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What is JADE?

JADE.jl is a hydrothermal reservoir optimization model of the New
Zealand electricity system (developed by Downward and
Kapelevich) that minimizes expected discounted social cost. It
applies the stochastic dual dynamic programming algorithm as
implemented in the Julia package SDDP.jl developed by Oscar
Dowson.

JADE.jl is made available by NZ Electricity Authority at

https://www.emi.ea.govt.nz/Wholesale/Tools/JADE

and source is on github at

https://github.com/EPOC-NZ/JADE.jl

https://github.com/EPOC-NZ/JADE.jl


What is SDDP.jl ?

I open source Julia implementation of SDDP maintained by
Oscar Dowson.

I built on JuMP.jl modelling language.

I supports a number of open-source and commercial solvers.
I support for:

I infinite horizon problems
I convex risk measures
I mixed-integer state and control variables
I partially observable stochastic processes

https://odow.github.io/SDDP.jl/stable/

https://odow.github.io/SDDP.jl/stable/


Advantages of JADE

I JADE is used by the Electricity Authority (EA) to monitor the
wholesale market and security of supply.

I Wholesale market input data is curated by the EA.

I Open source versus proprietary software.

I No software licence fees (except possibly for LP solver).

I SDDP.jl algorithm is based on published research.

I JuMP model makes changes easy to implement.

I Policy graph features of SDDP.jl make JADE very flexible.



JADE policy graph for a planned year

SPt=1
... SPt=52

I 52 weekly stages

I SPt=52 has terminal future-cost function



JADE steady-state policy graph

SPt=1
... SPt=52

b

SPt=1
... SPt=52

b1/52 b1/52

b1/52

I 52 weekly stages

I annual (weekly) discount factors b (b1/52) on edges



JADE reservoirs

New Zealand major hydro reservoirs (map by ChatGPT).



JADE approximate transmission network

In JADE.jl, 250-node network on left is approximated by an 11-node transmission system.



JADE in steady state
I Infinite horizon JADE computes End of Horizon (EOH) cuts
defining a terminal future cost function.

I EOH cuts are added to finite horizon model.
I Any infinite horizon policy can be simulated with 92 consecutive
years of inflows (1932-2023)
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In
ow modelling in SDDP

I Inflows are modelled so we can compute a policy using SDDP.
I PSR SDDP takes historical inflows and fits a PAR model.

I PAR model is linear in inflows and needs adjustments to
prevent negative inflows.

I Some evidence that this gives optimistic policies.
I Academic versions of JADE by EPOC researchers have tried...

I independent inflows with DIA (doasa);
I an AR1 model in the logs of inflows (Adam Clifford, 2022);
I a model with Markov ENSO states (Xander Butler, 2023);



In-sample versus out-of-sample performance
[Wendy Liou and Shahed Ismael, 2025]

I Standard convergence of SDDP simulates the policy with the
same distribution that we used to train it.

I In its simplest form this works with stagewise independent
inflows.

I How will it work if we assume historical inflows 1932-2023?

I If this performance is our KPI, then should we train (overfit?)
SDDP on this history?

I How will it work in practice?

I To test we need a set of synthetic inflows that is not history but
has the same distribution.



Marginal distribution of log in
ows are normal

Lake Pukaki (Week 15)



Temporal correlation of Pukaki

Log(Lake Pukaki weekly inflow) correlation



Some marginal distributions of log in
ows are not normal

Lake Waikaremoana (Week 15)



Spatial correlation of NZ in
ows

Spatial correlation of historical log(in
ow) 1932-2025.



Modi�ed Fractional Gaussian Noise
[Kirsch, B. R. et al, 2013, Chadwick, C. et al, 2024]
I Transform logarithms of in
ows to have mean 0, variance 1.
I Establish correlations between transformed log in
ows in space

and time. Remove uncorrelated reservoirs.
I Create synthetic multivariate normal random variables of scaled

log in
ows with N (0, 1) marginals.
I SmFGN: spatial then temporal; mFGNS:temporal then spatial.
I Weighted mFGN analysis [Chadwick et al, 2024 ] resulted in

us using mFGNS.
I For simulation we either . . .

I Transform marginals toN (m, s2) and exponentiate, or
I Recreate marginal in
ows fromN (0, 1) using NORTA2.

2Cario, M.C. and Nelson, B.L., 1997. We do not try and match empirical correlation matrix.
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