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Reliable streamflow predictions are critical for managing water resources for flood warning,
agricultural irrigation apportionment, hydroelectric production, to name a few. However, there are
geographical heterogeneities in available observed streamflow data, river basin geophysical
attributes, and meteorological data to support such predictions. Moreover, in data-sparse regions,
both process-based and data-driven models have difficulties in being sufficiently calibrated or
trained; increasing the difficulty to achieve satisfactory predictions. That being mentioned, it is
possible to transfer knowledge from regions with dense and available measured data to datasparse regions. In earlier work, we have shown that transfer learning based on a long short-term
memory (LSTM) network, pre-trained over the conterminous United States, could improve daily
streamflow prediction in Quebec (Canada) when compared to a semi-distributed hydrological
model (HYDROTEL). The dataset used for pre-training (source dataset) was the Catchment
Attributes and Meteorology for Large-sample Studies (CAMELS), while the data for the basins
located at the target locations (local dataset) were extracted from the Hydrometeorological
Sandbox-École de Technologie Supérieure (HYSETS). Both datasets provide access to various types
of information with different spatial resolutions. While HYSETS is generally spanning from 1950 to
2018, the temporal interval for most of the basins reported in CAMELS goes back to 1980. The
types of data included in both CAMELS and HYSETS include daily meteorological data
(precipitation, temperature, etc.), streamflow observations, and basins physiographic attributes
(i.e., considered time-invariant or static). In this work, the techniques applied to further improve
streamflow simulations included the use of: (i) streamflow observations and simulated flows from
HYDROTEL as input to the LSTM model, (ii) different forcing (meteorological data) and static
attribute data from the source and the local datasets, and (iii) additional basins from HYSETS with
similar climatological features for model training. The ultimate goal was to improve the accuracy of
the predicted hydrographs with an emphasis on enhancing the prediction of peak flows by
transfer learning while using the Kling-Gupta efficiency (KGE) and Nash-Sutcliffe efficiency (NSE)
metrics. This investigation has revealed the benefits of using transfer learning techniques based
on deep learning models to improve streamflow predictions when compared to the application of

a distributed hydrological models in data-sparse regions.
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