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 We develop a robust machine learning model to estimate
soll moisture with high resolution over the landscape from:
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 We demonstrate the ability to produced high resolution soill
moisture maps for a watershed at the Merced Vernal Pools
and Grassland Reserve (Merced, CA).
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« Several studies have used UAV based remote sensing to investigate

_ _ points show the location
soil water, but very few venture outside relatively homogeneous, » Ground soll moisture of ground sampling.
. A‘ISO- .
agncu'tural plots_ E measurement dOne W|th TDR
| | | | 5 Instrument at precise sampling 40 - o e
* We set out with the hypothesis that the dynamics of soil water 2 00 ocations identified with Real Time % o %
status across heterogeneous terrain can be adequately described S Kinematic (RTK) GPS survey . SE - 189 0w
and predicted by UAV remote sensing data and machine-learning. ; 501 g . R2 =097 . ‘"‘b
© » Meteorological variables collected = ME =-0.032 i
. . . . ® Sampled Date - 2 s - -
+ Remote sensing from UAV platform address several limitations of T L o 0’ One-to-one plot of
o o UAV's have high ol taco) . from California Irrigation £ 25- R measured versus model
: ’ ' ' ' NN O v @) . . .
raditiona’ remo'e sen3|r1g. > ave et SpaE resc? ton. T e e Management Information System © s predicted soll moisture
frequent or on-demand image acquisition, and low operating costs. Cumulative precipitation for 2018 water year. (CIMIS) website 2 . & 9%° (percent volumetric
Sampling dates indicated with red points. ' = o, t tent
. L . . o water content).
« By fusing UAV remote sensing imagery, terrain variables and S 151 - Al
: &)
meteorological data with ground soil moisture measurement we % . D%g: o The best model we
construct a training database for a machine learning model. S ﬁ ° developed predicted
= e * volumetric soil moisture
PO content with RMSE of
° 1.9 and an R2 of 0.97.
o * | e i _ | {'I'J 5I 1ID 1|5 2|D 2|5 EID 3|5 4ID
Powerful | R g - e PR DO _
0
Machine Learning nterpretation of Photos of the study area. Predicted water content (%)
data. . . - - .
Data o Description of the machine learning algorithm Relative Importance
integration, t  Algorithm: We compared Artificial Neural Networks, Support Vector Elevation
managemen _ _
and display. Regression, Random Forests, and Gradient-Boosted models. LS:actoi Relative variable
: spec : .
Boosted regression tree model was chosen. Slope Importance in our top
L L L - models. Longer bars
. « Cross validation: Five times repeated 10-fold cross validation. Profile Curvature J¢!
Geographic Unmanned Aerial Flow Accumulation represent predictor
'”gg”tg%‘)” Vehicle h | » Predictor variable selection: We implemented automatic variable NIR Band variables that contribute
High-spatia _ . : L : R Band ' '
qt | selection using recursive feature elimination method o the most new information
and tempora Total Curvature to the model
luti . .
;eric(’jjcfs’”  Model performance metrics: Best model was selected based on roo G Band
. o o TWI
mean squared error (RMSE). In addition we assess the coefficient of blane Curvature (Precipitation has much higher
: : Importance and is not shown in in
TTVI (NDVI
The main components of our research. determination and mean error of each model. (NDVI) the plot)

The dynamics of soil water status across heterogeneous terrain may be adequately described and predicted by UAV remote sensing data and machine-learning.



