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ABSTRACT This paper uses a scenario-based optimization method to address the Daily Production
Optimization from an Electric Submersible Pump lifted oil field under the presence of uncertainty. The
primary contribution of this work lies in addressing the presence of uncertainty in short-term production
optimization of the oil industry, a significant aspect that is frequently overlooked. It has been shown that
using the dynamic model of the plant in the optimization problem is too computationally expensive, even in
a deterministic case. Therefore, the steady-state model of the system has been used in a robust optimization
framework. The necessity of considering uncertainty in the optimization problem and the promising results
of the proposed robust method is compared with the deterministic optimization counterpart. An additional
novelty of this study involves the utilization of a scenario-based optimization framework to explore various
forms of uncertainty, including uncertainty in well flow parameters and oil price. It has been shown that the
uncertainty in oil price does not affect the optimal solution during normal operation, at least in short-term
optimization such as Daily Production Optimization. On the contrary, the uncertainty in the well parameters
is important to be considered since well flow parameters influence the optimizer in preferring one well
over the other. Consequently, the economic objective for the lucrative business of the oil industry will be
translated into production maximization, and the optimizer’s task involves allocating the total production
capacity among the different wells to maximize the proportion of the oil to water in the produced fluid.

INDEX TERMS Constrained optimization under uncertainty, electric submersible pump lifted oil well,
parametric uncertainty, scenario-based robust optimization, short-term production optimization.

I. INTRODUCTION
The cost and revenue from an oil and gas production unit are
typically affected by decisions that are required to be taken
at different time scales. The planning horizon for these deci-
sions ranges from seconds to the entire lifetime of the field,
depending on the objectives. Daily Production Optimization
(DPO), which is equivalent to Real-TimeOptimization (RTO)
from a process systems perspective, corresponds to the deci-
sions and plans that are taken in the time scale of a few
hours to a couple of days to maximize the daily operating
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revenue of the production unit. Typical decisions in this scope
involve selecting the choke opening of the different wells
or allocating shared resources such as electric power and
available lift gas in order to maximize the daily operational
profit and ensure that the process and operating constraints
are satisfied [1].

Daily production optimization has been reported to
increase production by 1-4% [2], [3]. These improvements
are even more pronounced for fields in the late plateau and
decline phases than earlier phases [4]. On the other hand,
it is well known that the presence of uncertainty may jeop-
ardize the real-life application of constrained optimization
since it is reasonably possible that the mismatch introduced
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due to uncertainty may make an optimal solution practically
infeasible. Thus, this paper will investigate the daily produc-
tion optimization problem for an Electric Submersible Pump
(ESP) lifted oil field under the presence of uncertainty.

A mathematical model for a single ESP oil well was devel-
oped in [5], and a linear Model Predictive Control (MPC)
was designed in the Statoil Estimation and Prediction Tool
for Identification and Control (SEPTIC) based on the step
response model of the process. This controller was later
implemented on a Programmable Logic Controller (PLC)
in [6]. AMoving Horizon Estimator (MHE) was successfully
implemented in [7] using the same model to estimate the flow
rate and the productivity index of the well and the viscosity
of the produced fluid.

A similar first principle model was derived in [8] for multi-
ple ESP wells that share a common production manifold. The
steady-state version of this model was used in [9] to develop
a nonlinear optimization based on Sequential Quadratic Pro-
gramming (SQP) for two optimal control strategies. The
authors demonstrated that the production choke valve for
each oil well has to be fully open during normal operation to
maintain the optimal fluid flow rate and minimize electrical
power. The same authors formulated a Mixed Integer Nonlin-
ear Programming problem (MINLP) in [10] to calculate and
identify the number of oil wells that should be used for special
cases with low production demand. The dynamic version
of the model was also used in [11], where the nonlinear
model predictive control framework was implemented as an
economic optimizer for maximizing profit. Even though the
controls in this work were assumed constant throughout the
prediction horizon, the length of the prediction horizon was
limited to one second due to the fast dynamics of ESP and the
high computational cost of a longer prediction horizon.

The research based on the model developed in [5] was
pursued further, and it was shown in [12] that the linear model
of an ESP lifted well varies significantly depending on the
choke opening. Therefore, a model adaptation based on the
homotopic transition between models was proposed in [13],
where an adaptive linear MPC strategy was implemented as
a Quadratic Dynamic Matrix Control (QDMC) algorithm in
order to control the pump inlet pressure, minimizing the pump
power and respecting the variable’s constraints. An adaptive
infinite horizon MPC strategy was also implemented in [14],
where the proposed control law used successive linearization
of the dynamic model in [5] to update the model internally.
The ESP model was used in [15] to investigate the imple-
mentation aspects of measured disturbances in MPC. The
main control objective in this work was to sustain a given
production rate from the well while maintaining acceptable
operating conditions for the pump.

A different approach was proposed in [1], translating the
optimization objectives into control objectives to avoid solv-
ing a numerical optimization problem. The proposed method
was applied to a single ESP lifted well successfully to track
the inlet pressure of ESP subject to constraints. Nevertheless,
the method violated the constraints dynamically. Recently a

high-fidelity model of a single ESP well was proposed in [16]
to be used as a surrogate model for the real plant. This model
was used in [17] to propose an economic-oriented MPC auto-
tuning strategy with a flexible structure able to enclose differ-
ent MPC formulations, different tuning requirements, online
implementation, and process attributes. An Echo State Neural
Network was trained in [18] to capture the dynamic model
of ESP well. The trained neural network was used for two
nonlinear model predictive controllers that aimed to track the
bottom-hole pressure subject to constraints on control inputs,
bottom-hole and well-head pressures, and liquid flows.

The literature, as mentioned earlier, clearly shows two
neglected aspects that are required to be addressed for the
DPO problem for an ESP oil field:

• Problem Formulation: The control presented in [5]
and almost all its successors aimed to track a certain
set point (mostly bottom-hole pressure). This type of
objective corresponds to the lower layer (Control and
Automation layer as described in [4]) in the multilevel
control hierarchy, where the set points to be tracked are
determined by the higher-level optimizer called Produc-
tion Optimization. Therefore, none of these works have
answered the main question of DPO, which is: How
much should be produced from each well to maximize
the economic objective?

• Parametric Uncertainty:The other research works that
started from [8] have consideredmultiplewells in a field,
and the optimization problem is formulated to produce
the optimal amount of fluid from each well to maxi-
mize the overall economic objective. Nevertheless, the
composition of the produced fluid is considered constant
over time, meaning the uncertainty in the real value of
the well flow parameters like water cut or change in the
water cut is neglected, while it is well known that the
uncertainty in the parameter can make the optimal solu-
tion practically infeasible due to the mismatch between
the prediction model and the real process [19], [20].

Therefore this paper aims to address these two knowledge
gaps by investigating the daily production optimization from
an ESP oil field with multiple oil wells considering the
parameter uncertainty.

Scenario-based optimization method provides a versatile
framework for robust optimization under uncertainty with
improved conservativeness. The key feature of the method
is the inclusion of finite realization of uncertainty repre-
sented by a scenario tree. The method was incorporated
into a nonlinear model predictive control scheme in [21] for
dynamic optimization of a semi-batch polymerization reac-
tor under uncertainty. The method has been widely utilized
across various applications. For instance, it has been applied
to allocate pumped-storage hydropower units, as described
in [22]. It was also used in the domain of oil production
to optimally allocate a limited amount of available lift gas
betweenmultiple wells in a gas-lifted oil field [20], [23], [24].
However, using the dynamic model of ESP for DPO becomes
problematic since the fast dynamics of the pumps require a
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short sampling time, and the number of decision variables
over a relatively long prediction horizon, such as in DPO,
becomes intractable.

In order to address this problem, the piecewise steady
operation of the plant is assumed throughout the prediction
horizon. In particular, the fairly long prediction horizon of
DPO is divided into segments, and the plant is considered
to operate at a possibly new steady-state over each segment.
Therefore, the steady-state model of the plant is used as
the prediction model to determine the future of the system
over each segment. This assumption is admissible not only
because it is in line with the major conclusion of [4], which
states that successive static optimization suffices in most rele-
vant DPO cases, but also because the open loop simulation of
the process demonstrates that the system is sufficiently fast
that the transition between steady-states is negligible with
respect to the length of the prediction horizon and can be
overlooked.

Accordingly, the steady-state version of the model pro-
vided by [8] is used in this paper, supplemented by fairly
subtle realistic assumptions and parametric uncertainty in
various forms. The daily production optimization is formu-
lated as successive scenario-based optimization problems in a
receding horizon fashion to address the constraint fulfillment
under the presence of uncertainty. In other words, only the
first optimal decision is implemented in the plant, and the
whole optimization process will be repeated at each time step.
The main contribution of this work is threefold:

• Formulating the daily production optimization for an
ESP-lifted oil field with a fairly more realistic objective
function that includes the income from selling oil and
the costs due to the electric power consumption, water
treatment, and petroleum taxation.

• Considering the parametric uncertainty in DPO and
using the scenario-based optimization framework to sat-
isfy the fulfillment of the constraints robustly.

• Investigating the various forms of uncertainty, such as
the uncertainty in oil price and the characteristics of the
wells.

The rest of the paper is organized as follows. Section II
briefly describes the mathematical modeling of the ESP oil
field unit. The justification for preferring a steady-state model
over a dynamic model is presented in Section III. Scenario-
based optimization for DPO is presented in Section IV. The
different aspects of the uncertainty, such as uncertainty in
oil price and well parameters, are investigated in Section V
before concluding in section VI.

II. MATHEMATICAL MODEL OF ESP-LIFTED OIL FIELD
A. PROCESS DESCRIPTION
An Electric Submersible Pump lifted oil well is an artificial
lifting system where a submersible multistage centrifugal
pump is installed at the bottom of the wellbore [8] to pro-
duce the pressure gradient needed for flowing the fluid to
the surface. ESP lifting method is well suited for producing
high volumes of heavy liquid [25]. Fig. 1 demonstrates the

FIGURE 1. Schematic diagram of the production network with three ESP
lifted oil wells and two identical transportation lines.

schematic diagram of the considered production network in
this paper with three oil wells. Each well is equipped with
an ESP unit at the bottom hole and a production chock
valve at the wellhead. The amount of fluid produced from
each well can be controlled by manipulating the speed of
the pump. The oil produced from each well is collected
together in a common production manifold. The reservoir
is assumed to contain two-phase fluid, including crude oil
with higher viscosity and water with no gas flow. The vis-
cosity of the fluid produced from the wells is reduced by
adding water to the production manifold from one end using
a water injection valve to ease the transportation of the
highly viscous fluid over a long distance. Two identical
transportation lines are used to transport the gathered fluid
from the production manifold to the separator located on
the topside facility. Each transportation line is fitted with a
booster pump which is used to increase the pressure to over-
come the sum of flowing pressure losses in the transportation
line.

Simple mechanistic models of ESP-lifted oil wells are
developed in [5] and [8] for optimization and control pur-
poses. Both models are derived based on mass and momen-
tum balance in the pipes and manifolds. The considered
mathematical model of this paper is adopted from [8] with
subtle modifications on assumptions:

• Modeling the electrical motors subsystem is neglected
due to the fast response of electrical systems.

• Assumption of constant water cut in the productionman-
ifold is substituted by a more realistic one. Therefore,
instead of injecting water to keep the water cut constant,
which needs a perfect controller, a constant flow ofwater
is injected into the manifold. Accordingly, the water
cut of the liquid phase within the manifold is varying
and depends on the proportion of fluid produced from
production chock valves.

• Water cuts of the wells are considered to be different to
draw a meaningful optimization problem.
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B. GOVERNING EQUATIONS
This section only briefly presents the governing equations
of the process since modeling is not the main focus and
contribution of this work. However, the readers are referred
to [8] for a more detailed explanation of the modeling.

The process is described by three states for each well,
namely, the pressure at the bottom hole pib, the pressure
at the wellhead pih, and the average volumetric flow rate
of the well qil , where the superscript i refers to the ith oil
well. The remaining states are the pressure in the production
manifold pm and the average volumetric flow rate of the jth

transportation line qjtr . The corresponding differential equa-
tions are given by:

ṗib =
β

AirL ir

[
qir − qil

]
(1)

ṗih =
β

AitL
i
t

[
qil − qic

]
(2)

q̇il =
Ait

ρil

(
L ir + L it

)[pib − pih + ρilgH
i
esp(q

i
l, f

i)

− ρilg(L
i
r + L it ) − 1pif ,t − 1pif ,r

]
(3)

ṗm =
β

AmLm

 3∑
i=1

qic −

2∑
j=1

qjtr + qinjw

 (4)

q̇jtr =
Ajtr

ρ
j
trL

j
tr

[
pm − ps + 1pjbp − 1pjf ,tr

]
(5)

And the set of algebraic equations is given by:

qir = PIi
(
pr − pib

)
(6)

qic = C i
v

√
max(pih − pm, 0)

ρil
(7)

1pif =
fDLρυ2

2Dh
(8)

H i
esp(Q, f ) =

āi0
f 20
f 2 +

āi1
f0
fQ(f ) + āi2Q

2(f ) +
āi3
f
f0Q3(f )

(9)

BHPiesp(Q, f ) =
âi0
f 30
f 3 +

âi1
f 20
f 2Q(f ) +

âi2
f0
fQ2(f )

+ âi3Q
3(f ) +

âi4
f
f0Q4(f ) (10)

ρil = WCiρw + (1 − WCi)ρo (11)

WCtr =

qinjw +

3∑
i=1

WCiqic

qinjw +

3∑
i=1

qic

(12)

qo =

2∑
j=1

(1 − WCtr )q
j
tr (13)

TABLE 1. List of the algebraic variables and parameters.

TABLE 2. List of the parameters and their corresponding values.

qw =

2∑
j=1

WCtrq
j
tr (14)

Qimin(f ) =
f
f0
Qif0,min (15)

Qimax(f ) =
f
f0
Qif0,max (16)

All the algebraic variables of the model are introduced
in Table 1, and the model parameter values are pre-
sented in Table 2. The Darcy friction factor fD in (8) can
be evaluated using Serghides’ explicit approximation to
Colebrook-White equation [26]. The polynomial coefficients
of ESP in (9) and (10) are also presented in Table 3.

Note that the algebraic variables can be easily substi-
tuted in the differential equations of the model presented in
(1) to (5) to obtain an explicit set of ordinary differential

TABLE 3. Polynomial coefficients of ESP.
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TABLE 4. Nominal values of uncertain parameters.

equations (ODE) in a compact form as:

ẋ = f (x, u, d) (17)

where x ∈ R12 and u ∈ R3 are the states and system inputs,
and d ∈ R6 is the vector of the uncertain parameters of the
process as given by:[

pb ph ql pm qtr
]

(18)[
f 1 f 2 f 3

]
(19)[

PI1 PI2 PI3 WC1 WC2 WC3] (20)

C. UNCERTAINTY DESCRIPTION
The uncertainty in the productivity index and water cut
of the wells are considered in this study. The productivity
index PI represents the reservoir’s ability to deliver fluids
to the wellbore, and the water cut WC is defined as the
volumetric flow rate of water to the total produced liquid.
For a network with three oil wells, there exist six uncertain
parameters in the problem. Amongst specialists in the field,
it is widely acknowledged that the water cut is more prone
to experiencing abrupt changes, whereas alterations in the
productivity index occur in a smoother manner. Hence, it is
reasonable to suppose that the quantification of uncertainty in
the water cut is greater than the uncertainty in the productivity
index. As a result, a deviation of ±10% and ±30% from their
nominal values are considered for PI andWC of each oil well,
respectively, and the parameters can take any value within
their bounds. No specific distribution of the parameters is
selected to challenge the controller; thus, all the values in the
uncertainty region are equally likely to occur. The nominal
values of the parameters and their upper and lower bounds
are presented in Table 4.

III. DYNAMIC VERSUS STEADY-STATE OPTIMIZATION
Although it has been argued in [4] that repetitive static opti-
mization formulation suffices in most relevant DPO cases,
some effort has been made to integrate the DPO layer into
the Control and Automation layer using multistage nonlinear
model predictive control with economic objective function
as a dynamic optimizer in [20], [23], and [24]. Accordingly,
this section intends to illustrate why the same approach is not
applicable, particularly to the ESP lifted oil field described in
Section II.
To do so, a deterministic nonlinear MPC is considered

with an economic objective function to maximize the profit
from the field. The primary objective is to adjust the pump
frequencies in order to produce an optimal amount of fluid
from each well for a given separator capacity. Therefore, the
objective function includes the total income from selling the

produced oil with a negative sign to pose it as a minimization
problem. Additionally, the costs due to electric power con-
sumption of the ESPs, water treatment, and carbon taxation
are incorporated into the objective function. Hence over the
prediction horizon with the length Np the objective function
is given by:

Jeco =

Np∑
k=1

(
−coqko + ce

3∑
i=1

BHPi,kesp + csqkw + ctqko

)
(21)

where co, ce, cs, and ct denote the price of oil, electricity,
water treatment, and carbon taxation, respectively. Their val-
ues are presented in Table 5.
The most important operational constraints in the problem

arise from separator capacity and the ESP operating envelope.
In particular, the magnitude of produced fluid (mixture of
oil and water) should be equal to or less than the separator
handling capacity, and the ESP pumps need to be kept within
a safe operating window to avoid mechanical failure. Thus,
the optimal control problem formulation over the prediction
horizon is given by:

min
x,u

Jeco(x, u, d) (22a)

s.t. xk = f (xk−1, uk−1, d) , k = 1, . . . ,Np (22b)
2∑
i=1

qi,ktr ≤ Qksep, k = 1, . . . ,Np (22c)

Qi,kmin ≤ qi,kl ≤ Qi,kmax, k = 1, . . . ,Np (22d)

uLB ≤ uk ≤ uUB, k = 0, . . . ,Np − 1 (22e)

1uLB ≤ 1uk ≤ 1uUB, k = 0, . . . ,Np − 1 (22f)

Equation (22b) denotes the discretized dynamic model and
is imposed as a state continuity constraint. The constraint
on the total produced fluid is enforced in (22c), where Qksep
stands for the maximum handling capacity of the separa-
tor. The safe operation of the ESP pumps within the pump
envelope is denoted in (22d) by maintaining the pump flow
between the minimum and maximum allowed flow which is
provided by (15) and (16). The lower and upper bounds on
the control signal (pump frequency) and the rate of change
of control inputs are also implemented in (22e) and (22f),
respectively.

The optimal control problem in (22) is solved in a receding
horizon fashion using the nominal value of the parame-
ters provided in Table 2 and Table 3. A sampling time of
0.3 seconds and a prediction horizon of 25 time steps (7.5 s) is
used. The separator capacity is considered to be 8500 [m3/d].
The lower bound and upper bound for pump frequency is
45 and 80 [Hz]. The rate of change in pump frequency has
to be maintained between -1 and 1 [Hz/s]. The prices in
the objective function are presented in Table 5. The dynamic
optimization problem is discretized using the direct mul-
tiple shooting method in CasADi v.3.5.5. The simulations
are implemented in MATLAB R2022b, and IPOPT v.3.14.1
solver has been used to solve the optimization problems.
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TABLE 5. Prices.

The simulation result is presented in Fig. 2. All the con-
straints on the control input, separator capacity, and pump
envelope are respected successfully, as demonstrated in sub-
plots (a), (b), and (e). However, the execution time remains
the main challenge for dynamic optimization. The execution
time, which is shown in subplot (d), has an average of 0.15 s
and peaks up to 0.2 s at some points. This simply means that
the method is barely implementable even in a deterministic
case since the computations should be executed during one
sampling time (0.3 s). It is also worth mentioning that the
uncertainty is not considered yet, and the prediction horizon is
relatively short. Considering uncertainty with scenario-based
dynamic optimization problem increases the execution time
significantly and may become intractable if more oil wells
are considered in the field, as observed in [20], [23], and [24].
Therefore, using a steady-state model is unavoidable for DPO
under uncertainty, and it is in line with the claim in [4], which
states that a steady-state model typically suffices for DPO.

IV. SCENARIO-BASED OPTIMIZATION USING
STEADY-STATE MODEL
According to the scenario-based optimization approach, the
uncertainty region is discretized into finite distinct possible
realizations, and the system’s evolution is evaluated based
on a scenario tree. This means that the future evolution of
the plant is branched into different trajectories depending
on which realization of the uncertainty occurs in reality.
Nevertheless, the computations may become intractable since
the number of scenarios grows exponentially with the number
of considered uncertainty and the length of the prediction
horizon. The solution to this drawback gives rise to a concept
named robust horizon. The robust horizon means the branch-
ing is continued for only a certain number of samples which is
typically one or two samples ahead in time. The justification
for a robust horizon arises from the fact that the corresponding
control variables and state trajectories will be recalculated
and refined in future sampling times; hence, the far future
uncertainty does not need to be represented precisely.

Considering the maximum and minimum values of the
six uncertain parameters and the nominal case, Ns = 26 +

1 = 65 possible realizations for uncertainties or branches
are considered in this paper, including all the combinations
of boundary values and the nominal case. The scenario tree
with the robust horizon Nr = 1 is exhibited in Fig. 3. Each
path from the root node to the leaf is called a scenario; thus,
the method is also known as scenario-based optimization.

It is worthwhile to mention that this formulation imposes
an extra constraint which is known as a non-anticipativity

FIGURE 2. Dynamic optimization using standard deterministic Nonlinear
Model Predictive Control: (a) Pump frequency, (b) Total produced fluid,
(c) Negative of the objective function, (d) Execution time, (e) ESP
operating envelope.

FIGURE 3. Scenario tree with Ns = 65 scenarios and robust horizon
Nr = 1.

constraint. This constraint represents the fact that in real-time
decision-making, the controller can not anticipate the future
realization of the uncertainty. Therefore, all the controls that
branch from a parent node are made equal using the non-
anticipativity constraint.
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Once the scenario tree and its prerequisites have been
defined, the objective function of each scenario j can be
calculated as:

J jeco =

Np∑
k=1

(
−coqk,jo + ce

3∑
i=1

BHPi,k,jesp + csqk,jw + ctqk,jo

)
(23)

Accordingly, the optimization problem can be formu-
lated over all the discrete scenarios of the scenario set
S = {1, . . . ,Ns}, throughout the prediction horizon K =

{1, . . . ,Np} as follows:

min
x,u

Ns∑
j=1

ωjJ jeco (24a)

s.t. f
(
x jk , u

j
k , d

j
k

)
= 0, ∀k ∈ K, ∀j ∈ S (24b)

2∑
i=1

qi,k,jtr ≤ Qksep, ∀k ∈ K, ∀j ∈ S (24c)

Qi,k,jmin ≤ qi,k,jl ≤ Qi,k,jmax, ∀k ∈ K, ∀j ∈ S (24d)

uLB ≤ ujk ≤ uUB, ∀k ∈ K, ∀j ∈ S (24e)

ujk = ulk if xp(j)k = xp(l)k , ∀k ∈ K, ∀j&l ∈ S (24f)

where J jeco is the objective function of the jth scenario and ωj
is the corresponding tuning weight that reflects the relative
likelihood of occurring jth scenario. The steady-state condi-
tion of the system is implemented as a constraint in (24b).
It ensures that the states at every time k ∈ K from sce-
nario j are at a steady condition which is a function of their
corresponding control ujk and uncertainty realization d jk . The
constraints on the separator capacity, pump envelope, and fre-
quency are imposed in (24c), (22d), and (24e), respectively.
It should be noted that the constraint on the change of control
input is not relevant anymore since the transition between
the steady-states is neglected. Instead, the non-anticipativity
constraint is introduced in (24f), which reflects the fact that
at each time step k , controls ujk and x lk from scenarios j
and l with the same parental node xp(j)k = xp(l)k have to be
equal. In other words, all the controls that are branched from
the same parental node are equal. It should be noted that,
as shown in Fig. 3, branching has been done only for the first
sampling time. Therefore, u11 = u21 = . . . = u641 = u651 is the
only set of non-anticipativity constraints in the problem, and
according to the receding horizon strategy, this first control
action is the one that will be applied to the real system. Hence,
the non-anticipativity constraint guarantees that this value is
unique.

A comparison between the proposed scenario-based opti-
mization method and a deterministic standard optimization
is conducted to demonstrate the capability of the method
to handle uncertainty. To this end, a deterministic nonlinear
MPC controller is also designed based on the steady-state
model with nominal values of uncertain parameters. The
formulation is not duplicated since it can be considered as

a special case of the optimization problem in (24) with only
one nominal scenario.

A prediction horizon of two days with a sampling time of
six hours is chosen for the controller. The plant containing
well flow characteristic uncertainty is simulated using both
deterministic and scenario-based methods. The simulation
results are presented in Fig. 4 and Fig. 5. Subplots (b) and (c)
in Fig. 4 demonstrate that for some realizations of uncertainty,
the constraints on separator capacity and pump envelope will
be violated. This means the lower-level controller will be
requested to track infeasible set points due to neglecting the
uncertainty in the optimization problem. On the other hand,
the scenario-based method, as can be seen from subplots (b)
and (c) in Fig. 5, successfully satisfies all the constraints for
all realization of the uncertainty within the considered uncer-
tainty range. Two important points should be noted. First,
like any other robust method, the scenario-based method
is not able to cope with uncertainty beyond the considered
range of uncertainty. Second, the capability of compensation
for uncertainty is not free. The price that should be paid to
gain this robustness is sacrificing optimality to some extent.
In this sense, the sacrifice means that the optimizer decides to
produce less than themaximum allowed production, shown in
a thick red line in subplot (b), to ensure that the upper bound
of constraint will be respected for all uncertainty realizations.
It should be noted that the execution times for both cases,
as presented in Table 6, are in the order of seconds, which
means using the steady-state model allowed the computations
to be executed safely within the sampling time (six hours).
Hence, the solution can be implemented easily.

V. VARIOUS FORMS OF UNCERTAINTY
Using scenario-based optimization with the steady-state ver-
sion of the model for prediction provides the possibility
to consider different types of uncertainty in the optimiza-
tion problem. Consequently, this section investigates how
uncertainty in oil price and well characteristics affects daily
production optimization problems.

A. UNCERTAINTY IN OIL PRICE
Two simulation cases are proposed to study the effect of
uncertainty on the oil price. In the first case, the optimization
problem defined in (24) is solved and applied to a plant
considering the oil price is constant at 75 [$/bbl], as presented
in Table 5. For the second simulation case, the oil price
is assumed to fall drastically from almost 110 [$/bbl] to
60 [$/bbl] as shown in subplot (f) in Fig. 6. In this case, the
average of maximum and minimum oil prices shown by the
black line (real price) in subplot (f) is considered to calculate
the objective function.

The simulation results for both cases are plotted in Fig. 6.
The optimal frequency of the pumps for both constant and
varying scenarios are demonstrated in subplots (a) and (b),
respectively. It can be seen that despite the difference between
oil prices, the optimal frequencies for the two cases are the
same. As a result, the total produced fluid for both cases

96444 VOLUME 11, 2023



N. Janatian, R. Sharma: Short-Term Production Optimization for ESP Lifted Oil Field With Parametric Uncertainty

FIGURE 4. Deterministic DPO based on nominal values of the parameters
applied to the uncertain model: (a) Pump frequency, (b) Total produced
fluid, (c) ESP operating envelope.

FIGURE 5. Scenario-based DPO based on scenario tree applied to the
uncertain model: (a) Pump frequency, (b) Total produced fluid, (c) ESP
operating envelope.

is the same, as presented in subplot(c), together with the
separator capacity for handling the production in a solid red
line. However, the absolute values of the objective functions,
as depicted in subplot (e), are different due to the difference
between oil prices in the two cases. This implies that the
optimal solution for both cases is identical. In other words,
although the absolute values of the objective functions are
different, the uncertainty in oil price does not influence the
optimal solution itself. Hence, the uncertainty in oil price

FIGURE 6. Scenario-based DPO based on constant and varying oil price:
(a) Pump frequency for constant oil price case, (b) Pump frequency for
varying oil price case, (c) Total produced fluid for both cases, (d) ESP
operating envelope for both cases, (e) Negative value of the objective
functions for both cases, (f) Variation of the oil price for the varying price
case.

does not affect the short-term optimization from ESP lifted
field.

Another case study is conducted where the oil price drops
even more to almost 20 [$/bbl] to demonstrate that the eco-
nomic optimizer works appropriately. The simulation result
is presented in Fig. 7. Subplot (b) clearly shows that in
the beginning, the optimizer tries to produce as much as
possible while respecting the upper bound of the production
constraint. However, after 7.75 days, it decides to decrease
the production rate. The reason can be explained by taking
a closer look at the negative value of the objective function
and the oil price in subplots (c) and (d). It can be seen that
after 7.75 days, when the oil price drops approximately from
37 [$/bbl] to 34 [$/bbl], the objective function changes sign.
In other words, production from the field is not profitable any-
more. As a result, the optimizer decides to set the frequency
of all pumps to the minimum value, as shown in subplot (a),
to decrease production and financial loss.

Furthermore, it is important to mention that the execution
times for all cases, as shown in Table 6, are in the range of
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FIGURE 7. Scenario-based DPO for significantly low oil price: (a) Pump
frequency, (b) Total produced fluid and maximum allowed production,
(c) Negative value of the objective function, (d) Variation of the oil price,
(e) ESP operating envelope.

seconds, and implementing the solution should be straight-
forward.

B. UNCERTAINTY IN WELL CHARACTERISTICS
An additional prospect worth exploring is how the variation
in uncertainty range can be exploited to decrease the con-
servativeness of the method. To illustrate it more, consider
a single bounded slightly varying uncertain parameter over
the prediction horizon as shown in Fig. 8. The idea is to
exploit the fact that uncertainty grows in the future to decrease
the conservativeness of the method. In other words, although
the uncertain parameter can take an extreme value in the
future, this extreme value necessarily does not occur at the
moment. This is the case, especially for the daily production
optimization of an ESP network. For example, the uncertainty
in the water cut of oil well over the prediction horizon with
a length of 2 days and a sampling time of 6 hours. The water
cut may increase or decrease by 50% over the course of two
days; however, this change may not occur at once. Therefore
it makes sense to assume that uncertainty during the next six
hours is limited to ±15% of nominal value, and it increases
gradually to ±50%.

FIGURE 8. Schematic illustration of the constant and varying range of
uncertainty for an uncertain parameter over the prediction horizon.

FIGURE 9. The constant and varying range of the uncertainty considered
for all the wells: (a) Productivity index, (b) Water cut.

TABLE 6. Execution time of different simulation cases.

Two simulation cases have been considered to demonstrate
the concept. In the first case, namely the constant range
scenario, there is a constant ±15% and ±65% uncertainty in
the productivity index and water cut of all wells, respectively,
throughout the prediction horizon. However, in the varying
range scenario, as shown in Fig. 9, it has been assumed that
the uncertainty in the productivity index grows gradually
from ±12% to ±15% and uncertainty in the water cut grows
gradually from ±20% to ±65%. The simulation result for
two cases is presented in Fig. 10. For both cases, the pump
frequency of the three pumps is demonstrated in subplots (a),
(b), and (c), respectively. It can be seen from subplot (d)
that the difference between frequencies resulted in a higher
production rate for the varying range scenario, which is
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FIGURE 10. Scenario-based DPO based on the constant and varying range of uncertainty in the well parameters: (a) Pump frequency of ESP1,
(b) Pump frequency of ESP2, (c) Pump frequency of ESP3, (d) Total produced fluid, (e) Negative value of the cumulative objective function,
(f) ESP operating envelope for both cases.

equivalent to a 2.58% increase in the cumulative objective
function, as shown in subplot (e). Additionally, as presented
in Table 6, the execution times are not more than two seconds,
which means the solution is implementable.

VI. CONCLUSION
This paper exploited the scenario-based optimization method
to address the Daily Production Optimization for an ESP
lifted oil field under parametric uncertainty. It was shown that
using a steady-state model in the context of DPO for an ESP
lifted oil field is tractable and has a huge potential to be used
in a real oil field.

The accomplishment of the proposed method and the
necessity of considering uncertainty is demonstrated by a
comparison between the deterministic optimization based on
a nominal model and the scenario-based optimization applied
to a plant containing uncertainty. It has been shown that
scenario-based optimization for DPO yields a robust solution,
and safe operation of the ESP pump as well as robust satis-
faction of the operational constraints, are guaranteed.

The potentials provided by representing the uncertainty
with a scenario tree were exploited to investigate the different
forms of uncertainty. It has been shown that the uncertainty in
the oil price does not affect the short-term optimal production,
at least during the normal operation of the market. Addition-
ally, it has been demonstrated that for the DPO solution to
be affected by the oil price, there has to be an extremely
low price for the oil, which is not impossible but relatively
rare during normal operation. Nevertheless, if such a rare
occasion occurs, DPO can handle the situation by minimizing
production from the field. This implies an intuitive and yet

interesting conclusion, that is, the economic objective would
be translated to achieving either maximum or minimum pro-
duction, depending on whether the production is profitable
or not.

On the other hand, the investigation on the range of con-
sidered uncertainty in well flow parameters revealed that
contrary to the oil price, the uncertainty related to the well
characteristics is significantly important, and the net profit
from a field can be increased by reducing the uncertainty
in well flow parameters. This observation can be easily
explained by considering that during the regular operation
of a lucrative business such as oil production, the economic
objective is typically equivalent to maximizing the total pro-
duction from the field. Consequently, the daily production
optimization seeks to allocate this total production among
the different wells in a way that maximizes the proportion of
the oil to water in the total produced fluid, which is a direct
outcome of the well parameters.

In summary, this research yields two key findings. Firstly,
utilizing scenario-based optimization effectively manages
uncertainty in daily production optimization. This is crucial
because deviating from optimal pump operation reduces their
lifespan and entails costly repairs. Secondly, while price
uncertainty can be disregarded in short-term optimization,
it is vital to account for uncertainties in well characteristics.

Although this paper discusses several useful outcomes of
the proposed method, there are potential opportunities for
further improvement yet to be explored. First, the dynamic
measurements that are being obtained continuously in a
real-time application can be used together with estimation
algorithms to truncate the range of uncertainty and potentially
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improve the method in terms of conservatives. Second, the
method can be extended using Mixed Integer Optimization,
which makes it possible to shut down the wells, if it is
necessary, in a more complex network with more oil wells.
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