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ABSTRACT 

We developed machine learning models to retrieve surface 
soil moisture (0-4 cm) from high resolution multispectral 
imagery, terrain attributes, and local climate covariates. 
Using a small unmanned aircraft system (UAS) equipped 
with a multispectral sensor we captured high resolution 
imagery in part to create a high-resolution digital elevation 
model (DEM) as well as quantify relative vegetation 
photosynthetic status. We tested four different machine 
learning algorithms. The boosted regression tree algorithm 
provided the best accuracy model with mean absolute error 
of 3.8 % volumetric water content. The most important 
variables for the prediction of soil moisture were 
precipitation, reflectance in the red wavelengths, potential 
evapotranspiration,  and topographic position indices (TPI). 
Our results demonstrate that the dynamics of soil water status 
across heterogeneous terrain may be adequately described 
and predicted by UAS remote sensing data and machine 
learning. Our modeling approach and the variable importance 
and relationships we have assessed in this study should be 
useful for management and environmental modeling tasks 
where spatially explicit soil moisture information is 
important.  
 

Index Terms  Machine learning, boosted regression 
tree, multispectral, unmanned aerial vehicle, remote sensing, 
soil moisture, digital elevation model 
 

1. INTRODUCTION 
The relatively small quantity of water stored in the upper 
layers of soil plays a key role in terrestrial biology, 
biogeochemistry, and atmospheric water and energy 
fluxes [1], [2]. Remote sensing methods of retrieving soil 
moisture provide spatially distributed and frequent 
observations over a large area, which is difficult to achieve 
using conventional field measurements [3].  

Soil moisture signals exist in the visible and near infrared 
regions of multispectral images, specially when the soil is 
bare or with moderate canopy cover [4], [5]. The 
interpretation of soil moisture from multispectral remote 
sensing is, however, difficult [6]. Reflectance in 
multispectral bands are primarily the result of soil and 

vegetation which have a very complex relationship with soil 
moisture. Furthermore, the temporal dynamics and spatial 
distribution of soil moisture (and associated changes in 
vegetation and reflectance) is influenced by soil and 
topographic variables [7], [8] as well as meteorological 
variables (precipitation and evapotranspiration in particular). 
Estimating the complex and interdependent relationship of 
soil moisture with the observed reflectance and multiple 
surface and climate variables using conventional statistical or 
physical-based models is extremely difficult. This makes the 
problem interpreting soil moisture from such observations a 
good candidate for machine learning techniques. 

Machine learning techniques are able to learn and 
approximate complex non-linear relationships. These 
techniques also do not require assumptions on data 
distribution and they can be used to integrate data from 
different sources with poorly-defined or unknown probability 
density functions [9]. Machine learning techniques have often 
been shown to outperform parametric approaches [9], [10].  

Remote sensing from unmanned aircraft systems (UAS) 
has the potential to address several limitations of traditional 
remote sensing. The most attractive feature of UAS is their 
high spatial resolution, frequent or on-demand image 
acquisition, and low operating costs [11] [14]. 

The purpose of this research is to advance soil moisture 
change measurement, process understanding, and prediction 
using remote sensing products from UAS and machine 
learning methods.  

The specific goals of this study are to: (1) develop an 
adaptable method to retrieve information on surface soil 
moisture from small UAS remote sensing products and 
machine learning techniques, (2) identify appropriate spatial 
resolutions of reflectance images and terrain variables for 
estimating soil moisture, and (3) explore the nature of the 
relationship between soil moisture and surface properties. 
 

2. METHODS 
Using a small, fixed-wing UAS (Finwing Sabre, Finwing 
Technology) equipped with multispectral camera (Parrot 
Sequoia Sensor, Paris, France), we collected high-resolution 
(6.85 cm ground resolution) multispectral images. Images 
were collected on six different days spread across the 2018 
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water year to capture the landscape soil moisture dynamics of 
the study site. Images were mosaicked, orthorectified, and 
radiometrically calibrated using Pix4D photogrammetry 
software (Pix4D, Lausanne, Switzerland). Digital elevation 
model (DEM) data were generated from stereo-images 
photogrammetrically using Pix4D software and structure-
from-motion techniques. 

 
Figure 1 Process flowchart of model development. Three data 
sources: UAS-borne multispectral imagery, in-situ soil moisture 
from time-domain reflectometry (TDR) and variables from 
meteorological station are used to predict soil moisture. 
 

Concurrently with the image acquisition flights, in-situ 
top 4-cm soil moisture content was measured using a time-
domain reflectometry (TDR) probe (FieldScout TDR-300, 
Spectrum Technologies Inc., IL, USA). Six soil sampling 
transects were identified and their geographic coordinate 
precisely measured with real-time kinematic (RTK) 
positioning survey. Approximately 10 in-situ soil moisture 
measurement 5 meters apart were then taken across each 
transect. A total of 406 soil moisture measurements were 
collected across the six measurement times. 

The study site was a small grassland catchment (0.6 km2 
area) located at the Merced Vernal Pools and Grassland 
Reserve, California. The study site has a Mediterranean 
climate with hot, dry summers and cool, wet winters with an 
average annual precipitation of 330 mm. The dominant soils 
of the area are Redding gravelly loam (Fine, mixed, active, 
thermic Abruptic Durixeralfs). 

The in-situ soil moisture measurements, multispectral 
reflectance images, terrain variables derived from DEM, 
rainfall, and potential evapotranspiration (ET) data were then 
aggregated into a data table and used to train machine 
learning models to predict the soil moisture. Figure 1 
illustrates the model building process. 

Several variables were calculated based on the 
multispectral reflectance, terrain, and meteorological data to 
be used to train a machine learning model as predictor 
variables. Several topographic variables derived from DEM, 
such as slope, curvature, etc., are scale dependent. To identify 
appropriate scale for the study, we calculated all topographic 
variables on six different resolution DEM. For this, we first 
upscaled the DEM from the original resolution of 6.85 cm to 
15, 30, 60, 100, 300, and 500 cm cell resolution. We then 
calculated topographic variables on all the resolutions. The 

calculation of topographic position index (TPI) does not only 
depend on DEM resolution but on the definition of inner and 
out radii of the annulus [15], we thus calculated TPI for 
multiple different inner and outer radii sizes.  

We employed three methods of variable selection: test of 
linear correlation and linear dependencies among variables, 
and recursive feature elimination [16], [17]. The final data 
used for building the models had 46 variables, of which five 
are meteoric, nine are reflectance variables, and 32 are 
topographic variables.  

 
3. MACHINE LEARNING  

We compared five popular machine learning algorithms: 
artificial neural network (ANN), support vector regression 
(SVR), relevance vector regression (RVR), random forest 
(RF) and boosted regression trees (BRT). 

The overall procedure of building the machine learning 
models is illustrated in Figure 2. The computationally 
demanding steps of model training and testing were run at a 
high-performance computing cluster.  

The data was split into training and testing sets of 
approximately 75-25 percent, respectively. The testing set 
was a hold-out set used only to evaluate final trained models. 
The split was done by randomly selecting sampling transects 
for the different dates. To test if there was bias due to the 
training-testing set split, we generated 30 unique training-
testing set splits upon which we trained 30 separate models 
based on each separate training set. The performance of each 
model was also assessed on its respective testing set.  

The model hyperparameter tuning was done by a 30-fold 
cross-validation set generated by splitting the training data 
into 80-20 percent training-validation split by randomly 
selecting a transect for every day. Optimum model 
parameters were selected using a comprehensive grid search 
method[18]. The final performance of models was assessed 
on the separate hold-out test dataset. The performance of 
models is measured in terms of mean absolute error (MAE), 
mean bias error (MBE) and the coefficient of determination 
( ).  

The statistical significance of each predictor variable 
with respect to its effect on the generated model (variable 
importance) was calculated internally the tree-based models, 
RF and BRT, and using recursive feature elimination method 
for the rest of the model algorithms. The relationship between 
the predictor variables and outputs was analyzed using 
model-independent accumulated local effects (ALE) plots 
[19], [20].  

 
Figure 2 Flowchart showing the model training process. 
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4. RESULTS  
4.1 Model Performance 
We tested five machine learning algorithms: ANN, SVR, 
RVR, RF and BRT. The BRT algorithm models had the best 
performance with MAE 3.8 followed closely by RF (MAE 
3.9). The MAE for RVR, SVR, and ANN models was 4.3, 4.4 
and 4.5, respectively. Figure 3 shows the measured water 
contents from the testing data sets against the prediction by 
all the BRT models trained with the 30 distinct training-
testing sets.  

  
Figure 3 Scatter of the measured versus predicted soil water content 
of the testing sets around 1:1 line for the best BRT model. MAE, 
MBE, and R2 are averaged across the 30 models. 

 
Prediction of soil volumetric water content from the best 

BRT model for a portion of the study area for January 23, 
2018, is shown in Figure 4.  

 
Figure 4 Predicted volumetric soil water content (%) map for 115th 
day of the water year (January 23, 2018). 

 
4.2 Predictor Variable Importance 
The relative importance of predictors from the BRT model 
grouped by variable type are shown in Figure 5. The meteoric 
and reflectance variables are the only temporally dynamic 

variables; topographic variables are not considered time 
dependent. The four most important variables are 
precipitation, reflectance in the red band, ET, and TPI. TPI 
and flow accumulation are the most important of the 
topographic variables. 

 
Figure 5 Sum of the relative variable importance distribution of the 
30 models grouped by variable type: precipitation (P), red band (R), 
evapotranspiration (ET), topographic position index (TPI), 
curvature (Cur), near infrared band (NIR), green mand (G), flow 
accumulation (Acc), slope (Slo), aspect (Asp), and direction (Dir). 

 
4.3 Effect of Predictor Variables 
We used the ALE plots to investigate the effects all the 
predictor variables. Topography has a strong control on soil 
moisture distribution at landscape scales [21] and our models 
indicated the relatively higher importance of some of the 
topographic variables. We investigated how these 
topographic variables relate to soil moisture. Figure 6 shows 
the ALE plots for TPI, curvature, and flow accumulation 
variables of selected resolutions on soil moisture estimates. 

 
Figure 6 ALE plots for flow accumulation, profile curvature, and 
TPI variables, numbers in parentheses indicate DEM scale in cm. 
TPI scale is a combination of the inner-outer diameters. Black 
curves represent individual effects of the 30 models, and thick, red 
curves are smoothed trendlines overall individual models. Marks 
along the x-axis show the distribution of data in the model training 
set. 
 

Predicted soil moisture generally increased with flow 
accumulation. Soil moisture initially decreased as surface 
become less convex and increased as surface curvature 
transitioned from convex to concave (negative to positive 
values). TPI is particularly scale-dependent but still showed 
a similar relationship pattern with soil moisture at all scales. 
Negative TPI values indicate trends towards valleys, zero 
values indicate either flat (if slope is shallow) or mid-slope 
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(if slope is significant) areas, and positive TPI values indicate 
trends towards ridgetops [15]. Across all scales, there was a 
negative relationship between TPI and soil moisture at 
negative values and a positive relationship at positive TPI 
values; this result indicates valleys and ridge tops were wetter 
than mid-slope areas.  

5. CONCLUSION  
This research serves as a proof of concept: surface soil 
moisture can be interpreted with reasonable accuracy from 
multispectral UAS remote sensing using machine learning 
methods. Although the machine learning models used are 
considered non-spatial models (i.e., they do not consider 
sampling location information and spatial autocorrelation 
[22], [23]), the inclusion of spatially dependent variables such 
as curvature, flow accumulation, and TPI means that the 
models do account for spatial context and thus should make 
the predictions more spatially dependent. 

As a data mining technique, machine learning model 
performance and reliability are closely tied to the quantity, 
and quality of data used in parameterization. Additional 
ground measurement data should improve future model 
outcomes. 
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