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Abstract

There is a growing need for water balance models that correctly
attribute water demand to water use categories, anthropogenic
controls, and the effects of climate change. Addressing this need
requires explicit quantification of bias and uncertainty in model
inputs. Here, we introduce recent advancements in a Bayesian water
balance model for large lake systems that not only quantifies bias and
uncertainty in multiple data sources across time, but demonstrates
that doing so improves reconciliation of the regional water balance
over multiple time horizons; an objective not often achieved in
historical long-term water balance models. We present a case study
in which a new version of the model is applied across the entire
Laurentian Great Lakes system, and view this work as a stepping
stone towards application to large lake systems around the world. A
We find that, for the Great Lakes, there are legacy data sources with snd Ship Canal
severe seasonal biases that have historically propagated into regional o ,
lake water level management decisions and operational protocols. |
We anticipate that explicitly acknowledging and correcting these
biases will lead to more accurate water balance component estimates,
and a more robust basis for water management decisions conditioned
on those estimates.
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S .l Figure 1 — Site map of the Great lakes basin.
) The light brown region indicates the boundary
of the Great Lakes basin.
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We applied our model to the Laurentian Great Lakes (Figure 1), the largest system of lakes on Earth (Lake 0.7 0.7

Superior alone is the largest lake on Earth by surface area). The Great Lakes are connected through channels
(Figure 2) that propagate outflows from Lake Superior through Lake Michigan, Huron, Erie, and Ontario; continental
scale outflows from Lake Ontario pass through the St. Lawrence River en route to the Gulf of St. Lawrence.
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Figure 2 — Annual average water balance (in 1000s of cms) of the Great Lakes system, including magnitudes of lateral tributary inflow, over-lake
precipitation, over-lake evaporation, interbasin diversions, and connecting channel flows.

The Model

Results

The proposed model uses a rolling time window (of length w, in months) over which Prior probability distributions
observed changes in lake storage (AH) across a w month period are equated to the

cumulative sum of water balance components over the same period.

Our Bayesian model yielded a new set of water balance estimates
(Figure 4) that reconcile not only differences between historical water
balance component estimates, but also changes in lake storage
across the entire Great Lakes system over multiple time periods.

We assess fidelity of our new estimates relative to long-term
changes in lake storage by using the new estimates to simulate

Parameters for prior probability distributions for each water balance changes in lake storage over 1, 12 and 60 month periods (Figure 5)
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We have presented a hierarchical Bayesian model that can integrate
available observations and their uncertainties to close the water
balance for the Laurentian Great Lakes. These estimates can be

In this way, the Bayesian model can reveal the value of additional
information from new measurement and estimation techniques. In
addition, new structural features will be tested to further improve the
representation of uncertainty in the model, e.g., an accounting of
spatial and temporal autocorrelation in different water level
component estimates. Finally, future efforts will extend this model to
other large lake systems (e.g., African Great Lakes) to help
determine the hydroclimatic causes of water level fluctuations, which
can have outsized impacts on communities in those regions.

Acknowledgements & References

used to better ascertain the hydroclimatic drivers of water level
variability in the Great Lakes system. In the future, we intend to use
this Bayesian model to test how improved estimates and uncertainty
quantification of specific components of the water balance (e.g.,
regional tributary inflows, over-lake evaporation) propagate into the
overall quantification of all other water balance components.

Kaye Lafond and Nicole Rice provided graphical and editorial support. This project was
supported with funding from the International Joint Commission (1JC) through the
International Watersheds Initiative (IWI). Funding was also provided by NOAA.

Hunter, T. S., Clites, A. H., Campbell, K. B., & Gronewold, A. D. (2015). Development and
application of a monthly hydrometeorological database for the North American Great

Lakes - Part |: precipitation, evaporation, runoff, and air temperature. Journal of Great
Lakes Research, 41(1), 65-77.

Thom, H. C. (1958). A note on the gamma distribution. Monthly Weather Review, 86(4),
117-122.

Gronewold, A. D., Bruxer, J., Durnford, D., Smith, J. P, Clites, A. H., Seglenieks, F., Qian,
S., Hunter, T., Fortin, V. (2016). Hydrological drivers of record-setting water level rise on
Earth’s largest lake system. Water Resources Research, 52(5), 4026—4042.




