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What is JADE?



What is JADE?
@ade
JADE. j1 is a hydrothermal reservoir optimization model of the N&W

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. j1 developed by Oscar
Dowson.

JADE. j1 is made available by NZ Electricity Authority at
https://www.emi.ea.govt.nz/Wholesale/Tools/JADE

and source is on github at

httpne://cithub com/FPOC-N7Z/TIADF 41


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

What is SDDP.jl ?

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

» built on JuMP. j1 modelling language.

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

» infinite horizon problems

» convex risk measures

» mixed-integer state and control variables

» partially observable stochastic processes

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


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

Advantages of JADE

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

» Wholesale market input data is curated by the EA.

» Open source versus proprietary software.

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

» SDDP. j1 algorithm is based on published research.

» JuMP model makes changes easy to implement.

» Policy graph features of SDDP. j1 make JADE very flexible.



JADE policy graph for a planned year
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» 52 weekly stages

» SP;_:, has terminal future-cost function



JADE steady-state policy graph
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» 52 weekly stages
» annual (weekly) discount factors B (B'/52) on edges



JADE reservoirs
NEW ZEALAND

@ Lake Pukaki
@ Lake Waikaremoana
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New Zealand major hydro reservoirs (map by ChatGPT).



JADE approximate transmission network

— AC Line

memwms DCLine

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



JADE in steady state

» Infinite horizon JADE computes End of Horizon (EOH) cuts
defining a terminal future cost function.

» EOH cuts are added to finite horizon model.

» Any infinite horizon policy can be simulated with 92 consecutive
years of inflows (1932-2023)
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Inflow modelling for testing policies



Inflow modelling in SDDP

» Inflows are modelled so we can compute a policy using SDDP.
» PSR SDDP takes historical inflows and fits a PAR model.
» PAR model is linear in inflows and needs adjustments to
prevent negative inflows.
» Some evidence that this gives optimistic policies.
» Academic versions of JADE by EPOC researchers have tried...
» independent inflows with DIA (doasa);
» an AR1 model in the logs of inflows (Adam Clifford, 2022);
» a model with Markov ENSO states (Xander Butler, 2023);



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

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

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

» How will it work if we assume historical inflows 1932-20237

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

» How will it work in practice?

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



Marginal distribution of log inflows are normal

QQ plot of log inflows for Lake_Pukaki (Week 15)

Lake Pukaki (Week 15)



Temporal correlation of Pukaki

Log(Lake Pukaki weekly inflow) correlation



Some marginal distributions of log inflows are not normal
QQ plot of log inflows for Lake_Waikaremoana (Week 15
| N
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Lake Waikaremoana (Week 15)



Spatial correlation of NZ inflows
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Modified Fractional Gaussian Noise

[Kirsch, B. R. et al, 2013, Chadwick, C. et al, 2024]
» Transform logarithms of inflows to have mean 0, variance 1.

» Establish correlations between transformed log inflows in space
and time. Remove uncorrelated reservoirs.

» Create synthetic multivariate normal random variables of scaled
log inflows with A/(0, 1) marginals.

» SmFGN: spatial then temporal; mFGNS:temporal then spatial.

» Weighted mFGN analysis [Chadwick et al, 2024] resulted in

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

» Transform marginals to N(]/t, (72) and exponentiate, or
» Recreate marginal inflows from N'(0, 1) using NORTAZ?.

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



Historical
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Historical Inflow Correlations
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Cobb Coleridge  Tekapo Pukaki Ohau Hawea Wanaka
0.280 0.174 -0.033 -0.113 -0.023 0.053 -0.019 -0.043
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SMFGN versus mFGNS: SmFGN
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SMFGN versus mFGNS: mFGNS

mFGNS Synthetic Inflows
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Spatial correlation from mFGNS model



Synthetic mFGNS/NORTA versus historical

Total Policy Costs of Historical vs mFGNS
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Cost duration curves from JADE policy simulated with 940 synthetic mFGN/NORTA inflows
and historical inflows 1932-2025.



Risk curve analysis

Fuel Capability Case

d SST Electricity Risk Status Curves (Available GWh)
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System operator uses historical inflow sequences to estimate hydro shortage risk.
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FUELJADE: Modelling fuel constraints



Fuel constraints

» What about gas availability?

» EMI version of JADE.jl assumes exogenous forecast of gas and
coal prices for electricity generation.

» These prices will actually be uncertain and endogenous, i.e.,
depend on how much is still in the ground and what thermal
electricity generation has occurred.

» But electricity generation depends on the JADE policy and on
the inflows observed.



FUELJADE model

» Fuel is a state variable in FUELJADE.

» Fuel is purchased once in stage 1 and then is consumed over
the year from a fuel stockpile at zero variable cost.

» Purchases in stage 1 of FUELJADE will be dependent on fuel
state and other states (reservoir levels) but not on anticipated
future inflows.

» Policy computes a marginal fuel value as well as a marginal
water value. These are opportunity costs of using fuel and
water respectively.



FUELJADE model experiments

» Compute a FUELJADE policy for 2024.

» Train steady-state problem for 2024 with unlimited purchase
of fuel in stage 1 at price 0 (5000 iterations).

» Train 2024 finite horizon problem with EOH cuts and
unlimited fuel purchase in stage 1 (5000 iterations).

» Train 2024 finite horizon problem with EOH cuts but 2024
historical fuel purchases in stage 1 (5000 iterations).

» Train 2024 finite horizon problem with EOH cuts but more
limited fuel purchases in stage 1 (5000 iterations).



Peak forecast prices at Haywards 2024: FUELJADE
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Simulated HAY peak load block prices in 2024 with gas shortage
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Peak prices (§/MWh) at Haywards in 2024 forecast from FUELJADE
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Capacity expansion modelling



EPOCJADE capacity planning
[Hole et al, 2024]
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Add capacity investment node SP;,, to the steady-state policy
graph.



Investments in new wind capacity with different backup
Three cases: Pump storage, Peakers, None
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Investment decisions for new wind capacity in the three different cases against the number of
SDDP training iterations. The investment decisions are evaluated every 25 iterations.



Cost recovery from investments
[Anderson and P., 2026]

» Classical screening curve analysis ([Boiteaux, 1960, Stoft,
2002]) shows Ricardian rents exactly cover capital costs in
perfect competition.

» Does this extend to systems with variable renewable electricity,
storage, and hydroelectricity?

» Exact screening curve analysis is difficult with JADE since the
electricity prices in each stage problem may not be unique and
might also be poor approximations to optimal prices.

» [Anderson and P.] derive screening curve analysis in a
scenario tree with elastic demand.



Uncertain inflows form a scenario tree

0

A scenario tree N with 4 stages and 27 scenarios. We let p(n) denote the probability of node n.



Investment planning problem for thermal plant

Let g(n) be fixed generation from hydro plant and y;(n) be
thermal generation with capacity optimized to be Xx;.

SMP: min z@@+§:mm<zqwnmowwm»)

jeJ neN jeg
st Lyn)+glm =dln). €N [pln)(n)

0 <yj(n) <>, foralljeJ. [p(n)poj(n)]

n(n) = U,(d(n)).



Fix optimal capacities at x*, and solve dispatch problem

DP: min Z ajxj*—l— E p(n) (Z Cj(n))/j(n) - U,,(d(n)))

JjeT neN jeJg
s.t. Z}yj(n) +g(n) =d(n), forallne N [p(n)rt(n)]

0<y(n) <xf, foralljeJ. [p(n)p;(n)]

This decouples into a dispatch problem at each n, where plant j
offers x* at marginal cost ¢;(n), and demand bids marginal utility

Ul (d).

DP has same primal and dual solution as SMP.



Optimality conditions for SMP imply DP rents cover costs

n(n) = U'(d(n))
0 < ¢i(n) +pj(n) —7t(n) L y;(n) 20

0 < x5 — y;(n) L py(n) >0

0<a— ) p(npi(n) L x>0
neN

Annual rent (R;) for technology j = Z/;\/p(n)(n(n) —¢i(n))y;(n)

=), p(n)p;(n)y;(n)

neN

= Y p(n)pj(n)x = a;x;

neN



KOTUITUI
[Robinson, 2026]

Te AKA
=

Maori Dictionary

kotuitui

1. (verb) (-a) to lace, fasten by lacing, interlace, interlink, connect.

> Key Optimization Tool for Utility Investment with Tree-based Uncertain Inflows.
P Kotuitui scenario tree has 5 stages:

» Stage 1: Weeks 1-9

> Stage 2: Weeks 10-18

> Stage 3: Weeks 19-27

> Stage 4: Weeks 28-36

> Stage 5: Weeks 37-52

P Inflows from 81 historical years 1941-2021 are clustered into bundles and
non-anticipativity constraints applied over each bundle.



KOTUITUI

>

v

Investment JADE is modelled with quadratic load-shedding
costs (i.e., a linear demand curve).

JADE vyields optimal investments and end-of-horizon cuts.

Kotuitui applies end-of horizon cuts to each leaf node in
scenario tree and solves a stochastic quadratic program. This
replicates JADE investments.

Kotuitui extracts system marginal prices and water values at
each node in the tree.

Kotuitui computes the rent from energy prices and the inflow
rent which is sum of inflows times marginal water value.



KOTUITUI results

Cobb dam and 32-36 MW power station [https://www.manawaenergy.co.nz/generation-images]

» JADE and Kotuitui give optimal investment of 33.1 MW when capital
cost/MW /year = $150K. Annual capital cost = $5M.

» PV($5M) = $48.7 M (20 years at discount rate = 7.8%)
» Annual present value of inflow rent = $14.3 M.
» Annual present value of energy price rents = $19.3 M.

So if your question is "what value did Contact effectively put on Cobb when it bought Manawa?", | would
use approximately $160 million (2025 NZ dollars).



The End

a.philpott@auckland.ac.nz


a.philpott@auckland.ac.nz
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