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ABSTRACT
This work examines the capability of machine learning models to extract the surface soil moisture of a grassland 
region using multispectral remote sensing data obtained from an unmanned aircraft system (UAS). In addition to 
multispectral images, a digital elevation model and hydrological factors such as precipitation and potential 
evapotranspiration are employed to anticipate surface soil moisture. We tested four different machine learning 
methods in order to rate the importance of various elements and understand their connection to surface soil 
moisture. All of the machine learning approaches we looked at were able to reliably anticipate soil moisture. 
Using a data-driven ML paradigm, this approach is unique in that it estimates the global surface soil moisture 
content. – The International Soil Moisture Network's globally dispersed in situ data used as an input for model 
training. The total estimation accuracy, as measured by Root-Mean-Squared-Error and R2, was 0.04 m3 m3 and 
0.81, respectively, based on the independent validation dataset. An additional framework for training data and a 
Python library for soil moisture mapping are also introduced in this paper. Cloud-based data collection and 
retrieval can be accomplished using the Google Earth Engine Python API. There is no need to download or 
process any input data for soil moisture retrieval.

1 INTRODUCTION
In terrestrial biology, biogeochemistry, and atmospheric water and energy fluxes, the relatively modest amount 
of water stored in the soil's upper layers plays an important function. Evaporation accounts for more than half of 
the solar energy absorbed by the land's surface, while evapotranspiration accounts for around 60 percent of the 
precipitation that falls on the land (Seneviratne et al., 2010).
Soil water distribution is influenced by a variety of ambient and underground elements in addition to 
precipitation, evapotranspiration, and soil hydraulic properties (Hillel, 1998; Rana and Katerji, 2000). (Korres et 
al., 2015; Vereecken et al., 2014; Western et al., 1999). It's tough to get an accurate read on soil water because 
of all the variables at play. There is no credible method to estimate soil water dynamics on a scale bigger than a 
small experimental plot, and direct observations are typically impractical. Research into soil moisture–climate 
interactions is frequently hampered by the lack of available soil moisture data. Measurement systems based on 
the COSMOS and GPS-IR cosmic-ray soil moisture monitoring systems, respectively, are now widely used for 
large-scale soil moisture measurements. The COSMOS programme makes use of a nationwide network of 
probes to measure the intensity of cosmic-ray neutron radiation above the ground surface in order to estimate 
soil moisture (Zreda et al., 2012). With the help of a GPS signal reflected off of the soil, soil moisture can be 
measured in regions as tiny as a few square metres. After a long period of time, these treatments will not be used 
on an everyday basis (Ochsner et al., 2013).
There is an alternative to the traditional ways of measuring soil moisture, which are unworkable on a wide scale. 
Sensors for detecting soil moisture have been developed utilising optical, thermal infrared, and microwave 
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sensors, all of which may be deployed from space. With typical field measurements, it's difficult to collect data 
over a vast area with spatially scattered and frequent measurements like those provided by remote sensing 
methods (Barrett and Petropoulos, 2014; Petropoulos et al., 2015). It's difficult to measure soil moisture with 
current remote sensing methods since images with high enough spatial resolutions are scarce, and satellites 
aren't returning often enough (Barrett and Petropoulos, 2014; Das and Mohanty, 2006). Occupied airborne 
platforms are too expensive to operate, which severely restricts the possibilities available. A new obstacle for 
remote sensing of soil moisture arises when attempting to calculate root zone soil moisture from surface 
readings (Nichols et al., 2011; Ochsner et al., 2013).
Because water is one of the most important chromophores in soils, research has shown that narrow band spectral 
information in the visible (0.4–0.7 m), near-infrared (0.7–1.1 m), and shortwave infrared (1.1–2.5 m) areas can 
be used to estimate surface soil moisture (Ben-Dor et al., 2009; Malley et al., 2004). In general, as soil moisture 
increases, the spectral reflectance in the visible and near-infrared ranges falls (Haubrock et al., 2008; Weidong 
et al., 2002). When it comes to near-infrared absorption, the hydroxide bond is the most effective, and soil pores 
containing free water exhibit high absorption at wavelengths between 1.4 and 1.9 m. (Malley et al., 2004). The 
soil moisture Gaussian model (SMGM; Whiting et al., 2004) and the normalised soil moisture index (NSMI) are 
two hyperspectral approaches for determining soil moisture content (NSMI; Haubrock et al., 2008).
However, soil reflectance can only be used to evaluate soil moisture in the absence of vegetation (Muller and 
Décamps, 2000). The upper 50 micrometres of the soil layer are the only parts of the soil surface that can reflect 
sunlight. Moisture content measurements on thin top layers are therefore problematic (Malley et al., 2004). Most 
optical soil moisture remote sensing approaches are based on the establishment of an empirical spectral 
vegetation index (Barrett and Petropoulos, 2014). soil moisture assessment approaches have been presented in 
the past because vegetation is highly water-sensitive and can provide indirect estimates of soil moisture via plant 
index proxies (Zhang and Zhou, 2016). Many studies have employed optical and thermal infrared remote 
sensing data to estimate the moisture content of the soil surface. The "universal triangle relationship" formula 
can be used to assess soil moisture (Nichols et al., 2011; Sobrino et al., 2014).
2. MATERIALS AND METHODS
2.1 Data acquisition and overview
Location: Beijing, China (E115°7' to E117°4, N39°4' to N41°6') Shunyi, Yanqing, and Daxing are the test areas. 
It is typical of the North Temperate Zone's semi-humid continental monsoon climate. Warm and rainy summers 
alternate with chilly winters in this part of the world. The seasons of spring and fall are both brief. The 
predominant soil texture is that of sandy soil or one that closely approaches it. While Yanqing Shunyi is mainly 
composed of sandy loam, Daxing is mainly composed of medium loam. During the winter months, wheat and 
corn are the region's most important crops. Even though the distribution of rainfall in Beijing is uneven and the 
overall rainfall is increasing, the city's average annual rainfall is 585 mm. Annual soil moisture changes in 
Beijing ranged from 10% to 25% between 2012 and 2016. Test places are located in Beijing's primary planting 
zones. To help Beijingers conserve water, the model's assumptions can be used as a theoretical foundation.
For this experiment, the Beijing Meteorological Bureau provided meteorological data and soil moisture data, 
both of which were combined for analysis. There are three regions covered by the data: Yanqing, Shunyi, and 
Daxing. From 2012 to 2016, meteorological and soil moisture data were collected. soil moisture data contains 
soil average mass water content at the farming soil depths of 10 and 20 centimetres.
2.2 Data processing and analysis
The data formats and lengths produced by different meteorological and soil moisture data sources vary. We 
must integrate and match our data. To train the deep learning model, it is necessary to have a huge amount of 
data and a long time period of data. Soil moisture measurements from 2012 to 2016 are used to determine the 
training and test sets. There are missing values in the integrated data set. Missing values that generate severe 
errors in model training should be excluded from consideration. Because of this, we opted to remove data that 
had no values. The completed data set includes six meteorological characteristics and an initial soil moisture 
feature, as well as a predicted soil moisture forecast. After processing, a total of 1,196 samples were obtained 
from Yanqing, including 954 sets of data from 2012 to 2015 for creating a training set, 242 sets of data from 
2016 for creating a test set, and 50 samples randomly selected from the test set for selecting the model. 
Additionally, 239 data from the Shunyi area in 2016 and 235 observations from Daxing were used to test the 
model's scalability.
Predicting data requires first gaining a grasp on the general pattern of the predicted characteristics. Figure 1 
shows a four-year water timing chart from 2012 to 2016 showing a maximum soil water content of up to 25.6%. 
From July to September, a typical periodical state is maintained despite a large range in moisture data 
measurements. This year's minimum water content is 7.50 percent, which is lower than last year's 7.75 percent. 
However, there are considerable changes across years because of weather patterns that fluctuate from one year 
to another. Deep learning is well-suited for soil moisture prediction because of its data fitting skills when faced 
with such intricate prediction parameters.
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Fig 1. Timing diagram of soil moisture in Yanqing area.

It is essential that there be no ambiguity between each variable and the predicted feature in the regression 
prediction in order to select optimal parameter characteristics for model training. Analyze aspects of the 
predicted variable first. Autocorrelation of the predictive feature shows no quick fall to zero as the delay period 
grows due to the stationary nature of the soil moisture characteristic. A change in soil moisture properties can 
therefore be tracked using relevant meteorological data.

Fig 2. Soil moisture autocorrelation plot.

The properties of the data set and soil moisture are shown in Figure 3 as a result of the correlation analysis. 
Taylor's REF point on the X-axis is a soil moisture feature that acts as a reference point on the map. Standard 
deviation ratios, such as those derived from dividing soil moisture's standard deviation by another feature's 
standard deviation variance, are useful tools for comparing different variables' fluctuation ranges to soil 
moisture's. In terms of standard deviation, variables three and four (average humidity and average wind speed) 
fall outside of the range. The data fluctuation range of this pair of locations shows more than 1.5 times as much 
soil moisture. Even though Point 2's data has an SD of less than 0.25, the correlation between it and humidity is 
weakest. Points 1, 5, and 6 (average temperature, daily precipitation, and surface temperature) show data 
changes that are quite similar to those seen in the REF. Correlation ranges from 0.1 to 0.3 for the standard 
deviation ratio. There is a high association between initial moisture and the standard deviation ratio of the soil 
moisture prediction data at point 7 (initial moisture), which practically corresponds with the REF line. Soil 
moisture prediction is a critical training feature that must be given the most weight in order to increase 
regression accuracy.
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Fig 3. The Taylor plot of weather data.

3. DATA COLLECTION AND PREPARATION
During the 2018 water year, data was acquired on six days using a fixed-wing UAS outfitted with a 
multispectral camera (see Table 3). During the rainy and dry seasons, a typical view from the research site can 
be seen in Figure 4. An RTK positioning survey was used to identify exact sampling transects, and a TDR probe 
was used to obtain point soil moisture measurements (the top 4 centimetres). Weather stations in the area 
provided the daily rainfall and PET measurements.
3.1 Image acquisition and processing
As a means of obtaining accurate readings for the sensors, we employed a Parrot Sequoia sensor in conjunction 
with a sunlight sensor. The camera is mounted on a Finwing Sabre, which flies at an average altitude of 120 
metres (Finwing Technology). It was necessary to take preflight photos of a calibrated reflectance panel 
(MicaSenseInc) in order to calibrate the radiometric photographs. Clear skies and late mornings and early 
afternoons were ideal times of day for the remote sensing missions of the unmanned aerial systems. Between 3 
and 4 hours is required for a single remote sensing–soil moisture collecting campaign. Images were taken 
between the hours of 10:00 a.m. and 14:00 p.m. (LT).
With a focal length of 3.98 mm, the Sequoia sensor captures four distinct bands of colour in the green, red edge, 
and NIR bands. The fifth channel of the camera uses an aperture of 4.88mm and a resolution of 4608 by 3456 
pixels to capture images in the visible spectrum. For the study area, images were captured using a 10 to 15 cm 
ground pixel resolution and at least an 85% overlap. All photographs were resized to a 15 cm pixel resolution 
after they were taken and processed. The Pix4D photogrammetry software was used to process the images 
(Pix4D, Lausanne, Switzerland). The stereo images were combined to create a DEM, which was then 
orthorectified and calibrated radiometrically.
3.2 Geometric and radiometric corrections
For image alignment, an RTK survey revealed the exact locations of seven to nine ground control points 
(GCPs). Bundle block adjustment error evaluation report said that the RMSEs of the GCPs ranged from 0.6 to 2 
cm, while the reprojection errors ranged from 0.1 to 0.2 px. In order to remove the point cloud's noisy and 
improperly placed data points, we used a combination of noise filtering and minimal surface smoothing (sharp 
surface smoothing). An interpolation approach known as inverse distance weighting was employed to construct 
points in the raster DEM.
Calibration of the radiometric sensor by Pix4D software uses location data, solar irradiance measurements, as 
well as gain and exposure information from the camera. As the reflected light is proportional to solar radiation, 
sensor reflectance can be used as an indicator of how similar images are to each other. Post-processing takes 
into consideration all of these factors, as well as the known reflectance values of a calibration panel to compute 
surface reflectance.
3.3 In situ soil moisture measurement
UAS remote sensing flights were used to monitor the moisture content of the top 4 centimetres of the soil with a 
FieldScout TDR 300 soil moisture metre (Spectrum Technologies Inc., IL, USA). TDR 300 uses time domain 
reflectometry to quantify the volumetric water content of soil, with an accuracy of 3 percent.
Soil moisture measurement locations must be precisely geolocated in order to do an overlay analysis of ground 
data with remote sensing products The survey-grade geolocation of the transect ends was collected using RTK 
positioning for six 90-meter-long sampling transects. A hammered metal peg indicated the ends of the transect. 
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Temporarily installed between the transect's two ends, the 90 m tape measure was used to take soil moisture 
readings every 10 m, noting the exact distance from the transect's two ends.
Flow accumulation, topographic wetness index, and stream networks were all taken into consideration when 
laying out the sampling transects. For each sampling transect, a separate subbasin of the Avocet basin was 
identified.
3.4 Hydrological variables
The daily precipitation data came from the University of California, Merced meteorological station, about six 
kilometres southwest of the study site (California Department of Water Resources, 2018). California Irrigation 
Management Information System (CIMIS) Merced station was utilised to collect daily reference 
evapotranspiration data (California Irrigation Management Information System, 2018). The reference 
evapotranspiration is standardised grass evapotranspiration using the modified Penman (CIMIS Penman) and 
Penman–Monteith equations (California Irrigation Management Information System, n.d.). The potential 
evapotranspiration will be referred to as the reference evapotranspiration in this study (PET).
CONCLUSIONS
Soil moisture was determined using a mix of topography and unmanned aerial vehicle (UAV) remote sensing 
data, which was then analysed using machine learning methods. What are the most essential factors in 
determining the amount of surface soil moisture? Which variables have a direct correlation with soil moisture? 
To summarise, here's how we went about it: A UAS was used to acquire images of grassland in the visible and 
near-infrared wavelengths, respectively. We used photogrammetric analysis of the pictures to construct a high-
resolution digital elevation model of our research site. Scales of various topographic variables were then 
measured using this model. UAS imaging flights were accompanied by a simultaneous collection of 400 soil 
moisture readings in the field. The ground truth readings can be used to predict soil moisture using multispectral 
pictures, topographical parameters, and precipitation and evapotranspiration data. As a result of our research, we 
developed machine learning models to better comprehend the relationship between numerous variables and soil 
moisture.
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