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Abstract


Spring soil moisture (SM) is of great importance for monitoring agricultural drought and waterlogging in farmland areas. While winter snow cover has an important impact on spring SM, relatively little research has examined the correlation between winter snow cover and spring SM in great detail. To understand the effects of snow cover on SM over farmland, the relationship between winter snow cover parameters (maximum snow depth (MSD) and average snow depth (ASD)) and spring SM in Northeast China was examined based on 30 year passive microwave snow depth (SD) and SM remote-sensing products. Linear regression models based on winter snow cover were established to predict spring SM. Moreover, 4 year SD and SM data were applied to validate the performance of the linear regression models. Additionally, the effects of meteorological factors on spring SM also were analyzed using multiparameter linear regression models. Finally, as a specific application, the best-performing model was used to predict the probability of spring drought and waterlogging in farmland in Northeast China. Our results illustrated the positive effects of winter snow cover on spring SM. The average correlation coefficient (R) of winter snow cover and spring SM was above 0.5 (significant at a 95% confidence level) over farmland. The performance of the relationship between snow cover and SM in April was better than that in May. Compared to the multiparameter linear regression models in terms of fitting coefficient, MSD can be used as an important snow parameter to predict spring drought and waterlogging probability in April. Specifically, if the relative SM threshold is 50% when spring drought occurs in April, the prediction probability of the linear regression model concerning snow cover and spring SM can reach 74%. This study improved our understanding of the effects of winter snow cover on spring SM and will be beneficial for further studies on the prediction of spring drought.
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1. Introduction


Soil moisture (SM) is an essential element of the earth’s ecosystem. As an important indicator for monitoring agricultural drought and waterlogging, spring SM especially has significant implications for seed germination and agricultural production [1], and agriculture is therefore significantly vulnerable to associated hazards when spring SM over farmland is abnormal (e.g., exceeding or less than the suitable SM for seed germination). In most cold regions, because of the accumulation of water in the snowpack in winter and its subsequent release during the springtime snowmelt, snow cover is an important source of spring SM and increases spring SM. Spring agricultural water supply in arid or semiarid regions with abundant snow in winter mainly comes from snowmelt runoff [2,3], underscoring the nonnegligible impact of winter snow cover on spring SM. In the context of global climate change and uneven distribution of water resources in China, snow water resources should be given full attention and rationally used. Therefore, estimating the contribution of winter snow cover to spring SM is critical for agricultural water resource management. Furthermore, exploring the relationship between winter snow cover and spring SM can effectively urge policy departments to formulate immediate adaptation and mitigation measures based on winter snow cover in order to reduce agricultural hazards.



The importance of snow cover and SM to microclimate has long been recognized, and these are always applied in drought estimation [4,5]. Most previous research has focused on snow–ground thermal interactions. For example, Walsh et al. [6] assessed the impacts of snow cover and SM on temperature according to the observed snow cover, the computed SM index, and the station temperature. Goodrich [7] reported that seasonal snow cover could result in an increase in mean annual ground temperatures in permafrost. Zhang [8] demonstrated the characteristics of seasonal snow cover and reviewed the studies concerning its impacts on the ground temperature. Li et al. showed the effects of snow cover on the ground thermal regime. Several studies have been conducted with respect to the effect of snow cover and SM. Ambadan et al. [3] assessed the influence of snowmelt and initial snow water equivalent uncertainty on SM anomaly and its memory. Shinoda [9] indicated the yearly maximum snow depth has a significate impact on SM. However, relatively little research has examined the correlation between winter snow cover and spring SM in great detail, or attempted to predict spring SM with the information of snow cover. The change of SM during spring is closely associated with winter snow cover conditions. Additionally, the methods used previously have been mostly based on single-point models in general and are limited to small scales. The obtained conclusions are essentially mostly qualitative. The data used in the calculations are from weather stations or measurements, and it is time-consuming as well as difficult to achieve regional-scale results. Remote sensing has been proven to be an efficient method to monitor snow depth (SD) and SM at the global and regional scales, and some corresponding data products have been provided to the public [10,11,12,13]. It is convenient and relevant to use these remote-sensing products to study the impact of snow cover on spring SM for preparing farmland in advance and realizing the prediction of spring drought and waterlogging on a large scale.



The spring drought occurs during the period between the sowing of spring maize to the growth of seedlings (from April to June in Northeast China), which is significantly associated with spring SM. Appropriate spring SM is conducive to the growth of spring crop seeds over farmland [14]. When SM is less than the threshold needed by crops during seed emergence, it may cause spring drought. In contrast, if SM exceeds the threshold required for crop growth, the possibility of spring waterlogging in farmland will increase. Consequently, spring SM is an important indicator used to judge the occurrence of spring drought and waterlogging. Winter snow cover has a nonnegligible impact on spring SM. To date, few relevant studies have taken snow cover parameters into consideration to predict spring drought and waterlogging in farmland soil. Thus, the present study is not only a further application and extension of the snow cover and SM models, but also an exploration of probability prediction of spring drought and waterlogging based on winter snow cover. It will also be an extremely valuable achievement for agricultural hazard warning when these models are used to determine snow cover parameter threshold values corresponding to the occurrence of spring drought and waterlogging.



Northeast China is one of the major food production bases and important agricultural regions in China, and is also one of the important snow areas [15,16]. The three plains located in Northeast China, including the plains of the Liao River, the Songnen Plain, and the Sanjiang Plain, together produce more than 40% of the grain produced in China. Rich snow cover in Northeast China provides important water resources for agriculture. Not only does snowmelt runoff affect agricultural irrigation, but the amount of snow cover also directly affects the spring SM. Spring SM is a significant tool used to guide the spring farming time. The farmers in Northeast China usually start planting in April or May when soil conditions are suitable for the germination of seeds [15]. However, if the SM is too low in spring, it will be necessary to delay planting even if the soil temperature is suitable. This will inevitably shorten the limited growth period of crops in Northeast China and increase the risk of low-temperature damage to food production in autumn. Therefore, it is necessary to establish a model relating winter snow cover and spring SM (in April and May) over farmland in order to predict the spring SM in advance through winter snow cover, and to inform preparations and early warnings for spring sowing.



In this study, we provide a detailed description of the relationship between snow cover parameters and spring SM at the region scale by adopting long-time-series remotely sensed SD data from 1980 to 2009 and SM products from 1981 to 2010. The 30 year period investigated was considered long enough to ascertain a reliable relationship between winter snow cover and spring SM over farmland in Northeast China. The correlations of annual maximum snow depth (MSD) and annual average snow depth (ASD) in winter with respect to spring monthly SM were calculated. Based on these findings, regression models of snow cover and spring SM were established. Furthermore, 4 year SD and SM data were used to validate the accuracy of the models. Additionally, the effects of meteorological factors on spring SM also were analyzed using multiparameter linear regression models. Next, as a specific application, the best-performing model was used to predict the probability of spring drought and waterlogging. The principal objective of this study was to evaluate the impact of winter snow cover on spring SM in farmland in Northeast China. The prediction of spring SM can help agricultural management departments to make advance decisions, and also contribute to the further development of SM prediction models. The paper is organized as follows. Data and methods are briefly introduced in Section 2. Section 3 describes in detail the correlation between snow cover parameters and spring SM, the linear regression models concerning SD and spring SM, the validation of models, analysis of meteorological factors, and prediction of spring drought and waterlogging probability. Finally, the discussion and conclusions are given in Section 4 and Section 5, respectively.




2. Data and Methods


2.1. Study Area


Northeast China (115.51°–135.78°E, 38.72°–53.56°N) is the main grain base of China, covering an area of 790,000 km2, including Heilongjiang, Jilin, Liaoning, and the eastern provinces of Inner Mongolia. It has a temperate continental monsoon climate [16]. The soil types in this region are mainly black soil, clay, and sand, which are subject to annual freeze–thaw cycles. In general, the soil in farmland starts to freeze in early November and begins to thaw in late February or early March. By late March, the soil frost will disappear completely [15]. Since most regions in Northeast China are frozen in March, SM in April and May is crucial for seed germination and late plant products. Besides, Northeast China is one of the three primary snow-covered regions in China [2]. Snowfall is mainly concentrated from October to March. Most regions of Northeast China are arid or semiarid regions. A related study indicated the annual precipitation rate in Northeast China fluctuates between 435 mm/year and 680 mm/year, and the precipitation in the months of April and May is about 20 mm and 40 mm, respectively [17]. Summer precipitation (from June to August) accounts for 65.7% of the annual precipitation, based on 98 meteorological stations’ observations over a 48 year period, which implies that most of the precipitation in the region occurs during the summer months [17]. Farmland accounts for approximately 30% of all land area in Northeast China (Figure 1a), being mainly located on the plains of the Liao River, Songnen Plain, and Sanjiang Plain. The land-cover data were charted at a scale of 1:1,000,000 in 2015, generated from Landsat 8 images through visual interpretation and released by the Resource and Environment Data Cloud Platform (http://www.resdc.cn/). It should be noted that the classification of “farmland” includes the paddy fields and dry land shown in Figure 1a. Owing to their significant human influence (i.e., artificial farmland irrigation), paddy fields were not considered in this study and only the dry land in Northeast China was considered as farmland. Additionally, in order to match the SD and SM products with the spatial resolution selected in this study, 0.25°, therefore the percentage of dry land within a 0.25° grid corresponding to the satellite products was counted, and the pixels in which the dry land was greater than 50% were regarded as farmland in the study (Figure 1b).




2.2. Data


2.2.1. Satellite Snow Depth Data Product


The satellite snow depth data product used in this study was a daily snow depth long-term series dataset provided by the West Data Center in China (WestDC) with a spatial resolution of 0.25° × 0.25°. It spans over 30 years and covers the period from October 1978 to December 2016 with full coverage of China. The daily microwave brightness temperature of the scanning multichannel microwave radiometer (SMMR) onboard Nimbus-7, the special sensor microwave imager/sounder (SSM/I) of Defense Meteorological Satellite Program (DMSP), and the Advanced Microwave Scanning Radiometer for Earth Observing System (AMSR-E) onboard the Aqua satellite are used to derive the daily snow depth, which is recorded by the National Snow and Ice Data Center (NSIDC). Due to the inconsistency of different sensor platforms, the brightness temperature obtained from different sensors was cross-calibrated in advance [18], and then a snow depth inversion algorithm proposed by Che et al. [19] was used to generate the snow depth products for China. When compared with the existing snow products, the snow depth retrieval algorithm used in this dataset takes the actual snow condition in China into account and uses a decision-tree algorithm for surface snow cover/land classification. More details can be found in the literature by Che et al. [19] and Dai et al. [20]. The data product has been applied to related research in trends and variation of snow depth [18,21]. It has been proven to be more accurate than the other snow depth products in China, and can be downloaded freely at http://westdc.westgis.ac.cn/after registration. In this study, the daily snow depth data for the period of 1980 to 2009 were applied to estimate winter snow cover parameters.




2.2.2. Satellite Soil Moisture Data Product


The European Space Agency (ESA) Climate Change Initiative (CCI) surface SM product is the first purely multidecadal satellite-based daily SM product that covers the data-rich period from November 1978 to the present with global coverage. The dataset has a grid spatial resolution of 0.25°. It consists of three surface SM datasets, including the “active product”, the “passive product”, and the “combined product” [22]. The active product is created by fusing scatterometer SM products derived from the advanced scatterometer (ASCAT), while the passive product is the fusion of radiometer SM products obtained by the SMMR, the SSM/I, the Tropical Rainfall Measuring Mission Microwave Imager (TMI), the AMSR-E, and the AMSR2. The combined product is a blended product based on the former two datasets [23]. More detail of the theoretical and algorithmic base relating to the generation of the SM product can be seen in Wagner et al. [24]. The SM data for the combined products are provided in volumetric units (m3·m−3) (representing the ratio of the volume of voids to the total volume). The uncertainty of SM is taken into account in the production process, and the dataset uses standard deviation to evaluate its data accuracy. Additionally, the ESA CCI SM product has been fully validated and intercompared using ground-based observations [25,26]. The results demonstrate that it can be regarded as an effective dataset for application in the investigation of long-term dynamics [27,28]. In this study, the combined product for 1981 to 2010, which is freely available from ERA after completion and verification of the registration (https://www.esa-soilmoisture-cci.org/), was used to estimate the monthly SM.




2.2.3. Auxiliary Data


In this study, the monthly precipitation and air temperature data retrieved from the National Aeronautics and Space Administration (NASA) Global Land Data Assimilation System (GLDAS) Noah Land Surface Model for the period of 1981 to 2010 were applied. The goal of the NASA GLDAS is to generate optimal fields of land surface states and fluxes by ingesting satellite and ground-based observational data products, using advanced land surface modeling and data assimilation techniques [29], which provide three components for GLDAS-2, including GLDAS-2.0, GLDAS-2.1, and GLDAS-2.2. The temporal resolutions for the GLDAS-2 products are 3 hourly, daily, and monthly. Considering the time overlap coverage and the consistency of spatiotemporal resolution with respect to the snow and soil moisture products, we selected the GLDAS-2 monthly dataset at 0.25° × 0.25°, which is generated through temporal averaging of the 3 hourly products and currently covers January 1948 to December 2014. GLDAS-2 is forced entirely with the Princeton meteorological forcing input data [30] and contains a series of land surface parameters simulated using the Noah Model 3.6. The precipitation parameters include the total precipitation rate, which is the sum of rain and snow precipitation rates. It also includes liquid precipitation rate and frozen precipitation rate, namely rain precipitation rate and snow precipitation rate, respectively. A full description of and information related to these data are given in the document for NASA GLDAS Version 2 Data Products [31]. This dataset is currently free of charge and accessible via the https://disc.gsfc.nasa.gov/datacollection/GLDAS_NOAH025_M_2.0.html website. Due to the significant contribution of rainfall to soil moisture, liquid precipitation was used in our study and monthly cumulative precipitation in April and May was calculated, respectively.



Soil data for China were also applied in this study, and were drawn from the Harmonized World Soil Database (HWSD) (version 1.1) constructed by the Food and Agriculture Organization of the United Nations and the Vienna International Institute of Applied Systems [32]. HWSD is a new comprehensive soil dataset. The new soil map of China in HWSD is at a 1:1,000,000 scale [33], which is considered to be of moderate reliability [32]. The data are provided by Geographic Data Sharing Infrastructure, College of Urban and Environmental Science, Peking University and is publicly available at http://geodata.pku.edu.cn. In this study, the soil parameters (e.g., soil bulk density, sand fraction, and clay fraction) were extracted from the soil data and resampled to a 0.25° spatial resolution using nearest interpolation methods for a consistent spatial resolution with SD and SM products.





2.3. Methods


Prior to statistical analysis, we defined the winter season in Northeast China as extending from 1 October to 31 March of the following year. The snow cover parameters in the winter season were extracted from the daily SD product provided by WestDC from 1980 to 2009, including annual MSD and annual ASD. In this study, the daily maximum value and the daily average value of snow depth in the winter season were defined as the annual maximum snow depth and the annual average snow depth of the given year, respectively. Furthermore, based on the ESA CCI surface SM product, the monthly SM values for April and May in the period of 1981 to 2010 were calculated from daily SM. The spatial distribution patterns of the correlation between annual snow cover parameters and spring SM were then analyzed. The Pearson correlation coefficient (R) was used as the statistical metric to quantitatively evaluate the correlation. In addition, the p-value was considered to reflect the signification of correlation. Base on the results of the correlation analysis, linear regression models for winter snow cover and spring SM were constructed using data covering 30 years, and the structure was


   y  S M   = a  x  s n o w   + b  



(1)




where    y  S M     represents spring SM, and    x  s n o w     is MSD or ASD, respectively.  a  and b are defined as the coefficients of the regression equation.



To further validate the accuracy of the regression models, snow cover parameters for the period from 2010 to 2013 and monthly SM for the period from 2011 to 2014 were used to test results. Evaluation metrics used in validation included the root-mean-square error (RMSE), mean bias (Bias), and correlation coefficient (R), which reflected the performance of the model. Three metrics were calculated using the following formulas.


  RMSE =       ∑   k = 1  N     (   y  o b s   −  y  s i m    )   2   N     



(2)






  Bias =     ∑   k = 1  N   (   y  o b s   −  y  s i m    )   N   



(3)






  R =     ∑   k = 1  N   (   y  o b s   −    y  o b s    ¯   )   (   y  s i m   −    y  s i m    ¯   )        ∑   k = 1  N     (   y  o b s   −    y  o b s    ¯   )   2    ∑   k = 1  N     (   y  o b s   −    y  s i m    ¯   )   2       



(4)




where    y  o b s     and      y  o b s    ¯    are the observed and average values for spring SM, respectively;    y  s i m     and      y  s i m s    ¯    are same as    y  o b s     and      y  o b s    ¯   , but for the spring SM estimated by the linear regression models; and N is the number of data.



To further demonstrate the reliability of the linear regression model, the multiparameter linear regression model was adopted to analyze the effects of monthly cumulative precipitation and air temperature on SM over farmland in Northeastern China, expressed as follows:


   y  S M   =  c 1   x  s n o w   +  c 2   x  P r e   +  c 3   x  T e m   +  c 4   



(5)




where    y  S M     and    x  s n o w     are as the same as in Equation (1).    x  P r e     and    x  T e m     are monthly cumulative precipitation and air temperature, respectively.    c i     (  i = 1 , 2 , 3 , 4  )    is defined as the coefficients of the regression equation and also indicate the contribution of snow cover and meteorological factors to spring SM. All factors were non-dimensionally processed via the extremum method (normalization results between 0 and 1).



Finally, we used the established regression model that performed best in this study to predict the spring drought and waterlogging probability. The crops grown in farmland in Northeast China are mainly maize. The suitable relative SM (RSM) for the germination of maize seeds (sowing and emergence) is slightly higher than for other periods. According to the maize meteorological statistical data, for this study, RSM values of 50% and 70% were selected as the thresholds to assess the spring drought and waterlogging probability, respectively. Table 1 gives a drought and waterlogging evaluation index based on RSM at stages of maize planting.



RSM is determined as the soil moisture divided by the field capacity [34]. The field capacity is calculated using the ratio of sandy and clay soils referring to Martínez-Fernández et al. [35], which is established via pedo-transfer functions based on in situ data. In this study, the proportions of sand and clay were extracted from the soil data in China [33]. The transformation of volumetric SM to RSM and the field capacity calculation was as follows.


  RSM =    m v     ρ  s o i l   ·  θ  F C      



(6)






   θ  F C   = 0.186 +  (  − 0.00127 ·  f  s a n d    )  +  (  0.00325 ·  f  c l a y    )   



(7)




where the    m v    and    θ  F C     represent spring SM and field capacity.    ρ  s o i l    ,    f  s a n d    , and    f  c l a y     are the soil bulk density, sand fraction, and clay fraction, respectively. RSM is relative soil moisture.





3. Results


In this section, the spatial patterns of MSD, ASD, and spring SM over 30 years are presented. It was necessary to analyze the spatial pattern of SD and spring SM in order to understand the characteristics of snow cover and SM over farmland in Northeast China. The correlations of snow cover parameters and spring SM were then calculated. Furthermore, linear regression models concerning winter snow cover and spring SM were established and the models’ accuracies were validated. Additionally, the contributions of meteorological factors to spring SM were analyzed. Finally, snow cover parameters that are most relevant to spring SM are selected to predict spring drought and waterlogging probability.



3.1. Spatial Patterns of SD and Spring SM


The average MSD and ASD values were calculated over 30 years from 1980 to 2009. In order to better visualize the differences in the spatial distribution of snow depth, the intervals represented by the displayed color in Figure 2a,b are different. As seen in Figure 2a, the range of MSD was from 0 to 30 cm, which mainly exhibited an increasing trend from south to north over farmland in Northeast China. The smaller MSD values of less than 10 cm were mainly distributed in Liaoning Province and the central region of Jilin Province, while the largest MSD values reached 25 cm to 30 cm and were primarily located in Heilongjiang Province. The spatial pattern of ASD was similar to MSD, as shown in Figure 2b (namely the larger ASD distributed in northern and the smaller ASD distributed in southern Northeast China). Shallow snow cover of less than 6 cm was mainly distributed in Liaoning Province and middle regions of Northeast China. The spatial distribution of ASD showed consistency with previous research results [18].



Figure 2c,d presents the average monthly SM in April and May from 1981 to 2010, respectively. The range of monthly SM in April and May was from 0.1 m3·m−3 to 0.35 m3·m−3. However, the monthly SM values of most pixels were concentrated between 0.15 m3·m−3 and 0.25 m3·m−3, in which the larger SM values were distributed in the eastern regions of Northeast China. The spatial distribution of the monthly SM values in April and May was consistent, but the monthly SM in April was overall higher than that in May. The range of 0.1 m3·m−3 to 0.15 m3·m−3 in monthly SM was mainly distributed in Inner Mongolia, where the averaged MSD and ASD values were relatively smaller. Additionally, it was found that snow cover parameters and spring SM had high consistency in terms of spatial patterns. The regions where the MSD and ASD were high presented higher spring monthly SM.




3.2. Correlation Analysis of Snow Cover and Spring SM


Correlation analyses between MSD and monthly SM in April and May were performed, and the Pearson correlation coefficients were calculated. The spatial distribution results are displayed in Figure 3. The statistically significant pixels (p < 0.05) are also marked in the figures.



In April, it was seen that most pixels exhibited positive correlations between MSD and spring SM, as well as between ASD and spring SM, indicating the contribution of snow cover to spring SM. However, there were slightly negative correlations between MSD and SM, and this also was found for ASD and SM in the same month. These negative correlations pixels were mainly distributed in Jilin Province and Liaoning Province, which have lower MSD and ASD in winter. The reason for the negative correlation may be because snow cover is not the main source of spring SM in these areas, a fact associated with the local climate and the amount of snow accumulation in winter. The thinner snow cover has a shorter retention time and sublimates quickly, resulting in the snow cover making little contribution to spring SM. In these regions, spring SM is mainly affected by precipitation and climate. The farmland pixels which indicated significant correlations had a similar spatial distribution and were concentrated in the northwestern part of Heilongjiang Province. The number of significantly related farmland pixels in the northeast farmland gradually decreased from south to north and the correlation gradually weakened. The nonsignificant related pixels were sparsely distributed at the boundary of the study area, showing a weak correlation.



The MSD and ASD in May were shown to be positively correlated to spring monthly SM, also demonstrating that snow cover has a significant effect on spring SM. In terms of spatial distribution, this was consistent with the significant pixels in April and was concentrated in the northwest part of Heilongjiang Province. The correlation coefficient between the MSD/ASD and monthly SM in May gradually increased from south to north. Additionally, significantly related pixels increased in May and were mainly distributed in the northern part of Heilongjiang, central Jilin Province, and northern Liaoning Province. The number of significantly related pixels was higher than that of April, which may be because snow cover may have a lagging effect on SM [3], considering the lower precipitation in May over farmland in Northeast China. Compared with the spatial correlation distribution of the ASD and monthly SM, the MSD had a stronger correlation with monthly SM in May.



Table 2 lists the percentage of significant-correlation pixels that accounted for the farmland in Northeast China. The number of significant-correlation pixels for the MSD/ASD and SM in April were 45.8% and 52.2% of all pixels in the study area, whereas the significant-correlation pixels of those in May accounted for 53.8% and 67.8% of the total farmland, respectively. In most of the northeast farmland, the snow cover parameters (MSD and ASD) and spring SM (April and May) display a significant correlation relationship. However, in terms of some farmland pixels (e.g., in Jilin and Liaoning Province), the effect of snow cover on spring SM was more significant in May, demonstrating that when the snow cover melted in March, this effect was not immediately apparent in April. The averaged correlation coefficients of MSD and SM in April and May were 0.53 and 0.52, while those of ASD and SM in April and May were 0.55 and 0.54, respectively. In general, winter snow cover has a strong correlation with SM in April. The reason may be snow cover in the northeast farmland is basically completely gone at the end of March. At this time, the influence of the snowmelt on SM is obvious.



Overall, snow cover had positive impacts on spring monthly SM in most areas, although some pixels exhibited an insignificant negative correlation in space. The highest correlation coefficients reached 0.8. Winter snow cover is beneficial for spring SM retention, implying that the deeper the average snow depth and larger maximum snow depth, the greater the spring SM. However, the contribution of snow cover to spring SM over farmland in Northeast China showed large spatial differences and was inconsistent. Additionally, it displayed a delayed effects of snow cover on spring SM. In farmland pixels accounting for 8% to 16% of total farmland pixels, snow cover had no significant effect on SM in April but a significant effect on SM in May. The contribution of snow cover to spring SM in the early stage will also lead to changes in SM in the later period, which may last until May.




3.3. Linear Regression Model Concerning Snow Cover and Spring SM


According to the correlation analysis results, winter snow cover and spring SM had a significant spatial correlation. Subsequently, all the spatially significantly related pixels (p-value < 0.05) were extracted to further quantitatively analyze the relationship of snow cover with SM in April and May, respectively. A linear regression fitting was adopted to establish the model concerning the contribution of snow cover to SM in April and May.



Figure 4 shows the scatter maps of MSD and ASD correlations with SM in April and May, respectively. The number of samples used to establish the models was greater than 4000. As shown in Table 3, the fitting coefficients (R2) of MSD and ASD with SM in April and May were 0.42, 0.24, 0.32, and 0.16, respectively. All the fitting equations passed the test with a confidence of 0.01. The MSD correlation with SM in April had the highest R2, which illustrates that the MSD had better performance in establishing the linear regression model concerning the contribution of snow cover to spring SM. Compared with April, the fitting coefficients of the linear equations in May were relatively lower, indicating that the snow cover was more suitable for constructing the monitoring and predicting model of monthly SM in April. The effect of snow cover on SM was more pronounced in April. It should be noted that the points were small fluctuations and were scattered on both sides of the fitted curve, and many points appear to pile up in Figure 4. This is mainly due to small variations of snow cover and spring SM in some pixels. Another reason is that spring SM is influenced by many factors; it was not consistent with snow cover parameters at some points. Despite these factors, snow cover and spring SM still exhibited a positive trend to a general extent. Therefore, this was an effective attempt to build spring SM forecast model using snow cover parameters as independent variables and SM as dependent variables.




3.4. Validation of Linear Regression Models


Based on the established linear regression models, the same farmland pixels in space as were used in the linear regression model were selected to validate the performance of the models. The 4 year SD data from 2010 to 2013 and monthly SM from 2011 to 2014 were extracted and calculated.



Figure 5 displays the bias relative frequency distribution of simulated SM. The bias was mainly distributed between −0.1 and 0.1 m3·m−3. The validation results are summarized in Table 4. The average bias values of four linear regression models were smaller than 0.02 m3·m−3. The models for April underestimated monthly SM, whereas the models for May overestimated monthly SM. However, the accuracy of the models of MSD and SM in April and the model of ASD and SM in May were all within 0.04 m3·m−3, within the allowable range of SM inversion e accuracy. The model of MSD and SM in April generally performed best compared with others with the highest R of 0.66, indicating that the linear regression model better captured the variety of spring SM. There are many reasons that may result in the uncertainty of such models. The accuracies of models depend on multiple factors (e.g., the limitations of the accuracy of the remote-sensing dataset, the explicit consideration of the effect of snow cover on soil moisture). On the whole, MSD can be used as an essential snow cover parameter for spring SM forecasts.




3.5. Analysis of Meteorological Factors


Meteorological factors have important effects on spring SM, e.g., the precipitation can increase SM, whereas air temperature changes SM by influencing the sublimation of soil’s snowmelt. The relationship between monthly meteorological factors (cumulative precipitation and air temperature) and spring SM were analyzed to demonstrate their contributions to spring SM. Figure A1 shows the spatial patterns of correlation between meteorological factors and spring SM. As expected, the air temperature had a negative spatial correlation with spring SM, whereas cumulative precipitation displayed a positive correlation with spring SM over most farmland areas. It should be noted that the correlation of cumulative precipitation and SM in April was not significant, mainly due to the scarce precipitation over farmland in Northeast China in April. Furthermore, the scatter maps of meteorological factors and spring SM for significantly related pixels over farmland are exhibited in Figure 6. The results indicated that cumulative precipitation and air temperature have different effects on spring SM. Overall, air temperature plays a leading role in April SM. However, cumulative precipitation has a greater influence on SM in May.



The multiparameter linear regression models of snow cover and meteorological factors concerning spring SM are listed in Table 5. Compared with the linear regression model of snow cover alone and spring SM in terms of the fitting coefficient (R2), the multiparameter linear regression models performed better, except for the linear regression model of MSD and SM in April. It was indicated that spring SM is affected by the combination of winter snow cover and meteorological factors. Table 6 gives the percentage contributions of the snow parameter and meteorological factors to spring SM, which demonstrated that winter snow cover makes a relatively greater contribution to SM in April than meteorological factors. As time delays, the contribution of snow cover decreases, and the meteorological factors’ influence increases. However, it is worth noting that the linear regression model relating MSD and SM in April had slightly better performance than the multiparameter linear regression model. Thus, a linear regression model can also be effectively applied in the prediction of spring SM to some extent.




3.6. Prediction of Spring Drought and Waterlogging Probability


In this section, the linear regression model of MSD and SM in April was selected due to it having the highest correlation and fitting coefficient. The application of the MSD as a prediction parameter had the advantage that it is the most easily measured snow cover parameter in winter. Previous studies showed that the MSD in Northeast China is generally in January and February [18], demonstrating that model input parameter can be obtained earlier than predictor.



As shown in Figure 7, the soil bulk density and field capacity over farmland in Northeast China were distributed in from 1.0 kg·dm−2 to 1.4 kg·dm−2 and 0.25 to 0.35, respectively. The    ρ  s o i l   ·  θ  F C     values of the pixels, where there was significant correlation between MSD and SM in April, are listed in Figure 8. The mean value with the biggest counts (i.e.,    ρ  s o i l   ·  θ  F C   = 0.41  ) was selected as the final value to bring into the linear regression model.



The linear regression model of MSD and monthly SM in April based on Section 3.3 was as follows.


   y  S M   = 0.372 ∗  x  s n o w   + 0.155  



(8)






  RSM =  (  0.372 ∗  x  s n o w   + 0.155  )  /  (   ρ  s o i l   ·  θ  F C    )   



(9)






   x  s n o w   =  (  % ∗ 0.41 − 0.155  )  / 0.372  



(10)




where    y  S M     and    x  s n o w     represent MSD and spring SM, respectively. RSM indicates relative soil moisture. According to Equation (10), the thresholds of 50% and 70% RSM corresponded to MSD of 0.13 m and 0.35 m, respectively.



In order to further explore the performance of this method to predict spring drought and waterlogging probability, the dataset used to construct the model was selected to analyze the probability of prediction. Figure 9 shows the schematic diagram of spring drought, suitable conditions, and waterlogging based on the RSM thresholds of 50% and 70%.



Table 7 displays the prediction probability of spring drought, suitable conditions, and waterlogging based on Figure 9. As seen in Table 7, the probability of predicting the occurrence of spring drought and waterlogging were 74.73% and 49.09% of the total number, respectively. However, the prediction probabilities of suitable conditions and waterlogging were similar when MSD was above 0.35 m, it is because spring waterlogging is also affected by other factors, such as the process of evapotranspiration. Although there is abundant snow in winter, spring drought may also be caused by strong winds, high temperatures, and low precipitation in spring. On the whole, the model applied in this study has a higher probability of predicting spring drought than waterlogging.





4. Discussion


The objective of this study was to evaluate the impact of winter snow cover over farmland in Northeast China on spring SM via remote-sensing observations, and to predict the spring drought and waterlogging probability based on the findings. Although winter snow cover provides a complementary predictor for spring SM, there are still many limitations to this study that need to be discussed in detail and further analyzed.



Snow cover acts as an insulator to isolate energy exchange between the soil and the environment due to its high albedo and low thermal conductivity [36]. A number of studies have revealed that snow cover significantly influences the thermal regime of the ground [7,8,37,38,39]. Snow cover can regulate soil water and heat variation, and affect the freezing and thawing dates of the soil, which will indirectly change spring SM [40,41]. The freezing and thawing of the soil are important processes of the spring soil: thawing will increase SM, and freezing will reduce SM. However, the effect is limited by the conditions of winter snow cover [42]. Additionally, spring snowmelt also provides a large supply of SM [43,44,45]. The infiltration rate of snowmelt into the soil depends on the physicochemical properties of soil, e.g., the soil texture, saturation, hydraulic conductivity, etc. Thus, the contribution and influence of snow cover to spring SM are complicated in terms of the mechanism. Besides, previous studies have shown that precipitation and temperature are both important climate factors for snow cover and SM [46,47,48,49]. Meteorological factors also play an important role in the contribution of winter snow cover to spring SM. For example, the atmospheric temperature can affect winter snow accumulation and evapotranspiration rate of the soil in spring, resulting in changes of SM. The precipitation issues in spring can also increase SM. Average monthly cumulative precipitation and air temperature over 30 years can explain the spatial difference of correlation between snow cover and spring SM (Figure A2 in Appendix A). The accumulated precipitation and air temperatures in April were lower than in May, and decreased from the southeast to the northwest in space. SM in April was significantly affected by winter snow cover in this study, which may closely relate to less precipitation and lower air temperature. Moreover, snow cover in the regions with less accumulated precipitation had relatively high correlations with SM, whereas that in the regions with relatively larger accumulated precipitation regions was not significantly related to SM in April. From Figure A1a,b, those areas where accumulated precipitation has a higher correlation with spring SM have a low correlation between snow cover parameters and spring SM. For example, the western part of Jilin Province showed the strongest correlation between snow cover and spring SM and a weaker correlation between cumulative precipitation and spring SM in this study. The rainfall in this region is mostly concentrated in July, August, and September, not between October and May in the next year. Spring SM over farmland mainly comes from the supply of winter snow, which indicates the important contribution of winter snow cover to spring SM. For another example, the correlation between the snow cover and spring SM over farmland in the northern Liaoning Province showed a weak correlation and was not significant. This may be because the higher air temperature in April and May results in faster snowmelt and sublimation, which can be explained by the correlation between air temperature and spring SM. As shown in Figure A1c,d, air temperature had a higher correlation with spring SM in this region. Moreover, spring SM over farmland is mainly affected by meteorological factors for the regions with shallower snow depth, so the contribution of snow to SM over farmland is not obvious. Overall, spatial differences in precipitation and air temperature may lead to different responses of spring SM to snow cover in different regions over farmland in Northeast China.



In this study, linear regression models were selected to estimate the contribution of winter snow cover to spring SM. The main reason why the fitting coefficient of the linear model was not as good as expected is that the effect of snow on SM is not entirely linear. The errors of the linear model come from the factors identified in the above analysis. Although there is a certain degree of uncertainty, the establishment of univariate linear equations can simply describe the relationship between snow cover and spring SM and facilitates the prediction of spring drought and waterlogging. In the future, the water balance should be fully considered, and the effects of precipitation, sublimation, evaporation, and runoff on spring SM should also be added.



In addition, the spatial resolution of passive microwave remote-sensing data products used in this study was relatively coarse, and the spatial heterogeneity of snow cover and SM may bring some errors to the results. However, the passive microwave remote-sensing is the only effective way to derive snow depth and SM in regional and global scales [10,19,50,51]. It cannot be denied that the accuracy of these products had a certain effect on the results. In this study, average monthly SM and interannual snow cover parameters are calculated and used, which as much as possible reduced the accuracy error of products to a certain extent. In the future, a more detailed analysis can be performed when some data with a higher spatial and temporal resolution can be obtained.




5. Conclusions


Understanding the relationship between winter snow cover and spring SM at the regional scale is crucial for strengthening the regulation and management of spring SM over farmland. This study examined the relationship between winter snow cover and spring SM over farmland in Northeast China using WestDC snow depth products during the period of 1980 to 2009, and ERA CCI surface SM products during the period of 1981 to 2010. The correlations of MSD and ASD with spring SM (in April and May) were calculated, respectively. Linear regression models concerning snow cover and spring SM were established. The effects of meteorological factors on spring SM also were analyzed using multiparameter linear regression models. Moreover, the most relevant of snow parameters with respect to spring SM was selected to predict spring drought and waterlogging probability. The determination of key parameters of snow cover provided a theoretical basis and reference for the construction of the spring SM forecasting model. Simultaneously, remote-sensing methods were extended to agricultural applications, which is conducive to the development of smart agriculture and provides new insights for agricultural monitoring.



The MSD and ASD values over 30 years were spatially consistent over farmland, in which the regions have deeper SD were primarily distributed in northern of Northeast China. The monthly SM in April was overall higher than that in May. The correlation analysis showed that snow cover parameters have a positive impact on spring SM. In terms of the spatial distribution, MSD and ASD were significantly positively correlated with the April and May SM in the most farmland areas of Northeast China. The number of significantly related pixels accounted for more than 45% of the total study area. The average significant correlation coefficient (R) of SD and spring SM was above 0.5. Therefore, where the MSD and ASD were deeper, spring SM was higher. However, the correlations showed different distribution patterns in different regions. Additionally, the air temperature had a negative correlation with spring SM in space, whereas cumulative precipitation displayed a positive correlation with spring SM over most farmland areas. Overall, air temperature plays a leading role in SM in April, whereas cumulative precipitation has a greater influence on SM in May. Compared to the multiparameter linear regression models in terms of fitting coefficient, the MSD performed better to establish the linear regression model concerning the contribution of snow cover to SM in April, with the highest fitting coefficient of 0.42. The performance of the relationship between snow cover and monthly SM in April was better than that in May. Thus, MSD can be used as an important snow parameter for monthly SM forecasting in April. Furthermore, the model conducted in this study has a higher prediction probability of spring drought than waterlogging, which can reach 74%.



Spring SM forecasting has important guiding significance for monitoring drought and waterlogging in agriculture and reducing agricultural hazard losses. This study reveals that the remote-sensing method can be applied to spring SM prediction on a regional scale based on winter snow cover, and has great potential in agricultural irrigation guidance and hazard assessment. To address deficiencies and limitations in this study, more parameters can be considered in the future, which will further improve the accuracy of the prediction model.
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	Abbreviations
	Definition
	Abbreviations
	Definition





	AMSR-E
	Advanced Microwave Scanning Radiometer for Earth Observing System
	NASA
	National Aeronautics and Space Administration



	ASD
	Annual average snow depth
	NSIDC
	National Snow and Ice Data Center



	ASCAT
	Advanced Scatterometer
	R
	Correlation coefficient



	Bias
	Mean bias
	RMSE
	Root-mean-square error



	CCI
	Climate Change Initiative
	RSM
	Relative soil moisture



	DMSP
	Defense Meteorological Satellite Program
	SD
	Snow depth



	ESA
	European Space Agency
	SM
	Soil moisture



	GLDAS
	Global Land Data Assimilation System
	SMMR
	Scanning Multichannel Microwave Radiometer



	HWSD
	Harmonized World Soil Database
	SSM/I
	Special Sensor Microwave Imager/Sounder



	MSD
	Maximum snow depth
	WestDC
	West Data Center in China
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Figure A1. Spatial patterns of correlation between meteorological factors and spring SM. (a) Monthly cumulative precipitation and monthly SM in April; (b) monthly cumulative precipitation and monthly SM in May; (c) monthly air temperature and monthly SM in April; (d) monthly air temperature and monthly SM in May. 
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Figure A2. Average monthly cumulative precipitation and air temperature over 30 years in the period of 1981 to 2010. (a) Monthly cumulative precipitation in April; (b) monthly cumulative precipitation in May; (c) monthly air atmospheric temperature in April; (d) monthly air atmospheric temperature in May. 
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Figure 1. The location of Northeast China and the study area. (a) Location of Northeast China (pink shading) and land-cover distribution; (b) farmland fraction with a spatial resolution of 0.25° calculated from (a). 
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Figure 2. Spatial patterns of winter snow cover and spring monthly SM over 30 years. (a) Maximum snow depth; (b) average snow depth; (c) monthly SM in April; (d) monthly SM in May. 
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Figure 3. Spatial patterns of correlation between snow cover and spring SM. (a) MSD and monthly SM in April; (b) MSD and monthly SM in May; (c) ASD and monthly SM in April; (d) ASD and monthly SM in May. 
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Figure 4. Scatter maps of snow cover and spring SM for significantly related pixels over farmland. Table 3 provides the fitting function and fitting coefficients. N is the number of samples. (a) MSD and monthly SM in April; (b) MSD and monthly SM in May; (c) ASD and monthly SM in April; (d) ASD and monthly SM in May. 
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Figure 5. Bias relative frequency distributions of monthly SM. The bias is equal to the model simulation value minus the satellite observation value. (a) & (b) are monthly SM simulation bias based on the model of MSD and monthly SM in April and May, respectively; (c) & (d) are monthly SM simulation bias based on the model of ASD and monthly SM in April and May, respectively. 
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Figure 6. Scatter maps of meteorological factors and spring SM for significantly related pixels over farmland. The red line indicates the fitted straight line. R2 is the fitting coefficient. N is the number of samples. (a) Monthly air temperature and monthly SM in April; (b) monthly air temperature and monthly SM in May; (c) monthly cumulative precipitation and monthly SM in April; (d) monthly cumulative precipitation and monthly SM in May. 
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Figure 7. Spatial distribution maps of soil bulk density and field capacity over farmland in Northeast China. (a) soil bulk density; (b) field capacity. 
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Figure 8. The multiplication result count distribution of soil bulk density and field capacity over farmland in Northeast China. 
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Figure 9. The schematic diagram of spring drought and waterlogging based on RSM. 
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Table 1. Spring drought and waterlogging evaluation index based on relative SM (RSM).






Table 1. Spring drought and waterlogging evaluation index based on relative SM (RSM).





	Condition
	RSM





	Drought
	<50%



	Suitable conditions
	50–70%



	Waterlogging
	>70%










 





Table 2. The correlation between snow cover and spring SM. R is the correlation coefficient (p-value < 0.05). The percentage indicates the percentage of significantly correlated pixels accounting for all farmland pixels. N is the number of samples.






Table 2. The correlation between snow cover and spring SM. R is the correlation coefficient (p-value < 0.05). The percentage indicates the percentage of significantly correlated pixels accounting for all farmland pixels. N is the number of samples.





	
Snow Cover Parameters

	
Monthly SM in April

	
Monthly SM in May




	
R

	
Percentage

	
N

	
R

	
Percentage

	
N






	
MSD

	
0.53

	
45.8%

	
144

	
0.52

	
53.8%

	
169




	
ASD

	
0.55

	
52.2%

	
164

	
0.54

	
67.8%

	
213











 





Table 3. The linear regression models relating snow cover and spring SM.    y  S M     and    x  s n o w     represent monthly SM and snow cover parameters, respectively. R2 is the fitting coefficient.






Table 3. The linear regression models relating snow cover and spring SM.    y  S M     and    x  s n o w     represent monthly SM and snow cover parameters, respectively. R2 is the fitting coefficient.





	
Snow Cover Parameters

	
Monthly SM in April

	
Monthly SM in May




	
Fitting Function

	
R2

	
Fitting Function

	
R2






	
MSD

	
   y  S M     = 0.372 ×    x  s n o w     + 0.155

	
0.42

	
   y  S M     = 0.218 ×    x  s n o w     + 0.155

	
0.24




	
ASD

	
   y  S M     = 0.544 ×    x  s n o w     + 0.176

	
0.32

	
   y  S M     = 0.335 ×    x  s n o w     + 0.174

	
0.16











 





Table 4. Error metrics of the linear regression models. Bias and RMSE represent the mean bias and root-mean-square error. N is the number of samples. The unit of both bias and RMSE is m3·m−3.






Table 4. Error metrics of the linear regression models. Bias and RMSE represent the mean bias and root-mean-square error. N is the number of samples. The unit of both bias and RMSE is m3·m−3.





	
Linear Regression Model

	
Monthly SM in April

	
Monthly SM in May




	
Bias

	
RMSE

	
R

	
N

	
Bias

	
RMSE

	
R

	
N






	
MSD and SM

	
−0.01

	
0.04

	
0.66

	
858

	
0.02

	
0.05

	
0.40

	
1008




	
ASD and SM

	
−0.02

	
0.05

	
0.58

	
942

	
0.01

	
0.04

	
0.26

	
1230











 





Table 5. The multiparameter linear regression models of snow cover and meteorological factors concerning spring SM.    y  S M    ,    x  s n o w    ,    x  P r e    , and    x  T e m     are monthly SM, snow cover parameters, monthly cumulative precipitation, and monthly air temperature, respectively. R2 is the fitting coefficient.






Table 5. The multiparameter linear regression models of snow cover and meteorological factors concerning spring SM.    y  S M    ,    x  s n o w    ,    x  P r e    , and    x  T e m     are monthly SM, snow cover parameters, monthly cumulative precipitation, and monthly air temperature, respectively. R2 is the fitting coefficient.





	
Snow Cover Parameters

	
Monthly SM in April

	
Monthly SM in May




	
Fitting Function

	
R2

	
Fitting Function

	
R2






	
MSD

	
   y  S M     = 0.19 + 0.09   x  s n o w     + 0.03   x  P r e     − 0.05   x  T e m    

	
0.38

	
   y  S M     = 0.15 + 0.06   x  s n o w     + 0.08   x  P r e     − 0.01   x  T e m    

	
0.38




	
ASD

	
   y  S M     = 0.19 + 0.10   x  s n o w     + 0.03   x  P r e     − 0.05   x  T e m    

	
0.41

	
   y  S M     = 0.15 + 0.07   x  s n o w     + 0.08   x  P r e     − 0.03   x  T e m    

	
0.39











 





Table 6. The percentage contributions of snow cover and meteorological factors to spring SM.     y  S M    ,    x  s n o w    ,    x  P r e    , and    x  T e m     are as the same as in Table 5.






Table 6. The percentage contributions of snow cover and meteorological factors to spring SM.     y  S M    ,    x  s n o w    ,    x  P r e    , and    x  T e m     are as the same as in Table 5.





	
Snow Cover Parameters

	
Monthly SM in April

	
Monthly SM in May




	
     x  s n o w      

	
     x  P r e      

	
     x  T e m      

	
     x  s n o w      

	
     x  P r e      

	
     x  T e m      






	
MSD

	
52.94%

	
17.65%

	
29.41%

	
40.00%

	
53.33%

	
6.67%




	
ASD

	
55.55%

	
16.67%

	
27.78%

	
38.89%

	
44.44%

	
16.67%











 





Table 7. The prediction probability of spring drought, suitable conditions, and waterlogging based on MSD threshold.






Table 7. The prediction probability of spring drought, suitable conditions, and waterlogging based on MSD threshold.





	MSD
	Spring Drought

(RSM < 50%)
	Suitable Condition

(50% < RSM < 70%)
	Spring Waterlogging

(RSM > 70%)





	<0.13 m
	74.73%
	24.73%
	0.54%



	0.13 m–0.35 m
	28.15%
	62.47%
	9.38%



	>0.35 m
	1.82%
	49.09%
	49.09%











© 2020 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (http://creativecommons.org/licenses/by/4.0/).



























media/file8.jpg
s )
S
s g
5 K
%,
E ol 5 wx
ol L ) =
§ Caoning”
£
tus o Y s
@

e

TR

s

B0 ey gy et

]

PE RSE WCE USE WrE
s .
S

w
- Vo
i) s
.S

can o

WSEE ISE G0E
()
DPE ISE CE BSE MrE

et

G, ane Mongolin

WSE E

e

e

@

e

N

03035 N





media/file13.png
Soil moisture (ms'm':’)

Soil moisture (m‘?"m'3)

0.5 0.5
12: 0.372 = x+0.155 MSD April SM y: 0.218 = x+0.155 MSD May SM
R==0.24
0.4 N ;?-. 0.4F N = 4340 N
= .
o] - e " & - a N
0.3 8 03} R IAERIT T A
v ) ':"';:;ﬁi'“ . S bt g s
é g+ o
0.2 § =
g
3
0.1
0'0 1 1 1 1 “'0 1
0.0 0.1 0.2 0.3 04 0.5 0.0 0.1 0.2 0.3 0.4 05
Maximum snow depth (m) Maximum snow depth (m)
(a) (b)
0.5 0.5
04 R2=1032 04 R2=0.16
I N=4890 . o 7 N=6351 ’
? +* ! &
"} FS ";: 2 @ ., F 1 h"
03 E 03 ggds e B
& : q _-._ o
0.2 § z
=i
0.1
“.“ 1 1 1 1 1 “'“ 1 1 1 1 1
0.05 0.10 0.15 0.20 0.25 0.30 0.05 0.10 0.15 0.20 0.25 0.30

Average snow depth (m) Average snow depth (m)

(c) (d)





media/file12.jpg
o, o,
[T T T R

o ~o
B b
» »
5 ol ol
H H
£ 0 £ 0s
i i
# 04 it

oa) ool

MR e ey as e e e o5 er es
e non deph () Mastem stow deih (my
@ ()
os,

s

z 7
T Fos
t §
fo -
i i
3 H
o o
o oo

Asp_apr s\

s

3

Tio 0iE om0 030
Average sow depih (m)

©

Tos o oS om0 03 0w
‘Average snow depth ()

(@





media/file18.jpg
RCE RSE _BCE 1SE

NUPE RSE BFE LSE MCE

s s
$ lex
N s
ey
- it Pt capciy
ST e
reeey
e
o = - e
o | P

WEE neE 0SE BRE WEE ueE I9E E

@ ®)





media/file9.png
120°E 125°E 130°E 135°E  140°E 120°E 125°E 130°E 135°E 140°E
55° N e SN ' ‘
~ ", v .
[ L S, MSD A 9 N ASD p
J At A 45° N T 45° N
P, [ eilongjiang E /j eilongjia“ )
seeN £ ; " seN 2 s %
I.I' N 8} ¢ L 1 ).- = f 80 / 6 e
QN N 5 ‘{35 ~ s \ Ve \ g \EL:/\\’D IR
g} % K‘? ,.—\/Vt_[\{ N f \...,,:« ( % \‘»\J‘\‘)J‘Aw\a
F 8 1 [’J g T-. * r‘“{
| 8 WA A o J o
\/ £ Jllm ﬁ I\ISD (cm) 40° N / £ )-\111111 7 ASD (cm) 40° N
45° N , 9 45° N ~ S
r,r \ f‘“’” 0-10 N 0-3
10-15 N~ U 2 3-6
Llaonmg/ ~, " 1Y Liaoning
} 1520 \jf s / 69
B 20-25 N3] 12
0 125 250 500 - 25-30 35°N 0 125 250 500 s - 12-15 35°N
40° N | ma| | | 40° N .| | |
115°E 120° E 125°E 130° E 115° E 120° E 125°E 130° E
(a) (b)
120°0E 125°E 130°E  135°E  140°E on J2O°E 125°E 130°E 135°E  140°E
55° N : — = : S5° N ’(’_/..m .
o3 [ . SM_May
L t“]‘ ! 'In *\ —
(’11 _’\\w r—"'"( '{;' rH—\\_,.-f’j \7 LK\JH \ 4/’/‘{:
45° N g; o A "j 45° N
b 7 cilongjiang,
500 N I'p —/ % 500 N f % *“ 5
l:; — = ': M = . ’if
. N ' ‘,‘:1
:33 /g s ~ ‘\J( (&{
E 3 3 [40°N } E “ilin v (o 40° N
. W, (df SM (m*m™) 45° N ;-u-/ — \ SM (m™m"™)
45° N| 5 01015 I S ,f’"” _ 0.1-015
'{‘-_\,r\ ) - 0.15-0.2 ' A’\-J‘?V) - 0.15-0.2
g B 0.2-0.25 1 / ; B 0.2-0.25
B 0.25-0.3 2. B 0.25-0.3
100N 0 125 250 - 0.3-0.35 135° N 40° N- 0 25, 2% soam v - 0.3-0.35 35°N
115° E 120° E 125° E 130° E 115°E 120° E 125° E 130° E
(c) (d)





media/file14.jpg
Reltive Frequency

4% 4%,
o] TMSEZ001@a)  MSD_AprLSM L] RSE-00S@im) NS May_sM
L i - 001w’ 4 bios - 002 ')
o] £06 20w
"
] 2%
Bias (m ) Bias (')
@ ®)
. e
el ASD_April_sM L] BMSE-001a)  ASD_May_SM
Bias- 001 (u' )
g 10
g o
H
Y
= -
R O A I i e A I
Bias () s ()

©

@





media/file20.jpg
[ o S L1

020 025 030 035 0.40 045 0.50 0.55 0.60
Soil bulk density * field capacity






media/file23.png
Relative soil moisture (%)

100

0.13 0.35
T

|Sprmg waterlog|‘

2 htigy-—-—- =70
%

I
‘Sultable cund1t10ns|-

e o *—— -— - —- =50
SRR TP B ke Ty

! Spring drought |

0.1 0.2 0.3 0.4 0.5
Maximum snow depth (m)





media/file5.png
120°E 125°E 130°E 135°E SN 120°E 125°E 130°E 135°E
SSON— - ' ' ° s : *
,[1 H\“\ April_pre ﬁm H\ May pre
:3 N\_/-”J\7 \Lx.. ~\ A - ,—f’/ ’{:
W-L\L\,,__x{ { 45° N kﬂlv/{ H 45° N
cilongjiang, J) ilong; ia‘ng‘ )
500 N *’ ;‘_j 500 N Iflr__ * {_“_‘E
o f(w VARAN . ‘{'\'1,
ST ) 'ﬁk‘j
s ' T
ilin 5 40° N ) p 40° N
45° N I § Precipitation (mm) 45° N ~ j{ Precipitation (mm)
Ny Bmo-15 B 20-30
B 1520 RN B 3040
2025 1 40-50
k 2530 5060
0 125 250 50ﬂ B 3040 35° N 0 125 250 B 60-70 35° N
40° N ' | | 40° N | | |
115° E 120° E 125°E 130° E 115° E 120° E 125°E 130° E
(a) (b)
120°E 125°E 130°E 135°E 140° E 120°E 125°E 130°E 135°E 140°E
55°N ' i ’ ' : 55° N o~
< ™,
L4 “\ 4; c;f N\ May_tem
/ N B \ﬂ? \ - ) A
f; 45° N “Lw.«{ 45° N
ilongjia 3
50° N F“'/ S 50° N .r=—ff 3 g]*‘lg, N
s lf s $ o
S 20 ( =y ¢
fiv,—/‘u»"‘ x"“\\ 5 {J__‘Jr . S . \
\f z “‘-; 2 {\\“ P_;\_“jn!
e o NS
7 © - . K"‘-éj
) E 40° N } E ¢ 40° N
45° N . v N Temperature (K) 45° N ﬁ/ A M_EJ Temperature (K)
’P | | 285 (j 290
‘\‘-vfﬂ . L~ 8
LS. J (""\, 5
0 125 250 500 275 350 N 0 125 250 500 ’ 285 350 N
40° N ‘ ' 40° N | 3\ | |
115°E 120° E 125° E 130° E 115°E 120° E 125° E 130° E

(c)

(d)





media/file15.png
Relative Frequency

cy

Relative Frequen

14%

12%

10%

8%

6%

4%

2%

0

14%

12% [

10%

8%

6%

4%

2%

RMSE = 0.04 (m*-m™)
Bias =—0.01 (m>-m™)
R=10.66

MSD April SM _

I

" L L = T
-04 -03 -0.2 -0.1 0 0.1 0.2

Bias (m*'m™)

(a)

RMSE = 0.05 (m*-m?)
Bias = —0.02 (m* m™)
R=0.58

N

ASD_April_SM

0 T T T T " ) L
04 03 02 01 0 0.1 0.2

Bias (m’-m™)

(c)

0.3

14%

12%

10%

8%

6%

4%

Relative Frequency

2%

0

14%

12%

10%

8%

6%

Relative Frequency

4%

2%

0.4

RMSE = 0.05 (m* m™)

Bias = 0.02 (m*'m™)

R=040

MSD May SM

-04 -03 -0.2 -0.1 0 0.1

Bias (m*'m™)

(b)

0.2

0.3

0.4

RMSE = 0.04 (m*-m°)

1

Bias = 0.01 (m*-m?)

R=0.26

I

ASD May SM

—_—
-0.3

! I ' 1
-0.1 0 0.1

Bias (m*-m™)

(d)

0.2

0.3

0.4





media/file19.png
120°E 125°E 130° E 135° E 140° E
55° N ‘
< Soil bulk density X
S \ \\)j A {h E
/ o _,f/‘fi W
} ;‘“ 5 S 45° N
) cﬂongjia{ }
500N St
| "‘_ll}
! S
Eli . ,_,_%__,"r\‘\\ t(\
y J\—\\
40° N
. / f’ Soil bulk density
45° N s (kg-dm’ )
¢ 1213
e i13-14
. 1415
1516
0 125 250 35° N
40° N | ' | -1.6’—1.7
115° E 120° E 125° E 130° E

(a)

1200E  125°E

130°E  135°E  140°E

S55°N

50° N-

45° N

40° N;

Al e Y

< \ Field capacity

/ﬂ> pat > ’-i
iJ ) 45° N
v |
j 5
‘,LF’__J(’_\_\_\\\
(
j 40° N
Y, Field capacity
QV v B 0-0.2
~ .}» B 0.2-0.25
7 _0.25-0.3
010.3-0.35
0 125 250 B 03504 35°N
115°E  120°E 125°E 130° E
(b)





media/file2.jpg
 Pre_April M . Pre_May_$

5 -y
i
| ] e N
@ (b)

\Tem g5 g,






nav.xhtml


  remotesensing-12-02716


  
    		
      remotesensing-12-02716
    


  




  





media/file11.png
120°E 125°E 130° E 135° E 140° E
"'//j?“-\f“'; r
b \f’“
45° N
50°N| e
(Vﬂ—xfbx’“\\ 5
>
—
2 40° N
=
459N - 0.8-1
/f . r““’J - 0.6-0.8
- 0.4-0.6
L e onin /
ﬁ\b ?\ S m 0.2-0.4
\/Aé/ 1002
T1-0.2-0
0 125 250 0.4—0.2 35°N
40° N -0.4—0.
115°E 120°E 125°E 130°
(a)
120°E 125°E 130° E 135° E 140° E
T N
28 \I\ ASD _April_SM ,ﬂh
5 K
! 45° N
v
500N —/
|
iﬂ““ﬁ\ﬁ‘\
\(J Legend
)
g p<0.05 40°N
),
45° N- S . 0.8-1
(} - 0.6-0.8
L . 0.4-0.6
 0.2-0.4
T10-0.2
20.2-0
359N
0 125 250
400N 0.4—0.2
115° E 120° E 125°E 130°

(c)

1200E  125°E 130° E 135° E 140° E
_J{}’J_’ﬁd ﬁ“’a
RSN
SR,
45° N
50°N| o
[ St f’
{ ~J . = o \
N A = o)
{ . “)(;\fﬂ _ Legend
0 N 40° N
= ) p<0.05
= P
45° i ST . g Emo03-l
p : >/;“”” mm 0.6-0.8
5 = 0.4-0.6
L 8
k ?‘ aning = 0.2-0.4
LS y 0 0-02
1 -0.2-0
__ 359 N
00N 0_125 250 500 0402
115°E 120°E 125°E 130°E
(b)
1200E  125°E 130°E 135°E 140° E
TN,
H‘fw\ N
i l '45° N
50° N .f'—/ E
( e
{ ) o0
£ ,—r‘m’l \—1\ 8
r(' Eﬁf‘ \J’ | Legend
[ E ldiin 0 poos [4ON
P - AR « < mmo0s-1
« - - . 0.6-0.8
2 =
M\ \ mm 0.4-0.6
?\ /FA 1 0.2-0.4
o/ 10-0.2
M ~1-0.2-0 o N
0 125 250 " 0.4—0.2
40° N km o -0.4—-0.
115°E 120°E 125°E 130° E

(d)





media/file6.jpg





media/file1.png





media/file10.jpg
@ (b)






media/file7.png
115°E

120°E

125°E  130°E  135°E

55° Nj

S50°N

45° N

115°E 120° E

125°E

130°E 135°E

55°N| ,52? _
ok, 5
T T Z
3 China
M
' (‘.L.r“v»){?
y e Ay
45° N 50° NI éf
Land cover 40° N 45° Nj .
1 Farmland kLVf\s‘ ‘nmg
B Forest . 4
I Grassland Farmland cover fraction i :
Bl Water . [ 1<50% A3
I Others 0 115 230 460 B >50% 0 115 230 460
km e e km
110°E 115° E 120°F leOE 'lldoE "5'°E IZ[ioE IZSIQE

(a)

(b)

45° N

40° N





media/file16.jpg
Soll moisture (™

Soil maisture (urmiY)

Tem May SM

P :
"
0 5ol
£
0z %02
H
01 “ o1
m o
Y me e i m a6 "3 ma w6 e 20 1
Al Temperature 1 Ale Temperature ()
(@ (b)
os
Bre_Aprit S\
o4
-
]
o
H
£ o2
-

2

(T
Cumlative precipitation (mm)

FOT—

©

0

W 0 s 100 20 10
‘Cumulative precipitation (mm)

()





media/file3.png
120°E 125°E 130°E 135° E 140° E
_Ff*‘“‘"ﬁ
{l
BAUON T
f (>~ ) S 45° N
f o % 1
) - 3
soN| —/  a o
|'I © —
{ — &n <j
(\(_,—w S S
‘\Y:E f\f&
RE® ' Legend
[ 2 I p<0.05 40° N
)£ g 0.8.1
45° N S H o 0.
§ s L mm 0.6-0.8
( |
R /‘&vn mm 0.4-0.6
N g s w 0.2-0.4
(e /%/ e 0022
) A Lk -0.2-0
: 35°N
0 125 250 500
40° N1 = e km -0.4—0.2
115°E 120°E 125°E 130°E
(a)
120° E 125°E 130° E 135°E 140° E
45° N
500N @
fl °
{ . =)
'S\ P x\\\ g
k=
7 5 o
o 40° N
) E
45° N ~
Y
{ »
erxﬁwé?v’
0 125 250 35°N
40° N
115°E 120° E 125°E 130°E

(c)

1200E  125°E 130°E 135°E 140° E
f"/_.—.v\“rﬁﬂ’_h
."r /
™
)N
,1[ 45° N
5
500N/ o
;' S
{ . &
Vs ~ &
;E ! Legend
{2 p<0.05 40°N
[ =
45° N I_V// i mm 0.8-1
2 mm 0.6-0.8
Qs == 0.4-0.6
K ‘ e 0.2-0.4
& ﬁ 1002
! C 1020 350 N
40°N| S m— K T -0.4—0.2
115°E 120°E 125°E 130°E
1200E  125°E 130°E 135°E 140° E
Ty
-
P
Y
/
J 45° N
5
50°N ~/
ﬁw - ﬁn\*x
40° N
45° N -
|'} |
"‘Lv’ﬁ'*- ‘{?\/‘
v
0 125 250 35°N
40° N

115°E

125°E





media/file22.jpg
Relative soil moisture (%)

100

90 -

10

o ot | i‘
4;‘ 'l [Suitable conditions|

T T T T
0.1 0.2 0.3 0.4 0.5
Maximum snow depth (m)





media/file17.png
0.5
R2=0.21 Tem_ April SM
N=4286

0.4
o
=
“g 03
e
&
£
= 0.2
=
2
0.1
“.ﬂ ] ] ] 1 1
274 276 278 280 282 284 286
Air Temperature (K)
(a)
0.5
R2=0.04 Pre April SM
N=4286
0.4
—
!'?
a
"= 03
=
=
2
£ 02}
= .
3
0.1
“ -“ | 1 | |
0 20 40 60 80 100

Cumulative precipitation (mm)

(c)

0.5

=
=

=]
tw

Soil moisture (mS,m-S)

Tem May SM

140

“.ﬂ I I 1 1 1
282 284 286 288 290 292 294
Air Temperature (K)
(b)
0.5
R%2=10.29 Pre May SM
N=35027
0.4
— a
l'?
"2 03
A
£
]
= 0.2
=
3
0.1
“ -" | | 1 | | |
0 20 40 60 80 100 120
Cumulative precipitation (mm)

(d)





media/file4.jpg
s

N

o

BPE RSE CE BSE

April_pre

SE mrE BSE DeE
@
DEE DSE CE NSE ek

Apri

IFE NSE I0CE BSE

N
Maypre
w 3
\:

o )

o oS hes
|

e e e

®

e neE rE usE s

oy UTE SR NOE

N

WEE a6E  BSE 0E

(d)





media/file21.png
60 T T T T T T

0 fl= =8

0.20 0.25 030 035 040 045 0.50 0.55 0.60

Soil bulk density x field capacity





