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We work in 70 countries in all continents
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 Climate changestudiesin
Latin America

Americas: all countries in South and Central America, United States, Canada and Dominican Republic
Europe: Austria, Spain, France, Scandinavia, Belgium, Turkey and the Balkans region

Asia: China (Shanghai, Sichuan, Guangdong and Shandong), India, Pakistan, Nepal, Philippines,
Singapore, Malaysia, Kirgizstan, Sri Lanka, Tajikistan and Vietnam

Oceania: New Zealand
Africa: Morocco, Tanzania, Mozambique, Rwanda, Namibia, Egypt, Angola, Sudan, Ethiopia and Ghana
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PSR core optimization method: SDDP

Mathematical Programming 52 (1991) 359-375 359
North-Holland

Multi-stage stochastic optimization applied
to energy planning
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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

f

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

Our flagship methodology: the SDDP (Stochastic Dual Dynamic
Programming) method (multistage stochastic Benders decomposition)

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

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

Keywords Stochastic Dual Dynamic Prog

1 Introduction
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Luxembourg Cer

Bonn Keiford

{ 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

Dynamic Progs &: Stochastic Programming




he 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

Ori(vr) =  Mincri(ur) + 01 “Backward” recursion
subject to <
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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:

ABenders 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)

A 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




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
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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=K5s98kgQJ6C
\ '

Power Market Trader

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

¢ Leja Nidnn,and Ciri

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
3. Supply RPD(X)
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 cooptimization allows one to represent therenewables spatial portfolio effect(negative spatial correlations imply in
less reserve requirement than positive correlations): strategy avoids the concentration of renewables in the same regiol

PSR 13




Example of DPR (case of Chile)

Capacity additions

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

Belgium =
5 b b " a - 1200
K. De Vos™’, N. Stevens’, O. Devolder”, A. Papavasiliou®, B. Hebb", J. Matthys-Donnadieu
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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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he Genesys 2.0 model B Seodind X

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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he 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

Repeatfor 6,000scenarios and solve in 8 hours!

Level 4 - Disaggregate forecasted weekly operation into
daily operation schedules

Total 108 million MIPs, 10 Thytes 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
. PSRC
Time Series > sgwgrre — Results Apache SPARK
Input Amazon S3 Amazon Athena 0
C++ C# I d b h
Cassandra : Solvedin about 6 hours
Distributed A L
7y Processing . I . h Calculate planning |_nd|ces
Environment u S N g P S R C O U h\”t for the S scenarios
AWS
\ Y
< ) _ 30 , 000 cores
Planning Models:
S B Web SDDP, MIP, Affine Graphical
N oOnaODE Interface Ll 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 =~ .

ﬁMI || |W||||| |||\|‘

Bk S Y !WNW Nf

Hourly operation (energy &
ooooo reserve co-optimization)




Optimal LNG contracting and scheduling for power generation

Work and energy flow
System operator

dispatch order

] DO ¢ qVl K+ WG ™ WHe dawe 07 W

deliver window definition LNGC FSRU
Liquified Natural Gas Carrier Floating Storage Regasification Unit
OPERATIVE CONSTRAINTS SOURCES OF UNCERTAINTIES ADVANCED MODELING
— AYs I WGG¢Uqt k W A q R2 dMetdddeihidgrahio eddditibins — Deliver window allocation
— FSRU activation and hibernation — LNGC logistics - Multiple thermal plants with
— Fuel transfer rate limits — Regulatory services SlREr IS Rl EINEES
—  Fuel consumption curve — Dispatch uncertainty — Fuelloan

: — Split nomination calls
— Carrier fuel load volume P

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

https://www.youtube.com/watch?v=a0Op_tTNox0
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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 A
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
SPFTI index in the mfmths of March eac_h ye_ar will last, we revisited the floods of 1941 in Rio Grande do much faster than in 1941
Standardized Precipitation Evapotranspiration In(ieREI) 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 Y quantify system |

N

impacts Y evaluate benefit-cost of adaptation measures (@7 techa e aptimiaticn

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






