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Abstract: Regional soil moisture distributions and changes are critical for agricultural
production and environmental modeling. Currently, hundreds of satellite sensors exist with
different soil moisture observation capabilities. However, multi-sensor collaborative
observation mechanisms for improving regional soil moisture monitoring capabilities are
lacking. In this study, a Spatial pattern and Temporal variation law-based Multi-sensor
Collaboration (STMC) method is proposed to solve this problem. The first component of the
STMC method deduces the regional soil moisture distribution and variation patterns based
on time stability theory and long-term statistical analyses. The second component of the
STMC method detects potential anomalous soil moisture events and immediately triggers the
high spatial resolution sensor with the soonest pass-over time. In the detection phase, an
anomalous soil moisture judgment (ASMJ) algorithm and high temporal resolution sensors (the
Advanced Microwave Scanning Radiometer 2 (AMSR?2)) were utilized. Experiments conducted
in Hubei province, China, demonstrated that the proposed STMC method was capable of
accurately identifying of anomalous soil moisture conditions caused by waterlogging and
drought events. Additionally, we observed that the STMC method combined the advantages of
different long-term observation, high temporal, and high spatial resolution sensors
synergistically for monitoring purposes.
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1. Introduction

Soil moisture plays an important role in the exchange of energy and materials between the atmosphere
and the land surface [1-3]. Monitoring spatial and temporal changes in soil moisture is an attractive area
of research [4—6]. However, due to the heterogeneity of the surface soil moisture [ 7], monitoring regional
soil moisture in a timely and precise manner remains challenging [8]. So far, the capabilities of single
remote sensing sensors for monitoring soil moisture have been widely investigated and proven [9—-14].

Recently, more sensors have become available for soil moisture monitoring, including the Microwave
Imaging Radiometer using Aperture Synthesis (MIRAS) [11], the Advanced Microwave Scanning
Radiometer 2, and the Operational Land Imager sensors. According to the World Meteorological
Organization, up to 120 satellite-based sensors are available for measuring the soil moisture of the
surface around the world [15]. Therefore, the efficient use of these multiple sensors for enhancing
regional soil moisture monitoring, such as quality or timeliness, is a promising area of research [16,17].

Mainstream research studies have explored the methods of combining, assimilating, and fusing
multi-sensor data to promote monitoring capabilities [18]. These studies have taken advantage of data
from different sensors to avoid the limited capabilities of the data from a single remote sensor [19]. For
example, Prakash ef al. [20] used the Phased Array type L-band Synthetic Aperture Radar (SAR) and
the Moderate Resolution Imaging Spectroradiometer (MODIS) data by a new algorithm for soil moisture
retrieval in vegetation-covered areas. Hosseini and Saradjian [21] showed that the integration of optical
and SAR data (i.e., hybrid models) results in higher accuracy than single SAR models or optical models.
In addition, fractal theory was also used for pattern recognition [22] and soil variation modeling [23].
Data from multiple sensors can provide more quantified parameters or information for physical models
and semi-empirical inversion models. Thus, the Observed Data-based Multi-sensor Collaboration
method (ODMC method) is capable of monitoring regional soil moisture [19-21].

However, if the monitoring is only based on this ODMC method, it is not sufficient for promoting
the regional soil moisture monitoring capability to a higher level, because it only integrates
multi-sensor data in terms of the electromagnetic spectrum. There still exists some room for
improvement in terms of space and time.

With the wide acceptance of Sensor Web [24], earth observations have become more intelligent and
high efficient [25,26]. Sensor Web is defined as a web of interconnected heterogeneous sensors that are
interoperable, intelligent, dynamic, flexible, and scalable [27]. Thus, Sensor Web is a universe of
network-accessible sensors, sensory data and information. By connecting all sensors in a universal
network, the original isolated sensors become web-ready sensors. Thus, the data and information
generated by the individual web-ready sensors are interoperable and the sensor services are chainable.
Therefore, all sensors in this network can communicate and share information between each other, and
the subsequent observations can be optimized accordingly [28]. This feature is important for realizing
real-time Earth monitoring, which aims to detect potential emergencies more quickly than before.
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Actually, these new ideas in Sensor Web are one type of multi-sensor collaboration, because the sensors
cooperate with each other to accomplish one mission [28].

This type of collaboration idea has proved advantages for monitoring forest fire [29-31] and flood
disasters [32,33] during the last decade. In 2004 and 2006, NASA tested a multi-sensor collaboration method
based on MODIS, in situ sensors, the Advanced Land Imager (ALI) and the Hyperion on EO-1 [29,30].
High-frequency MODIS measurements were used to locate terrestrial events, such as forest fires, and
triggered high-resolution ALI or Hyperion sensors. In this experiment, EO-1 was driven by the
low-resolution MODIS to ensure that the observations could be made in a timely manner and to obtain
more focused images. In 2009, Liu et al. [31] proved that combining of MODIS and Formosat-2 based on
optimization during the sensor planning stage could be used to rapidly locate fire points during wildfires.
In 2013, the German Remote Sensing Data Center and German Aerospace Center proposed a MODIS and
TerraSAR-X collaboration method to identify and monitor the evolution of floods at an early state. Time
efficiency was achieved by using daily-acquired MODIS data to optimize the time-critical on-demand
programming of the high-resolution SAR acquisitions for detailed flood monitoring [32]. In 2014,
Lacava et al. [33] also demonstrated that the collaboration of MODIS and AMSR-E was helpful in a
timely detection and a near real time monitoring of flood.

Regarding the soil moisture domain, to our knowledge, no method exists that adopts this type of
collaboration method. This method attempts to use near real-time monitoring results from remote sensors
to determine potential soil moisture emergencies and subsequently to optimize high-resolution sensors.

All existing collaboration methods used to monitor soil moisture are classified as the ODMC method,
which utilizes observed data [18-21]. However, the promotion of monitoring capabilities during the
observation stage based on new types of collaboration ideas from Sensor Web has not been explored
yet. In addition, it is more difficult to monitor soil moisture changes than to monitor forest fires or floods
because soil moisture changes occur daily and anomalous events are difficult to define [34]. However,
when forest fires and floods occur, their distinguishing features can be detected easily [29-33].
Therefore, it is challenging to monitor soil moisture collaboratively.

In this study, we aim to explore new monitoring capabilities in the sensor observation (also called
scheduling) stage instead of in the data processing stage after observation. Therefore, a Spatial pattern and
Temporal variation law-based Multi-sensor Collaboration (STMC) method is proposed. In Section 2, the
STMC method analyzes the spatial pattern and temporal variation law in the field and design a multi-sensor
collaboration mechanism. Section 3 presents a soil moisture monitoring experiment and the results that
benefited from the STMC method. In addition, Section 4 discusses the advantages and limitations of the
STMC method compared with the ODMC and other methods. Finally, the conclusions and perspectives
are presented in Section 5.

2. STMC Method
2.1. Overview of the STMC

According to the timeline shown in Figure 1, all of the soil moisture observations and applications
can be divided into four phases, beginning with the observing phase and the ending with the application
phase. The STMC method tries to improve the time efficiency in the observing phase to maximize the



Remote Sens. 2014, 6 12312

observation capabilities based on different sensors. After remote sensing data are collected via STMC, the
ODMC method can help extract features and information in the data processing phase. Then, various soil
moisture maps can be generated based on the user-defined or pre-defined requirements in the next phase.
Subsequently, these products can be used in decision making for agriculture or environmental management.

Figure 1. The phases and concepts of the STMC method. The STMC method begins to
achieve collaborative observations during the first phase. The spatial-temporal analyst

models, judgment algorithms, and collaborative observing rules are important elements in
the STMC method.

Spatial-Temporal

Analyst Models
Phase I:

Multi-sensor Observing

Judgment Collaborative
Algorithms Observing Rules

Phase II:
Multi-sensor data
Processing

Observed Data based Multi-sensor Collaboration

( )

Phase Il

] Various soil moisture maps
Generating Products P

Phase IV:
Product application

Decision support for Agriculture/Environment

These models, algorithms, and rules in the STMC method are shown in detail in Figure 2. The inputs
required for the STMC method include the region of interest (ROI), the monthly precipitation from 2003 to
2013, and long-term observation data. The outputs of the STMC method include moderate- and
high-resolution soil moisture maps. The entire STMC method was divided into two parts:
(1) spatial-temporal patterns and temporal variation laws and (2) multi-sensor collaboration. The first
part was used to construct a soil moisture distribution foundation for the judgment algorithms, and the
second part was used to judge the anomalous soil moisture distribution and then organize the
multi-sensor. Sections 2.2 and 2.3 described these two parts in detail. The only preconditions of the
STMC method is that the vegetation type, terrain, soil composition, and cultivation method in study area
must remain stable.
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Figure 2. The flowchart of the proposed STMC method. The method is composed of two
parts, the spatial pattern and temporal variation law extraction and the multi-sensor
collaboration. Various remote sensors with different observation capabilities were
orchestrated. These sensors included long-term observation sensors, high temporal resolution
sensors, and high spatial resolution sensors.
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2.2. Spatial Pattern and Temporal Variation Law

After the ROI was defined, a long time series of remote sensing image data were collected for this
region. The obtained images were derived from long-term observation sensors, including the Advanced
Microwave Scanning Radiometer for EOS (AMSR-E) sensor onboard Aqua and the MIRAS sensor
onboard Soil Moisture and Ocean Salinity. These long-term sensors have an advantage in data continuity
and maturity. Thus, these sensors are quite suitable for extracting variation law over a long period. This
is the first type of sensor that was used in collaboration within the STMC method.

Based on these long sequence data, the temporal stability/persistence method was utilized to obtain
the spatial patterns of soil moisture distribution. Vachaud et al. [35] proposed the concept of time stability,
which characterizes the time-invariant association between spatial location and the statistical parametric
values of soil properties. In recent years, Jacobs et al. [36], Vivoni et al. [37], Zhao et al. [38], and
Schneider et al. [39] indicated the importance of the time stability method for extracting soil moisture
distribution trends. Therefore, data spanning a relatively long period, such as 120 images collected over

the last 10 years, can be used to ensure that the relative accuracy of the soil moisture stability law can
be deduced.
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The time-stable point assessment uses é.i, the volumetric soil moisture content (VSM) at location i
for each sampling date [37], to calculate the regional mean as follows:

n,

L3, (1)

[ i=1
where n: is the number of points (the total pixels in each image) on a givendate =1, 2, ..., N, (the total

number of sampling dates, such as 120), and 6, is the soil moisture value of one pixel. The mean relative
difference (MRD) (&) for each sampling point [37] is calculated as follows:

i:NZ v,i_ v (2)

The MRD of a pixel quantifies the pixel’s bias with time and identifies whether that location is wetter or
drier than the regional average. Then, the variance of the relative difference (o78)?) [37] is defined as follows:
1 &6, - 9’
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o

v

Small values of o7&)* indicate time stable locations at which the relative wetness remains similar
during the sampling period. Finally, the index of time stability (ITSi) [38] is computed from the mean
and variance as follows:

ITS, =8 +0(3)")" (4)

The ITS provides a single metric for identifying the best locations that can capture the changes
throughout the region. Using rank-ordered ITS;, the point with the highest time-stability is identified as the
one with the lowest ITS. An acceptable ITS threshold can be used to identify time-stable points (TSPs)
within a region that consistently replicate the mean soil moisture within an allowable degree of error.

By using the time stability model, the calculation of soil moisture values on these selected TSPs is
equivalent to the regional average soil moisture values. This time-stability based spatial pattern law is
the foundation of soil moisture judgment algorithms in the next collaboration rules. Of course, there are
many methods for judging variations in soil moisture. One simple solution is to compare the entire soil
moisture image with the entire normal soil moisture image. However, this method is time-consuming,
and the entire soil moisture image cannot be obtained if clouds present. The time stability method can
be used to overcome this limitation by selecting limited TSPs to represent the spatial-temporal
distribution of soil moisture over a long period. This method is important for obtaining a quick judgment
of daily soil moisture variations. Thus, the STMC method combines time stability theory with long-term
observation sensors.

Next, the STMC method calculates the temporal variation law of every TSP to obtain normal soil
moisture ranges for every month. The soil moisture distribution is controlled by climate (precipitation and
temperature), vegetation, terrain, soil composition, efc. Therefore, obtaining a normal soil moisture
distribution level for one area at a specific time is a complicated process. However, in humid areas and for
rain-fed arable lands, the soil moisture distribution is heavily influenced by precipitation. Thus, it is
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possible to derive soil moisture variation laws in these areas from mass historical precipitation data. First,

we analyzed the monthly precipitation over the last ten years to obtain the mean monthly precipitation (p):
N/

_ Zpi
=l 5
p=rr (5)

t

where NV: is the number of sampling months and p; is the amount of precipitation in month i. Then, the
anomaly precipitation for each month can be analyzed based on the precipitation anomaly percentage
(PAP) as follows [40]:

_ Db _;
PAP, _—]_) *100% (6)

where PAP; is the precipitation anomaly percentage of month i. Then, based on the PAP;, the 120 months
were classified into one of five classes, drought, weak drought, normal precipitation, light waterlogging,
and waterlogging months [40]. The rules of classification are shown in Table 1.

Table 1. Rules for classifying different months with different soil moisture values.

Classification Factors Classification Rules Resulting in Soil Moisture
PAP; <-20% Drought month Potential drought
—20% < PAP; <—-10% Light drought month Lower limit of normal soil moisture
—10% < PAP; < 10% Normal precipitation month Normal soil moisture month
10% < PAP; <20% Light waterlogging month Upper limit of normal soil moisture
PAP; >20% Waterlogging month Potential waterlogging

Given that precipitation has the largest impact on soil moisture, normal precipitation months result in
normal soil moisture levels. Weak drought months and weak flow months were chosen as the lower and
upper normal limits of the normal soil moisture range. When these thresholds determined no weak
drought months, the month with a PAP near —20% was chosen to calculate the lower limit. The same
process was performed for the upper limit. These thresholds in the classification rules can be adjusted
according to different study areas and requirements.

After analyzing the temporal variations of precipitation for every month during the last ten years, the
historical soil moisture variations can be obtained. The use of passive microwave satellite sensors for
estimating surface soil moisture values is a relatively mature and reliable technology. In addition, the soil
moisture retrieval capabilities of the AMSR-E and MIRAS were widely discussed and validated [41-43].
Therefore, the soil moisture map or soil moisture values in every TSPs for all months can be easily obtained.

For every month, ten soil moisture images were obtained during ten years. These soil moisture images
were classified into the five types listed above. When more than one weak drought images occurred
within the month’s ten images, all weak drought months’ images were fused into one image to produce
a synthetic lower limit of soil moisture for the TSPs. The same process was used for the images of all
weak waterlogging months. To avoid the impacts of extreme values, we chose the median soil moisture
value when fusing these images. Then, we applied this calculation from January to December. Finally,
the range of soil moisture variations for every TSP for every month was derived as the following data
range: [Lower limit, Upper limit]. The soil moisture was judged as normal if its value was in this range.
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Therefore, we obtained 12 variation ranges for every TSP. These ranges can be valuable for judging
potential drought or waterlogging crises.

To illustrate the above spatial pattern and temporal variation laws extraction more clearly, Figure 3
shows method details. In the next portion of the STMC method, the daily changes in soil moisture of a
single region are detected and evaluated based on this law.

Figure 3. The flowchart showing how the STMC method extracts the spatial pattern and
temporal variation laws based on long sequence remote sensing images and historical
precipitation data. One parameter of 200 x, 200 y, 200 m, 200 n, 200 a, 200 b, 200 c, 200 d,
200 e, 200 1, 200 g, and 200 h represents one year between 2003 and 2013.
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2.3. Multi-Sensor Collaboration

After the spatial pattern and temporal variation law of soil moisture was established for the ROI, other
sensors with different observation capabilities were then orchestrated to monitor the regional soil
moisture contents.

First, the STMC method takes advantages of high temporal resolution sensors to achieve near
real-time monitoring. The Advanced Microwave Scanning Radiometer 2 (AMSR2) onboard the GCOM-W
satellite can measure microwave emission from the surface. The antenna of AMSR2 rotates once per 1.5 s
and obtains data over a 1450 km swath. This conical scan mechanism allows AMSR2 to acquire a set of
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daytime and nighttime data with more than 99% coverage of the Earth every 2 days. In addition, the
AMSR?2 instrument is a dual polarized total power microwave radiometer system with six frequency
bands ranging from 7 GHz to 89 GHz [44]. Therefore, the AMSR2 contributes to daily soil moisture
monitoring, regardless of cloud cover during the day and night. Thus it provides a more powerful near
real time monitoring tool compared with other optical sensor (i.e., MODIS) in areas with heavy rainfall.
This is the second type of sensor that we collaborate in the STMC method.

After obtaining a moderate-resolution map of soil moisture for one day, a judgment algorithm is
triggered to determine whether the determined soil moisture distribution corresponds with the soil
moisture distribution law. Because of the TSPs and variation ranges derived in the first part, the judgment
algorithm only requires checking the soil moisture values of these TSPs. In the STMC method, the
anomalous soil moisture judgment algorithm (ASMJ algorithm) determines and locates the areas with
anomalous soil moisture. The ASMIJ algorithm is illustrated in Figure 4.

Figure 4. Details regarding the ASMJ algorithm. The TSPs and variation ranges are used to
judge the normal or anomalous soil moisture distributions in the region. The change detection
is used to target the anomalous areas. The role of the ASM1J algorithm in the STMC method is
illustrated in the lower left. The parameter m is the number of TSPs whose values are against
normal soil moisture value ranges. And the parameter # is the total number of TSPs.
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First, the ASMIJ algorithm obtains the soil moisture values of n TSPs. Next, it compared these values
with the normal variation ranges ([Lower limit, Upper limit]) of the given month for every TSP. By
examining these ranges and values, the number of points with values outside of the expected soil
moisture ranges was m.

Then, a threshold (n/3) was used to judge how many anomalous soil moisture values existed in the
region. Of course, this threshold could be adjusted according to different monitoring requirements. For
example, if the region has a high priority and the region’s dynamic soil moisture changes must be
monitored more carefully, then the threshold can be set to n/5. Here, n/3 was chosen to balance efficiency
and cost.

When m < n/3, no anomalous soil moisture areas are found in the region. Therefore, the former
moderate-resolution soil moisture map is adequate for regular monitoring. However, when m>n/3, an
anomalous soil moisture distribution occurs in the region.

To avoid short-duration anomalous soil moisture events, a threshold (p) was added to account for the
time duration of anomalous soil moisture events. When p < 3, the event only features temporary
anomalous changes over a short period. However, when p > 3, the soil moisture levels have exceeded
the normal ranges for more than three days.

Once the soil moisture levels have exceeded the normal ranges for more than three days, a change
detection method is used to compare the daily soil moisture map with the lower-limit fused map and the
upper-limit fused map. Following this change detection process, the anomalous areas, including drought
and waterlogged areas, are located. Therefore, the ASMJ algorithm judges and targets the locations of
anomalous soil moisture areas.

If the ASMJ algorithm detects anomalous areas successfully, high-resolution/capability sensors are
immediately triggered to obtain detailed soil moisture data for the targeted areas. High spatial resolution
optical sensors and SAR sensors can provide more detailed and accurate soil moisture monitoring capabilities.
However, their swaths are relatively narrow and their return cycles are relatively long. Therefore, scheduling
a high-resolution satellite sensor to monitor regional soil moisture is expensive in terms of observation
opportunities and cost. Thus, with the help of moderate AMSR2 sensor, high-resolution sensors can be
utilized efficiently. Hence, these high-resolution sensors are the third type of sensor we collaborate in
STMC method.

Based on the ASMJ algorithm, the STMC method selects and sends an observation request to
high-resolution sensors (such as the sensors onboard TerraSAR-X, Radardsat-2, and GF-1) for the right
time and place. This selection criterion is flexible. For example, the STMC method can choose the
nearest satellite sensor that can pass the target area within the shortest time. Therefore,
a high-resolution soil moisture map can be obtained quickly. Under other conditions, the STMC method
can also choose the low cost high-resolution sensor. Anyhow, this timely high-resolution map can
provide detailed information for decision makers to analyze and handle anomalous changes of regional
soil moisture.

Therefore, the ASMJ algorithm in the STMC method solves three monitoring questions: (1) how to
determine anomalous soil moisture changes (TSPs and m), (2) how to identify a severe soil moisture
event (p), and (3) and how to extract anomalous soil moisture areas (change detection). These
collaborative sensing rules balance the multi-sensor observation order and selection in terms of moderate
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spatial resolution sensors with a high return frequency and high spatial resolution sensors with a low
return frequency.

3. Study Area and Dataset

As shown in Figure 5, the study area (Hubei province) is located in the easternmost region of Central
China (108°21'E-116°07'E longitude and 29°05'N—-33°20'N latitude). The Jianghan Plain takes up most
of central and southern Hubei (20%), and hills (24%) and mountains (56%) are present in the west and in
the peripheral areas. Hubei province is approximately 185,900 km? and contains 57.79 million people.
This area has a subtropical humid monsoon climate with obvious continental climate features, and
1110-2150 sunshine hours. The annual average precipitation varies from 814.5 mm to 1627.0 mm, and its
annual average temperature varies between 15 °C and 17 °C. In 2013, the GDP of Hubei province was
2466.849 billion, with 309.816 billion added by the first industries, such as farming, forestry, animal
husbandry and aquaculture. Therefore, Hubei province is often called the “Land of Fish and Rice”.

Figure 5. The experimental region (Hubei province) and land use. The western portion of
Hubei province is covered by mountains and hills, and the eastern portion is covered by
farmland. In addition, two rivers (Yangtze River and Hanjiang River) flow through this
region. The black points indicate in situ meteorological stations for measuring soil moisture
at the surface.
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However, Hubei province is seriously affected by soil moisture related disasters, such as droughts
and floods. In 2011, the great drought resulted in up to 7.47 billion in economic losses in Hubei province,
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with affected an area of more than 667, 000 hm?. Therefore, the distribution and variation of soil moisture
in Hubei province is important for supporting agricultural and for environmental decision-making. The
STMC method was tested in this region to improve soil moisture monitoring based on multiple sensors
from May to June 2014.

Overall, 120 images of Hubei province (the ROI) were collected from 2003 to 2013. These data were
made up of AMSR-E and MIRAS images. The AMSR-E antenna stopped spinning on 4 October 2011. Thus,
MIRAS was used to ensure that the ten-year soil moisture images were complete. To avoid
multi-scale problems in daily soil moisture judgment with AMSR2, these data resampled to 30 km. To
avoid the influences of soil moisture changes between day and night, all of the data were obtained from
the morning pass (approximately 9:30). Based on these long-time series of microwave data, the spatial
pattern and temporal variation laws of the soil moisture in the study region were obtained.

In Table 2, the monthly precipitation data in Hubei province were obtained for 2003 to 2013. These
precipitation data were provided by the meteorological bureau of Hubei province. The temporal variation
law of soil moisture in the study region was deduced from the monthly precipitation data.

Table 2. Monthly precipitation in Hubei province from 2003 to 2013.

Monthly Precipitation in Hubei Province (mm)

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.
2003 46.1 57.4 77.4 1385 1712 2272 210.1 141.0 76.0 68.9 51 253
2004 30.9 453 68.1 1256 186.6 2159 189.0 113.9 83.1 74.8 47.4 17.1
2005 31.1 534 104.8 1259 1378 178.8 1943 107.2 74.8 87.5 68.7 22.7
2006 384 40.3 78.5 76.3 1049 1472 1975 62.6 81.2 56.8 46.5 19.6
2007 447 48.6 85.6 140.2 94.2 187.5 1544 1138 88.6 76.3 56.1 51.9
2008 25.1 66.5 88.9 89.4 118.7 2844 988 99.4 77.5 101.7 62.4 44.5
2009 24.0 57.9 104.2 1232 1115 1779 2047 79.6 74.9 74.6 31.0 394
2010 47.2 62.8 91.6 1109 1633 272.6 1882 130.5 112.8 96.8 65.3 45.7
2011 42.8 39.6 84.7 84.2 1149 1083 1173 1248 87.3 68.5 21.6 29.8
2012 12.4 41.5 93.0 1298 1746 2275 178.1 99.6 89.6 55.7 54.9 38.4
2013 34.6 50.3 87.2 95.4 177.7 189.3 1342 1109 67.2 45.5 56.8 29.2

Year

4. Experiment Results
4.1. Spatial Pattern Law of Soil Moisture

If a region exhibits time-stable characteristics, these TSPs can offer an efficient way to represent the
spatial distribution of soil moisture in this region. Based on the analyses of 120 soil moisture images
between 2003 and 2013, Figure 6 shows time-stability characteristics (MRD) (ranked from the smallest
to the largest) and the ITS values for pixels in the region.

The pixels/points with negative MRD values consistently underestimate the region average. While
the points with positive values consistently overestimate the regional average. These results indicate that a
number of satisfactory TSPs are available for this study region. Three points with ITS values near zero were
chosen to represent the regional average soil moisture contents in the study region. Figure 7a shows the
locations of the selected three TSPs in the region. It was found that these three TSPs, named TSP1, TSP2,
and TSP3 were located in the middle area between the hills and lakes. According to Jacobs et al. [36] the
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time stability of points with mild slopes and moderate to moderately high clay contents consistently
exhibited stable features. In the study area, the yellow brown soil is widely distributed across the
farmland. Therefore, our findings are consistent with the former research.

Figure 7b shows that the agreement of volumetric soil moisture (VSM) in TSPs with regional mean
VSM. It was found that, the majority (86.1%) of the 72 checkpoints lay between the —4% error line and
the +4% error line. Therefore, these TSPs provide an accurate estimation of the mean field value with
low variability and a small bias.

Figure 6. Rank-ordered MRD of the volumetric soil moisture and ITS for 150 points in the study
area from 2003 to 2013. The vertical bars correspond to the associated MRD standard deviations.
The light grey curve indicates the ITS, and the labeled points have the minimum ITSs.
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Figure 7. (a) The locations of the selected three TSPs in the region. (b) Comparison of the
regional mean soil moisture versus the soil moisture values of the three TSPs.
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4.2. Temporal Variation Law of Soil Moisture

The p and PAP values of every month between 2003 and 2013 were analyzed and were shown in
Figure 8. It was found that the precipitation variations of every month were different, but the PAP was
used to help classify these months into different types. According to the classification rules shown in
Table 1, the normal variations ([Lower limit, Upper limit]) of every TSP were derived from the soil
moisture values during the weak drought months and weak waterlogging months. For example, the lower
limit of the variation range in January was calculated from the soil moisture in January 2004, whereas
the upper limit occurred in 2006. The lower limit of the variation range in February resulted from the
fusion of the soil moisture data from 2004 and 2012, whereas the upper limit resulted from the fusion of
the soil moisture data from 2003 and 2009.

Figure 8. Monthly precipitation, the monthly mean precipitation (MMP) line, the 20% PAP
line, the 10% PAP line, the —10% PAP line, and the —20% PAP line from 2003 to 2013.
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Therefore, the variation range of every TSP in every month was calculated. Figure 9 shows the soil
moisture ranges for TSP1, TSP2, and TSP3. For example, if soil moisture value of TSP1 is between 11%
and 21% in January, it is judged to be normal soil moisture in this TSP. Similarly, if soil moisture value
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of TSP1 is not within 14% to 34% in July, the soil moisture distribution in this study region may be
anomalous. In addition, the variation scales were different in different months. For example, the
variations ranges in December, January, February, and March were smaller than in July and August.
This result is related to the more static meteorology conditions in the spring and winter and to larger
precipitation variations and higher evaporation in the summer. Overall, the variation ranges in these
three TSPs were very similar.

Figure 9. Variation range of every TSP for every month.
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4.3. Multi-Sensor Collaboration for Hubei Province Soil Moisture Monitoring

From May to June in 2014, the STMC method was used in the study area. The daily AMSR2 image
was used to extract the soil moisture values of the three TSPs. Then, the ASMJ algorithm was utilized
to judge the anomalous soil moisture events. The details of the ASMJ algorithm result are illustrated
below in Figure 10. The m and p parameter values varied during the study period. According to the
judgment rules defined in the ASMJ algorithm, when p > 3, the soil moisture distribution has remained
anomalous for a relatively long time. In Figure 10, anomalous distributions were detected seven times
(red dots): 7 May, 10 May, 13 May, and 5 June, 8 June, 14 June, and 24 June.

Figure 10. The m and p values of the ASMJ algorithm between May 2014 and June 2014.
Long durations of anomalous values of m resulted in the value of p that were greater than or
equal to 3. Then, an anomalous soil moisture event was detected and high-resolution satellite
sensors were triggered. Overall, seven times (red dots) were judged to be anomalous soil
moisture events.
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In Figure 10, from 1 May and 7 May it was observed that the value of m increased from 0 to 3. This
increment resulted in a value growth of p. When p reached 3 on 7 May, the STMC method indicated that
an anomalous soil moisture distribution event occurred. Under this condition, a high-resolution
observation request was triggered. After 7 May, the value of m varied between 2 and 3, which indicated
that the anomalous soil moisture distribution still existed in Hubei province. Therefore, two high-resolution
observation requests were triggered on 10 May and 13 May. According to the historical weather data,
a heavy rain event occurred between 9 May and 11 May in south and east of Hubei province (Xianning City,
Huangshi City, Ezhou City, etc.). The daily precipitation was between approximately 100 and 150 mm.
This event caused the waterlogging in this region. After the rainfall decreased, the soil moisture returned
to normal. These results showed that the ASMJ algorithm was of value to capture the soil moisture
variations in the region.

Between 14 May and 4 June, it was found that the value of m fluctuated. For example, the value of m
was 2 on 16 May and 3 on 17 May. This change indicated that the soil moisture content was temporally
anomalous. However, the duration of this anomaly was short, and m decreased back to 1 on 18 May.
According to historical weather data in Hubei province, a moderate rain event occurred on 16 May and
17 May that stopped on the 18 May. In addition, on 25 May, heavy rain occurred west and north of
Hubei province (Yichang City, Xiangyang City, and Xiaogan City). Therefore, the dynamic soil
moisture level can be efficiently detected by using parameter m, and the p parameter is valuable for
determining relatively long-duration changes. This character is useful for filtering temporally short soil
moisture fluctuations and for reporting more critical anomalous soil moisture distribution alerts.
Of course, the threshold of p can be adjusted according to different user requirements.

From 2 June to 15 June, it was found that the value of m increased from 1 to 3, and the value of p
increased to 3 on three different occasions. This pattern indicated that the situation of anomalous soil
moisture existed for a long time. Therefore, three high-resolution sensor-planning requests were
triggered to obtain detailed observations for this region. After 15 June, the value of m decreased, and the
soil moisture returned to its normal levels or temporal anomalous. In addition, on 24 June, the soil
moisture distribution was judged as anomalous again. Based on historical weather data in Hubei province,
no rain occurred in this region from 2 June, and the average temperature reached up to 30.5 °C, especially
in central area. Consequently, a small drought occurred and was successfully captured by the ASMJ
algorithm. From 16 June to 21 June, the majority of Hubei province was covered by clouds and
experienced light rainfall. These weather changes reduced the impact of the drought.

To illustrate which sensors were used in this multi-sensor collaboration experiment, a visualization
of the seven timelines for the seven collaboration scenarios was shown in Figure 11 (from top to bottom).
Each scenario’s timeline features daily AMSR2 acquisition time points and the observation time points
obtained by high-resolution sensors with the soonest pass-over time.

It was found that the daily AMSR2 sensor cooperated well with the high resolution sensors to obtain a
quick and fine look on the targeted area. For example, in scenario 1, the soil moisture in the study region
was judged to be anomalous after analyzing the daily AMSR2 data with ASMJ algorithm on 7 May. Then,
the STMC method selected and requested high-resolution sensors to monitor the targeted area.
TerraSAR-X was chosen to perform rapid data acquisition immediately. Therefore, high-resolution soil
moisture maps were obtained by using the TerraSAR-X SAR sensor on the following day. One benefit
of this collaborative monitoring rule is that, the high-resolution TerraSAR-X data values are increased



Remote Sens. 2014, 6 12325

due to the urgent demand for detailed regional monitoring data. Besides that, the time delay by obtaining
these multi-scale remote sensing data is shortened by this automatic driven mechanism. The STMC
method only required about 24 h to 72 h from the detection of anomalous soil moisture conditions to
high-resolution soil maps in this experiment.

Figure 11. An overview of the local time points of the daily AMSR2 acquisitions and
high-resolution data acquisitions in the study area.
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Figure 12. The moderate- and high-resolution soil maps were obtained by using the STMC
method on 5 June and 7 June.
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For these seven scenarios, high-resolution remote sensing data could not be acquired effectively without
identifying the anomalous soil moisture areas using the ASMIJ algorithm. Of course, although SMTC
method chosen the high-resolution sensors with the soonest pass-over time, some scenarios with time
intervals of approximately 48 h were observed. As soil moisture-related disasters, such as waterlogging or
drought have slow onsets. Therefore, this time lag is acceptable for monitoring soil moisture.

Finally, high-resolution soil moisture maps were obtained to support agricultural and environmental
decision-making. Figure 12 shows the moderate-resolution soil moisture map of the study area that was
mapped on 5 June, and shows one anomalous area that was detected by the ASMJ algorithm. Then, the
high-resolution soil map was produced by the wide field camera aboard the GF-1 satellite on 7 June,
which had a spatial resolution of 16 m.

S. Discussion
5.1. Accuracy Test of Daily AMSR2 Monitoring

The accuracy of daily AMSR2 L3 soil moisture products is important for judging the anomalous soil
moisture distribution in the ASMIJ algorithm. Therefore, we tried to evaluate the accuracy using
in situ observation data. As shown in Figure 5, 45 in situ meteorological stations were distributed over
the study area and were used to measure soil moisture at a depth of 5 cm. We collected these in sifu data
at 10 a.m. every day from 1 May to 31 June. Then, the Pearson’s correlation analysis was conducted
between the ground truth mean VSM and AMSR2 VSM. In Figure 13a, the analysis showed that the
Pearson’s correlation coefficient was approximately 0.96. These results suggested that the quality of the
AMSR?2 L3 soil moisture products was good, which was a solid foundation for the STMC method. From
Figure 13b, it was found that though high correlation (R? = 0.9174) was between these two data, the
AMSR? slightly underestimated soil moisture.

Figure 13. (a) The correlation analysis of mean VSM of ground truth and AMSR2.
(b) The regression line and 1:1 line based on mean VSM of ground truth and AMSR2.
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5.2. Comparison with the ODMC Method

After successfully obtaining data from multi-sensor in the above experiment, the traditional ODMC
method can continue to utilize these multisource images. It is important to compare these two methods
from several factors. The targeted phase, method input, focus object, method output, and the headroom
of ODMC and STMC methods are summarized in Table 3.

Table 3. Approaches comparison between the traditional ODMC method and the proposed
STMC method from five aspects: phase, input, focus, output, and headroom.

Aspects ODMC Method STMC Method
Phase Data application Data acquiring
Input Multi-sensor’s data Multi-sensor’s Observation capabilities
Focus Assimilation model, fusion algorithms Observation strategy

. . More efficient and timely multi-sensor’s
Output More valuable processed data or information . ]

raw data or information

Headroom Middle High

It was shown that the ODMC method took advantages of various data and provided more valuable
data for applications than a single data resource. In the above experiment, the ODMC can fuse these
multi-scale images or assimilate these soil moisture values into models. However, the proposed STMC
method focuses on the sensor observation stage to achieve collaborative observations. Therefore, the
aim of the STMC method is to enhance the utilization efficiency of various sensors with different
observation capabilities. In the above experiment, the STMC method was demonstrated as a new
collaborative soil moisture-monitoring scheme with diverse observation capabilities.

Therefore, the “collaboration” in the STMC method represents a new observation strategy contributed
by multiple sensors to determine the regional soil moisture. The values of multiple sensors are limited if
we think of them as individual sensors. Therefore, the STMC method attempts to organize the multiple
sensors based on analyst models, judgment algorithms, and collaborative observing rules. In this way,
the different capabilities of different sensors can be mutually complemented and act as one powerful
sensor. This type of collaboration is remarkably different from the collaboration occurs in the existing
ODMC method. These differences result in different headroom.

Finally, both the STMC and ODMC methods play important roles in enhancing regional soil moisture
monitoring but in different phases. This is why we say: “There still exists some room for improvement
in terms of space and time” in the introduction. Combining the STMC and ODMC methods would serve
as a relatively powerful solution for monitoring soil moisture.

5.3. Comparison with Other Related Methods

As discussed in the introductory section, two typical multi-sensor collaboration methods currently exist
that exploit new monitoring capabilities during the sensor observation stage. The first type of method, as
reported by Mandl ef al. [29,30] and Liu ef al. [31], has been used to achieve cooperation by multiple
sensors to monitor forest fires. The second type, as proposed by Martinis et al. [32] and Lacave et al. [33],
has been used to monitor an evolving flood. These studies are valuable for enhancing forest fire and
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flood monitoring capabilities. However, the monitoring target of this study is soil moisture, which is a
total different type of environmental variable. Therefore, the proposed STMC is a total different
collaboration method that introduces much more complex models, rules and data. To illustrate their
differences, a comparison of the STMC method with other related methods is presented in Table 4.

Table 4. Approaches comparison between the proposed STMC and other related methods.

. Collaborated
Approaches Object Judgment Data Judgment Method .
Sensors/Satellites
Mandl ef al.
[29,30] Forest fire Thermal bands Thresholds MODIS, Hyperion, ALI

. ) Spatial statistics,
Liuetal. [31] Forest fire Near-infrared band . MODIS, Formosat-2
hot-spots index

. ) Water and vegetation
Martinis et al. [32] Flood Multispectral bands indi MODIS, TerraSAR-X
indices

Near-infrared and visible o
Lacava et al. [33] Flood . Water indices MODIS, AMSR-E
bands, microwave data

The proposed STMC Soil Long sequence Spatial pattern and AMSR-E, MIRAS,

method moisture microwave data temporal variation law AMSR2, TerraSAR-X, etc.

The difficulties that are encountered when monitoring soil moisture monitoring are obvious. However,
it is relatively easy to judge potential anomalous changes in forest fires or floods [29,32]. In addition,
the variations in regional soil moisture are different from forest fires or floods. Anomalous soil moisture
situations are more complex to be detected. Because the soil moisture values vary constantly, so
evaluating these variations and capturing potential waterlogging and drought events requires more work.
In contrast, capturing of forest fires and floods is more direct because their features are distinctive. In
addition, the judgment threshold of potential soil moisture emergencies should be different for every
month of the year. No singular or uniform soil moisture variation range can be used to build these
judgment rules, which must be changeable for different times and regions. However, the judgment rules
for forest fires and flood detection are less unique in terms of time and place. These difference research
difficulties are shown in Table 4.

To solve these problems, geospatial analysis and judgment strategies were introduced into the STMC
method, as shown in Table 4. Specifically, the spatial pattern and temporal variation law was extracted
to build these judgment rules. First, the normal soil moisture distribution level was captured by using
limited TSPs. Second, based on the cyclic variation of soil moisture, the division of monthly precipitation
was used to extract the upper and the lower limits of the soil moisture variation. Third, the m and p
parameters in the ASMJ algorithm were used to evaluate changes in the soil moisture distribution.
Although no simple and existing thresholds or indexes can be used in soil moisture monitoring, the
spatial-temporal distribution and variation law can help overcome this challenge.

To use these spatial-temporal analyses, long sequence microwave data are needed, as shown in Table 4.
While identifying anomalous forest fires or flood only based on single daily monitoring data. However,
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identifying anomalous soil moisture distribution is based on these long sequence data and laws. This
difference improves the diversity of sensors in the STMC method. In Table 4, it was found that, the
STMC collaborated with much more sensors than the other four methods.

Therefore, new and significant improvements were made in the STMC method. Due to different
objects, the STMC method shows its remarkable differences compared with existing related approaches.
To the knowledge of authors, the STMC method provides a brand new method that enhances regional
soil moisture monitoring based on multi-sensor collaboration.

5.4. Merits and Limitations

Based on the above experiment and comparisons, we found that the STMC method could improve
the soil moisture monitoring by utilizing various sensors with different observation capabilities and by
providing a cost-capability balanced and near real-time soil moisture monitoring capability.

However, the STMC method has several limitations. First, a large number of calculations are required
for building the spatial pattern and temporal variation laws of soil moisture. This step requires a long
sequence of remote sensing and precipitation data. Besides that, five types of soil moisture distributions
are needed to be classified and three TSPs variations in every month need to be obtained. Therefore, the
STMC requires a relatively large initial calculation.

Another limitation is that the STMC method only works in areas in which precipitation mainly
controls the surface soil moisture content. This is because the STMC classified the dynamics of soil
moisture based on rainfall data. For our study area (Hubei province), this classification is feasible, because
this area features a subtropical humid monsoon climate and obvious continental climate features with an
annual average precipitation of 8§14.5 mm to 1627.0 mm. Besides that, due to the lack of automatic
irrigation infrastructure, rain-fed agriculture dominant in this area. Therefore, precipitation-based soil
moisture classifications can be used. However, in arid areas, the STMC method cannot provide such a
soil moisture classification only based on the precipitation. Thus, in other areas, the STMC method
should consider soil composition, the terrain, and additional climate factors. Consequently, our future
research will focus on improving the applicability of the STMC method.

The last limitation of this method is its current lack of field application. Additional fieldwork should
be conducted to test the robustness of the STMC method for real applications. This research would
require more cooperation, such as with national remote sensing center of China. Therefore, additional
design and experimentation should be performed. Thus, we aim to prove the advantages of the STMC
method in field applications in future research.

6. Conclusions

In this study, we determined how to improve regional soil moisture monitoring capabilities when
using multiple sensors. The STMC method was proposed to achieve a collaborative observation
mechanism. This idea was described with and two components of the STMC method, (1) a spatial pattern
and temporal variation law and (2) multi-sensor collaboration. The time stability theory and a large
quantity of statistical data were utilized in the first component to extract the normal soil moisture
distribution law for the study region. In the second component, an ASMJ algorithm was used to judge
and locate anomalous soil moisture areas. Then, collaborative observing rules were used to trigger image
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acquisitions by the high-resolution sensor with the soonest pass-over time. The experiment and result
confirmed that the proposed STMC method incorporated the advantages of multi-sensor capabilities.
Besides that, it was found that, the STMC method showed its differences compared with existing ODMC
method, and exhibited its striking upgrades with existing approaches in terms of the targeted object,
judgment data, judgment method, and collaborated sensors. Thus the STMC method provides a
collaborative near real-time monitoring capability for soil moisture.
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