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Separating forced from internal variability
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Step 2: Spectral analysis
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From the power spectrum to spectral ratios
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Repeat for several
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Input data for main analysis
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Model complexity

Simple EBM approximates

power spectrum of complex

simulations well
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Internal & externally-forced contribution to global temperature variability
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Model complexity
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Paper: M. Schillinger et al.: Separating internal and externally forced 

contributions to global temperature variability using a Bayesian stochastic 

energy balance framework. Chaos, https://doi.org/10.1063/5.0106123 (2022).

Package ClimBayes: https://github.com/m-schillinger/ClimBayes
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Detailled Workflow of the ClimBayes package
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Figure adapted from Schillinger, M. et al. 2022;  Ref.: Geoffroy et al. 2013, Fredriksen and Rypdal 2017, Myrvoll-Nilsen et al. 2020
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Bayesian parameter estimation
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Data: Morice et al. 2021

Bayes theorem

𝑝𝑋|𝑌=𝑦 𝑥 =
𝑝𝑌|𝑋=𝑥 𝑦 𝑝𝑋(𝑥)
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Y = Φ 𝑋 + 𝐸
𝑌: Observations
𝑋: Parameters 
Φ: Forward operator
𝐸: Noise



Application to historical data
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Data: Morice et al. 2021



Modelling the global mean temperature spectrum
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Comparison of 1-, 2- and 3-box model
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Comparison of EBM’s forced response with large ensemble
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