evaporation volume were analyzed. Different data resolution has a great influence on the estimation of the evaporation volume, and the difference between low-resolution and high-resolution data reaches 14%. Compared with the other three evaporation products and methods, the applicability of the GCR in estimating water surface evaporation is verified. This study highlights the importance of using the evaporation volume rather than relying solely on the evaporation rate to assess the evaporation losses from reservoirs. These findings enhance the understanding of the evaporation process from the reservoir and provide a valuable basis for optimizing the water resource management of the reservoir.
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Figure 1. Elevation and water surface distribution map of the Danjiangkou (DJK) Reservoir. 
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Figure 2. The variation in the 15-day water surface area of the DJK Reservoir (2014–2018). The green line represents the heightening event; the red line represents the annual average surface area of each year. 
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Figure 3. (a) Maximum and minimum water surface area of the DJK Reservoir. Subplots (b–d) depict regions with significant water surface area variation in the northern, western, and eastern parts. 
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Figure 4. Daily and monthly variation in the (a) evaporation rates and (b) volumes of the DJK Reservoir (2014–2018). 
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Figure 5. Spatial variation in the annual average evaporation rates of DKJ reservoir estimated by the GCR. 
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Figure 6. Comparison of the daily evaporation rates (a) between EGCR and EERA5, and (b) between EGCR and EGLEAM. (c) Comparison of the monthly average evaporation rates of different estimates. 
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Figure 7. Spatial consistency between the GCR and evaporation products (2014–2018). (a) Spatial distribution of the annual average evaporation rates estimated by the GCR. Subplots (b–d) depict the spatial distribution of the annual average evaporation rates obtained from the GLEAM, ERA5, and PML datasets. 
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Figure 8. Comparison of the monthly average evaporation volume estimated by the GCR (VEGCR) and PH (VEPH). 
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Figure 9. Comparison of the water surface area and estimated annual evaporation rate at different spatial resolutions for the DJK Reservoir. Subplots (a–c) show images of the water surface area at 30 m, 500 m, and 1000 m resolutions, respectively; subplots (d–f) illustrate the spatial distribution of the annual average evaporation rate at 100 m, 1000 m, and 5000 m resolutions, respectively. 
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Figure 10. (a) The 15-day water surface area and (b) monthly evaporation volumes of three different spatial resolutions for the DJK Reservoir (2015–2018). 
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Figure 11. (a) Annual variation in the evaporation rates and volumes (2014–2018). (b) Monthly variation in the evaporation rates and volumes in 2017. 
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