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Introduction

Results

Hydrological
modeling
is
typically
characterized by deterioration in model
performance when it is applied to the
evaluation period datasets. This situation has
only sporadically been studied and, in general,
has become accepted as the “norm” when
performing hydrological modeling. However,
Machine Learning techniques are now
available that can help us better deal with and
extract more information from the data, and
that can help us to improve our understanding
of the models.

Hypothesis
The highly skewed nature of the streamflow
data distribution can result in significant
differences in the data distributions resulting
from the training/evaluation/testing period.
Therefore, part of the bad performance of the
hydrological models would be due to the lack
of homogeneousness between the dataset used
during the training and evaluation period.
Dataset

Training

Evaluation

From those clusters, data values were selected
randomly, without replacement, to create three
datasets which keep the percentage defined by
the user for each period. Besides, the
maximum streamflow event of each event was
kept in the training period to ensure the
maximum information gain in each model.
Fifty hydrological models were constructed
using an autoregressive Random Forest Model
and the change in homogeneousness and
performance between the traditional data
splitting and different methods were examined
under NSE and normalized MSE.
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Figure n°5. CDF of the NSE for the evaluation
period (322 basins).
Figure n°2. CDF of the p-values of the
Kolmogorov Smirnov. (322 basins).
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Data
516 Chilean catchments with daily information
(Precipitation,
Temperature,
Potential,
Evapotranspiration and catchment properties).
Study period: 1979-2014.

Figure n°3. CDF of the KS statistic of the
Kolmogorov Smirnov. (322 basins).

Testing

In our case, fixed splitting generates 30% of
the catchment with nonhomogeneous data
splits. Other methods create homogeneous
splits in more of 98% of the cases (a=0.1).
However, homogeneity analysis is not enough
to define which is the best splitting method.
The ratio of normalized MSE shows that
Random splitting with Kmean clustering
keeping the maximum value (RS+Kmax) is
the most robust method, with more than 60%
of the cases having a lower normalized MSE
than training period. Further, when we analyze
only the evaluation period the differences
between the different methods are small,
indicating that we obtain better generalization
under RS+Kmax.

Bibliography

Method
To explore this hypothesis, we created random
subsets of the hydrological data having
essentially the same distribution. The original
dataset was split into clusters using the Kmeans algorithm and the KolmogorovSmirnov hypothesis test was used to check the
consistency in the splits.

Conclusions

Figure n°1. Spatial distribution of the 516 Chilean
catchments. (Alvarez-Garreton et al, 2018)

Figure n°4. CDF of the ratio of normalized MSE
(322 basins).
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