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Abstract

Vidigal, Gabriel; Street, Alexandre (Advisor); Dias Garcia,
Joaquim (Co-Advisor). Reinforcement Learning and
Optimization Applied to the Hydrothermal Dispatch
Problem. Rio de Janeiro, 2025. 41p. Dissertacao de Mestrado -
Departamento de Engenharia Elétrica, Pontificia Universidade
Catodlica do Rio de Janeiro.

The optimal scheduling of power plants in a hydrothermal sys-
tem is a complex problem due to inflow uncertainty, network con-
straints, and long-term time coupling. The most commonly used ap-
proach to solve it is multistage stochastic optimization, particularly
Stochastic Dual Dynamic Programming (SDDP). However, the assump-
tions of time independence and convexity challenge the application of
this method in situations where nonlinear patterns are observed, thus
requiring simplifications in practice. In this work, we propose a com-
bination of optimization and Reinforcement Learning (RL) to better
approximate the nonlinear problem, considering Alternating Current
(AC) network constraints and an unknown data-generating process.
For each stage, an optimization problem minimizes operating costs
while tracking target volumes for each reservoir. These target values
are obtained from a neural network trained via RL. The reward func-
tion is defined based on the system’s operating cost and simulated us-
ing actual data and the AC network model. We benchmark the pro-
posed model against SDDP using data from the Bolivian system. The
results show the proposed approach is able to solve large problems in
real world systems with costs within 5-25% of the benchmark solution.

Keywords
Hydrothermal Dispatch; Reinforcement Learning; State Track-
ing; Optimal Power Flow.



Resumo

Vidigal, Gabriel; Street, Alexandre; Dias Garcia, Joaquim. Apren-
dizado por Reforco e Otimizag¢io Aplicados ao Problema de
Despacho Hidrotérmico. Rio de Janeiro, 2025. 41p. Dissertacao
de Mestrado — Departamento de Engenharia Elétrica, Pontificia
Universidade Catoélica do Rio de Janeiro.

A programacao 6tima de usinas em um sistema hidrotérmico é um
problema complexo devido a incerteza nas afluéncias, as restricoes da
rede e ao acoplamento temporal de longo prazo. A abordagem mais co-
mumente utilizada para resolvé-lo é a otimizacao estocastica em multi-
plos estagios, em particular a Programacao Dinamica Dual Estocastica
(SDDP, em inglés). No entanto, as suposicoes de independéncia tem-
poral e convexidade desafiam a aplicacdo desse método em situacoes
onde padroes nao lineares sao observados, exigindo simplificacoes na
pratica. Neste trabalho, propomos uma combinacao de otimizacao com
Aprendizado por Reforco (RL, em inglés) para melhorar a aproximacao
do problema naolinear, considerando as restricoes darede em Corrente
Alternada (AC, em inglés) e um processo gerador de dados desconhe-
cido. Para cada estagio, um problema de otimiza¢ao minimiza os custos
operacionais enquanto acompanha volumes-alvo para cada reservato-
rio. Esses valores-alvo sao obtidos por meio de umarede neural treinada
via RL. A func¢do de recompensa é definida com base no custo operacio-
nal do sistema e simulada com dados reais e o modelo AC da rede. Com-
paramos o modelo proposto com o SDDP utilizando dados do sistema
elétrico Boliviano. Os resultados mostram que o método proposto é ca-
pazderesolver problemasde grande porte em sistemas reais com custos
dentro de 5-25% da soluc¢ao de referéncia.

Palavras-chave
Despacho Hidrotérmico; Aprendizado por Reforco; Rastrea-
mento de Estado; Fluxo de Poténcia Otimo.
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1
Introduction

Hydropower plants are the world’s largest source of low-carbon
electricity. According to a report from the International Energy
Agency (IEA) (IEA, 2024), hydropower accounted for approximately
one-seventh of global electricity generation in 2023, totaling almost
4,000 TWh. These plants are also a primary source of generation flex-
ibility. However, the time-coupling effect introduced by the storage
capacity of large reservoirs necessitates long-term simulations to prop-
erly evaluate the opportunity cost of water. This challenge has been
successfully addressed using Stochastic Dual Dynamic Programming
(SDDP) (PEREIRA; PINTO, 1991), which has been implemented in var-
ious forms across countries such as Brazil, Chile, Bolivia, and other
Latin American nations, as well as the United States, Norway, and
Vietnam. Nevertheless, the use of large-scale optimization models
relies on critical assumptions—particularly time independence and
convexity—that require significant approximations, as discussed in
(BRIGATTO; STREET; VALLADAO, 2017) and (ROSEMBERG et al.,
2022). Another key challenge faced by system operators is the accuracy
and bias in inflow forecasts (BRIGATTO et al., 2024). As a result, an
important and ongoing research question is how to better approximate
long-term hydrothermal planning models to reflect the complexities
of real-world operations.

Several works propose alternative simplifications to the problem.
In (BODUR; LUEDTKE, 2022), a Two-stage Linear Decision Rule (TS-
LDR) method is presented. In thisapproach, reservoir volumes are rep-
resented using Linear Decision Rules (LDRs), restricting decisions at
each stage to be affine functions of the observed uncertain parame-
ters. The remaining variables are left unchanged, resulting in a two-
stage optimization problem that can be approximately solved one stage
at a time, given the reservoir volumes. This method does not rely on
the stagewise independence assumption but is susceptible to overfit-
ting and constrained by the affine structure of the decision rules. To
address this, (NAZARE; STREET, 2023) proposes a regularized version
of the method to reduce overfitting and improve out-of-sample perfor-
mance. Another variation, Two-stage Deep Decision Rules (TS-DDR), is
introduced in (ROSEMBERG et al., 2025), and is more suitable for non-
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convex environments such as the hydrothermal dispatch problem. In
this framework, the affine representation of decision rules is replaced
by deep neural networks.

Reinforcement Learning (RL) is a machine learning technique
that seeks a policy to maximize the expected cumulative reward over
a given time horizon. RL methods have proven effective in sequen-
tial decision-making problems under uncertainty (SIVAMAYIL et al.,
2023). In particular, they have achieved remarkable success in playing
games (SILVER et al., 2017) and tuning large language models (KAUF-
MANN et al., 2024). Unlike traditional optimization approaches, RL
does not rely on assumptions of convexity or stagewise independence,
and the learned policies can adopt arbitrary functional forms. How-
ever, this flexibility comes at the cost of high computational demands,
particularly when handling complex, high-dimensional constraints.
To the best of the authors’ knowledge, no existing work has applied
RL to the hydrothermal dispatch problem while considering alternat-
ing current (AC) network constraints and an unknown data-generating
process for the inflow.

In this work, we aim to demonstrate that combining optimiza-
tion and RL can provide a more flexible alternative approach for the hy-
drothermal dispatch problem by accounting for nonlinear AC network
constraints and incorporating a neural network-based inflow model
within cost-to-go function approximations. At each stage, the model
solves a deterministic optimization problem that minimizes the sys-
tem’s immediate operating cost while tracking target reservoir vol-
umes obtained from a set of neural networks. The optimization prob-
lem ensures that all system constraints are satisfied, while the neu-
ral networks approximate both the cost-to-go function and the corre-
sponding optimal policy. These networks are trained using RL, with the
reward defined in terms of the system’s operating cost. Unlike decision
rule-based approaches, this method decomposes the problem by solv-
ing each stage independently as a smaller, tractable optimization prob-
lem.

To evaluate the proposed approach, we used SDDP as abenchmark
and evaluated both models on different experimental setups. The first
case study was designed to isolate the effects of the inflow model on
policy quality. A SARIMA model was trained on historical inflow data
from the Bolivian system, and used to generate an artificial history as
well as the out-of-sample scenarios. The RL model was then trained
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directly on the artificial history, simulating a model trained on his-
torical data and applied to the real world. Since the SARIMA model
does not guarantee the time independence required by SDDP, a Peri-
odic Auto-Regressive (PAR(p)) model (MACEIRA; PENNA; DAMAZIO,
2006) was fitted to the artificial historical data and used to generate
inflow scenarios. These PAR(p) scenarios can be represented in a way
that satisfies the stagewise independence assumption. Both policies
were then evaluated using the out-of-sample data. Another case study
aims to isolate the effects of network simplifications on policy perfor-
mance. The RL model was trained using the full AC network represen-
tation, while SDDP employed the convex Direct Current (DC) approxi-
mation (MOLZAHN; HISKENS et al., 2019). The resulting policies were
evaluated using an Alternating Current Optimal Power Flow (AC-OPF)
model.

The main contributions of this work are as follows: (1) We propose
a novel approach that combines RL and optimization to solve multi-
stage stochastic optimization problems, such as the hydrothermal dis-
patch problem, without relying on time independence or convexity as-
sumptions. (2) The single-stage deterministic target-tracking optimiza-
tion problem enforces the application’s hard constraints, while neural
networks trained via RL capture the long-term temporal dependencies
present in the cost-to-go function. (3) The computational experiments
performed evaluate how different inflow models, number of in-sample
scenarios and network representations impact the policy quality.



2
The Hydrothermal Dispatch Problem

The hydrothermal dispatch problem aims to determine which
plants are dispatched at any given moment in order to meet demand
while minimizing the long-term operating costs of the system. Consid-
ering the large size of the reservoirs, the impact of a decision made to-
day can sometimes only be seen years into the future. Thus, in order to
find adequate solutions to the problem, large horizons must be consid-
ered.

Another aspect of the problem is the significant uncertainty re-
garding inflow, demand, and renewable generation. In order to prop-
erly incorporate the uncertainty into the solution, multiple scenarios
must be considered, further increasing the problem’s complexity. In
this work, renewable generation is not explicitly represented. Since it
is a non-dispatchable generation, it is represented as a decrease in de-
mand. Going forward, the term demand refers to the net demand after
subtracting the renewable generation.

The long horizon and large number of scenarios make solving
the entire problem at once an untractable proposition. A common ap-
proach used in this work is to break the problem into stages and solve
it one at a time. To account for future stages, a cost-to-go term is intro-
duced in the objective function, representing the relation between fu-
ture costs and the current level of the reservoirs. Learning and repre-
senting this relation is the goal of both SDDP and the proposed RL algo-
rithm.

The single-stage problem with the cost-to-go term is described be-
low.

C(vh,w') = min > cigi + > by + Egent [Clop w™h)] (2-1)

t+1
976,f7U72ﬂ) _]GJ beB

s.t.

g+ Y plun)+ D, fi— Y fitdh=d, YbeB (2-2)

jeJ(b) heH (b) leL1(b) 1eLO(b)
ot = —up—zn+an+ Y. (Um+2m), VhEH (2-3)

meM (h)
0<v, <Vy, 0<u,<U, 0<z, VYheH (2-4)

0<g <G VjeJ (2-5)



Chapter 2. The Hydrothermal Dispatch Problem 16

- <fi<F, Viel (2-6)

In the model, H, J, B, and L represent the sets of hydro plants,
thermal plants, buses, and transmission lines, respectively. M (h) is the
set of upstream plants for hydro plant i, while the sets J(b) and H(b)
represent the subsets of plants connected to bus b. L/(b) and L°(b) are
the sets of transmission lines entering and exiting bus b, respectively.

The parameters ¢; and ¢, are the thermal plants’ operating costs
and the buses’ deficit cost, respectively. p;, is the production factor of
hydro plant &, d, is the demand at bus b, v}, is the initial volume of reser-
voir h, and a;, is the inflow at hydro plant A.

The decision variables of the problem are g;, un, 24, fi, &, and v},
which represent the generation of thermal plants, turbine discharge,
and spillage of hydro plants, transmission line flows, bus deficits, and
the final reservoir volumes, respectively. The time index is assumed to
be t when omitted.

The problem includes load balance constraints per bus in Equa-
tion (2-2) and water balance constraints in Equation (2-3). The objec-
tive function (2-1) comprises the operating costs of thermal plants, the
deficit costs at the buses, and the expected future cost given the final
volume. Equations (2-4), (2-5) and (2-6) represent the bounds for the de-
cision variables.

2.1
The SDDP Algorithm and the PAR(p) Model

The SDDP algorithm works by replacing the expected value in the
objective function (2-1) with a variable n and adding the following con-

straints:
n>vr+xivtt, VkeK (2-7)

where x and v are both vectors of size |H|, and ¢ and x values are
obtained at each iteration % of the algorithm.

One approach to model time dependent uncertainty in SDDP is us-
ing a Markov Chain with a different cost-to-go function for each pos-
sible Markov state at each stage (GJELSVIK; BELSNES; HAUGSTAD,
1999), which greatly increases problem complexity. The approach used
in thiswork, which is more common to represent inflows, requires that
the time dependent uncertainty affects only the right hand side of con-
straints and can be represented as an auto-regressive stochastic process
with stagewise independent noise. The PAR(p) model, shown in Equa-
tion (2-8) is used.



Chapter 2. The Hydrothermal Dispatch Problem 17

ap, => ¢hay ' +¢€,, VheH (2-8)

i€l
The || past values of inflow a'~" are stored as additional state vari-
ables, and the only uncertainty is in the stagewise independent noise
term, e. Itis relevant to mention that this representation increases the
complexity of the problem, as the number of dimensions of the state-
space is increased, and the size of the vector x in Equation (2-7) grows

with it.
2.2
The Network Models

The hydrothermal dispatch problem, as presented, uses only
Equations (2-2) and (2-6) to represent the electrical network. Equations
(2-9) to (2-16) show the more realistic, non-convex AC model:

EA =0, VreB® (2-9)

T

Z gr + Z pr(ug) +6; —d; — Z YkA(EzM)2

keJ(4) keH (i) kesS(i)
= Y ul+ Y nl, vieB (2-10)
(i,)€L(3) (m JELE(4)
o vEEM?P+ Y mi+ Y TOE2=0, VieB (2-11)
keS(i) (4,5)€L(2) (4,3)€LR(3)

HZ = Y;gG(EZM) YG (EMEM cos(E EA))
— V] (EME) sin(E} — E)), V(ij)e LUL" (2-12)

ng = —(VF + YOUEM? + VP (BN EY cos(E - E}))
~Y§ (EMEM sin(E - E)), V(i,j) € LUL® (2-13)

(I5)% + ()2 < (T;)®, V(i,j) € LUL"® (2-14)
b;; < Ef - EJA <0;, V(,j)eL (2-15)
E,<EM<E, VieB (2-16)

In this model, B%, L, and S(i) represent the sets of reference
buses, the set of branchesin reverse orientation, and the shuntsofbusz,
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respectively. V¥, ;” and Y{ represent the branch conductance, suscep-
tance and pi-section parameter, respectively. Y* and Y, represent the
shunt admittance parameters. The variables IT]; and H?j are the branch
active and reactive flows, and £ and E# represent the bus voltage mag-
nitude and angle, respectively.

Equation (2-9) shows the reference bus voltage angle constraint.
Equations (2-10) and (2-11) show the AC bus active and reactive load
balances, replacing Equation (2-2) in the dispatch problem. Equations
(2-12) and (2-13) represent Ohm’s law for the power flow. Equations
(2-14), (2-15), and (2-16) show the branch apparent power bounds, the
branch voltage angle difference bounds, and the bus voltage magnitude
bounds, respectively. These bounds replace Equation (2-6) in the origi-
nal problem.

Thelinearized DC approximation is obtained by keeping both con-
straints (2-2) and (2-6) from the original model, and adding constraints
(2-9) and (2-17): A
— Ebo

f ~
_

T

® O vier (2-17)

Where bv/(I) and b°(l) represent the input and output buses of a
given line, and z; is the line’s reactance.



3
The Reinforcement Learning Framework

The RL framework has two main components: the environment
and the agent (WATKINS; DAYAN, 1992). At each time step, the agent
observes the current state of the environment and selects an action ac-
cording to its policy. The environment’s state evolves according to some
transition probability to the next state, and the agent receives a reward
signal for the current time step, as shown in Figure 3.1. This process is
repeated over the entire problem horizon, which is referred to as one
episode.

Figure 3.1: The RL Framework

Agent

State
& Action
Reward

Environment]

The goal of an RL algorithm is to find the optimal policy for a given
problem, defined as the policy that maximizes the cumulative reward
over an entire episode. The cumulative reward, also referred to as re-
turn, is defined recursively by Equation (3-1):

Gyr=r+7-Gi (3-1)

Where ~ is a discount factor applied to future rewards, particu-
larly important in infinite horizon problems to avoid the return func-
tion tending to infinity. However, discounting future rewards can also
be used in finite horizon problems—for example, to represent interest
rates when dealing with financial rewards.

The problem of multistage stochastic hydrothermal dispatch dis-
cussed in this work is a finite horizon problem. A finite horizon means
an optimal policy must know the current stage of the problem, as the
best action at the first time step can differ greatly from the best action
at the end of an episode. At the start of the dispatch problem, for exam-
ple, it might be optimal to save water for the future, while in the last
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stages, the optimal decision would always be to use all the available wa-
ter, as there is no future to be considered. This is not the case for many
problems in which the return function is constant in time, such as bal-
ancing an inverted pendulum for as long as possible (ISRAILOV et al.,
2023), an infinite horizon problem.

Two main ideas are considered to achieve this. The first, which we
call the single-net approach, consists of encoding the current stage ¢ as
part of the state vector, as done in (GRONDMAN et al., 2013). The sec-
ond, multi-net, trains a different policy for each stage, as done in (LEI
et al., 2021). While the single-net agent learns a more complex policy
with an extended state-space, the multi-net model requires more train-
ing data, aseach of its neural networks trains on data from a single time
step. Both methods are discussed further in Section 4.1.

This framework is well suited (GRONDMAN et al., 2013) to solve
problems modeled as Markov Decision Processes (MDP) (BELLMAN,
1958). The problem of hydrothermal dispatch can be modeled as a fully
observable MDP, in which the agent’s observation contains full infor-
mation about the environment’s state. For the remainder of this work,
observation and state will be used interchangeably from the agent’s per-
spective.

RL algorithms can be divided into two groups: model-based and
model-free. The key difference is whether the agent has access to (or
learns) a model of the environment (ACHIAM, 2018). Model-free algo-
rithms, such as the one used in this work, can be divided into value-
based and policy-based algorithms.

A value-based method learns an approximation of the value func-
tion, representing the expected return for a given state-action pair. This
results in implicitly learning a policy by choosing the actions that max-
imize the learned value function. Policy-based methods, on the other
hand, explicitly learn the policy. Value-based methods are usually more
sample efficient but also less stable (TSITSIKLIS; ROY, 1997). There are
also methods that combine both approaches, leveraging the strengths
of each one, as they are not incompatible. As shown in (SCHULMAN;
CHEN; ABBEEL, 2018), they can even be equivalent in some settings.

A topic not often discussed is the similarity between value-based
RL and SDDP. Both methods use a forward simulation step and a back-
propagation step to iteratively estimate a value (or cost) function in
an uncertain, long-term problem. SDDP uses piecewise linear convex
functions, while RL has used many different approximations (SUT-
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TON; BARTO, 2018). Deep RL, which is the type present in this work,
uses neural networks as universal function approximators (HORNIK;
STINCHCOMBE; WHITE, 1989). Interestingly, if the neural networks
only contain ReLU activation functions (SUTTON; BARTO, 2018) they
are piecewise linear, but nonconvex, functions.



4
The Proposed Algorithm

The method proposed in this work trains an RL agent to output
target volume values for the reservoirs at each stage. These target val-
ues are then used in a modified version of the dispatch problem, the
single-stage state tracking optimization problem. This problem seeks to
minimize both theimmediate operating costsas well asthe distance be-
tween the final volumes and the target values provided by the RL agent.
The weight of the tracking penalty in the problem is also given by the
RL agent. The resulting operating costs are used by the RL algorithm,
training the agent to minimize the total operating cost over the entire
horizon.

This method leverages the RL framework to solve the multistage
stochastic problem, while the state tracking problem ensures that all
constraints are met and guarantees optimal short-term operation. Both
the RL agentand the state tracking problem are further described in the
following sections. Figure 4.1 shows a diagram of the method.

Figure 4.1: Information Flow in the Model

St St+1
RL Agent
W Pe

v

State Tracking
Problem

v

S
t «t+1 t+1
Ct

Where s; denotes the system'’s state (the reservoir volumes and
past inflows), and w, represents the sampled uncertainties (the inflows
for all hydro plants, and the energy demand at each bus). Given these
inputs, the RL agent selects the set of target reservoir volumes for the
next stage 3;.1, as well as the weight of the state tracking penalty for
each reservoir ;. All of these values are then used in the state tracking
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problem to obtain the immediate operating costs ¢; and the final reser-
voir volumes s;,,. The loop continues for the entire problem horizon,
with the final volume of stage ¢ being used as the initial volume of stage
t + 1. All the values shown in the image are stored to be used in the RL
agent’s training. The RL agent and state tracking problem are described
in more detail in sections 4.1 and 4.2, respectively.

While the SDDP approach used as a benchmark in this work re-
quires the inclusion of the inflow lags as state variables to guarantee
convergence, the same is not true for the RL model. The decision to in-
clude the inflow lags as state variables is due to computational compar-
isons, that show the inclusion of these additional state variables im-
proved the results, reducing the final costs up to 5%, while the increased
complexity resulted in training times up to 12% higher.

4.1
Deep Deterministic Policy Gradient

To train the RL agent, we use an algorithm called Deep Determin-
istic Policy Gradient (DDPG) (LILLICRAP et al., 2015). The algorithm
uses different neural networks to represent the policy and the value
function of the problem, making it both a value-based and policy-based
algorithm. The policy is represented by a neural network called the ac-
tor, which, given the system’s state, outputs an action (SILVER et al.,
2014). The value function is represented by another neural network,
called the critic, which maps the state of the system and a given action
toan estimate of the total cost until the end of the horizon for that state-
action pair. The actor is trained to minimize the total cost, while the
criticis trained to estimate the total cost from a state and action. In the
proposed model, the RL state consists of {s;,w;}, the action is composed
by {3:.1, 5:} and the reward is given by {—¢,}.

Let @, be the critic, i, the actor, and 6, and 6, the parameters of
the respective neural networks for each stage. The RL action is given by

Equation 4-1.
{§t+1, ﬁt} = Mt(stawt; 9,“) vt (4'1)

To train the networks, a sample of size N is drawn from the stored
data to update the networks. The gradient-based parameter update
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Equations 4-2 and 4-3 are shown below.

1 X R
QQt - QQt - O‘Qvth (N Z (Qt<sf7 Wf? 37};—1—17 f; QQz)

k=1

2
k T (. ko gk ko
-G _VQt+1(3t+1awt+1a3t+275t+1athTH)) ) (4-2)

1 N
elLt <~ e,ut - O./MVQM (N Z Qt(sf’ wf? Nt(5f7 ("Jf; eut); th)) (4'3)

k=1
Where o and o, are the learning rates of the critic and actor, v is
the discount factor, and the stagetisgiven foreach sample k. Itisimpor-
tant to note that §f,, and 3}, are not obtained from the stored data, but
instead sampled during the update phase, as shown in Equation (4-4).

{§f+27 Bf-i-l} = M?(Sﬁp Wf+1§ ‘%TH) (4-4)

The critic’s weights are updated in the direction that minimizes
the squared error between two cost estimates. One estimate is the net-
work’s prediction based on the current state, and the other is the im-
mediate observed cost plus the network’s prediction from the next state
onward. Intuitively, the second value can be thought of as estimating
the same quantity as the first, but with one additional data point, the
immediate cost. The actor, in turn, is updated in a direction that mini-
mizes the expected cost estimated by the critic.

QT and n!, present in Equations (4-2) and (4-4), are called the tar-
get critic and target actor networks, respectively. Their purpose is to
avoid self-dependency, where the network weight updates sample the
networks themselves. DDPG employs this approach to reduce training
instability, a characteristic issue with value-based methods. The target
networks are delayed copies of the original networks, and their weights
are updated according to Equations (4-5) and (4-6).

Ogr < Mgr + (1 — A, (4-5)

0,0 < M,r+ (1= Aoy, (4-6)

Where )\ is a hyperparameter with a value typically close to 1.
Another important aspect of the algorithm is whether the single-
net or multi-net approaches are used. In the single-net approach, the
current stage is represented via one-hot encoding, by adding a vector to
the RL state. The vector has one entry for each stage in the problem, and
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all its values are zero except for the one corresponding to the current
stage, which equals one. Furthermore, in the single-net approach, we
can consider y; = pand Q; = @ forall values of ¢ in the problem horizon.

By using a different neural network for each stage, the multi-net
approach can learn a more specialized policy for a given problem, re-
sulting in costs that were, on average, 7% smaller in the computational
comparisons performed. However, this method adds another dimen-
sion in which the number of stages impacts problem complexity, by in-
creasing the number of neural networks that need to be trained. For
problems with larger horizons, such as the 60-stage problems used in
this work’s case studies, training times increased by up to a factor of
three. For this reason, all cases presented in this work use the single-
net approach.

4.2
The Single Stage Optimization Problem

Given the target reservoir volumes and tracking penalty weights
determined by the actor, a deterministic optimization problem is
solved at each stage to minimize the system’s operating cost and the

difference between the final reservoir volumes and the target volumes,
as outlined below.

min > cigi+ > ad+ > BEAN + 3T BIA} (4-7)
jeJ beB heR heR
s.t.

AL > it pid Vh € R (4-8)
AL > pirt gt Vh € R (4-9)
AS > it _ pitl Vh Vh e R (4_10)

hZ Uy — U — IS <
AS st gt Ve p (4-11)

hZ O —Uy I =

(2-2) - (2-6)

Atthestart of the training, all neural networks are initialized with
random values; thus, the target volumes ¢¢*! and hard tracking penalty
weight 5 are unreliable. In the case of the tracking penalty specifically,
having values close to zero means the optimal strategy is always to use
all the available water, and the target volumes would not affect the
problem’s solution. This effect significantly slows training.
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A soft tracking penalty is added to avoid this problem, with a fixed
weight 3%, not dependent on the RL agent. This soft penalty is con-
trolled by parameter ¢°, which was set to 10 in all case studies per-
formed. Thus, the penalty is only active when the final volume differs
from the target by more than 10% of the reservoir’s maximum volume.
This greatly speeds up the initial training without impacting the prob-
lem’s solution once the 3% values are trained.

Inthemodel, R C H representsthe set of hydro plantsthat contain
reservoirs. The added decision variables A and A? represent the abso-
lute tracking errors for the hard and soft penalties, respectively. Equa-
tions (4-8) and (4-9) represent the absolute error for the hard penalty,
while Equations (4-10) and (4-11) represent the same for the soft track-
ing penalty.



5
Computational Experiments

Two different experiments were performed, comparing four dif-
ferent instances of the proposed algorithm in total, and an open-
source implementation of the SDDP algorithm (DOWSON; KAPELE-
VICH, 2021) was used as a benchmark. The system used in the exper-
iments was the 28-bus Bolivian system, whose dimensions are shown
in Table 5.1. All experiments considered a 5-year horizon divided in 60
monthly stages, and all the results presented are from out-of-sample
simulations with 10,000 scenarios. For the RL method, the experiments
were repeated five times using different random seeds when initializing
the neural network weights.

Table 5.1: System Dimensions and Study Parameters

Number of hydro plants 11
Number of thermal plants 23
Number of buses 28
Number of branches 31
Number of loads 26
Number of stages 60

Number of out-of-sample-scenarios 10000

The first case aims to study the effect of the inflow model on
the policy quality. Since SDDP requires stagewise independent uncer-
tainty, it was trained with data from a PAR(p) model, represented in
the optimization problem by Equation (2-8). The out-of-sample scenar-
ios were generated with a SARIMA model, and the RL instances used
in this study were trained on scenarios generated by either the PAR(p)
or the SARIMA model. All policies were compared on the same out-of-
sample scenarios.

The second case aims to study the effect of the network repre-
sentation on policy quality. The SDDP algorithm was trained with the
linearized DC model, shown in Equations (2-2), (2-6), (2-9) and (2-17),
while the proposed method was trained with the non-convex AC model,
shown in Equations (2-9) - (2-16). Both policies were trained with sce-
narios from the same PAR(p) model and tested using the out-of-sample
SARIMA scenarios. In the out-of-sample simulation, AC network con-
straints were used for all models.
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5.1
Parameter tuning

Before running the final experiments, it was necessary to deter-
mine the optimal neural network architecture, DDPG hyperparam-
eters and algorithm choices such as the tradeoff between single-net
and multi-net. For this purpose, a grid search was performed using a
smaller system than the 28-bus system presented. Due to the large num-
ber of parameters to optimize, the search was divided in two blocks to
circumvent the curse of dimensionality. The first block considered the
different modeling choices and neural network architectures, shownin
Table5.2and Table 5.3, while the second block considered the DDPG hy-
perparameters shown in Table 5.4.

Table 5.2: Modeling choices

Parameter Values considered  Value selected
Time-step representation single-net, multi-net single-net
Inflow lags in the state included, not included included

Table 5.3: Neural network architecture

Parameter Values considered Value selected
Number of hidden layers 1,2,3,4 2
Neurons per layer 32, 64,128, 256 64

Table 5.4: DDPG Hyperparameters

Parameter Values considered Value selected
Batch size 32, 64,128, 256, 512 64
Update frequency 1,2,4,8,16,32,64 1
Target network update weight 0.95, 0.99, 0.995, 0.999 0.995

In Table 5.4, the batch size corresponds to the value N shown in
equations (4-2) and (4-3), while the episodes per udpate represent how
many episodes are solved between each neural network update. The
target network update weight is the parameter A shown in equations
(4-5) and (4-6).
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5.2
Case Study 1- The Inflow Model

The main goal of this case study is to evaluate whether the ability
to train the model on uncertainty scenarios originated from any distri-
bution provides an advantage to the RL method. In a real world setting,
this could be exploited by training the model directly on the inflow his-
tory, forinstance. However, given the relatively small amount of histor-
ical data available, this setup would not provide a satisfactory number
of out-of-sample scenarios for comparing the models. For this reason,
in this work, a SARIMA model fitted on the inflow history was used to
generate both the out-of-sample scenarios, as well as an artifical inflow
history comprised of 100 years.

The SDDP benchmark, as previously mentioned, requires stage-
wise independent uncertainty. To satisfy this requirement, a PAR(p)
model was trained on the artificial history, and used to generate the
in-sample scenarios for the SDDP training. The first RL instance eval-
uated in this experiment used the artificial history as its in-sample
data, organizing the 100 years into 95 sequential 5-year scenarios. In
the setup described, this model was trained with scenarios originating
from the same random process as the out-of-sample scenarios, simulat-
ing a model trained on actual historical data and then evaluated in the
real world. In the tables and plots shown, it is labeled the "RL (artificial
history)” model.

This first RL instance, while having the advantage of using scenar-
iosfrom the true data-generating process, hasa key weakness: it doesn’t
use an inflow model directly during training, and thus has a very lim-
ited number of scenarios. To evaluate the relevance of this weakness,
a second RL instance was trained using an unlimited amount of sce-
narios from the same SARIMA model. It is essential to note that this
instance has no real-world counterpart: it is equivalent to having an
inflow model that perfectly represents the true data-generating pro-
cess found in nature, and thus it has an unfair advantage. Its results
are presented only to evaluate the advantages found in using a model
that can generate an arbitrary number of scenarios, possibly leading to
amore robust policy. In the results, this instance is labeled "RL (perfect
model)”.

The third RL instance evaluated was trained using scenarios from
the same PAR(p) scenario as SDDP, and is labeled "RL (PAR(p))”. Ta-
ble 5.5 summarizes the experimental setup.
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Table 5.5: Case 1 - Experimental Setup

Label Algorithm Inflowmodel Scenarios
SDDP SDDP PAR(p) unlimited

RL (artificial history) RL SARIMA 95
RL (perfect model) RL SARIMA unlimited
RL (PAR(p)) RL PAR(p) unlimited

The main metric to compare the different policiesis the total oper-
ating cost over the entire horizon. Table 5.6 shows the normalized op-
erating cost of each policy in the out-of-sample simulation.

Table 5.6: Case 1- Normalized Total Operating Costs

Model Avg. Scenario std.dev. Seed std. dev.
SDDP 1.000 + 0.058 -
RL (artificial history) 1.085 +0.131 +0.017
RL (perfect model) 1.038 +0.085 +0.017
RL (PAR(p)) 1.145 +0.072 +0.020

Figure 5.1 shows the average total operating cost for each of the
five random seeds used in the RL models. Figure 5.2 zooms in on the
plot to show the 99% confidence interval around the average.

The comparisons between the RL models show the expected re-
sults: training the model with scenarios from the true data-generating
process yields better results than using a PAR(p) model. Notably, this
is true even when using only the limited number of scenarios obtained
from the artificial history. Looking at the average costs for both models
trained with SARIMA scenarios, we can also see that having a model to
generate an unlimited number of scenarios also results in lower costs.

When comparing to SDDP, however, all RL models obtained
higher costs. Although the models trained with the SARIMA scenar-
ios are within 10% and 5% of the benchmark costs, SDDP was able to
surpass even the "RL (perfect model)”, which has an unfair advantage.

The shaded area in some plots represents the interval between the
10th and 90th percentiles of the data, while the faded lines represent the
average for a given random seed in the RL model. The bold lines repre-
sent the average across all scenarios and seeds. Figure 5.3 and Figure 5.4
show the system’s operating cost across the stages. All models show a
peak in costs at some point during the year, corresponding to a lower
hydro generation, as shown in Figure 5.5.

Figure 5.6 and Figure 5.7 show the evolution of the aggregated
reservoir volumes over time. The models trained with the PAR(p) sce-
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narios show a higher volume on average across the entire horizon,
when compared to the models trained with the SARIMA scenarios.
Looking specifically at the final volume, it is worth noting that for some
seeds, the RL models reached the end of the horizon with empty reser-
voirs, while for others they did not. This is one example of the impor-
tance of evaluating multiple seeds, as the neural network initialization
can have a considerable impact on the final operation.
Thetraininglossateachiterationisshowninlogscalein Figure5.8
for both RL models and each random seed, for an eight-hour training
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session. Itisimportant to note that the models were trained with differ-
ent in-sample data sets, so the training losses are not directly compara-
ble, as each model was evaluated with its own data during training. The
same, of course, is not true for the out-of-sample cost comparisons.

5.3
Case Study 2 - The Network Model

To evaluate the impact of the network model on policy quality, the
SDDP algorithm was trained with the linearized DC model described in



Chapter 5. Computational Experiments 33

RL (artificial history)
RL (perfect model)
RL (PAR(p))

SDDP

150

100

Volume [hm?]

50

10 20 30 40 50 60
Stage

o

Figure 5.7: Case 1: Reservoir Volumes per Seed

RL (artificial history)
RL (perfect model)

RL (PAR(p))
0.4
10 L1

E 5:1—. 1:\;_

L le—

| |

Training loss

I

10

2000 4000 6000 8000 10000
Iteration

Figure 5.8: Case 1: Training Loss

Equations (2-2), (2-6), (2-9) and (2-17), while the RL model was trained
with the AC model, shown in Equations (2-9) to (2-16). In the out-of-
sample comparison, both policies were applied to a problem containing
all the AC network constraints. Although the AC model can represent
reactive loads, none were used in these studies, so the linearized DC
model could represent the system as effectively as possible for a fair
comparison.

In this case study, it is helpful to think of the monthly stages as
representing typical operating points of the system, rather than aggre-
gated energy values. In this setting, representing the AC constraints is
not only valid but also helps to align the planning problem with opera-
tional reality.

The normalized operating costs are shown in Table 5.7.

Table 5.7: Case 2 - Normalized Total Operating Costs

Model Avg. Scenario std.dev. Seed std. dev.
SDDP (AC) 1.000 +0.062 -
RL (AC) 1.251 +0.159 +0.012
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Figure 5.9 shows the average total operating cost for each of the
five random seeds used in the RL models. Figure 5.10 zooms in on the
plot to show the 99% confidence interval around the average. In this
case, the RL model obtained considerably more expensive operation
costs, with lower variability between random seeds.

Figure 5.11 and Figure 5.12 show the system’s operating cost across
the stages.
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Figure 5.13 shows the hydro generation for the models. In the peri-
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ods of high hydro generation, it is notable that even the 10th percentile
of SDDP generation sometimes surpasses the RL average. However, in
the periods of low hydro generation, and thus higher costs, both the
average generation and the lower percentile are very similar between
the models, suggesting the higher RL costs might come from a small
amount of very expensive scenarios.
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Figure 5.13: Case 2: Hydro Generation with Quantiles

Figure 5.14 and Figure 5.15 show the evolution of the aggregated
reservoir volumes over time. SDDP shows a lower average volume
across most of the horizon, indicating a more agressive use of the wa-
ter.

Figure 5.16 shows the log training loss during training for each
random seed. It is worth noting that, even though the model was
trained three times as long as the RL models in the previous case, the
total number of iterations is smaller. This is due to the increased com-
plexity of the AC network model, which results in most of the compu-
tational power being used to solve the state tracking problem and not
updating the network weights.
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6
Conclusion

This work demonstrated that combining optimization and Rein-
forcement Learning (RL) provides a viable method to solve real-world
hydrothermal dispatch problems with no assumptions on convexity
or time independence. The proposed approach effectively leverages
the hard constraint representation of the target-tracking optimization
problem and the flexibility of the RL framework. The model does not
rely on assumptions of time independence or convexity, providing an
alternative method to align long-term planning with operational real-
ity. However, the policies obtained still resulted in higher costs when
compared to SDDP.

In case study 1, we showed that the proposed approach benefits
from employing a more general inflow model rather than relying on
the PAR(p) model required by SDDP. When comparing the RL (artifi-
cial history) and the RL (PAR(p)) models, a cost reduction of 5% was ob-
served when training with the artificial history. In case study 2, SDDP
performed considerably better than the RL model. Thelower number of
training iterations suggests that the RL model might benefit from more
training time in the AC problem. However, considering the training al-
ready took considerably longer than SDDP or the RL models in case 1,
work in increasing training efficiency would be important.

Within the limitations of this work, which include all assump-
tions made about the proposed model and the analyzed data, the ex-
periments conducted allow us to draw the following conclusions: (1)
The PAR(p) model, commonly used to represent inflows in long-term
hydrothermal dispatch problems, is a significant approximation that
can impact the resulting policy and increase system costs. (2) Lever-
aging an inflow model to generate an unlimited number of scenarios
during training can lead to better policies. (3) The proposed approach
obtained promising results, but still requires further work to improve
on the policies obtained by SDDP.

We highlight some possible avenues for future work to improve
model results and computational efficiency. Some parallelization could
be explored to improve training time. Multiple scenarios of the state-
tracking problem can be solved simultaneously and then sampled dur-
ing the network update step. This would be particularly beneficial in



Chapter 6. Conclusion 38

AC cases, where the optimization problem is the most time-consuming
part of the solution. Another possibility for increasing sample effi-
ciency—and thereby reducing training time—is to combine the single-
net and multi-net approaches. By first training the single-net agent and
then copying its weights into the multi-net agent for further training,
it may be possible to leverage the sample efficiency of the first method
to accelerate the training of the more accurate second method.

More modern RL algorithms, such as Twin Delayed DDPG
(TD3) (FUJIMOTO; HOOF; MEGER, 2018) and Soft Actor-Critic (SAC)
(HAARNOJA et al., 2018), were developed as successors to DDPG to
address some of its limitations. Repeating the case studies with these
algorithms in place of DDPG would be a relevant research direction.
Another possibility on the RL algorithm side is to leverage the fact that
a model is available in the optimization problem and use model-based
RL algorithms. These algorithms—such as the one used in AlphaZero
(SILVER et al., 2017)—can consider multiple actions by solving the
optimization problem for each. Given the resulting next state and asso-
ciated costs, the agent can use this information to plan the next action
more effectively.
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