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Presentation and Research Outline

Estimation of monthly water levels of Lake Tana, Ethiopia
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Modeling Framework: Physically-based Model
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Modeling Framework: Physically-based Model
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Modeling framework: Data-driven model
Support Vector Regression (SVR)

Dataset Precipitation, evaporation, inflows from four rivers, external water
withdrawals, outflow at Blue Nile River
(144x8)

Comparison to
true lake levels
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SVR Test Scenarios

10-fold cross-validation (permuted)

1 2-fold cross-validation (un-permuted, each year is a test set)

/4 Hold out (Test years: 2004, 2006, 2010)

12 1/12 Hold out algorithms (each year is a test year)
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Scenario 3: % Hold out (Test years 2004 2006
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12 1/12 Hold out algorithms
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Scenario 4: 12 1/12 Hold out algorithms

Normalized Taylor Diagram
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Summary and Conclusions

. The levels of Lake Tana were estimated using two approaches:
) a physically-based groundwater model, coupled with a lake and streamflow modules
) a data-driven algorithm which uses support vector regression with RBF kernel

J Both techniques achieved satisfactory results in estimating the lake levels in
terms of various statistical metrics.

J The physically-based model outperformed the data-driven model in all but the
bias metric.

) The data-driven model has multiple competitive advantages:
) reduced computational effort,
) shorter training/calibration time,
J requires the selection of fewer model parameters

1 Next step: explore forecasting capabilities of the data-driven model using
incremental SVR
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