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Abstract

We present the first ensemble learning methods for quantifying
predictive uncertainty in satellite precipitation data correction, as well as
the large-scale comparison of these methods. Ensemble learning was
performed by combining in multiple ways a variety of machine learning
algorithms that are particularly suited for the task of interest. Monthly
precipitation data from across the contiguous United States supported
the comparison, which predominantly relied on skill scores and referred
to the ability of the ensemble learning methods in delivering predictive
quantiles at many levels. The results allow the ordering from the best to
the worst of the ensemble learning methods.

This poster is based on Papacharalampous et al. (2024b).

A review on predictive uncertainty estimation with machine learning can
be found in Tyralis and Papacharalampous (2024).

1. Introduction

Satellite data are not accurate but available at a dense spatial grid.
Gauge-measured data are accurate but available in gauged locations.

Thus, satellite and gauge-measured data are often merged for forming
gridded precipitation data that are more accurate than the satellite ones.

Still, uncertainty estimates for the data obtained in this way are sparsely
provided.

A few studies focus on the use of machine learning algorithms for
providing such estimates (Bhuiyan et al. 2018, Zhang et al. 2022,
Glawion et al. 2023, Tyralis et al. 2023, Papacharalampous et al. 2024a).

This presentation outlines the first ensemble learning methods (Sagi
and Rokach 2018; Wang et al. 2022) formulated for the task.

Additionally, it presents the large-scale comparison of these methods.

Summary of methods and comparative framework

Ensemble learners (see 3)

Individual machine learning algorithms

Quantile regression - QR (Koenker and Bassett 1978, Koenker 2005)
Quantile regression forests — QRF (Meinshausen and Ridgeway 2006)
Generalized random forests - GRF (Athey et al. 2019)

Gradient boosting machines - GBM (Friedman 2001)

Light gradient boosting machines - LightGBM (Ke et al. 2017)
Quantile regression neural networks - QRNN (Taylor 2000, Cannon
2011)

Dependent variable

Gauge-measured precipitation at the location of interest

Predictor variables (see also 4 and 5)

Distance-based weighted precipitation at the four PERSIANN grid
points that are closest to the location of interest

Distance-based weighted precipitation at the four IMERG grid points
that are closest to the location of interest

Elevation at the location of interest

Random division into 3 datasets of equal length

Quantile levels

{0.025, 0.050, 0.075, 0.100, 0.200, 0.300, 0.400, 0.500, 0.600, 0.700,
0.800, 0.900, 0.925, 0.950, 0.975}

Metrics

Quantile skill score
Sample coverage
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3. Ensemble learners

 Mean combiner

* Median combiner

* Bestlearner

» Stacking (Wolpert 1992) with QR as the combiner
» Stacking with QRF as the combiner

» Stacking with GRF as the combiner

» Stacking with GBM as the combiner

 Stacking with LightGBM as the combiner

» Stacking with QRNN as the combiner

How does each ensemble learner work?

QR QRF GRF GBM LightGBM QRNN Base learners
Predictive
Prediction 1 Prediction 2 Prediction 3  Prediction4 Prediction 5 Prediction 6 quantiles
| I atlevel t
‘ Combiner
Output prediction

Predictive quantile at level T

What is the difference between the ensemble learners?

They utilize different combiners.

Which are the combiners introduced in this study?

Stacking with one of the following:

QR QRF GRF GBM LightGBM QRNN

These combiners predict by optimizing the quantile loss and by using the
predictions of the base learners as predictor variables.

Which are the benchmark combiners?

Mean combiner

This combiner delivers the mean of the predictions of the base learners.

This combiner delivers the median of the predictions of the base learners.

4. Spatial interpolation problem formulation

Satellite datagrid @

Gauge station

Distance,d,i=1,2,3,4

d,<d,<d,<d,

grid point 1

grid point 3

grid point 2

grid point 4
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5. Summary of data

v" Total monthly precipitation data from:

= The Global Historical Climatology Network monthly database,
version 2 (GHCNm; Peterson and Vose 1997).

Daily precipitation data of the current operational PERSIANN
(Precipitation Estimation from Remotely Sensed Information using
Artificial Neural Networks) system (Hsu et al. 1997, Nguyen et al.
2018, 2019).

Daily precipitation data of the GPM IMERG (Integrated Multi-satellitE

Retrievals) late Precipitation L3 1 day 0.1 degree x 0.1 degree V06
dataset (Huffman et al. 2019).

v Elevation data from the Amazon Web Services (AWS) Terrain Tiles
application.

1 421 stations with data in the period 2001-2015

6. Results

Quantile skill score
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Rank based on the quantile skill score
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Sample coverage

Quantile regression (QR) 1

Quantile regression forests (QRF) =
Generalized random forests (GRF) -

Gradient boosting machines (GBM) =

Light gradient boosting machines (LightGBM) =
Quantile regression neural networks (QRNN)
Mean combiner =

Median combiner =

Best learner

Stacking with QR -

Stacking with QRF =

Stacking with GRF =

Stacking with GBM -

Stacking with LightGBM

Stacking with QRNN -

0.05 0.07 0.091 0.112 0.208 0.303 0.405 0.503 0.602 0.7 0.802 0.9 0.925 0.95 0.974
0.044 0.064 0.086 0.11 0.2 0.3 0.405 0.508 0.609 0.709 0.815 0.914 0.935 0.957 0.978
0.043 0.065 0.087 0.11 0.202 0.303 0.407 0.511 0.614 0.716 0.817 0.915 0.937 0.959 0.98
0.052 0.077 0.1 0.124 0.215 0.313 0.414 0.511 0.605 0.704 0.804 0.901 0.925 0.949 0.974
0.058 0.084 0.107 0.133 0.222 0.322 0.415 0.51 0.6 0.692 0.788 0.887 0.913 0.936 0.961
0.046 0.069 0.092 0.114 0.21 0.306 0.407 0.504 0.602 0.7 0.802 0.9 0.926 0.951 0.974
0.047 0.069 0.091 0.114 0.209 0.309 0.414 0.515 0.612 0.712 0.813 0.906 0.932 0.954 0.976
0.047 0.069 0.09 0.113 0.206 0.306 0.41 0.511 0.609 0.711 0.812 0.906 0.93 0.953 0.976
0.058 0.084 0.107 0.133 0.222 0.322 0.415 0.51 0.6 0.692 0.788 0.887 0.913 0.957 0.978
0.029 0.055 0.082 0.109 0.206 0.309 0.404 0.502 0.596 0.696 0.797 0.905 0.931 0.955 0.977
0.051 0.075 0.1 0.125 0.218 0.319 0.412 0.509 0.6 0.698 0.796 0.903 0.927 0.951 0.976
0.051 0.076 0.1 0.125 0.218 0.319 0.412 0.507 0.601 0.699 0.797 0.904 0.927 0.951 0.976
0.027 0.055 0.081 0.103 0.2 0.305 0.401 0.502 0.599 0.696 0.796 0.902 0.927 0.95 0.975
0.057 0.079 0.106 0.131 0.223 0.315 0.409 0.503 0.597 0.691 0.788 0.893 0.913 0.94 0.963
0.028 0.055 0.082 0.108 0.206 0.308 0.405 0.502 0.595 0.695 0.797 0.905 0.93 0.955 0.977

0.025 0.050 0.075 0.100 0.200 0.300 0.400 0.500 0.600 0.700 0.800 0.900 0.925 0.950 0.975
Quantile level

7. Summary of findings and conclusions

o Overall, stacking with quantile regression and stacking with quantile
regression neural networks are the best algorithms for the problem of
interest.

Still, the relative performance of the algorithms (ensemble learners
and individual machine learning algorithms) should be expected to
depend on the technical problem.

Therefore, large-scale comparisons of the same algorithms in other
technical problems would also be useful.
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