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Abstract

:

For the day-by-day evaporation observation data in the Yangtze River Basin from 1951 to 2019, the effects of the gradual shift of observation instruments from 20 cm diameter evaporation pan (D20) to E601 evaporation pan after 1980 are discussed, including inconsistent data series, and missing and anomalous data. This study proposes a governance and improvement method for dual-source evaporation data (GIME). The method can accomplish the homogenization of data from different observation series and solve the problem of inconsistent and missing data, and we applied it in practice on data of the Yangtze River Basin. Firstly, the primary and secondary periods of the data were obtained by wavelet periodicity analysis; secondly, we considered the first cycle of observations to be representative of the sample and calculated the conversion relationship between the primary and secondary periods; thirdly, the conversion coefficient between the dual-source observations was calculated, and the results were corrected for stations outside the main cycle; finally, the daily evaporation dataset of E601 pan was established through data fusion and interpolation technology. The study found that the annual average conversion coefficients of the D20 and E601 pans in the Yangtze River Basin are basically between 0.55 and 0.80, and there are obvious differences in different regions. The conversion coefficient is positively correlated with relative humidity, wind speed, minimum temperature and altitude; and negatively correlated with sunshine duration, average temperature and maximum temperature. Evaporation is high in the upper reaches of the basin and low in the middle and lower reaches; in particular, evaporation is highest in the southwest, which is associated with the drought hazards. In addition, the article presents the spatial distribution of the conversion coefficients of D20 and E601 pans in the Yangtze River Basin. The results can realize the rapid correction of the evaporation data of the local meteorological department, and can be extended to the processing of other types of data in similar areas.
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1. Introduction


Evaporation is an important component of the surface heat balance and an important link in the water vapor balance, and it plays a pivotal role in the global water cycle and climate evolution [1,2]. Since it incorporates the effects of climate variables on terrestrial evapotranspiration, pan evaporation has grown in importance as a physical indicator to measure atmospheric evaporative demand [3,4,5]. It is frequently used in irrigation scheduling, water balance, sustainable water management and hydrological modeling. Thus, observation networks of pan evaporation have been established and maintained across the globe [6,7,8].



Due to the use of different types of 20 cm diameter (D20) and E601 pans (Figure 1 and Table 1), the observed pan data in China are discontinuous and inconsistent across the global network of evaporation pan observations. The observation of pan evaporation at hydrological stations in China started in the 1920s [9]; among them, the D20 pan observation began in 1950, and these data have good continuity and are of great value to China’s climate research. However, because it is installed at a height of 70 cm from the ground, the volume is small and the walls of the vessel are exposed to the air, it cannot represent the actual evaporation of the place, and it was gradually replaced after 2001.



After 1980, China installed the E601 pan bit by bit, and its evaporation volume is close to the actual evaporation volumes of small and medium-sized water bodies, such as lakes and reservoirs [10,11]. However, in practice, it was found that the E601 pan suffers freezing problems in the winter; thus, D20 was kept or re-deployed in some regions [12]. The nationwide evaporimeter replacement and the D20 pan’s reuse in certain regions or months each year make it impossible to utilize evaporation pan measurements from China to estimate long-term changes in atmospheric evaporative demand [13,14,15].



In recent years, the global climate system has experienced significant changes characterized by warming, and with the release of the IPCC Special Report on Global Warming of 1.5 °C by the Intergovernmental Panel on Climate Change (IPCC) in Incheon, South Korea on 8 October 2018 [16], changes in climate conditions can no longer be ignored. The Yangtze River Basin is the largest water resource zone in China and has an extremely complex water cycle system. Evapotranspiration as a dissipation factor is an important influence on the water cycle and water resources’ development and utilization. Faced with discontinuous and inconsistent evaporation data, it was necessary to carry out data governance and enhancement work on both types of data and to construct a continuous water surface evaporation series that could be used for hydrological analysis.



Many scholars have studied the estimation method of evapotranspiration [17,18,19,20]. A simple evaporation model for evaporation pan is proposed and can be used to analyze monthly average yields from the Global Climate Model (GCM), and we demonstrated that this will be a valuable tool to reconcile observations of pan evaporation trends with climate model simulations [21]. The surface evaporation data collected in the past were merged with the latest data collected by automatic weather stations, and a complete dataset of evaporation from large evaporation pans was constructed using a second-generation statistical regression technique (partial least squares) based on evaporation observations from large and small pans [22]. Using the Penman Monteith method, reference crop evapotranspiration was calculated for 46 meteorological stations in the Yangtze River Delta region from 1957 to 2014, and its spatial distribution and temporal trends were studied [23]. Based on the the homogenization and interpolation of meteorological data and the assimilation of evaporation from evaporation pans, a continuous and consistent month-by-month 0.05° reanalysis dataset was established for the D20 and 601B flat areas of mainland China from 1960 to 2014 [24].



The interrelationship between the evaporation pan and the actual evaporation is also of interest. In the Northwest Dry Early Zone, hourly evaporation was measured with E601B, Class A and D20 evaporated blood, and local actual evaporation was measured with an eddy correlation system. The results showed that with changes in ambient humidity, the actual daily evaporation showed a contradictory trend to the evaporation rate of the evaporated pan, and the relationship between the two evaporation rates showed clear asymmetric complementary behavior [25]. The potential evaporation calculated using the Penman method (based on the Monin–Obukhov similarity theory and based on the Roman wind function) and the evaporation obtained from evaporation trays (D20 evaporation pan and E601B pan) were chosen, and the differences between the four formulations in estimating the actual evaporation were compared using the generalized complementary function [12].



In addition, many other scholars have studied the conversion coefficients of D20 and E601 pans [26,27]. The conversion coefficients of free water surface evaporation were investigated. Comparisons were made between numerous evaporation tanks (pans) and a 20 m2 evaporation tank [28]. Sheng [29] analyzed the distribution pattern of the conversion coefficients between the D20 pan and theoretically calculated water surface evaporation, and established a regression model of the annual average conversion coefficient and each meteorological element applicable to the whole country. To fully use the records from the two pans and obtain long-term pan evaporation, the spatial patterns of conversion coefficients between D20 and E601 and the factors that influence conversion coefficients were investigated based on records from 573 national meteorological stations from 1998 to 2001 [30].



Based on the evaporation data of D20 and E601 pans from meteorological stations in the Yangtze River Basin from 1951 to 2019, we used the governance and improvement method for dual-source evaporation data (GIME) and Morlet wavelet analysis theory to extract the evaporation data with completeness, series representation and time-series consistency. The conversion coefficients between the two types of pans were calculated, and the distribution patterns of the conversion coefficients of the two evaporation sources in the Yangtze River Basin were analyzed. Ultimately, the daily dataset of the E601 evaporation pan was constructed to provide a reasonable basis for the effective and complete use of a long series of evaporation hydrological data from the Yangtze River Basin.




2. Materials


2.1. Study Area


The Yangtze River Basin lies between 90°33′–122°19′ E and 24°27′–35°54′ N. It has a narrow shape: short north–south and long east–west. It is bounded in the north by the Qinling Mountains; in the northeast by the Funiu Mountains, the Tongbai Mountains and the Dabie Mountains and the Yellow River Basin; and in the south by the Nanling Mountains, the Qianzhong Plateau, the Dayu Mountains, the Wuyi Mountains and the Tianmu Mountains and the Pearl River Basin and the Min and Zhejiang water basins. Most of the basin has a subtropical monsoon climate, mainly comprising the Indian summer monsoon, which controls the upper regions, and the East Asian summer monsoon, which affects the middle and lower regions. The geography and topography of the basin are complex and varied, and the climate varies significantly from place to place. The part of the basin that originates on the Qinghai–Tibet Plateau has a highland mountainous climate, and the annual mean temperature tends to be high in the east and low in the west, and high in the south and low in the north, due to the combined influence of solar energy, the East Asian atmospheric circulation, the large topography of the Qinghai–Tibet Plateau and the North Pacific Ocean, and the different topographic conditions of each region.




2.2. Data Acquisition


The data used are national meteorological station data, from which we selected 300 meteorological stations in and around the Yangtze River Basin (Figure 2). The data are day-by-day observations of the D20 and E601 evaporation pans. The long series of data from the two evaporation pans suffer from inconsistent measurement standards, significant inconsistency of data, missing fragments of data and anomalies. The data series of D20 pan basically cover 1951–2001, and the data series of E601 pan basically cover 1979–2019.





3. Methods


This paper proposes a governance and improvement method for dual-source evaporation data (GIME). It uses Morlet wavelet analysis theory and the conversion coefficient of the two evaporation data as a bridge; its goal is to integrate the dual-source dataset into a single-source dataset. GIME was the main framework of the research methodology, and wavelet analysis was used as a representative discriminant for the data series; see Section 3.2 for GIME. During the pre-data review, it was found that there were some missing data for both evaporation data, and a large difference in the lengths of the overlapping series of dual-source evaporation data used to calculate the conversion coefficient, which resulted in inconsistent data and unreliable results. Therefore, data cleaning and extraction were required to determine the completeness and representativeness of the calculated site data prior to the calculation of the conversion coefficient.



Firstly, the completeness of the annual data was determined by the dual-source dataset completeness matrix (see Section 3.2.2 for details), and the complete data series of each site was taken out; secondly, the data were homogenized and analyzed, and since the data series of the D20 evaporation pan was longer than that of E601, the long series of D20 evaporation data was selected and wavelet periodicity analysis was performed to determine the primary and secondary periods, which were used as the dual-source evaporation overlap series length discriminators, dividing the station observations that satisfy different cycles (see Section 3.2.3 for details). Afterwards, data fusion was performed to integrate the dual-source dataset into a single-source dataset (see Section 3.2.4 for details). Subsequently, various methods, such as site data interpolation and nearby site correction transplantation, were used to improve the missing fragment data in the dataset (see Section 3.2.5 for details). Finally, the reconstruction of the daily evaporation dataset for the E601 pan was achieved. The methodological process (Figure 3) and the practical application steps (Figure 4) are as follows.



3.1. Morlet Wavelet Analysis


Wavelet analysis is an effective method with which to process image signals and time series data [31]. It can also be applied to geographic research, since various geographic phenomena can be regarded as signals that change periodically [32]. In this paper, Morlet wavelets are used to reveal the period of multiscale variability in a long series of evaporative pan observations. Information on wavelet analysis applications can be found in previous studies [33,34].



The wavelet basis functions are expressed here:


   ψ  a , b    ( t )  =   | a |   − 1 / 2   ψ    t − b  a    



(1)







In the above formula,   a , b ∈ R , a ≠ 0  .    ψ  a , b    ( t )    is the wavelet basis function; a represents the time scale, which reflects the length of the wavelet period; b is the translation parameter, which reflects the passage of the wavelet in time.



The continuous wavelet transform (CWT) is as follows:


   W f   ( a , b )  =   | a |   − 1 / 2    ∫ R  f  ( t )   ψ ¯     t − b  a   d t  



(2)







In the above formula,    W f   ( a , b )    is the wavelet transform coefficient;   f ( t )   is a finite signal;    ψ ¯     t − b  a     is the complex conjugate function of     t − b  a   .



The wavelet variance is calculated by integrating the square value of the wavelet coefficients in the domain. The formula is as follows:


  V a r  ( a )  =  ∫  − ∞  ∞    |  W f   ( a , b )  |  2  d b  



(3)







In the above formula, the wavelet variance graph is the curve of the wavelet variance, which is varied with the time scale a. The wavelet variance graph can be used to judge the relative intensity of the time series or signal vibration on different time scales, and the scale corresponding to the maximum value of variance is the fluctuation period of the time series.




3.2. Governance and Improvement Method for Dual-Source Evaporation Data


3.2.1. Construction of the Initial Dataset


The initial matrices   A 1   and   B 1   were constructed from the long series of evaporation data measured by the the D20 and E601 pans at the site.


   A 1  =      a 111     a 112    ⋯    a  11 j        a 121     a 122    ⋯    a  12 j       ⋮   ⋮   ⋱   ⋮      a  t i 1      a  t i 2     ⋯    a  t i j        



(4)






   B 1  =      b 111     b 112    ⋯    b  11 j        b 121     b 122    ⋯    b  12 j       ⋮   ⋮   ⋱   ⋮      b  t i 1      b  t i 2     ⋯    b  t i j        



(5)







In the above formula,   a  t , i , j    is the daily measurement of the E601 pan at site j on day i of year t, mm;   b  t , i , j    is the daily measurement of the the D20 pan at site j on day i of year t, mm.




3.2.2. Construction of the Dataset Completeness Matrix


We constructed a completeness matrix C for the D20 and E601 pan evaporation data, and the years in which the annual data completeness rate reach   Z max  % were used for the evaporation conversion factor calculation (32,766 for outliers or missing data).


     C =      C 11     C 12    ⋯    C  1 j        C 21     C 22    ⋯    C  2 j       ⋮   ⋮   ⋱   ⋮      C  t 1      C  t 2     ⋯    C tj          



(6)






   c  t , j   =   ∑  1  y   k  t , i , j    / y ∗ 100  



(7)






   k  t , i , j   =      1 ,      a  t , i , j   < 9999 ,  b  t , i , j   < 9999       0 ,     otherwise       



(8)







In the above matrix,   c  t , j    is the proportion of days in year t when measurements are available for the D20 and E601 pans at site j at the same time;   k  t , i , j    is the discriminant value for the presence of measured data for the D20 and E601 pans at site j on day i of year t; y is the number of days in a year, 366 days in leap years and 365 days for the rest.




3.2.3. Representative Correlation Matrix for the Dataset


After wavelet periodicity analysis to determine the first main period of the evaporation hydrological data series, X years, it can be considered that the calculation results of the continuous hydrological series of X years are representative. Therefore, it is necessary to calculate the evaporation commutation factor using the data series of the intersections of the evaporation datasets of the D20 and E601 pans for greater than X years, and construct the dataset representative correlation matrix D.


  D =      d 11     d 12    ⋯    d  1 j        d 21     d 22    ⋯    d  2 j        d 31     d 32    ⋯    d  3 j        



(9)







In the above matrix,    d  1 , j   =  d j   ,    d j  = max  ∑  t   t 1    t 2   W   ,   d j   is the intersection length of the D20 or E601 pan evaporation datasets at site j and the given year;   t 1   is the effective start year at site j;   t 2   is the effective end year at site j;    d  2 , j   =  t 1   ,    d  3 , j   =  t 2   ; W = 1, this indicates that the evaporation data series is representative, and the data need to meet this condition:    c  t 1 , j   >  z max  ,  c  t 1 + 1 , j   >  z max  ,  c  t 1 + 2 , j   >  z max  ⋯  c  t 2 , j   >  z max   .




3.2.4. Construction of the Evaporation Conversion Coefficient Matrix


Formula for calculating the evaporation conversion coefficient:


  Z =  E 0  /  E 1   



(10)







In the above formula, Z is the conversion coefficient;   E 0   is the evaporation volume observed by the E601 pan, mm;   E 1   is the evaporation volume observed by the D20 pan, mm.



Construction of the conversion coefficient matrix:



Sites with complete and representative data in the datasets were selected as eligible sites for calculating the evaporation conversion coefficients, and the conversion coefficient matrix was constructed according to the formula for calculating the conversion coefficients.


  R =      r 11     r 12    ⋯    r  1 j        r 21     r 22    ⋯    r  2 j       ⋮   ⋮   ⋱   ⋮      r  i 1      r  i 2     ⋯    r  i j        



(11)






   r  i , j   = 1 /  d  1 j     ∑   d  3 j     d  2 j     a  t , i , j   /  b  t , i , j     



(12)







In the above formula,   r  i , j    is the multi-year daily average of the evaporation conversion factor for day i at site j, mm;   a  t , i , j    is the daily measurement of the E601 pan for matrix A1, mm;   b  t , i , j    is the daily measurement of the D20 pan for matrix B1, mm; and   d  1 , j    and   d  2 , j   ,   d  3 , j    are the site parameters from the representative correlation matrix.




3.2.5. Reconstruction of the E601 Evaporation Pan Dataset


After reviewing the relevant literature, the E601 pan evaporation is more like the actual water surface evaporation of small and medium-sized water bodies such as lakes and reservoirs, so E601 pan data were chosen as the actual evaporation data, and D20 pan data were used as the supplementary values for the missing data of evaporation to construct the evaporation data matrix   A 2  .


  A 2 =      a 111     a 112    ⋯    a  11 j        a 121     a 122    ⋯    a  12 j       ⋮   ⋮   ⋱   ⋮      a  t i 1      a  t i 2     ⋯    a  t j j        



(13)






   a  t , i , j    ( missing   data )  =  b  t , i , j   ∗  r  i , j    



(14)







In the above matrix,   a  t , i , j    is the daily measurement of the E601 pan at site j on day i of year t, mm; the original   a  t , i , j    were retained, and the missing values of   a  t , i , j    were replaced with    b  t , i , j   ∗  r  i , j     to complete the assimilation of the datasets.




3.2.6. Interpolation of Missing Segments in the Dataset


Combining the evaporation dual source data may still have missing measurements for some periods, due to the absence of evaporation measurements for both evaporators. Therefore, two methods were considered for data quality enhancement: firstly, the multi-year daily average of the E601 pan was used to supplement the missing values; secondly, the fluctuation of the daily data of evaporation relative to its multi-year average from the E601 pan at the nearby station for that time period was chosen to correct the multi-year daily average of the station to supplement the missing values, and the time scale can be flexibly adjusted to 10 days, monthly, quarterly, etc.



The following calculation is an example, with matrix X1 being the E601 pan data and the missing data being   a 112  .


  X 1 =      a 111     a 112     a 113       a 121     a 122     a 123       a 131     a 132     a 133       



(15)







In the above formula,   a  t , i , j    is the daily measurement of the E601 pan at site j on day i of year t, mm.



Method 1: Multi-year daily averages of evaporation to supplement missing data.



This method is applicable to the upper Yangtze River Basin region, where meteorological stations are relatively sparse and missing data can be supplemented with multi-year averages from evaporation pans.


   a 122  =  1 n   ∑  i = 1  n   a  1 i 2    



(16)







In the above formula, n is the length of the data series for the site and year.



Method 2: Construct a correction factor matrix and supplement missing data with corrections to multi-year daily averages.



When missing data are supplemented with multi-year daily averages, the accuracy of the data is deficient and does not take into account the effect of fluctuations in light, wind speed and sunlight on evaporation, so the quality of the data can be improved by using a corrected value of the multi-year daily average.


  k =    a 121  +  a 123     1 n   ∑  i = 1  n    a  1 i 1   +  a  1 i 3       



(17)






   a 122  =   1 n   ∑  i = 1  n   a  1 i 2    ∗ k  



(18)







In the above formula, k is a correction factor to calculate the fluctuation of the current year’s observations at surrounding stations relative to the multi-year average.






4. Results and Discussion


4.1. Wavelet Periodicity Analysis of Evaporative Hydrological Series


Due to the inconsistent length of the evaporator observation data series at the meteorological stations, wavelet periodic analysis was used to determine the main and secondary periods of the long series of evaporation data, and to determine the minimum segment of the data time series length, in order to improve the representativeness and consistency of the observation data at each station later.



The long series of data measurements of the D20 pan in the Yangtze River Basin is relatively longer. After calculating the annual data completeness rate of evaporation from D20 pan, 25 stations with more complete data were selected for wavelet periodicity analysis, and the wavelet variance process lines of annual evaporation were obtained for 25 stations (Figure 5). Taking site 56093 as an example (Figure 6), firstly, the first, second and third peaks of the wavelet variance process line of the site were obtained as the first, second and third cycles of the annual evaporation variation of the site; secondly, frequency histograms were plotted, and the cycles of the long series evaporation data were obtained by fitting a normal distribution (Figure 7); finally, 23, 12 and 6 years were determined as the first, second and third cycles of the long series evaporation data of the Yangtze River Basin, respectively.




4.2. Representative Analysis of Dual Source Evaporation Data


The observation data of D20 and E601 pans were counted, and the representativeness of the observation data of each station was analyzed according to the main and secondary cycles of the evaporation data, and the classification of representative stations at different levels was completed.



Based on the daily observation data of the D20 and E601 pans in the Yangtze River Basin, firstly, the missing annual measurement data of each station was obtained by constructing the completeness matrix of the station-evaporation data; secondly, the series length of the overlapping data of the two pans at each station was counted to construct the representative correlation matrix of the evaporation data (Table 2); finally, the first, second and third main cycles of the annual evaporation variation in the Yangtze River Basin were used to filter and classify the meteorological stations. There are 158 eligible stations: 25 stations covered in the first cycle (≥23 years), 31 stations covered in the second cycle (≥12 years) and 102 stations covered in the third cycle (≥6 years). In Figure 8, it can be seen that the representative dual-source evaporation data are basically distributed in the middle and lower reaches, which is due to the complex topography of the upper reaches of the Yangtze River Basin, which makes station construction more difficult.




4.3. Calculation and Correction of Conversion Factors


Since meteorological station data can be divided into three period series, there is inconsistency in the calculation of the data from different series. We considered the first cycle (≥23 years) of observations to be representative of the sample as a whole and calculate the conversion relationship between the primary and secondary periods in this sample. The objective was to complete the homogenization of observations from the remaining stations that are under-represented.



Firstly, we selected 25 stations in the first cycle, selected the daily data of D20 and E601 pans from 1983 to 2005 (23 years), considered the data to be representative of the sample and calculated the conversion coefficients of the annual average evaporation of the two pans (Figure 9).



Secondly, for the 25 stations of the first cycle (series length of 23 years), the mean values of the conversion coefficients of the annual evaporation of the two pans were calculated every twelve years, using 1983 and 1994 as the starting years, 12 years of the second cycle as the calculation segment and 1994–2005 as the ending year, to construct a matrix of the conversion coefficients of the two pans of the second cycle (Figure 10).



Next, the correction value (23-year inter-pan conversion factor/12-year inter-pan conversion factor) for the conversion factor transfer from the second sub-cycle (12 years) to the first main cycle (23 years) was calculated, and a correction factor matrix was constructed (Figure 11). The mean value of the correction factor matrix was taken as the correction value for the two pan commutation factors under the second sub-cycle, and the result was calculated to be 1.00427. This calculation improved the consistency of site data for both primary and secondary cycles.



Thirdly, for the 25 stations of the first cycle (series length of 23 years), the mean values of the evaporation conversion factors for the two pans were calculated every six years, using 1983 and 2000 as the starting years, 6 years of the third cycle as the calculation segment and 1988 and 2005 as the ending years, to construct a matrix of the conversion factors for the two pans for the third cycle (Figure 12).



After that, the correction value (23 years conversion factor/6 years conversion factor) of the conversion factor from the third sub-cycle (6 years) to the first main cycle (23 years) was calculated to construct the correction factor matrix (Figure 13); the mean value of the correction factor matrix was taken as the correction value of the conversion factor of the two pans under the third sub-cycle and the result was calculated as 1.00564.



Finally, based on the above calculations, the correction values of the conversion factors of the two pans under the second and third sub-periods were used to correct the conversion factors of the D20 and E601 pans calculated at 133 meteorological stations outside the first period, so as to obtain the conversion coefficients between the observations of the two pans at 158 stations representative of the Yangtze River Basin.



After the above calculation process, we found that the volatility of the conversion coefficients of the two pans calculated in the third cycle (6 years) is more significant than that in the second cycle (12 years), indicating that on the time scale, the shorter series of measured data will reduce the representation of the data. Most long-term climatological time series are affected by several non-climatic factors that make these data unrepresentative of the actual climate variation occurring over time [35]. These factors include instrument replacement, geographical location of stations, observation methods and calculation methods. Xu [3] used the penalized maximum t test combined with a quantile matching method to homogenize the time series of daily maximum and minimum temperatures recorded at 825 stations in China from 1951 to 2010. Peter [36] proposed a homogenization method for time series comparison embedded in climate time series homogenization networks, which improves homogenization accuracy when the data contains synchronous breaks and semi-synchronous breaks. We carried out data mining from the perspective of data representation; statistical analysis of discontinuous and inconsistent dual-source evaporation data; and combined wavelet periodicity analysis to homogenize the data according to primary and secondary cycles. This was similar to the time series comparison method proposed by Peter, but for a different purpose, as in the latter, the time series comparison method is used to remove site effects, whereas we addressed the problem of inconsistent time series across sites.




4.4. Spatial Spread of the Conversion Coefficient and Analysis of Potential Influencing Factors


The above was done to calculate the annual average conversion coefficients of D20 and E601 evaporation pans for 158 meteorological stations in the Yangtze River Basin, and to spread them to the Yangtze River Basin by interpolation of the cubic spline function (Figure 14). In addition, we selected some station data to carry out a multiple linear regression analysis of the conversion factor and the meteorological influence factor, and to study the factors influencing the change in the spatial pattern of the conversion factor.



The average annual conversion factors for D20 and E601 pans in the Yangtze River Basin are basically in the range of 0.53–0.80. From the figure, we can see that the conversion coefficient of the Jinsha River Basin in the upper reaches of the Yangtze River Basin is generally small, around 0.55; the conversion coefficients of the Yalong River system, the Min River system, the Han River system and the Taihu Lake Basin are basically in the range of 0.55–0.70; and the conversion coefficients of the Jialing River system, the Wu River system, the Dongting Lake system and the Poyang Lake system are basically in the range of 0.65–0.80.



We attempted a multiple linear regression analysis between the conversion factors and meteorological factors, such as altitude, relative humidity, wind speed, sunshine duration, mean temperature, maximum temperature and minimum temperature using Stata software. Data from selected meteorological stations in the upper, middle and lower reaches of the Yangtze River Basin were selected separately. The regression coefficient results and significance levels are shown in Table 3. We found that the conversion factor was positively correlated with relative humidity, wind speed, minimum temperature and altitude; and negatively correlated with sunshine duration, average temperature and maximum temperature. The relationship between the conversion coefficient and meteorological factors is similar to the findings of Xu in the Yangtze River Basin [37], who found wind speed and relative humidity as significant factors influencing the spatial distribution pattern of the conversion coefficient; and found higher conversion coefficients, relatively higher humidity and relatively lower wind speed (compared to other regions) in the central part of the basin, which is consistent with our findings in the middle reaches of the Yangtze River Basin.



The volume and depth of the water in the evaporation pan and its placement can also introduce uncertainty into the measured observations. The smaller size of the D20 pan, being 70 cm above the ground (Figure 1), and its relatively low specific heat capacity, resulted in a faster rise in water temperature in the D20 pan compared to the E601, which was buried in the soil and evaporated relatively steadily in comparison [30]; therefore, we could expect a negative correlation between the conversion coefficient and the average and maximum temperatures. When the temperature is low, due to the installation position being different and the volume of the water body being small, the D20 pan is in direct contact with the air. The temperature of the water body in the evaporation pan drops sharply with the temperature, to below 0 °C, the phenomenon of icing will occur, whereas the E601 pan would still be liquid. This gives rise to a possible positive correlation between the commutation coefficient and the minimum temperature.



As can be seen in Table 3, there is a negative correlation between sunshine duration and the conversion factor. This finding was also confirmed by previous studies [28,38]. Similarly, based on the energy balance experiment, the study found that the conversion coefficient between the type a evaporating pan and the water surface evaporation mainly depends on the additional radiation absorbed by the vessel wall [39]. As a result, the D20 pan absorbs radiation and transfers heat to the water, thereby increasing evaporation and reducing the conversion factor, whereas E601 pan is buried in the soil and is relatively unaffected.



In summary, factors such as altitude, relative humidity, wind speed, sunshine duration, average temperature, maximum temperature, minimum temperature and measuring instruments all affect the conversion coefficient of the evaporation pan, and the combination of these factors produces a change in the spatial pattern of the conversion coefficient. However, further capturing the specific effects of individual factors on the conversion factor requires rigorous experimental studies or more reasonable evaporation models [39,40].




4.5. Spatial Distribution of E601 Evaporation in the Basin


Pan evaporation observations do not reflect the evaporation physically happening at the Earth’s surface. However, it serves as a useful proxy so that a standardized evaporation dataset with a long time series can be established, which is desirable for global change studies [22]. After 2001, when the D20 evaporation pan was gradually replaced in most areas, it was necessary to convert the D20 pan data to match the E601 pan data by using the conversion factors described above in order to make the historical data series compatible with the available data. In this study, the meteorological data from the D20 pan and the E601 pan were used as the basis, and the D20 pan data could be used as supplementary values for the missing data from the E601 pan. The data were combined using conversion factors, and some missing segments of the dataset were interpolated (see Section 3.2.5 for details) to finally create the E601 evaporation daily dataset, having a time series of 1980–2019 and 300 hydrological stations. In this paper, since the observations at the monitoring stations only represent small regional evaporation, the annual average water surface evaporation at the hydrological stations in the Yangtze River Basin was spread over the basin’s space by interpolation of the spline function (Figure 15).



We can see that evaporation from the water’s surface in the upper reaches of the Yangtze River Basin is on the high side, around 900–1500 mm; evaporation from the water’s surface in the middle and lower reaches is less, around 500–1000 mm. The spatial pattern of mean annual evaporation is generally consistent with previous studies [24,41,42]. Among these, we the highest water evaporation has been reported for the southwest, reaching 1500 mm in most areas. By analyzing the spatial and temporal characteristics of wet and dry variability in the southwest from 1960 to 2009, studies have consistently found that drought events in the southwest have increased in intensity and frequency over the past half century due to a combination of decreasing precipitation and increasing temperatures [43,44]. Wang assessed potential changes in the framework of CMIP5 (Coupled Model Intercomparison Project Phase 5) in future droughts in southwest China [45]. By the end of the 21st century, water vapor transport in the Bay of Bengal had increased, temperatures had risen, net surface radiation had increased, relative humidity had decreased and precipitation and evaporation had tended to increase [46]. In view of the current impact and future threat of the drought disaster in the southwest, it is imperative to propose water management solutions, restructuring of cultivation and soil conservation.





5. Conclusions


This paper presented a governance and improvement method for dual-source evaporation data. Firstly, it involved extracting two types of evaporation data with good data integrity, sufficient series representation and consistent time series; then, the conversion coefficients of the two pans were used as a bridge to merge the dual-source data into single-source data; finally, the missing fragment data were interpolated using site data, nearby site correction porting and other methods for refinement. The method enables the homogenization of data from different evaporation observation series and is used to solve the problem of inconsistent and discontinuous station data. The method could be an interesting tool for hydrologists and environmentalists in regional hydrological calculations, water resource management and climate change patterns.



We practiced the application of data governance and enhancement methods in the Yangtze River Basin. Firstly, 25 stations with more complete evaporation data from D20 pan in the Yangtze River Basin were selected for wavelet periodicity analysis, and 23, 12 and 6 years were obtained as the first, second and third periods of the long series of evaporation data, respectively. Secondly, taking the observation data of the stations that meet the first cycle as a representative sample, the conversion relationship between the main and sub-cycles was studied, and the conversion coefficients of the two types of pans at the second and third cycle stations were corrected. The research result is that the revised value of the annual average conversion coefficient under the second cycle is 1.00427, and the revised value under the third cycle is 1.00564. Finally, the fusion and interpolation techniques of the dataset were carried out to create the daily dataset of evaporation from the E601 evaporation pan.



We spread the conversion coefficients of the two evaporation pans from the meteorological stations onto the basin and analyzed the potential influencing factors. We also built a daily evaporation dataset for the E601 evaporation pan of the Yangtze River Basin from 1980 to 2019 and spread it over the basin. The results of the study are as follows.



	(1).

	
The annual average conversion coefficients of D20 and E601 pans in the Yangtze River Basin are basically between 0.55 and 0.80, and there are obvious differences in different regions.




	(2).

	
The conversion coefficient was positively correlated with relative humidity, wind speed, minimum temperature and altitude; and negatively correlated with sunshine duration, mean temperature and maximum temperature.




	(3).

	
The water surface evaporation in the upper reaches of the Yangtze basin was on the high side, around 900–1500 mm; in the middle and lower reaches it was smaller, around 500–1000 mm. In particular, water surface evaporation was highest in the southwest—which has the greatest drought hazard—reaching 1500 mm in most areas.







In this paper, the spatial distribution map of the annual conversion coefficients of the D20 and E601 pans in the Yangtze River Basin was given in detail. The results can realize a convenient search for the conversion coefficients of the two evaporation pans in various regions of the Yangtze River Basin, and the rapid correction of the evaporation observation data of the local meteorological department to improve the quality of the data. The method can also be extended to the processing of other evaporation observation data in similar areas.
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Figure 1. Two types of evaporation pans: 20 cm diameter evaporation pan (a); E601 evaporation pan (b). 
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Figure 2. Distribution of meteorological stations in the Yangtze River Basin. 
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Figure 3. Governance and improvement method process for dual-source evaporation data. 
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Figure 4. Practical application steps of governance and improvement method for dual-source evaporation data. 
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Figure 5. Wavelet variance of annual evaporation variation at 25 stations in the Yangtze River Basin. 
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Figure 6. Variance diagram of wavelet analysis of annual evaporation at Station 56093 in the Yangtze River Basin. 
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Figure 7. Frequency histograms of the first, second and third cycles of annual evaporation changes in the Yangtze River Basin, (a) first cycle, (b) second cycle and (c) third cycle. 
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Figure 8. Distribution of stations corresponding to evaporation data meeting the first, second and third cycles. 
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Figure 9. Conversion coefficients for two evaporation pans for the first cycle (series length of 23 years). The conversion coefficient is the observed value of E601 pan/D20 pan, and the formula used was Formula (10). 
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Figure 10. Matrix of conversion coefficients for two pans for the second cycle (series length of 12 years. 
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Figure 11. Correction factor matrix for the conversion of the second sub-cycle (12 years) to the first main cycle (23 years). 
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Figure 12. Matrix of conversion coefficients for two pans for the third cycle (series length of 6 years). 
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Figure 13. Matrix of correction coefficients for the conversion of the third subcycle (6 years) to the first major cycle (23 years). 
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Figure 14. Spatial distribution of conversion coefficients for D20 and E601 pans in the Yangtze River Basin. 
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Figure 15. The spatial distribution of the reconstructed dataset for the E601 pan of the Yangtze River Basin. 






Figure 15. The spatial distribution of the reconstructed dataset for the E601 pan of the Yangtze River Basin.



[image: Atmosphere 13 01322 g015]







[image: Table] 





Table 1. Detailed information on the two types of evaporation pans.
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	Name of Evaporimeter
	Size
	Description





	D20
	Area: 314 cm2

(diameter: 20 cm)

Depth: 10 cm
	Rim is 70 cm from the ground, in every meteorological station in China



	E601
	Area: 3000 cm2

Depth: 60 cm (cylinder) C + 8.7 cm

(circular cone)
	fiberglass material, surrounded by water and soil circle. Installed in every meteorological station from 1998
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Table 2. Representative correlation matrix of evaporation data for sites.
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	Site
	Start Year
	End Year
	Data Length (Year)





	57853
	1992
	2001
	10



	57866
	1984
	2001
	18



	57872
	1986
	2001
	16



	57874
	1987
	2001
	15



	57896
	1964
	1970
	7



	57902
	1992
	2001
	10



	57947
	1997
	2001
	5



	57972
	1984
	2001
	18



	57993
	1984
	2001
	18



	58122
	1987
	2001
	15



	58847
	1980
	2001
	22










[image: Table] 





Table 3. Results of multiple linear regressions between conversion coefficients and climate factors. Hurs is relative humidity, Wind is wind speed, Sst is sunshine duration, Tave is mean temperature, Tmax is maximum temperature, Tmin is minimum temperature, Altit is altitude. Notes: standard errors in parentheses, *** p < 0.01, ** p < 0.05, * p < 0.1.
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	Hurs
	Wind
	Sst
	Tave
	Tmax
	Tmin
	Altit





	basin
	0.0013 ***
	0.0226 ***
	−0.0017 ***
	−0.0242 ***
	−0.0029 ***
	0.0226 ***
	1.7   ×  10  − 5     ***



	(n = 55,290)
	(−0.0002)
	(−0.001)
	(−0.0005)
	(−0.002)
	(−0.0008)
	(−0.001)
	(−0.0000)



	56386
	0.0019 ***
	0.0294 ***
	−0.0036 **
	0.014
	−0.0207 ***
	0.0008
	-



	(n = 2972)
	(−0.0005)
	(−0.006)
	(−0.002)
	(−0.01)
	(−0.006)
	(−0.005)
	-



	56751
	0.0042 ***
	0.001
	−0.013 ***
	0.0207 ***
	−0.0120 ***
	−0.0115 ***
	-



	(n = 5584)
	(−0.0004)
	(−0.003)
	(−0.002)
	(−0.005)
	(−0.003)
	(−0.003)
	-



	57574
	0.0015
	0.0547 ***
	−0.0042
	−0.0472 **
	0.0024
	0.0401 ***
	-



	(n = 3723)
	(−0.001)
	(−0.011)
	(−0.004)
	(−0.02)
	(−0.01)
	(−0.01)
	-



	57662
	−0.00068
	0.0034
	−0.0029
	−0.0300 ***
	−0.00497
	0.0304 ***
	-



	(n = 3968)
	(−0.0005)
	(−0.006)
	(−0.002)
	(−0.01)
	(−0.005)
	(−0.006)
	-



	57707
	−0.0019 **
	0.0076
	−0.019 ***
	0.0152 *
	−0.0162 ***
	0.0005
	-



	(n = 3418)
	(−0.0008)
	(−0.009)
	(−0.002)
	(−0.008)
	(−0.004)
	(−0.005)
	-



	57866
	0.00016
	0.0173 ***
	−0.0044 **
	−0.0338 ***
	−0.0004
	0.0314 ***
	-



	(n = 3872)
	(−0.0005)
	(−0.004)
	(−0.002)
	(−0.009)
	(−0.005)
	(−0.005)
	-



	57972
	−0.0032 ***
	−0.0239 ***
	−0.0024 *
	−0.0353 ***
	0.0038
	0.0291 ***
	-



	(n = 3290)
	(−0.0005)
	(−0.003)
	(−0.001)
	(−0.006)
	(−0.003)
	(−0.003)
	-



	58238
	0.0034 ***
	0.0570 ***
	0.0026 *
	−0.0337 ***
	0.0023
	0.0231 ***
	-



	(n = 5639)
	(−0.0005)
	(−0.003)
	(−0.002)
	(−0.007)
	(−0.004)
	(−0.004)
	-



	58259
	0.0016 ***
	−0.0026
	0.0012
	−0.0318 ***
	−0.0019 **
	0.0308 ***
	-



	(n = 7120)
	(−0.0004)
	(−0.003)
	(−0.001)
	(−0.003)
	(−0.0009)
	(−0.003)
	-



	58519
	0.00034
	0.0584 ***
	−0.0023
	0.0167
	−0.0217 ***
	−0.0024
	-



	(n = 5584)
	(−0.0005)
	(−0.004)
	(−0.002)
	(−0.01)
	(−0.006)
	(−0.006)
	-



	58637
	−0.0024 ***
	0.0448 ***
	−0.0049 **
	0.0174 **
	−0.0347 ***
	0.0119 **
	-



	(n = 4459)
	(−0.0006)
	(−0.006)
	(−0.002)
	(−0.009)
	(−0.005)
	(−0.005)
	-



	58813
	−0.00036
	0.0546 ***
	0.0019
	0.00123
	−0.0181 ***
	0.0102 **
	-



	(n = 5661)
	(−0.0007)
	(−0.006)
	(−0.002)
	(−0.008)
	(−0.004)
	(−0.005)
	-
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