Dear editor,

Thank you for editing our manuscript. The first part of this document includes the point-by-point responses to the reviews
(Reviewer 1, Reviewer 2, Reviewer 3). Comments of the referees are marked as e.g. << Reviewer 1 Major comment 1>>
followed by the answer from the authors, which includes the changes made in the manuscript to fulfill the referees’ suggestions.

The section of responses to the referees is followed by a marked-up version of the manuscript.

Best regards

Yongzhe Chen, Xiaoming Feng and Bojie Fu
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To Reviewer #1:

We thank referee#1 for the valuable comments that will help us in improving the quality and readably of the
manuscript. We have carefully revised the MS following your comments and suggestions. We provide a detailed

response to the Referee’s comments in the Supplement.

Reviewer 1 General comment. The authors propose a global dataset of top (0-5cm) soil moisture with 10-day temporal and
0.1 spatial resolution, covering the period 2003-2018. The dataset was produced gradually, backward in time, through machine
learning methods (neural networks) for 5 periods that correspond with the availability of 11 different passive and active
satellite remote sensing soil moisture products. Besides satellite observations (starting with SMAP in step one), 9
environmental properties were fed to the neural network, and from step two on, previously modeled soil moisture was included
to enable the expansion backward in time. The final product is evaluated with observations of the international soil moisture
network and, in comparison to other merged products, rated superior, however, the potential for further improvement is also
emphasized. Altogether, the work seems sound and the developed method and dataset appear valuable for further scientific
studies and applications. Nevertheless, some of the steps in the processing chain need further clarification and the data
structure needs to be improved before the manuscript can be considered to suffice for publication.

Response: Thank you for your careful reading and the positive comments on our work. We agree that some steps in the method
was unclearly written, while the data structure is not easy for other researchers to use. We have added the missing important
details in the revision for further clarification of the processing chain, and reuploaded the dataset with filename changed and

table added, according to your valuable suggestions. Please see the details in the responses below.

Reviewer 1 Specific comment 1. I suggest to remove "new" from the title, since all dataset proposed in this journal are
somewhat new. You may consider to name it "combined" or "improved" or "complete" or "optimal". Have you thought about
giving the product an acronym? That improves recognizability and makes it easier to reuse it in other studies and publications.
Response: Thank you for the suggestion, we have changed it to ‘improved’. We also named the product as ‘RSSSM’ since it

is a remote sensing-based surface soil moisture. In other parts of the article, all the ‘SIM’ have been changed to ‘RSSSM” as
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well, including those in figures and tables.

Reviewer 1 Specific comment 2. L14: more than 10**6 not correctly displayed in the online abstract (here it reads 106)

Response: We have revised it to ‘more than one million’.
P

Reviewer 1 Specific comment 3. L15: Please state also the temporal resolution (10 days)

Response: We have added this important information.

Reviewer 1 Specific comment 4. L32: resolution of ERA INTERIM is rather 0.75°

Response: Thank you for reminding us. We have corrected it accordingly.

Reviewer 1 Specific comment 5. L34-37: 1 agree that these products have many shortcomings, but other than the dataset
provided by the authors, the models provide also information about the deeper soil layers. This important point should not be
omitted here.

Response: We agree that models can simulate soil moisture at deeper layers, which is an important advantage. We have added
this point in the revised manuscript: ‘Apart from surface soil moisture that can be observed by satellites, the modeling way

provides also the information on the moisture in deeper soil layers.’

Reviewer 1 Specific comment 6. L75-76: "data averaging" - what type of averaging is meant, spatial or temporal? "can hardly
unify the temporal variations." Please specify what the "temporal variations" refer to. Is it the temporal variations of the
different soil moisture data products?

Response: Sorry for the unclear expressions. It’s neither spatial nor temporal averaging. Instead, CCI product is achieved by
rescaling the soil moisture data retrieved from each microwave sensor first and then averaging the rescaled soil moisture data

products during the same period (i.e., the common period for two or more products) based on some criteria (e.g. the estimated
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error) (Dorigo et al., 2017; Gruber et al., 2017; Gruber et al., 2019; Liu et al., 2012). The ‘temporal variations’ in this sentence
refers to the temporal variations of the different soil moisture data products. Following your question, we have revised the
sentence to: ‘Rescaling the soil moisture data retrieved from each sensor by using CDF matching followed by averaging the
rescaled data during one common period, which is adopted in CCI, can hardly unify the temporal variations of different soil

moisture products.’.

Reviewer 1 Specific comment 7. Instead of Table 1 or in addition, it would be good to have a timeline figure from 2003-2018
that shows a bar for every dataset used in the process of creating the final product, including the 11 soil moisture products, the
time-varying quality impact factors and the intermediate modeling products (SIM-1T, SIM-2T,...).

Response: Thank you for this nice suggestion. Following your comment, we have added a timeline figure showing the
temporal coverages (including used data periods and unused data periods) of all 11 soil moisture products, the time-varying
quality impact factor (i.e. three LAI products), and that of the intermediate products. The figure below is attached as Figure 1

in the revised manuscript. Table 1 is thus removed.
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Figure R1: The timeline figure showing the time periods of the soil moisture datasets and the ‘quality impact factor’ products

(e.g. LAI dataset) used in this study (listed above the timeline), as well as the periods of data applied for the trainings of 67

independent neural networks and the neural network simulation outputs (i.e. simulated soil moisture) of eight substeps (listed

75 i
5



80

85

90

95

below the timeline).

Reviewer 1 Specific comment 8. L110: Specify why SMAP is mentioned as the "best product" here. Is it because of the
spatial resolution, the algorithms or with respect to the in-situ observations? Can you add a citation to corroborate this
statement?

Response: SMAP is the ‘highest quality product’, with respect to in-situ observations. In the Introduction part, this point has
been stated: ‘Although new sensors such as SMOS (Stillman and Zeng, 2018) and SMAP (Entekhabi et al., 2010), can produce
significantly improved estimates because L-band microwaves (1~2 GHz) can better penetrate the vegetation canopy (Burgin
etal.,, 2017; Chen et al., 2018; Karthikeyan et al., 2017; Kerr et al., 2016, Kim et al., 2018; Leroux et al., 2014, Stillman and
Zeng, 2018), the applicability of both products is still limited. SMOS data have too much noise and too many missing values
in Eurasia due to high radio frequency interference (RFI) (Oliva et al., 2012). While SMAP has the highest quality (the
unbiased RMSE of the passive product can be close to its target of 0.04 m*/m?) and has filtered RFI (Chen et al., 2018;
Colliander et al., 2017), ..." Following your advice, we revised this sentence and added two new references supporting the
best performance of SMAP product. It reads: ‘SMAP has currently the highest quality of all remote sensing-based soil moisture

products (Al-Yaari et al., 2019; Liu et al., 2019)...".

Reviewer 1 Specific comment 9. L143: change to "reference coordinate system".

Response: We have changed it accordingly.

Reviewer 1 Specific comment 10. L182: "based on the correlation between soil dielectric conductivity" - do you mean soil
dielectric permittivity or soil electric conductivity?
Response: Sorry for that mistake. It should be soil dielectric permittivity’, or ‘soil dielectric constant’. We have corrected it

to ‘soil dielectric constant’ in the revision.
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Reviewer 1 Specific comment 11. L186-188: "Because ..." this sentence is unclear.

Response: Sorry for the unclear expression. This sentence is to explain that actual LST can determine the bias of every LST
estimate, which is used in the corresponding soil moisture retrieval. Hence, the actual LST will influence the biases of different
soil moisture products. We have revised the sentence as: ‘Because in the retrievals of different soil moisture products, different
LST estimates are used, while the bias of each LST estimate compared to the actual LST is influenced by actual LST, we
suppose that the actual LST can determine the accuracy of every LST estimate, and finally the relative performances of various

soil moisture products (Kim et al., 2015)’. We hope it will be easier for readers to understand.

Reviewer 1 Specific comment 12. L205: Figure 1 is never referenced in the manuscript. This should be done here or later at
L225.
Response: Thanks for reminding. We have added: ‘The basic flow is shown in Figure 2.’ (note: Figure 2 is Figure 1 in the

original manuscript) at the beginning of the section 2.2 in the revised manuscript.

Reviewer 1 Specific comment 13. L219: Do the 140x360 zones include water (ocean) areas?
Response: Yes, the 140x360 zones include water (ocean) areas. However, for zones with no land or very limited land, the

number of valid pixels is lower than 100, so these ocean zones are not applicable for subnetworks, and are excluded.

Reviewer 1 Specific comment 14. L.220: A subnetwork has 100 pixels, but ("for a 0.1pixel in a given 10-day period, if all the
subnetwork inputs have valid..."), how can one pixel have more subnetworks? Please improve the formulation.

Response: Sorry for the confusing expression. We have rewritten the paragraph as: ‘Therefore, we divided the global extent
except the polar areas (80°N~60°S) into 140 %360 zones. Here, for a 0.1° pixel during a specific 10-day period, if all the input
data (soil moisture products and quality impact factors) have valid values, it can provide one valid data point. So, the maximal
number of valid data points applied to train a subnetwork = 100 x the number of 10-day periods within the training period.

The subnetworks with valid data points less than 100 (e.g. those in oceans) were dropped, leaving usually >15,000
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subnetworks included in an independent neural network.”

Reviewer 1 Specific comment 15. L222: What is an "individual neural network"? Is it the collective of all zonal neural
networks for one simulation (SIM-T1, SIM-T2, ...)? Is the maximum possible number of subnetworks 50.400 or less because
of ocean cells?

Response: We have changed it to ‘independent neural network’ to make it consistent with the expression in the abstract. An
independent neural network is the collective of all zonal subnetworks. Several independent neural networks constitute a
simulation substep (for example, NN-1-1, NN-1-2, ..., NN-1-8 are applied in Round 1- Substep 1), while each substep is
responsible for one simulation (there are eight simulations: SIM-1-1, SIM-1-2, SIM-2, SIM-3-1, SIM-3-2, SIM-4-1, SIM-4-2
and SIM-5, for example, SIM-1-1 is the output of Round 1- Substep 1).

The number of subnetworks in each independent neural network is far below 50400, not only because of ocean zones, but also
because some soil moisture data is only available in a region (e.g. TMI is available within [-40°S~40°N]). The paragraph is
revised as in the response to Reviewer 1 Specific comment 14.

(**Please also note that SIM-1T, SIM-2T, ..., SIM-4T are only the postprocessing results that are intended to be used

as secondary training targets, while SIM-1, SIM-2, ..., SIM-5 are combined to constitute our soil moisture products.)

Reviewer 1 Specific comment 16. L223: For reproducibility, it is required to state exactly the MATLAB version and the
toolbox version and method/function name that was used for training the neural network.

Response: We have added the MATLAB version 2016a accordingly.

Reviewer 1 Specific comment 17. L256: "we classified all pixels" -> "we classified all 0.1 pixels", I suggest to add the
resolution information that it is clear which of the different grids is addressed.

Response: We have revised it accordingly.
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Reviewer 1 Specific comment 18. L259: Again, I thought that a pixel is the smallest unit in the process (i.e. subnetwork). So
how can a pixel have a subnetwork? Not clear to me.

Response: We are sorry for the unclear description. Actually, the subnetwork belongs to a 1° x1° zone, not a pixel. We have
revised it as: ‘For data simulation in a 0.1° pixel, the most preferable independent neural network is expected to be trained
using all the available soil moisture data sources in that pixel. However, in the 1° zone where it is located, the subnetwork
belonging to that preferable independent neural network may not exist due to limited valid data points (see section 2.2.1).

Then, an alternative subnetwork driven by the combination of fewer soil moisture data inputs should be applied instead.’

Reviewer 1 Specific comment 19. 1.261-262: "Hence, it is a ..." sentence seems incorrect. I think you should better write
"neural network collocation" or "neural network constitution" to make it more clear that these are neural network realizations
with identical configuration but different ingredients.

Response: We have changed it to ‘neural network collocation” accordingly.

Reviewer 1 Specific comment 20. L272,815 and other occurrences: it is not clear how the 10 day periods are defined and
how they relate to the ordinal numbering. A month has between 29 and 31 days, so how are the periods split and how does
that affect the last 3rd where the number of days is variable? How does this variable length averaging affect the results and
what are the implications for validation?

Response: The first and second 10-day periods in a month both contain exactly 10 days, but the last 10-day period has variable
number of days (9(8)~11). This, however, may not have substantial effect on our results and data quality. This is because it
takes at least three days for a microwave sensor to cover the globe. Also, for each grid, the days with observations are not the
same among different sensors. Therefore, this study only took the average of the available soil moisture retrievals during a
10-day period (we have added a paragraph in section 2.1.1 as: ‘To reduce noises and fill the gaps between sensor observing
tracks (it takes at least 3 days for a microwave sensor to cover the whole globe), for every soil moisture product, both the

daytime and nighttime observations within each 10-day period are combined by data averaging (the relative superiority of
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daytime and nighttime retrievals is not considered). For example, for SMAP, 11% of global land surface has data for only 5
days or less within a 10-day period.”). Moreover, surface soil moisture may vary significantly even in a day, due to rainfall
events, but the observations are transient. Therefore, either the 10-day averaged microwave soil moisture products or the
simulated soil moisture data in this study can only roughly indicate the overall soil moisture condition, not exactly equals to
the mean soil moisture during 10 complete days. Hence, it doesn’t matter whether the ‘last 10-day period’ in a month has
exactly 10 days or not. In fact, this data format is exactly the same as the ASCAT-SWI soil moisture and many other products
(e.g. LAI) developed by the ESA- Copernicus Land Monitoring Service (https://land.copernicus.eu). For the validation process
based on ISMN measurements, the mean in-situ soil moisture in the ‘last 10-day period’ of a month was also calculated by
averaging the records in either 10 days or 11 days (or 8~9 days in February), which was consistent with the ‘nominal’
simulation period. Following this comment, we added this information: ‘The temporal resolution is approximately 10 days,
or to be specific, there are 3 data records within a month, for days 1~10, 11~20 and from 21 to the last day of that month,

respectively.’ to the abstract in the revision.

Reviewer 1 Specific comment 21. 1.270-292: also this section would greatly benefit from a timeline bar plot that shows all
the soil moisture products and simulated models, so that the overlaps can be grasped Immediately.

Response: We have added Figure 1 which shows the timelines of the simulated soil moisture corresponding to 8 substeps and
the periods of data inputs for the trainings of 67 independent neural networks. Please find the detail in response to Reviewer
1 Specific comment 7. We also added a sentence: ‘The training period of each neural network and the simulation period of

each substep are shown in Figure 1.’ in this paragraph.

Reviewer 1 Specific comment 22. L318: define how R**2 is computed (based on Spearman or Pearson).

Response: The R? is computed based on Pearson, we have added this information in the revision.

Reviewer 1 Specific comment 23. L321: lower case r should be used for the correlation coefficient (based on Pearson?). Why

10
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are you mixing r and R? and do not use R? for all analyses?

Response: Following this comment, we have changed R to ‘7’ to represent the Pearson correlation coefficient, including those
in figures and tables. In this way, we can better distinguish the correlation coefficient from R?.

To evaluate the overall performance, we showed the scatter plot between the simulated soil moisture and the measured values.
Here, instead of », we used R? better reveal the differences among the performances of different soil moisture products.
However, in the temporal and spatial validation, at some sites or during some specific 10-day periods within a climatic region,
the simulations and measurements can be negatively correlated, as shown in the figures within manuscript, which are actually
of very low quality. But if we only use R?, these low-quality data will be overshadowed (for example, if the r is -0.6, the R?
can be as high as 0.36). Therefore, it’s wiser to use temporal correlation and spatial correlation. Previous studies also used ‘7’
to evaluate the spatial and temporal accuracy of surface soil moisture products against ISMN measurements, for example

(Karthikeyan et al., 2017).

Reviewer 1 Specific comment 24. L.322: please provide formula for A.R computation
Response: ‘A.R’ in this study stands for the correlation coefficient () between the anomalies of simulated soil moisture and
the anomalies of measured soil moisture at a specific ISMN station. Following this comment, we have added the equation

blow to show how the anomalies of simulated or measured surface soil moisture were calculated in the revised manuscript.
I SSM@,k)
SSM(k) = T (ny = 3); SSM is either estimated or measured
SSM: surface soil moisture; k: the ordinal of 10 day period in a year;
y:a year with measured SSM in the k*" 10 day period; ny: number of those years

SSManom W, k) = SSM(y, k) — SSM(t)

SSMgpnom (7, t): the anomalies of surface soil moisture during the t** 10 day period in year y.

Reviewer 1 Specific comment 25. 1.326: "in all grids", grids or pixels (1 x 1 or 0.1 x 0.1)?

Response: Thanks for careful reading. We revised it as ‘in all 0.1° grids’.
11



220
Reviewer 1 Specific comment 26. L326: please provide formulas for spatial pattern validation (at least in the supplement)
Response: We have provided more details for spatial pattern validation. Now it reads: ‘Finally, we performed spatial pattern
validation. In detail, for every 10-day period, we compared all the soil moisture measurements that were upscaled to 0.1°
during that period with the corresponding estimated values. The spatial pattern evaluation indexes include correlation

225  coefficient (r), RMSE, bias and ubRMSE values (Eq. 2).”

_ 2?51 SSMest,i .

SSMgsz — _ Z:l‘=91 SSMact,i

SSM gee =

(ng = 20)
ng ng

i: a grid with upscaled surface soil moisture measurements during a specific 10 day period;

ng: the number of those grids in the globe

UbRMSEgpariar = J T4 [(SSMest,i = SSMest) = (SSMests = SSMace))/ng - (Eq.2)
230
Reviewer 1 Specific comment 27. Figure 3: Use identical labels for the x-axis, add missing lower frame.
Response: We uniformed the labels for the x-axis. The figures have been adjusted accordingly. The revised Figure 3 (Figure

5 in the revised manuscript) is shown below:

12
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Figure R2: Comparison between the temporal accuracy of RSSSM and SMAP in regions with different Koppen-Geiger climate
types. The four indexes are (a) v, (b) RMSE, (c) ubRMSE and (d) Anomalies r (A.R). The lengths of the error bars are 1.5 times
that of the interquartile range, while the upper and lower boundaries and the central lines of the boxes indicate the 75th, 50th

and 25th percentile values, with mean values marked by “x’ (the forms of all the following boxplots are the same).

Reviewer 1 Specific comment 28. Figure 4: If the color key is put below the figure, the figure can be increased in the
horizontal direction which leads to wider bars. You could even remove the x-axis labels and names and leave only the
lowermost. By this you can increase the size of the bars and hence the readability (reduce redundancy).

Response: We moved the color key below the figure, and removed the x-axis names to increase the size of the bars (shown in

Figure R3, Figure 6 in the revised manuscript). Other figures were also revised to be larger and clearer.

13
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Figure R3: Comparison between the spatial pattern accuracy of RSSSM and SMAP in different 10-day periods during April

2015~2018. The three evaluation indexes are: (a) r, (b) RMSE and (c) ubRMSE. The length of each box/error bar is determined

from the evaluation index values in three (January to March) or four (April to December) years.

Reviewer 1 Specific comment 29. L381: How is the performance of SIM if the SMAP training period is omitted, i.e. from

2003 until 2015D01, as compared to ASCAT-SWI?

Response: We have added this information in the manuscript accordingly. It reads as:

(2015D10~2018) is excluded, the overall R> and RMSE for RSSSM are 0.43 and 0.087, still better than ASCAT-SWI (R*=0.33,

14
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RMSE=0.1)."

Reviewer 1 Specific comment 30. Figure 7,10: As for fig. 4 place color key below the plots and increase the bars horizontally.

Response: We have revised all the figures accordingly.

Reviewer 1 Specific comment 31. Do you see any chance to improve the temporal resolution of the product in the future? If
not, what are the constraints?

Response: Currently, it’s probably not a good choice to further increase the temporal resolution of the long-term microwave
surface soil moisture product. As illustrated in the response to Reviewer 1 Specific comment 20, for each grid, both the days
and the hours of observations by different microwave sensors differ from each other. Because surface soil moisture has high
variability in a short time period (even in a day) due to rainfall events, the actual soil moisture at the passing time of various
sensors are not the same. However, this study used multiple sources of microwave surface soil moisture products as predictors
of neural networks and SMAP soil moisture data as the training target, meaning that the neural network training should be
based on the assumption that the products retrieved by different sensors contain exactly the same actual soil moisture
information. As we can see, there exists a conflict. To solve it, for each sensor, we took the average of its available retrievals
during a certain time period, and the larger number of data applied for averaging is, the better can the result represents the
mean soil moisture during that period. Because 11% of global land only have 5 or less days with observations during a 10-
day period, if the temporal resolution is improved, for example, to 5 days, there may be only 2~3 observations available.
Considering the high temporal variability of surface moisture, the average of those limited data can hardly indicate the average
soil moisture condition. This will lead to large uncertainties in the neural network training, and finally, our soil moisture
simulation results.

This problem is an inherent constraint of microwave remote sensing data integration. So, to improve the temporal resolution,
other data sources need to be incorporated. As we know, soil moisture retrieved from other remote sensing techniques (e.g.

optical) have low quality over vegetated areas, and are heavily interfered by clouds. Therefore, model simulation may be the

15



280

285

290

295

300

only solution to this problem. For example, assimilating the observational-based surface soil moisture into models such as
GLEAM can achieve surface/root-zone soil moisture mapping at daily scale. Therefore, we have revised the last paragraph as:
‘Another way to improve global surface soil moisture data accuracy as well as the temporal resolution is to combine satellite -
based products with land surface models such as GLEAM. Remote sensing inversion can delineate more detailed spatial
information on soil moisture, whereas the reanalysis-based models have advantages in characterizing temporal variations,

and even on daily scale, except for...".

Reviewer 1 Specific comment 32. 1499-500: Is SIM also superior to the other products if only the prior to SMAP period is
considered (2003 until 2015D01)?

Response: Thank you for this advice. We have added the following comparisons to the manuscript.

1) if the data period of SMAP (2015D10~2018) is excluded, the overall R> and RMSE for RSSSM are 0.43 and 0.087, still
better than ASCAT-SWI (R*=0.33, RMSE=0.1).

2) when excluding the SMAP (training target) data period, the R* and RMSE for RSSSM are 0.41 and 0.089, also superior to
those for GLDAS (R’: 0.37; RMSE: 0.099).

3) without considering the SMAP period, the condition is the same (R’ for RSSSM and ERA5-Land are 0.41 and 0.38; RMSE
for these two products are 0.089 and 0.125).

4) when the SMAP data period is excluded, the R’ and RMSE for CCI are 0.028 and 0.098, compared to 0.41 and 0.089 for
RSSSM.

5) if the SMAP data period is excluded, RSSSMs R? and RMSE are 0.41 and 0.089, still better than both GLEAM v3.3a (R*:
0.35; RMSE: 0.141) and GLEAM v3.3a (R’: 0.34; RMSE: 0.128.

So, the comparisons above can prove that our product (RSSSM) is superior to the other products even if the SMAP period is

excluded.

Reviewer 1 Specific comment 33. Are there plans to update the data-set on a regular basis?

16
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Response: Yes. We plan to update the whole dataset when more advanced microwave sensors (e.g. P-band sensors) are
launched and the global-scale higher-quality surface soil moisture data is available in future. We have added this promise in
the discussion. Now it reads: ‘Therefore, if microwave sensors with higher SNR or better penetration of vegetation canopy
than SMAP are launched in future (for example, the upcoming P-band microwave sensors (Etminan et al., 2020; Ye et al.,
2020)), by using the soil moisture or Tb retrieved from the new sensors as the reference, we can develop a temporally
continuous soil moisture dataset since 2003, which is expected to have even higher accuracy than the SMAP product (we will

update the complete RSSSM product then). In that sense, the data fusion algorithm proposed here will be very meaningful in

Sfuture.’

Reviewer 1 Specific comment 34. The dataset is organized as an archive of geotiff files. The problem with this structure is
that the time identifier is only contained in the file name, but without practical formatting. If one wants to import a time series
for a region or a single pixel, the data structure is quite unhandy. Also from the readme file and the metadata it is not quite
clear what the 10 days ordinal numbering means exactly. Is it always the [1-9],[10-19],[20-29] or [1-10],[11-20],[21-30]
periods? How are the months with variable length considered (28,29,30,31 days)? That’s not clear also not from the manuscript.
Further, I would suggest to add a table (csv) that links the different file names to their

specific period using ISO 8601 https://en.wikipedia.org/wiki/ISO_8601 notation:

e.g., a file named inventory.dat with a list like the following one:

Period, Filename 2003-01-01/2003-01-10, SMY2003DECAO01.tif 2003-01-11/2003-01-20, SMY2003DECAO02.tif ...
Response: Thank you for the suggestion on the naming and structure of our data. Actually, it is [1-10], [11-20], [21, the end
of each month]. We have added a csv table named ‘filename’ linking the different file names to their specific period, following

your instructions.

Reviewer 1 Specific comment 35. Also the numbering should be formatted as %02d so that, e.g., SMY2003DECALI tif

becomes SMY2003DECAOL1.tif. This is important if one wants create a chronological file list for looping over time. With the
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current scheme, the order would become SMY2003DECA1.tif SMY2003DECA10.tif, SMY2003DECA11 tif, ... This should
be also applied to all tables in the manuscript (e.g., 2005D01 instead of 2005D1).
Response: We have changed the naming of the product as well as the abbreviations for each 10-day period, both in the

manuscript and in the Supplement.

Reviewer 1 Specific comment 36. Figure S1: The figure and description is not completely clear. I assume that every number
(yellow and blue frames) is one pixel (0.1x 0.1)? I think it would become more clear if you superimposed a light gray mesh
for the pixels over the 1x1zones. But then, why are there 4 steps required to smooth the borders? It means that every boarder
gets smoothed twice, and every corner point even four times.

Response: Sorry for the unclear description. The figure has been revised (see Figure R4), with light gray mesh superimposed
for all the pixels over one 1°x1° zone. The four steps were used to process respectively the four borders of each 1°x1° zone
(please note that in each step, only the border colored in blue is smoothed). We have added more details to make it clearer,
which now reads as: ‘The sketch of the four substeps in boundary fuzzification. The 1°x1° zones are separated by black solid
lines (the 0.1°x0.1° pixels in one zone are superimposed by light grey mesh). For each substep (subfigures a~d), the soil
moisture value within each pixel that is colored in blue are recalculated as the average of its original surface soil moisture
and the original soil moisture value in its most adjacent yellow color pixel, weighted by the corresponding numbers labelled
(i.e. 2 and 1). In this way, every border of a 1°%1° zone gets smoothed once (substeps ‘a~d’ are for four borders, respectively,
where a~b are for the horizontal borders while c~d are for the vertical borders), but the four corners get smoothed twice (both

horizontally and vertically).’
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Figure R4. The sketch of the four substeps in boundary fuzzification. The 1°x1° zones are separated by black solid lines (the
0.1°x0.1° pixels in one zone are superimposed by light grey mesh). For each substep (subfigures a~d), the soil moisture value
within each pixel that is colored in blue are recalculated as the average of its original surface soil moisture and the original
soil moisture value in its most adjacent yellow color pixel, weighted by the corresponding numbers labelled (i.e. 2 and 1). In

this way, every border of a 1°%1° zone gets smoothed once (substeps ‘a~d’are for four borders, respectively, where a~b are

for the horizontal borders while c~d are for the vertical borders), but the four corners get smoothed twice (both horizontally
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and vertically).

Reviewer 1 Specific comment 37. Figures S5, S8, S11: put the color-key to the bottom of the figure (a single key would be
sufficient for all sub-figures), you could even remove the x-axis labels and names and leave only the lowermost. By this you
can increase the size of the bars and hence the readability (reduce redundancy).

Response: We have revised these figures, making the size of the bars much larger now by adjusting the place of the color keys

and removing the x-axis names.

Reviewer 1 Specific comment 38. There are often blanks missing between words. DOIs are completely missing in the
reference list.

Response: Sorry for those mistakes. We have added the missing blanks and rewritten the reference list (add DOIs, abbreviate
the journal names, correct wrong references) to make sure it meets the format requirement of ESSD. Thank you again for your

careful reading and valuable suggestions.
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To Reviewer #2:

We thank referee#2 for the valuable comments that will help us in improving the quality and readably of the
manuscript. We have carefully revised the MS following your comments and suggestions. We provide a detailed

response to the Referee’s comments in the Supplement.

skske sk skok sk skokokosk

Reviewer 2 General comment. The authors tried to generate long-term surface soil moisture at a global scale, via data fusion
of 11 microwave remote sensing-based soil moisture products since 2003 through neural network approach, and SMAP soil
moisture products were used as the training target. The idea is very interesting and should be encouraged to explore further
how much extent the machine learning can help in Earth Observation for delivering physically-consistent (or physic-aware)
products. However, the way the current manuscript is written, organized is still far from clarity, structured for this reviewer to
comprehend their contributions. I would suggest rejection and encourage the author to continue along this line of effort.

Response: We thank the reviewer for the positive comment on the idea of generating long-term surface soil moisture at a
global scale in this study. We agree that the organization of this manuscript, especially the explanation of the method is not
clear, and sorry for some confusing or wrong terminologies. These problems will make the readers and reviewers
misunderstand several rather complex algorithms, which however, are also the major innovation points of this study, including
the selection of quality impact factors as neural networks inputs and the design of five rounds of simulations (the organization
structure of 67 independent neural networks). We have carefully followed your advice, revising the explanations of the key
methods. In addition, for each of your doubt or query, we explained our design of the method in greater detail, and have
clarified the related sentences in the manuscript, hoping that our real contributions could be comprehended by you and other

readers. Please find the details in the response to each of the following comments.

Reviewer 2 Major comment 1. The author claimed that “This new dataset, once validated against the International Soil

Moisture Network (ISMN) records, is supposed to be superior to the existing products (ASCAT-SWI, GLDAS Noah, ERAS-
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Land, CC/ECV and GLEAM), and is applicable to studying both the spatial and temporal patterns. ” This assumption is too
strong. On the other hand, it seems the author referred to the validation of the NN-based 10-d soil moisture products versus
the 10-d averaged ISMN in-situ observations (as seen in Figure 5, Figure 8, Figure S3, S6, and S9). Is it true? In any case, it
should be specified under what conditions the generated product is performing better than other products. “supposed to be
superior” is really not a scientific statement.

Response: Thank you for this comment. In this study, for our product (named RSSSM hereinafter) and each existing product,
by referring to all valid ISMN sites’ surface soil moisture measurements, we carefully conducted overall validation (evaluation
indexes are overall R? and RMSE values), temporal variation validation (evaluated by temporal correlation coefficient,
temporal RMSE and unbiased RMSE, etc.) and spatial pattern validation (evaluated by spatial correlation coefficient, spatial
RMSE and unbiased RMSE, etc.). Please see Method section 2.3 in the revised manuscript for details, while the accuracy
comparison among all products are in Result section 3.2. The validation results indicate that our RSSSM product is more
comparable to the site measurements, both in terms of R? and RMSE (see Figure 7, Figure 10, Figure S3, Figure S6, Figure
S9 in the revised manuscript and Supplementary). For temporal variation accuracy, RSSSM is proven to be better than ASCAT-
SWI, GLDAS and CCI, both in temporal correlation and RMSE, especially in arid regions, relatively cold areas (Figure 8,
Figure 11, Figure S7 and Table 2). The temporal accuracy of RSSSM is similar to ERAS5-Land and GLEAM v3.3 products
(temporal correlation is somewhat lower, but the temporal RMSE value of our product is lower, see Figure S4, Figure S10
and Table 2). For spatial pattern accuracy, our RSSSM product is found superior to all other products (please refer to Figure
9, Figure 12, Figure S5, Figure S8, Figure S11 and Table 3), almost all year round, especially during the growing seasons.
Based on these findings, we propose that our product (RSSSM) have better agreement with the site-measured surface soil
moisture than the five existing soil moisture products (ASCAT-SWI, GLDAS Noah, ERAS5-Land, CCI/ECV and GLEAM).
Moreover, the observational-based soil moisture, CCI, has limited spatial coverage and significantly reduced data accuracy
before 2012, while ASCAT-SWI is only available since 2003. These problems have been well solved by our estimation (the
data quality is maintained during 2003~2018, see Figure 13). We agree with you that the phrase ‘supposed to be superior’ is

not a scientific statement, and the claim is probably too strong and condescending. So, we corrected the sentences as: ‘This
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new dataset, named RSSSM, is proved comparable to the in-situ surface soil moisture measurements at sites of the
International Soil Moisture Network (overall R* and RMSE values of 0.42 and 0.087 m’ m™), while the overall R? and RMSE
values for the existing products (ASCAT-SWI, GLDAS Noah, ERA5-Land, CCI/ECV and GLEAM) are within the range of
0.31~0.41 and 0.095~0.142 m’ m?, respectively. The advantage of RSSSM is especially obvious in arid or relatively cold areas,
and during growing seasons. Moreover, the persistent high data quality as well as complete spatial coverage ensure the
applicability of RSSSM to both the spatial and temporal pattern studies.” We have also corrected all the relevant unclear

statements (e.g. supposed superior, expected to be better, ...) throughout the manuscript.

Reviewer 2 Major comment 2. There were some strange ‘terminologies’ the author used for discussion, for example: a.
‘penetrability of microwave’ (which is seldom found in the literature. A more widely used term is ‘microwave penetration
depth’); b. “Soil moisture retrieval from passive microwave sensors is based on the correlation between soil dielectric
conductivity, that is influenced by soil moisture ...". Following the theoretical development of soil moisture retrievals from
remote sensing, the relationship between soil moisture and dielectric constant is the fundamental (not soil dielectric
conductivity).

Response: We are sorry for the unsuitable terminologies. we corrected the sentence ‘the penetrability of microwaves is usually
<5 cm of soil’ to ‘current satellite microwave sensors can only detect soil moisture within top 5 cm of soil” following this

comment and your Specific comment 5, and also corrected ‘dielectric conductivity’ to ‘dielectric constant’.

Reviewer 2 Major comment 3. “However, this data is regional, with a large temporal gap, and cannot be seen as
observational-based only since precipitation data is incorporated.” This is a very strange argument. We all know there is a
strong link between precipitation and soil moisture variation. Physically speaking, one used the antecedent precipitation index
to understand how precipitation events drive the variation of soil moisture. This is like one of ‘quality impact factors’. If the
above argument is true, we can argue that the author’s approach in this manuscript is also not ‘observation-based’, as they

used LA land cover, LST, and many other factors.
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Response: We checked the work by Qu et al. (Qu et al., 2019) carefully, and found that precipitation data was actually not
applied as an input of the random forest in that study.

Furthermore, other recent studies focusing on long-term soil moisture mapping based on microwave remote sensing data did
not incorporate precipitation as ancillary inputs of neural networks as well (Santi et al., 2016; Yao et al., 2019; Yao et al.,
2017).

Hence, we conducted a research on the role of precipitation in neural network training to further explore the reasons.
Because it takes at least 3 days for a microwave sensor to cover the whole globe, for 11% of global land, there will be only 5
or less observations for random days within a 10-day period. By taking the average of these available data, this study only
focuses on the mean soil moisture condition during that 10-day period. Then, to see how much can the incorporation of
precipitation data improve the neural network training efficiency, we calculated 10-day averaged GPM Final-Run precipitation,
which can well indicate the overall precipitation water availability (the antecedent precipitation index is not used, because it
must be calculated on daily scale, and the attenuation coefficient is hard to determine at global scale (Kohler and Linsley,
1951)). Taking the first primary independent neural network, NN1-1-1, as an example, we performed contribution tests on all
the input features at the global scale (not for each separate zone), including 9 ‘quality impact factors’, 4 predictor soil moisture
products and precipitation - a potential ancillary soil moisture indicator. For each predictor, we added a random error that is
controlled within the standard deviation of the predictor, and then the increased MSE in neural network training can indicate
the relative contribution of that variable. The results (see Figure R1a, that is Figure Sla in the revised Supplement) show that
precipitation will only contribute to 1.7% of the training efficiency, which is much lower than the contribution of any soil
moisture product (the total contribution fraction of the four soil moisture products is 61.2%), and is also lower than that of
most ‘quality impact factors’. This suggests that microwave soil moisture datasets together with several ‘quality impact factors’
of microwave soil moisture retrieval are enough to predict the training target- SMAP soil moisture, and there is no need to
add precipitation as another ancillary index of soil moisture.

‘Quality impact factors’ are defined in this study as the variables that will have a significant impact on the retrieval errors of

soil moisture by microwave remote sensing (section 2.1.2). Although the relative performances of different soil moisture
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products is related to surface moisture condition (Kim et al., 2015), it is found mainly due to the less vegetation in arid areas.
After all, no explicit mechanism can support the idea that the retrieval errors of soil moisture are significantly influenced by
water availability. Even if this is true, the soil water availability can be already indicated by the microwave soil moisture
products. So, it is unreasonable to incorporate the precipitation variable as a ‘quality impact factor’. On the other hand, LAI,
water area fraction, LST, land use cover, tree cover fraction, non-tree vegetation fraction, topographic complexity, and soil
sand/clay fractions all have direct impacts on the microwave soil moisture retrieval errors, with solid physical mechanism (see
section 2.1.2). Therefore, theoretically they should be added to the neural network, even though the land use cover type and
soil sand fraction data prove to have limited contributions to NN training efficiency.

One may argue that if NARX (nonlinear autoregressive with external input) is applied instead, in which the soil moisture in
the previous 10-day period is also incorporated as a predictor, precipitation data can be very beneficial to the neural network
training. This is true, because precipitation directly contributes to soil moisture increases. However, NARX is not suitable for
global-scale long-term continuous soil moisture mapping, because the base map (i.e., the soil moisture in the beginning of the
simulation period) is hard to determine. Moreover, in mid to high latitudes, the lack of soil moisture retrievals over frozen
ground in winters will lead to missing data there in summers when soil moisture data is otherwise available. So, if NARX is
adopted, we can only estimate long-term soil moisture in tropics and sub-tropics with air temperature consistently higher than
0 °C. Last but not least, if the soil moisture in the previous phase and the current precipitation amount are both incorporated,
they will largely conceal the role of satellite-observed signals. As shown in Figure R1b (Figure S1b in the Supplement), the
total contribution fraction of all four microwave soil moisture products is reduced to only 10.6%, while the roles of ASCAT,
AMSR2-JAXA and AMSR2-LPRM are all negligible. Without taking full advantage of remote sensing, the simulations based
on previous soil moisture and current precipitation will lead to errors over places where soil moisture gains are mostly driven
by glacier melting, or in places with high levels of radiation-driven surface soil evaporation. The reliability of the derived soil

moisture will be lower in irrigated croplands and afforestation/deforestation areas as well.
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Figure R1: (Figure S1 in the revised Supplement): The roles of different input features in the soil moisture simulations based
on BP neural networks and nonlinear autoregressive with external input (NARX) with microwave soil moisture products
incorporated: (a) the contributions of different input features of a primary neural network: NN1-1-1, including 4 predictor
soil moisture products, 9 quality impact factors of microwave soil moisture retrieval, plus 1 probable ancillary soil water
indicator: 10-day averaged precipitation, to the neural network training efficiency indicated by the increased MSE; (b) the

contributions of all the input features to the training efficiency, if NN1-1-1 is changed into a NARX, in which the SMAP soil
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moisture for the previous period is also applied as a predictor.

On account of all above, precipitation data is neither included as an ancillary soil moisture indicator, nor added as a ‘quality
impact factor’ in this study.

Following this comment, we have added the above explanations to the Supplementary Data (Text S1), replacing the previous
paragraph. We also added a sentence in the revised manuscript: ‘The contribution analysis results (Figure S1) show that
because various microwave soil moisture data have already been included, precipitation data is not an essential indicator of
soil moisture, and is not utilized as a physically-based ‘quality impact factor’ either (see Text S1 for detailed explanations).’
Actually, in Qu et al. (2019)’s study, the random forest’s input features only include: microwave Tb products, DEM, IGBP
global vegetation classification, latitude, longitude, and DOY. So, we feel sorry that the latter half of this sentence was not
correct, which we have deleted. The sentences now reads: ‘Another study rebuilt a soil moisture time series over the Tibetan
Plateau by using SMAP data as the reference of a random forest (Qu et al., 2019). For environmental factors, while vegetation
cover is not considered, elevation (DEM), IGBP land use cover type, grid location and the day of a year (DOY) are chosen as
ancillary inputs. The training R’ in this region reached 0.9, with a temporal accuracy higher than other products (temporal
r=0.7; RMSE=0.07 in the unfrozen season). However, this data is regional (for Tibetan Plateau only), and with a temporal

gap between AMSR-E and AMSR?2 (October 2011~June 2012).”.

Reviewer 2 Major comment 4. “ are these factors used as direct spatial predictors of soil moisture or just because they are
related to the errors of satellite soil moisture retrievals (i.e., the quality impact factors of soil moisture)? We insist on the latter,
proposing two main reasons for the incorporation of environmental factors.” This is very confusing and not necessarily correct,
and not well grounded. We know the soil moisture retrieval from remote sensing is using a radiative transfer model to account
for scattering and emissions from both soil and vegetation, which is conflicting with the author’s statements.

Response: Sorry for the unsuitable sentences. We have re-written them as follows: ‘Environmental factors, including DEM,
LST and vegetation cover (indicated by NDVI, MVI, etc.), were used as ancillary neural network inputs for improved soil

moisture simulation (Lu et al., 2015; Qu et al., 2019; Yao et al., 2017). According to these studies, these factors alone may not
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predict surface soil moisture well without the incorporation of any microwave remote sensing data, which can also be justified
by the contribution analysis results (Figure Sla). This is because although they are somewhat related to soil moisture (e.g.
soil moisture is limited in areas with low vegetation cover in general but high in forests (McColl et al., 2017)), the relationships
are rather uncertain (e.g. at smaller scales, LAI may however have a negative influence on soil moisture due to the variation
in evapotranspiration (Naithani et al., 2013), or without clear impacts (Zhao et al., 2010); also, soil moisture can be either
high or low in summers when vegetation peaks (Baldocchi et al., 2006; Méndez-Barroso et al., 2009)). However, these factors
are quite essential due to their direct impacts on soil moisture retrieval through radiative transfer model using microwave
remote sensing data (Fan et al., 2020), and are retrieval quality impact factors. The detailed explanations are: 1) ...". On the
other hand, we agree that the precipitation and open water fraction can directly indicate the surface soil moisture (but because
the microwave soil moisture products are already applied, precipitation data was not included as a predictor, see the detailed
explanations in response to Reviewer 2 Major comment 3).

We understand that soil moisture retrieval from microwave remote sensing accounts for the scattering and emissions from
both soil and vegetation, so that these factors can have direct impacts on the microwave soil moisture retrieval results, and are

closely related to the retrieval errors, as we explained in the revision.

Reviewer 2 Major comment 5. ‘“Water Body” was used as one of the predictors (it should be predictor, rather than quality
impact factors). This is very strange. As we know, water body map in either SMOS or SMAP soil moisture products were used
to mark out those locations to avoid soil moisture retrievals over these water bodies (otherwise, it would be physically no
sense, in terms of soil moisture). This is wrong and not physically sound to include water bodies as one of predictor for
predicting surface soil moisture.

Response: We are sorry for the confusion. We agree that water is a direct indicator of surface soil moisture. However, ‘water
fraction’, rather than ‘water body’, is used as both a quality impact factor and a potential indicator of surface soil moisture
content. Water bodies (large lakes, oceans) are masked out in both existing (SMOS or SMAP) soil moisture products and our

simulation product (RSSSM). However, in a grid with size of 0.1°x0.1° (approximately 120 km?), there could be a small
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fraction of water, which may be rivers, streams, ponds, partly inundated wetlands or just paddy croplands. If we mask out all
0.1° resolution grids with even 1% of water (or less), there will be no data in many parts of the world, especially over humid
areas. Previous soil moisture products also produce valid values in those grids. However, water can dramatically lower the
brightness temperature (Tb), while different retrieval algorithms correct the impact of waters within grid differently, leading
to different biases and relative accuracy of soil moisture estimates in grids with water (Ye et al., 2015). For example, we noted
a strong underestimation of soil moisture by the NSIDC (National Snow and Ice Data Center) method (e.g., AMSRE-NSIDC)
over rivers and small lakes in compared to the nearby lands). Moreover, the sensitivity of different microwave sensors to water
fraction within grid may differ as well. Hence, the fraction of water (not only open water, but also inundated wetlands or
croplands) in the grid can significantly influence the retrieval errors and relative reliability of various soil moisture products
(Ye et al., 2015), which exactly meets the definition of ‘quality impact factor’.

Therefore, this study uses ‘water fraction’ both as a quality impact factor and as an ancillary soil moisture indicator (please
also note that the word ‘predictor’ in this manuscript only refers to the existing soil moisture products that are applied as the
neural network inputs). This information has been added to the manuscript. For ‘water fraction’, the Surface WAter Microwave
Product Series (SWAMPS) dataset (Schroeder et al., 2015) was applied because it is microwave based, including not only
open water, but also partly-inundated lands. The contribution analysis on all the input features (see Figure R1) prove that the
calculated water fraction plays a very important role in neural network training.

Following this comment, we have clarified the descriptions. It now reads: ‘The second is the ‘water fraction factor’ (i.e., the
fraction of water area in each pixel). Waters in land pixels dramatically lower the Tb, leading to overestimation of soil moisture
there. Because there are different methods used for detection and correction of small area of water, either open water, wetlands
or partly inundated wetlands and croplands (Entekhabi et al., 2010; Kerr et al., 2001; Mladenova et al., 2014, Njoku et al.,
2003), microwave soil moisture data calibration and weight assignment based on the water fraction within land pixels make
sense (Ye et al., 2015). In addition, water fraction is a direct indicator of surface soil moisture. In this study, daily water area
fraction derived from the Surface WAter Microwave Product Series (SWAMPS) v3.2 dataset (Schroeder et al., 2015) was

applied.’. The confusing words ‘water body’ have been replaced by ‘water area firaction’ in other parts of the manuscript as
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well.

Reviewer 2 Major comment 6. For ‘topographic complexity’ ‘soil texture’, the author used from different sources, one from
ASCAT ancillary data and the other use SMAP ancillary data. This reviewer is wondering why such a choice? Why not making
it consistent (i.e., get ancillary data from one single product, instead of two?

Response: The reason we used different sources of data for ‘topographic complexity’ and ‘soil texture’ is the data availability.
SMAP only uses GMTED 2010 DEM data to derive quality flags for data retrieved in mountainous areas, while topographic
complexity is only included as the ancillary data of ESA’s ASCAT-SWI product, which was calculated by normalizing the
standard deviation of GTOPO30 elevation in each grid point to values from 0 to 100 (Scipal et al., 2005), and is closely related
to errors of surface soil moisture retrieved from microwave remote sensing. On the other hand, soil texture data is not contained
in the static layers of ASCAT-SWI product, so we have to obtain this important data from SMAP ancillary input collection.
Moreover, because the data sources of topographic complexity and soil texture both have relatively high quality, we suggest
that they could be used even they come from different soil moisture products. In the revised manuscript, we added this
information: ‘(topographic complexity data is not available from SMAP Constant; soil texture is not provided by ASCAT

Constant)’.

Reviewer 2 Major comment 7. ‘3¢ denoise’. what is the effect of such a filter on identifying extreme years? For example,
during 2003, 2010, 2018, 2019 there are extreme heat events in Europe and the soil moisture is so dry which can be beyond
the 3 standard deviations.

Response: The ‘3¢ denoise’ was conducted spatially, rather than temporally, to detect and delete the extreme values (usually
salt and pepper noises in mountain areas) in each 1°x1° zone, during a certain 10-day period. So, if there are extreme heat or
precipitation events, as you noted, the whole 1°x1° zone will see a sharp increase or decrease in soil moisture content in almost
all the 0.1° grids within that zone (there are <100 grids in each zone). Therefore, due to the increase/decrease in the zonal

mean soil moisture value, the extreme weather events will not be removed by this ‘spatial 36 denoise’ step.
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We are sorry for the confusion. We have added more detailed explanations. It reads as: ‘After standardization of the original
soil moisture data, to improve the neural network training efficiency, the potential salt and pepper noises are removed. For
each map (a specific 10-day period), within each 1°x1° zone, the soil moisture values are filtered to the level of three standard
deviations relative to the mean in that zone. This preprocessing step is thus called ‘3¢ denoise’ (note that the denoise is

conducted spatially, rather than temporally, so that the extreme events will not be treated).’

Reviewer 2 Major comment 8. NN design. SMAP is only available after 2015, so I am not sure what is the meaning of
simulation period 2012D19-2013D36, but also 2014-2018. I guess this is constrained by the available data (PROBA-V and
GLASS LAIs)? But in any case, it does not represent any physical meaning to predict 2015data with 2012-2013 data. At least,
the NN design is not clear on why it is designed as such.

Response: Sorry for the confusion. In the first round of simulation, the division of the simulation period into two subperiods:
2012D19~2013 and 2014~2018, is due to the available data periods of PROBA-V and GLASS LAI However, we did not
predict data in 2015 by using the data in 2012~2013. In this study, the common period of predictor soil moisture products
applied in each ‘substep’ of NN training always includes the corresponding soil moisture simulation period.

We agree that the design of 67 independent neural networks, which are embedded in 8 substeps applied for five rounds of
simulations, is quite complex. However, it ensures the long-term continuous satellite-based soil moisture mapping, almost full
spatial coverage at the global scale, as well as high data accuracy. Following this comment, we have revised this section in
the manuscript to make the NN design clearer. It reads as:

‘Not only the 11 available microwave soil moisture data with different temporal spans are all incorporated, but they are also
utilized as fully as possible through up to 5 rounds of neural network-based simulations, with at least four different soil
moisture products retrieved from three sensors applied as predictors in each round (see details below). While increasing the
sources of soil moisture data inputs can be beneficial to the training efficiency, the spatial coverage of the simulation output
is sacrificed because the overlapping area of more soil moisture products is smaller. After all, most products have missing

data in specific regions (e.g., mountains, wetlands and urban settlements), and some sensors are even unable to produce data
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at global scale (TMI is limited to [N40°, S40°]; SMOS lacks data in Asia). To solve that dilemma, we classified all 0.1° pixels
according to the available predictor soil moisture products in it over a 10-day period (for example, if there are at most four
predictor soil moisture data inputs in one round, there should be 4+3+2+1=10 combinations). However, to avoid s oil moisture
simulation under snow or ice cover (Section 2.2.2), not all combinations are considered. Then, corresponding to each selected
combination, an independent neural network is trained. For data simulation in a 0.1° pixel, the most preferable independent
neural network is expected to be trained using all the available soil moisture data sources in that pixel. However, in the 1°
zone where it is located, the subnetwork belonging to that preferable independent neural network may not exist due to limited
valid data points (see section 2.2.1). Then, an alternative subnetwork driven by the combination of fewer soil moisture data

inputs should be applied instead. Hence, we should determine which neural network collocation is the best choice for every

pixel. Apart from applicability, the relative priority order of different neural networks were obtained by comprehensively
considering the number and quality of input soil moisture products, the variety of sensors, the quantity of training samples

indicated by the number of 10-day periods, and the relative accuracy of training targets (the training target quality declines

monotonously: SMAP>SIM-1T>SIM-2T>SIM-3T>SIM-4T). Sometimes, two most probable priority orders are given, with the
simulation results of the corresponding two substeps integrated later. Specifically, when the LAI data source changes, the
division of a single round into several substeps is also essential. Based on these principles, five rounds of neural networks are
designed as follows, with 8 substeps containing a total of 67 independent neural networks. The training period of each neural
network and the simulation period of each substep are shown in Figure I (below the timeline), and the details are as follows:

For the first round s neural network (labelled as NN1), the potential training period is 2015D10~2018 (‘D’is the ordinal of
the 10-day period, so 2015D10’ represents since the April 1*' to 10" of 2015) because SMAP soil moisture data during that
period is applied as the training target, while ASCAT-SWII0 (abbreviated as ASCAT), SMOS-IC (SMOS), AMSR2-JAXA and
AMSR2-LPRM-X (AMSR2-LPRM) are the four predictor soil moisture products (details are in Table S1~S2). Because all the
four predictors have data since 2012D19, the potential soil moisture simulation period is 2012D19~2018, which was further
divided into two parts: one is 2014~2018 (substepl), for which the PROBA-V LAI data that starts from 2014, is applied,

whereas the other is 2012D19~2013 (substep2), for which GLASS LAI data is used (note: because GLASS LAI covers from
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the beginning of our study period till 2017, the training period for substep 2 is 2015D10~2017). Please refer to Table SI~S2

for details. The simulation results of the two substeps (SIM-1-1 and SIM-1-2) are combined as SIM-1, and then transformed

into a secondary training target, denoted by SIM-1T. In the second round of simulation, the training target can either be SMAP
or SIM-1T, while the input soil moisture data are ASCAT, SMOS, TMI-LPRM-X (TMI) and FY-3B-NSMC (FY). The simulation
output, SIM-2, covers the period of 2011D20~2012D18, that is constrained by the common period of the four predictors (Table
8§3~S84). In the third round of neural network operation, the simulation period is 2010D16~2011D19. SMAP, SIM-1T and SIM-
2T are combined to be the training targets (the training periods are within the range of 2011D20~2017D36), while the
predictor soil moisture data are ASCAT, SMOS, TMI and WindSat-LPRM-X (WINDSAT). There are two substeps in round 3,
distinguished by whether the priority order of the neural networks is determined mainly based on the training sample quantity
and the training target quality (SIM-3-1), or by first considering the number of predictor soil moisture products (SIM-3-2,
Table S5~S8). Because these two methods emphasize different aspects of neural network quality, in some pixels, SIM-3-1 will
be advantageous, but in others, SIM-3-2 could be better. Hence, an algorithm is devised to combine the advantages of both
simulations (SIM-3), which is described in Table S9. Next, the 4th round is for simulations during 2007D01~2010D15. With
SIM-2T and SIM-3T combined to be the training target, ASCAT, WINDSAT, TMI, AMSRE-JAXA, AMSRE-LPRM-X (AMSRE-
LPRM) and AMSRE-NSIDC are all applied as predictors (LAI data now comes from SPOT-VGT). Two substeps are also
needed. In the first substep, neural networks are sorted by paying more attention to the number of soil moisture inputs and the
sensors they are derived from, while the training sample size and training target quality are prioritized to make an alternative
estimate (Tables S10~S13). Afterwards, SIM-4 is obtained by reasonably integrating these two results. In the final round, the
soil moisture simulation is extended to as early as 2003. SIM-2T, SIM-3T and SIM-4T together are the training target, while
the predictor soil moisture data entering the neural networks consist of WINDSAT, TMI, AMSRE-JAXA, AMSRE-LPRM and

AMSRE-NSIDC (Table S14~S15).°
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Figure R2 (Figure 1 in the revised manuscript): The timeline figure showing the time periods of the soil moisture datasets and
the ‘quality impact factor’ products (e.g. LAI dataset) used in this study (listed above the timeline), as well as the periods of

data applied for the trainings of 67 independent neural networks and the neural network simulation outputs (i.e. simulated
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soil moisture) of eight substeps (listed below the timeline).

The following is a plain language description, which you may choose to read if would like to understand the NN design deeper.
First, considering that the temporal spans of different microwave sensors are all limited (see Figure R2 for details), we
designed five rounds of neural networks to achieve long-term continuous soil moisture mapping, while ensuring that as
many microwave soil moisture products as possible are applied as predictors of each round of NN. In detail, SMAP soil
moisture data is used as the training target of the first round NN (labeled as NN1), with ASCAT-SWI, SMOS, AMSR2-
JAXA and AMSR2-LPRM-X applied as predictor soil moisture products. The potential training period of NNI1 is the
time period of SMAP (2015D10~2018, Table S1). Because the four soil moisture predictors all have data since 2012D19,
the potential soil moisture simulation period is 2012D19~2018. However, because PROBA-V LAI (quality impact factor)
starts in 2014, the neural networks trained using PROBA-V LAI can only be used for the simulation during 2014~2018.
For the remaining period (2012D19~2013), the applicable neural networks should be trained based on another LAI
dataset- GLASS LAI, which covers from the beginning of our study period until 2017. Therefore, NN1 should be divided
into two substeps. For substep 1 (marked by NNI-1), PROBA-V LAI is used, and the training period is
2015D10~2018D36 (Table S1), while the simulation period is 2014~2018 (Table S2). For substep 2 (denoted by NN1-
2), GLASS LALI is applied instead, and the training period is 2015D10~2018D36, while the simulation period is
2012D19~2013. Because each predictor soil moisture product has missing values in some specific areas (e.g. SMOS-IC
do not have values in Eurasia), there are 1~4 predictor soil moisture products available in every 0.1° grid. While the
maximum number of combinations are 4+3+2+1=10, 8 of them are valid since the soil moisture retrievals over snow or
ice is not recommended (Table S2). Corresponding to these 8 combinations, 8 independent neural networks are trained,
each with a combination of predictor soil moisture products applied as neural network inputs (labeled as NN1-1(2)-1 ~
NNI1-1(2)-8; for example, NN1-1(2)-1 is trained using all four predictor soil moisture products, and is the most
preferable NN). However, even for a 0.1° grid with all four predictor soil moisture data available, we may not be able

to simulate soil moisture there using NN1-1(2)-1. That is because the corresponding neural network, NN1-1(2)-1, may
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not exist in the 1°x1° zone where the grid is located, due to limited valid data points available for zonal subnetwork
training (please refer to revised Method section 2.2.1 for details on the localized neural networks). Under this condition,
the other less preferable independent neural networks should be applied instead (the relative priority order of all
independent neural networks within a substep is determined by comprehensively considering the number and quality of
input soil moisture products, the variety of sensors, the quantity of training samples indicated by the number of 10-day
periods, and the relative accuracy of training targets). After simulation, we combined the results for substep 1 (NN1-1-
1~8), which is denoted by SIM-1-1 and the results for substep 2 (NN1-2-1~8): SIM-1-2 to obtain SIM-1. After further
processing steps (section 2.2.2), we convert SIM-1 into the secondary training target, SIM-1T. For the second round of
NN, the training target can be either SMAP, (rimary training target), while the training period is 2015D10~2017 (GLASS
LAlis used, ASCAT-SWI, SMOS and FY data products are applied as predictors), or SIM-1T (secondary training target),
while the training period is 2012D19~2015D10 (ASCAT-SWI, SMOS, FY and TMI products can all be applied). There
are 8 independent neural networks included in round 2 NN (see Table S3), while the corresponding simulation output is
SIM-2, covering the period of 2011D20~2012D18 since FY data product is available since 2011D20 (see Table S4).

The 3" to 5™ round of neural network training and simulations are even more complex (for example, in the 3™ round,
the priority order of independent neural networks is not definite. Two probable orders are provided, leading to two
substeps, and the simulation results of which are combined by taking the relative accuracy in each grid into account),

but the basic principles are similar to those explained above (see Table S5~S15).

Reviewer 2 Specific comment 1. In the abstract, change ‘elaborate’ to ‘elaborated’, delete ‘various’, change ‘simulation’ to
‘simulations’

Response: we have corrected them accordingly.

Reviewer 2 Specific comment 2. In the abstract, ‘This new dataset, once validated against the International Soil Moisture

Network (ISMN) records, is supposed to be superior to the existing products (ASCAT-SWI, GLDAS Noah, ERAS-Land,
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CCI/ECV and GLEAM), and is applicable to studying both the spatial and temporal patterns.’ This is a very strong assumption,
and should be avoided. Otherwise, the corresponding results should be shown.

Response: We have corrected the unsuitable statement as: ‘This new dataset, named RSSSM, is proved comparable to the in-
situ surface soil moisture measurements at sites of the International Soil Moisture Network (overall R? and RMSE values of
0.42 and 0.087 m* m?), while the overall R?> and RMSE values for the existing products (ASCAT-SWI, GLDAS Noah, ERAS5-
Land, CCI/ECV and GLEAM) are within the range of 0.31~0.41 and 0.095~0.142 m’> m?, respectively. The advantage of
RSSSM is especially obvious in arid or relatively cold areas, and during growing seasons. Moreover, the persistent high data
quality as well as complete spatial coverage ensure the applicability of RSSSM to both the spatial and temporal pattern

studies.’. Please also find the details in the response to Major Comment 1.

Reviewer 2 Specific comment 3. Lines 27~30: ‘It has been endorsed by the Global Climate Observing System (GCOS) as
an essential climate variable (Bojinski et al., 2014), probably the best indicator of ecological droughts (Martinez-Fernandez
etal., 2016; Samaniego et al., 2018). However, due to the large uncertainty in global-scale soil moisture data, its applicability
in global ecosystem models are currently limited (Hashimoto et al., 2015; Stocker et al., 2019).” What do you want to say here?
What are points? It is suggested to shorten the sentence.

Response: Sorry for the too complicated sentences. We have shorten the sentence as: ‘It has been endorsed by the Global
Climate Observing System (GCOS) as an essential climate variable (Bojinski et al., 2014), probably the best indicator of
ecological droughts (Martinez-Ferndndez et al., 2016, Samaniego et al., 2018). However, due to the large uncertainty in
global-scale soil moisture data, its applicability in global ecosystem models are currently limited (Hashimoto et al., 2015;
Stocker et al., 2019).”

Reviewer 2 Specific comment 4. Lines 31~33: ‘The reanalysis land surface model products (e.g., the Global Land Data
Assimilation System (GLDAS, with spatial resolution of 0.25°) (Rodell et al., 2004), ECMWF ERA-interim (0.25°) (Balsamo

et al., 2015) and its newly-published successors: ERAS (0.25°) and the land product, ERAS5-Land (0.1°)(Hoffmann et al.,
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2019)) are the most frequently used.” The sentence seems not completed.

Response: We have revised this complicated sentence as: ‘The reanalysis-based land surface model products are the most

frequently used, mainly including the Global Land Data Assimilation System (GLDAS, with 0.25° resolution) (Rodell et al.,
g

2004), European Reanalysis (ERA)-interim (0.75°) (Balsamo et al., 2015) and its successors- ERA5 (0.25°) and ERAS5-Land

(0.1°) (Hoffmann et al., 2019)).

Reviewer 2 Specific comment 5. Lines 40: ‘the penetrability of microwaves is usually <5 cm of soil’. This is particularly not
true for L-band passive microwave like SMOS, SMAP, which are dedicated to soil moisture monitoring. 'Penetrability' is
usually called penetration depth.

Response: Following this comment, we have checked carefully to find that the L-band microwave can only be sensitive to
the soil moisture within <5 cm of surface soil. For example, ‘L-band, the brightness temperature emission originates from the
top ~5 cm of soil” for SMAP (Entekhabi et al., 2010). ‘At L-band soil moisture in the first centimeters (typically 5 cm) impacts
significantly on the emitted brightness temperature’ for SMOS (Kerr et al., 2001). This depth is however, larger than the
observation depth of higher frequency microwave, which is 1 cm (C band) or less (Piles et al., 2018). We agree that the word
‘penetrability’ is not scientific, while ‘penetration depth’ are not very accurate as well. Therefore, we have changed the

sentence to ‘current satellite microwave sensors can only detect soil moisture within top 5 cm of soil” for make it clearer.

Reviewer 2 Specific comment 6. Line 45: change ‘frommicrowave’ to ‘from microwave’.

Response: We have made the revision accordingly.

Reviewer 2 Specific comment 7. Line 45: ‘Currently, the longest continuous record of global soil moisture retrieved
frommicrowave remote sensing only is the ASCAT product’. Change ‘only is’.
Response: Following this comment, we have corrected the sentence as: ‘Currently, the longest continuous record of global

surface soil moisture that is derived only from microwave remote sensing is the ASCAT product’.
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Reviewer 2 Specific comment 8. Line 63~64: ‘Upon rescaling, the spatial patterns of the satellite products are almost replaced
by those of GLDAS.’, Any citations?

Response: We have added the citations of (Gruber et al., 2019; Liu et al., 2012; Liu et al., 2011). Moreover, the statement has
been changed into: ‘Upon rescaling through CDF matching, the spatial patterns of the satellite products are generally

replaced by those of GLDAS (Gruber et al., 2019, Liu et al., 2012, Liu et al., 2011)’.

Reviewer 2 Specific comment 9. Line 66~67: ‘Because the temporal variation in soil moisture is often better captured by
model simulations than remote sensing inversions, CCI may undesirably combine the disadvantages of both.” How? Any proof?
Response: We have deleted the unsuitable description accordingly. There is no strong evidence for the claim that the temporal

variation in soil moisture is better captured by model simulations than remote sensing inversions.

Reviewer 2 Specific comment 10. Change ‘deviationsto’ to ‘deviations to’.

Response: We have checked the manuscript carefully and added all the missing blanks.

Reviewer 2 Specific comment 11. Lines 90~91: ‘The training R? is only 0.45 (R=0.67)’. R? and R needs to specify.
Response: Thank you for this suggestion. We have revised it as: ‘ The training R-square value (R?) is only 0.45 (or correlation
coefficient, r, equals to 0.67)’. Following this comment, we have also corrected all the ‘R’ into , to distinguish it from R? in

the revised manuscript.

Reviewer 2 Specific comment 12. Lines 99~100: ‘this data is regional, with a large temporal gap, and cannot be seen as
observational-based only since precipitation data is incorporated.” Well, this is arguable.
Response: Accordingly, the sentence has been revised to ‘However, this data is regional (for Tibetan Plateau only), and with

a temporal gap between AMSR-E and AMSR?2 (October 2011~June 2012).” We have also re-written Text S1 to more clearly
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explain why precipitation was not included as an input feature of the neural networks in this study. Please also find the details

in the responses to Major Comment 3.

Reviewer 2 Specific comment 13. Lines 148~150: ‘are these factors used as direct spatial predictors of soil moisture or just
because they are related to the errors of satellite soil moisture retrievals (i.e., the quality impact factors of soil moisture)?’
What do you mean?

Response: We have revised the sentences to: ‘Environmental factors, including DEM, LST and vegetation cover (indicated
by NDVI, MV, etc.), were used as ancillary neural network inputs for improved soil moisture simulation (Lu et al., 2015; Qu
etal., 2019; Yao et al., 2017). According to these studies, these factors alone may not predict surface soil moisture well without
the incorporation of any microwave remote sensing data, which can also be justified by the contribution analysis results
(Figure Sla). This is because although they are somewhat related to soil moisture (e.g. soil moisture is limited in areas with
low vegetation cover in general but high in forests (McColl et al., 2017)), the relationships are rather uncertain (e.g. at smaller
scales, LAI may however have a negative influence on soil moisture due to the variation in evapotranspiration (Naithani et
al., 2013), or without clear impacts (Zhao et al., 2010),; also, soil moisture can be either high or low in summers when
vegetation peaks (Baldocchi et al., 2006; Méndez-Barroso et al., 2009)). However, these factors are quite essential due to
their direct impacts on soil moisture retrieval through radiative transfer model using microwave remote sensing data (Fan et

al., 2020), and are retrieval quality impact factors. The detailed explanations are: 1) ...".

Reviewer 2 Specific comment 14. Lines 178: ‘Water bodies dramatically lower the Tb, leading to overestimation of soil
moisture’. water bodies are marked/flagged out for soil moisture retrieval. The consideration of water bodies in your approach
seems very strange.

Response: We have replaced ‘water bodies” with ‘water area fraction” for clarity. Please also refer to our response to Major

Comment 5.
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Reviewer 2 Specific comment 15. Line 182, are you sure it is soil dielectric conductivity, not soil dielectric constants?

Response: We have corrected ‘soil dielectric conductivity’ to ‘soil dielectric constant’ accordingly.

Reviewer 2 Specific comment 16. Lines 199~200, ‘For topographic complexity, the static layer of the Copernicus ASCAT-
SWI product (hereinafter the ASCAT Constant) is adopted while for soil texture, the SMAP Constant is used.” Why not using
static layers from the same satellite product?

Response: Thank you for the question. That is because topographic complexity and soil texture data cannot be obtained from
one product. Also, the quality for the two data are satisfying (Reichle et al., 2018; Scipal et al., 2005). Please see the response

to Major Comment 6.

Reviewer 2 Specific comment 17. Lines 227~228, ‘For each map, soil moisture values are filteredto the level of three standard
deviations relative to themean in each zone. This preprocessing step is thus called ‘3¢ denoise’.” What is the effect of such
filter on identifying extreme years? for example, during 2003, 2010, 2018, 2019 there are extreme heat events in Europe and
the soil moisture is so dry which can be beyond the 3 standard deviations.

Response: This is a spatial (zonal) ‘3¢ denoise’, which helps to masks out the wrong retrievals in mountain areas (zonal
extreme values), however will not mask out the extreme climatic events. which will not mask out the extreme climatic events.
Please find the detailed explanation in the response to Major Comment 7. Following this comment, we have made the
clarification as: “After standardization of the original soil moisture data, to improve the neural network training efficiency,
the potential salt and pepper noises are removed. For each map (a specific 10-day period), within each 1°x1° zone, the soil
moisture values are filtered to the level of three standard deviations relative to the mean in that zone. This preprocessing step
is thus called ‘30 denoise’ (note that the denoise is conducted spatially, rather than temporally, so that the extreme events will

not be treated).’

Reviewer 2 Specific comment 18. Line 273: ‘SMAP soil moisture is the training target’. SMAP is only available after 2015,
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so I am not sure what is the meaning of simulation period 2012D19~2013D36, but also 2014-2018. I guess this is constrained
by the available data (PROBA-V and GLASS LAIs)? But in any case, it does not represent any physical meaning to predict
2015data with 2012-2013 data.

Response: Here, we did not predict data in 2015 by using the data in 2012~2013. In this study, the common data period of
predictor soil moisture products in each substep always contains the period of the simulated soil moisture. There are two
substeps in Round 1, which were separated due to the data period of different LAI products, while each substep was responsible
for a simulation period (2012D19~2013D36 and 2014-2018, respectively). Following this comment, we have revised that
section, for example, ‘Because all the four predictors have data since 2012D19, the potential soil moisture simulation period
is 2012D19~2018, which was further divided into two parts: one is 2014~2018 (substepl), for which the PROBA-V LAI data
that starts from 2014, is applied, whereas the other is 2012D19~2013 (substep2), for which GLASS LAI data is used (note:
because GLASS LAI covers from the beginning of our study period till 2017, the training period for substep 2 is

2015D10~2017).’. For more details, please see response to Major Comment 8.

Reviewer 2 Specific comment 19. Line 278: 2011D20 to 2012D18 (Table S3~S4). In the third round (2010D16~2011D19)".
Why and how are these time spans defined?

Response: The time spans of the soil moisture simulation period corresponding to the different rounds of neural networks
were determined based on the temporal coverages of the different microwave sensors which are utilized as predictors. For
example, the simulation period (Note: not the training period) of the second round NN is constrained by the common period
of ASCAT, SMOS, FY and TMI data. Following this comment, we have made some clarifications, such as: ‘In the second
round of simulation, the training target can either be SMAP or SIM-1T, while the input soil moisture data are ASCAT, SMOS,
TMI-LPRM-X (TM1) and FY-3B-NSMC (FY). The simulation output, SIM-2, covers the period of 2011D20~2012D18, that is
constrained by the common period of the four predictors (Table S3~S4).” We have also attached the details for the design of

five rounds of neural network operations in Tables S1~S15. Please see the details in the response to Major Comment 8.
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Reviewer 2 Specific comment 20. Line 278, ‘In the third round (2010D16~2011D19), SMAP...” Again, SMAP is only
available after 2015.

Response: For the 3™ Round , the simulation period is 2010D16~2011D19, but the neural network training period could be
2015D10~2017D36, 2012D19~2015D10, or 2011D20~2012D21, depending on whether the training target is SMAP, or SIM-
1T (SIM-IT is the postprocessed simulation output of the first round NN), or both SIM-I1T and SIM-2T. The detailed
information on NN training and soil moisture simulation in Round 3 were provided in Tables S5~S8. We have also revised
the sentence in the manuscript as: ‘In the third round of neural network operation, the simulation periodis 2010D16~2011D19.
SMAP, SIM-1T and SIM-2T are combined to be the training targets (the training periods are within the range of

2011D20~2017D36), while the predictor soil moisture data are ASCAT, SMOS, TMI and WindSat-LPRM-X (WINDSAT). ...
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To Reviewer #3:

We thank referee#3 for the valuable comments that will help us in improving the quality and readably of the
manuscript. We have carefully revised the MS following your comments and suggestions. We provide a detailed

response to the Referee’s comments in the Supplement.

skske sk skok sk skokokosk

Reviewer 3 General comment: The authors used an iterative neural network approach to produce a new satellite-based soil
moisture dataset using 11 microwave soil moisture products, using SMAP data for training and ISMN database for validation.
The approach is quite original and efficient resulting is a improvement in the accuracy of the spatio-temporal patterns at the
global scale, and at a 0.1 degree resolution. However, the manuscript will need to be improved before acceptance, in its
structure, clarity and tone.

Response: Thank you for your positive comments on our work. We have adjusted the article structure, revised the Method
part to make it clearer, and modified the tone of the expressions in the comparison of our product against other products. In
addition, we have revised the figures and tables following each of the comment. Please find the details in the responses to the

following comments.

Reviewer 3 Major comment 1: The introduction would need to be improved. Several statements need to be supported by
existing literature, others would need to be clarified. Finally the introduction would need to end with a brief description of the
approach used in the study and how this approach will address the three major concerns raised from existing soil moisture
products. See detailed comments below for details.

Response: We have carefully addressed all the raised problem, including adding some more references, clarifying the
confusing phrases, and briefly introducing the approach on how it addressed the three major concerns. Please see our responses

to Specific comment 3~11 for details. Thank you for these nice suggestions!
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Reviewer 3 Major comment 2: The tone of the manuscript when referring to the new product and to past studies is not always
appropriate. For instance, stating that the present product is “superior to the existing products” is useless, not informative and
condescending. I would encourage the authors to rather explain how their product is an improvement to the global estimation
of soil moisture, without necessarily condemn other products. In the result section, while nonlinearities between estimate and
in-situ soil moisture measurements are identified for other products, it is not reported for the author’s product which I find
quite biased.

Response: We are sorry for the inappropriate descriptions. We have corrected the descriptions in the abstract as: ‘This new
dataset, named RSSSM, is proved comparable to the in-situ surface soil moisture measurements at sites of the International
Soil Moisture Network (overall R? and RMSE values of 0.42 and 0.087 m’/m?), while the overall R? and RMSE values for the
existing products (ASCAT-SWI, GLDAS Noah, ERAS5-Land, CCI/ECV and GLEAM) are within the range of 0.31~0.41 and
0.095~0.142 m’/m?, respectively. The advantage of RSSSM is especially obvious in arid or relatively cold areas, and during
growing seasons. Moreover, the persistent high data quality as well as complete spatial coverage ensure the applicability of
RSSSM to both the spatial and temporal pattern studies.” We have also reported the nonlinearity of the relationship between
our data and in-situ measurements, following: “However, RSSSM overestimates soil moisture when it is low, which is a

problem inherited from SMAP product (Figure 4), and is a bit nonlinearly correlated with the measured values (Figure 7a).’

Reviewer 3 Major comment 3. The validation approach is based on site specific comparison. However, soil moisture being
so spatially variable within a 0.1 degree pixel, validation based on single site observations within 0.1 degree pixels can be
quite meaningless. This might be particularly true when one considers that site selection for in-situ measurement is rarely
motivated by representativity of the surrounding landscape, but by specific ecological reasons.

Response: We agree that although only the ‘good’ quality data records were used, due to high spatial variability in surface
soil moisture, it is not very reasonable to compare the 0.1° resolution soil moisture product against the ISMN site-scale

measurements. However, the currently available global-scale soil moisture products are all in coarse resolution, usually about

0.25°. To evaluate these coarser resolution products, previous studies also have to rely on the site-measured soil moisture,
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especially the ISMN dataset, while the validation process and the evaluation indicators are almost the same as this study (Al-
Yaari et al., 2019; Albergel et al., 2012; Dorigo et al., 2015; Fernandez-Moran et al., 2017; Gao et al., 2020; Karthikeyan et
al., 2017; Kerr et al., 2016; Kim et al., 2015b; Kolassa et al., 2018; Lievens et al., 2017; Zhang et al., 2019). For 29 ISMN
networks used for validation in this study, 19 are dense networks (usually with multiple stations within one 0.1° pixel (Dorigo
et al., 2015)), including AMMA-CATCH (Cappelaere et al., 2009; De Rosnay et al., 2009; Lebel et al., 2009; Mougin et al.,
2009; Pellarin et al., 2009), BIEBRZA S-1 (http://www.igik.edu.pl/en), BNZ-LTER (Van Cleve et al., 2015)
(http://www.lter.uaf.edu/), CTP_SMTMN (Yang et al., 2013), FLUXNET-AMERIFLUX (http://ameriflux.Ibl.gov/), FR_Aqui
(Al-Yaari et al., 2018), HHIWATER_EHWSN (Jin et al., 2014; Kang et al., 2014), HOBE (Bircher et al., 2012), HYDROL-
NET_PERUGIA (Morbidelli et al., 2014), iRON (Osenga et al., 2019), MAQU (Su et al., 2011), OZNET (Smith et al., 2012;
Young et al., 2008), REMEDHUS (http://campus.usal.es/~hidrus/), SASMAS (Riidiger et al., 2007), SKKU (Hyunglok et al.,
2016), SOILSCAPE (Moghaddam et al., 2010; Moghaddam et al., 2016), SWEX POLAND (Marczewski et al., 2010), VAS

(http://nimbus.uv.es/) and WSMN (http://www.aber.ac.uk/wsmn). This information has been added to Text S2. Therefore, the

average of the data obtained from two or more stations within a 0.1° pixel, which was calculated in this study, can better

represent the grid-scale soil moisture conditions (Gruber et al., 2020).

In addition, to avoid the errors induced by the high spatial variability of soil moisture as much as possible, we excluded the
pixels with nonnegligible open water, wetland or inundated fields. In Supplementary Text- Text S2, the related details now
read: ‘It has been acknowledged that the scale difference between the records at ISMN sites and the 0.1° pixel-scale soil
moisture data may lead to incomparability, especially for pixels with open water and inundated land (Loew, 2008). If the
measurement site is located on land, away from water, yet the corresponding pixel contains much water, the pixel-scale soil
moisture can be significantly higher than the site-measured values. Conversely, if the site is in or close to the open water or
inundated areas, but land also exists in the pixel, the soil moisture measured at the station will be much higher than the pixel
average value. Not only the absolute values are unmatchable, the temporal variations cannot be directly compared as well,
because the moisture conditions of riverside (or wetland) soil and the land soil may change with precipitation differently.
Therefore, the sites located in the pixels with average annual maximal water area fraction greater than 5% according to
SWAMPS data are excluded (for example, some sites in wetlands in Canada)’ . We also added more explanations in the
manuscript, following: 1) ‘After data screening and processing (for example, in case of high spatial variability of soil moisture,
we excluded the pixels with average annual maximal water area fraction greater than 5%, see Text S2), ..." ; 2) More than 90%

of the stations are located in relatively flat areas with topographic complexity lower than 10%, and 3) ‘Hence, to make full
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use of all the good quality records, and to reduce the problem caused by the scale difference between simulation and
measurement, the site-scale 10-day averaged soil moisture data are further aggregated to 0.1° pixel-scale by averaging all

the data (different stations or different sensors) within the pixel (Gruber et al., 2020).

Reviewer 3 Specific comment 1: “This new dataset, once validated against the International Soil Moisture Network (ISMN)
records, is supposed to be superior to the existing products” .

Do you mean this validation hasn’t been done yet? Superior in what way?

Response: Sorry for the confusion. Following this comment, we show the situation that our product is preferred, according to
the validation against site measurements, instead of the general description that our product is superior to other products. We
have made the clarification as: ‘This new dataset, named RSSSM, is proved comparable to the in-situ surface soil moisture
measurements at sites of the International Soil Moisture Network (overall R? and RMSE values of 0.42 and 0.087 m*/m?),
while the overall R> and RMSE values for the existing products (ASCAT-SWI, GLDAS Noah, ERA5-Land, CCI/ECV and
GLEAM) are within the range of 0.31~0.41 and 0.095~0.142 m’/m’, respectively. The advantage of RSSSM is especially
obvious in arid or relatively cold areas, and during growing seasons. Moreover, the persistent high data quality as well as

complete spatial coverage ensure the applicability of RSSSM to both the spatial and temporal pattern studies.’

Reviewer 3 Specific comment 2: “reveals that the surface moisture decline on rainless days is highest in summers over the
low-latitudes but highest in winters over most mid-latitude areas.” Soil moisture being so spatially variable, I find the impact
of this statement quite limited — e.g. low latitude regions range from tropical/equatorial rain forests to deserts and one would
expect as much differences in the sensitivity of soil moisture to precipitation between a desert and a tropical forest than
between a tropical forest and a temperate prairie.

Response: Sorry for the unclear sentences. In the calculation of soil moisture decline on consecutive rainless days, because
‘In desert areas, the random noise of the surface soil moisture product can hide the signal of moisture changes, while in wet
areas (e.g. rainforests), 20 days without effective precipitation seldom occurs, leading to no results over most areas.’, the

acquired results can only represent the condition in regions excluding deserts and rainforests. Following this comment, we
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have revised the sentence as: ‘It also reveals that without considering the deserts and rainforests, the surface moisture decline
on consecutive rainless days is highest in summers over the low-latitudes (30°S~30°N) but highest in winters over most mid-

latitude areas (30°N~60°N; 30°S~60°S)’.

Reviewer 3 Specific comment 3: “L47: “due to various disturbances”: what type of disturbances?
Response: Following your comment, we have revised it as ‘due to various disturbances from for example, high vegetation

cover, open water fraction and complex topography (Draper et al., 2012; Fan et al., 2020; Ye et al., 2015).” for better clarity.

Reviewer 3 Specific comment 4: “L49: “ Although new sensors, SMOS : : :.”” -> “Although new sensors such as SMOS: : :”

Response: We have revised it accordingly.

Reviewer 3 Specific comment 5: L 50: “better penetrability” -> please be more specific: what depth?
Response: Sorry for the unclear expression. It does not indicate the nominal soil depth of the microwave soil moisture. We
have revised it to ‘... because L-band microwaves (1~2 GHz) can better penetrate the vegetation canopy’, by referring to

(Piles et al., 2018).

Reviewer 3 Specific comment 6: L66: “Because the temporal variation in soil moisture is often better captured by model
simulations than remote sensing inversions”: please include a reference that support this statement. L67: “CCI may undesirably
combine the disadvantages of both.” Be more specific here (low accuracy of temporal variations from remote sensing products
and low spatial accuracy from model simulations — am I right?). And please include another reference here for this second
statement.

Response: Sorry for the arbitrary statements. We agree that there is no strong evidence supporting the claim that the temporal
variation in soil moisture is better captured by model simulations than remote sensing inversions. Following this comment,

we have deleted these two sentences in the Introduction part of the manuscript. Thank you for reminding!
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Reviewer 3 Specific comment 7: L70: “are assimilated instead”: instead of what? this sentence is

not clear.

Response: Following this comment, we have revised the sentence as: ‘Currently, anomalies of CCI soil moisture (the
deviations to the seasonal climatology that indicate whether the soil moisture at a time point is more humid or drier than the

multi-year average) are assimilated instead of the original CCI time series (Martens et al., 2017).”

Reviewer 3 Specific comment 8: L85: “Among these three approaches, machine learning proves to be probably the best
choice” based on what criteria — again, please be more specific

Response: Following this comment, we revised the sentence as: ‘Among these three approaches, machine learning proves to
be probably the best choice according to the connection between precipitation and the changes in soil moisture, evaluated

through a data assimilation technique, and triple collocation analysis result (Van der Schalie et al., 2018).”

Reviewer 3 Specific comment 9: “L102: “substantial success has not been achieved yet.” This is a rather strong and yet vague
statement that denies the merits of a large body of research. Please remove this statement.

Response: Sorry for the confusion. We have revised the sentence as: ‘7o be concluded, while previous studies have focused
on developing long-term satellite-based surface moisture using machine learning, there remain some major concerns that

need to be solved. 1)....

Reviewer 3 Specific comment 10: “L102/103:” the high-quality microwave observations are not fully utilized”: this is not
clear from the literature review — please develop this point in earlier sections of the introduction (i.e. in what way high-quality
microwave observations haven’t been fully utilized, and how the authors are proposing to utilize them more efficiently).

Response: To avoid potential misunderstanding, we have revised the sentence as: ‘1) the microwave observations from only

at most three sensors are utilized, leading to large temporal and spatial gaps, and limited training efficiency’. This point has
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been illustrated in the earlier sections of the introduction: ‘Global long-term observational-based soil moisture has been
developed recently by building a neural network between the SMOS product and the Tb of AMSRE (2003~September 2011)
and AMSR?2 (July 2012~2015) (Yao et al., 2017).... The gap between the temporal spans of AMSRE and AMSR?2, and the lack

of SMOS data in Asia resulted in large quantities of missing data.’

Reviewer 3 Specific comment 11: “L106-107: This statement should be removed from the introduction section. - this is rather
a concluding statement. Instead please describe your approach in a couple sentences and how this approach addresses the three
major concerns identified.

Response: Thank you for your advice. We have re-written the paragraph as: ‘... there remain some major concerns that need
to be solved. 1) the microwave observations from only at most three sensors are utilized, leading to large temporal and spatial
gaps, and limited training efficiency, 2) it remains unclear which environmental factors should be incorporated as ancillary

inputs, and why; and 3) the training designed for soil moisture estimation at global scale ought to be more complex than that

for only a specific region to ensure a satisfying training efficiency. In this study, 11 high-quality microwave soil moisture

products since 2003 are incorporated into 5 rounds of neural networks to achieve a spatially and temporally continuous
simulation for 2003~2018, with as many sources of microwave observational data as possible used as predictors of each
neural network. The quality impact factors of microwave soil moisture retrievals are also determined and then utilized as
ancillary inputs to improve the training efficiency. Moreover, we designed localized subnetworks instead of only one global-

scale neural network to account for the regional differences in training rules.’

Reviewer 3 Specific comment 12: “Section 2.1 L110: please add citation to literature supporting

this statement.

Response: In Introduction part, the best overall quality of SMAP soil moisture has been stated as follows: ‘Although new
sensors such as SMOS (Stillman and Zeng, 2018) and SMAP (Entekhabi et al., 2010), can produce significantly improved

estimates because L-band microwaves (1~2 GHz) can better penetrate the vegetation canopy (Burgin et al., 2017; Chen et al.,
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2018, Karthikeyan et al., 2017; Kerr et al., 2016, Kim et al., 2018; Leroux et al., 2014, Stillman and Zeng, 2018), the
applicability of both products is still limited. SMOS data have too much noise and too many missing values in Eurasia due to
high radio frequency interference (RFI) (Oliva et al., 2012). While SMAP has the highest quality (the unbiased RMSE of the
passive product can be close to its target of 0.04 m’/m’) and has filtered RFI (Chen et al., 2018, Colliander et al., 2017), ..."
Following your advice, we have revised this sentence and added two new references supporting the best performance of SMAP
product. It reads: ‘SMAP has currently the best quality of all remote sensing-based soil moisture products (Al-Yaari et al.,

2019; Liu et al., 2019)...".

Reviewer 3 Specific comment 13: L115-118: This sentence is too long and too complex. Please

split into shorter and clearer sentences.

Response: Sorry for the too complex sentence. We have revised it to: ‘However, in this study, the well-acknowledged surface
soil moisture products retrieved through mature algorithms (see Figure 1) are directly applied instead of Th. This is because:
1) the primary goal of this study is to calibrate and then fuse the existing popular microwave soil moisture products; and 2)
the Tb signals at multiple bands contain too much information that is not related to soil moisture, which may weaken the

training efficiency and lead to over-fitting.’

Reviewer 3 Specific comment 14: Section 2.2 L147/160: the purpose of this argumentation is quite unclear as the
environmental predictors that are selected are also important drivers of soil moisture dynamic.

Response: Sorry for the arbitrary sentence. Here, we would like to express the idea that without the incorporation of any
microwave remote sensing product, these factors (LAI, topographic complexity, LST, etc.) alone may not predict surface soil
moisture very well. This is because although we agree that they are somewhat related to soil moisture (e.g. usually soil
moisture is limited in areas with low vegetation cover), they can hardly be considered as direct indexes on surface soil moisture
content (since the relationships are rather uncertain; for example, as found in this study, in Europe, the soil moisture is low in

summers when vegetation peaks). On the other hand, however, we admit that water area fraction is a direct indicator of surface
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soil moisture, and have corrected by adding a sentence ‘In addition, water fraction is a direct indicator of surface soil
moisture.’.

We removed the unclear argument following your advice. It now reads: ‘Environmental factors, including DEM, LST and
vegetation cover (indicated by NDVI, MVI, etc.), were used as ancillary neural network inputs for improved soil moisture
simulation (Lu et al., 2015; Qu et al., 2019; Yao et al., 2017). According to these studies, these factors alone may not predict
surface soil moisture well without the incorporation of any microwave remote sensing data, which can also be justified by the
contribution analysis results (Figure Sla). This is because although they are somewhat related to soil moisture (e.g. soil
moisture is limited in areas with low vegetation cover in general but high in forests (McColl et al., 2017)), the relationships
are rather uncertain (e.g. at smaller scales, LAI may however have a negative influence on soil moisture due to the variation
in evapotranspiration (Naithani et al., 2013), or without clear impacts (Zhao et al., 2010); also, soil moisture can be either
high or low in summers when vegetation peaks (Baldocchi et al., 2006; Méndez-Barroso et al., 2009)). However, these factors
are quite essential due to their direct impacts on soil moisture retrieval through radiative transfer model using microwave

remote sensing data (Fan et al., 2020), and are retrieval quality impact factors. The detailed explanations are: 1) ...".

Reviewer 3 Specific comment 15: 1.201: since precipitation is such an important driver of soil moisture, the reasons why this
variable hasn’t been included as a quality impact factor should be included in the main document.

Response: We have revised the sentence as: ‘The contribution analysis results (Figure S1) show that because various
microwave soil moisture data have already been included, precipitation data is not an essential indicator of soil moisture, and
is not utilized as a physically-based ‘quality impact factor’ either (see Text S1 for detailed explanations).’

The Text S1 is a bit long, so we did not move all the information to the manuscript, but we summarized the key reasons in the

revised manuscript, following your advice. The Text S1 has been revised as follows:

‘Because it takes at least 3 days for a microwave sensor to cover the whole globe, for 11% of global land, there will be only 5

or less observations for random days within a 10-day period. By taking the average of these available data, this study only

focuses on the mean soil moisture condition during that 10-day period. Then, to see how much can the incorporation of
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precipitation data improve the neural network training efficiency, we calculated 10-day averaged GPM Final-Run
precipitation, which can well indicate the overall precipitation water availability (the antecedent precipitation index is not
used, because it must be calculated on daily scale, and the attenuation coefficient is hard to determine at global scale (Kohler
and Linsley, 1951)). Taking the first primary independent neural network, NN1-1-1, as an example, we performed contribution
tests on all the input features at the global scale (not for each separate zone), including 9 ‘quality impact factors’, 4 predictor
soil moisture products and precipitation - a potential ancillary soil moisture indicator. For each predictor, we added a random
error that is controlled within the standard deviation of the predictor, and then the increased MSE in neural network training
can indicate the relative contribution of that variable. The results (Figure S1a) show that precipitation will only contribute to
1.7% of the training efficiency, which is much lower than the contribution of any soil moisture product (the total contribution
fraction of the four soil moisture products is 61.2%), and is also lower than that of most ‘quality impact factor’. This suggests
that various microwave soil moisture datasets together with several ‘quality impact factors’ of microwave soil moisture
retrieval are enough to predict the training target- SMAP soil moisture, and there is no need to add precipitation as another

ancillary indicator of soil moisture.

‘Quality impact factors’ are defined in this study as the variables that will have a significant impact on the retrieval errors of
soil moisture by microwave remote sensing (section 2.1.2). Although the relative performances of different soil moisture
products is related to surface moisture condition (Kim et al., 2015a), it is found mainly due to the less vegetation in arid areas.
After all, no explicit mechanism can support the idea that the retrieval errors of soil moisture are significantly influenced by
water availability. Even if this is true, the soil water availability can be already indicated by the microwave soil moisture
products. So, it is unreasonable to incorporate the precipitation variable as a ‘quality impact factor’. On the other hand, LAI,
water area fraction, LST, land use cover, tree cover fraction, non-tree vegetation area fraction, topographic complexity, and
soil sand/clay fractions all have direct impacts on the microwave soil moisture retrieval errors, with solid physical mechanism
(see section 2.1.2). Therefore, theoretically they should be added to the neural network, even though the land use cover type

and soil sand fraction data prove to have limited contributions to NN training efficiency.

One may argue that if NARX (nonlinear autoregressive with external input) is applied instead, in which the soil moisture in
the previous 10-day period is also incorporated as a predictor, precipitation data can be very beneficial to the neural network
training. This is true, because precipitation directly contributes to soil moisture increases. However, NARX is not suitable for

global-scale long-term continuous soil moisture mapping, because the base map (i.e., soil moisture in the beginning of the
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simulation period) is hard to determine. Moreover, in mid to high latitudes, the lack of soil moisture retrievals over frozen
ground in winters will lead to missing data there in summers when soil moisture data is otherwise available. So, if NARX is
adopted, we can only estimate long-term surface soil moisture in tropics and sub-tropics with air temperature consistently
higher than 0 C. Last but not least, if the soil moisture in the previous phase and the current precipitation amount are both
1285 incorporated, they will largely conceal the role of satellite-observed signals. As shown in Figure S1b, the total contribution
fraction of all four microwave soil moisture products is reduced to only 10.6%, while the roles of ASCAT, AMSR2-JAXA and
AMSR2-LPRM are all negligible. Without taking full advantage of remote sensing, the simulations based on previous soil
moisture and current precipitation will lead to errors over places where soil moisture gains are mostly driven by glacier
melting, or in places with high levels of radiation-driven soil evaporation. The reliability of the derived soil moisture will be

1290 lower in irrigated croplands and afforestation/deforestation areas as well.

On account of all above, precipitation data is neither included as an ancillary soil moisture indicator, nor added as a ‘quality

impact factor’ in this study.’

[Previous period's soil moisture
Precipitation b 4.0
SMOS soil moisture 95
AMSR2-LPRM soil moisture 04
AMR2-JAXA soil moisture £l
ASCAT soil moisture -04
% Land surface temperature 24
; Topographic complexity 04
= Soil sand fraction 0.0
Soil clay fraction 09
Water area fraction 0.7
Leaf area index 11
Non-tree vegetation fraction 18
Tree cover fraction 19
Land use cover type -04
-10.0 10.0 30.0 50.0 70.0 90.0
Relative contributions to the increased MSE in times series neural network training (%)

Figure R1 (Figure S1 in the revised Supplement): The roles of different input features in the soil moisture simulations based
1295 on BP neural networks and nonlinear autoregressive with external input (NARX) with microwave soil moisture products
incorporated: (a) the contributions of different input features of a primary neural network: NNI-1-1, including 4 predictor
soil moisture products, 9 quality impact factors of microwave soil moisture retrieval, plus 1 probable ancillary soil water
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indicator: 10-day averaged precipitation, to the neural network training efficiency indicated by the increased MSE; (b) the
contributions of all the input features to the training efficiency, if NN1-1-1 is changed into a NARX, in which the SMAP soil
moisture for the previous period is also applied as a predictor.

Reviewer 3 Specific comment 16: 1202/203: This sentence should start this section, not end it. A table similar to table 1 but
for the quality impact factors would be useful. The table would indicate the source of the data, the resolution and the temporal
span for the dynamic factors.

Response: Following your suggestion, we have revised this section, putting this concluding sentence to the start. It now reads
as:

“‘In this study, 9 quality impact factors: LAIL water fraction, LST, land use cover, tree cover fraction, non-tree vegetation
fraction, topographic complexity, and sand and clay fractions are selected and incorporated (see Figure 1). The reasons are
as follows.

Based on the two criteria above, the first environmental factor to be included is the ‘vegetation factor’ (i.e., vegetation water
content, VWC). ... Because the leaf area index (LAI) stands for the total leaf area per unit land, which is closely related to
VWC assuming a relatively stable leaf equivalent water thickness (Yilmaz et al., 2008), LAl is a suitable surrogate....

We also added a timeline figure (Figure 1 in the revised manuscript) to show the temporal spans, sources and spatial resolution

of all microwave soil moisture products, and the data for 9 quality impact factors. This could be clearer than a table.
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1315  Figure R2 (Figure 1 in the revised manuscript): The timeline figure showing the time periods of the soil moisture datasets and
the ‘quality impact factor’ products (e.g. LAI dataset) used in this study (listed above the timeline), as well as the periods of

data applied for the trainings of 67 independent neural networks and the neural network simulation outputs (i.e. simulated
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soil moisture) of eight substeps (listed below the timeline).

Reviewer 3 Specific comment 17: Section 2.3 Sections 2.4, 2.5 and 2.6 should be included in section 2.3 as it details the
different steps of the calculation flow. A clear justification on why a neural network approach was adopted should be included
in this section.

Response: We have made the revision accordingly. The structure for Data and Method Section is now as follows:

‘2 Data and Methods

2.1 Data for the production of global long-term surface soil moisture data

2.1.1 The satellite-based surface soil moisture data products

2.1.2 The quality impact factors of soil moisture retrievals

2.2 Methods for the production of global long-term surface soil moisture data

The global long-term surface soil moisture data production includes three basic parts, which are as follows. 1) Preprocessing:
the production of high-quality neural network inputs; 2) neural network operation: the network training and soil moisture
simulation and 3) postprocessing: the correction of potential errors or deficiencies in the soil moisture simulation outputs. ...
2.2.1 Neural network design (1): localized neural networks

2.2.2 Preprocessing and postprocessing steps

2.2.3 Neural network design (2)- five rounds of simulations

2.3 Methods for the validation of surface soil moisture products

2.4 Methods for the intra-annual variation analysis of surface soil moisture’.

The justification of the neural network approach is now in the Introduction, ‘Among these three approaches, machine learning
proves to be probably the best choice according to the connection between precipitation and the changes in soil moisture,
evaluated through a data assimilation technique, and triple collocation analysis result (Van der Schalie et al., 2018).” In
section 2.1.2, we have already mentioned the use of neural network approach in this study, ‘... were used as ancillary neural

network inputs _for improved soil moisture simulation (Lu et al., 2015; Qu et al., 2019; Yao et al., 2017)’.
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Reviewer 3 Specific comment 18: L.223: what is a hidden layer?

Response: In neural networks, hidden layer is located between the input and output layers. It is the result of nonlinear
transformations of the input data through activation function, and can also be transformed into the output data. We have revised
the sentence as: ‘..., and the number of nodes in the hidden layer (between the input and output layers (Stinchcombe and

White, 1989)) of each subnetwork is set to 7.

Reviewer 3 Specific comment 19: 1.242: reference required for the “suspicious value removal”.

Response: Sorry for the confusing phrase. Actually, it is a detailed method invented by this study, to make sure only the most
reliable estimates are applied as the training target of the next round of neural networks, in order to avoid significant error
propagation along with the neural network round. Because multiple rounds of neural network is a characteristic of this study,
this processing step was not found in previous researches (i.e., no reference). We have revised the sentence, removing the
phrase ‘suspicious value removal’. It now reads: ‘On the other hand, to avoid error propagation with training times by
ensuring a high-quality training target for the next rounds simulation, for every simulated result, we removed all the
suspicious values. This preprocessing step is performed by first obtaining the maximal and minimum values of SMAP_E soil
moisture in each pixel. If the simulated value is out of the range of the SMAP data during 2015~2018, the value is suspicious

and is not used as the training target.’.

Reviewer 3 Specific comment 20: L259: Here you are referring to a 1 degree pixel a presume? Please specify.

Response: We regret for the confusing sentences. We have revised the sentences to: ‘For data simulation in a 0.1° pixel, the
most preferable independent neural network is expected to be trained using all the available soil moisture data sources in that
pixel. However, in the 1° zone where it is located, the subnetwork belonging to that preferable independent neural network
may not exist due to limited valid data points (see section 2.2.1). Then, an alternative subnetwork driven by the combination

of fewer soil moisture data inputs should be applied instead.’ In the revised manuscript, the word ‘pixel” only stands for 0.1-
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degree resolution, while the word ‘zone’ indicates 1° scale.

Reviewer 3 Specific comment 21: Please specify. L268: why 74 networks? Please explain.

Response: We have corrected it to ‘67 independent neural networks’ because the rest 7 networks are optional and not
independent. There are multiple independent networks included in each round. That is because ‘... While increasing the
sources of soil moisture data inputs can be beneficial to the training efficiency, the spatial coverage of the simulation output
is sacrificed because the overlapping area of more soil moisture products is smaller. After all, most products have missing
data in specific regions ... To solve that dilemma, we classified all 0.1° pixels according to the available predictor soil moisture
products in it over a 10-day period (for example, if there are at most four predictor soil moisture data inputs in one round,
there should be 4+3+2+1=10 combinations). However, to avoid soil moisture simulation under snow or ice cover (Section
2.2.2), not all combinations are considered. Then, corresponding to each selected combination, an independent neural network
is trained.” (Lines 269~277 in the revised manuscript). The revised explanations are clearer than the original version.

In addition, the training periods of 67 independent neural network are now shown in Figure R2 (that is Figure 1 in the revised

manuscript). So, this sentence is now revised to: ‘Based on these principles, five rounds of neural networks are designed as

follows, with 8 substeps containing a total of 67 independent neural networks. The training period of each neural network

and the simulation period of each substep are shown in Figure 1 (below the timeline), and the details are as follows: ...".

Reviewer 3 Specific comment 22: Section 2.7 Figure S2 should be included in the main manuscript as the spatial distribution
of validation data is critically important to evaluate the overall strength of this validation. It is surprising that none of the
Canadian sites of the Russian sites made it to the final set of sites for validation.

Response: Thank you for this advice. We have moved the figure showing the spatial distribution of validation sites to the
main manuscript (shown in Figure 3).

The soil moisture measurement depth for the Russian sites are 0~10 cm (RUSWET-GRASS) or 0~20 cm (RUSWET-AGRO

and RUSWET-VALDALI) (Robock et al., 2000), which do not match the nominal simulation depth (0~5 cm) of our soil
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moisture product (constrained by SMAP).
On the other hand, the Canadian sites are actually very limited (Dorigo et al., 2011; Dorigo et al., 2013)

(https://www.geo.tuwien.ac.at/insitu/data_viewer/), and are often wetland sites with nonnegligible water fraction, which

should be dropped. Previous studies also utilized very few sites in Canada and Russia (Kolassa et al., 2018; Lievens et al.,
2017; Zhang et al., 2019).
In the revised manuscript, we added the information ‘Accordingly, the measurements used for validation are limited to <5 cm

in depth (e.g., the Russian networks were not applicable for this reason)’.

Reviewer 3 Specific comment 23: L304/306: This is an important point. Soil moisture being so spatially variable, validation
based on single site observations within 0.1 degree pixels can be quite meaningless. Especially when one considers that site
selection for in situ measurement is rarely motivated by representativity of the surrounding landscape, but by specific
ecological reasons.

Response: Thanks for careful thinking. Because grid-scale soil moisture measurements are unavailable, almost all the recent
studies rely on the in-situ soil moisture records for the validation of remote sensing soil moisture products. Moreover, we have
taken the average of the data at multiple stations in a 0.1° grid, and also excluded the grids with potentially high spatial

heterogeneity of surface soil moisture. Please see the response to Major comment 3 for details.

Reviewer 3 Specific comment 24: Section 2.8 L335: “probably the best choice for periodic function fitting” : please support
this statement by adequate reference to literature.

Response: We have revised it to ‘Fourier functions can characterize the intra-annual variation well (Brooks et al., 2012;
Hermance et al., 2007). Therefore, for the remaining areas ..., we fitted the intra-annual cycle of soil moisture using the

Fourier function’.

Reviewer 3 Specific comment 25: 1.344/345: 1 don’t understand this argument. Why restricting this analysis to 10 consecutive
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rainless days and not the whole range of 10-days sum of precipitation?

Response: This study would like to explore the impact of dry periods (20 consecutive days without effective rainfall) on the
surface soil moisture in different areas. Moreover, without effective precipitation, the surface soil moisture changes are mainly
driven by evaporation and deep percolation, and thus should be negative. This is simpler and can help us exclude the unreliable
soil moisture values from the analysis. However, if we consider the sum of precipitation over 10 days, the surface soil moisture
changes will be rather complex, and there would be much more erroneous data included, leading to unreliable analysis results.
We have revised the sentence to: ‘Because RSSSM indicates the average soil moisture condition during every 10-day period,
we studied the surface soil moisture decline after 20 consecutive days (i.e., two adjacent 10-day periods) without effective

precipitation to explore the impact of dry periods on surface soil moisture.’.

Reviewer 3 Specific comment 26: Tables 3 to 8 could be synthesized into only two tables: one for temporal accuracy
assessment and one for spatial accuracy assessment for the three products comparisons with SIM. Similarly, it would be nice
to have figures 3, 4, 6, 7, 9 and 10 summarized in 2 figures where all four products appear (SIM, SMAP, GLDAS and ASCAT).
This would facilitate comparison between products.

Response: Thank you for this advice. It should be noted that the periods corresponding to these comparisons differ from each
other. SMAP has data since March of 2015, ASCAT is available from 2007, while SIM (named ‘RSSSM’ in the revised
manuscript), GLDAS, ERA5 Land and GLEAM v3.3a all cover the whole study period (2003~2018), but with missing values
in different areas. Although CCI (ECV) also covers the entire period, it lacks data in many places, especially before 2007
(Figure 13d). Therefore, the in-situ surface soil moisture measurements entering the comparison between RSSSM and SMAP
are limited to March 2015~2018, whereas only the ISMN sites’ data during 2007~2018 were applied for the accuracy
comparison between RSSSM and ASCAT. Also, when comparing RSSSM against CCI (ECV), we only included the soil
moisture records in the grids with both RSSSM and CCI data during the specific period. As we can see, the overall accuracy
of RSSSM in Figure 4c (for the comparison with SMAP, during April 2015~2018) is R?=0.46, RMSE=0.083, but in Figure 10

(for comparison against GLDAS, during 2003~2018), the overall R* of RSSSM is 0.42, and the RMSE is 0.087. In addition,
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the temporal accuracy of RSSSM in all climatic regions (Figure 5, Figure 8, Figure 11 in the revised paper), and its spatial
accuracy during all seasons (Figure 6, Figure 9, Figure 12) are different among the comparisons against different soil moisture
products. For that reason, if the 6 figures are combined into 2 figures, they will be too crowded, and the comparison will be
not clear enough.

Following your comment, we have combined the tables as follows:

Table R1 (Table 2 in the revised manuscript): The mean and median values of the five evaluation indexes (correlation
coefficient: r, RMSE, bias, unbiased RMSE (ubRMSE), and the anomalies r (A.R)) on the temporal accuracy of the surface
soil moisture simulated in this study (RSSSM) and the other surface soil moisture products, when validated using the ISMN
in-situ measurements. Note: 1) for the comparison of RSSSM against SMAP E (SMAP) product, the validation period is from
April 2015 to 2018; 2) for the comparison between RSSSM and ASCAT-SWI (ASCAT), the period is 2007~2018; 3) the
comparison period for RSSSM and GLDAS Noah v2.1 (GLDAS), or ERA5-Land (ERA5-L), or CCI or GLEAM v3.3a (GLE-a)
surface soil moisture product are 2003~2018, 4) the common period of RSSSM and GLEAM v3.3b (GLE-b) is from 2003 to

September 2018.

Index r RMSE bias ubRMSE AR

Product | RSSSM  SMAP | RSSSM  SMAP | RSSSM SMAP | RSSSM  SMAP | RSSSM  SMAP

Mean 0.756 0.762 0.075 0.074 0.015 0.016 0.043 0.043 0.700 0.707

Median 0.795 0.798 0.067 0.066 0.009 0.013 0.043 0.043 0.720 0.744

Product | RSSSM  ASCAT { RSSSM  ASCAT | RSSSM  ASCAT | RSSSM  ASCAT | RSSSM  ASCAT

Mean 0.687 0.561 0.079 0.095 0.002 -0.007 0.047 0.062 0.627 0.554

Median 0.735 0.627 0.074 0.088 -0.001 -0.010 0.048 0.062 0.654 0.595

Product | RSSSM  GLDAS | RSSSM  GLDAS | RSSSM  GLDAS | RSSSM  GLDAS | RSSSM  GLDAS

Mean 0.689 0.613 0.080 0.091 0.001 0.028 0.047 0.051 0.620 0.519

Median 0.737 0.661 0.075 0.082 -0.002 0.029 0.048 0.049 0.661 0.567
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Product | RSSSM ERAS-L | RSSSM  ERAS-L | RSSSM  ERAS-L | RSSSM  ERAS5-L | RSSSM  ERAS-L
Mean 0.689 0.734 0.080 0.112 0.001 0.082 0.047 0.050 0.620 0.648
Median 0.737 0.758 0.075 0.094 -0.002 0.073 0.048 0.049 0.661 0.672
Product | RSSSM CCI RSSSM CCI RSSSM CCI RSSSM Ccc1 RSSSM CCI
Mean 0.690 0.642 0.080 0.091 0.002 -0.002 0.047 0.049 0.620 0.530
Median 0.735 0.666 0.074 0.080 -0.002 0.006 0.049 0.047 0.658 0.552
Product | RSSSM  GLE-a { RSSSM  GLE-a { RSSSM  GLE-a | RSSSM  GLE-a | RSSSM  GLE-a
Mean 0.689 0.735 0.080 0.126 0.001 0.093 0.047 0.047 0.620 0.681
Median 0.737 0.771 0.075 0.119 -0.002 0.104 0.048 0.046 0.661 0.715
Product | RSSSM  GLE-b | RSSSM  GLE-b | RSSSM  GLE-b | RSSSM  GLE-b | RSSSM  GLE-b
Mean 0.688 0.729 0.080 0.117 0.001 0.077 0.047 0.046 0.618 0.670
Median 0.730 0.762 0.075 0.112 -0.002 0.091 0.048 0.045 0.659 0.705

1455

Table R2 (Table 3 in the revised manuscript): The mean and median values of the four evaluation indexes (r, RMSE, bias and

ubRMSE) on the spatial pattern accuracy of RSSSM and the other global long-term surface soil moisture products (SMAP_E,

ASCAT-SWI, GLDAS Noah v2.1, ERA5-Land, CCI, GLEAM v3.3a and GLEAM v3.3b) in every 10-day period. For each pair

of comparison, the evaluation indexes are for the common period of the two products, which is the same as Table 2. The

abbreviations of the products are also the same as Table 2.

Index r RMSE bias ubRMSE
Product { RSSSM  SMAP | RSSSM  SMAP | RSSSM  SMAP | RSSSM  SMAP
Mean 0.652 0.659 0.084 0.084 0.016 0.016 0.082 0.081

Median 0.655 0.664 0.082 0.081 0.019 0.019 0.080 0.078
Product | RSSSM  ASCAT | RSSSM  ASCAT | RSSSM  ASCAT | RSSSM  ASCAT
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Mean 0.636 0.561 0.087 0.102 0.005 -0.010 0.085 0.097
Median 0.650 0.572 0.086 0.100 0.007 -0.009 0.085 0.095
Product RSSSM  GLDAS | RSSSM  GLDAS { RSSSM  GLDAS | RSSSM  GLDAS

Mean 0.617 0.593 0.090 0.097 -0.005 0.035 0.086 0.087
Median 0.643 0.630 0.089 0.096 0.001 0.041 0.086 0.086
Product RSSSM  ERAS5-L | RSSSM  ERA5-L { RSSSM  ERAS5-L | RSSSM  ERAS-L

Mean 0.616 0.575 0.090 0.125 -0.005 0.077 0.086 0.095
Median 0.641 0.633 0.089 0.125 0.001 0.082 0.086 0.092
Product RSSSM CC1 RSSSM CCl1 RSSSM CCI RSSSM CCI

Mean 0.618 0.497 0.090 0.099 -0.004 0.003 0.086 0.093
Median 0.647 0.554 0.089 0.098 0.002 0.006 0.086 0.093
Product RSSSM GLE-a | RSSSM GLE-a RSSSM GLE-a | RSSSM GLE-a

Mean 0.617 0.576 0.090 0.139 -0.005 0.105 0.086 0.089
Median 0.643 0.616 0.089 0.142 0.001 0.112 0.086 0.088
Product RSSSM  GLE-b { RSSSM  GLE-b RSSSM GLE-b RSSSM  GLE-b

Mean 0.616 0.560 0.090 0.128 -0.005 0.088 0.086 0.090
Median 0.643 0.613 0.089 0.130 0.001 0.094 0.086 0.089

Reviewer 3 Specific comment 27: L380-383: However, it looks like the relationship between SIM estimates and in situ
observations is nonlinear (Figure 5a). Furthermore, SIM seems to overestimate soil moisture in the lowest range (winter?)
when a density of pixels is quite high. Please include these remarks in the results.

Response: Thank you for reminding. We have added a sentence accordingly. It reads: ‘However, RSSSM overestimates soil
moisture when it is low, which is a problem inherited from SMAP product (Figure 4), and is a bit nonlinearly correlated with

the measured values (Figure 7a).”
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Reviewer 3 Specific comment 28: 1.393: the relationship between SIM and in situ measurements is also obviously nonlinear.
Please include this remark in the text for fairness.

Response: We have revised the description accordingly. It now reads: ‘While RSSSM is nonlinearly correlated with measured
soil moisture, the relationship between GLDAS soil moisture and the measurements appears a bit more nonlinear, resulting in
a smaller R? of 0.39 and higher RMSE of 0.097 for GLDAS product compared to RSSSM (R°: 0.42; RMSE: 0.087, see Figure

10).

Reviewer 3 Specific comment 29: Why table S19 and Figure S7 do not appear in the main document like the other product
comparison? Please move them to the main manuscript

Response: We have combined Table S17, Table S19, Table S21, Table S22 in the original Supplement to Table 2 in the revised
manuscript (see Table R1). Table S18, Table S20, Table S23 and Table S24 are integrated into Table 3 as well (see Table R2).
For the reasons described in the response to Reviewer 3 Specific comment 26 (the time periods and spatial extents for the
comparisons of RSSSM in this study against different existing surface soil moisture products are different), the figures were
not combined together to avoid over-crowdedness and unnecessary confusion. Thus, we retained Figure S7, Figure S8, etc. in

the Supplement to prevent the main manuscript from too long and too complex to read.

Reviewer 3 Specific comment 30: L422-434: This belongs to the discussion section.

Response: We have moved the sentences belonging to the discussion section to the Discussion part. The revised sentences in
the Result part now read: ‘Next, we focus on the interannual change in data quality. According to Figure 13a~c, while the
correlation coefficient for RSSSM does not vary significantly among different years, the RMUSE and ubRMSE values in earlier
periods are somewhat raised compared to those after 2012. Though the data quality of RSSSM can hardly be maintained as
well, the degradation degree is much slighter than CCIL. By comparing the spatial coverages of the 10-day scale RSSSM and

CClI data (rainforests are excluded), it is shown that RSSSM covers all land surfaces except for permafrost, while coverages’
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interannual variation is also negligible throughout the entire period (the intra-annual cycles of data coverages result from the
changes in frozen areas), which are preferable to CCI, whose data coverage before 2007 is limited (Figure 13d).”

After the remove, the Discussion section has been revised as follows: ‘In this study, an improved global long-term satellite-
based surface soil moisture dataset, .... It is temporally-continuous during 2003~2018, and covers the whole globe except for
frozen ground (CCI has limited spatial coverage before 2007, when ASCAT soil moisture is unavailable), ensuring its
applicability in global long-term studies or ecosystem modelling.... The RMSE and ubRMSE values in earlier periods are
somewhat higher than those after 2012, which is because: 1) five rounds of simulations were performed, with the output
converted into the training target of the next round s neural networks, leading to a little error propagation as the simulation
period extending to the past; and 2) the quality of microwave soil moisture data is generally lower in earlier times due to the
relatively unadvanced microwave sensors with low signal-to-noise ratio (SNR). However, due to the elaborated design of the
neural network set (localized networks, full use of 11 microwave soil moisture products, the determination of quality impact
factors and the organization of 67 independent neural networks), high training efficiency is achieved, resulting in little
amplification of noises and high maintenance of valid information during 16 years of simulation. This method turns out to be
better than the simple CDF matching algorithm which may not efficiently calibrate the low-quality soil moisture data retrieved

from earlier sensors.’.
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Abstract. Soil moisture is an important variable linking the atmosphere and terrestrial ecosystems. However, long-term

satellite monitoring of surface soil moisture is still lacking at the global scale. In this study, we conducted data calibration and

/

MBR T : 74 ...7 independent neural networks; and >10°...ore

than one million regional

data fusion of 11 well-acknowledged microwave remote sensing,soil moisture products since 2003 through a neural network / { MBS T 2, respectively
approach, with SMAP soil moisture data applied as the primary training target. The training efficiency gvas high (R? =0.95) “‘ {M#T

due to the selection of 9 quality impact factors of microwave soil moisture products and the elaborate, organization structure /‘/ (BB THR: T
of multiple peural networks (5 rounds of simulations; 8 substeps; 67 independent neural networks; and ynore than one million // [ BB TR P A
zonal subnetworks). We achieved global satellite monitoring of surface soil moisture during 2003~2018 at 0.1° resolution. f/ {MB;%T sites of

The temporal resolution is approximately 10 days, or to be specific, there are 3 data records within a month, for days 1~10 {::;ﬁzmes

11~20 and from 21 to the last day of that month,This new dataset, named RSSSM, is proved comparable to the in-situ surface /

WRETHER: T R

soil moisture measurements at he International Soil Moisture Network sites, (overall R> and RMSE values of 0.42 and 0.087 | //f

m’/m?>), while the overall R* and RMSE values for the existing products (ASCAT-SWI, GLDAS Noah, ERA5-Land, CCI/ECV ///

and GLEAM) are within the range of 0.31~0.41 and 0.095~0.142 m*/m’, respectively. The advantage of RSSSM is especiall

HB& T : This new dataset, once validated against the
International Soil Moisture Network (ISMN) records, is
supposed to be superior to the existing products (ASCAT-

obvious in arid or relatively cold areas, and during growing seasons. Moreover, the persistent high data quality as well as / THERT - It...ur new data
complete spatial coverage ensure the applicability of RSSSM to studies on both the spatial and temporal patterng,Our new / HERT: s

data, suggest,an increase in the global mean surface soil moisture, ,These data also reveal, that without considering the deserts ERT 2 , and

and rainforests, the surface moisture decline on consecutive rainless days is highest in summers over the low latitudes (30° {Mﬁ?i It

S~30°N) but highest in winters over most midlatitude areas (30°N~60°N; 30°S~60°S). Notably, the error propagation is well /\{

HHB& T : s...that without considering the deserts and

controlled with the extension of the simulation period to the past, indicating that the data fusion algorithm proposed in this {

MBS T : areas

)
)
)
)
1
=
)
;j
o
1
)
1
o
1

study will be even more meaningful in the future when more advanced microwave sensors are pecome operational. The dataset /{

MiB& T is well controlled... indicating that the data fusioH

can be accessed at https:/doi.pangaea.de/10.1594/PANGAEA.912597 (Chen, 2020),

HERT :
DIRF
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1 Introduction {MI@ET

H)

w7

oIt

Soil moisture plays an important role in modulating the exchange, of water, carbon and energy between the land surface and

w7

:, which

atmosphere, as well as linking the global water, carbon and energy cycles (Dorigo et al., 2012; Karthikeyan et al., 2017a). Soil

HERT :

. Itis also ... as it is probablyconsidered as

moisture has been endorsed by the Global Climate Observing System (GCOS) as an essential climate variable (Bojinski et al.,

2014), as it is probably, the best indicator of ecological droughts (Martinez-Fernandez et al., 2016; Samaniego et al., 2018).

MR T :

ecosystem models are

its...he applicability of these data in global

)
)
)
-

HigxT

However, due to the large uncertainty in global-scale soil moisture data, the applicability of these data in global ecosystem

models Js currently limited,(Hashimoto et al., 2015; Stocker et al., 2019).

Reanalysis-based land surface model products are the most frequently used. mainly including the Global Land Data

evapotranspiration, carbon uptake and many other ecological
processes, yet surrogates such as precipitation and vapor
pressure deficit (VPD) are often applied in modeling due

to...the large uncertainty in global-scale soil moisture data(ﬁ

: and is thus a direct driving factor of

Assimilation System (GLDAS, with 0.25° resolution) (Rodell et al., 2004), European Reanalysis (ERA)-interim (0,75°)

BT

: Ther }

(Balsamo et al., 2015) and its successors; ERAS (0.25°) and ERA5-Land (0.1°) (Hoffmann et al., 2019)), Although these

products can often predict temporal variations well due to the incorporation of high-quality precipitation data, the bias and

: (e.g., ...he Global Land Data Assimilation System

root mean square error (RMSE) may be large (Bi et al., 2016; Gu et al., 2019). Moreover, the significant impacts of human

: ECMWF ...RA)-interim (0.25

activities such as irrigation and land cover changes on soil moisture are rarcly considered (Kumar et al., 2015; Qiu et al., 2016).

MiBRT .
(GLDAS, with spatial resolution of
W7

newly-published ...uccessors: ... ERA5 (0.25°) a

remote sensing(Bartalis et al., 2007),and the temporal span of this product s from 2007 until present. Apart from the relatively

S
{ MiE& T : are the most frequently used }

Apart from surface soil moisture that can be observed by satellites, the modeling ynethod also provides, information on the
{iﬂﬂﬂiﬁ?: T }

moisture in deeper soil layers.

{ & T : can hardly be }
With the advance of remote sensing technology, soil moisture products derived from microwave remote sensing, which have BB T : way...ethod also provides also the [%
been proven to be superior to those derived from other electromagnetic wave bands (Karthikeyan et al., 2017a), have become { MEE T : prove }
an alternative fo surface soil moisture monitoring (current satellite microwave sensors can detect only soil moisture within the {mpﬁj; of J
top 5 cm of soil) (Feng et al., 2017; Jiao et al., 2016; Piles et al., 2018). Currently, global-scale soil moisture can be acquired {ﬂﬂﬂi@?: only }
from either passive (e.g., SMMR, SSM/I, TMI, WindSAT, AMSRE, AMSR2, SMOS, SMAP) or active sensors (e.g., ERS and #ERT : the penetrability of microwaves is usually <5 cm H
ASCAT) but the valid temporal spans of all these sensors are limited, and the data quality and spatial coverage were considered { MR T : rewieved }
. . . . L {MF,%T: isonly }

to be unsatisfactory untill the launch of AMSRE in June 2002 (Karthikeyan et al., 2017b; Kawanishi et al., 2003). Currently,
_ A o o A WRTs }

the ASCAT product is the longest continuous record of global surface soil moisture that is derived only from microwave
{ HiB& T : the ASCAT product }

ﬁimﬁ?:

whose ...nd the temporal span of this product
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short time series, satellite-based soil moisture products psually have lower accuracies than modeled products (Albergel et al.,

2012; Chen et al., 2013) due to various disturbances, such as high vegetation cover, high open water fractions and complex

topography (Draper et al., 2012; Fan et al., 2020; Ye et al., 2015). Moreover, large discrepancies exist among the soil moisture
retrieved from various sensors and that by using different algorithms (Kim et al., 2015a; Mladenova et al., 2014). Although
new sensors such as SMOS (Stillman and Zeng, 2018) and SMAP (Entekhabi et al., 2010), can produce significantly improved

estimates because L-band microwaves (1~2 GHz) gan penetrate the vegetation canopy better than the other bands (Burgin et

al., 2017; Chen et al., 2018; Karthikeyan et al., 2017b; Kerr et al., 2016; Kim et al., 2018; Leroux et al., 2014; Stillman and
Zeng, 2018), the applicability of both products is still limited. SMOS data have too much noise and too many missing values
in Eurasia due to high radio frequency interference (RFI) (Oliva et al., 2012). While SMAP has the highest quality (the
unbiased RMSE of the passive product can be close to its target of 0.04 m*/m?) and has filtered RFI (Chen et al., 2018;

Colliander et al., 2017), the data are available since only March 2015.

/ﬁ/—\/ﬁ/ﬁ/ﬁ/ﬁ/—/

Because both simulated and satellite-observed soil moisture products have advantages and disadvantages, fhe interest,in datz
Jusion is increasing. The European Space Agency (ESA) published a long-term surface soil moisture dataset called the Climate

Change Initiative (CCI) or Essential Climate Variable (ECV), and the v4.5 product covers 1978~2018. Two steps contribute

to the combined CCI product. The first step involves rescaling all microwave sensors’ retrievals against the reference data

(GLDAS Noah product) by cumulative distribution function (CDF) matching, while the second step ynerges the rescaled

products is ...sually lower ...ave lower accuracies than that

B T : the accuracy of ...atellite-based soil moisture
of ...

MiF&T: from for example...such as,
MERT .
MBRT:,

-
HiB& T : have
-

& T : better

B T : penetrability

MBS T : Asia

fHIBR T : only ...vailable

fHIBR T : there are increasing...he interests. ..in datae [%

moisture dataset called the Climate Change Initiative (CCI)
or Essential Climate Variable (ECV), and the v4.4 ... product

BT : integration...usion is increasing. The European
Space Agency (ESA) published a long-term surface soil
covers 1978~2018. Two aspects

{ BR T : combined

/{m’]ﬁ%?:..”whileThe [%

products together by selecting the best product in each subperiod or averaging the products weighted by the estimated errors

(Dorigo et al., 2017; Gruber et al., 2017; Gruber et al., 2019; Liu et al., 2012). Although the CCI covers more than 40 years,

the data before June 2002 have many missing values and are pf low,quality. Upon rescaling through CDF matching, the spatial

patterns of the satellite products are generally replaced by those of GLDAS (Gruber et al., 2019; Liu et al., 2012; Liu et al.,
2011b). Although the satellite-observed temporal patterns are retained, the merging algorithm is probably too simple (Liu et
al., 2012) to harmonize the discrepancy among the temporal variations in various products (Feng et al., 2017). Another popular

data product, Global Land Evaporation Amsterdam Model (GLEAM), soil moisture, is produced by assimilating, CCI data

{ MBS T : is to merge
BB T : with .flower [_}

{ HiB& T : almost replaced by

-
)
)
)
)
)

)

-

)

B T : Because the temporal variation in soil moisture is
often better captured by model simulations than remote
sensing inversions, CCI may undesirably combine the

disadvantages of both.

#iF& T : GLEAM (...lobal Land Evaporation Amsterdam
Model (GLEAM))...soil moisture, is produced by

(Burgin et al., 2017; Martens et al., 2017; Miralles et al., 2011). Currently, CCI soil moisture anomalies (the deviations to the
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seasonal climatology. which jndicate whether the soil moisture at a time point is more humid or drier than the mult%

average) are assimilated instead of the original CCI time series (Martens et al., 2017). Therefore, the observed spatial

information is ignored, while the temporal changes are mainly driven by model simulations, meaning that remote sensing data
are not optimally utilized.

Hence, the probably best practice for global long-term soil moisture mapping is to first develop a long-term surface soil
moisture dataset only using the satellite data and then assimilate this dataset into model simulations. The first step is the major

task. Rescaling the soil moisture data retrieved from each sensor by using CDF matching followed by averaging the rescaled

data during 2 common period, which is adopted in CCI, will result in problems when, unifying the temporal variations jn

different soil moisture products. Three methods have been proposed that target the use of the information acquired by one

sensor to produce soil moisture_data compatible with those retrieved from another, Based on physical-based equations

(Wigneron et al., 2004), the regression between SMOS soil moisture and the dual-polarized brightness temperature (Th) data

Jrom AMSRE is used to calibrate the AMSRE soil moisture time series (R-square =0.36) (Al-Yaari et al., 2016). An example

point is more humid or drier than the multi-

{ MiBRT: (Lievensetal., 2017)

{M@T: as well

MMB& T : that ...ndicate whether the soil moisture at a timeﬁl

{MB,%T: data

HB& T : one... common period, which is adopted in CCI,
will result in problems whencan hardly...unifying the
temporal variations of...n different soil moisture products.
Three methods have been proposed that target the use of
Targeting at using ...he information acquired by one sensor

produce soil moisture data compatible with that ...hose

retrieved from another, three methods have been proposed

BT : (brightness temperature. .. data of

TR

of the second method pses the Land Parameter Retrieval Model (LPRM) (Owe et al., 2008), to retrieve soil moisture from

MBR T : is to use...ses the LPRM (

SMOS and then match these data,with the AMSRE-LPRM product by calibrating the LPRM parameters and applying a linear

regression (Van der Schalie et al., 2017). Because machine learning can better characterize the nonlinear relationship between /{ B2 T : linking ... hat links SMOS soil moisture with

surface soil moisture and Tb (Rodriguez-Fernandez et al., 2015), researchers built a neural network ghat links SMOS soil / /
|/

moisture jo the Tb and polarized reflectivity of AMSRE to produce a calibrated soil moisture data covering 9 years (2003~2011) / /
/

(Rodriguez-Fernandez et al., 2016). Among these three approaches, machine learning has been proven to be the best choice “/“/

/
//“
/

according to the connection between precipitation and the changes in soil moisture, as evaluated through a data assimilation
/
technique,and triple collocation analysis result (Van der Schalie et al., 2018). f/

A global long-term observational-based soil moisture product was recently developed, by building a peural network between
the SMOS product and the Tb data from AMSRE (2003~September 2011) and AMSR2 (July 2012~2015) (Yao et al., 2017),

Some environmental factors, including land surface temperature (LST) derived from [I'b at 36.5 GHz (Holmes et al., 2009)

and the microwave vegetation index (M VI, an indicator of vegetation cover), were also incorporated as ancillary inputs. The
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=
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B T : proves ...as been proven to be probably ...he best
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the changes in soil moisture, as evaluated through a data

assimilation technique,...

HiB& T : G...obal long-term observational-based soil

moisture product was recently developedhas been developed

{M@T:simple }
{ﬂﬂﬁ?:of }
1

recently...
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MiB& T : , with... Some environmental factors, including land
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training R-square value (R2) of this product was only 0.45 (or correlation coefficient, , equals 0.67),and the validation against

WERT

: training R-square value (R?) s only 0.45 (or

BETHER: LR

in-situ_measurements showed, a temporal ;* of 0.52 and temporal RMSE of 0.084, ;The gap between the temporal spans of

WETER: F R

g7

AMSRE and AMSR2, and the lack of SMOS data in Asia resulted in large quantities of missing data. As SMAP observations

have become jncreasingly available, fhese data has been chosen as the training target, improving the training R*to 0.55, while

H)

MigxT

:R

BB THER: FE R

MR T :

not fully .. tilized, leading to too ...arge temporal

)

MR T :

ought to be...hould more complex than that for o

MERT

with...sing as many sources of microwave

\Vlill,%T: (...nd temporal RMSE of =....084)... In addition,[%
the overall ; and RMSE against measurements gvere 0.44 and 0.113 (Yao et al., 2019), Another study rebuilt a soil moisture {M&?T }
RSt
time series over the Tibetan Plateau by using SMAP data as the reference of a random forest (Qu et al., 2019). For_the BT : ....and the lack of SMOS data in Asia resulted in [%
environmental factors, while vegetation cover is not considered, elevation (DEM), IGBP land use cover type, grid location {mﬂﬁ%?: R J
and the day of a year (DOY) weye chosen as ancillary jnputs. The training R? in this region reached 0.9, with a temporal [&ET*ﬁﬁi FA: R ]
. . {M!II%T: are }
accuracy higher than that of other products (temporal y=0.7; RMSE=0.07 in the unfrozen season). However, fhese data are
M T J
regional (for Tibetan Plateau only), and with a emporal gap between AMSR-E and AMSR2 data (October 2011~June 2012), (
{ MiE& T : , MODIS LST, precipitation }
To be concluded, while previous studies have focused on developing long-term satellite-based surface moisture products using { B
MiERT:a }
machine learning, there remain some major concerns remain that need to be solved, 1),Lhe microwave observations from only { BT : predicat }
PR J © predicators
three sensors at most.are utilized, leading to Jarge temporal and spatial gaps, and the limited training efficiency; 2) it remains | { WET: R }
unclear which environmental factors should,be incorporated as ancillary inputs, and why; and 3) the training designed for soil [ RE TR 2 AR ]
moisture estimation at the global scale should more complex than that for only a specific region to ensure agatisfactory training AR T : this ..-hese data is [%
. . . . . . . . . . . BT : ...itha large ...emporal gap between AMSR-E aH
efficiency. In this study, 11 high-quality microwave soil moisture products since 2003 are incorporated into 5 rounds of neural
MBS T : recent ...revious studies have focused on developH
networks to achieve a spatially and temporally continuous simulation for 2003~2018, using as many sources of microwave
JHB& T : substantial success has not been achieved yet. [%
observational data as possible as predictors jn each neural network. The quality impact factors of microwave soil moisture
[ MES T : the high-quality }
retrievals are also determined and then utilized as ancillary inputs to improve the training efficiency. Moreover, we designed {ﬂl’]ﬂ??' ¢ }
localized subnetworks instead of only one global-scale neural network to account for the regional differences,in training rules, {MB&?T: }
{ MBS T : three sensors J
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By taking these matters into account, this study
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2 Data_and Methods,

2.1 Data for the production of global long-term surface soil moisture data

2.1.1 Satellite-based surface soil moisture data products

SMAP currently has the highest quality of all remote sensing-based soil moisture products (Al-Yaari et al., 2019) and is thus

M 7T: and methods

MIBR T : Thes

MBRT : is

HBR T : currently

chosen as the primary training target. The SMAP Enhanced L3 Radiometer Global Daily 9 km EASE-Grid Soil Moisture

V002 (SPL3SMP_E 002, hereinafter SMAP_E for short), which was developed by jmproving the, spatial interpolation of the

MBS T : best

#/ﬁﬁﬁﬁ —

JHBR T : (Al-Yaari et al., 2019; Albergel et al., 2012)

:J_/;/;/\_/;/ .

original 36 km resolution SMAP soil moisture data_(Chan et al., 2018), was adopted in this study. The nominal depth of
SMAP_E is ~5 cm.

Previous studies often used Tb observations at various bands as network inputs (Rodriguez-Fernandez et al., 2016). However,

in this study, the well-acknowledged surface soil moisture products retrieved through mature algorithms (see Figure 1) are

directly applied instead of Tb. This is because, 1) the primary goal of this study is to calibrate and then fuse the existing popular

microwave soil moisture products; and 2),the Tb signals at multiple bands contain too much information that is not related to

B&7T: ...ndis thus chosen as the primary training target.
The SMAP Enhanced L3 Radiometer Global Daily 9 km
EASE-Grid Soil Moisture V002 (SPL3SMP_E_002, which is

referred to as

MiB& T : i... developed by an ...mproving theed

| -
o

MiB& T : , while...the Tb observations ...ignals at multiple

MERT: -

soil moisture, which ynay weaken the training efficiency and Jead to overfitting, Although the drawback is that the final soil

MIB& T : , the well-acknowledged surface soil moisture

moisture products may inherit the uncertainties associated with each retrieval method, this problem can be generally solved

by including quality impact factors (see section 2.1.2). The first is the ASCAT soil moisture index product (ASCAT-SWI),

MERT: T

HHBR T : 2 for details....

which was developed by the ESA Copernicus Land Monitoring Service (Albergel et al., 2008; Wagner et al., 1999). The

BT : ESA

saturation degree in,the top soil layer (SWI_001) was converted to volumetric soil moisture by multiplication with soil porosity
data included in the SMAP L4 Global Surface and Root Zone Soil Moisture Land Model Constants V004 dataset (hereinafter

+SMAP Constant’). Second, AMSR2-JAXA is the AMSR2 soil moisture retrieved by the Japan Aerospace Exploration Agency

MERT : of

MHBE T : the

(JAXA) using Tb at the X-band (10.65 GHz) (Fujii et al., 2009), and version 3 data on the Global Portal System (G-Portal)
were used. Third, AMSR2-LPRM-X stands for the AMSR2 soil moisture produced by applying the LPRM algorithm at the

X-band (Parinussa et al., 2014) (C-band data such as AMSR2-LPRM-C or AMSRE-LPRM-C,were not applied due to high

MiBRT: ly

MBRT : ly

&7 : ... was

MiE& T : incorporated

RFI (Njoku et al., 2005)), and is obtained from NASA’s Earthdata Search web. The fourth predicto, SMOS-IC, is a new

HEE T : 4% one

SMOS soil moisture product created by INRA and CESBIO with the main goal of being as independent as possible from the
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auxiliary data, including the simulated soil moisture (Fernandez-Moran et al., 2017a; Fernandez-Moran et al., 2017b;

Wigneron et al., 2007). The accuracy of SMOS-IC has been proven to be higher than that of other SMOS products (Al-Yaari

etal., 2019; Ma et al., 2019), and the data version 105 offered by Centre Aval de Traitement des Données SMOS (CATDS) is
adopted. TMI-LPRM-X is the X-band LPRM product of TMI and was created by the NASA Goddard Space Flight Center

(GSFC). which is used as the 5" predictor. Fengyun 3B is a Chinese meteorological satellite with a Microwave Radiation

Imager (MWRI) onboard (Yang et al., 2011; Yang et al., 2012). The National Satellite Meteorological Center product is

retrieved using Tb at 10.7 GHz, which is denoted by ‘FY-3B-NSMC” (the 6" predictor product). WindSat is flown on the

Coriolis satellite (Gaiser et al., 2004), and the soil moisture retrieved by LPRM at the X-band (Parinussa et al., 2012) is

provided by NASA (the 7" predictor). Three AMSRE products are also used, including the NASA product (AE_Land3) created

by the National Snow and Ice Data Center (AMSRE-NSIDC)(Njoku et al., 2003), the JAXA product (AMSRE-JAXA) (Fujii
et al., 2009; Koike et al., 2004) obtained from G-Portal and the LPRM product (AMSRE-LPRM) available at the NASA
Earthdata Search. All data are reprojected to the WGS-1984 reference coordinate system and resampled to 0.1°.

To reduce noise,and fill the gaps between sensor observation, tracks (it takes at least 3 days for a microwave sensor to cover

the whole globe), for every soil moisture product, both the daytime and nighttime observations within each 10-day period are

combined by data averaging (the relative superiority of daytime and nighttime retrievals is not considered). For example, for

SMAP, 11% of the global land surface has data for only 5 days or less within a 10-day period,

2.1.2 The quality impact factors of soil moisture retrievals

neural network inputs fo improve the, soil moisture simulation (Lu et al., 2015; Qu et al., 2019; Yao et al., 2017). According

to these studies, these factors alone may not predict surface soil moisture well without the incorporation of any microwave

remote sensing data, which can also be justified by the contribution analysis results (Figure S1a). This is because although

they are somewhat related to soil moisture (e.g. soil moisture is generally limited in areas with low vegetation cover,but high

in forests (McColl et al., 2017)), the relationships are rather uncertain (e.g., at smaller scales, leaf area index (LAI) mayhave
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anegative influence on soil moisture due to the variation in evapotranspiration (Naithani et al., 2013), or without clear impacts

(Zhao et al., 2010); also. soil moisture can be either high or low in summers when vegetation peaks (Baldocchi et al., 2006;

Méndez-Barroso et al., 2009)). However, these factors are quite essential due to their direct impacts on soil moisture retrieval

through the radiative transfer model using microwave remote sensing data,(Fan et al., 2020), and are retrieval quality impact

factors. The detailed explanations are as follows; 1) the bias of soil moisture estimates derived from a certain sensor or a

specific algorithm can be correlated with the degree of disturbances from various environmental factors. For example, in
vegetated areas, LST js overestimated by LPRM (Ma et al., 2019), whereas soil moisture is underestimated by JAXA (Kim et
al., 2015a), and the magnitudes of the biases are determined by vegetation amount or VOD. It indicates that the environmental
factors are essential for a better calibration of various products, especially when soil moisture, which contains errors associated
with the retrieval method, is directly applied instead of Tb; and 2) the relative performances of different products are also
controlled by environmental factors; for example, the ASCAT product is preferable to AMSRE-LPRM in vegetated areas
(Dorigo et al., 2010), while LST influences the relative superiority of the LPRM and JAXA algorithms (Kim et al., 2015a).
Therefore, for improved data fusion, the weights assigned to different predictor soil moisture (or Tb) predictor data available
at the same time should be determined by referring to these quality impact factors (Kim et al., 2015b).

In this study, 9 quality impact factors: LAI, water fraction, LST, land use cover, tree cover fraction, non-tree vegetation fraction

topographic complexity, and sand and clay fractions are selected and incorporated (see Figure 1). The reasons are as follows.

Based on the two criteria above, the first environmental factor to be included is the ‘vegetation factor’ (i.e., vegetation water

content, VWC). Plants can absorb or scatter radiation from soil and emit radiation, reducing the sensitivities of both radiometer
and radar to soil moisture (Du et al., 2000; Owe et al., 2001). However, L-band microwaves can penetrate the vegetation layer
better due to their longer wavelengths (Konings et al., 2017; Piles et al., 2018). On the other hand, although vegetation effects
can be somewhat corrected (Jackson and Schmugge, 1991), different methods have different efficiencies. First-order radiative
transfer models such as LPRM have difficulty describing, the radiation attenuation by dense canopy (Crow et al., 2010), but
the TU-Wien change detection algorithm applied to ASCAT can reduce vegetation impacts due to the implicit account of high;

order scattering effects (Bartalis et al., 2007). Microwave vegetation indexes may contain large uncertainty and have coarse
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resolutions (Liu et al., 2011a; Shi et al., 2008). NDVI becomes saturated at high vegetation cover (Huete et al., 2002). Because

the LAI stands for the total leaf area per unit land, which is closely related to VWC assuming a relatively stable leaf equivalent

water thickness (Yilmaz et al., 2008), LAT is a suitable surrogate. The Copernicus global 1 km resolution LAI (GEOV2-LAI)
data are adopted here due to high accuracy and full coverage (Baret et al., 2013; Camacho et al., 2013; Verger et al., 2014).
Because the sensor conversion from SPOT-VGT to PROBA-V in 2014 led to LAI data discontinuity in specific areas
(Cammalleri et al., 2019), which may reduce neural network training and simulation efficiency, the GLASS (Global LAnd
Surface Satellite) LAI product (Xiao et al., 2014; Xiao et al., 2016) from 2007~2017 is also used_(Figure 1). The LAIs are

averaged on a monthly scale and aggregated to 0.1° resolution. The second is the ‘water fraction factor’ (i.e., the fraction of

water area in each pixel). Waters in land pixels dramatically decrease the Tb, leading to overestimation of soil moisture there.

Because different methods are used to detect and correct small areas of water,either open water, wetlands or partly inundated

wetlands and croplands (Entekhabi et al., 2010; Kerr et al., 2001; Mladenova et al., 2014; Njoku et al., 2003), microwave soil
moisture data calibration and weight assignment based on the water fraction within land pixels make sense (Ye et al., 2015).

In addition, the water fraction is a direct indicator of surface soil moisture. In this study, daily water area fraction derived from

the Surface WAter Microwave Product Series (SWAMPS) v3.2 dataset (Schroeder et al., 2015) is applied. The third factor is
the ‘heat factor’ (i.e., LST). Soil moisture retrievals from passive microwave sensors are based on the correlation between the

soil dielectric constant, which is influenced by soil moisture, and the emissivity estimated as the ratio of Tb to soil physical

temperature (Ts) (Karthikeyan et al., 2017a). Ts is approximate to LST and can be derived from the Tb at 36.5 GHz (Holmes
et al., 2009; Parinussa et al., 2011), or from reanalysis datasets including ECMWEF, MERRA and NCEP, or set as a constant
of 293 K (Koike, 2013). Active microwave products are independent of LST (Ulaby et al., 1978). Because different LST

estimates are used in the retrievals of different soil moisture products, while the bias of each LST estimate compared to the

actual LST is influenced by the actual LST, we assume that, that the actual LST gcan determine the accuracy of gvery LST

gestimate,and finally the relative performances of various soil moisture products (Kim et al., 2015a). In this study, we averaged

the MODIS monthly LST acquired from the ascending and descending passes of both TERRA and AQUA. The 4" factor is

the ‘land cover factor’, which is added because the parameters essential for soil moisture retrieval (vegetation effect correction)
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are set based on land use types (Griend and Wigneron, 2004; Jackson and Schmugge, 1991; Jackson et al., 1982; Panciera et
al., 2009). Additionally, landscape heterogeneity influences the retrieval accuracy (Lakhankar et al., 2009; Lei et al., 2018;
Ma et al., 2019). Here, both the annual MODIS land use cover maps and the MEaSUREs vegetation continuous fields (i.e. the
cover fractions of trees, non-tree vegetation and bare ground (Hansen and Song, 2018)) are adopted. Apart from the above
dynamic factors, there are also two static factors: the ‘topographic factor’ (i.e., topographic complexity or surface roughness)

and the ‘soil factor’ (i.e., soil texture indicated by sand and clay fractions) (Neill et al., 2011). Both factors can influence the

relationship between soil moisture and emissivity or the dielectric constant (Dobson et al., 1985; Karthikeyan et al., 2017a;

Njoku and Chan, 2006), but are characterized and corrected differently, leading to different relative performances of various

HERT :

MBS T is

MR T :

soil moisture products (Das and O'neill, 2010; Gao et al., 2006; Kim et al., 2015a). For topographic complexity, the static
layer of the Copernicus ASCAT-SWI product (hereinafter the ASCAT Constant) is adopted while for soil texture, the SMAP

Constant is used_(topographic complexity data arenot available from SMAP Constant; soil texture is not provided by ASCAT

Constant)  The contribution analysis results (Figure S1) show that because various microwave soil moisture data have already

been included, precipitation data are, not an essential indicator of soil moisture, and are, not utilized as a physically pased |

‘quality impact factor” either (see Text S1 for detailed explanations). ,

2.2 Methods for the production of global long-term surface soil moisture data

JThe global long-term surface soil moisture data production includes three basic parts, which are as follows. 1) Preprocessing:
the production of high-quality neural network inputs; 2) neural network operation: the network training and soil moisture
simulation; and 3) postprocessing: the correction of potential errors or deficiencies in the soil moisture simulation outputs.

Because the temporal coverage of SMAP does not overlap with that of TMI, FY-3B, WindSat or AMSRE, several rounds of

WBRT: P

& T : and DOY are

MBRT : is

& 7 : included as

MERT: s

MBS T : is

MERT: -

HERT :

(/D W U W, WD | W | U | W, U | W, W |

HB& T : Therefore, there are 9 quality impact factors: LAI,
water body fraction, LST, land use cover, tree cover fraction,
non-tree vegetation fraction, topographic complexity, and
sand and clay fractions, which are essential inputs of all

neural networks in this study.

simulations are performed to fully utilize the satellite-based soil moisture data. Hence, the simulated soil moisture ynay also
be converted to, the training target of the next round’s neural network, meaning that some postprocessing steps are also

preprocessing steps. The basic flow of this process is shown in Figure 2.
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2.2.1 Neural network design (1): localized neural networks

In this study, instead of a universal network, we devised localized neural networks. The data within each individual zone are

used to train a zonal neural network (hereinafter a subnetwork), which is used for soil moisture simulation at that zone. By } T
JHBR T : yet,...a smaller zonal size does not indicate a better

simulation accuracy. We noticed that the LPRM algorithm-
based products (AMSR2/TMI/WindSat/ AMSRE-LPRM-X)

comparison, localized neural networks help improve the training efficiency; however,a smaller zonal size does not indicate a

better simulation accuracy. We noticed that the LPRM algorithm-based products (AMSR2/TMI/WindSat/ AMSRE-LPRM-X) . . .
are ...ere patchy, with clear boundaries between adjacent

were patchy, with clear boundaries between adjacent square-shaped zones over arid yegions, while the patch size was exactly square-shaped zones over arid places...egions, while the

patch size wai... exactly 1°x1°, which wai

1°x1°, which was probably due to the spatial distribution of parameters. This finding suggests that subnetworks should be /

MBS T : indicates }
built at the 1°x1° scale. Therefore, we divided the global extent except the polar areas (80°N~60°S) into 140x360 zones. Here,
MBS T : it can provide ...ne valid data point is provided. SH

for a 0.1° pixel during a specific 10-day period, if all the input data (soil moisture products and quality impact factors) have

BT : For each...e subnetworks with, if the number of

valid values,pne valid data point is provided.Therefore, the maximal number of valid data points applied to train a subnetwork valid pixels (for a 0.1° pixel in a given 10-day period, if all

. . L L. . . . . the subnetwork inputs have valid values, it is seen as a valid
=100 x the number of 10-day periods within the training period. The subnetworks withJess than 100 valid data points (e.g. P

pixel; the maximal number of valid pixels=100xthe number

those in oceans) were dropped, leaving usually >15,000 zonal subnetworks,included in an jndependent neural network. The of 10-day periods)

training was performed in MATLAB 20164, and the number of nodes in the hidden layer (between the input and output layers { MIBR T : valid data points }

(Stinchcombe and White, 1989)) of each subnetwork was set to 7. MBR T : exceeds

MB& T : , the subnetwork is...ere considered valid...ropped.
2.2.2 Preprocessing and postprocessing steps There are... leaving usually more than ...15,000 zonal

valid ...ubnetworks within...included in an individual

After standardization of the original soil moisture data, to improve the neural network training efficiency, the potential salt . .
MHIB& T : i... performed in the

MiB& T : which ...hat is a step in

-
and pepper noises are removed. For each map (a specific 10-day period), within each 1°x1° zone, the soil moisture values are {mﬂlﬁ?: software }
filtered to the level of three standard deviations relative to the mean in that zone. This preprocessing step is thus called ‘3¢ { MERT: i }
denoising, (note that the denoise is conducted spatially, rather than temporally, so that the extreme events will not be treated). {M@T: each }
After neural network operation, boundary fuzzification is first applied, fhat is a step jn both preprocessing and postprocessing. { MERT: e }

=

Because the localized 1°x1° network is applied instead of the global network, the boundary between nearby zones may be too

X X . . . N . . MBS T : represented as Figure S1 is applied... The soil
obvious over some areas. To blur the boundary, a simple algorithm is applied, as shown in Figure S1, The soil moisture data P € PP
moisture data with fuzzified boundaries are transformed into
with fuzzified boundaries are transformed into both fhe final product and the next round’s training target. To produce the final both The boundary fuzzified soil moisture data are both
transformed into
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product, two postprocessing steps are essential: filling of missing values and data masking. Because ‘3¢ denoising, deleted
suspicious soil moisture retrievals, the simulation outputs also contain few missing values, which can be simply filled by
sequentially searching and averaging nearby valid values (Chen et al., 2019). While the snow/ice mask of the ASCAT-SWI

product can be transferred fp the simulation output, the potential snow or ice cover before 2007 should be identified. For a

pixel in a specific ten-day period, if ice cover is reported by ASCAT-SWI in most years, it is also supposed to be covered by

{m’]lﬂ%?:e
{mﬂﬂ;@?:on

MBR T : t... the simulation output, the potential snow or ice
cover before 2007 should be identified. For a grid ...ixel in a
specific ten-day period, if ice cover is reported by ASCAT-

SWI in most years, it is also supposed to be potentially

. . . . R 7z if
snow/ice, unless the thaw state is observed jn the MEaSUREs Global Record of Daily Landscape Freeze/Thaw Status V4 {MB'?T !

{MF,%T: . However, if
dataset, The simulated soil moisture in the rainforests identified in the ‘ASCAT Constant’ js retained but not recommended

{MB@T:

due to fhe high uncertainty. On the other hand, to avoid error propagation with training times by ensuring a high-quality

training target for the next round’s simulation,, weemove,all suspicious values for every simulated result. This preprocessin;

step is performed by first,obtaining the maximal and minimum values of SMAP_E soil moisture in each pixel. If the simulated

B T : the ...haw state is observed according to...n the
MEaSUREs Global Record of Daily Landscape Freeze/Thaw

I U U O I U

value is out of the range of the SMAP data during 2015~2018, the value is considered suspicious and js notysed as a trainin

target. Subsequently, ‘30 denoising’ is performed again before the simulated soil moisture becomes secondary training target,

\{ Status V4 dataset., the grid is not masked.

which are referred to as SIM-1T, SIM-2T, and so on (‘SIM’ stands for the simulated soil moisture, the number after the hyphen

indicates the round of simulation, and ‘T’ means it is applied as training target; the temporal spans of SIM-XT and SIM-X are

the same, as shown in Figure 1).

2.2.3 Neural network design (2)- five rounds of simulations

Jhe 11 available microwave soil moisture data products with different temporal spans are incorporated, and they are also

utilized as fully as possible through up to 5 rounds of neural network-based simulations, with at least four different soil

moisture products retrieved from three sensors applied as predictors in each round (see details below). While increasing the

sources of soil moisture data inputs can be beneficial to_the training efficiency, the spatial coverage of the simulation_output

Js sacrificed because the overlapping area decreases with the increase in the number of soil moisture products, After all, most
products have missing data in specific regions (e.g., mountains, wetlands and urban settlements), and some sensors are even

unable to produce data at the global scale (TMI is limited to [N40°, S40°]; SMOS lacks data in Asia). To solve that dilemma,
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BT : are ...s retained but not reccommended due to larg

{ B T : for every simulated result

HiB& T : performed a preprocessing step called suspicious

value removal

MBE T : d...all the

& T : We ...btaininged

& T : thus ...s not included in

aBalsi 58

HB& T : the ... training target. Subsequently, ‘36

denoise’ ...enoising’ is performed again before the simulated

soil moisture becomes secondary training targets )
{ JB& T : A key characteristic of this study is that n }

IR T : Not only the 11 available microwave soil moisture
data with different temporal spans are all incorporated, but

they are also utilized as fully as possible through up to 5

rounds of neural network-based simulations

{ MIB&T: output

{ HiB& T : of more soil moisture products is smaller

{ B T: decreases with the increase in soil moisture data [%
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we classified all 0.1° pixels according to the available predictor soil moisture products over a 10-day period (for example. if /{ MERT: available ...oil moisture products with valid dat
{ MIBRT ¢ in it
‘ {m!"i%?: during
1 { HBR T : predictor

there are at most four soil moisture data inputs in one round, there should be 4+3+2+1=10 combinations). However, to avoid

onsidere

soil moisture simulation under snow or ice cover (Section 2.2.2), not all combinations are Then, corresponding to

;/\_/;/i

gach selected combination, an independent neural network, is trained. Eor data simulation in a 0.1° pixel, the most preferable

HHB& T : considered ...onsidered(see Section 2.5) while some

independent neural network is expected to be trained using all the available soil moisture data sources in that pixel. However, combinations are optional... Then, corresponding to

. L. . . . . lect inations... different ...n ind t 1
in the 1° zone where it is located, the subnetwork belonging to that preferable independent neural network may not exist due selected combinations. .. different ...n independent neura

networks are...is trained. Moreover, )

Then, an alternative subnetwork driven by the combination of fewer soil . -
MiF& T : f...r data a ...imulation in a 0.1° pixel, ...the most

moisture data inputs should be applied instead. Hence, we should determine the neural network collocation that is the best preferable independent neural network is expected to be

trained using all the available soil moisture data sources in

choice for gvery pixel. Apart from applicability, the relative priority order, of different neural networks was pbtained b

that pixel. However,if )

comprehensively considering the number and quality of input soil moisture products, the variety of sensors, the quantity of BIERT: ...the neural network driven by multiple predictor

training samples indicated by the number of 10-day periods, and the relative accuracy of the training targets (the training target soil moisture has no subnetwork in the zone where it is

located due to limited...imited valid pixels...ata points (seTﬁ
( MiB& T : which

MIBR T : a ...very specific

quality declines yjnonotonically: SMAP>SIM-1T>SIM-2T>SIM-3T>SIM-4T). Sometimes, the two mostJikely priorityorders

are given, with the simulation results of the corresponding two substeps integrated later. Specifically, when the LAI data

source changes, the division of a single round into several substeps is also essential. Based on these principles, five rounds of

MiB&T: ...of different neural networks should be

neural networks are designed as follows, with 8 substeps containing a total of 67 independent neural networks, The training

HHER T : ere
MBS T : determined

period for,each neural network and the simulation period for,each substep are shown in Figure 1 (below the timeline), and the

details are as follows: #iE& T : monotonously...onotonically: SMAP>SIM-

For the first round’s neural network (labeled as NN1), the potential training period is 2015D10~2018 (‘D’ is the ordinal of the #B& T : he priority order of independent networks cannot

10-day period, so ‘2015D10’ represents fhe period from April I to April 10" in 2015) because SMAP soil moisture data JERT : operations... are designed as follows, with 8

e

33833 NI

. . A L . . MBS T : of...each neural network and the simulation perio
during that period are applied as the training target, while ASCAT-SWI10 (abbreviated as ASCAT), SMOS-IC (SMOS)

MHB& T : 1...ed as NN1), the potential training period is
BETHER

{MB;%T: April 1% to 10 0of 2015

BRETHER

. . . X \ MR T : is...re applied as the training target, while ASC
Dbegins in 2014 are applied, whereas the other is 2012D19~2013 (substep2), for which GLASS LAI dataare used (note: because

R T : was...s further divided into two parts: one is

AMSR2-JAXA and AMSR2-LPRM-X (AMSR2-LPRM) are the fourgoil moisture products used as predictors (details are in

Tables S1~S2). Because all the four predictors have data since 2012D19, the potential soil moisture simulation period is

2012D19~2018, which s further divided into two parts: one is 2014~2018 (substep1), for which the PROBA-V LAI data that

ananalaal
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GLASS LAI covers the period from the beginning of our study period until, 2017, the training period for substep 2 is MR T:1 }

2015D10~2017),Please refer to, Tables S1~S2 for details, The simulation results of the two substeps (SIM-1-1 and SIM-1-2) BT : The first round of simulation has two substeps. In

substep 1, GEOV2 PROBA-V LAI data are used for soil

are combined as SIM-1, and then transformed into 2 secondary training target, denoted as SIM-1

In the d d of
111 Seeonce Tound o moisture simulation during 2014~2018 (note: the other 8

2825  simulation, the training target can be either SMAP or SIM-1T, while the soil moisture input data are ASCAT, SMOS, TMI- quality impact factors are applied as well) whereas in substep

2, the GLASS LAI are applied, and the simulation period is
2012D19~2013D36 (i.e., September 2012 to 2013; D is the
constrained by the common period of the four predictors (Table S3~S4). In the third round of neural network operation, the ordinal of the ten-day period). SMAP soil moisture is the

LPRM-X (TMI) and FY-3B-NSMC (FY). The simulation output, SIM-2, covers the period of 2011D20,-2012D18, which is

training target, while ASCAT-SWI10 (abbreviated as
ASCAT), SMOS-IC (SMOS), AMSR2-JAXA and AMSR2-
training periods are within the range of 2011D20~2017D36), while the predictor soil moisture data are ASCAT, SMOS, TMI LPRM-X (AMSR2-LPRM) are the four predictor soil

simulation period is 2010D16~2011D19, SMAP, SIM-1T and SIM-2T are combined and used as the training targets_(the

moisture products
2830 and WindSat-LPRM-X (WINDSAT). There are two substeps in round 3 that are, distinguished by whether the priority order

HB& T : (details are in...Tables S1~S2 for details)
of the jreural networks is determined mainly based on the training sample quantity and the training target quality, (SIM-3-1). |
‘ MERT:,

or by first considering the number of predictor soil moisture products, (SIM-3-2, Table S5~S8). Because these two methods ||

\ HHB& T : the... secondary training target (

F0) 1 bl R

emphasize different aspects of neural network quality, in some pixels, SIM-3-1 will be advantageous, but in others, SIM-3-2 { MEET: by
could be, better. Hence, an algorithm is devised to combine the advantages of both simulations (SIM-3), which is described in \\ ‘ { HEET:)
2835 Table S9. Next, the 4th round is for simulations during 2007D01~2010D15. SIM-2T and SIM-3T are gombined to be the ‘ \ ‘ MBS T : be ...MAP or SIM-1T, while the input
training target, and ASCAT, WINDSAT, TML, AMSRE-JAXA, AMSRE-LPRM-X (AMSRE-LPRM) and AMSRE-NSIDC are MBS T : spans from ...overs the period of 2011D20 to ...2
all applied as predictors (LAI data now come, from SPOT-VGT). Two substeps are also pieeded. In the first substep, neural ‘\\ \ ‘ MR : that }
networks are sorted by paying fhe greatest attention to the number of soil moisture inputs and the sensors they are derived B 7 : (..he simulation period is [—}
-

HHB& T : to be...nd used as the training targets (the training

from, while the training sample size and training target quality are prioritized to create an alternative estimate (Tables

MBRT: ...eural networks is determined mainly by ...

2840 S10~S13). Afterwards, SIM-4 is obtained by reasonably jntegrating these two results. In the final round, the soil moisture

o
173
e}

1 R BE

simulation is extended to as early as 2003. SIM-2T, SIM-3T and SIM-4T together are the training targets, while the predictor

HHB& T : being ...ombined to be the training targets

soil moisture data entering the neural networks consist of WINDSAT, TMI, AMSRE-JAXA, AMSRE-LPRM and AMSRE-

NSIDC (Table S14~S15). BT : included

|

YMF?T With
|
{

\ & T : more ...he greatest attention to the number of 5011[%

fHIB& T : estimation ... Tables S10~S13). Afterwards, SIM-H
(BEBTH#R: F 108 )
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2.3 Methods for the validation of surface soil moisture products

For the evaluation of global soil moisture data, the International Soil Moisture Network (ISMN) dataset (Dorigo et al., 2011;
Dorigo et al., 2013) is the most frequently used (Al-Yaari et al., 2019; Albergel et al., 2012; Dorigo et al., 2015; Fernandez-
Moran et al., 2017b; Gao et al., 2020; Karthikeyan et al., 2017b; Kerr et al., 2016; Kim et al., 2015b; Kolassa et al., 2018;
Lievens et al., 2017; Zhang et al., 2019), Because SMAP, the training target, is the soil moisture within 0~5 cm, the simulated
soil moisture is psed for that soil layer as well. Accordingly, the measurements used for validation are limited to <5 cm in

depth (e.g.. the Russian networks were not applicable for this reason). The quality flags of ISMN (Dorigo et al., 2013) are also

checked to retain only the ‘good quality” data. After data screening and processing (for example, in the case of high spatial

variability in,soil moisture, we excluded the pixels with average annual maximal water area fractions greater than 5%, see

Text S2), more than 100,000 10-day averaged soil moisture records acquired from 728 stations of 29 networks are selected

for validation of the soil moisture product, which as a, temporal resolution of, 10 days. More than 90% of the stations are

located in relatively flat areas with topographic complexity less than, 10%. The detailed information of these stations and the

periods of the data used are listed in Table S16, while the spatial distribution of these stations is shown in Figure 3, The major

w27 }
BTV }

{ MHIBR T : (Al-Yaari et al., 2019; Karthikeyan et al., 2017b)

{ IR T : supposed

{iﬂl]li,%?:of

IR T : whose... which as a ...temporal resolution ofis

{ MHBR T : ower than

MHIB& T : S...2... The major climate types of the sites are
determined from the updated map of the ...6ppen-Geiger
climate classification map (see Table 2 ... for the

descriptions...of each type ...

JHB& T : probably ...ften within the same 0.1° grid

climate types of the sites are determined from the K&ppen-Geiger climate classification_map (see Table | for the description, J“

(Kottek et al., 20006)).

Most ISMN networks are dense networks, as the stations are very close to each other, pften within the same 0.1° pixel, whereas

pthers are sparse networks (see Text S2 and Figure 3). In addition, various sensors are simultaneously operated at some stations.

Hence, to make full use of all fhe high-quality records, and to reduce the problem caused by the scale difference between

simulation and measurement, the site-scale 10-day averaged soil moisture data are further aggregated to a 0.1° pixel-scale by

ata (different stations or different sensors) within the pixel (Gruber et al., 2020),Specifically, if soil moisture

averagingall the d

is not simulated due to snow or ice cover, the corresponding measurement is ot useful. This process resulted in a final

// values within the same grid =

{ & T : some

&7 : S...2.... In addition, various sensors aa

{ MBS T : available
{ MBS T : good

L ET L UL

/| MBRT : grid...ixel-scale by averaging the same period’s

IR T : ....Specifically, if soil moisture is not simulated due
//'| to snow or ice cover, the corresponding measurement is
excluded.. .ot useful. This process resulted in a final

collection of ~40,000 grid

collection of ~40,000 pixel-scale 10-day period soil moisture records within the validation dataset.

The soil moisture datasets to be evaluated include the RSSSM product in this study (Remote Sensing Surface Soil Moistur

covering 2003~2018), SMAP_E (the primary training target, covering April 2015~2018), the longest record of satellitespased
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B T : simulated (satellite-based) soil moisture...SSSM
product in this study (Remote Sensing Surface Soil
Moisturehereinafter ‘SIM’... covering 2003~2018),

(the primary training target, covering April 2015~2018), the

longest record of existing ...atellite-derived




soil moisture; ASCAT-SWI (converted to volumetric fraction; data period is 2007~2018), the reanalysis-based soil moisture: MBRT: record... ASCAT-SWI (converted to volumetric [%

MBRT: s

GLDAS Noah V2.1 and ERAS-Land (data were resampled, 10-day averaged,and then evaluated during 2003~2018) as well

IR T : time series
MBRT : is

as the soil moisture datasets developed by combining both satellite observations and model simulations: CCI v4.5 and GLEAM

035 v3.3 (for v3.3a, the radiation and air temperature forcing data come, from ERAS, whereas for v3.3b, all meteorological data

. 5 X . . MBS T : is...only updated to...ot available September [%
are satellite-based, yet the data after September 2018 argpot available). The overall performance of any soil moisture product / [%

JHB& T : . The next step is the temporal pattern validation.
is first evaluated using all of the validation datasets, with Pearson R-square (R?) and RMSE values (unit: m*> m) adopted as

MERT: R

the main indicators. The next step is temporal pattern validation. For pixels with enough (>20) 10-day averaged in situ records,,

BB TR T R

MBRT: calculated

we compare, the estimated soil moisture during all periods against the corresponding measurements, with the calculated

040 Pearson correlation coefficient () and RMSE, Several supplementary indexes are also added, including bias, unbiased RMSE MERT: R

BB THER: F2E ER

BT, ... AR can better indicate the

(ubRMSE) and the correlation _coefficient between the anomalies (anomalies z, abbreviated here as ‘A.R’; A.R can better /

indicate the simulation accuracy of interannual yariations; soil moisture anomalies are calculated by Eq. 1). Next, we compare,

the means and jnedians of the above evaluation indexes for different soil moisture products and test, whether the differences { BES T : Then
are significant. Moreover, the relative performances of various products in different climatic zones are analyzed., Finally, we { MET:d
045  perform,spatial pattern validation. In detail. for every 10-day period, we compare,all the soil moisture measurements that are { MBRT:/
upscaled to 0.1° during that period with the corresponding estimated yalues, JThe_spatial pattern evaluation indexes include {ﬂﬂﬁ?: ed
the correlation coefficient (), RMSE, bias and ubRMSE values (Eq. 2). The relative superiority of all products during different MERT : climate ... limatic zones are [%
. . . . . . . { HIBR T : were
J0-day periods in a year, and the changes in,data coverage as well as data quality with time are also investigated.
e B SSMOK) BT Lo
SSM(k) = ————  (ny = 3); SSM is either estimated or measured
ny MR T : ed
050  SSM:surface soil moisture; k: the ordinal of 10 day period in a year; y: a year with measured SSM in k" 10 day period; ny:number of those { MEET:F

)
)
)
)
)
)
)
)
{Mﬁ?:were }
)
)
)
)
)
)
)
1

SSManom W, k) = SSM(y, k) — SSM(t)___ JHB& T : d...all the soil moisture measurements that were [%

SSMpom (v, t): the anomalies of surface soil moisture during the t** 10 day period in year y. Eq. 1 BT : soil moisture. ..alues data in all grids [%
Y™ SSM,; Y SSM. ; B T : with stations are evaluated by t...he spatial patteH

SSMest e 5 SSMact =Sist___actd (ng 2 20) y —
ng ng BE TR T R )

i: a grid with upscaled surface soil moisture measurements during a specific 10 day period; ng: the number of those grids in the globe

MiB& T : ,...RMSE, bias and ubRMSE values (Eq. 2). The [—}

MR T : of...data coverage as well as data quality with timH
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ubRMSEgpqiar = Jz?fl[(SSMesf,i — SSMyg) = (SSMese,; — SSMoce )12 /ng___(Eq. 2) g

:2.8 }

{
BT

}

2.4 Methods for the intra-annual variation analysis_of surface soil moisture

WERT

Because the original resolution of SMAP soil moisture is ~0.4° while that of most predictor soil moisture products is 0.25°

resolution of the surface soil moisture product (SIM) is 0.1°,

: It should be noted that although the nominal spatial

BT

he intra-annual variation analysis of RSSSM is performed at 0.5° resolution. We also exclude high-latitude areas (60°N~90°N

where the available data are limited due to frequent ice cover. Fourier functions can characterize jntra-annual variation well

(Brooks etal., 2012; Hermance et al., 2007). Therefore, for the remaining areas (60°S~60°N), based on a total of 36x16 (years)

=576 data points, we fit,the intra-annual cycle of soil moisture psing the Fourier function, with the period fixed to 1 year (36

robust if we aggregate SIM toof RSSSM was performed at
0.5° resolution.
soil moisture is ~0.4° while the resolution of most soil
moisture products to be calibrated and fused is 0.25°. Then,
Wwe also excluded the high latitude areas...(60°N~90°N) )

: the intra-annual variation analysis would be more

because the original resolution of SMAP

10-day periods). The number of terms is set to 1 unless the intra-annual cycle is obviously asymmetrical and can be much {Mﬁ?: the
RT:F
better characterized by a two-term Fourier function. Subsequently, the highest peak and lowest trough values of surface soil {M&?T
{ FBRT : ted
moisture as well as the corresponding locations in time (the ordinal of 10 days) are exported.
MB& T : by ...sing the Fourier function (probably the best

The direct driving factor of the variation in surface soil moisture is precipitation, for which we adopted the GPM IMERG

Precipitation V06- Ejnal Run data (Huffman et al., 2019). Apart from a direct correlation analysis, we also explore, the

choice for periodic function fitting(Brooks et al., 2012;
Hermance et al., 2007)

NI I N

times the number of positive values, the precipitation threshold is reduced by 1 mm until that condition is satisfied, This loop

MR T :

if each time when the number of negative values

relationship between the intra-annual cycles of precipitation and surface moisture psing Fourier fitting (the derived fitting “ﬂﬁ:T: )
MB& T : f...nal Rr
function is dropped if the adjusted R? is lower than 0.1), with the peak time difference in each 0.5° grid calculated (if both
BT
cycles have two peaks, the average locations of the two peaks are calculated). Because RSSSM jndicates the average soil
{ THIBR T : used
moisture condition during gvery 10-day period, we gvaluate, the surface soil moisture decline after 20 consecutive days (i.c., {M#T "
B 7 : the
two adjacent 10-day periods) without effective precipitation to explore the impact of dry periods on surface soil moisture. BB T : the .. ourier function to characterize the intra-anm
Effective precipitation is calculated by precipitation minus canopy interception, which is estimated by the modified Merriam B2 T : the simulated surface soil moisture...SSSM only :
canopy interception model (Kozak et al., 2010; Merriam, 1960), If the total effective precipitation within two consecutive 10- { IR T : studied }
day periods (20 days) is less than a given threshold (initially set to 10 mm), we gonsider that the soil moisture change in the MB& T : ten ...0 consecutive rainless [%
latter period compared to the previous period is mostly due to surface evaporation and percolation (capillary rise js negligible { MERT: that }
. S . R T bini }
(McColl et al., 2017)), and thus should be negative. Hence, for a 0.5° grid, if the number of negative values does not meet two { MER T - combining
MB& T : (the vegetation canopy cover and LA is acquireH
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is terminated when there are less than 36 available data points in dry periods,(the maximal number of data points is 576), and MR T: are...less than 36 ...the maximal number of data

points is 576), and then with
then ghe grid is excluded from the analysis. In desert areas, the random noise of the surface soil moisture product can hide the ‘J
t

MHIBR T : rainy ...et areas (e.g., rainforests), 20 days withou
signal of moisture changes, while in wet areas (e.g., rainforests), 20 days without effective precipitation seldom occurs, leading effective precipitation seldom occurs, leading to no results

L. . . . 3 over most regions
to no results over most areas. In the remaining areas, the intra-annual variation in the surface moisture loss during dry days

{ HHIBR T : places }
can be fitted by the Fourier function as well, which is then analyzed using the above methods.

{ HiE& T : SIM }

BT J
3 Results

{ MiEE T : SIM J
3.1 The neural network training efficiency: a comparison between RSSSM, and SMAP {ﬂﬂl’iﬁ?: R }

8% 7 : 2a...a). If only the grids ...ixels with d dat
To examine the training and simulation efficiency of the neural network, we compare, the simulated surface soil moisture SMER'T : 20...a). Ifonly the grids ...ixels with measured data
are considered, the consistency between RSSSMSIM

(RSSSM) with the training target, SMAP during April 2015~2018. The R? reaches up to 0.95, while the RMSE is 0.031 m*/m’ { BT is }

(Figure 4a). If only the pixels with measured data are considered, the consistency between RSSSM, and SMAP becomes even MR T : 2b...b). When validated against site measurements,

the R? and RMSE values are 0.46 and 0.083, respectively,
MR T : ng
MR T: As

stronger, with an R? 0f 0.97 and an RMSE of 0.016 (Figure #b). When validated against site measurements, the R* and RMSE

values are 0.46 and 0.083, respectively, for both RSSSM, and SMAP, (Figure 4c and 4d). All these findings justify the high

A

training and predictipn efficiency of the neural network set designed in this study.
MiBR T : 3..., RSSSMSIM...is just slightly lower than SMH

/
/
/
/
/
/
/
/
JFor temporal accuracy, according to Table 2, RSSSM, s just slightly lower than SMAP (the differences in the five indicators, %

SETHR: P R )
4 RMSE, bias, ubRMSE and A R, are all nonsignificant). Figure 5 indicates generally the same level of temporal accuracy for MEET:3 }
RSSSM,and SMAP under all climates. RSSSM, cannot adequately, characterize the temporal variation in soil moisture in the MBRT : the }
‘Dfc’ (snow climate, fully humid, see Table 1) region because the training target. SMAP, does not have a high temporal MER T : SIM....and SMAP under all climates. RSSSMSIM[H
accuracy Jn this area, probably due to frequent freezing and melting processes. { AR T : well }
i , . . BT 2 }

Next, we compare, the spatial accuracy of RSSSM, and SMAP. The spatial correlation of RSSSM, is somewhat reduced {
{ BT : there }

compared to the training target, while the RMSE is slightly increased (Table 3), indicating a subtle loss of detailed spatial {
MBRT:d }

information through neural network pperation. Because ISMN stations are mostly located in the middle to high latitudes of
// #HIB& T : SIM...and SMAP. The spatial correlation of [%
the Northern Hemisphere, Figure 6 shows that: 1) the accuracy of RSSSM, is highest in summers (growing seasons) and lowest / { T }
y BRT - -

in winters, which is jnherited from its origin, SMAP, probably due to the impact of freezing on soil moisture retrieval; and 2) / {ﬂﬂﬁ?: from MICrowave Sensors }
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RSSSM_ has a similar spatial accuracy as SMAP in most periods, except for May to June and November to December. MFRT : SIM...shares ...as a similar spatial accuracy as
SMAP in most periods, but the inferiority of SIM occurs
3.2 The accuracy comparison_between RSSSM, and_popular global long-term soil moisture products during...
BT SV
3.2.1 The data quality comparison between RSSSM, and the satellite-derived product
{ MR T : SIM
The satellite-derived global surface soil moisture product, ASCAT-SWI, now covers 12 years, 2007~2018. During that period, MB& T : SIM ...SSSM are 0.44 and 0.086, respectively

the overall R? and RMSE for RSSSM are 0.44 and 0.086, respectively (Figure 7), which appear to be,much better than those

(Figure 5...), respectively

B

., still better than

w57
for ASCAT-SWI (R?=0.33, RMSE=0.100). If the data period of SMAP (2015D10~2018) is excluded. the overall R” and RMSE {
WERT
for RSSSM are 0.43 and 0.087, respectively, which are still better than those for, ASCAT-SWI (R’=0.33, RMSE=0.1). However. W
%7

: 5...), the evaluation indexes including R

RSSSM overestimates soil moisture when it is low, which is a problem inherited from the SMAP product (Figure 4), and is a

(RETHR: FH 5

4
)
A}
4

HiERT

bit nonlinearly correlated with the measured values (Figure 7a).

for ASCAT-SWI (anomalies R

: SIM...are all significantly (p<0.05) better than those

According to the temporal validation results (Table 4), the evaluation indexes including y, RMSE, bias and ubRMSE for

(BT HR: T s

o3

RSSSM, are all significantly (p<0.05) better than those for ASCAT-SWI (anomalies ;- for RSSSM, is also higher, but not MR T

significant). The temporal accuracy of RSSSM,appears to be obviously higher in all climatic zones except for polar areas (Dsb,

Dwec and ET). Specifically, in arid areas (BWh and BWk), the temporal correlation coefficients for ASCAT-SWI are low and

even negative, but are high for RSSSM, (Figure 8).

temporal accuracy of RSSSMSIM...appears to be obviously
higher in all climatic zones except for polar areas (Dsb, Dwc
and ET). Specifically, in arid areas (BWh and BWk), the

temporal correlation coefficients for ASCAT-SWI are low

: SIM....is also higher, but not significant). The

. . - . - . . MR T
The spatial accuracy of RSSSM, is found significantly higher than ASCAT-SWI when any gvaluation index is considered /{

: SIM....is considered to be

mBT:

as well,

(Table 5). Moreover, the results show,that RSSSM, is generally superior to ASCAT-SWI throughout the year, especially during \{
il

BR7:

one ...valuation index is considered (Table 6...).

the growing seasons (Figure 9).
{ MBS T : all year round
3.2.2 The data quality comparison between RSSSM, and land surface model products {i]ﬂl’iﬁ?: 7
{ HiE& T : SIM
First, the overall accuracies of RSSSM,and GLDAS Noah V2.1 surface soil moisture data during 2003~2018 are compared. { =
B 7 : SIM

While RSSSM is nonlinearly correlated with measured soil moisture, the relationship between GLDAS soil moisture and the

T...e relationship between GLDAS soil moisture

measurements appears to be slightly, more ponlinear, resulting in a smaller R? of 0.39 and higher RMSE of 0.097 for GLDAS

/{Mﬁ%?:
mBT:

: abit

product compared to RSSSM (R”: 0.42; RMSE: 0.087. see Figure 10). When excluding the SMAP (training target) data period /{ BT

: is obviously ...onlinear, resulting in a smaller R?

the R? and RMSE for RSSSM are 0.41 and 0.089, respectively, which are,also superior to those for GLDAS (R* 0.37; RMSE:

{ilﬂl%ﬁ?:

NN
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0.099).

The higher temporal accuracy of RSSSM, than GLDAS can be justified by comparing the indicators including ;, RMSE and

HiB& T : supposed ..
RSSSMSIM.

.igher temporal accuracy of
..than GLDAS can be justified by comparing

the indicators including R

ubRMSE (Table ). The advantage of RSSSM, over GLDAS could be identified in almost all climatic regions, especially the [

RETHR: T 15t )

cold areas such as BWk, Dfa, Dfc, Dwc and ET (Figure 11), perhaps because the soil thawing and freezing processes are not

simulated well, ,The spatial accuracy of RSSSM, indicated by 7, RMSE, bias and ubRMSE, is found to be significantly higher

than GLDAS as well (Table 7). The spatial correlation of RSSSM, is somewhat higher than that of GLDAS during March to

May and September to November, and the spatial RMSE is lower all year round except for January and February (Figure J12).

ERAS-Land is a newly published reanalysis-based model product with 0.1° resolution. The overall quality validation (Figure

MHIB& T : 7...). The advantage of RSSSMSIM...over GLDAS
could be identified in almost all climatic regions, especially
the cold areas such as BWk, Dfa, Dfc, Dwc and ET (Figure
11), perhaps because the soil thawing and freezing processes
are not simulated well in those regions..

The spatial accuracy of RSSSM,SIM, which is..
R..

.indicated by

S2) reveals a frequent overestimation of soil moisture by ERA5-Land as well as a nonlinear relationship between the predicted

RE TR TR

=

,...1Is expected to be...ound to be significantly

and measured values. Accordingly, although the R? for ERAS-Land is 0.41, only slightly lower than that of RSSSM (0.42),

the RMSE for ERA5-Land, 0.123, which is much higher than that for, RSSSM (0.087) during their common period, Without

considering the SMAP period. the conditions,are the same (the R? for RSSSM and ERA5-Land are 0.41 and 0.38; the RMSE

values for these two products are 0.089 and 0.125. respectively). The temporal correlation jndicated byy and A.R is somewhat

higher, for ERA5-Land in general (Table S17), but in most cold areas (Dfa, Dwc and ET), the opposite condition occurs (Figure

\
S3a,,53d). The temporal ubRMSE values for RSSSM,and ERAS5-Land do not differ significantly, but RSSSM,usually performs
\

T:3
{mlﬁ?:]ust
MiB& T : SIM... the RMSE for ERA5-Land, 0.123, whlchl
HBRT : of
MERT: 0.123
MB&T: condition is

better in relatively arid places (Figure S3¢). While the relative temporal accuracies of RSSSM, and ERA5-Land are unclear,

MiB& T : indicators (...ndicated by R

(BB TR T

the spatial pattern of RSSSM, s more accurate than that of ERAS5-Land considering the significantly better spatial correlation,

T:) for ERAS5-Land are ...is somewhat higher than

RMSE, bias and ubRMSE (Table S18). The considerable advantage of RSSSM, over ERAS5-Land exists throughout the year,

. accuracy

especially during the growing seasons from March to November (Figure S4).

SIM

tis

MR T
MR T :
MR T

3.2.3 The data quality comparison between RSSSM and the soil moisture products derived from both satellite data and

model simulations

7 : SIM...ought to be...s more accurate than that of

HERT :

all year round,

CCl s a typical surface soil moisture dataset developed by combining satellite observations,and model simulations. However,

g

MR T: S5

validation against measurements indicates that the CCI product is not of very good quality; the overall R? is only 0.31 with an {

MHIERT : SIM

RMSE value of up to 0.095 (Figure S5, when the SMAP data period is excluded. the R and RMSE for CClI are 0.28 and 0.098 /{

MR T :s...

and model simulations. However, validation

lggglggglwlggglggluﬂ
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compared to 0.41 and 0.089 for RSSSM). The temporal pattern of RSSSM, indicated by y and RMSE, is found to be /{ME%T

: SIM...SSSM, indicated by R

-

significantly better than CCI (Table S19), and under all climate conditions (Figure S6). Our results indicate,that RSSSM,also | i 7:

shows,a consistently higher spatial accuracy than CCI, especially during the growing seasons (Table S20 and Figure S7).

CCI (Table S19), and under all climate conditions (Figure

supposed to be...ound to be significantly better than

BB TR T R

Next, we focus on the interannual change in data quality. According to Figure Jl3a~c, while the correlation coefficient for

raised compared to those after 2012. Though the data quality of RSSSM can hardly be maintained_as well, the degradation \ MR T :

OCCLIPICS

RSSSM does not vary significantly among different years, the RMSE and ubRMSE values in earlier periods are somewhat { BT
\
\

degree is much slighter than_that of CCI_The comparison of the spatial coverages of the 10-day scale RSSSM and CCI data \

8
)
SIM }
)
)

(rainforests are excluded) shows, that RSSSM covers all land surfaces except for permafrost, while fhe interannual variation

in coverage is,also negligible throughout the entire period (the intra-annual cycles of data coverages result from the changes

in frozen areas), which are preferable to CCI, whose data coverage before 2007 is limited (Figure J 3d),

GLEAM products also contain satellite information due to the assimilation of CCI data, but model simulation plays a much

more important role. By validation, the overall R? and RMSE values for the GLEAM v3.3a product (2003~2018) are 0.38 and

MR T :
SIM ...SSSM does not vary significantly among different
years, the RMSE and ubRMSE values in earlier periods are
somewhat raised compared to those after 2012. The main
reasons are as follows: 1) five rounds of simulations were
performed, with the output converted into the training target

of the next round’s neural networks. Hence, as the simulatifnﬂ

11a...3a~c, while the correlation coefficient for

0.142, whereas those for the v3.3b product are 0.36 and 0.13, respectively. Both estimates are nonlinearly correlated with and

BT

By comparing

are generally higher than the measured values (Figure S8). Therefore, with an R? of 0.42 and an RMSE of 0.087, RSSSM is

BB

SIM

, it is shown

:SIM ...

SSSM covers all land surfaces except for

: coverages’ interannual variation in coverage is

Rk

..Figure 11d...3d) and can thus ensure a Supposp

found to be superior to GLEAM v3.3a/b in general (if the SMAP data period is excluded, RSSSM’s R and RMSE values are B 1
0.41 and 0.089, respectively, which are,still better than both GLEAM v3.3a (R*: 0.35; RMSE: 0.141) and GLEAM v3.3a (R% 2::;
0.34: RMSE: 0.128)). The temporal and spatial accuracies of GLEAM products and RSSSM are compared in Tables S21~S24. MF,?:T
The advantage of GLEAM is its ability to characterize the temporal variations jn soil moisture, with higher temporal BT

: S9...8). Therefore, with an R? 0f 0.42 and an RM

33

gorrelation achieved in most climatic regions (Figure S9a and S9d). However, the main potential disadvantage is the obvious { WEET:, }
overestimation, which leads to significantly higher RMSE values than RSSSM in all regions and all periods (Figure S9b and fB& T : SIM ...SSSM are compared in Tables S21~S24. TH
Figure S10b). Moreover, the spatial pattern,of GLEAM products s, less convincing than that of RSSSM, considering the lower { BRT 2 of }
. . . : R } . i fIB& T : R ...orrelation achieved in most climatic regions [%

spatial correlation coefficients, especially in spring (March to May) and autumn (September to November) (Figure S10a).
R 7 : S...ring (March to M d aA [%

Therefore, the potential advantages of RSSSM can exceed those of GLEAM. \( iR 7 ring (March to May) and a
\[ fHIB& T : Slla...10a). Therefore, the potential advantages OH

In conclusion, surface soil moisture developed mainly based on land surface models (GLEAM and ERAS-Land) has high { :
& T : have }
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temporal accuracy, but their absolute values and spatial patterns are relatively unreliable, whereas RSSSM shows good BT SIM ...SSSM shows good performances in all
performances in all aspects. Generally, this study indicates that the expected order of data applicability among various global / aspects. Generally, this study indicates that the expected

order of data applicability among various global long-term
long-term surface soil moisture products is RSSSM (applicable to all studies)> GLEAM (suitable for temporal variation /

surface soil moisture products is SIM

studies)> ERAS-Land (applicable to temporal pattern studies)> GLDAS Noah V2.1 (somewhat applicable to all studies)> B T : studies of

ASCAT-SWI> CCI. The training R? of the previous neural networks designed for global surface soil moisture mapping is MEET: R

BETER: FH m
RETHER: iR
HiERT: 44

0.45~0.55, while the temporal ;7 and RMSE values against measurements are 0.52 and 0.084 (Yao et al., 2017), and the overall

2and RMSE are 02 and 0.113 (Yao et al., 2019). In this study, by elaborating the neural network, the training R is elevated
R y, by g g

to 0.95, with improvements also to the,temporaly and RMSE (0.69 and 0.08) as well as overall R* and RMSE (042 and 0.087)

HHBR 7 : with the
BETHER: T

values, In addition, our 10-day period average product is both spatially and temporally continuous pver 16 years, with a high

MIB& T : R ... and RMSE (0.69 and 0.08) as well as overall

(&BTHR: i 5t
machine Jearning,products.
ine Jeaming, produ W65
3.3 The spatial and temporal patterns of the calculated surface soil moisture \M%T’ also improved... In addition, our 10-day period

spatial resolution, and covers all land except for frozen ground, Hence, our product could be more useful than previous

average product is both spatially and temporally continuou:

L ;/;/1/\_/;/;/\_/;/;/ )

For the calculated global surface soil moisture, the spatial pattern averaged during 2003~2018 is shown in Figure J4a (the

:l

MB& T : it ...overs all land except for frozen ground (data

maps for separate months are shown in Figure S11a). The apove validation results show, that,except for RSSSM, GLDAS has MIBRT : -...carninged

sllal

the highest spatial accuracy, so the spatial map of GLDAS surface moisture is attached below (Figure S11b). By comparison, BT : 12 ...4a (the maps for separate months are sho

the spatial patterns of RSSSM and GLDAS are similar, but some differences also exist, (see the regions circled in red).

. . . . . . MiB& T : V.. .lidation results shows. ..that apart from...exc:
Obviously, RSSSM, has a higher spatial heterogeneity and, probably more reflections on wetlands and irrigated fields (e.g., the

{ MBS T : there also exist some differences
Hetao Irrigation Area in China), whereas GLDAS appears patchy in arid areas. The latitudinal pattern comparison in Figure
#iB& T : SIM...has a higher spatial heterogeneity and,

S12a also implies that RSSSM, contains more detailed spatial information. {

HIBR T : places
JFor the interannual variation, because the GLEAM v3.3a product is proven, to have the best accuracy in characterizing the .

fHIB& T : S13a ...12a also implies that RSSSMSIM
temporal anomalies of soil moisture, and also covers the whole world, this product is selected as the reference to justify our \{ B2 T : As f...or the interannual variation, because the

calculation. According to Figure S12b, both GLEAM and RSSSM support a significant rising trend in global mean surface MIBX T: which...and also covers the globe...hole world,

soil moisture during 2003~2018, while the average rates are both approximately,0.03 m* m™ yr' (Figure S12b). The spatial MIERT : around

MBR T : S13b

NI

—N
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patterns of the interannual trends in RSSSM and GLEAM are shown in Figure J4c~d, which are generally consistent. Soil

moisture gains are found over the border between the USA and Canada, as well as over Paraguay, Kazakhstan, Northeastern

and Southern China (the regions circled in blue), while soil moisture declines took place in North Asia and eastern Brazil (the
regions with red circles). The main discrepancy between the soil moisture trends predicted by the two products lies in Central
Africa, the Arabian Peninsula and northwestern Canada.

Because_the validation against measurements proves that the intra-annual soil moisture variation in the ‘Dfc’ climate region
cannot be captured by SMAP or RSSSM, the acquired intra-annual analysis results in this region are not considered. Over
low-latitude areas (30°S~30°N), surface soil moisture peaks in summers (seasons are opposite in the Northern and Southern
Hemispheres); however, in most of the midJatitude areas (30°S~60°S; 30°N~60°N) except for eastern Asia (i.e., east of the
Yenisei River), the soil moisture is high in winters (nongrowing seasons) and low in summers (Figure,l 5a and Figure S13a).
The intra-annual range of surface moisture is largest in the tropical monsoon climate regions, including the African savannas,
the Orinoco Plain, the Ganges plain and the plains in the Indochina Peninsula, as well as some seasonal frozen areas, whereas

it is lowest in arid places (Figure 1 5b; Figure S13b~c). Precipitation is a direct driver of surface soil moisture changes (Figure

Sl4a~b), and the intra-annual cycle of soil moisture often strictly follows that of precipitation as long as it exists (Figure I 5¢

and Figure S14c). Therefore, considering that precipitation is highest in summer at low latitudes, where plants often grow in

all seasons, whereas in the westerlies, rainfall is temporally even (eastern Asia is an exception perhaps due to monsoon and
topographic conditions) yet with much higher evapotranspiration in summer, the global intra-annual patterns of soil moisture
can be explained. The peak time difference between surface moisture and precipitation is approximately one 10-day period,
or six days on average at global scale (Figure | 5d), which is expected to be related to the ‘time lag’ effect. On dry days, the
fastest surface moisture decline is expected in summers when evapotranspiration is high. However, this study reveals that at,
midlatitudes, the opposite condition occurs: the surface water loss without rain is lowest in summer (Figure /5S¢ and Figure
S15a). Further analysis proves a positive correlation between surface moisture and its rate of decline, with y>0.8 over 85% of

the area (Figure S15b~c), indicating that because soil moisture in the westerlies is often high,in winters, the available surface

MR T : SIM

{
{
{m!lll%?: both
{M!IB,%T: area

HiER T : SIM

MERT: -

MERT: -

BT : 132

MBS T: S13a

BT : 13b

MiBE T : S14b

MBET: S15a

MBET: 13¢

MBS T : S15¢

BR T : in the

MR T: 13d

MBS T : one may expect

MIERT : in

BT : 13¢

Mpg 7T : Slea

MERT: R

RETHER: T R

IR T : places

water for evaporation and percolation loss is limited in summer, and plants tend to utilize water in deeper soil layers. When
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droughts occurred during a random period, the mean surface moisture decline is highest in the tropical monsoon climate

regions (Figure 1 5f). Therefore, if sufficient water during rainy seasons is lacking there, significant water loss (Figure S15d)

may destroy the local ecosystem.

4 Discussion and conclusions

In this study, an improved global long-term satellite-based surface soil moisture dataset, RSSSM, was developed mainly based

on 11 microwave soil moisture products. Our product is more comparable to the in situ,measurements at ISMN stations, than

Jnost existing popular surface soil moisture datasets. Our product is temporally gontinuous during 2003~2018, and covers the

whole globe except for frozen grounds (CCI has limited spatial coverage before 2007, when ASCAT data are, unavailable)

ensuring its applicability ta, global long-term studies or ecosystem modeling, However, the achieved accuracy (R*=0.42;

RMSE=0.087) for surface soil moisture is still Jower than that for many other terrestrial essential climate variables. The target

RMSE, for surface soil moisture set by GCOS is 0.04 m* m™, which is much lower than the value met in this study, indicating

the need to further improve the global soil moisture data quality. ,

Fortunately, this study provides a novel approach that has the potential to create increasingly better soil moisture products in

{Mﬁ?: 13f }

B T : if it lacks enough water during rainy seasons ...he;j

the ...

HBR T : ruin

| [i]ﬂllﬁ%?:smd }
[ )

fIB& T : new ...lobal long-term satellite-based surface soil

moisture dataset, RSSSM, was developed mainly by fusing{ﬁ
{ WERT: - }

B T : Through validation against ...easurements at ISMN

stations, our product proved to be superior to all...than the[—

{Mﬁ?:lt J

HiB& T : -...ontinuous during 2003~2018, and covers the

whole globe except for frozen grounds (CCT has limited

spatial coverage before 2007, when ASCAT data

areis...unavailable), ensuring its applicability toin... globalh

MR T :

...owever, the achieved accuracy (R?=0.42;

MBS T : what we have met

future. The RMSE and ubRMSE values in earlier periods are somewhat higher than those after 2012, which is because: 1) five

rounds of simulations were performed. with the output converted into the training target of the next round’s neural networks,

d to the past; and 2) the quality of microwave soil moisture

leading to a little error propagation as the simulation period exten

data is generally lower in earlier periods due to the relatively unadvanced microwave sensors with low signal-to-noise ratio

(SNR). However, due to the elaborate, design of the neural network set (localized networks, full use of 11 microwave soil

fHIB& T : ing...d to the past; and 2) the quality of microwav
| BBRT:D
{MB&%T: d

moisture products, the determination of quality impact factors and the organization of 67 independent neural networks), high

#iF& T : multiple rounds of simulation, various sources of.
THER T : ttle

training efficiency is achieved, resulting in limited, amplification of noise,and high maintenance of valid information during

(BBTHR: T 105
{MIL%T: provided

4.6 years of simulation, This method turns out to be better than the simple CDF matching algorithm, which may not efficiently

calibrate the low-quality soil moisture data retrieved from earlier sensors. The overall data accuracy of RSSSM is only slightly

lower than that of SMAP, the primary fraining target, ,Therefore, if microwave sensors with higher SNR or better penetration
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of vegetation canopy than SMAP are launched in the future (for example, the upcoming P-band microwave sensors (Etminan

et al., 2020; Ye et al., 2020)), we can develop a temporally continuous soil moisture dataset beginning in 2003 by using the

4045  soil moisture or Tb retrieved from the new sensors as the reference, This upcoming productjs expected to have even higher

HB& T : by using the soil moisture or Tb retrieved from the

accuracy than the SMAP product (we will update the complete RSSSM product then). In that sense, the data fusion algorithm new sensors as the reference, we can develop a temporally
continuous soil moisture dataset since 2003,

proposed here will be very meaningful in_the future.
{m!lll%?: which

Another way to improve global surface soil moisture data accuracy as well as the temporal resolution is to combine satellite-

based products with land surface models such as GLEAM. Remote sensing inversion can delineate more detailed spatial

4050 information on soil moisture, whereas yeanalysis-based models have advantages in characterizing temporal variations, and Hﬂﬁ?: the
even on a daily scale, except for irrigated croplands. Furthermore, because root-zone soil moisture is the direct factor { MBS T : influential
influencing, vegetation growth, it often plays a more important role than surface moisture in ecosystems; however, this factor, {WJ@T: of
cannot be obtained from microwave remote sensing. Hence, combining the advantages of observation and model simulation { T,
helps to improve the data accuracies of both surface and root-zone soil moisture. Unfortunately, while the CCI algorithm {m’]ﬂ%?: which
4055 integrates the disadvantages of both methods, GLEAM jncorporated only very limited pbservational information. We propose { BT : only
that one possible approach is to use the pixel-specific confidence range and the spatial pattern of satellite-based soil moisture { B T : observed
(e.g., our product: RSSSM)) to constrain the model parameters or add supplementary modules if necessary. In detail, RSSSM {ﬂﬂl’iﬁ?: grid
can be used as the initial surface soil moisture map. Then, after each time of soil moisture simulation in multiple layers (both {M@T’ SIM
root-zone and surface), the model efficiency is examined through a spatial correlation test between the simulated surface {MB'%T: SIM
4060 moisture and RSSSM. In addition, whether the simulated value falls within the confidence range (e.g., +20%) of that reported { BT : SIM
by RSSSM should also be tested. By recurrent adjustments, the model parameters in each pixel can be optimized. For irrigated { BT : SIM
croplands, if irrigation is not considered in the models, the simulated surface soil moisture will soon fall below the confidence { MBS T : grid
range, and the spatial correlation will also decline regardless of the parameters that are provided, Therefore, a well-designed {iﬂ*]l%?: 1o matter which parameters are given

e Je A Ju Joo A A A ) L L L L

irrigation module (Chen et al., 2019) should be introduced. Finally, for regions with massive human-induced land cover

4065 changes (e.g., afforestation), optical remote sensing should be applied for better estimation of evapotranspiration.
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5 Data availability

The global surface soil moisture dataset, RSSSM., is available at: https://doi.pangaea.de/10.1594/PANGAEA.912597 (Chen,
2020).
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Table 1: Description of the Koppen-Geiger climate classification types at all the selected ISMN stations.

Climate_Ko6ppen

General description

Aw
BSk
BWh
BWk
Cfa
Cfb
Csa
Csb
Dfa
Dfb
Dfc
Dsb
Dwc
ET

Equatorial savannah with dry winter
Steppe climate, cold and arid
Desert climate, hot and arid
Desert climate, cold and arid
‘Warm temperate climate, fully humid, hot summer
‘Warm temperate climate, fully humid, warm summer
Warm temperate climate with dry, hot summer
Warm temperate climate with dry, warm summer
Snow climate, fully humid, hot summer
Snow climate, fully humid, warm summer
Snow climate, fully humid, cool summer and cold winter
Snow climate with dry, warm summer
Snow climate with cool summer and cold, dry winter

Tundra climate
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fHIB& T : Table 1: The global surface soil moisture
products used in this study.
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Table 2: The mean and median value_s,of the five evaluation indexes (correlation coefficient: y, RMSE, bias, unbiased MEET:3

RMSE (ubRMSE), and the anomalies r (A.R)) on the temporal accuracy of the surface soil monsture simulated in this \ \

WETHR: T (PX) + PR (F4 Light)

udy (RSSSM) and_the other surface soil moisture products, when yalidated using the ISMN in-situ_measurements. \

‘ 5% 1+ val
Note: 1) for the comparison of RSSSM against the SMAP E (SMAP) product, the validation period is from April 2015 | IR T values

MERT: R

485 to 2018; 2) for the comparison between RSSSM and ASCAT-SWI (ASCAT), the period is 2007~2018; 3) the comparison

period for RSSSM and GLDAS Noah v2.1 (GLDAS), ERAS-Land (ERAS-L), CCI or GLEAM v3.3a (GLE-a) surface

fHIBR T : with the unit of m3 m-3

soil moisture product are 2003~2018; 4) the common period for RSSSM and GLEAM v3.3b (GLE-b) is from 2003 to |
September 2018.

WBRT: R

MERT :

Index RMSE bias ubRMSE AR

Product | RSSSM  SMAP | RSSSM  SMAP | RSSSM SMAP | RSSSM SMAP | RSSSM  SMAP -«

MBS T : simulated

BEBTHER: F LIV TH

RBTHER: F LV T

Median §{ 0.795 0.798 0.067 0.066 0.009 0.013 0.043 0.043 0.720 0.744
Product | RSSSM ~ ASCAT | RSSSM  ASCAT | RSSSM  ASCAT | RSSSM  ASCAT | RSSSM  ASCAT

MERT : SIM

Mean 0.687 0.561 0.079 0.095 0.002 -0.007 0.047 0.062 0.627 0.554 MiBRT: SMAP during April 2015~2018,

Median | 0735~ 0.627 | 0074  0.088 | -0.001  -0.010 | 0048 0062 | 0.654  0.595 BT : compared with

Product | RSSSM  GLDAS | RSSSM  GLDAS | RSSSM  GLDAS | RSSSM  GLDAS | RSSSM  GLDAS
Mean 0.689 0.613 0.080 0.091 0.001 0.028 0.047 0.051 0.620 0.519

MR T : site

Median 0.737 0.661 0.075 0.082 -0.002 0.029 0.048 0.049 0.661 0.567 BT : or

Product | RSSSM  ERAS-L | RSSSM  ERAS-L | RSSSM  ERAS-L | RSSSM  ERAS-L | RSSSM  ERAS-L MEET: or

Mean 0.689 0.734 0.080 0.112 0.001 0.082 0.047 0.050 0.620 0.648

MBRT : of

Median | 0.737 0.758 0.075 0.094 -0.002 0.073 0.048 0.049 0.661 0.672

AR

Product | RSSSM ~ CCI | RSSSM  CCI { RSSSM  CCI | RSSSM  CCI | RSSSM  CCI =<

[
(
|
[
[
[
[
|
Mean | 0756 0762 | 0.075 0074 | 0015 0016 | 0043 0043 | 0700  0.707 {
{
|
{
[
{
{
|
(R RE

o e e e A A A A U U A . . )

Mean 0.690 0.642 0.080 0.091 0.002 -0.002 0.047 0.049 0.620 0.530
Median 0.735 0.666 0.074 0.080 -0.002 0.006 0.049 0.047 0.658 0.552
Product | RSSSM  GLE-a { RSSSM  GLE-a { RSSSM  GLE-a | RSSSM  GLE-a | RSSSM  GLE-a

Mean 0.689 0.735 0.080 0.126 0.001 0.093 0.047 0.047 0.620 0.681

Median 0.737 0.771 0.075 0.119 -0.002 0.104 0.048 0.046 0.661 0.715
Product { RSSSM  GLE-b { RSSSM  GLE-b | RSSSM  GLE-b | RSSSM  GLE-b { RSSSM  GLE-b
Mean 0.688 0.729 0.080 0.117 0.001 0.077 0.047 0.046 0.618 0.670
Median 0.730 0.762 0.075 0.112 -0.002 0.091 0.048 0.045 0.659 0.705
490 MR T
Index A
Bl %

(B THR: T s
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Table 3: The jmean and median values of the four evaluation indexes (;, RMSE, bias, and ubRMSE) on the spatial
A2 L2 A}
pattern accuracy of RSSSM and the other global long-term surface soil moisture products (SMAP E, ASCAT-SWI, |

GLDAS Noah v2.1, ERAS5-Land, CCI, GLEAM v3.3a and GLEAM v3.3b) in every 10-day period. For each pair of v

BT : five

510 comparisons, the evaluation indexes are for the common period of the two products, which is the same as Table 2. The |
v —

abbreviations for the products are also the same as those in Table 2.

Index r RMSE bias ubRMSE -
Product RSSSM SMAP RSSSM SMAP RSSSM SMAP RSSSM SMAP
Median 0.655 0.664 0.082 0.081 0.019 0.019 0.080 0.078
Product RSSSM  ASCAT RSSSM ASCAT RSSSM ASCAT RSSSM ASCAT

Mean 0.636 0.561 0.087 0.102 0.005 -0.010 0.085 0.097
Median 0.650 0.572 0.086 0.100 0.007 -0.009 0.085 0.095
Product RSSSM  GLDAS RSSSM  GLDAS | RSSSM  GLDAS RSSSM  GLDAS

Mean 0.617 0.593 0.090 0.097 -0.005 0.035 0.086 0.087
Median 0.643 0.630 0.089 0.096 0.001 0.041 0.086 0.086
Product RSSSM  ERAS-L { RSSSM  ERAS5-L | RSSSM  ERAS-L { RSSSM  ERAS-L

Mean 0.616 0.575 0.090 0.125 -0.005 0.077 0.086 0.095
Median 0.641 0.633 0.089 0.125 0.001 0.082 0.086 0.092
Product RSSSM CCI RSSSM CCI RSSSM CCI RSSSM CCI

Mean 0.618 0.497 0.090 0.099 -0.004 0.003 0.086 0.093
Median 0.647 0.554 0.089 0.098 0.002 0.006 0.086 0.093
Product RSSSM GLE-a RSSSM GLE-a RSSSM GLE-a RSSSM GLE-a

Mean 0.617 0.576 0.090 0.139 -0.005 0.105 0.086 0.089
Median 0.643 0.616 0.089 0.142 0.001 0.112 0.086 0.088
Product RSSSM GLE-b RSSSM GLE-b RSSSM GLE-b RSSSM GLE-b

Mean 0.616 0.560 0.090 0.128 -0.005 0.088 0.086 0.090
Median 0.643 0.613 0.089 0.130 0.001 0.094 0.086 0.089
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Figure 1: The timeline figure showing the time periods of the soil moisture datasets and the ‘quality impact factor’
4535 roducts (e.g., LAI dataset) used in this stud

listed above the timeline), as well as the periods of data applied for the
training of the 67 independent neural networks and the neural network simulation outputs (i.e., simulated soil moisture)

of eight substeps (listed below the timeline).
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Figure 3. The global distribution of ISMN networks and stations.

a R?=0.95; RMSE=0.031 b R?=0.97; RMSE=0.016
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545

4550

Figure 4: Comparison between the neural network simulated surface soil moisture (RSSSVM) and SMAP data. The
scatter plots are between: (a) RSSSM and SMAP values at all pixels; b) RSSSM and SMAP values at only the pixels
with measurements; (c) RSSSM and the site measured soil moisture; and (d) SMAP and the site measurements during
April 2015~2018. All plots are represented as the point density on a logarithmic scale, while the units for,soil moisture

content and RMSE values are,m* m.
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Figure 5: Comparison between the temporal accuracy of RSSSM and SMAP in regions with different Képpen-Geiger
climate types. The four indexes are (a) z, (b) RMSE, (¢) ubRMSE and (d) Anomalies 7 (A.R). The lengths of the error

MERT:3

bars are 1.5 times that of the interquartile range, while the upper and lower boundaries and the central lines of the
boxes indicate the 75th, 50th and 25th percentile values, with mean values marked by ‘x’ (the forms of all the following

HiER T : SIM

4565 boxplots are the same).
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Figure 6: Comparison between the spatial pattern accuracy of RSSSM and SMAP in different 10-day periods_during

575  April 2015~2018. The three evaluation indexes are (a) r, (b) RMSE and (c) ubRMSE. The length of each box/error bar

is determined from the evaluation index values in three (January to March) or four (April to December) years.
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Figure 7: The overall data accuracy comparison between RSSSM and the ASCAT-SWI data product. The scatter plot
is between (a) RSSSM or (b) ASCAT-SWI soil moisture and the site measured values during 2007~2018. The unit of all

plots is the density of points on a logarithmic scale.
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Figure 9: Comparison between the spatial accuracy of RSSSM and ASCAT-SWI during different 10-day periods. The

evaluation indexes are (a) r, (b) RMSE, and (c) ubRMSE.
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Figure 10: The overall data accuracy comparison between RSSSM and the surface soil moisture simulated by GLDAS

Noah V2.1. The scatter plot is between the (a) RSSSM or (b) GLDAS soil moisture and the measured soil moisture

during 2003~2018.
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Figure 12: Comparison between the spatial accuracy of RSSSM and GLDAS during different 10-day periods. The

evaluation indexes are the same as those in Figure 7.
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Figure 13: Changes in the data quality and data spatial coverages of RSSSM and CCI soil moisture with year. The

interannual changes in (a) spatial correlation coefficients (r), (b) spatial RMSE, (c) spatial ubRMSE values, and (d) the

spatial coverages of 10-day period data of RSSSM and CCI.
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6 Annual mean surface soil moisture decline after 10 consecutive dry days
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a) Th atial pattern of the

time when surface soil moisture reaches its maximum in a vear (unit: 10 days, note that the seasons are opposite in the Northern and MERT : estima

630 Southern Hemispheres); (b) the intra-annual variation range of surface soil moisture; (c) the map of the correlation coefficient between ML T: declir

i

the intra-annual variations in precipitation and surface soil moisture (both are fitted by Fourier periodic functions); (d) the peak time

“ MIBRT : in
difference between the surface soil moisture and precipitation (unit: 10 days), with the frequency histogram shown as the inset; (e) the 10-

day period with the fastest surface soil moisture loss on rainless days_in every 0.5° grid over the world; and (f) map of the annual mean | =~ MIER T : over
surface soil moisture decline after 10 consecutive dry days (if assuming that the dry period occurs randomly throughout a year). / BT :
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