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Abstract

:

Spatiotemporal changes in potential evapotranspiration (PET) are important referential data for monitoring the variation in ecohydrology under climate change. As the key area of agricultural/forestry reserves and trade, research on the interactions between vegetation cover and land use with accurate PET among the Heilongjiang River basin, China is vital for the sustainability of this cross-border region. To obtain high-suitability PET estimation based on the proven Penman–Monteith (PM) principle, two schemes were adopted using 36-year in situ meteorological data (1984–2019) and derived remote-sensing product MOD16A2 from 2001 to 2019. At meteorological sites with heterogeneous underlying surfaces, the coefficients of the evaluation factors between MOD_PET and the referrable observations were better. This suggests that remotely sensed estimation was preferentially chosen as the input to study the mutual responses. The results indicated that the annual PET and fractional vegetation cover (FVC) changes differed significantly depending on the land use. The proportions of PET according to equal intervals initially increased and then decreased with increasing vegetation coverage, and changing trends indicated a negative correlation. The strongest correlations appeared in the middle to northern sub-basins, which were affected by their distinctive climatic characteristics. The response of PET was reverse-related with changes in the area of each selected land type, but could change with the expected climatic conditions.
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1. Introduction


Evapotranspiration (ET) is the sum of water vapor fluxes from vegetation and land surfaces to the atmosphere and is an important part of the water and surface-energy cycle within the context of global climate change [1]. Potential evapotranspiration (PET) characterizes the evapotranspiration capacity (potential) under an adequate water supply. From the initial level of acquisition necessity, it is an essential parameter that directly affects cultivation growth and subtly regulates atmospheric circulation [2]. Further, the overall spatial pattern and long-term temporal evolution of PET can be meaningfully calculated and constructed, and it is of vital importance to design a project to obtain high-suitability results for the target area. It is well known from the level of application value that changes in vegetation cover and land use in ecosystems strongly influence hydrothermal equilibrium, and exert a notable force on the evolution of PET. Consequently, it primarily affects the productivity of natural resources [3,4,5]. Significances and challenges still exist in dissecting and quantifying internal correlations between PET and vegetation cover/land use in mid-high latitudes, which are highly influenced by featured climatological type.



Over the past 50 years, researchers have performed mass PET estimation approaches based on various meteorological and geophysical variables, and the models available in the literature can be broadly classified as follows [6]: (1) fully physical combinative models considering the principles of mass-energy conservation [7,8]; (2) semi-physical models that come down to either mass or energy conservation [9,10,11]; and (3) black-box models according to empirical relationships, artificial neural networks (ANN), fuzzy, and genetic algorithms [12,13]. Based on the above studies, the United Nations Food and Agriculture Organization provides researchers with temperature-based (Blaney–Criddle and Hargreaves), radiation-based (Makkink and Priestley–Taylor), and combination methods (Penman–Monteith, PM) to enable them to fully utilize different effective data in the calculation. After analyzing the applicability of the above calculation methods, the PM method is the only standard method recommended and used worldwide [14,15,16]. In the corresponding application, scholars have combined the required meteorological data to obtain the Penman–Monteith PET (PM_PET) of several key transboundary catchments worldwide through spatial interpolation algorithms such as Kriging and inverse-distance weighting. The long-term time-series distribution of the value was obtained, and its correlation with various meteorological elements and their contribution degrees was analyzed [17,18,19,20].



With the recent continuous development of remote-sensing technology, multi-source remote-sensing data products have been provided by individuals and institutions. The most representative items that were adopted to establish spatiotemporal characteristics and laws of PET included Global Land-surface Evaporation: the Amsterdam Methodology (GLEAM), Moderate Resolution Imaging Spectroradiometer (MODIS) Global Evapotranspiration Project (MOD16), and Operational Simplified Surface Energy Balance/evapotranspiration (SSEBop/ET). These collections are widely used as they improve the capability of data acquisition and analysis of regional environmental monitoring [5]. Taking the application of MOD16 as an example, the corresponding processes during the formal stage focus on depicting the temporal-spatial characters and adopting the attribution analysis of other factors [21,22,23]. The surge of reanalysis data applications in recent years has led to the incorporation of measured parameters and has pushed research into a much deeper gradation. Huang et al. [24] used the combined data from the Global Land Data Assimilation System (GLDAS) to explore changes in evapotranspiration in the Yunnan–Guizhou Plateau from 2000 to 2014. The corresponding indices were calculated using integrated precipitation to analyze the wettability changes over 15 years.



In the process of using remotely sensed products to estimate ET and PET, the evaluation and validation of the products themselves have also engaged the researchers to accomplish the corresponding researches. Autovino et al. [25] proposed a simple empirical model that was calibrated based on eddy covariance (EC) measurements, and then estimated the bulk surface resistance (rc,a), which were adopted as the parameters of the PM equation. Finally, a comparison between ET retrieved by the MODIS product and those obtained by the proposed approach was put forward, and the results showed that the former are associated with credible estimations. In the process of analyzing the spatiotemporal variation of ET and PET in Shandong Province, the accuracy of the MOD16 simulation (MOD_PET) was analyzed from the perspective of spatiotemporal correlation. Zhao et al. [21] found that the spatial correlation coefficient with the observation data of the evaporator was 0.872, and the time correlation coefficient was as high as 0.913. Based on the data of PM_PET and MOD_PET, Chen et al. [26] used the former as reference and explored their correlation to analyze the applicability of MOD_PET in the middle and lower reaches of the Yangtze River. The research found that the average annual correlation values, mean absolute error (MAE), and root mean square error between the PET value calculated by two aspects are 0.67, 10.4%, and 0.31 mm/d, respectively. The comparisons suggested that the MODIS product could better demonstrate the spatiotemporal distribution characteristics of the PET among this region.



Upon reviewing formal literature and detailed information on the scientific discovery of PET, we found the following two loopholes: (i) although the dependability of PET estimation from the remote sensing scheme has been validated and discussed, the spatiotemporal characteristics of data quality still lack a systematic understanding. Additionally, the results were mostly obtained by a series of analyses between the MOD_PET and the single reference data provided by either the PM_PET or by observation. Further, few studies have conceived the design to compare the accuracy of the estimated PET from the two schemes based on the measured data and geographical situation of the target region; (ii) in the further discussion on PET conditions and related factors, many studies have emphatically considered the mutual feedback and interactive effect with meteorological factors. However, corresponding results combined with other environmental elements affected by anthropogenic behaviors, such as the variation of vegetation and land use, were insufficiently referred to.



As the largest river basin in Northeast Asia, the Heilongjiang River connects 15 first-level administrative regions across China, Mongolia, Russia, and North Korea. Changes in its internal resources and environment have a major impact on the green development of the China–Mongolia–Russia Economic Corridor (CMREC) [27,28,29]. Approximately 48% of the river basin lies in China, which covers the entire Heilongjiang Province and parts of Jilin Province and Inner Mongolia. Abundant in natural resources, the basin is a key area of agricultural and forestry reserves and trade for Northeast Asia. The internal vegetation coverage and land use have changed significantly with the continuing intensification of human activities in the basin. This has caused serious ecological problems such as aridification and flooding, which contribute to difficulty in balancing water supply with demand and eventually dissolve these resources [30]. Fully recognizing the spatiotemporal changes in the internal PET, vegetation cover, land use, and reciprocal feeding mechanisms among the three factors helps provide a scientific basis for effectively allocating water resources and methodically dealing with ecological problems. Furthermore, an exemplary role will be performed to support the environmental sustainability of cross-border regions worldwide and promote the executive ability of sustainable development goals proposed by the United Nations.



In summary, the main research objectives were as follows: (i) to construct a spatial distribution pattern and analyze temporal variations of PET among the Heilongjiang River basin (Chinese section) over the past 30 years; (ii) to combine meteorological/remotely sensed schemes and assess the suitability of PM_PET and MOD_PET by introducing observational data on evaporation; (iii) to dissect the interaction among the changing PET, vegetation cover, and major land use (agriculture, forest, and grassland) combined with local climatic features; and (iv) to discuss the attribution analysis, evolution tendencies, and prospects of the results according to human activities and physical conditions of the basin.




2. Materials and Methods


2.1. Study Area


The Chinese section of the Heilongjiang River basin (referred to below as the basin) comprises the central portion (from west to east) of the complete area and covers approximately 1.05  ×  106 km2 (Figure 1a). Hydrologically, the basin can be divided into eight secondary basins. A line from west to east passes through the Argun, Nen, Songhua, and Wusuli sub-basins, and parts of the Suifen, while from south to north, there are the Second Songhua, parts of Tumen, and the Heilong (the lands that drain toward the Heilong River itself, and not into one of the tributaries) sub-basins (Figure 1b). Geomorphologically, the Greater and Lesser Khingan ranges lie in the north of this area, with the Changbai Mountains in the southeast. The Songnen, Sanjiang, and other plains lie in the middle and northeast areas. Climatically, the eastern region has a temperate humid monsoon climate, and the western region is dominated by a continental climate [31]. The average annual precipitation in the region ranges from 250 to 800 mm. It is mainly concentrated in the coastal zone and gradually decreases to the west [32]. The main vegetation types are dense forests, vigorous grasslands, and extensive agricultural lands.



Due to the above preponderance, the designation of “high-quality grain elevator” and “precious warehouse of biological items” was granted. The official media announced that trade volumes of Sino-Russian agricultural products reached USD 3.7 billion in August 2020, with a stable surge trend and it was not subject to the influence of restricted measurements against COVID-19 [33]. However, despite these advantages, some hidden disadvantages still exist, such as low vegetation restoration capacity and fragile soil erosion resistance, which directly result in strong sensitivity to eco-systematic disasters [31].




2.2. Data Source and Preprocessing


Vector range and digital elevation model data were obtained from the Global Change Scientific Research Data Publishing System (http://www.geodoi.ac.cn, accessed on 29 September 2021) and the National Earth System Science Data Center of China (http://www.geodata.cn, accessed on 29 September 2021). Meteorological data were obtained from the China Meteorological Data website (http://data.cma.cn, accessed on 5 October 2021). Wind and evaporation data from certain weather stations were missing perennially. Therefore, 56 weather stations were selected to ensure uniformity, and their observations were sorted using Python. Data on daily maximum, minimum, and mean temperature and relative humidity, wind speed, atmospheric pressure, evaporation (from small-pan evaporimeters), and sunshine duration for 1984–2019 were used. We selected the MOD16A2 evapotranspiration/latent-heat flux dataset (https://ladsweb.modaps.eosdis.nasa.gov, accessed on 9 October 2021) to obtain the PET data. This dataset has a spatial resolution of 500 m and a time resolution of eight days. Fractional vegetation cover (FVC) is used to reflect vegetation growth and change (Jia et al. 2013). The input element, Normalized Difference Vegetation Index (NDVI), was calculated using MOD13Q1 (https://ladsweb.modaps.eosdis.nasa.gov, accessed on 20 October 2021) with a spatial resolution of 250 m and a 16-day time resolution. For land-use data, we selected the annual land cover product MCD12Q1 (https://lpdaac.usgs.gov/products/mcd12q1v006, accessed on 22 October 2021) at a spatial resolution of 500 m, where land use was divided into 17 types based on the International Geosphere–Biosphere Programme classification method [34]. Data were subjected to time filtering, spatial cropping, sequential summation, and mosaic analysis of the basin range based on the Google Earth Engine platform during pre-processing. PET, NDVI, and land use data were obtained from 2001 to 2019 for the availability of MODIS serial products. Classifications were regrouped as forest, grassland, wetland, cropland, urban, and water bodies to concisely analyze the changing characteristics of land-use types [4]. For the uniformity of spatio-temporal resolution, the spatial resolution of NDVI was resampled to 500 m from ArcGIS software as the other two productions, and the annual average NDVI and accumulated PET were obtained for analysis with the annual land cover product. In the discussion part of the study, the 1 km monthly precipitation dataset for China (1901–2020) [35] was adopted to depict the impact of meteorological changes on PET under the homogeneous vegetation cover and land-use. Preprocessing, which included format and scale conversion, interannual synthesis, and regional extraction of the corresponding data from 2001 to 2019, was processed using ArcGIS software.




2.3. Methods


2.3.1. PET Estimation Based on Meteorological Data


Theoretically, the FAO PM Equation (1) was used to calculate the daily PM_PET [36]:


  PM _ PET =   0.408 Δ  (   R n  − G  )  +  u 2   (   e s  −  e a   )    900 γ   T + 273     Δ + γ  (  1 + 0.34  u 2   )    ,  



(1)






   R n  = R s d + R l d − R s u − R l u ,  



(2)




where PM_PET represents potential evapotranspiration (mm) and    R n    represents the net energy budget of the crop surface, MJ/(m2·d). In the corresponding Equation (2), Rsd represents the downward shortwave radiation, Rld represents the downward longwave radiation, Rsu represents the upward shortwave radiation, and Rlu represents the upward longwave radiation.  G  represents soil heat flux, MJ/(m2·d);  γ  represents net psychrometer constant, kPa·°C−1;  T  represents the mean temperature, °C;    u 2    represents the wind speed at 2 m height, m·s−1;    e s    and    e a    represent saturated vapor pressure and actual vapor pressure, respectively, kPa; and Δ represents saturated vapor pressure–temperature curve slope (kPa·°C−1). The specific calculation process of moduli is referred to in the guidebook “FAO Irrigation and Drainage Paper, No. 56, Crop Evapotranspiration”.



In the actual operation, we used the EToCalculator software published by FAO (http://www.fao.org/land-water/databases-and-software/eto-calculator/en/, accessed on 5 October 2021) to obtain the daily results from the collected meteorological data according to the guideline materials.




2.3.2. Correlation Analysis between PET Simulation Results and Measured Evaporation Data


MOD16 is a medium-resolution simulation dataset for evapotranspiration. The series was developed based on the PM method by introducing remotely sensed data that characterize the features of the surface energy partitioning process and environmental constraints [37,38]. The objective of the product is to push the former results of the point scale to the global scale and estimate while considering multi-sourced conditions. Some issues in the practical application stage reflect that the quality and availability of the new entrants become factors that affect the data applicability or even bring counterproductive results [39,40,41]. Therefore, it is vital to validate whether the improvement exists. Evaporation measured at weather stations is the effect of combined climatic elements on the water surface of the evaporimeter. The magnitude and differences in its value can be used as an indication or reference for PET estimation, while considering that the corresponding elements are unavailable under natural conditions [42,43,44]. Therefore, PM_PET was spatially interpolated based on the station values and resampled to the same spatial resolution as MOD_PET for unifying the spatial difference. Subsequently, the corresponding values of the two series were extracted using ArcGIS software. Finally, the correlation results (Equations (3)–(5)) of MOD_PET and PM_PET were analyzed against the measured data Epan observed from the E-601 type of evaporator. Evaporation was considered a standard value in Chinese hydrological test specifications, which were converted by the collected small-pan evaporimeter data through local conversion coefficients [45,46,47].


  R =     ∑   i = 1  N   (  P  E i  −   P E  ¯   )   (   E i  −  E ¯   )        ∑   i = 1  N     (   E i  −  E ¯   )   2        ∑   i = 1  N     (   O i  −  O ¯   )   2      ,  



(3)






  MAE =  1 N    ∑   i = 1  N   |  P  E i  −  E i   |  ,  



(4)






  RMSE =       ∑   i = 1  N     (  P  E i  −  E i   )   2   N    ,  



(5)




where   P  E i    and    E i    represent the PM/MOD_PET and observed Epan_avg, respectively; the subscript  i  denotes the  i th data point;  N  refers to the number of data; and     P E  ¯    and   E ¯   represent the mean of the PM/MOD_PET and observed Epan_avg, respectively.




2.3.3. Calculation and Classification of FVC


The FVC was calculated using the principle of the dimidiate pixel model [48], as represented by Equation (6).


  FVC =   NDVI −  NDVI  s o i l      NDVI  v e g   −  NDVI  s o i l     ,  



(6)




where NDVI represents the NDVI value of each pixel on the image,    NDVI  s o i l     is the NDVI value of bare soil or non-vegetation area, and    NDVI  v e g     represents the NDVI value of the completely covered area. Based on the frequency statistics table of each NDVI image from 2001 to 2019, a 0.5% confidence level was used to determine the confidence interval of the NDVI value, and the 0.5% areas with the largest and smallest NDVI values were averaged to obtain    NDVI  v e g     and    NDVI  s o i l    , respectively [48].



The FVC classification was based on previous studies combined with the actual situation of the basin to determine the classification boundaries [29,31]. The area with FVC ≤ 10% was classified as “Bare soil or non-vegetation”, while 30, 45, and 60% were the upper limit of the status of coverage and were classified as “Low”, “Low–medium”, and “Medium”, respectively. The condition of the area with high vegetation cover was defined as FVC ≥ 60%.




2.3.4. Analysis Method for the Impact of Vegetation Cover and Land-Use Change on PET


The sub-basins mentioned above were further divided into five thematic areas based on geographic location and area to simplify the analysis. In particular, Songhua, Second Songhua, and the adjacent Tumen Basin were merged into “Songhua–Tumen”. Wusuli and part of Suifen basin were merged into the “Wusuli–Suifen”, and the remaining sub-basins were left unchanged. As part of the content, the impact of changes in vegetation cover on PET can be divided into two parts. Based on the annual average FVC and PET spatial distribution data, the analysis of changes in cover magnitude calculated means for the basin and each sub-basin. Subsequently, the proportion of each classification in the corresponding area according to coverage level and equal intervals was determined. In the relationship analysis between trends, the Mann–Kendall (MK) nonparametric test method and the Theil–Sen slope method were used to determine variations. The calculations involved in the two methods are detailed in classical literature [49,50]. To evaluate the impact of changes in land use or cover, three ecological types (cropland, forest, and grassland) were chosen by considering their advantages in terms of trade and utilization. Using the spatial analysis function from ArcGIS, we extracted those types from the annual raster and converted them to vectors, which were subsequently masked to obtain the PET distribution for the corresponding year. Finally, the regional statistical function was used to obtain the average PET and coverage of selected land cover types and to describe the yearly changes in the two results.



Figure 2 shows the workflow for all the contents mentioned in this section, mainly including data collection and processing, correlation analysis among simulation results with measured data and analysis for the mutual response of PET with FVC/land use.






3. Results and Analysis


3.1. Temporal Variation of PET Based on PM Methodology and MOD_PET


The research calculated PM_PET using the obtained meteorological data and FAO PM equation. Then, daily values of each station by year were accumulated to obtain the dynamic changes of inter-annual average PM_PET for the basin and that for each sub-basin from 1984 to 2019 (Figure 3a,b). It can be seen from the two figures that the annual mean PET in the basin was 897.39 mm, and the maximum and minimum PET were 1056.42 and 715.24 mm, for the years 2005 and 2017, respectively. The inter-annual trend of each sub-basin was roughly similar, and the fluctuation of PET values in the three periods (1984–1989, 2004–2009, and 2014–2017) was more obvious. The inter-annual PET differed relatively little between the sub-basins in the range of 900–1000 mm. The values peaked in 1986, 1993, 2005, and 2011, possibly due to lower precipitation in the preceding years and the associated increase in surface evaporation capacity.



From the corresponding dynamic diagram generated by the MOD16 product (Figure 3c), the size, trend change, and magnitude rank of the annual PET in each basin are roughly the same as those in Figure 3b. The peaks and troughs of the inter-annual PET numerical changes were uniformly consistent between the results. The Argun and Nen basins have the highest estimated similarity across the two types of annual average PET estimates. For the Tumen Basin, the two types of estimated values deviated significantly from 2009 to 2016.




3.2. Estimated Suitability Evaluation between PM_PET and MOD_PET


This study used the mean value of PM_PET from each site in 2001–19 to further verify the effect of simulation, and the corresponding value of the average measured E-601 evaporation Epan_avg for correlation analysis (Figure 4a). The results showed that the square value of the correlation coefficient (R2) was 0.918, and the slope of the linear regression equation was 1.07. The above values showed that the correlation between aspects was relatively strong, and the trend was fairly consistent. This indicates that PM_PET could approximately represent the evaporation potential of the basin. Next, spatially interpolated PM_PET and MOD_PET were used to perform a pixel-level correlation analysis (Figure 4b). The results indicate that the correlation was high in most areas but low in those with large altitude differences and complex land cover types. Comparing these results, we found that most sites belonging to the discrete data in Figure 4a were in areas with low correlation values (Figure 4b). This indicates that simulation controversy existed both in the correlation of PM_PET–Epan_avg and PM_PET–MOD_PET among the specific areas. Therefore, to determine what simulative condition MOD_PET performs in the sites where discrete data occurred in PM_PET–Epan_avg, and even in the entire basin, we selected the mean results of PM_PET and MOD_PET for the corresponding weather stations during the early and later periods of 2001–2009 and 2010–2019. Subsequently, we analyzed their correlations with Epan_avg during the same period. The results are shown in Figure 5a,b, respectively.



As shown in Figure 5, the correlation coefficient results (R2) of the MOD_PET obtained at each station were better than the corresponding results of PM_PET in the same periods. Further, we added root-mean-square error (RMSE) and mean absolute error (MAE) [51] to provide more information on controlling the validity of applied statistics and construct the collection of the quantitative evaluation (Table 1). The corresponding results from the table show that the PET simulation results obtained by the MOD16 evapotranspiration algorithm, which considered more environmental factors, were more reliable when applied to this basin.




3.3. Spatial Characteristic Analysis of PET and FVC/Land Use


The spatial distribution of the mean PET and FVC from 2001 to 2019 and the latest land-use status in the study are shown in Figure 6. Areas with high PET values were mainly concentrated in the Nen and western Argun basins, while the northern Argun-Heilong and eastern Wusuli basins had the lowest levels. The two basins located in the south (Songhua and Second Songhua) presented a PET pattern of high in the south and low in the north. The condition of vegetation coverage, which was highly correlated with land-use type, varied across the basin. The areas of the highest FVC were concentrated in forests and wetlands, and were primarily distributed in the Heilong, Argun, and Songhua basins; the second highest was the cultivated land category, which was mainly distributed in the Song-nen and Sanjiang plains in the Nen and Wusuli basins. The remaining grasslands, built-up areas, and water bodies showed relatively low vegetation coverage. In general, the results of PET distribution showed the appearance of “one aspect wanes, while the other waxes” with respect to vegetation coverage (especially in the northern and eastern regions), which was highly affected by the status of each land type in the whole basin.




3.4. Time Series Changes of FVC and Their Influence on PET


The inter-annual changes in vegetation coverage from 2001 to 2019 are shown in Figure 7. It could be seen that the average value of the overall FVC was beyond 0.45 over the years. The annual minimum and maximum values were 0.452 and 0.557, which appeared in 2010 and 2019, respectively. Although the corresponding values of each sub-basin were quite different, inter-annual fluctuations were essentially the same, and the overall trend of changes shifted from upward and downward fluctuations (2001–2009) to growth (from 2010 onwards). The Heilong and Songhua–Tumen sub-basins were densely forested, as the internal vegetation coverage was more than 0.5. After 2018, the basins became highly vegetated. In the basins of Nen and Wusuli–Suifen, the FVC values were between 0.4 and 0.5. However, the value ranges of both basins have increased in recent years by one level according to the classification of FVC. The Argun Basin has the overall lowest FVC, but the value here has increased along with other basins as the coverage level has changed from low to medium.



The annual average data were divided into five groups according to classification levels and equal intervals to analyze the impact of FVC changes on PET (Table 2 and Table 3).



As shown in Table 2 and Table 3, the average annual FVC of the entire basin was 0.491, and more than half of the area had medium to high coverage. Areas with high vegetation coverage in the Heilong and Songhua–Tumen basins accounted for approximately 40% of the respective basins. The main coverage was chiefly distributed in the low–medium/medium grades in the remaining thematic areas. The average annual PET of the whole basin was 928.27 mm, and the numeric value among the sub-basins was Nen > Wusuli–Suifen > Songhua–Tumen > Argun > Heilong. It was found that the PET volume of more than 55% of the regions was between 605 and 845 mm, and the specific gravity of each sub-basin at this level remained similar. In addition, approximately 30–40% of the areas in each sub-basin had a mass above 850 mm, and areas with values below 600 mm accounted for less than 20%. Comparing the two sets of data, it was found that the proportion of PET at all levels in the whole area and sub-basin initially increased and then decreased with increasing vegetation coverage. High-value accumulation areas of PET and FVC were laid in the Nen and Heilong sub-basins, respectively. In the two sub-basins, the adverse degree of the phenomenon was relatively noticeable.



To further analyze the relationship and response between trends of the two elements across the years, the FVC and PET were calculated pixel-by-pixel according to the MK test and Sen-trend analysis. The MK-test statistics value Zc (Z statistic after variance correction) and inter-annual change rate β were obtained. The two results were classified according to their respective threshold ranges, and their proportional characteristics were determined (Figure 8).



It can be seen from Figure 8 that the PET of the basin has generally shown a downward trend over the past 19 years. Areas of significant decline diverge mainly from the middle reaches of the Nen, Songhua, and Heilong rivers. The remaining areas declined slightly. Areas where PET showed growth was primarily distributed in the marginal areas. Among them, the confluence of the Nen–Songhua River and the start of the Second Songhua River showed the most apparent trend. However, the trend in FVC was the opposite. Approximately 80% of the areas showed a significant increase, which was primarily concentrated in areas characterized by high vegetation coverage. In addition, the values of some areas along the Nen and Songhua rivers showed a steady or slightly downward trend.



There was an overall negative correlation between PET and FVC. Areas with the strongest correlation appeared in the middle of the Nen basin, the middle-lower part of the Heilong River, and the northern region of the Songhua–Tumen basin. PET increased noticeably with the improvement in vegetation coverage in areas with dense river networks at the southern ends.




3.5. Time Series Changes of Main Land-Use Types and Analysis of Their Impact on PET


Annual changes in the area of the selected land types and their corresponding PET averages from 2001 to 2019 are shown in Figure 9. The forest area of the basin (Figure 9a) from 2001 to 2013 fluctuated from the initial 324,500 to 396,200 km2, with a growth rate of 4578.6 km2·a−1 (“a” represents year here). The area has stabilized in recent years with an overall volume remaining between 374,000 and 387,500 km2. The area of cropland (Figure 9b) showed a U-shaped change from 2004 to 2011, and the value in 2008 was the lowest in 19 years; falling from the highest above 542,000 km2 six years earlier. Subsequently, it quickly recovered to over 530,000 km2 within three years. The rate of decline and rise in the process reached 8305.5 and 13,144 km2·a−1, respectively. After 2011, the areal changes tended to be slight with only minor fluctuations. The trend for grassland (Figure 9c) from 2001 to 2011 was opposite to that of cropland. During this process, the area decreased by approximately 70,000 km2. After decreasing to a low of 210,000 km2, it rebounded above 240,000 km2 in 2014 and then decreased to around 235,000 km2 with minor fluctuations.



The average PET values corresponding to the three types of land cover in descending order were grassland PET > cropland PET > forest PET. The trends of the three results were relatively stable annually, and the time range corresponding to the fluctuation interval was generally consistent. Comparing the changes of the two elements in each type, an inverse tendency exists between changes in the area of land use and PET for cropland and forest. The above-mentioned relationship is applicable in the area of grassland type during the period when the variation is relatively stable. However, PET tends to decrease proportionally in periods when the area changes sharply.





4. Discussion


4.1. Spatiotemporal Characteristics of PET and Their Relationship with the “Evaporation Paradox”


Previous studies have shown that Chinese multi-year PET is between 610 and 1300 mm, and the spatial distribution is roughly low in the east and high in the west [52]. Compared with other regions in China, the northeast region (where the basin is located) has the lowest value, and areas ˂ 800 mm frequently appear in the east and north of the basin [53]. Regarding the trend of PET in recent years, Zhao et al. (2018) found that the PET value in northeastern China showed a generally significant downward trend after 2000. Su et al. [54] found that while there was an overall downward trend of PET, which declined in the western cities of Heilongjiang province, an upward trend dominated in the northern areas such as the Greater Khingan Range and Heihe from 1960 to 2018. Chen et al. [55] studied the Second Songhua River basin trend and found that PET in the plain area showed a downward trend from 1978 to 2018, while a significant upward trend occurred in the highlands. It can be seen that the results and conclusions for the relevant regions from our study are similar to those of previous studies. However, the PET trends in the Song and Nen basins in our study are somewhat contrary to those in previous findings. This may be due to two possible reasons. First, the timing sequence of each study was different: PET changes in 2000 and before would have a specific impact on trends. Second, in previous studies, the spatial distribution of PET was obtained by interpolating the PM model calculations. Only the distance of the station value was considered with this method, except for actual factors such as land use and cover. The corresponding differences were in the areas with mixed surface types. The validity of the conclusions could be verified for the above-mentioned areas by considering both the MOD_PET and PM_PET results and their estimated estimation accuracies from this study.



Many scholars have previously found that under the trend of global warming, there is a contradiction between the hypothesis of increased evaporation capacity in various regions and the observed decrease in measured evaporation or the estimated result of PET. This has been referred to as the “evaporation paradox” [56,57]. In a correlation study of this basin, scholars have obtained and analyzed the spatial distribution and performance of the “evaporation paradox” in Heilongjiang, Jilin, and Inner Mongolia from the perspective of azimuth degree [58,59]. Based on the fact that the temperature in the basin has shown an upward trend from previous studies, this study found that most areas of the basin between 2001 and 2019 showed the “evaporation paradox” phenomenon. However, in forests and cropland areas, there were some locations where this did not appearance did not exist. This is because evapotranspiration and its potential in these areas are determined by evaporation from the ground surface and transpiration capacity of the underlying surface. Vegetation coverage in forest areas was non-uniform, which resulted in some areas with relatively low FVC. This did not reduce evaporation from the ground surface, which contributed significantly to the overall PET [3]. Due to the variety of crops and cropping methods, the amount of artificial irrigation was consistently high in certain cultivated land. Hence, in the background of continuously rising temperatures, the above-mentioned factors cause the region mentioned to be unrestricted by the overall laws of the basin.




4.2. The Impact of Vegetation Cover and Land-Use Changes on PET


In studies on interactions between vegetation cover/land use and regional actual evapotranspiration (AET), Zhang et al. [3] have found that deep roots of the stratum in forest areas can store plant-available water more effectively than in areas of plants with shallow roots, such as croplands and grasslands. Therefore, the actual evapotranspiration of the forest area was the highest of the three when other factors were constant. The following are two opposing hypotheses of investigations on the relationship between AET and PET: “proportional” and “complementary” [60]. Budyko [61] and Yan-Jun et al. [62] explored the applicability of the two hypotheses in different regions. They found that the annual period of evapotranspiration was controlled by the water/energy supply (precipitation versus potential evapotranspiration). Under humid conditions, the water supply is greater than the energy supply. At this time, PET is converted into latent heat flux and becomes true evapotranspiration. However, the relative supply of water and energy is the opposite under drought conditions. At this time, the AET was mainly controlled by changes in precipitation. Therefore, the “proportional” (complementary) hypothesis applies to humid (arid) areas. The relationship between the spatial characteristics of PET and FVC/land use in the basin can be verified by combining previous studies on precipitation and drought levels in the basin [63,64,65].



In this study, the yearly trends in FVC and PET showed a negative correlation. The area with the most obvious correlation is in the forest area of the entire Heilong and north of the Songhua River basin. Based on the corresponding conclusions of the former research, the significant increase in FVC in this area should play a positive role in promoting changes in PET in terms of regional vegetation types and wettability. Considering the difference between the theoretical and actual situation, the main explanation is that changes in local PET are not only affected by vegetation coverage but are also restricted by changes in other meteorological factors. Zhang et al. [65] analyzed the sensitivity of PET to various meteorological factors in the Songhua River basin and the contribution of meteorological factors to PET changes on an annual scale. They found that in such an alpine-cold zone, temperature and relative humidity were the most influential factors in the process of PET changes. Based on the response relationship between vegetation coverage and climate change in the basin [31,66], climatic conditions such as gradually decreasing temperature and increasing relative humidity contribute to the variation as the vegetation coverage in the target area is significantly strengthened. To extensively analyze the impact generated by the meteorological elements, we added the annual precipitation as a factor to explore the spatial distribution and time-series analysis of the rainfall with the variation of PET among the three river basins that have homogeneous FVC and stretch along the north–south direction in space: Heilong and (second) Songhua (Figure 10). As shown in Figure 10a, the distribution of rainfall decreased from south to north. Due to the positive interaction of rainfall–AET–PET discovered by the above studies, relatively low precipitation was also proposed as one of the reasons for the pattern of PET in the northern region. In addition, Figure 10b elucidates that there is a positive correlation between the changing trends of annual rainfall and PET. Based on the above findings, arguments can be discussed in terms of ascertaining the responses between PET and FVC by using the link of AET produced by different vegetation. Characterized weather constituents are also suggested to be considered.



Among all the land cover types, forest, cropland, and grassland are the most important sections for resource supply and ecological regulation. As a key link in the soil-water-resource-atmosphere cycle, regional PET is an important parameter guiding the acquisition and management of natural resources, including forest exploitation, farmland irrigation, and grassland grazing. The area of forestry fluctuates with the continuous advancement of the Chinese Three-North Shelterbelt Project, and its proportion increases yearly. However, the rate of change of its internal PET was −5.52 mm·a−1, which indicates that high-latitude forestry was restricted by climatic factors such as low temperatures and rainfall since the water-holding and transpiration capacity of the plants could not effectively exert the synergistic effect of PET. In the context of global warming, forest PET trends may increase gradually or even abruptly, especially in the northern region. One of the sensitive factors for drought monitoring, investigating, and forecasting the future direction under the condition of water supplementation (precipitation, snowfall, etc.) in these areas will become a meaningful aspect of preventing silviculture and cultivation from water shortness. The changing trends of farmland and grassland in the basin over the years have shown an evident complementarity as the eastern edge of the Chinese agricultural/pastoral transition zone. Simultaneously, the western and southwestern parts of the basin have high PET values and are dominated by two land-cover types. Therefore, proper utilization and management of local water resources based on changes in the two types and their ET potential will be essential for maintaining the quality and security of farm-pasture products in this key area. Therefore, this is worthy of further discussion and research.




4.3. Research Deficiencies and Prospects


In the process of experimental data curation and previous documentary analysis, it was found that the following topics are worthy of further improvement and research:



(1) Diversification of estimated data sources: In this study, two representative estimation schemes in meteorology and remote sensing were selected to simulate and analyze the PET of the basin. In recent years, scholars have tried to introduce meteorological data from multi-sourced reanalysis products and simulated PET products for quality assessment and application analysis with promising simulation results [40,41,67]. Therefore, future research will analyze the applicability of the newly estimated results in the basin based on existing studies and the known impact of various factors on PET to expand the research sequence and achieve better simulation results. Furthermore, aside from the evaluation of these products, the key parameters that construct the theoretical equation will be meaningful for modeling and computing. They will aid in calibrating the estimations provided by the selected production. Analysis of this research progress is also mentioned in the literature review section.



(2) Enhance the reasonableness of applicability analysis: In this study, the evaporation data were used as the measured reference material to evaluate the suitability of PM_PET and MOD_PET in the basin. Although its environmental conditions are similar to those set for PET, calculation without the reference crop becomes an encumbrance that affects the reliability of the assessment. In the future, we plan to create the experimental condition on a typical site that possibly meets the observation requirement of PET ruled by its definition. The results will enhance the rationality of the evaluation and can also validate the availability of setting Epan as a judgment. Moreover, the spatial differences were neglected during the correlation test between PET simulations and Epan, which is generated by the consideration that the observed value will be changed by the corresponding operation on scale-uniforming. Therefore, higher-resolution products and downscaling methods will be adopted for future research.



(3) Thematic analysis of the effects of results: This study focused on macro-topics of water consumption in the entire basin and sub-basins. We found that areas with different vegetation growth conditions and cover types due to anthropogenic activity had different spatiotemporal responses to PET changes. For example, in the impact of PET on crop water requirements and supplementation, scholars have calculated evapotranspiration results during the crop growing season in the irrigation area and used them as an input to evaluate the utilization efficiency of water resources [68]. Therefore, future investigations are needed to conduct detailed research on regional evapotranspiration and its impact according to local conditions to provide more precise policy plans for managing water resources under changing climate conditions. This will also facilitate trade and donate adequate high-quality resources with the countries along the CMREC.





5. Conclusions


This study used a variety of conventional meteorological data and estimated the long-term temporal variations and overall spatial distribution of high-suitability PET in the basin by comparing and combining remote-sensing products. The results show that the potential evapotranspiration of the Heilongjiang River basin (Chinese section) from 1984 to 2019 was between 715 and 1060 mm, and the mean annual PET was 897.39 mm. The interannual variation trends of each sub-basin within the basin were roughly the same. Two “candidates” were introduced to seek the finer performance, i.e., PM_PET and MOD_PET, which demonstrated a high consistency for the simulation. After correlation analysis with the measured evaporation data, it was found that both can approximately represent the ET potential. The simulation accuracy of MOD_PET was higher in the areas where the estimations were relatively different in the same period. The spatial characteristics of MOD_PET have an overall pattern of increasing gradually from northeast to southwest, and high-value sectors were mainly concentrated in the Nen and western Argun basins. As the input to propose the multidimensional association analysis, the spatial characteristics of mean PET values from 2001 to 2019 showed a significant negative relationship with the corresponding FVC-classification results and had certain relationships with land use/cover change. By comparing datasets, it was found that the proportion of PET initially increased and then decreased with increasing FVC. There was an overall negative correlation between the trends in PET and FVC in the basin during the research sequence. Areas with the strongest correlations appeared in the middle of the agricultural area in Nen and the northern forested sub-basins, which were affected by the relevance of AET based on the relatively arid environment and northern “take over” climatic conditions, respectively. Annual changes in the selected land-use types, cropland, forest, and grassland differed significantly. They were negatively correlated with the annual trend in PET over 19 years. However, the situation is expected to be altered substantially in the near future or longer according to the warming climatic tendency and the macro-policy regulation contrapuntally on each ecological niche.
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Figure 1. General condition of the Heilongjiang River basin, China: (a) Location of study site; and (b) selected meteorological sites, elevation distribution, and regionalization. 
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Figure 2. Flowchart of the methods employed in this study. 
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Figure 3. Interannual variation of Penman–Monteith potential evapotranspiration (PM_PET) and MOD16 potential evapotranspiration (MOD_PET) mean values for the whole basin and its sub-basins from 1984 to 2019: (a) PM_PET (1984–2000); (b) PM_PET (2001–2019); and (c) MOD_PET (2001–2019). 
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Figure 4. Correlation analysis of PM_PET with (a) Epan_avg and (b) MOD_PET over all weather stations. 
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Figure 5. Correlation analysis of PM_PET and MOD_PET with Epan_avg for specified stations: (a) 2001–2009 and (b) 2010–2019. 
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Figure 6. Spatial distributions of potential evapotranspiration (PET) and fractional vegetation coverage (FVC)/land use in the basin: (a) PET, (b) FVC, and (c) Land-use type. 
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Figure 7. Time-series changes of fractional vegetation coverage in the basin. 
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Figure 8. Changing trend of (a) potential evapotranspiration (PET) and (b) fractional vegetation coverage (FVC), 2001–2019 in the basin. 
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Figure 9. Time-series changes of land-use types and corresponding potential evapotranspiration (PET): (a) forest, (b) cropland, and (c) grassland. 
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Figure 10. Spatial distribution of annual average precipitation (a) and changing trend of the annual precipitation (b) over Heilong and (Second) Songhua River basins from 2001 to 2019. 
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Table 1. Parameters of quantitative evaluation based on the correlation analyses.






Table 1. Parameters of quantitative evaluation based on the correlation analyses.





	
Period

	
MOD_PET–Epan_avg

	
PM_PET–Epan_avg




	
R2

	
MAE

	
RMSE

	
R2

	
MAE

	
RMSE






	
2001–2009

	
0.94

	
69.22

	
78.37

	
0.79

	
239.35

	
248.49




	
2010–2019

	
0.94

	
65.85

	
78.2

	
0.85

	
168.87

	
181.51
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Table 2. Basin/sub-basin mean fractional vegetation coverage (FVCs) and class ratios.






Table 2. Basin/sub-basin mean fractional vegetation coverage (FVCs) and class ratios.





	
(Sub) Basin Name

	
Mean FVC

	
FVC Class Ratio %




	
Bare Soil or Water Body

	
Low Cover

	
Low–Medium Cover

	
Medium Cover

	
High Cover






	
The whole Basin

	
0.491

	
1.08

	
8.35

	
35.41

	
28.57

	
26.59




	
Heilong

	
0.565

	
0.39

	
0.57

	
14.58

	
35.92

	
48.54




	
Songhua–Tumen

	
0.545

	
0.64

	
2.11

	
37.18

	
20.58

	
39.49




	
Argun

	
0.411

	
2.39

	
0.97

	
50.97

	
22.83

	
22.84




	
Nen

	
0.457

	
1.09

	
5.72

	
47.78

	
29.12

	
16.29




	
Wusuli–Suifen

	
0.484

	
1.66

	
11.74

	
41.20

	
30.87

	
14.53
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Table 3. Basin/sub-basin mean Potential evapotranspiration (PETs) and class ratios.






Table 3. Basin/sub-basin mean Potential evapotranspiration (PETs) and class ratios.





	
(Sub) Basin Name

	
Mean

PET/mm

	
PET Class Ratio %




	
[125–365]

	
[365–605]

	
[605–845]

	
[845–1085]

	
[1085–1337]






	
The whole Basin

	
928.27

	
0.12

	
6.57

	
55.87

	
37.44

	
0




	
Heilong

	
795.21

	
0.72

	
42.71

	
30.92

	
25.65

	
0




	
Songhua–Tumen

	
924.3

	
0.01

	
11.09

	
50.53

	
38.18

	
0.19




	
Argun

	
829.04

	
0.025

	
13.659

	
47.031

	
39.285

	
0




	
Nen

	
974.66

	
0.005

	
17.594

	
37.744

	
43.360

	
1.296




	
Wusuli–Suifen

	
958.35

	
0.004

	
3.275

	
59.714

	
37.007

	
0
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