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Snow cover over the Tibetan Plateau plays a vital role in the regional and global climate system because it affects not only the climate but also the hydrological cycle and ecosystem. However, high-quality snow data are hindered due to the sparsity of observation networks and complex terrain in the region. In this study, a nonlinear time series analysis method called phase space reconstruction was used to obtain the Tibetan Plateau snow depth by combining the FY-3C satellite data and in situ data for the period 2014–2017. This method features making a time delay reconstruction of a phase space to view the dynamics. Both of the grids and their nearby in situ snow depth time series were reconstructed with two appropriate parameters called time delay and embedding dimension. The values of the snow depth for grids were averaged over the in situ observations and retrieval of the satellite if their two parameters were the same. That implies that the two trajectories of the time series had the same evolution trend. Otherwise, the snow depth values for grids were averaged over the in situ observation. If there were no in situ sites within the grids, the retrieval of the satellite remained. The results show that the integrated Tibetan Plateau snow depth (ITPSD) had an average bias of –1.35 cm and 1.14 cm, standard deviation of the bias of 3.96 cm and 5.67 cm, and root mean square error of 4.18 cm and 5.79 cm compared with the in situ data and FY-3C satellite data, respectively. ITPSD expressed the issue that snow depth is usually overestimated in mountain regions by satellites. This is due to the introduction of more station observations using a dynamical statistical method to correct the biases in the satellite data.
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INTRODUCTION
Snow over the Tibetan Plateau plays a prominent role in the climate system, hydrological cycle, and biogeochemical cycle [1–5]. It is also a primary indicator of climate change and significantly impacts local and global climate, water resources, and economic and society development [1, 6, 7]. Long-term and high-resolution data are prerequisites for climate change monitoring and assessments, and climate forecast, especially for snow depth [1, 8, 9] because snow depth can provide quantitative information about the material and energy of snow. Thus, there is an urgent need for operations and research on climatology and hydrology.
Conventional snow measurement through in situ devices has a long history [10]. For China, systematic observations can be traced back to the 1950s. The measure is high in accuracy and usually used to validate satellite retrieval snow products and reanalysis products. However, observational networks suffer from low station density in complex terrains due to the Tibetan Plateau’s remoteness, high altitude, and harsh weather conditions, especially for the western and middle Tibetan Plateau. The installation and maintenance of stations in the Tibetan Plateau are the main challenges [11, 12].
The past four decades witnessed the development of passive microwave remote sensing to acquire large-scale snow datasets [13]. It has become an effective way to estimate snow depth for providing all-day and all-weather monitoring and spatially continuous information of snow depth variation derived from the Scanning Multichannel Microwave Radiometer (SMMR), the Special Sensor Microwave/Imager (SSM/I), the Advanced Microwave Sounding Unit (AMSU), the Advanced Microwave Scanning Radiometer for EOS (AMSR-E), and the Microwave Radiation Imager (MWRI). The MWRI is onboard the FY-3 series satellite. It is important for snow monitoring of the Tibetan Plateau. However, it usually overestimates the snow depth by mistaking the cold surface as snow cover in the retrieval algorithms in the Tibetan Plateau. This issue needs to be investigated.
One way is to combine the snow depth from the remote sensing data and station observations. There are two classical approaches to do this. One includes using a semiempirical snow emission model. In the model, the passive microwave brightness between 20 and 150 GHz is assimilated and the in situ snow depth values are used as input to estimate snow grain size at the station locations. The disadvantages of this method are as follows: the model is in the progress stage and forward modeling of the microwave brightness in the above frequency range exhibits large uncertainties [14]. Another approach is statistical interpolation taking both satellite and in situ snow depth increments and terrain-dependent error correlations of snow depth increments into consideration. However, currently, snow depth is not assimilated due to the perceived unreliability of satellite estimates [15].
Phase space reconstruction is a nonlinear time series analysis method to reveal dynamic characteristics by expanding the time series to high dimensions, that is, a state space reconstruction method of delayed coordinates. This is a common method to predict the now and future state based on the past state in nonlinear time series analysis [7, 16]. It has achieved great success in climate prediction and analysis [17–22]. However, phase space reconstruction has rarely been applied to blend and analyze snow depth from satellites and in situ data. This study aimed to obtain accurate snow depth by integrating FY-3C satellite data and in situ data based on phase space reconstruction.
The remainder of the article is organized as follows. In Section 2, the study area and data used are described. The nonlinear analysis method—phase space reconstruction—and integrated Tibetan Plateau snow depth (ITPSD) bias correction model are introduced in Section 3. Section 4 presents the processes of combining snow depth observations from the FY-3C satellite and meteorological stations. In Section 5, the evaluation criteria of ITPSD are presented and the validation results are also provided in this section. The discussion and conclusion are presented in Section 6.
STUDY AREA AND DATA
The study area is located at 25°N–40°N and 73°E–105°E and confines the Tibetan Plateau. It is about 2.6 million square kilometers in area. Most of it lies at an altitude of more than 4,000 m above sea level, making it peculiarly cold for its latitude—colder than anywhere else outside the polar regions, leading it to be known as the Third Pole [23]. It has an abundance of snow and ice cover. When they melt, the runoff from the region’s mountain feeds major rivers in Asia, such as the Yangtze, Yellow, Mekong, and Indus rivers. With the warming climate, snow cover is becoming even more important to gauge what is happening to the Tibetan Plateau and understand its potential impact on regional or global climate and water supply.
Due to the region’s remoteness, high altitude, and harsh weather conditions, there are only 340 meteorological stations which is much fewer than that in East China. The locations of the stations can be found in Figure 1. Some of the stations began operating in the 1950s. But they are insufficient to meet the needs for understanding the snow spatial variation of the Tibetan Plateau. The other common source of snow cover observation is remote sensing data. The Microwave Radiometer Imager (MWRI) is onboard the FY-3C satellite which was launched in 2014. Therefore, the study period was from 2014 to 2017. The MWRI daily product of snow depth and snow water equivalent was produced by the National Satellite Meteorological Center and is available at http://satellite.nsmc.org.cn/portalsite/default.aspx?currentculture=en-US#.
[image: Figure 1]FIGURE 1 | Location of the in situ sites over the Tibetan Plateau.
METHODOLOGY
A nonlinear prediction method called phase space reconstruction was used here to retrieve ITPSD. For nonlinear systems, it is a common method to view the dynamical factors of their evolution. For a grid point or an in situ site, its time series can be described by x1, x2, ..., xt, ..., xm, where m is the length of the record time. To reduce noise and view the dynamics of the time series, it was extended to three or even more dimensions, that is, a delayed coordinates phase space reconstruction (DCPSRC) was created. For a ƒ (n), the vector time series is given by the following equation:
[image: image]
where i denotes a grid point or an in situ site and τ is an appropriate time delay. Based on the decay of the auto-correlation function to 1/e, the appropriate time delay can be determined for each time series [24]. As for embedding dimension, the false nearest neighbor (FNN) approach was used to calculate the optimal embedding dimension [25].
In this study, to obtain ITPSD, DCPSRC was first applied to the time series of the in situ sites and grids from FY-3C, respectively. Then the optimal time delay (τ) and embedding dimension (n) for each site and grid were given and analyzed. Finally, ITPSD data were combined as per the following strategy. For a grid, if there were matched sites and its dynamic factors (i.e., the time delay and the embedding dimension) were similar to those of the sites, snow depth values of the grid were averaged over all the sources. If its dynamic factors were far from those of the sites, snow depth values of the grid were averaged over all the sites. If there were no matched sites, then its original values were referred to as the ITPSD.
PROCESSES OF COMBINING INTEGRATED TIBETAN PLATEAU SNOW DEPTH
The process of integrating data from multiple sources into the ITPSD dataset takes four steps: 1) choosing stations for whose snow depth is greater than zero and include records of more than 30 days, and match the snow depth from FY-3C; 2) applying DCPSRC to the time series of the stations and grids from FY-3C; 3) deriving all the dynamic factors of the stations and grids; and 4) combining the data from the in situ sites and FY-3C satellite according to the strategy in part 3 to form comprehensive records.
In the initial step, records that have snow fall for more than 30 days from stations and the satellite are considered to meet the statistics of applying DCPSRC. There are 5,461 records meeting the conditions in total. The statement of records of snow cover of the stations and FY-3C satellite are shown in Table 1: 1) the missing rate of snow cover in stations is low, accounting for only 0.19%, while that of the FY-3C satellite is much higher and accounts for 37.98%; 2) both rates of no snow cover for the two sources are very high and that of the stations is higher with the value of 97.2%; 3) for trace snow, the rate of station records is 0.63%. However, it is hard for the satellite to retrieve this kind of snow information and the rate of satellite records is 0; and 4) as for snow depth greater than 1 cm, the rates of the stations and satellite are 1.98% and 1.30%, which are closer to each other than in other situations. This type of snow is concentrated on in this study. The records chosen in the first step match the records of the stations and satellite of this type.
TABLE 1 | Snow cover of stations and FY-3C satellite over the Tibetan Plateau.
[image: Table 1]The second and third steps are key to determining how to integrate the station and satellite data in the final step. The second step is to construct the delayed phase space for all the data to find their dynamic factors. The third step is to give the time delay and the embedding dimension of the stations and the grids. Table 2 shows the site information of 18 stations and their dynamic factors. Meanwhile, these stations have matched satellite grids and these grids’ dynamic factors are identified with those of stations. Their time delay is between 3 and 4, and the embedding dimension is between 8 and 9.
TABLE 2 | Site information and dynamic factors of 18 stations which have the same dynamic factors as that of the satellite.
[image: Table 2]As shown in the Figure 2, the stations are Alpine stations and located at the edge of the Tibetan Plateau. This can be contributed to the fact that these sites have an abundance of snow cover and the atmosphere is clean due to less pollution. Therefore, the MWRI onboard the FY-3C satellite can penetrate the atmosphere more easily and reach the surface, and the bias correction effect is better.
[image: Figure 2]FIGURE 2 | Location of 18 stations with the same dynamic factors as satellite data.
ASSESSMENT AND RESULTS
Evaluation Matrices
To evaluate the data, four statistical accuracy measures were applied. The averaged bias (AB) was used for an assessment of the whole dataset bias between ITPSD, FY-3C satellite data, and in situ data. Standard deviation of the bias (SDB) evaluated the amount of variation or dispersion of the AB. Root mean square error (RMSE) measured their differences. Correlation coefficient (CC) assessed their relationships.
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Here, [image: image] means the ITPSD or FY-3C at site i or grid i, [image: image] means the snow depth of the site or the FY-3C of the grid i, and [image: image] means the bias of them.
Assessment Results of Snow Depth
Blizzards and heavy snow were of great concern in the assessment (details just shown in Table 3), that is, when the snow depth was between 1 cm and 3 cm for blizzards and greater than 3 cm for heavy snow. The FY-3C satellite data and in situ data were not well correlated with negative values of CC around 0. The AB of them for heavy snow was rather low with a value of –0.13 cm, which meant that the FY-3C could easily identify heavy snow with little negative bias. The bias of blizzards between the FY-3C satellite data and in situ data was higher and the value was up to 7.4 cm. This indicates that blizzards were overestimated by the satellite, and blizzards also had low variation (SDB equaled 3.38 cm) but heavy snow had large variability (SDB was up to 12.87 cm). The RMSE was large both for blizzards and heavy snow.
TABLE 3 | Comparison of different types of FY-3C satellite data and in situ data. The number of samples, CC, AB, SDB, and RMSE are listed.
[image: Table 3]The ITPSD and in situ data were highly correlated with the value of 0.93 for CC. While ITPSD and FY-3C satellite data were positively correlated, their CC was much lower with a value of 0.30 cm. The AB between the ITPSD and in situ data was –1.35 cm, while that between the ITPSD and FY-3C satellite data was 1.14 cm. The absolute value of them was around 1 cm, which meant that ITPSD had low bias both between the FY-3C satellite data and the in situ data. The variation of their bias was low with an SDB of 5.67 cm and 3.96 cm, respectively. The differences of the ITPSD between the FY-3C satellite data and in situ data were not apparently significant with an RMSE of 5.79 cm and 4.18 cm, respectively. Figure 3 shows the comparison of ITPSD and in situ data. The scatter plot is concentrated along two lines. And the slopes of them are about 1 and 0.3, respectively, as shown in Table 4. As for Figure 4, the ITPSD and FY-3C satellite data have moderate positive linear association with more outlier points.
[image: Figure 3]FIGURE 3 | Scatter plots of ITPSD and in situ data. The corresponding RMSE and other statistics can be found in Table 4.
TABLE 4 | Comparison of ITPSD with FY-3C satellite data and in situ data. The CC, AB, SDB, and RMSE are listed.
[image: Table 4][image: Figure 4]FIGURE 4 | Scatter plots of ITPSD and FY-3C satellite data.
DISCUSSION AND CONCLUSION
In this study, a nonlinear time series analysis method called phase space reconstruction was introduced to improve the accuracy of the snow depth over the Tibetan Plateau by combining FY-3C satellite data and in situ data in the period 2014–2017. The results show that the method can integrate the FY-3C satellite data and in situ data effectively. This can be attributed to considering the evolution facts of snow with time to correct satellite bias and introducing more in situ observations. Other useful conclusions are as follows:
1) Eighteen stations and their matched FY-3C satellite grids were identified with the same dynamic factors (time delay and embedding dimension) of the method. The time delays were between 3 and 4 days.
This meant the snow depth time series had a short range of correlation. The embedding dimensions were between 8 and 9 indicating that in those dimensions the snow depth time series was ideal and noise free. The locations of the stations are at the edge of the Tibetan Plateau and they are Alpine stations. This can be attributed to the abundance of snow cover and the cleanness of the atmosphere in these stations. Therefore, the FY-3C satellite could retrieve snow data better.
2) A negative bias and a positive bias between the FY-3C snow depth and in situ snow depth for heavy snow and blizzards indicated that the FY-3C underestimated heavy snow but overestimated blizzards. For heavy snow, it was less underestimated with a value of –0.13 cm for the averaged bias. Blizzards were more likely to be overestimated with a value of 7.4 cm.
3) Integrated Tibetan Plateau snow depth had a positive linear association with the FY-3C snow depth and in situ snow depth. This relationship was strong between the integrated Tibetan Plateau snow depth and in situ snow depth, while that between the integrated Tibetan Plateau snow depth and the FY-3C snow depth was moderate.
Although the integrated Tibetan Plateau snow depth dataset is much accurate than that of the in situ and FY-3C data, more work needs to be done to extend the time span and density of the dataset. Furthermore, more datasets should be included, such as the ERA5 reanalysis dataset, to increase the samples of the data on dynamic integration.
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