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Motivation

Solution

Data Model Parameter estimation and inference

Results

• Humans live amongst and make use of millions of lakes and wetlands across
the planet with a high concentration of them located in the Prairie Pothole
Region in central North America.

• They are too numerous to measure with in-situ instrumentation but their 

inundated surface area can be observed with satellite imagery programs such 

as Landsat and Sentinel.
• Effective management of inland water bodies is greatly aided by models which 

can be used for forecasting and monitoring.
• Calibrating conventional hydrology models with remote sensing is difficult as 

this data’s spatial and temporal resolution is often much coarser than with in-

situ gauges and often exhibits systematic bias.

The hydrologic state of wetland and lakes can be partially

observed via satellite imagery of their surficial extent.

• A statistical modeling framework allows us to account for uncertainty and 
correct systematic biases.

• Standard statistical techniques such as time series models and regressions do 
not make use of our extensive prior knowledge of the mechanisms governing 

inflow and outflow of water.

• To realize benefits from both physical and empirical modeling techniques, we 
embedded a hydrological model within a Bayesian statistical framework.

• Bayesian models require assumption of prior distributions over all parameters 

in tandem with identification of a likelihood function mapping parameters to 

observed data.

Methods

Conclusions

In the absence of connections to a drainage network, 

prairie wetlands’ water budgets are dominated by 
runoff from snowmelt and evapotranspiration.

• To develop and assess our model, we required overlapping in-situ
and remote sensing measurements of water levels

• We studied three wetlands (P01, P06 and P07) from the 

Cottonwood Lake Study Area1 in North Dakota, USA. This is a USGS 
field site with long term water level records. 

• We also used the Global Surface Water2 data product which 
provides estimates of water presence/absence across Earth’s 
surface at monthly intervals and is derived from Landsat images 

over the years 1984 – 2015.
• We used gridMET3 estimates of precipitation, potential 

evapotranspiration and temperature for model forcing.
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The wetlands of CLSA are exemplars of the Prairie Potholes as they exhibit substantial variation in 

inundated extent due to precipitation and evapotranspiration.

• Our model is based on a water balance equation which expresses the 
change in ponded water volume !" as the sum of a positive term due 
to runoff and direct precipitation with a loss term dependent on the 

area and perimeter of the ponded water area for the i-th wetland.
• The loss function #" is parameterized by power-law functions of the 

volume. This power-law representation is motivated by geometric 
considerations regarding the bathymetry of a wetland and the 
topography of its surrounding slope. 

• We account for consistent underestimation of true water surface area 
by assuming a skew-normal distribution for the measurement error 
$%.
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• Inference for noisy nonlinear 
dynamical systems is known to be very 
difficult due to correlations between 
parameters in the posterior ((;|=).

• Modern varieties of Markov chain 

Monte Carlo can efficiently draw 
samples from correlated posterior 
distributions using gradients of the 
log-posterior >? @A B(?|C).

• Since these gradients are taken across 

many timesteps of the model, we use 
automatic differentiation as 
implemented in Theano4 to perform 

these calculations which would be 
impossible to write in closed form.

• After writing our wetland hydrology 
model in Theano, we used the No-U-
Turn sampler5,6 to draw 4000 
posterior samples for the parameters 
of each wetland

Summary of samples drawn from the posterior distribution

• We assessed our model by 

determining whether it could 

accurately estimate the true 
wetland water area and 
volume with only noisy 
observations.

• While the model estimates 

were highly accurate during  

a regional dry period (1984 –

1995), they were very 
inaccurate during periods of 

increased precipitation (1996 

– 2015).

• We developed a wetland hydrological model that can be calibrated with only satellite 
imagery

• Accurate characterization of wetland water levels during dry periods was observed 

despite substantial observation bias

• Fluxes from the groundwater table into the ponded area during extended wet periods 
are not well representedSu
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