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Abstract
This paper presents the applications of spatial interpolation and assimilation methods for satellite and ground meteorological data, including temperature, relative humidity, and precipitation in regions of Vietnam. In this work, Universal Kriging is used for spatially interpolating ground data and its interpolated results are assimilated with corresponding satellite data to anticipate better gridded data. The input meteorological data was collected from 98 ground weather stations located all over Vietnam; whereas, the satellite data consists of the MODIS Atmospheric Profiles product (MOD07), the ASTER Global Digital Elevation Map (ASTER DEM), and the Tropical Rainfall Measuring Mission (TRMM) in six years. The outputs are gridded fields of temperature, relative humidity, and precipitation. The empirical results were evaluated by using the Root mean square error (RMSE) and the mean percent error (MPE), which illustrate that Universal Kriging interpolation obtains higher accuracy than other forms of Kriging; whereas, the assimilation for precipitation gradually reduces RMSE and significantly MPE. It also reveals that the accuracy of temperature and humidity when employing assimilation that is not significantly improved because of low MODIS retrieval due to cloud contamination.
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1. Introduction
There are increasingly more demands for distributed high-resolution surface meteorological data to stimulate advances in assessing forest fire risk, water resources, soil sciences, agricultural and ecological studies [1–4]. The meteorological data required by these applications is usually measured at meteorological stations, and the data is only valid for the points where it is measured. Spatial interpolation can be used to estimate meteorological variables at other locations. In addition, the low accuracy of interpolated data at locations far away from stations can be improved by assimilating with corresponding satellite data.
Various statistical methods have been studied in the literature on climate data interpolation and have been assimilated to create full-gridded, high-resolution data. The aim is to anticipate values for miss-data locations from a limited amount of sample data points which are associated with some possible ancillary variables. For the purpose of interpolation Kriging has been evaluated as a better interpolation method with high accuracy and low bias, in comparison to other methods [5,6]. Some work conducting research Kriging interpolation in their country-level data were reported [7–9]. A total of 922 meteorological stations in the U.S. were interpolated using residual Kriging associated with elevation data and 12 direction models [6]. In Finland [10], Kriging is applied with external drift (e.g., mean elevation, sea levels, and lake percentage) on station-based temperature and precipitation. In the northwest region of Vietnam, some researchers have applied Kriging interpolation to frost and low temperature data from stations to construct and continuously update a high-resolution, 100 m × 100 m warning map of frost and low temperatures in some provinces [11,12]. Some optimistic results were reported in our previous work [13], in which Universal Kriging (UnK) interpolation was employed for temperature and humidity variables. In this research, we have expanded UnK interpolation for precipitation variables and have applied an assimilation technique to three meteorological variables, including temperature, relative humidity, and precipitation, using the MODIS Atmospheric Profiles product (MOD07) and Tropical Rainfall Measuring Mission (TRMM). This ten-fold cross validation was used to evaluate the accuracy of our proposed interpolation and assimilation methods with 6-year worth of meteorological data from 2008 to 2013. In addition, we also compared our results with those from the Weather Research and Forecasting (WRF) model in August and December 2010.
This paper consists of four main sections: the introduction, datasets and methodology, results, and conclusion.

2. Datasets and Methodology
2.1 Study Area
The study area for this research is in Vietnam, which is located at approximately 8°N to 23°N and 100°E to 120°E. Vietnam is a tropical country and spans a land area of almost 33 million ha, including 5 main terrain groups: mountains, karts, valleys and mountainous hollows, sedimentary deltas, and coasts. Mountains and sedimentary deltas are the most important terrains. Based on geographical conditions, Vietnam is divided into seven climate regions: Northwest, Northeast, Red River Delta, North-Central Coast, South-Central Coast, Central Highlands, and South, as shown in Fig. 1.
[image: Fig. 1]
Fig. 1 Meteorological station map in Vietnam.

In the northern regions, the average temperature ranges from 22°C–27.5°C in the summer and from 15°C–20°C in the winter, whereas, the southern areas have more stable average temperatures that range from 26°C–27°C and 28°C–29°C throughout the year. The annual rainfall in Vietnam ranges from 700–5,000 mm, and the most common numeric precipitation quantity recorded is about 1,400–2,400 mm in which the North customarily receives more rainfall than the South. Moreover, the mountain systems play a vital role in the distribution of annual rainfall. In high mountainous areas with high rainfall, the annual average relative humidity peaks up to 86%–87%, whilst it is in range of 80%–85% in other northern areas. However, in the South or Central Highlands, the index of relative humidity only drops to 77%–78%. The rain mechanism exerts profound impacts on the annual oscillogram of relative humidity. In the first half of winter, the relative humidity is quite low in the Northeast and North Delta. It increases during the remaining winter period due to heavy, drizzly rains and then decreases. It increases again in the summer months. In the North Central and South Central, the relative humidity is low in the summer and quite high in the winter. Meanwhile, the humidity is quite low in the middle and end of winter and quite high during the summer in the North West, Central Highlands, and South.

2.2 Datasets
There are five types of data that we collected and used in this study, which are as described below.
Ground station data
all meteorological data was collected from the National Centre for Hydro Meteorological Forecasting (NCHMF) from 2008 to 2013. Every day, the temperature (GR TEMP) and relative humidity (GR RH) were measured at 13:00, and precipitation (GR PRECIP) was accumulated and measured at 13:00 and 24:00 (Vietnam time zone) from 98 stations spread around Vietnam (Fig. 1). In addition, spatial information, including the location and altitude (GRA), of these ground stations are also included in the data set. The ground station data was employed to interpolate a full-gridded map of Vietnam for each meteorological data set.

Satellite atmospheric variables
the MODIS Atmospheric Profile product (MOD07_L2) produces data during the day and night at 5×5 1-km spatial resolution. MOD07_L2 includes the surface temperature (MOD TEMP) and moisture (MOD RH) at 20 different levels ranging from the surface of the earth to the top of the atmosphere under cloud-free conditions [14]. MOD TEMP and MOD RH were assimilated with the interpolation fields of temperature and humidity, respectively, to obtain better results.

Tropical Rainfall Measuring Mission (TRMM)
The TRMM 3B42RT (V7) used in this study is a global product with 0.25° × 0.25° spatial resolution [15]. This data set is acquired every three hours and distributed for free by NASA Goddard Earth Sciences Data and Information Services (GESDISC) [16]. TRMM data was assimilated with the interpolation field of rainfall to achieve better results.

Satellite Digital Elevation Map (DEM)
The Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) is a medium-to-high spatial resolution, multispectral imaging system flying onboard the Terra satellite. The imaging system acquires a stereoscopic image at 15 m spatial resolution for creating the DEM. As a result, the ASTER DEM is a 30-m-elevation dataset created by stereo-correlating automated techniques [17]. ASTER DEM was used as ancillary data in order to eliminate the elevation effect of temperature data.

Weather Research and Forecasting model data
The Asian Institute of Technology (AIT) provides model-based meteorological gridded data (temperature, relative humidity, and rainfall) at a resolution of 12 km × 12 km in two months (August and December 2010). In the northern part of Vietnam, the peak of rainfall is customarily in August, while the dry season occurs in December in the southern regions. This data was used to examine the correlation efficient with ground station data and our results.


2.3 Methodology
2.3.1 Kriging spatial interpolation for meteorological data
Interpolation techniques anticipate values for miss-data locations from the curb of a number of sample data points. There are various statistical methods that have been developed for climate data interpolation. Some research indicates that Kriging-based interpolation methods have higher accuracy and lower bias than other geo-statistical methods [18,19]. These methods are a linear combination of weights determined by the spatial variation structure. In our previous study [13], we applied UnK to interpolate temperature and relative humidity data based on the outstanding estimation.
The spatial processes record surface trends and drift, which is a variety of the attributes depending on other variables. The temperature decrease coincides with the altitude increase at nearly 6.5°C per km [20], whereas, the latitude and longitude impacts temperature according to linear regression [21]. Furthermore, the rainfall is also influenced in orographic regions [22,23]. In addition, according to the research conducted in [24], the method of decomposing the observation into a surface trend and a residual value is better than interpolating directly onto the observed data, especially when applying it to a wide spatial area. Therefore, the UnK algorithm is carried out through three main steps. First, the data trend is identified and removed from observed meteorological data so that the residual will be more stationary. Specifically, the trend is estimated by a regression model and the meteorological data in order. Second, the variogram model can be constructed by using the spatial correlation of the residuals in order to calculate the weight of the neighbors. Finally, the trend is compensated back to the estimated residuals to gain the final results.

2.3.2 Assimilation methodology
Data assimilation is a set of technologies for merging model predictions and monitoring data. The technique’s main target is to obtain a more accurate model from a variety of data sources [25]. Normally, there are two fundamental approaches for data assimilation, namely sequential assimilation and retrospective assimilation (non-sequential). Clearly, sequential assimilation only considers an observation made in the past until the time of analysis, while non-sequential assimilation can utilize an observation from the future. In the 1950s, Cressman proposed the inadequacy of the observation to modify the assimilated value at a location where we already know its meteorological value, which can be gained by interpolation. At the grid location j, the assimilated value Aj is calculated within a radius R as:

(1)
Aj=Gj+∑i=1nω(i,j)(Si-Gi)∑i=1nω(i,j)
where, Gi, Gj are interpolated values from the ground station data at locations i,j, respectively; Si is the observation from the satellite at location i; and ω(i,j) is the weight of Si at location j. The weights are prescribed as:

(2)
ω(i,j)={R2-r(i,j)2R2+r(i,j)2if r(i,j)≤R0if r(i,j)>R
where, r(i,j) is the distance between the location i and j. However, this method exerts some detrimental impacts. For example, all of the observations are processed identically without considering their quality; or if an interpolated value has good quality, it is not necessary to take the place of this value by poor quality observations.
To deal with the drawbacks of the Cressman method, we carried out a simple statistical method, along with a direct computation of the best linear unbiased estimation (BLUE). Suppose that each meteorological value observed at the same position from each source can be presented as: Yi = x + ei, where, x is the actual value and ei is the error (i = 1,2 for the data station and data satellite, respectively). Their errors satisfy the following hypotheses:
	- E(ei) = 0, unbiased measurements.

	- 

Var(ei)=σi2, the accuracy is known.

	- Cov(e1,e2) = 0, E(e1,e2) = 0, errors are independent.



Kriging products contain an interpolated Kriging value (KV) field and a Kriging error (KE) field, while the observation field (MV) was gained directly from satellite data (MODIS MOD07 and TRMM) and the observation error field (ME) is achieved by calculating the covariance between the station data and satellite data. Note that, it is essential to correct the MV for the ground station data before assimilating it by the linear regression function of 

f(x):MV→f(x)MV′ (described in the next subsection), in order to assure unbiased measurement.
We combined two data resources in order to discover an estimator X̄, which is:
	- Linear: X̄ = ∝1 Y1 + ∝2 Y2, with ∝1 + ∝2 = 1.

	- Unbiased: E(X̄) = x.

	- Minimal variance: Var(X̄) is mininal.



To compute the weight ∝1, we used the unbiased hypothesis:

(3)
E(x¯)=(∝1+∝2)x+∝1E(e1)+∝2E(e2)=(∝1+∝2)x
The variance of χ̄ is calculated as the following equations:

(4)
Var(x¯)=E((x¯-x)2)=E((∝1e1+∝2e2)2)=∝12E(e12)+∝22E(e22)+2∝1∝2E(e1e2)=∝12σ12+∝22σ22=∝12σ12+(1-∝1)2σ22=(σ12+σ22)∝12-2σ22∝1+σ22
Estimator χ̄ has to minimize this variance, which is a function of ∝1. That estimator is the minimum where its derivative with respect to ∝1 is zero, so that:

(5)
∝1=σ22σ12+σ22
Finally, the value of χ̄ is:

(6)
x¯=σ22σ12+σ22Y1+σ12σ12+σ22Y2
According to Eq. (13), the calculation to assimilate the meteorological value at location s is shown below as:

(7)
DAs=KEsKEs+MEsMV′s+MEsKEs+MEsKVs
where, DAs, MV′s and KVs stand for data assimilation, corrected satellite data and the KV at location s, respectively. MEs, KEs are the satellite data errors and the KE at location s.

2.3.3 Meteorological satellite data correction
The fact remains that the biases and errors between satellite and ground meteorological data must be estimated before assimilation. Particularly, each satellite dataset X has been corrected to its corresponding meteorological ground data Y using linear regression function 

y=f(x):X→y=αx+βY, where α and β are regression parameters. Every day, we acquired k pairs of each meteorological data (x1y1),(x2y2),…,(xkyk) at k ground station positions from two sources of the satellite and ground station, respectively. The estimation of two parameters, α and β, is to minimize the sum:

(8)
Q(α,b)=∑i=1k(yi-αxi-β)2
Using the least mean square minimization to solve (8) we obtained:

(9)
α=k∑i=1kxiyi-(∑i=1kxi)(∑i=1kyi)k∑i=1kxi2-(∑i=1kxi)2
and:

(10)
β=y¯-αx¯=∑i=1kyi-α∑i=1kxik

2.3.4 Ten-fold cross validation
Ten-fold cross validation is applied to assess and choose the best interpolation and assimilation methods for each meteorological variable. In detail, 98 ground stations were randomly partitioned into ten subsets equally, where nine subsets were used as interpolation data and the remainder was preserved as the validation data for testing. The cross-validation process was then repeated ten times, called fold, to ensure that each of the ten subsets were used exactly once as the validation data. The ultimate estimation was averaged ten results of ten folds. The relative precision of these models was compared with respect to the root mean square error (RMSE) and mean percent error (MPE).



3. Results and Discussions
3.1 Spatial Correlation and Variogram Modeling
Overall, the spatial correlation coefficient of precipitation is much lower than temperature and humidity variables and this coefficient decreases more sharply in the case of further distance and more surrounding stations. Fig. 2(a) shows the spatial correlation for temperature in terms of distance, in which the correlation coefficient R within 50 km reaches about 0.8. These coefficients for humidity and precipitation are lower than the temperature, at around 0.6 and 0.35, as seen in Figs. 3(a) and 4(a), respectively. Similarly, Fig. 2(b) shows the spatial correlation for temperature in terms of the number of neighbors in which the correlation coefficient R with the ten nearest neighbors stands at approximately 0.7. In contrast, humidity and rainfall have quite a low correlation coefficient R if calculated with the ten nearest neighbors, at only 0.55 and 0.3, respectively, as shown in Figs. 3(b) and 4(b).
[image: Fig. 2]
Fig. 2 Spatial correlation coefficient of temperature with respect to distance (a) and to number of neighbor ground stations (b).

[image: Fig. 3]
Fig. 3 Spatial correlation coefficient of humidity with respect to distance (a) and to number of neighbor ground stations (b).

[image: Fig. 4]
Fig. 4 Spatial correlation coefficient of precipitation with respect to distance (a) and to number of neighbor ground stations (b).

These differences suggest the distinction in the number of neighbors when constructing the variogram and selecting its practical range. In this research, we used 10 (R ≈ 0.7), 7 (R ≈ 0.6), and 5 (R ≈ 0.4) neighbor ground stations for interpolating temperature, humidity, and precipitation variables, respectively. Meanwhile, the practical range was within 600 km for temperature (R ≈ 0.5 ), 300 km for humidity (R ≈ 0.3 ), and 100 km for precipitation (R ≈ 0.28). The results also suggested that the Spherical model would definitely be the best suited to the variogram for all of the meteorological variables.

3.2 Satellite Data Correction
Data correction aims at improving satellite data quality before the data assimilation step. Based on the amount of matching between satellite- and ground-meteorological variables and their correlation coefficient, it was then decided whether or not to apply the data correction step. We propose two strict conditions for these parameters, which will be applied on each daily dataset. First, the number of pairs for each meteorological data were equal to or greater than 30 according to the statistical theory (k ≥ 30). Second, the correlation coefficient between satellite- and ground-based data was high enough (R = 0.4 and R = 0.3 for temperature, precipitation, and humidity, respectively).
The correlation coefficient on August 10, 2010 between the MOD TEMP and GR TEMP was about 0.50, between GR RH and MOD RH it was 0.33, and between the GR PRECIP and TRMM it was 0.56. In this case, the average number of observed data at each station position per day for MOD RH was 37, but for MOD TEMP it was 38 because of cloud cover. TRMM is a global product with full data at any position, so every day, there were 98 pairs of precipitation variables. Data assimilation was applied to all meteorological variables for this case.

3.3 Interpolation and Assimilation Results
Fig. 6 illustrates the interpolation and assimilation results on a dataset recorded on August 10, 2010. The KE map and interpolated map of ground precipitation measurements at 0.1° × 0.1° are shown in Fig. 6(a) and (b). Meanwhile, the TRMM error map and corrected TRMM map that were calculated from the satellite TRMM and online ground precipitation measurements are presented in Fig. 6(c) and (d). The data assimilation technique mentioned in Section 2 is based on four maps to create the final precipitation result, as shown in Fig. 6(e).
[image: Fig. 6]
Fig. 6 Interpolated error map (a), Interpolated GR_PRECIP (b), TRMM error map (c), corrected TRMM (d), and assimilated precipitation (e) in Vietnam, August 10, 2010.

In Vietnam, the rainy seasons in the seven climate regions vary. The biggest drought period is from January to March in all regions of Vietnam, as shown in Fig. 7(a). Otherwise, high rainfalls occur in the north of Vietnam in August (see Fig. 7(b)), and for the North Central Coast they happen in November (see Fig. 7(c)). The replication of rainfall behaviors from assimilated data was confirmed by real seasonal and regional characteristics. Similarly, temperature and humidity data were processed in the same way for procedure maps at (0.1° × 0.1°). Fig. 8 presents the average temperature and humidity throughout Vietnam in January. Cold weather and high humidity occurred in the winter months in the north and hot temperatures and dry conditions dominated in the south.
[image: Fig. 7]
Fig. 7 Total precipitation in (a) January, (b) August, and (c) November in Vietnam.

[image: Fig. 8]
Fig. 8 Average temperature (a) and humidity (b) in January over Vietnam.


3.4 Ten-Fold Cross Verification Results
In order to evaluate the effectiveness of the interpolation and assimilation methods, we used the RMSE, which is defined as follows:

(11)
RMSE=1T·∑t=1T(sqrt(1M·∑i=1M(Zsi-Z¯si)2))
and the MPE is defined as:

(12)
MPE=1T·∑t=1T(1M·∑i=1M|Zsi-Z¯si|Zsi·100%)
where, M is the number of testing stations; T is the number of tests in a ten-fold estimation; Zsi and Z̄si are the observed meteorological variables and their interpolated values, respectively.
Validation for the proposed assimilation techniques were carried out on a dataset collected over the course of six years. As a result, the number of temperature, humidity, and precipitation images were 526, 120, and 771 days, respectively.
The validation results of different techniques for temperature, relative humidity, and precipitation are presented in Tables 1–3, respectively. Regarding temperature and humidity, the assimilation technique (UnK+DEM+Assim/UnK+Assim) did not improve interpolation results. When temperature interpolation with DEM correction was applied, the RMSE was 1.97K and MPE was 0.532%. Assimilation slightly increased RMSE and MPE up to 2.056K and 0.569% (Table 1). Similarly, the assimilation for humidity increased RMSE and MPE from 6.61% and 7.73% to 8.89% and 10.36%, respectively (Table 2). Due to there being less variant characteristics in space of both temperature and humidity variables and the low quality of corresponding satellite products, UnK gained better results than the assimilation techniques could.
Table 1 Temperature models validation results
[image: ]
[See Full Table]


Table 2 Relative humidity models validation results
[image: ]
[See Full Table]


Table 3 Precipitation models validation results
[image: ]
[See Full Table]


Table 3 illustrates the evaluation results of precipitation interpolation between the two methods of UnK and UnK+Assim. The error estimation of MPE in the UnK+Assim model decreased considerably to 66.58%, compared to 88.40% in UnK. The value of RMSE also indicates that the integration of ground and satellite precipitation produced better accuracy than only ground data did. The proposed assimilated technique has shown the strongest effect on precipitation variables, which can be explained by their large variants in the space of rainfall variables in comparison with temperature and humidity.

3.5 The WRF Assessment
We used temperature, humidity, and precipitation maps in August and December 2010 that were produced by using the WRF model as the third party to assess the quality of our products. Fig. 9 shows the correlation coefficient between the WRF’s products and our results. Temperature gains strong correlation in both December and August, which can be explained by the good quality of the temperature products (see Table 1). Humidity just shows a high relation in December but in August. Rainfall has the lowest correlation coefficient in both months due to the lower quality of precipitation products. The trend of correlation coefficients between the WRF and assimilation products can be explained via relation of the WRF and ground station measurements (Fig. 10).
[image: Fig. 9]
Fig. 9 The Weather Research and Forecasting’s products vs. assimilated products.

[image: Fig. 10]
Fig. 10 The Weather Research and Forecasting’s products vs. ground station.

Fig. 11 illustrates the comparison results between the WRF model and our approach in more detail. Overall, in two months, the high correlation in terms of temperature occurred in all seven climate regions, with the number for the Northern Delta being the highest (R ≈ 0.95 in August and R ≈ 0.75 in December). However, the rainfall correlation in the northern regions was higher than the southern ones, especially in the Southern Delta, which had a negative correlation. As can be seen in Fig. 11(a), there were some variations in relative humidity correlation in August and all of them were quite low. The Northeast had the highest humidity correlation at only 1.5; whereas, the negative humidity correlation occurred in the Northern Delta, Northwest, and Central Highlands (R ≈ −0.5). In contrast, the relative humidity in December was high in the Northeast, North-Central Coast, and Northwest (R ≈ 0.7) and this number for the South-Central Coast was just over 0.1.
[image: Fig. 11]
Fig. 11 Correlation coefficient between the Weather Research and Forecasting and assimilation products in 7 climate regions.



4. Conclusion
We have presented the applications of spatial interpolation and assimilation methods for meteorological variables including temperature, relative humidity, and precipitation in the regions of Vietnam. The input meteorological data includes satellite data (MOD TEMP, DEM, TRMM) and ground data collected over the course of six years (2008–2013) from 98 ground weather stations located throughout Vietnam. The outputs were interpolated fields and assimilated fields of temperature, relative humidity and precipitation. Our results show that Kriging interpolation and assimilation with MODIS surface temperature outperforms when applied to temperature data with the support of a digital elevation model. The assimilation of TRMM precipitation data improved the spatial prediction of ground precipitation.

[image: Fig. 5]
Fig. 5 Correlation of temperature (a), humidity (b), precipitation (c) in August 10, 2010.
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Table 1
Temperature models validation results

	Model	RMSE (K)	MPE (%)
	UnK+DEM	1.97	0.532
	UnK+DEM+Assim	2.056	0.569
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Table 2
Relative humidity models validation results

	Model	RMSE (%)	MPE (%)
	UnK	6.61	7.73
	UnK+Assim	8.89	10.36





[Back]
Table 3
Precipitation models validation results

	Model	RMSE (mm)	MPE (%)
	UnK	15.21	88.40
	UnK+Assim	14.12	66.58
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