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MethodologyGaussian Process Regression (GPR)

Gaussian Process: Model each data point as part of a joint Gaussian distribution.

where is the mean function;             is the kernel function.

Bayesian Method: Update the probability of a hypothesis with new evidence.

Express the prior knowledge of the 

relationship between data points, 

adjusting with hyperparameters.

It’s a function of：

· (𝒙 − 𝒙′): stationary, Δ𝒙-dominant;

· (𝒙 · 𝒙′): non-stationary, non-linear change.

Given a set of training data      with corresponding outputs ,

the posterior distribution for a new test point       is given by：

where
Figure 2: GPR prediction.

Figure 1: Kernels of (a) squared exponential(𝑺𝑬) (b) Periodic(𝑷𝑬)
(c) polynomial(𝑷𝒐𝒍𝒚). (a)(b) are stationary; (c) is non-stationary.
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where is the posterior probability;               is the likelihood;

is the prior probability;           is the marginal likelihood(evidence).

·

·
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Framework
Data Pre-process

Time Range Frequency Source Scenario Volume Training Test Pre-process

1850 - 2099 Annual CMIP6[1] SSP2-4.5[2] 20 Simulations 16 4 Scalization[3]

Table 1: Precipitation data overview. [1] Coupled Model Intercomparison Project Phase 6 for global climate models. [2] 

Future with intermediate GHG. [3] Every simulation is scaled by its historical mean and standard deviation before 1950, 

aiming to better see the reduction of uncertainty while keeping the trend and oscillations.

Based on experiments on Southern Oscillation Index(SOI, 3-7 year oscillations) 

and synthetic data(10-30 year oscillations), create two kernel function types:

Figure 4: SOI (a) and synthetic data (b) experiments.

Kernel Function Structure & Hyperparameter Tuning

Kernel Function Types for  Oscillations

Figure 3: All scaled CMIP6 simulation.
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𝑺𝑬 · 𝑷𝑬𝒊,𝒑෍

𝒊

𝑷𝒐𝒍𝒚(𝑷𝑬𝒊,𝒑)෍

𝒊

𝑷𝑬𝒊,𝒑 means 𝒊𝒕𝒉 periodic kernel with a 𝒑-year period. Use 

different periods to simulate different scales’ fluctuation.

Use①𝑺𝑬 to control 𝑷𝑬’s magnitude or ②𝑷𝒐𝒍𝒚 to capture 

𝑷𝑬’s change over time, imitating uncertain oscillations.
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Kernel①/② with:

- Different 𝒊, 𝒑;

- Other kernels.
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Overview
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Diagram 1: Motivation – Water infrastructure with (a) static design and (b) flexible planning. 

Diagram 2: Goal – Update the prediction (a) pattern and (b) uncertainty with more observations.

Water infrastructure planning 

should consider precipitation 

uncertainty in the future. And 

dynamic planning can be 

efficient when we have more 

observations to update the 

pattern and uncertainty.

Previous researches apply 

Gaussian Process Regression to 

precipitation with long-term 

trends. However, oscillations are 

not taken into consideration.

The research goal is:

Gaussian Process Regression

for updating the prediction and 

reducing the uncertainty with 

more observations when there 

are oscillations in precipitation.

𝐶𝑟𝑜𝑠𝑠 𝑉𝑎𝑙𝑖𝑑𝑎𝑡𝑖𝑜𝑛

Characteristics

3 - 7 year oscillation:
Influenced by El Niño-Southern Oscillation.

10 - 30 year oscillation:
Influenced by Pacific Decadal Oscillation.

long-term trend:
Influenced by Overall Precipitation.
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Diagram 3: The Awash Basin’s precipitation Diagram.

Diagram 4: Sketches for 3 characteristics.

Note that oscillations are uncertain:

There is a roughly defined period range 

for each oscillation, but the exact period 

length varies unpredictably.

There are 3 main characteristics in the 

Awash Basin’s precipitation:

Results

Predictions Vary with Different Observations

Update Predictions with More Observations

Use 16 CMIP6 simulations as prior knowledge to develop a GPR model structure, and other 4 

simulations as virtual observations individually. For one virtual observation, assuming 𝑥 years as 

observational data, fine tune hyperparameters to predict precipitation for the next (250 − 𝑥) year.
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Figure 5: Predictions of two observations by a

∑𝑺𝑬 · 𝑷𝑬-based kernel, with two 3-7 year periods 

and two 10-30 year periods. 

With 150-year observations, the wet 

simulation tends to be wetter in the future, 

while the dry simulation maintains lower 

precipitation. They are distinguished by 

predicted mean and uncertainty range, 

but maintain a similar oscillation pattern, 

which is determined by prior knowledge.

Figure 6: Predictions with (a)50 (b)100 (c)150 years as observations by ①∑𝑺𝑬 · 𝑷𝑬-based ②∑𝑷𝒐𝒍𝒚 𝑷𝑬 -based kernel.
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With more observations, the posterior uncertainty gradually decreases and the posterior mean 

increasingly reflects the future oscillation pattern. Compared to the ∑𝑺𝑬 · 𝑷𝑬-based kernel,  the 

∑𝑷𝒐𝒍𝒚 𝑷𝑬 -based kernel fits the data more closely, but also inevitably introduces more noise.
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Takeaways & Future Work
Gaussian Process Regression can model the Awash Basin’s precipitation with the 3-7 year

oscillation, 10-30 year oscillation and long-term trend, based on the CMIP6 simulations.

Two kernel function structures ∑𝑺𝑬 · 𝑷𝑬 and ∑𝑷𝒐𝒍𝒚 𝑷𝑬 can capture uncertain oscillations.

The prediction can be updated with observations and the uncertainty can be reduced with 

more observations.

·

·
·

Future work includes developing more reasonable evaluation metrics, applying this method 

to other regions with oscillations in precipitation, and combing the precipitation prediction 

with dynamic water infrastructure planning under deep uncertainty.

·
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