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PSR core optimization method: SDDP
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North-Holland

Multi-stage stochastic optimization applied
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This paper p a methodology for the solution of hasti imization problems, based
on the approximation of the expected-cost-to-go functions of stochastic dynamic programming by
piecewise linear functions. No state discretization is ry, and the combi ial “explosion™ with
the number of states (the well known “curse of dimensionality” of dynamic programming) is avoided.
The piecewise functions are obtained from the dual solutions of the oplimization problem at each stage
and correspond to Benders cuts in a stochasti istage d ition fi k. A case study of
optimal stochastic scheduling for a 39-reservoir system is presented and discussed.

1. Introduction

This technical note describes an algorithm for the solution of multistage stochastic
optimization problems. The solution approach, called stochastic dual dynamic pro-
gramming (SDDP), is based on the approximation of the expected-cost-to-go func-
tions of stochastic dynamic programming by piecewise linear functions. These
approximate functions are obtained from the dual solutions of the optimization
problem at each stage and can be interpreted as Benders cuts in a stochastic,
multistage decomposition algorithm. No state discretization is necessary, and the
combinatorial “explosion” with the number of states (the well known *‘curse of
dimensionality” of dynamic programming) is avoided. The algorithm is also suitable
for implementation in parallel processors. The application of the algorithm is
illustrated in a case study of optimal stochastic scheduling for a 39-reservoir system.

2. Dual dynamic programming — deterministic case

The concents of dual dvnamic proerammine will be illustrated with the following

Our

flagship methodology: the
Programming) method (multistage stochastic Benders decomposition)

A SURVEY ON THE APPLICATIONS OF STOCHASTIC DUAL
DYNAMIC PROGRAMMING AND ITS VARIANTS

Bonn Keiford

Luxembourg Cer

Keywords Stochastic Dual Dynamic Prog e Dynamic Progs &: Stochastic Programming

1 Introduction
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PSR has been solving multistage decision-making problems under
uncertainty since its foundation by Mario Pereira in 1987

SDDP (Stochastic Dual Dynamic

Seminal paper with 3,000+ citations on Google Scholar, one of the most cited
papers in the operations research and energy planning fields,

SDDP has been the state-of-the-art solution method
for large-scale multistage stochastic programs, having
been applied to practical problems from several fields
and enriched by numerous improvements and
enhancements, more than 8,000 citations




The SDDP logic

Storage (hydro reservoirs, batteries) and flexible assets create intertemporal trade-offs with correlated uncertainties in

decision-making processes

Motivation for SDDP: explicit scenario trees would have a“combinatorial explosion” of branches along the stages and
quickly become intractable; Discretized stochastic dynamic programming also becomes intractable for a larger number of

storage states (“curse of dimensionality”)

This is the setting in which SDDP becomes essential: system uncertainty through disaggregated chronological scenarios

instead of explicit full trees, avoiding the curse of dimensionality
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“Forward” simulation



SDDP extensions

Distributed processing and application of cloud computing
Represents uncertainties on inflows, renewable production, fuel prices, electricity market prices
Modeling of risk aversion: Conditional value-at-risk has been the standard of the industry

Handling nonconvexities:

* Benders decomposition requires convexity in the problems during the backward phase; therefore,
nonconvex constraints such as integer variables for unit commitment must be convexified (for example,

linear relaxation)

* Stochastic Dual Dynamic Integer Programming (SDDiP), Support Vector Machine (identification of valid

and non valid cuts around each state) and Progressive hedging have been used by us to overcome

convexity issues




SDDP with High
Performance

Computing as PSR
flagship model
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PSR

SDDP as an industrial application by PSR

The SDDP model by PSR is a tool that represents all types
of generation (hydro, thermal, renewables etc.); storage
(pumped storage, batteries, reservoirs etc.); electricity
networks (multi-area or full transmission); gas networks

and fuel storage

Chronological hourly resolution (ramps etc.) and non

linearities (e.g. variable head and unit commitment)

Objective functions: Minimize risk-adjusted operation cost
subject to reliability constraints; maximize expected

revenues; and others

Clients all over the world (ISO, traders, banks, generators,

regulators, consumers, consultants, universities, etc)

Hydroelectric plants

@

« Storage and flow rate limits through
turbines, spillways, head effect,
infiltration and others;

« Stochastic inflow model
representing seasonality, time
and spatial correlations

* Detailed representation for
each reservoir

» Modeling of specific climatic
phenomena (such as El Nino), etc.

« Ramping constraints

Transmission Network

« Kirchhoff laws

« Power flow limits
 Quadratic losses

» Security constraints

« Limits on export and import
among electric areas, sum of flow
constraints and others;

Thermoelectric plants @

« Unit commitment constraints

« Fuel availability

« Fuel contracts (including
take-or-pay clauses)

» Thermal efficiency curves

» CO, and other pollutants
emission

» Ramping constraints

Natural Gas Network

Q

* Production capacity in the fields

» Gas production and
transportation constraints

« Pipeline flow limits and losses

Variable Renewable Energy (VRE)
Time Series Lab Model

« Definition of VRE historical
generation through global
reanalysis database

» Stochastic VRE power production

model, generating future synthetic
scenarios with hourly resolution

» VRE scenarios are temporally
and specially correlated with
hydro inflows

Batteries and others fast

response storage devices

« Storage capacity
» Charge/discharge capacities
« Efficiencies

* Ramping constraints.

SDDP 18

Integrated Energy System Planning Platform

SGR &

For further information: https://psr-energy.com/software/sddp-18.0.html




SDDP is very suitable for cloud computing

We started to use Amazon’s Cloud (AWS) in November 2006, one
month after it was created.

According to AWS, PSR was the first user in Latin America, of any area

We then developed a cloud-based platform:

Manages the remote execution of models (e.g. SDDP)

A distributed process environment (cloud computing)

Avoids the need for acquiring expensive “local” infrastructure to run studies

“SDDP Cloud” commercially available by PSR in 2009

PSR Cloud
Server

N
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Data

WS Case Study: PSR

About PSR

Execution Servers

PSR

The Challenge

Why Amazon Web Services




Example of aplication SDDP Nordic

https://www.youtube.com/watch?v=K5s98kgQJ6Q
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Nordic power market outlook
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Modeling of complex hydro cascades

12 Nordic Bid Zones
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Capacity Planning with flexibility constraints

Benders decompOSition Optimizes the trade_Off between 1. Investment Module (generation and interconnections) DDT';:‘]&'
investment decisions and the expected value of Minimize () + O(x) + RPD(), subject to EPNS(X) < E* T
operative costs obtained from SDDP I I

Candidate

plan O()and  EPNS(X) and

The reserve requirement must be a decision variable for x  optmaliycut feasibiity cut
the expansion planning model

Impacts of Dynamic Probabilistic Reserve
Sizing Techniques on Reserve Requirements

and System Costs
cstoeg, L Nieen, nd Ches

2. Stochastic

- Operation
. oo ° Module Dynar_Y]iC.
Dynamic probabilistic reserves (DPR) can be co- Probabilstc
optimized together with the investment decisions in an — requirement
embedded way (endogenously) | Reliabilty
Module Addressing the Time-Varying Dynamic Probabilistic

Reserve Sizing Method on Generation and
Transmission Investment Planning Decisions

Renewable investment decisions will be made
considering the indirect cost that those plants brings to | | Frobablisti
the system by increasing the reserve requirements Module

The co-optimization allows one to represent the renewables spatial portfolio effect (negative spatial correlations imply in
less reserve requirement than positive correlations): strategy avoids the concentration of renewables in the same region

PSR 13




Example of DPR (case of Chile)

Capacity additions

Energy Policy 124 (2019) 272-285
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Dynamic dimensioning approach for operating reserves: Proof of concept in | M) 1400

Belgium =
5 b b " a - 1200
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ARTICLE INFO ABSTRACT

Keywords:

lancing Operating reserves are used by system operators to deal with unexpected variations of demand and generation,
Dynamic sizing and maintain a secure operation of the system. This becomes increasingly challenging due to the increasing share 400
Machine leaning of renewable generation based on variable resources. This paper revisits the current sizing method applied in

Opexaiing reerves Belgium, which is based on a static approach that determines the required capacity once a year. The presented
dynamic sizing method determines the required capacity on a daily basis, using the estimated probability of 200
facing a system imbalance during the next day. This risk is estimated based on historical observations of system
conditions by means of machine learing algorithms. A proof of concept is presented for the Belgian system, and o - -

System operation
demonstrates that the proposed methodology improves reliability management while decreasing the average
2017 2018 2019 2020

This article discusses a new method for the sizing of operating reserves by electric power system operators.

Additions and Decommissionings (MW

2022

capacity to be contracted. The method is compliant with European market design, and the corresponding reg-
ulatory framework, and is of particular interest for systems with a high share of renewable generation. For these
reasons a gradual implementation in Belgium towards 2020 has been decided based on the results of this study.
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Estimating the flexibility requirements and cost to

manage the massive insertion of renewables in Chile 1200

Lueas Okamura; Daniela Bayma;
Alessandro Soares and Silvio Binato
PSR
Rio de Janeiro, Brazil
Contact: okamura@psr-inc.com

Abstraci—This paper describes the methodology, computational
tools and results of a study sponsored by the Chilean Generators’
Association (AGC) to quantify the investment and directiindirect
costs of providing the flexibility services (probabilistic dynamic
reserve, modulation etc.) required for the efficient and secure
operation of the Chilean power system under the projected
massive variable renewable energy (VRE) insertion in the next
decade.

Index  Terms—Flesibility ~ service, Operational
yptimization, Power systems. Variable energy resources.

Teserve,

I INTRODUCTION

Chile’s variable renewable energy (VRE) resources are
among the world’s competitive: the Atacama Desert has ideal
insolation characteristics, whereas wind production tends to be
higher in the nighttime, thus complementing the daily solar
profile. Therefore. solar and wind won most of the contract
auctions in the past years an Id dominate the country’s
expansion. This massive VRE insertion motivated government
and agents to assess the flexible generation reserve required to
‘manage their production variability: amount. type (e.g. existing
hydro and thermal, new fast gas generation, pumped storage,
batteries etc.) and cost (nvestment cost of new capacity.
additional O&M costs due to increased cycling. missed energy
sales of generation allocated to reserve etc.)

Rodrigo Quinteros; Sebastian Mocarquer;
Federico Heisig and Sebasti4n Rojas
Moray Energy Consulting
Santiago, Chile
Contact: squinteros/@moravenergy.com

the flexibility services cost (mvestment, additional O&M costs)
based on detailed probabilistic hourly simulations of system
operation.

A Related work

Flexibility is defined as the capability of a system to deal
with unexpected changes in generation or demand while
keeping a certain level of reliability at minimum cost [11[2]
Therefore. it is an attribute of great interest when integrating a
significant amount of VRE sources [6]. For example, NREL's
study in [7] identifies the costs associated with flexibility
services for thermal plants. such as increase on number of start-
upsieycling of generating In [8]. the start and stop costs for
hydro generators are evaluated: the study in [9] quantifies the
costs for German power plants considering up to 50% VRE
insertion and concludes that direct and indsrect start-up costs
are higher than ramping-related costs. Another German study
[10] quantifies the number of start-ups from 2010 to 2030 and
show that they are affected by changes in the generation mix, in
particular, retirement of nuclear plants.

As stated in [3], just increasing the reserve margin (peak
demand minus the total installed capacity) is not enough to
‘ensure system security in the case of VREs: m order to calculate
the optimal mix of generators, reserve and flexibility, some
short-term constramnts such as upward/downward ramps.
minimum up/down time and others must be considered. For
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A | -
The Genesys 2.0 model W3 1

A

ock Island
Lam
Pacific Northwest Generating Capacity: 63,104 MW
Other*
Y Biomass
Wind 1.¢

, Coal
Nuclear 11.3

Natural Gas
Peaking

Natural Gas
Baseload

11.6'

Hydro

Emulate the real-life operation with as many details as possible
Assess performance indices (LOLP, generation marginal costs etc.)
Taking into account load uncertainty

Inflow + Renewable uncertainty

Large share of hydro generation with detailed operation

15 balancing markets
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The problem solved

Level 1 - Repeat for each yearly scenarios =1, ..., S

Medium term planning (weeks ahead): water values, “slow” unit commitments

Data set 1: forecasted hourly values of operational parameters along the year for scenario s
(hourly loads, renewable generation, inflows, equipment availability etc.)
Data set 2: “true” hourly values of the same operational parameters

Day ahead operation: Fuel contracts, Market trading

Level 2 - Disaggregate forecasted yearly operation into “monthly” steps (hydro generation
targets and water values)

Hour ahead operation

Hydro generation targets and water values

Detailed hydro-thermal operation: real time operation (“true up”)

Level 3- Disaggregate forecasted "monthly" operation into
weekly operation schedules

Redispatch under uncertainty: with limited resources

operational decisions for some generators

Repeat for 6,000 scenarios and solve in 8 hours!

Level 4 - Disaggregate forecasted weekly operation into
daily operation schedules

Total 108 million MIPs, 10 Tbytes output files

additional operational decisions (e.g. unit commitment)

Level 5 - (1) Calculate operational

decision for each hour based on Accumulate results of true up
‘ | - forecasted values; and (2) adjust operation for scenario s
- Analysis operation for "true" values (true up)
Model Module
Time Series > pggﬁge — Results Apache SPARK
Input C++ C# Amazon S3 Amazon Athena .
cassandra : Solved in about 6 hours
Distributed A L
7y D o o Calculate planning |_nd|ces
e, using PSR Cloud with for the S scenarios
v AWS Y
3 .
Planning Models: 3 O 2 O O O C O re S
S D Web SDDP, MIP, Affine Graphical
R Interface | Julia+JuMP Dashboard
ongo Mosel+Xpress

t 1




Optimal operation Genesys 2.0 (US Pacific Northwest)W

Demand and reserve for the
T largest balancing market

ﬁm

I Vo LR ﬂ'!"!WMWNMN Nf

| Hourly operation (energy &
ooooo reserve co-optimization)




Optimal LNG contracting and scheduling for power generation

System operator
dispatch order

Work and energy flow

Generator’s load call and

deliver window definition LNGC FSRU
Liquified Natural Gas Carrier Floating Storage Regasification Unit

OPERATIVE CONSTRAINTS SOURCES OF UNCERTAINTIES ADVANCED MODELING
— Power plants’ activation sequency — Meteoceanographic conditions — Deliver window allocation
— FSRU activation and hibernation — LNGC logistics — Multiple thermal plants with
— Fuel transfer rate limits — Regulatory services different fuel balances

. . . — Fuelloan

— Fuel consumption curve — Dispatch uncertainty

— Carrier fuel load volume = spltmenminEien eals

Due to the high number of binary variables, the problem is decomposed using Progressive Hedging

https://www.youtube.com/watch?v=a0p_tTNox0



Integrated Al-based

Climate Modeling and
Stochastic Optimization
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Why this topic matters now: the “new normal” for weather / climate

Global mean temperature outside the polar regions,
according to the Copernicus service

The energy transition is increasing reliance on weather-sensitive resources: hydro, wind, 1979-2022
and solar ---- Daily average 1991-2020

In°C
The “New Normal” for weather / climate has arrived: strong evidences that the extreme 2.

events that took place worldwide in 2023 and 2024 are structural .

Possibly / probably the situation will get worse e

It is urgent to adjust the stochastic scenarios of inflow, wind, temperature etc. and i §
operation + planning criteria to the new reality 2025

202
Adaptation measures (resilience) are as important as mitigation
20.0

1 198

19.6
Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

CLIMATE CRISIS

Heat waves: Brazil surpasses 50 days per year of high |f| SRR RN

temperatures s



The core problem: planning under non-stationary uncertainty

The issue is not just volatility, it is a structural change in probability distributions

Climate change affects the distribution of inflows, temperature, wind, radiation, and extreme events;
PSR studies highlight lower averages in some cases and heavier tails: higher probability of droughts and floods;
Traditional stationary models assume future statistical properties equal the past: increasingly fragile;

This affects energy planning as a whole: operation, adequacy, investment decisions.

BRAZIL FACES WORST DROUGHT IN HISTORY GUAIBA RIVER FLOOD LEVELS IN 1941 GUAIBA RIVER FLOOD LEVELS IN 2024
% 4 Currently facing uncertainties about how long the floods In 2024, floodwaters reached a new record, rising
SPEI* index in the months of March each year will last, we revisited the floods of 1941 in Rio Grande do much faster than in 1941.
Standardized Precipitation Evapotranspiration Index (SPEI) Sul to find answers. Back then, the volume of Guaiba re-

turned to normal only after more than a month.

country hit in March 202
i 0,45 the worst index
- of the historical series,
' started in 1950

1956

1941

llha das Flores

4 W Pintada

_1 ) 4 4 Ilha da Pintada
2,0 2016

-1,95
=25

1950 1960 1970 1980 1990 2000 2010 2024




PSR Integrated Framework: from weather to decisions

PSR’s framework integrates: climate information, Al-based scenario (f\ ,
) Climate data

|

N

generation, stochastic optimization, risk metrics, and economic /

resilience assessment;
Al scenario engine

Produce climate-change adapted scenarios — quantify system |

N

@//[)0 Stochastic optimization

impacts — evaluate benefit-cost of adaptation measures

Requires multidisciplinary integration of meteorology, Al, physical |

N

system modeling, and optimization. Risk metrics

Better energy decisions require connecting climate ' Decisions
science to economic and operational models.

SDDP-based methods

22




Al-Based Climate Modeling: PSRCast

PSRCast generates integrated scenarios for temperature,
insolation, precipitation, wind, inflows, and other energy-

relevant variables across short, medium, and long-term horizons

Uses information from well-established meteorological / climate
groups such as ECMWF* and GFS and from Al Large Weather

Models such as Google’s Graphcast

PSRCast uses Al and external forecasts produced by publicly available

climate models

Translates global climate information into integrated stochastic scenarios
for energy decisions, ensuring coherence between ensemble forecasts from

different circulation models and horizons (day ahead to > 30 years ahead)

PSR

Global Circulation
Models

PSRCast

Integrated Scenarios

WSS
WS
R

D N
RN
II\“
T

Vertical exchange
N\ between levels

™
"
!""\ S
.

Po(x|2)

(O A \ SN A

4 I\' ” 1 7 " o '|
it Kal MR A NS nen NV N IRl

*ECMWEF: European Centre for Medium-Range Weather Forecasts; GFS: Global Forecast System (NOOA), a National Centers for Environmental Prediction (NCEP) weather model

23



How PSRCast Works

Climate model timestep

PSRCast uses modern deep learning to capture spatial patterns, temporal dynamics, and probabilistic uncertainty.

Architecture (implemented using the PyTorch framework) combining:

— Convolutional layers to identify spatial patterns ( )

— Recurrent layers to capture temporal dynamics;
yers to capture temporal PyTorch

— Probabilistic/generative layers to represent distributions and generate scenarios;

. . . . NEURAL NCCELERATED
The framework preserves spatial and temporal correlations across multiple variables NETWORKS
and locations. M
EAGER & E E DISTRIBUTED SIMPLICITY

The output is not a single forecast: it is a stochastic representation suitable for
.. . GRAPH-BASED TRAINING OVER
deC|S|0n'mak|ng EXECUTION COMPLEXITY

Global Circulation Model

Pg I
21w ,

River inflows
VRE scenarios, etc

(P

[ Sequence of climate layers ] N
snapshots

Sequence of convolutions to Probabilistic
extract spatial features capture temporal dynamic Layer




How PSRCast Works

PHASE 1: TRAINING (LEARNING THE TRANSFER FUNCTION)

(spatial grids)
e.g., 2500, T2m, U10, Q, P,, ...

- 2 = Synchronized Predictions (Model Outputs) Historical Targets
Global (igg:;e Model HINDCASTS / REANALYSIS Inputs PSRCast MODEL (to be learned) (Training period) (Observed / Reanalysis)
(Retrospective forecasts) (Past) (Same variables)
Last ~20 years ) Streamflow (Q) | Streamflow (Q)
- Y. ', )
= 2 20 & !!' J t=Y-20 / \'w_./A\,A 7 / \\ »/\‘., JJJ\A‘\“"\N"‘ r \
0 — | ] t=Y19 E,\"“"“f;’ °j";"‘“" by Elcricty Demand ©) | _y, %
= - Pl o, '!\'L’ A L a'ﬂn\.,lf\.‘,,.~‘n%,fq«-.,-'%\ Learned Transfer
- : (e.g., MSE) Function
o Renevable Generation (G) Maps climate fields
t=Y- cos e S, /M M AN WAl WL - target variables
in time
-~ Atmospheric fields aies it \ )
(spatial grids) = —
e.g., 2500, T2m, U10, Q, P, ... Training Objective L
Minimize error between PSRCast outputs =
and historical target variables
PHASE 2: INFERENCE (GENERATING FUTURE SCENARIOS) PSRCast MODEL Ge;;’g'edgcena"“
e (Trained) (PSRCast Outputs)
Global Climate Model i —— (Future) M i [T smie |
(GCM) - t=Y+1 g :
(Climate Model Projections) - { AA\M M\J“\.MA Decision Making -
Next years / decades = oo !
s e ! t=Y+2 | Electricity Demand (D) = P -—
'll‘g‘,‘;«'/ il g@ o E Mf’\o‘t J‘WV-Vu aad -l
".‘;‘l 3 — E Hydro planning, energy systems,
l_l - ! Renewable Generation (G) risk assessment, operations,
5" ik : t=Y+H y A investment, policy analysis, ...
os i pn i Py, A ( ! |
Atmospheric fields

under uncertainty

[ Supports decision making ]




Generating multiple scenarios

scenario 1.1

PSRCast - Deep Learning Architecture =

scenario 1.N

\ 4

————————————————————————————————————————————————————————— scenario 2.1

> scenario 2.2

The ensembles represent the uncertainty of the
meteorological / climate model with respect to "47 _.” scenario 2.N
the climate inputs

-
-
-
-
-
——-——
p——
-
-
-

scenario M.1

> scenario M.2

The implicit stochastic representation in the

architecture represents the uncertainty in the
transfer function that relates the climatic variable
with the output results (scenarios(.

PSRCast - Deep Learning Architecture

scenario M.N

— Climate models typically produce a set of possible future projections, known as an ensemble, rather than a single deterministic
forecast, due to the high uncertainty associated with long-term climate predictions;

— The combination of the uncertainty of the meteorological model, represented by the ensemble, with the uncertainty captured by
the architecture results in a set of plausible integrated scenarios (inference applied to each ensemble)

PSR



Hybrid SDDP-Markov Model

SDDP usually requires the inflows to be represented by PAR(p) models, which are convex;

Climate-affected scenarios exhibit more frequent extreme droughts and floods: not well represented by linear PAR(p)
models

PSR's solution: represent inflows using Markov-chain segments (Ex:, drought, normal, wet)

The hybrid model adjusts a PAR(p) inflow model for each cluster of a Markov chain applied to the PSRCast scenarios.
This allows the representation of non-stationarity and macroclimatic events

All the analytical properties of the SDDP algorithm (upper and lower bounds, convergence to the global optimum
etc.) remain valid
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Climate Model Uncertainty: There Is No Single "True" Future

Decision-making must be robust not only to scenarios, but also to disagreement among climate models.

Even state-of-the-art operational global circulation models already >
produce materially different trajectories beyond short lead times; Initial value Forced boundary-
problem value problem

This divergence grows rapidly with forecast horizon, becoming

dominant at seasonal-to-decadal scales;

This multiplicity is intrinsic to a nonlinear chaotic climate system —

it will not disappear with more computing power;

Planning should explicitly consider uncertainty about the D3y Week Month  Season Decade Century
Weather Seasonal to Long term climate
underlying climate model itself; predictions interannual change projection
predictions

This motivates robust and regret-based decision criteria.




Decision-Making Under Model Uncertainty

When the true future distribution is uncertain, minimizing expected cost under one assumed model may be fragile.

PSR has used minimax regret as an effective way to choose stochastic Regret Matrix Example
model parameters

i H ACCESS-  ACCESS-  BCC- | CMCC- | EG GFDL-
The logic: evaluate the consequence of choosing model A when model B ~ Mon s o onss g ’ i

turns out to be closer to reality; ey ol

This is related to distributionally robust thinking, increasingly relevant ACCESS-ESM15 | 12212 - 52.08 33.38

in energy planning under climate uncertainty; BCC-CSM2-MR [R2272: m

W . .. | o
The goal is not only to reduce average cost, but robustness against being T x
-Ea . g v $3.2B y

wrong. GFDL-ESM4 $2.88 | $1.9B | $3.88 [IS310BH $0

We are currently applying the same minimax regret framework to B st vodel
represent the uncertainty of IPCC climate models in long-term planning Maderate Regret
- High Regret

studies




tions

©
lm
o
Q.
qv)
(T
O
9
Q.
=
©
>
LL]

PTEIPIEEEERy YT deRmegmiT e




Example: Assessment of hydrological stress scenarios in a Colombia-Panama Interconnection

Evaluation Study (2025-2035)

The hydrology of the Andean and Central American countries is
strongly influenced by interannual climate cycles such as El Nifo-

Southern Oscillation events, including El Nifo and La Nina;

We calibrate hydrological scenario generation models conditioned
on the occurrence of these events (i.e., the model learns the
relationship between streamflow variability and the prevailing

climate regime — El Nino, La Nifa, or neutral conditions);

Based on this calibration, hydrological stress scenarios can be

simulated from different climate models for the future;

Research question: can we have more extreme El Nino/La Nina

events in the future? How the power system reacts/adapts to that?

Probability Distribution of Annual Inflow Energy

Costa Rica Panama Honduras

%

20 25 30 35 40 45 14 16 18 20 22 24 26 8 10 12 14 16 18
TWh x 2 years TWh x 2 years TWh x 2 years

—— EI Nino
—— La Nina
— Neutral
——- Stationary

Guatemala Nicaragua El Salvador

10 15 20 25 0.5 1.0 15 2.0 25
Twh x 2 years Twh x 2 years TWh x 2 years

Ecuador Colombia Peru

60 70 80 90 100 110 100 125 150 175 200 225 250 30 35 40 45 50
TWh x 2 years TWh x 2 years TWh x 2 years

CO and PA report reductions of 6% and 5% in their water availability

M Baseline Water stress

Guatemala
El Salvador
Honduras
Nicaragua

Costa Rica -5.3% (0.5 TWh)

. -6.1% (5 TWh)
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Example: Long-term climate change analysis for Brazil’s power system (2040-2070).

Similar study for Brazil: Utilizing large ensemble of global climate models, we construct estimates of future hydroelectric, solar, and

wind generation patterns;

Research questions: what are the impacts of climate change in the power system and how to react/adapt to that? What are the

adaptation strategies and costs?

Climate Model Hydro Generation Variation Solar Generation Variation Wind Generation Variation 0 5 10 15 20 25 30 35 40 45 50
SN SE SU NE NO SIN° SE SU  NE NO SN SE SU  NE NO @ (61%)

HadGEM3-GC31-MM 7%  -6%  36% -17% -30% 1.0% 1.4% -0.6% 0.6% 0.0% 2% 0% 7% 1% 1% e (49%)

GFDL-ESM4 -18% -13% 2% | -42% -28% 0.9% 1.5% -0.6% -0.4% -0.3% 12% 0% 5% 13% | 27% FGOALS-g3 (47%)

EC-Earth3 2% -1%  35% -31% -10% 09% 1.6% -1.5% -0.1% -1.6% 2% 0% 5% 1% [ =13% HadGEM3-GC31-MM I {40%3

NorESM2-MM -10%  -8% 13%  27% -21% 0.3% 0.6% -03% -0.3% -0.6% 3% 0% 4% 3% 3% cmecem2-sr5 (35%)

[riesra2:] 8% 10% 25% -3% -3% 1% -1.2% -2.0% -0.7% -1.3% 0% 0% 1% 0% 7% Had GEM3-GC31-LL (32%)

-20% -20% 22% -32% -42% 2.2% 2.5%  -0.4% 22% 2.2% 8% 0% 6% 8% 7% MNorESM2-MM (289%)

EC-Earh3VeglR  14% 12% 37% 12% 5% 0.0% 0.5% -0.9% -1.0% -2.7% 1% 0% --10% -13% EC-Earth3 I (2504)

access-cm2 2% 1% | 51% -23% -34% 1.0% 1.1% -1.9% 2.0% 1.5% 7% 0% 5% 7% 6% access-esmil-5 {23%6)
HadGEM3-GC31-LL  -5% -5% | 39% -9% -32% 0.9% 1.2% -0.6% 0.8% 0.8% 3% 0% 7% 2% 4% inm-cm4-8 (20%)

cmcc-esm2 506 10% 24% -23% -5% 16% 1.5% 0.6% | 24% 1.3% 5% 0% 5% 5% 0% GFDL-ESM4 {19%)

cmec-cm2-sr5 1% -6% 20% | -44% -28% 26% 3.0% 1.0% 20% 1.9% 5% 0% 6% 5% 3% inm-cms-0 (18%)

ipsl-cméa-Ir 3% 5% 7% -23% 10% 0.2% 0.8% -0.7% -0.9% -2.6% 6% 0% 9% 5% 2% mirocé (18%)

inm-cm4-8 4% 3% | 28% -36% 31% 20% 26% 03% 10% 22% 0% 0% 1% 0% 2% kace-1-0-g {17%) . .

inm-cm5-0 4% 2% 19% -25% 14% 1.0% 1.3% -03% 02% 1.9% 0% 0% -1% 0% 5% mpi-esm1-2-hr (175%) Increase in annual Operatmg costs due

bec-csm2-mr 6% 0% 17% -26% -29% 0.1% 04% -0.6% -0.3% [53.08] 5% 0% 11% 3% 0% access-cm2 {17%0) to climate Change (assuming no
mpi-esm1-2-hr 2% 3%  28% -16% -8% 0.9% 1.4% -03% -02% -1.1% 3% 0% 8% 2% -4% boc-csm2-mr (16%) . . .

FGOALS-g3 -17%  -18% 20% | -49% -22% 03% 1.5% -1.7% -24% -2.6% 2% 0% 7% 1% 7% ipsk-cm6a-Ir (15%0) m|t|gat|0n measures are |mplemented)

kace-1-0-g 0% 1% | 47% -12% -28% 09% 1.0% -1.0% 12% 13% 8% 0% 12% 7% 12% EC-Earth3-Veg LR (15%)

access-esm1-5 3% 1% | 54% -21% -35% 0.4% 1.0% -1.5% -0.9% -0.6% 4% 0% 6% 3% 2% miri-esm2-0 {11%)

mirocé 3% 1% 1% -19% -10% 06% 0.8% 1.3% -0.3% 0.5% 2% 0% 7% 1% 4% cmec-esm2 (8%0)




Capacity Planning with flexibility + resilience constraints

1. Investment Module (generation and interconnections) Optimal
Minimize I(x) + O(x) + RPD(x), subject to — plan —
EPNS(X) < E* and SUP(X) >0 X*
J \ . PSR structures adaptation around three steps:
Candidate 00 and
plan O(X) an EPNS(X) and )
X optirnality cut  feasibility cut - generate extreme scenarios
| - _ . . :
2. Stochastic B il assess physical and operational impacts
- Operation
Module Re;ewe t
requiremen . o
TRPDOO — evaluate benefit-cost of adaptation measures
3. Supply . . . .
| o] Relabiit resilence . This framework applies to power systems, transmission and
Module constraint fetri : ot
SUPC) distribution assets, sanitation systems, and hydro dam safety
4. Probabilistic
— Reserve
Module
.| 5 Resilence - Captures high-impact low-probability (HILP) events produced by PSRCast




Example: resilience study in Costa Rica

Research question: how to plan with resilience?

Resilience event: severe wind reduction

Marginal Cost for Y+15 ($/MWh)

. . MWh
Oricinal Expansion without Expansion with d
Original system | resilience constraints resilience constraints 500 H 3500 $/MWh | '
Wind Thermal 430 : :
. 12% 10% 9% 4% 9 ! |
9 9% |
]
% ]
11% &% 10% 350 |' 1
H 1
o ]
7% 300 | ]
2% 1 P AN ! ——Without_Resiliance
y — 250 | == N
] 7 N H . -
I S " N —With_Resiliance
]
200 | ,/ N \\
: I’ h‘s\ \\
- EIPL A Y
60% 59% 00 " Wt
Hydro v _
74% >0 P
-
M ‘ Y+15 Y+15 ‘ 0 ! s L TSy
01 02 03 04 05 06 07 08 09 10 11 12

Change in the supply mix: more diversification on the supply ‘ The extreme event is supported with lower marginal costs ‘

Resilience means more diversification and avoids excessive costs to consumers in case of extreme events




Network Constraints and Weather-Dependent Grid Performance

The energy transition is increasingly constrained by networks, and climate affects network capability as well.

Renewable-rich systems require congestion-aware operation AAR DLR
Ambient Adjusted Rating Dynamic Line Rating

and expansion planning;

Dynamic Line Rating: wind and temperature scenarios along
transmission corridors calculate line capacity per stage and

scenario in PSR models;

The same logic represents temperature impacts on thermal

A
plant efficiency and equipment reliability; 2
o
Weather-sensitive equipment parameters can be incorporated ;
= >

without changing the optimization algorithm itself. Temperature




mCon DLR mSinDLR

Peru with DLR (2036-2050)
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Climate risk management is a new priority

A new set of risks is now shaping strategic decisions

FINANCIAL
Assess impacts on cash flows of
projects and companies

5.0°C

: 45°C INFRASTRUCTURE
Develop new methodologies for Lo o .
calculating exposures and revise N Anticipate changes in the
oremiums 3:5°C frequency of extreme events to
— _222 adapt infrastructure
2.0°C
1.5°C
ENERGY PRODUCTION
Revise regulatory frameworks and Adapt planning to structural
contract clauses to mitigate litigation shifts in the availability and

volatility of renewable resources




Key Takeaways

Historical data alone is no longer enough for large-scale energy
planning under climate change

Al-based climate modeling improves the generation of decision-
relevant stochastic scenarios

Multistage stochastic optimization translates those scenarios into
economically efficient and risk-aware decisions

Flexibility, resilience, and network constraints must be treated jointly

The future of energy planning lies in integrating better climate
intelligence with better stochastic decisions

Climate Non-stationarity
& Extreme Events

Massive Renewable
Integration & Uncertainty

l N (
i{ ‘A\ \7
£ ) “ ey
s T, WIS
Cllma.te . N W
Non-stationarity :
& Extreme Events 4 B
| e 3 ) e
| ok s Storage &
| Long-Duration
Data e Bt Flexibllity

Load Growth &
Supply Adequacy

R .»‘.;f o
ks (D g 5 » 3
e N 1. ¥, Lty Transmission
T i Bottlenecks &
— A sz Weather-Sensitive
Q Temperature-Driven PR, Grid
Demand Growth = W e
i R\ K

Risk-Aware & Robust Planning
Under Uncertain Regulation
& Climate Futures

The energy transition needs integrated climate intelligence and stochastic decision support




In addition to the classic literature, further reading

J. Dias (2024), Deep Learning for Hydroelectric Optimization: Generating Long-Term River Discharge Scenarios with Ensemble

Forecasts from Global Circulation Models (https://arxiv.org/abs/2412.12234)

J. Dias (2023), Long-Term Hourly Scenario Generation for Correlated Wind and Solar Power combining Variational

Autoencoders with Radial Basis Function Kernels (https://arxiv.org/abs/2306.16427 )

PSR Analytics Report May 2026:

Can Al agents learn to operate a hydrothermal system? An experiment in reasoning,

domain capabilities, and Model Context Protocol

SDDeeP: Blending Optimization and Reinforcement Learning for Hydrothermal

Dispatch
GPU-Based Algorithms for Large-Scale Optimization
How Al reasoning unlocked the next generation of software engineering

Al reasoning in math and coding: a stochastic generation-expansion solver

PSR

Analytics

Report

PSR

jisd

iy

2

Request the upcoming PSR
Analytics Report
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