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10 Abstract: Soil moisture plays a key role in the Earth’s water and carbon cycles, but acquisition of
11 continuous (i.e., gap-free) soil moisture measurements across large regions is a challenging task due
12 to limitations of currently available point measurements. Satellites offer critical information for soil
13 moisture over large areas on a regular basis (e.g.,, ESA CCI, NASA SMAP), however, there are
14 regions where satellite-derived soil moisture cannot be estimated because of certain circumstances
15 such as high canopy density, frozen soil, or extreme dry conditions. We compared and tested two

16 approaches--Ordinary Kriging (OK) interpolation and General Linear Models (GLM)--to model soil
17 moisture and fill spatial data gaps from the European Space Agency Climate Change Initiative (ESA
18 CClI) version 3.2 (and compared them with version 4.4) from January 2000 to September 2012, over
19 a region of 465,777 km? across the Midwest of the USA. We tested our proposed methods to fill gaps
20 in the original ESA CCI product, and two data subsets, removing 25% and 50% of the initially
21 available valid pixels. We found a significant correlation coefficient (r = 0.523, RMSE = 0.092 m3m3)
22 between the original satellite-derived soil moisture product with ground-truth data from the North
23 American Soil Moisture Database (NASMD). Predicted soil moisture using OK also had significant
24 correlation coefficients with NASMD data, when using 100% (r = 0.522, RMSE = 0.092 m*m?3), 75%
25 (r=0.526, RMSE = 0.092 m®m=) and 50% (r = 0.53, RMSE = 0.092 m3m-?) of available valid pixels for
26 each month of the study period. GLM had lower but significant correlation coefficients with
27 NASMD data (average r = 0.478, RMSE = 0.092 m?m=?) when using the same subsets of available data
28 (i.e, 100%, 75%, 50%). Our results provide support for OK as a technique to gap-fill spatial missing
29 values of satellite-derived soil moisture products across the Midwest of the USA.

30 Keywords: Soil Moisture; Remote Sensing; Geostatistics; Gap-Filling; Midwestern USA

32  1.Introduction

33 Addressing global environmental challenges requires knowledge and information derived from
34  the most accurate and complete available datasets. Soil moisture has an important role in the water
35 and energy cycles, and is regarded as one of the essential terrestrial climate variables [1] due to its
36  influence in soil and atmosphere feedbacks. Furthermore, soil moisture is a critical input variable for
37  applications such as climate modeling [2—4], agricultural planning [5,6], and carbon budget analyses
38  [7,8]. Because of the importance of soil moisture, there are many in situ monitoring networks,
39  organized at the global [9], regional [10,11], or national-scale [12-15]. Despite these national to global
40  efforts, there is still a challenge to represent spatially explicit soil moisture information across large
41  regions related to spatial limitations of point measurements.

42 Soil moisture can be estimated using remote sensors (e.g., spaceborne radiometers and radar
43 sensors) to provide coarse-scale estimates on a regular basis [9,16]. Examples of remote sensing soil
44 moisture monitoring systems include NASA’s Soil Moisture Active Passive (SMAP) [16], ESA’s Soil
45  Moisture and Ocean Salinity (SMOS) [17] and the European Space Agency Climate Change Initiative
46  (ESA CCI) [11,18] that deliver publicly available data for a wide range of applications. Despite
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47  advances in remote sensing technology, there are still large areas where soil moisture information is
48  not regularly acquired, yielding information gaps in time and space across the world. Missing
49  information arises from certain circumstances such as high canopy density, snow and ice cover,
50  extremely dry surface conditions or frozen soil [11]. These factors hinder radiometers or radar sensors
51  in measuring the dielectric constant in the top layer of soil in order to estimate water content [19].
52 Consequently, there is a need to develop gap-filling strategies to provide spatially complete
53  satellite-derived soil moisture data across the world. In the most recent version of the ESA CCI
94 product (version 4.4), active and passive sensors are combined by means of a weighted mean, being
95  proportional to the signal-to-noise ratio (SNR) [20]. These ratios are estimated using Triple
56  Collocation Analysis, which is a method that estimates random error variances of three collocated
57  datasets of soil moisture estimates [21]. In areas, where no triple collocation analysis estimates are
58  available, soil moisture values are estimated using a polynomial regression between the signal-to-
59  noise ratios [20]. Other statistical methods (e.g., discrete cosine transformations and singular
60  spectrum analysis) have been applied to fill spatial gaps for satellite-derived geophysical datasets, as
61  well as soil moisture from field measurements [22,23]. These approaches are focused either on the
62 statistical distribution of the data, or in three-dimension information, which includes both space and
63  time. We postulate that alternative gap-filling methods could take advantage on the information
64  contained in the spatial distribution of soil moisture or its relationship with key geophysical
65  variables, such as temperature and precipitation which have been identified in other studies [3,9,24].
66 In this research, we propose to test the performance of two methods to gap-fill satellite-derived
67  soil moisture in ESA CCI product version 3.2, in which no further gap-filling techniques have been
68  applied. Although version 4.4 includes a gap-filling strategy (as described above), this version still
69  contains gaps across many regions of the world. Our approaches aim to offer alternative strategies to
70 offer spatially complete soil moisture estimates, other than the methods applied in ESA CCI product
71  version 4.4 [21].

72 We tested two approaches. The first one is based on Ordinary Kriging (OK) spatial interpolation
73 [25-27] to take advantage of the spatial autocorrelation of satellite-derived soil moisture on gridded
74 surfaces. The second one is based on the application of General Linear Models (GLM) to explore the
75  relationship between soil moisture (response variable) with precipitation and minimum air
76  temperature (explanatory variables). We tested these two methods because OK has the advantage of
77  requiring solely spatial soil moisture data, and GLM has the advantage of benefiting from the
78  incorporation of geophysical covariates.

79 We focused our study over a region in the Midwestern United States (with abundant satellite-
80 data estimates and in situ measurements) between 2000 and 2012. We evaluated the outcome of our
81  gap-filling approaches with ground-truth information using in situ measurements from the North
82  American Soil Moisture Database (NASMD) [15]. Although we present monthly results for both OK
83  and GLM, overall correlation coefficient with field data for the period of this study shows that OK
84  performed better than GLM, using as reference the correlation coefficient (e.g. Pearson) between
85  original satellite estimates and ground-truth data from NASMD. In addition to other techniques
86  aimed to gap-filling in satellite-derived geophysical datasets [22,23], our results highlight the
87  potential of spatial interpolation to offer spatially complete soil moisture information. Furthermore,
88  methods based on the spatial distribution of soil moisture, such as OK, might compensate for the lack
89  of geophysical covariates information such as precipitation and air temperature in different regions
90  across the world.

91 Section 2 provides a description of the region of interest as well as the parameters to select our
92  time frame. Data acquisition, preprocessing, selection of the geophysical covariates, application of
93  proposed gap-filling approaches and validation strategy are also described in Section 2. Section 3
94 describes the performance of both OK and GLM techniques, as well as the results of cross-validation
95  for both models. Validation using reference correlation between original satellite data and ground-
96  truth soil moisture information is also described in Section 3 and compared with models outputs.
97  Section 3 finally shows the capability of our methods to reproduce the spatial soil moisture patterns
98  shown by the original ESA CCI product. Section 4 proceeds with the discussion of our findings and
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99  their implications in providing spatially complete soil moisture information derived from ESA CCI
100  satellite estimates, version 3.2. Section 5 summarizes important remarks of our work and its
101  implications in providing soil moisture information for specific applications.

102 2. Materials and Methods

103 2.1. Region of Interest

104 The selected region of interest was an area of 465,777 km? (Figure 1a) centered in the state of
105  Oklahoma (180,986 km?2) and covering some areas of surrounding states within Midwestern USA:
106  Texas (159,489 km?), Colorado (11,210 km?), Kansas (61,343 km?), Missouri (10,844 km?), New Mexico
107 (18,550 km?) and Arkansas (23,356 km?). The region of interest shows a variety of environmental
108  conditions, both natural and human-driven, that allowed us to test the spatial performance of our
109  gap-filling frameworks. This diversity mitigates bias due to specific environmental conditions (e.g.,
110  homogenous land cover, uniform topographic features), which are not the attention of this present
111  study. The region of interest for this study was selected in response to the availability of ground-truth
112 data in that area, mainly over Oklahoma, where MESONET provides a robust set of historical soil
113 moisture records [28]. Additionally, soil moisture data availability in northern Texas and the
114 remaining areas in the region of interest are consistently represented by the NASMD. We highlight
115  that the NASMD integrates data from several monitoring networks including MESONET [15].

116 The region of interest (Figure 1la) includes a wide variety of land cover types (Figure 1b)
117 dominated by grassland (35.5%), cropland (31.9%) and shrubland (11.0%) in the central and western
118  areas. Whereas forested areas are mostly located in the eastern portion, distributed across needleleaf
119  (2.2%), broadleaf (10.9%) and mixed forests (0.6%) [29].
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121 Figure 1. (a) Region of interest in the Midwestern USA, where soil moisture gap-filling methods were
122 performed; (b) Land cover types over the region of interest (30 m), level 1 NALCMS classification
123 [29].

124  2.2. Data

125  2.2.1. Satellite-Derived Soil Moisture

126  For this study, we used the ESA CCI soil moisture product version 3.2 (Table 1) that has gathered
127  historical records from active and passive remote sensors [11,18]. This product provides soil moisture
128  estimates at 0.25 degrees of spatial resolution on a daily basis, from November 1978 to December
129  2016. Passive sensors were used to generate this product up to 1991, and the combination of both
130  active and passive sensors was incorporated since then [11]. The ESA CCI product was developed in
131  collaboration with Vienna University of Technology (TU Wien) and focuses on the use of data derived
132 from C-band scatterometers. Such as European Remote Sensing Satellites (ERS-Y2) and METOP, as
133 well as the use of data from multi-frequency radiometers such as Scanning Multichannel Microwave
134  Radiometer (SMMR), Special Sensor Microwave Imager (SSM/I), Microwave Imager (TMI),
135 Advanced Microwave Scanning Radiometer (AMSR-E) and Windsat [3]. These sensors are
136 characterized for the suitability for soil moisture retrieval [3].

137 ESA CCI soil moisture product version 3.2 has not been subject to any further gap-filling
138  technique (as compared to version 4.4), and represents a suitable product for testing the proposed
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satellite-derived soil moisture gap-filling approaches in this work. Although version 4.4. does mask
areas of dense vegetation using Vegetation Optical Depth Layers, as well as flag measurements taken
under frozen conditions [21], the product still shows a large number of gaps in our region of interest.
Additional analyses of our approaches applied to ESA CCI soil moisture version 4.4 are described in
supplementary material (51).

Table 1. Main characteristics of ESA CCI soil moisture version 3.2 [18].

Title ESA CCI Soil Moisture Version 3.2
Release date February 2017
Active

Available products Passive
Combined
ERS- 1/2 AMI WS
ERS-2 AMI WS
MetOp-A + B ASCAT
SMMR
SSM/1
T™MI
Windsat
AMSR-E
AMSR2
SMOS
November 1978 - December 2015
(Active and Passive products)
August 1991 - December 2015
(Active product)

Scatterometer sensors used

Radiometer sensors used

Available time span

Daily soil moisture global records from the ESA CCI product were acquired and then cropped to
the region of interest. Daily estimates were merged into monthly soil moisture spatial layers using mean
and median values, this way; we tackled the lack of daily coverage in areas out of the satellites swath.
Monthly mean values initially reduced the number of gaps in daily products but still provided
reliable information to identify spatial patterns and trends in our study period. These values then
were used to explore their relationship with different geophysical covariates (supplementary material
S2). Monthly values can describe soil moisture variability over a few weeks due to soil moisture
memory effects, as water content derived from sudden excessive rains or lack of water onset, can
generate wetness or dryness conditions that might last for a couple of weeks [2].

An important step in preparing the soil moisture data for analysis is identifying the most relevant
summary statistics, such as mean or median. The median value is more useful when data is
concentrated on a brief period of the month (because of long data gaps) with an uneven distribution of
data [30]. However, mean monthly soil moisture values showed higher correlation with the tested set
of geophysical covariates (supplementary material S2). For our study period (January 2000 to
September 2012), Figure 2 shows the frequency of spatial and temporal monthly soil moisture data gaps,
where no mean values were calculated due to lack of valid pixels. A pixel is considered valid when soil
moisture estimates are available from the ESA CCI product over the region of interest.

d0i:10.20944/preprints201909.0126.v1
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164 Figure 2. (a) Number of gaps in monthly soil moisture estimates over the region of interest, derived
165 from ESA CCI product (version 3.2), January 2000 — September 2012; (b) Distribution of gaps along
166 the study period in monthly steps, each number represents the quantity of pixels without data, out of
167 741 pixels in the region of interest.
168  2.2.2. Soil Moisture Covariates
169 For the ESA CCI gap-filling approach using GLM, we explored the relationships between soil

170  moisture and some geophysical variables. Ancillary monthly layers were generated for precipitation,
171  atmospheric temperature, as well as static values of soil texture and topographic wetness index
172 (TWI). These selected variables are known to work as drivers for water input in soil [2,3].

173 Meteorological data was acquired at 1-km spatial resolution monthly layers produced by the
174 Daily Surface Weather and Climatological Summaries (DAYMET) [31]. Total monthly precipitation,
175  as well as monthly averages of minimum and maximum air temperature raster layers from January
176 2000 to September 2012 were cropped to the region of interest, projected to the WGS84 Lat-Long
177  coordinate system and resampled to 0.25 degrees by means of nearest neighbor method (ngb) [32].
178 Soil texture was obtained from the US soil survey geographic database [33] and we classified all
179  classes into four general categories based on the texture triangle from US Department of Agriculture
180  (USDA) [34]: coarse, medium, medium fine, and fine. Soil texture then was resampled to 0.25 degrees
181  resolution using ngb [32]. We calculated TWI using SAGA GIS [35] with a digital elevation model at
182 250 meters resolution [25], then resampling the output to 0.25 degrees using ngb [32]. Detailed
183  information on the definition of geophysical variables for this work and their further processing are
184  given in the supplementary material (supplementary material S2).

185  2.2.3.Validation Data

186 In order to establish a reference value that describes the spatial distribution pattern of soil
187  moisture over our region of interest, we acquired records from the North American Soil Moisture
188  Database (NASMD). NASMD provides the densest possible soil moisture network that integrates
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189  field measurements across North America [15]. By 2015, the NASMD had integrated 33 observation
190  networks and two short-term soil moisture campaigns, providing ground-truth data for over 1,800
191  observation sites in the USA, Canada and Mexico [15]. Some of the densest regional networks
192  integrated by NASMD offer soil moisture data in our region of interest (e.g., MESONET), and records
193  at5-cm depth, where the soil layer closely interacts with the atmosphere and it is sensed by satellites
194 [36]. We extracted all information available from the NASMD over our region of interest that
195  comprised records at 5-cm depth, from January 2000 to September 2012. Finally, we transformed this
196  data to georeferenced point layers to be integrated in our ground-truth validation approach.

197  2.3. Gap-filling Methods

198 Our first gap-filling approach was based on OK interpolation. This technique lead to high
199  uncertainty over areas with very large spatial gaps because it relies on the spatial autocorrelation of
200  available data. Consequently, we also tested a second approach based on GLM to test the relationship
201  between soil moisture and geophysical covariates.

202 OK interpolation strategy depends solely on separation distance between sampled locations and
203  not on an absolute position [27]. This offers a feasible strategy to fill spatial gaps in areas where no
204 other information is available to be included in similar interpolation methods such as CoKriging or
205  Regression Kriging. This is the most popular among all Kriging methods, as it works in almost any
206  situation and its assumptions are easily filled [27].

207 General Linear Models (GLM) on the other hand, represent multivariate regression models [37].
208  In this approach, we assume linear relationships between the dependent variable (soil moisture) and
209  the predefined predictors (precipitation, minimum air temperature) before considering relationships
210  that are more complex. These relationships have been also explored in previous studies, integrating
211  predictors such as vegetation indices, precipitation and temperature [38,39].

212 Soil moisture spatial-gaps in the region of interest are not always sufficient to test interpolation
213 methods, as in some months there are no gaps over the region of interest. Thus, we decided to randomly
214 remove valid data from each soil moisture monthly layer as well as their correspondent locations on
215  the geophysical covariates layers. Then both OK and GLM were performed on 100%, 75% and 50% of
216  available valid pixels in each month, similar to gap-filling analyses in previous studies [22].

217 The overall process for soil moisture prediction (Figure 3), derived from the proposed modeling
218  techniques, was evaluated using cross-validation and ground-truth data from the NASMD available
219  from January 2000 to September 2012. An extensive description of workflow as well as a sample
220  process for one month are provided in supplementary material (S3).

221
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222
223 Figure 3. Workflow for soil moisture modeling and the gap-filling over the region of interest,
224 regarding 100%, 75% and 50% of available valid pixels in each monthly layer. Cross-validation as well
225 as ground-truth validation is also described.
226  2.3.1. Ordinary Kriging
227 OK was performed using the AutoMap package developed for R statistical platform [40]. By

228  means of the autofit-variogram tool, the best-fitted variogram model was automatically selected to
229  generate independent predictions over each month. Five different variogram models (i.e., Spherical,
230  Exponential, Gaussian, Matern and Stein’s parameterization) were evaluated and the one with the
231  smallest residual sum of the squares was selected [40]. The prediction of values at unsampled
232  locations is the linear combination of N variables, as expressed in Equation 1,

233 Z) = XiLi A Z(uy) )
234 where Ai represents the original weighted values. Weights are calculated as function of distance
235  between sampled and unsampled locations to be predicted. The weights sum must be equal to 1, thus
236  estimations fulfill unbiasedness requirement [41],

237 After OK spatial interpolation, predicted values as well as their standard errors were obtained
238  for each month, derived in three different cases from 100%, 75% and 50% of available valid pixels.
239  We applied 10-fold cross-validation [40] to OK outputs, for the above mentioned percentages of valid
240  pixels using autoKrige.cv [40]. Finally, we assessed the spatial dependence found in each monthly
241  layer using the nugget-sill ratio. Ratios of at most 0.25 represented strong spatial dependence,
242  between 0.25 and 0.75 moderate spatial dependence, and at least 0.75 weak spatial dependence, as
243  previously reported [42].

244  2.3.2. General Linear Models

245 For GLM, we first tested the overall correlation between soil moisture (monthly mean and
246  median values) and each one of the geophysical covariates (monthly precipitation, monthly
247  maximum and minimum air temperature, soil texture and TWI). Secondly, we extracted a time series
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248  for each valid pixel along the 153 monthly soil moisture layers, and tested the pixel-individual
249  correlation with each one of the covariates. Finally, we calculated the correlation coefficients of all
250  wvalid pixels available for each monthly layer with the corresponding temporal layer for each one of
251  the covariates. Based on these analyses we established that the spatial values of mean monthly
252  precipitation and minimum air temperature were the variables with the highest absolute correlation
253  coefficient with mean monthly soil moisture (supplementary material S2). These geophysical
254 covariates were used to predict soil moisture based on GLM, as shown in Equation 2,

255 Yi= Bo+ BiXis + BXiz + & 2)
256  where Y; represents the response variable, X;; and X, represent the predictor variables, f,, B;
257  and B, are the paaameters of the model, and ¢; is the error term [37].

258 Predictions were also performed for the three predefined subsets (100%, 75% and 50%) of
259  available valid data over the region of interest in each month of the study period. We used the GLM
260  tool from caret statistical package in R [43] to generate independent models for each month, as well
261  asa10-fold cross-validation process. For this purpose, we used 75% of the data in each independent
262  monthly dataset as training data and 25% as test data.

263  2.4. Ground-Truth Validation

264 2.4.1. Reference correlation between NASMD and satellite-derived soil moisture

265 First, we established a reference correlation value between original satellite-derived soil
266  moisture and data from the NASMD. We extracted all available data from NASMD over the region
267  of interest for each month during the study period and calculated the mean monthly value of soil
268  moisture at 5-cm depth, for each field station. Thus, capturing as much variation as possible from the
269  upper soil layers sensed by the satellites. We tested the correlation between satellite-derived values
270  over each spatially correspondent pixel with soil moisture information derived from the NASMD.
271  This process was performed over the layers using 100%, 75% and 50% of available valid pixels. When
272  there was more than one NASMD station within one corresponding pixel of satellite-derived soil
273  moisture, every station value from within the pixel area was accounted for the correlation analysis
274  with the satellite data. Overall, we used data from 144 stations in the months with the highest
275  availability of field soil moisture records. The use of all NASMD available stations allowed us to
276  retain the overall observation-estimation pairs. Figure 4 shows the number of available NASMD
277  stations available over the region of interest in each month. Across the entire study period, all
278  available stations provided 19,336 points to compare satellite-derived soil moisture estimates and
279  ground-truth data.
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Figure 4. All NASMD stations available for the study period (144); (a) Stations are broadly distributed
over Oklahoma and northern Texas, however, ground-truth data is scarce over the surrounding states
within the region of interest; (b) Number of ground-truth stations available per month for validation.

2.4.2. Correlation between predicted soil moisture and NASMD

In order to validate our soil moisture predicted values, we looked for the closest similar
correlation coefficient from our outputs and the NASMD, to the correlation coefficient between the
original ESA CCI estimates with NASMD. Thus, repeating the same value of a satellite estimate or
predicted value for each field station that is located within the same cell. This way we take advantage
of as much validation information as possible over our region of interest. We followed the same
approach as in section 2.4.1 to evaluate the soil moisture values derived from the modeling
approaches with the NASMD. This allowed us to evaluate 19,411 pixels where we calculated the
overall correlation coefficient (all months), and monthly correlation coefficients.

3. Results

3.1. OK models selected for soil moisture predictions

Variograms using Stein’s parameterization [44] were the most common across the 459 monthly
layers (n=382). Exponential (n=69), Spherical (n=6), and Gaussian (n=2) were used in a substantially
lower number of predicted soil moisture layers. We found strong spatial dependence in 454 of the
monthly layers (nugget-sill < 0.25) and moderate spatial dependence in the remaining 5 layers (0.25
< nugget-sill < 0.75) (Figure 5a). Stein’s parameterization [44] had an overall relatively small sum of
squared errors when compared to most variogram models and when considered the large sample
size (Figure 5b).

d0i:10.20944/preprints201909.0126.v1
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303 Figure 5. (a) Most fitted variogram models used to predict soil moisture, 459 models generated for
304 153 monthly layers derived from all percentages (100%, 75% and 50%) of valid pixels; (b) Boxplots of
305 the sum of squared error (SSERR) for each set of variogram model.
306  3.2. Cross-Validation of predicted values
307 Overall, both models had good cross-validation results, but OK had consistently higher

308 correlation coefficients and lower RMSE (Table 2). These results were consistent as different
309  percentage of available data was used.

310 Table 2. Cross-validation outputs for OK and GLM, all predicted and observed values along the 153
311 monthly layers.
Method Percentage of data Correlation RMSE
100% 0.968 0.012 m3m3
OK 75% 0.967 0.012 m3m?3
50% 0.963 0.013 m3m?3
100% 0.813 0.028 m3m3
GLM 75% 0.813 0.028 m3m3
50% 0.814 0.028 m*m3
312
313 Additional cross-validation between predicted and observed values by month (January-

314  December) is reported using Taylor diagrams (Figure 6), which simultaneously report correlation
315  coefficient, normalized standard deviation and centered root mean squared error [45]. The Taylor
316  diagrams [46] consistently show that OK had higher correlation coefficient and lower centered RMSE
317  and standard deviations, and consequently were closer to the observations. These results were
318  consistent regardless the percentage of available data used. Overall, OK had correlation coefficients
319  ranging from 0.924 to 0.971, whereas GLM values ranged between 0.618 and 0.83. Centered RMSE
320  values between observed and predicted values with OK ranged between 0.227 and 0.377, whereas
321  GLM ranged between 0.558 and 0.786.
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323 Figure 6. Taylor diagrams based on Cross-validation by month across years, OK and GLM using
324 100%, 75% and 50% of available valid data. Standard deviation and RMSE values for each output have
325 been normalized using the standard deviation of the observed values.

326  3.3. Ground-Truth Validation with NASMD

327 We found an overall correlation coefficient of r = 0.523 and a RMSE of 0.093 cm?cm? between
328  the original ESA CCI data and the available NASMD stations across the study period (153 months).
329  These values served as baseline and showed that values generated using OK were closer to the
330  reference than those using GLM (Table 3).

331 Table 3. Overall correlation coefficients between all ground-truth validation points and CCI soil
332 moisture product, as well as gap-filled outputs. Percentages show the data subset used to predict
333 soil moisture values over the region of interest.
Method Percentage of data Correlation RMSE
CCI 100% 0.523 0.092 m*m-3
100% 0.522 0.092 m®m-
OK 75% 0.526 0.092 m*m-3
50% 0.530 0.092 m®m-
100% 0.478 0.092 m®m-
GLM 75% 0.478 0.092 m®m-3
50% 0.478 0.092 m®m?-

334
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335 We explored the temporal dynamics of the correlation coefficients and RMSEs by month
336  throughout the study period. Figure 7 shows the R-squared values between the monthly correlation
337  coefficients from ground-truth data and CCI products, and coefficients from ground-truth data and
338  predicted values by both OK and GLM. RMSE is reported in the same manner (Figure 7).
339  Consistently, OK correlation coefficients with ground-truth data, are closer to correlation coefficients
340  used as reference between validation data and CCI product (Figure 7a). On the other hand, GLM
341  outputs show lower general R-squared values between the outputs and the reference, and are hardly
342 fitted to the regression line (Figure 7b). In a similar way, R-squared between RMSE values from CCI
343  product and ground-truth data, as well RMSE from model outputs and ground-truth data, show

344 closer relation for OK (Figure 7a) outputs rather than GLM (Figure 7b).
Correlation and RMSE concordance between CCl vs NASMD and OK vs NASMD
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346 Figure 7. R-squared values showing the concordance between the reference validation (CCI-NASMD)
347 and the validation of proposed gap-filling methods with NASMD. Each point represents one month,
348 using 100%, 70%, or 50% of the available data, with the percentage indicated by the shape used. (a)
349 Validation of Kriging with NASMD, with correlation on the left and RMSE on the right; (b) Validation
350 of GLM with NASMD, with correlation on the left and RMSE on the right. Regression lines between
351 correlated datasets are shown in each plot.
352 3.4. Spatial Gap-Filling performance of modeling methods
353 The comparison between the outputs of our modeling methods in contrast with the original ESA

354  CCI soil moisture product shows that OK approach better reproduces the spatial pattern captured by
355  satellite estimates. Figure 8a shows the mean soil moisture estimates from ESA CCI product derived
356  from 153 monthly layers in our region of interest, without any gap-filling technique. In comparison
357  to the original spatial distribution of soil moisture, OK visually shows a more simmilar patterns,
358  independently of the percentage of valid pixels used for modeling (Figure 8b,c,d). On the other hand,
359  GLM clearly shows a less effective performance in reproducing soil moisture spatial patterns,
360  regardless the percentage of valid pixels included in the modeling process (Figure 8e,f,g). We also
361  found that density distribution that depicts the mean soil moisture values along the study perido in
362  the original ESA CCI is better reproduced by our OK approach The perfomarce of OK is similar,
363  either using 100% 75% or 50 % of available valid data (Figure 9a). Meanwhile, GLM density
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distribution falls apart from the values showed in the original ESA CCI product (Figure 9b). By means
of this analysis we confirm the better performance of OK, not only in a direct modeling approach
(Figure 6) and its better relationship with validation data (Figure 7), but also its higher capacity in
reproducing original ESA CCI spatial soil moisture patterns.

ESACCI (a)
z
5
z
z
B
- Soil Moisture (m®m™)
3 | . — .
I | 012 014 046 0.8 0.20 022 024 026 028
Kriging 100% (b) Kriging 75% (c) Kriging 50% (d)
()
k=)
2
T
-
GLM 100% (e) GLM 75% (f GLM 50% (g)
=
£
=
£
z
£
=
Z
T T T T T T T T T T T T T T
102W  100°W  98W  9FW 94w Longitude 1020 100W  98W  96W  aaow

Figure 8. Mean soil moisture values along the study period (January 2000 — September 2012) over the
region of interest. (a) Mean values of original ESA CCI soil moisture estimates, no gap-filling methods
applied; (b) Soil moisture mean values modeled using OK and 100% of available valid data; (c) Soil
moisture mean values modeled using OK and 75% of available valid data; (d) Soil moisture mean
values modeled using OK and 50% of available valid data; (e) Soil moisture mean values modeled
using GLM and 100% of available valid data; (f) Soil moisture mean values modeled using GLM and
75% of available valid data; (g) Soil moisture mean values modeled using GLM and 50% of available
valid data.
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Figure 9. Density distribution of mean soil moisture values along the study period for 741 pixels over
the region interest. (a) ESA CCI and modelled data using OK with 100%, 75% and 50% of available
valid data; (b) ESA CCI and modelled data using GLM with 100%, 75% and 50% of available valid
data.
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382 4. Discussion

383 Our results showed that OK and GLM techniques could be used as alternative approaches to
384  gap-filling in soil moisture data derived from ESA CCI product version 3.2. Our proposed methods
385  canbe used either in conjunction with ancillary data as precipitation and temperature or using solely
386  the spatial distribution of soil moisture estimates derived from ESA CCI product. Furthermore, our
387  results show that spatial patterns and temporal relations between satellite and ground-truth data are
388  preserved by using OK, and can benefit from GLM approach, although the input data for each
389  method may be different.

390 Precipitation and minimum air temperature were the strongest correlated environmental
391  covariates with soil moisture (supplementary material S2). These relationships are likely influenced
392 by the grid size (0.25 degrees), as the spatial influence of precipitation and air temperature represents
393  regional and mesoscale climatic patterns [47]. Previous research showed that the increasing in spatial
394  resolution yields more detail in the meteorological information but just limited impacts on its
395  forecasting skill [48]. It is known that from plot to watershed scale soil texture and topography are
396  highly correlated with soil moisture [2,3], but these relationships may change at the coarse scale of
397  the ESA CCI soil moisture product. Thus, these features were not included as geophysical covariates
398  inour GLM approach.

399 Overall, our results provide support for OK and GLM as techniques to gap-fill spatial missing
400  values of satellite-derived soil moisture products. However, overall performance indicates that OK
401  represents a more reliable method for soil moisture gap-filling in comparison with GLM. Previous
402  studies have compared the advantages of OK for interpolation of spatial soil moisture and other soil
403  properties [49-52] but most analyses have been performed for spatially interpolating soil properties
404  based on field data [24,52-54]. OK has been regarded as an unbiased linear estimator [41] and our
405  results support it as a feasible approach due to the spatial scale of the original ESA CCI estimates
406  (0.25 degrees) under the gap scenarios tested in this work. At this coarse scale, soil moisture values
407  represent a quasi-continuous matrix that meets basic assumptions of Kriging analysis such as
408  stationarity [41] and spatial dependence [52]. OK also incorporates spatial autocorrelation by using
409  the variogram and providing the error variance estimation from predicted values, offering some
410  advantages over deterministic methods such as Inverse Distance Weighting (IDW), which may create
411  noisy fields in interpolation processes. As other Kriging methods, OK is an exact interpolator, which
412  ensures that values at sampled locations are exactly preserved. Thus, we aim to fill the spatial gaps
413 by modeling the entire region of interest, while preserving original values where data existed
414 previously. Additionally, OK performs value predictions based solely on spatial data distribution,
415  offering a suitable approach in cases where no well represented covariates datasets are available over
416  the region of interest as well as it compensates for data clustering [55]. Another evidence in support
417  for OK is the fact that the nugget-sill ratio was less than 0.25 in 99% of the fitted variograms, which
418  implies strong spatial dependence as discussed elsewhere [42].

419 In the case of GLM, this approach allowed us to explore the most evident relationships between
420  soil moisture in the upper layer of soil and the atmospheric factors that we found to be better
421  correlated (supplementary material S2). We followed a parsimonious principle by means of GLM
422  technique, applying the simplest model with the least assumptions before assuming relationships
423  that are more complex. This parsimonious reasoning and its applications to multivariate models has
424 been explored in other studies [56].

425 The evaluation of both OK and GLM approaches by means of cross-validation regarding their
426  prediction capacity for actual satellite data, shows similar correlation coefficients as reported by [53]
427  inspatial interpolation of soil moisture, and similar RMSE as reported by [52] for other soil properties.
428  Cross-validation technique has been commonly used in other similar studies [52,53] and offers and
429  initial insights of modeling techniques without considering ground-truth data for validation. Our
430  cross-validation strategy showed that OK better predicted soil moisture values rather than GLM, in
431  spite of pixel removal at different percentages. Regarding cross-validation for monthly grouped
432  values, neither OK nor GLM show an evident bias due to seasonality, as monthly correlation
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433  coefficients and RMSE values systematically describe the same patterns found when using data from
434  the entire study period in a single dataset.

435 In spite of cross-validation results, ground-truth validation was performed to evaluate the
436  suitability of each method (OK and GLM) predicting missing values in the ESA CCI product. We
437  acknowledge the conceptual challenge of this data matching, and the need of balancing ground-truth
438  information in order to be representative of satellite-derived estimates. Representativeness
439  challenges in validation ESA CCI product have been also acknowledged previously [36]. Two main
440  problems are identified [36]. 1) Satellite sensors retrieve ground information from the upper soil layer
441 (0.5 - 5-cm depth), this layer is directly exposed to the atmosphere, therefore, its physical
442  characteristics may differ from the information provided by soil moisture sensors placed at 5-cm
443  depth or deeper. Thus, satellite estimates represent a more variable soil layer, different from soil at
444 deeper layers. 2) Even a spatially extensive soil moisture network cannot cover any area widely
445  enough, to provide scaling representativeness between point-scale measurements and satellite
446  estimates. Field measurements depict soil characteristics in the range of a few square decimeters,
447  while satellite products commonly cover a few kilometers per pixel (~27 km pixel sixes in ESA CCI
448  product). In this regard, our work does not aim to provide strategies of accuracy assessment between
449  field measurements and satellite estimates as explored by [57]. We seek to reproduce the spatial soil
450  moisture patterns expressed by the satellite-derived soil moisture and its actual correlation with
451  ground-truth data.

452 As proposed by [57], the selection of reliable ground-truth stations and the definition of Core
453  Validation Sites (CSV) represent a step forward in the evaluation of remotely sensed soil moisture.
454  However, regarding the limited availability of ground stations providing soil moisture information,
455  we integrated all available ground-truth data for our region of interest instead of defining CSV. This
456  way, we took advantage of all available field soil moisture records over the region of interest. This
457  approach might introduce uncertainty, as neighboring stations within the same 0.25 degrees pixels
458  in some cases could be affected by different moisture conditions in a large area. However, as our
459  approach aims to reproduce the spatial distribution of soil moisture showed by the satellite estimates
460  based on the correlation with ground-truth data, we aim to retain all the variation offered by NASMD
461  stations.

462 In order to define the best-tested soil moisture prediction model to fill the gaps in ESA CCI
463  product, correlation founded with ground-truth data was set as reference for our proposed models
464  in every month of the study period. This yielded a more specific way to validate our proposed
465  methods regarding different soil moisture estimates conditions in every month of the ESA CCI
466  product. Given that our research aims to complete spatial information of ESA CCI, reference
467  correlation coefficients helped us to define which model, best reproduces the spatial pattern of the
468  original product. OK showed better results over GLM, as we found, higher the number of valid pixels
469  to shape the variogram parameters, closer the correlation coefficient to the reference. Furthermore,
470  OK performance does not significantly decreases even though valid pixel are artificially removed.
471  On the other hand, GLM correlation with ground-truth data, showed less similar values to the
472  reference, independently of the percentage of valid pixels removed.

473 Given that, OK and GLM performance for our region of interest does not fall very apart, GLM
474  can be an alternative approach in similar regions where satellite-derived soil moisture estimates are
475  spatially scarce or high clustered. As GLM relies more on predictors availability rather than spatial
476  distribution. Besides, when OK does not meet the best requirements, GLM can ingest data from
477  robust meteorological datasets [58,59] to obtain the geophysical covariates that we used in our
478  analysis. Based on the correlation coefficient between ESA CCI soil moisture product and NASMD
479  ground-truth data, we found that OK consistently better reproduces reference correlation coefficients
480  and RMSE values. Nevertheless, GLM correlation coefficients and RMSE values with NASMD do not
481  significantly decrease from the reference, which still makes this method an alternative approach to
482  gap-filling. Finally, the analysis of the mean soil moisture spatial patterns along the study period
483  showed that OK outputs consistently better reproduced the spatial patterns in the original ESA CCI
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484  product. This can be visually distinguished on the mean soil moisture maps, as well as in the density
485  distribution of the original product in comparison with both OK and GLM outputs.

486 We acknowledge that OK represents the best-tested method for soil moisture prediction and
487  gap-filling of the ESA CCI product over our region of interest, based on the analysis of the monthly
488  mean values from January 2000 to September 2012. The application of this method in other regions
489  and under different conditions, should consider availability and distribution of soil moisture
490  estimates. Since in large discontinuous areas, stationary can be wrongly assumed, yielding high
491  uncertainty in predicted values. Although ESA CCI soil moisture product has released a new version
492  (4.4), we consider the approaches proposed in this work as an alternative strategy to improve the gap
493 filling process, as the new version still shows large areas with gaps (supplementary material S1).
494 In future research, it is necessary to explore ESA CCI gap-filling over larger areas such as the
495  conterminous United States, where well spatially represented meteorological datasets are available
496  and different scenarios of gaps distribution can be tested. Daily data must be also incorporated, as
497  this is the temporal resolution in which original soil moisture estimates are delivered. Thus, opening
498  the possibility to operationally filling the gaps in the original soil moisture estimates provided by
499  ESA CCI product. These implementations represent an upscaling need in computational capacities,
500 therefore, High Performance Computing (HPC) techniques must be considered.

501 5. Conclusions

502 For the region of interest, linear geostatistics techniques offer a suitable approach to fill the soil
503  moisture spatial gaps of the ESA CCI product (version 3.2). Although version 4.4 follows different
504  strategies to fill data gaps, our research highlights the incorporation of spatial distribution of soil
505  moisture, as well as the use of geophysical covariates to model-missing values. Selected geophysical
506  covariates to model soil moisture in this study, i.e. precipitation and minimum air temperature, can
507  be easily integrated due to their historical availability across larger regions e.g. conterminous United
508  States (CONUS). Selected region of interest provided a spatially extent set of valid pixels from
509  January 2000 to September 2012, which allowed us to test our proposed methods under different
510  scenarios of gap presence, due to natural conditions as well as artificial pixel removal.

511 Ordinary Kriging method does not need to use any additional covariates as it is built upon the
512  spatial distribution of soil moisture data, however this method can be inconclusive over areas where
513  reference data is highly sparse or clustered (i.e., data scenarios where we found weak spatial structure
514 on satellite soil moisture). General Linear Models on the other hand, offer an alternative to spatially
515  model soil moisture and fill the gaps in the ESA CCI product, however their performance is lower
516  than OK. As we found in this research, soil moisture at coarse scale can be significantly correlated to
517  covariates such as precipitation and minimum air temperature, which can be easily ingested by
518  predicting models over most of CONUS.

519 Derived from cross-validation for each method and specific percentage of available data, both
520 methods—Ordinary Kriging and General Linear Models—showed significant prediction
521  performance for soil moisture data. However, as we intended to reproduce the soil moisture spatial
522 patterns of the ESA CCI product and its relationship with ground-truth soil moisture data, we
523  considered field validation as the best approach to find the most suitable gap-filling method.

524 Besides offering information for a wide variety of applications by itself, spatially complete soil
525  moisture information covering large areas can also be related to point-based soil moisture networks
526  to jointly monitoring ecological processes. Thus, soil moisture gap-filled data can yield a better
527  understanding of its role in water and carbon cycles, with important implications in plant and soil
528  respiration, or plant growth. Therefore, influencing our capacity to predict climate change signals in
529  soil moisture estimates from the regional to the global scale.

530 Supplementary Materials: Supplementary materials S1, S2 and S3 are submitted with this manuscript.
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