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Abstract

Steam injection is a popular technique to enhance oil recovery in mature oil fields. However, the conventional approach of using a
constant steam rate over an extended period can lead to sub-optimal performance due to the complex nature of the problem and
reservoir heterogeneity. To address this issue, the Markov decision process can be employed to formulate the problem for
reinforcement learning (RL) applications. The RL agent is trained to optimize the steam injection rate by interacting with a
reservoir simulation model and receives rewards for each action. The agent’s policy and value functions are updated through
continuous interaction with the environment until convergence is achieved, leading to a more efficient steam injection strategy for
enhancing oil recovery. In this study, an actor-critic RL architecture was employed to train the agent to find the optimal strategy
(i.e., policy). The environment was represented by a reservoir simulation model, and the agent’s actions were based on the
observed state. The policy function gave a probability distribution of the actions that the agent could take, while the value function
determined the expected yield for an agent starting from a given state. The agent interacted with the environment for several
episodes until convergence was achieved. The improvement in net present value (NPV) achieved by the agent was a significant
indication of the effectiveness of the RL-based approach. The NPV reflects the economic benefits of the optimized steam
injection strategy. The agent was able to achieve this improvement by finding the optimal policies. One of the key advantages of
the optimal policy was the decrease in total field heat losses. This is a critical factor in the efficiency of the steam injection process.
Heat loss can reduce the efficiency of the process and lead to lower oil recovery rates. By minimizing heat loss, the agent was able
to optimize the steam injection process and increase oil recovery rates. The optimal policy had four regions characterized by slight
changes in a stable injection rate to increase the average reservoir pressure, increasing the injection rate to a maximum value,
steeply decreasing the injection rate, and slightly changing the injection rate to maintain the average reservoir temperature. These
regions reflect the different phases of the steam injection process and demonstrate the complexity of the problem. Overall, the
results of this study demonstrate the effectiveness of RL in optimizing steam injection in mature oil fields. The use of RL can help
address the complexity of the problem and improve the efficiency of the oil recovery process. This study provides a framework for
future research in this area and highlights the potential of RL for addressing other complex problems in the energy industry.
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Steam flooding is a thermal oil recovery method. In this
method, steam forms a condensing zone inside the reser-
voir. The heat of condensation is utilized to heat up the
heavy crude oil, facilitating its displacement due to a
reduction in viscosity [3]. The injected steam forms a
steam chamber around the injection well [4]. Figure 1
shows the steam chamber around the injection well. This
steam chamber is expanded toward the production well.
Consequently, the condensed water displaces the reservoir
fluid into the production well [4, 5].

Because of the high steam cost, one of the necessary
objectives in steam injection projects is the optimization of
the dynamic injection rates. Due to the reservoir simulation
complexity involved in the steam injection, no single steam
injection rate value can be optimal for all steam flooding
situations. Also, it is difficult for engineers to find a strat-
egy to inject steam over the entire production horizon that
maximizes the net present value. Hence, there are some
attempts in the literature to optimize steam injection rates.
These attempts can be divided into two groups. The first
group deals with steam injection as a steady-state problem,
which means such research would provide only one single
value of injection rate as an optimum value along the
production horizon. The other group studies the problem as
a dynamic optimization problem, where the output would
be an injection rate strategy over time.

Both optimization solutions would have the objective of
maximizing the cumulative performance of the wells. The
first group includes evolutionary algorithms such as non-
dominated sorting genetic algorithms and particle swarm
optimization algorithms to optimize injection rate. Amei
et al. have applied particle swarm optimization, a genetic
algorithm, and an imperialist competitive algorithm in
order to optimize the steam-to-oil ratio [6]. They concluded
that the genetic algorithm (GA) worked 6% better in
comparison to other optimization techniques and was also
faster in comparison to the continuous optimization algo-
rithm. As aforementioned, the biggest drawback of that
approach is that it provides only one single value for steam
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Fig. 1 Steam injection process
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injection or steam ration, which is not sufficient in such a
complex problem.

On the hand, the second group of researches deal with
steam injection as an optimal control problem. This group
of researches include the model predictive control algo-
rithm and the adjoint state method. Model Predictive
Control (MPC) is considered the most widely used
advanced control method in refining, chemical, and petro-
chemical processes [7-11]. MPC is a control algorithm that
is built on the concept of moving horizon [12]. For the
steam injection problem, a proxy model is introduced to
formulate the problem. This proxy model is a relation
between injection rates and oil and water production rates.
Finally, the formulated problem is optimized over the
prediction horizon to find the steam injection rates that
maximize the net present value. However, MPC approach
is preferable but the drawback of combining with proxy
model to formulate the system makes it unstable and only
suitable for small horizon of production [13].

In the second group also lies the adjoint-method. It is
perform some sort of gradient-based optimization method
where the derivatives are obtained through the use of an
adjoint equation or co-state equation [14]. It depends on the
barrier function to formulate the augmented objective
function. Hence, the augmented objective function includes
the calculation of net present value and the constraints that
formulate the reservoir dynamics. The disadvantage of this
approach is that the equations representing the gradient of
the augmented objective function with respect to the steam
injection rate must be hard-coded which is not easy in case
of thermal oil recovery processes where compositional
models are used [15].

2 Reinforcement learning applications in oil
and gas industry

More recent applications in the area of complex control
included the application of reinforcement learning (RL)
[16-18]. It is one of three basic machine learning para-
digms, alongside supervised learning and unsupervised
learning. Recently, Machine learning applications are
rapidly developed in upstream field. It transforms our
ability to describe complex systems from observational
data, rather than first-principles modeling.

It is obvious that reinforcement learning is different from
unsupervised learning. While the latter focuses on the
extraction of patterns and useful information hidden in the
unlabeled data, reinforcement learning has the ability to
map inputs to an output. Although both supervised and
reinforcement learning work on mapping inputs to outputs,
in reinforcement learning, a learner and decision-maker
called an agent is trained to find the optimal policy, which
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acts as a feedback to the agent and gives RL an advantage in
optimization problems. Hence, both supervised and unsu-
pervised have different objectives they are applied for.
While supervised learning can be used for solving nonlinear
prediction and classification problems [19-24], reinforce-
ment learning is used for data-driven optimization [25-28].

The application of machine learning techniques, par-
ticularly reinforcement learning, has shown great promise
for dynamic optimization tasks in recent years. The pri-
mary objectives for such approaches are typically two-fold:
(1) to develop control policies that enable effective map-
ping from sensor inputs to actuation outputs and (2) to
support decision-making in real-time, even in complex and
changing  environments [29]. Subsequently, = machine
learning is well-suited to deal with high-dimensional,
nonlinear optimization problems that are difficult to model
explicitly. Reinforcement learning, in particular, enables
agents to learn from their interactions with the environment
and adapt their behavior accordingly, making it a powerful
tool for control and decision-making in complex systems.

For data-driven optimization, evolutionary algorithms
could also be used, but as aforementioned, they are search
meta-heuristic algorithms that reflect the process of natural
selection, where the fittest individuals are selected for
reproduction in order to produce offspring of the next
generation, while reinforcement learning is structured as an
agent interacting with an environment.

Defining a certain optimization task, RL is concerned
with a specific type of optimization problem in which the
objective is to find policies (strategies) that maximize the
return while an agent interacts with an environment in time
steps. On the other hand, evolutionary algorithms are self-
learning algorithms that can be applied to any optimization
problem where you can encode solutions, define a fitness
function that compares solutions, and stochastically change
those solutions.

Regarding the problems that each algorithm can solve,
RL is concerned with a specific type of optimization
problem in which the objective is to find policies (strate-
gies) that maximize the return while an agent interacts with
an environment in time steps. On the other hand, evolu-
tionary algorithms are self-learning algorithms that can be
applied to any optimization problem where you can encode
solutions, define a fitness function that compares solutions,
and stochastically change those solutions. Therefore, rein-
forcement learning would be more suitable in our case to
find the optimal policy for injection rates over time.

In this study, we will focus on reinforcement learning
applications in closed-loop reservoir management. In gen-
eral, RL applications are still very few and limited in engi-
neering processes [ 18, 30, 31] as the respective algorithms are
still in their development phases. Also, the research com-
munity is still working out the kinks in how advancements are

validated and shared [32]. In the energy domain specifically,
the systems are too complex to be simulated, and it is also too
risky to allow the algorithms to interact directly with pro-
duction systems [33]. However, RL algorithms may have a
greet rule in the further development of artificial intelligence.
Therefore, the interest in these algorithms has been continu-
ing for the past decade [34]. Some researchers addressed the
application of reinforcement learning in the energy domain.
Such applications mainly had objectives regarding decision
management or flow control. Field applications are mainly
categorized into two groups: either to control autonomous
drilling or to optimize production.

In the context of autonomous drilling control [35-37],
the objective is tracking some set points; therefore, it is
often either a penalty function for downhole pressure in the
case of managed pressure drilling or for landing position,
final inclination, and maximum curvature in the case of
controlled directional drilling positioning.

In the context of production optimization, the general
configuration of closed-loop reservoir simulation consists of
two main parts as follows: (1) model-based data assimila-
tion, which acts as reservoir parameters and states an esti-
mator, and (2) a model-based optimizer. As mentioned
above, the task of the optimizer is to maximize the oil
recovery factor or other desired economic criteria such as
the NPV. The required inputs for the optimizer part may be
field total metrics such as injection and production data or
volumetric data from grids such as pressure and water sat-
uration in wells’ windows. The objectives are often to
maximize production, minimize losses, increase net present
value and reduce lost time. Therefore, all of these applica-
tions used net present value as a reward function for their
agent to search for the optimum policy. However, they have
various objectives on the reservoir simulation prospective.

For waterflooding optimization projects, there are three
attempts [38—40]. These attempts differ in either the state
definition or the complexity of the model or the applied
reinforcement learning algorithm. Both Hourfar et al. and
Ma et al. [38, 39] have used the estimation of the residual
oil in percentages and also the values of water cuts in the
total produced fluid. On the other hand, Miftakhov et al.
[40] have used pixels of the reservoir simulation model to
define the state. It works fine in this case, may be because
the model was so simple, but we expect such a state defi-
nition would lead to the curse of dimensionality because of
the huge number of inputs in such a case.

For steam-assisted gravity drainage, unlike SARSA that
has been used by Guevara et al. [15], we propose the usage
of the actor-critic reinforcement learning algorithm. It
combines the advantages of value-based and policy-based
approaches. In this algorithm, the actions are generated by
a policy neural network. This network is evaluated based
on a corresponding change in state potential. The values of
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the state potential are given by another neural network
called the critic network. This network approximates the
expected cumulative reward from the given state. The
actor-critic algorithm is also recommended for a competi-
tive non-Markovian environment where a stochastic action
can be preferable to a deterministic one. It is also used in
the case of continuous action spaces like continuous
robotic control [41].

There are other miscellaneous applications such as the
usage of reinforcement learning to optimize injection rates
in carbon dioxide storage [42] unlike the traditional
methods and evolutionary algorithms that are used in the
literature [43, 44], the agent could maximize the reward
that is built depend on risk and economical factors. There
are also other applications in optimal well placement and
well type selection in the area of pressure transient tests
interpretation [45-47].

In this study, we present a novel approach to production
optimization in reservoir simulation through the applica-
tion of reinforcement learning. Our focus is specifically on
the challenges associated with data-driven optimization,
which differ from those of data-driven modeling. By pri-
oritizing this concentration, we highlight the key message
of our work: that optimizing production through data-dri-
ven techniques requires a distinct set of considerations and
approaches. We believe that this emphasis on the unique
challenges of data-driven optimization is crucial to
advancing autonomous drilling and production optimiza-
tion. Our work represents a significant contribution to this
field.

In this work, model-free reinforcement learning (RL) is
applied for steam injection rate optimization. It was
selected because it overcomes the shortcomings of the
aforementioned methods in two ways. Firstly, it does not
require a full description of the process required to be
optimized. Secondly, this approach takes advantage of
previous experiences or interactions with the environment
to find an optimal policy of injection rate to maximize the
net present value without human interference. Also, among
reinforcement learning algorithms, we explore the usage of
actor-critic (A2C). The advantages of such an algorithm are
the following [48]:

1 Sample efficiency: Actor-Critic is more sample effi-
cient than some other reinforcement learning algorithms,
such as Q-learning and SARSA. This is because it uses
both the value function and the policy to learn, which can
help to reduce the number of interactions needed with the
environment.

2 Convergence to an optimal policy: Actor-Critic has a
strong theoretical basis for convergence to an optimal
policy, and it guarantees improvement at each iteration.
This means that the performance of the policy will improve
over time.

@ Springer

3 Handling of non-stationary environments: Actor-Critic
can handle non-stationary environments where the distri-
bution of the data changes over time. This is because the
policy is updated using its own experience, and the critic’s
value function is updated using the temporal difference
error.

4 Ability to balance exploration and exploitation: Actor-
Critic can balance exploration and exploitation using the
policy and value function. The policy is used to explore the
environment and discover new solutions, while the value
function is used to exploit the current knowledge of the
environment and make decisions based on the expected
return of each action.

3 Elements of RL

The reinforcement learning technique is the preferred
method for the purpose of this paper. It is highlighted
because it is the optimal policy (a policy that maximizes
the reward of the decision process). Hence, it supports
automated transformation and goes beyond conventional
approaches to solve the task at hand. Reinforcement
learning problems involve learning how to map situations
to actions in a closed-loop structure where the learning
system’s actions influence its later inputs, which converge
toward the maximum numerical reward signal. Moreover,
the learner discovers which actions yield the best reward by
trying them out. Figure 2 presents agent-environment
interaction in RL.

Achieving agent-environment interaction in real life
requires four basic features to be well defined. They are the
environment, the reward function, the value function, and
the policy function with its relevant actions.

3.1 Environment

“Environment” is a mathematical model that mimics the
behavior of the environment. In other words, it presents
inferences about how the environment behaves. For
instance, the model might predict the resultant next state
s;+1 and next reward r,1| given a state s, and taking action
a;.

3.2 Reward function

A reward signal is considered the target or the objective
function in a reinforcement learning problem. It is a single
number sent from the environment to the reinforcement
learning agent at any time, depending on the agent’s cur-
rent action and the current state of the environment. The
agent can influence the reward signal through its action.
Therefore, maximizing the total reward that the agent
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Fig. 2 The agent-environment (
interaction in RL
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receives over the long run is considered its main objective.
The reward signal defines good and bad actions for the
agent. It is denoted by R, at time step (f).

3.3 Value function

A value function is used to evaluate success in the long run.
Roughly speaking, the value of a state, i.e., the status of the
agent (what has been learned, what must be done), is the
total amount of rewards an agent can expect to accumulate
over the future, starting from a specific state at time (?),
which can, for instance, be the initial conditions of the
simulations toward the end of the episode. Whereas a
reward determines the immediate return at a specific
environmental state, a function value indicates the long-
term desirability of the state after considering the states
that are likely to follow. In other words, the value function
at state (s) considers the reward available in (s) and the
upcoming states. The value function is denoted by V,,
where V(S) is the value function for a specific state (S)
under a specific policy 7.

3.4 Policy function

A policy defines the learning agent’s way of behaving at a
given time. Roughly speaking, a policy can be considered
as an interconnection between states (the input vector from
the environment at a specific time step f) and actions (what
should be done?). The policy is denoted 7,, where 7,(a | )
is the probability of taking an action (a) when being in a
certain state (s).

\

4 Learning dynamics (agent-environment
interactions)

Over a sequence of  discrete time  steps
t=1{0,1,2,3,---,T}, an agent interacts with an environ-
ment E. In every iteration, the agent receives a current state
from the environment (s7) and selects an action from some
set of possible actions (a) according to its policy 7. In
return, the agent receives the next state s, and receives a
scalar reward r,. The process continues until either the
agent reaches a terminal state or the maximum number of
time steps satisfied after which the process restarts [49].

The total accumulated return from time step t can be
calculated from R, = > ;27" rex were y € [0,1] is the
discount factor. The value of state s under policy n is
defined as V,(s) = [R, | s; = s] and is simply the expected
return for following policy pi from state s. Another
important function while learning is the action value
function Q,(s,a) = E[R, | s;]. It is the expected cumulative
reward an agent can receive by taking a specific action in a
specific state, and following a certain policy .

Solving a reinforcement learning task means reaching
the optimal policy. It is the one that going to give us the
maximum value in any state we are in
n* = argmax,[E; Y oy 7" rr4]. There are two techniques
to solve the problem in model-free reinforcement learning
either value-based technique or policy-based technique.

In value-based model-free reinforcement learning
methods, There is no explicit policy is stored but only
solving the problem of the value function [50]. The policy
is here implicit and can be derived directly from the value
function by picking the action with the best value. For
instance DQN is the most popular Q-learning algorithm. In
this algorithm, the action value function is represented
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using a function approximation, such as a neural network
O(s, a; 0). The objective is to directly approximate the
optimal action value function: Q «* (s, a) =~ Q(s, a; 0).
The learning is done through iterative continuous update of
the parameters 60 of the action value function minimizing a
sequence of loss functions. Equation 1 shows the loss
function applied per iteration i.

J(Hi) = E(r+ Vzl)lax Q<S.”a"70i*1) - Q(S>a>9i>)2 (1)

where s, is the state at r + 1 after state s at time t.

On the contrary, we explicitly build a parameterized
representation of the policy n(a, | s;; 0) in the policy-based
methods. Then, gradient ascent on E[R,] is performed to
update the parameters 6. An example of such a method is
the REINFORCE family of algorithms [51].

In this algorithm the policy parameters € is updated in
the direction VOlogn(a, | s;; 0) * R,. In order to solve the
problem of the high variance of such estimates while
keeping it unbiased, a learned estimate of the value func-
tion is commonly used as the baseline bt(st) ~ Vnr(st). It
is commonly known as a baseline. This base line is sub-
tracted from the return. Hence, the resulting gradient is
calculated from VOlog n(at | st; 0) (Rt — bt(st)) [52].

The advantage actor-critic reinforcement learning com-
bines both techniques, the value based and the policy
based, together [51]. It consists of two neural networks and
the advantage function. The later calculates the agent’s TD
Error or Prediction Error. The actor network can be con-
sidered as a policy gradient algorithm that chooses an
action at each time step. On the other hand, the critic
network evaluates the Q-value or provide a feedback on
how to adjust. While the critic network learns which states
are better or worse, the actor uses the critic results to teach
the agent to seek out good states and avoid bad states.

Hence, the combination of deep learning with RL would
be a new powerful tool. It is called deep reinforcement
learning. Such a combination hindered classical RL by
allowing the use of high-dimensional state spaces and
exploiting the feature extraction capabilities of deep neural
networks. That makes deep reinforcement learning suit-
able to be explored in the field of fluid mechanics where
challenging environments with nonlinear problems of high
dimensionality are confronted. Hence, if neural networks are
properly trained, they can estimate value function and output
an action distribution given set of states and therefore rep-
resents arbitrarily complex mappings between spaces [53].

5 Steam injection model
Reservoir simulation is a crucial tool for understanding the

behavior of oil and gas reservoirs, as it allows engineers to
predict the flow of fluids through porous media over time.
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However, simulating a reservoir can be a highly complex
task, particularly when dealing with fluids such as gas
condensate and volatile oil.

The models used for simulating these types of reservoirs
are known as compositional models. They typically involve
a complex mix of thermodynamic relations and equations
for modeling the differential material balances, which must
take into account the phase transitions of the different
occurring components. In other words, conservation laws
are applied for each component in each grid, using equa-
tions for fluid transport through porous media, rock or fluid
properties, and the conservation of mass, momentum, and
energy in order to solve the problem.

This results in a large system of highly nonlinear dif-
ferential equations, which must be solved for each grid
block using computers. To achieve this, the reservoir must
first be discretized into a large number of grid blocks to
describe the dynamic behavior of a real hydrocarbon
reservoir. However, because real reservoirs are often highly
heterogeneous in terms of pore structure, oil saturation, and
other factors, a significant number of grid blocks must be
defined to accurately capture the behavior of the system.

Furthermore, optimizing the production of hydrocarbons
in a reservoir involves significant complexity. The goal of
optimization is to determine the optimal well placement
and production schedule to maximize the recovery of
hydrocarbons while minimizing costs and environmental
impact. This involves a range of factors, including reser-
voir characterization, wellbore construction, fluid proper-
ties, and surface facilities.

Optimization strategies typically involve using simula-
tion models to evaluate different scenarios and determine
the most effective production strategy. However, this can
be a complex and time-consuming process, as it involves
running multiple simulations with different input parame-
ters and evaluating the results to determine the optimal
solution. Overall, the complexity of reservoir simulation
and optimization highlights the importance of using
advanced computational tools and strategies to improve the
efficiency and accuracy of hydrocarbon production.

In this use case, the reservoir simulation model repre-
sents the environment where oil displacement is carried out
using steam injection. Specifically, an inverted nine-spot
pattern is used [54], which is divided into eight equal parts,
with one of the parts being modeled. The total area of the
pattern is 2.5 acres, and a grid system of 23 x 12 x 12 is
used to represent the reservoir. This means that the reser-
voir is divided into a large number of small grid blocks,
with the grid points distributed uniformly in the horizontal
plane. The well radii for all three wells are 0.3 ft, which is
an important parameter in determining the effectiveness of
the steam injection process. The case is shown in Fig. 3.
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Figure 3 shows element of symmetry used in the sim-
ulation of steam injection in an inverted nine-spot. Rock
Properties: Vertical permeability is 50% of horizontal
values. Porosity of all layers is 0.3 (fraction). Thermal
conductivity of reservoir overburden and under-burden is
24 BTU/(ft-D-OF). Heat capacity of reservoir overburden
and under-burden is 35 Btu/(ft3 of rock-OF). Effective rock
compressibility is 5 x 10-4 psi- 1.

Fluid Properties: Properties of pure water are assumed
Oil density at standard conditions is 60.68 Ibm/ft3. com-
pressibility is 5x10-6 psi-1. The coefficient of thermal
expansion is 3.8 x 10-4 OR-1, and the molecular weight is
600. Temperature and viscosity data are shown in Table 1.
Further information about the produced fluid properties and
initial oil composition can be found in Tables 2 and 3.

Rock-fluids interaction: For water/oil system, the
residual oil saturation (Sorn) is 0.15. For gas/oil system, the
residual oil saturation (Sorg) is 0.10. The critical gas sat-
uration (Sgc) is 0.06.

Table 1 Temperature and viscosity data

Temperature (°F) Viscosity (cp)

75 5780
100 1380
150 187
200 47
250 17.4
300 8.5
350 52
500 2.5

Table 2 Properties of oil components

Components
1 2 3
Molecular weight 250 450 600
Specific heat, Btu/Ibm-oR 0.53 0.55 0.6
Density at standard conditions Ibm/ft3 52.3 57.64 61.2
Critic pressure, psia 225 140 -
Critical temperature, °F 800 950 -
Table 3 Initial oil composition Components Mole fraction
Cl 0.5030
C2 0.1614
C3 0.3356

Regarding permeability, the oil relative permeability at
interstitial water saturation, kroiw is 0.4. For water/oil
system, water relative permeability at residual oil satura-
tion (krwro) is 0.1. For gas/oil system, gas relative per-
meability at residual oil saturation (krgro) is 0.2.
Equations (2)—(5) define the relative permeability for the
water/oil system and for the gas/oil system as

SW - Swir >3
krw = krwro (ﬁ) (2)
1- Sorw - Sw>2

(3)
1 - Sorw - Siw

krow = kroiw (
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P Sg . Sgc 1.5 (4) Table 4 Economical factor Parameter Value
rg rgro 1 _ S _ S
w gc Pnil 100
2
P (1 — Siw — Sorg — S¢ ) Cateam 12
w o — "wro
1 - Siw - Sorg Cyater 3
i [fraction] 0.2

Initial Conditions The initial oil and water saturation is
55% and 45% respectively. Reservoir temperature is
125°F. The pressure at the center of the top layer is 75 psia.
Operating Conditions The steam is injected into the
bottom layer only, while production occurs in all four
layers. Steam injection capacity is subject to the following
constraints: (I) a maximum BHP of 1600 psia at the center
of the bottom layer and (II) a maximum injection rate of
300 STBID on a full-well basis. The capacity of the pro-
duction wells is subject to the following constraints: (I) a
minimum BHP of 17 psi at the center of the top layer; (II) a
maximum production rate of 1000 STBID of liquids. The
operation shall take 820 days of injection and production.
The next step would be to reformulate the reservoir
simulation problem to match the Markov decision process
(MDP). After preparing the model, the actor-critic agent
starts to interact with the environment for a production
period of 820 days. Multiple agents interacting with the
reservoir simulation environment as a multi-agent actor-
critic can be considered a next level of study. It is also
worth mentioning that this study is based on the general
assumption of a reliable history-matched model.

6 Steam Injection problem formulation
based on RL

6.1 State

As aforementioned, a true MDP state should provide
something that is Markovian and captures the environment
at its fundamental level. Therefore, the state of the reser-
voir simulation should carry enough information to capture
the history of the process or the previously applied injec-
tion rates. Equation 6 shows how the state is set at every
time step.

St = [Cumulative oil production,
Cumulative steam injection, (6)

Cumulative water production]

6.2 Actions

“In this study, a discrete action space consisting of three
possible actions is used: increase, decrease, and no change
in steam injection rate. The action taken in each time step
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is with reference to the previous time step injection rate by

a constant value (20 BPD). This design of the action space

prevents dramatic changes in steam injection rate.” The

action space for the agent is designated according to Eq. 7.

Qinj(t — 1) +20 if action ==

Qinj(r — 1) — 20 if action == 1 (7)
Qunj(1 — 1)

a; =

if action ==

6.3 Reward function

During the reinforcement learning process, the reward
function serves as an essential guide for the agent. In this
study, the net present value (NPV) of the reservoir, as
defined by Eq. 8, is utilized as the metric for the reward
function. The ultimate aim is to optimize the steam injec-
tion strategy to maximize the cumulative sum of NPVs
calculated at each discrete time step. This serves as a key
indicator of the agent’s efficacy in enhancing oil recovery
through the use of steam injection.

R, = NPV, = ZN: Podo = Cuean T

=l 147736

CwaterQw (8)

where

®  Puil, Cseam and Cyqer are the oil price, the cost of steam
generation and the cost of produced water handling in
[USD/STB].

® g,, gsand q, are the oil production rate, steam
injection rate and water production rate in [STB/day].

e 1, and t.s are the current time and the reference time to
which NPV is discounted.

e | is the annual discount factor.
parameters are presented in Table 4.

The economical

6.4 Components summary

A task, an environment and an agent are the main elements
of reinforcement learning optimization technique. For our
study, The contextual interpretations of these elements is
summarized in Table 5.
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Table 5 Elements of the reinforcement learning in the context of steam injection

To find optimal injection steam injection rate autonomously along 820 days of production
Operating conditions St = [Cumulative oil production, Cumulative steam injection, Cumulative water production]

To find optimal policy of steam injection rate to maximize the net present value

Element Steam injection context

Environment Compositional models of reservoir simulation
Task

State

Reward Net present value

Agent To send actions to the injector well

Policy

Action

Manipulating parameter of the operating conditions which is the injection rate

6.5 Implementation actor to critic method

The model consists of three wells (one injector and two
producers), and a production horizon of 820 days (one
episode) is considered. The state of the environment is
defined as cumulative, as oil and water production, and as
steam injection. For each time step, the three possible
actions defined previously are considered, and the reward is
represented by the NPV.

The training process is conducted through successive
interactions between the agent and the environment. The
agent executes an action each time step according to a
specific policy, and then it receives a reward that is the net
present value in our case. Hence, the policy is improved
through the action taken and the observation of new states
of the environment with each interaction. Then, the agent
learns to gain rewards so that it acts correctly in situations
not present in the training set.

In SARSA, the agent interacts with the environment and
updates the policy based on actions taken. SARSA learns
the Q-values associated to the policy that itself follows
O(S1,A;) «— O(S1,Ar) + a(Rey1 +70(Sr1,Ar1)—
0(S;,A;)). Hence, this approach converges with possible
penalties from exploratory moves but at the same time it
avoids a possibly dangerous optimal path at the cost of
learning slowly. Subsequently, SARSA is rather preferred
in robotic experiments and less in simulations in order to
avoid damages.

Instead, in the actor-critic method, the actor proposes a
set of possible actions given a determined state, i.e., the
actor assumes the function of the policy (where to go?) and
the critic, on the other side, evaluates the actions taken by
the actor. This evaluation is defined as the “estimated value
function.”

Using data from a reservoir, the environment is built as a
simulation model. Figure 4 shows the agent (A2C)-envi-
ronment (reservoir simulator) interaction in our implemen-
tation for the determination of optimal operating conditions

In this study, the agent can be inferred to represent an
injector well. It provide the environment with actions that
result in the optimal operating conditions for the simulated

system. This agent is trained based on the net present value
that is calculated using the feedback from the simulator.
The agent used is an actor-critic. The actor network rep-
resents a parameterized policy (mp). Hence, it is responsi-
ble for mapping states (st) to actions (at). The output of the
actor’s network is a 3-dimensional vector representing the
probability of the three actions. Those are increase,
decrease and not changing in steam injection rate with
reference to the previous injection rate. Then, using the
probability distribution presented in Eq. 9, the action is
determined. On the other hand, the critic network evaluates
the impact of actions by estimating the Q-value of a state-
action pair. Hence, it takes both the state and the action as
inputs. This ensures that the actor to critic agent consis-

tently makes the best decision.
np(s, a) = arg max(softmaxpla | s, 0]) (9)

The actor agent is trained through the policy gradient
method and optimized policy parameters are obtained
through iterations. Equations 10 and 11 show the policy
gradient cost function and parameters update.

VoI (0) = Volog, (a | 5)V™(S,) (10)
01+1 =0;4+a Vy J(()) (11)

Combining Equations (10 and 11) with the value function
equation 12 results in Eq. 13

Va(8) = mla,s)(RE+7 Y T4 V(s (12)

acA s'e S
041 = 0, + o[V log,, (als) Z n(a, s)(R?
acA
+7 Z T2, V(s' (13)
s'e S

Such a technique exhibits high variance since trajectories
can lead to different returns. This is mainly due to the
stochasticity of the environment (random events during
episodes) and the stochasticity of the policy. For instance,
the same starting state can lead to very different returns.
Because of this, the return at a specific point starting from
the same state can vary significantly across episodes.

@ Springer
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During iterations, the trajectory update was observed to
have a high variance due to stochasticity of the environ-
ment and stochasticity of the policy. For instance, the same
starting state can lead to different returns. Therefore, the
return starting at the same state can vary significantly
across episodes. The solution to mitigate the aforemen-
tioned problem is the usage of an advantage function
Eq. 14. The advantage function captures the degree of
importance an action has compared to others for a given
state, while the value function judges the strength of the
decision.

A™(S,a)

Qnu(s’ a) _ Vﬂo (S)
= Han $) 7 VE(Si1) — V(S) (14)

Using Eq. 13 and 14, we get equations of actor and critic
weights update 15 and 16

011 = 0, +a[Volog,, (a | s)A™ (S, a)] (15)
Wi =W, + BAIV, VP (S))] (16)

Algorithm 1 presents pseudocode for the actor-critic
algorithm for the steam injection process.

policy, we will compare it to a baseline policy where the
steam injection rate is kept constant at 138 bbl/day.

By analyzing the learning curve, we gain a deeper
understanding of the agent’s behavior and performance.
Figure 5 shows the learning curve for our agent, where the
line represents the cumulative net present value (NPV) for
each episode after 820 days. As observed, there are large
variations in the NPV of initial episodes, which can be
attributed to poor approximations of the actor network. In
reinforcement learning, the critic typically employs a state-
value function. After each actor selection, the critic eval-
uates the new state to determine whether things have
improved or become worse than expected. This evaluation
is based on the temporal difference (TD) error, which
measures the difference between the predicted and actual
values of the state-value function.

As the number of episodes increases, the critic learns
about the policy being followed by the actor. This critique
takes the form of a TD error, which serves as the sole
output of the critic and drives all learning in both actors
and critics. By minimizing the TD error through gradient
descent, the actor network is trained to select actions that

Algorithm 1 Actor Critic algorithm for the steam injection process

Require: MDP formulation of the reservoir model

Require: Actor network: policy improvement, actions

Require: Critic network: policy evaluation, value function

Ensure: Networks parameters are set: learning rate, number of neurons and

discount factor
for episode in Episodes do

Reset the environment, returns S; (first state of the episode

for step in Steps do

Execute an actionSy, at, Ry, ari1,m(as | St)

Compute advantage A™ (S, a)
Update policy parameter 6;,1 in actor network
Update value function parameter Wy 1 in critic network

1:
2
3
4
5: Agent get the environment state Si, ar, Ri, Siy1
6
7
8
9

: Update action and state
10: end for
11: end for

7 Results of the steam injection
optimization

In this section, we will perform a quasi-experimental study
to evaluate the performance of an Al-based agent in opti-
mizing the steam injection rate over time. Specifically, we
are interested in examining the learning curve that the
agent exhibits and the optimal steam injection rate policy
that it obtains. To assess the effectiveness of the agent’s

@ Springer

maximize the expected return. The critic network, on the
other hand, is updated to better estimate the state-value
function, which in turn improves the accuracy of the TD
error signal.

Figure 6 shows the optimal steam injection curves for
the a2c agent and the base model versus time. Four specific
regions can be distinguished in the optimal injection pol-
icy: from O to 380 days, the injection rate has slightly
changed between 98 to 118 bbl/day. The second region is
from 380 to 640 days where injection rate increased from
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Fig. 4 Actor-critic architecture and its interaction with the environment

118 bbl/day to a maximum value 148 bbl/day. The third
region (from 640 to 780) shows a steep decrease in the
injection rate from 148 bbl/day to 98bbl/day. The fourth is
from 780 to 820 showing a slight change between 98
bbl/day and 108 bbl/day. As per Fig. 6 and from eco-
nomical perspective, it is clear that the policy defined by

167 Running average of previous 150 scores

Cumulative net present value ($)

T T T T T T

0 20 40 60 80 100 120 140
Episode Number

Fig. 5 Learning curve of RL

Qa

the agent was able to achieve the highest net present value.
However, the question that arises here is how can such a
policy be justified from a physical point of view.

The main aspect that explains the success of this policy
is that its ability to minimize the cumulative heat loss to the
surrounding rocks. Fig 7a, b shows the rate of heat loss and
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g. 6 Field water injection total versus time
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Fig. 11 Cumulative steam production per well versus time

cumulative loss to surrounding rocks. It is obvious that the
policy defined by the (A2C) agent to change steam injec-
tion rate exhibits less heat loss to the surrounding rocks
compared to the base case. This effect explains the success
of this policy on water injection for optimizing oil
recovery.

Also it is important to study the effect of this injection
policy on the produced oil and water. From Figs. 8 and 9, it
is shown that total water cut and the cumulative water
production are less in the agent policy case than the base
case. This may be an effect of slightly smaller injection
rates at the first region of the production horizon that leads
to the steam chamber to grew vertically.

Figure 10a, b shows the oil rate and cumulative oil
production versus time. It is shown that the agent policy
shifted the profile of oil production rate. The second peak
shifted from day 260 to day 400. In the A2C policy this
leads to reduce the sharp decrease happening afterward and
also leads to delay the steam breakthrough in the near and

far wells. Figure 11a, b shows the total steam production
from the near and far wells in both A2C and base cases.
While the near well starts to produce steam after 160 days
in the A2C case while in the base case it starts to produce
steam after 140 days. The same happens for the far well
with approximately 80 days difference.

8 Conclusion

Steam injection is a common method to enhance the
recovery from mature oil fields. Commonly, a constant
steam rate is applied over a long period of time without
considering varying physical phenomena and reservoir
characteristics, consequently resulting in sub-optimal per-
formance of these thermal heavy oil recovery processes.
However, finding the optimal steam injection strategy is a
challenge due to the complex dynamics, i.e., nonlinear
formulation, variations over time, and reservoir hetero-
geneity. Such a problem can be reformulated using the
Markov decision process for the application of reinforce-
ment learning (RL). Subsequently, a decision-maker called
an agent generates actions to maximize the production
process’s yield. The agent interacts continuously with the
environment to determine the optimal injection rates,
adjusting its actions based on feedback from the system
until a satisfactory solution is reached.

In this work, an actor-critic RL architecture is used to
train an agent to find the optimal strategy (i.e., policy)
through continuously interacting with the environment. In
this study, the environment is represented by a reservoir
simulation model. At each time step, the agent executes an
action to either increase, decrease, or keep the steam
injection rate constant, and a subsequent reward is received
by the agent. A reward can be defined as a distinct number
from the environment. Then, the agent observes the new
state from the environment. Such a state could be the
cumulative amount of steam injected, the pressure distri-
bution, or any other input that could be representative of
the environment, which is the reservoir simulation model in
our case. During this interaction, a policy function and a
value function are trained. A policy gives a probability
distribution of the actions that the agent can take. For a
specific policy, a value function determines the expected
yield for an agent starting from a given state. This dynamic
process is executed for several episodes until convergence
is achieved.

In this study, we propose an application of an actor-
critical reinforcement learning (RL) approach to optimize
steam injection rates based on a problem of compositional
modeling of a fluid flowing through a porous medium. The
objective was to find a policy that could maximize the
cumulative net present value at the end of the production
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horizon by optimizing the well water injection rates. The
purpose of the actor network is to estimate the value
function through a mimic of the physics of the environ-
ment’s inputs and outputs and to update the policy distri-
bution in the direction suggested by the critic network.
After a successive interaction between the agent and the
reservoir simulation model, it is shown that the agent was
able to choose a series of actions (steam injection rate
versus time) aimed at maximizing the net present value of
the project. The results from both the base and the optimum
policy cases are compared from a physical perspective to
explain the reasons leading to the increase in the net pre-
sent value of the whole project.

This work represents an initial step in the direction of
implementing a multi-agent reinforcement learning
framework to optimize multi-pad oil wells.
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