
Iran. J. Chem. Chem. Eng. Research Article Vol. 41, No. 9, 2022 

 

3244                                                                                                                                                                Research Article 

Pre-Proof File 

Model-Based Scheduling of Smart Injection  

and Production Wells for Waterflooding  

in Multi-Layer Reservoirs 
 

 

Buhamad, Ahmad; Assareh, Mehdi*+ 

Faculty of Chemical, Petroleum and Gas Engineering, Iran University of Science and Technology,  

Tehran, I.R. IRAN 

 

 

ABSTRACT: Smart wells are unique tools for the management of oil reservoirs under waterflooding 

to increase the oil flow rate and reduce the associated wastewater production costs. The costs 

associated with smart completion are considerable. Consequently, the decision for designing and 

controlling such completion elements can have considerable impacts on project profitability.  

This work presents an efficient production scheduling for a multi-layer reservoir during water 

flooding by regulating water movement in the layers to control associated wastewater using smart 

elements. The central focus of this research is to give a production schedule using smart well 

completions. To achieve this, several segments of the production and injection wells are controlled 

independently with the schedules provided by a model-based optimization technique. To perform 

optimization, three methods are used to regulate waterfront and velocity in different layers; the first 

approach is used to regulate production well according to the saturation distribution in the reservoir 

without considering NPV. The second approach is the sequential optimization of well controls 

including flow rates and bottom-hole pressures, to find an optimized NPV. The third approach is to 

optimize flow rates and bottom-hole pressures for different segments in the production and injection 

wells, simultaneously, to achieve a maximized NPV using a genetic optimization algorithm. To 

evaluate these approaches, 2D and 3D reservoir models are used as case studies. The study shows a 

considerable increase in NPV with respect to conventional wells in a fair comparison ground. In 2D 

model, 9.89%, 11.75%, and 11.78% additional recoveries are achieved compared to a conventional 

production well using the first, second, and third optimization approach, respectively. For 3D model, 

5.87%, 5.99%, and 6.20% were additional recoveries with reference to the equivalent conventional 

production wells, for the first, second, and third approaches, respectively. This additional recovery 

is due to lower produced associated water and bypassed oil. 
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INTRODUCTION 

The wastewater production from petroleum industries 

is an important daily challenge worldwide. The majority of  

 

 

 

produced wastewater is coming from associated waters. 

Associated waters produced during oil production  
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can have significant costs and environmental impacts. 

These include production, treatment, separation, and 

disposal costs. The associated wastewater can intensify 

problem like corrosion, scale, sand production. In addition, 

it can reduce oil production rate, increase hydrostatic head 

in the wellbore, reducing the reserves because of bypassed 

oil or make limitations in surface facilities on produced 

fluid volumes. The associated water is hazardous 

environmentally. Moreover, there is typically a significant 

amount of production chemicals remaining in the 

wastewater. Therefore, reducing produced water volume is 

the best way to alleviate these problems. This is especially 

valid during waterflooding, water injection and many 

recent versions of processes including low salinity water 

injection (Takassi et al. 2016, Rostami et al. 2017, 

Moghadasi et al. 2019a, Moghadasi et al. 2019b). There 

are several ways to control associated wastewater 

productions. These techniques are mainly classified as 

mechanical and chemical solutions (Williams et al. 2006). 

The mechanical solutions including inflow control valves 

(ICVs) and inflow control devices (ICDs) which are placed 

in the wellbore and are building blocks of smart well 

technology. These valves have been originally developed 

to shut-in high watercut zones without the necessity for 

work-over operation, in offshore wells. The well intervention 

cost is significant for offshore well workover operation. In 

the second solution, there are chemicals which are injected 

into the reservoir, and solidify into an impermeable barrier 

mostly polymer gels for sealing water producing zones. 

Zhu et al. (2017) reviewed polymer gel systems that can 

handle high-temperature excessive water treatments in 

different production conditions. Zhu et al. (2018) developed  

in-situ polymer-gels system and studied its properties 

under the condition of extremely high temperature. They 

mentioned that the gel could form continuous 3D network 

structures and thus have an excellent long-term water 

control capability. Abdel-Basset et al. (2020) presented 

mechanical and chemical water shut-off operation (WSO) 

experiences in horizontal drilled wells completed with 

passive ICD completions, with case histories from a 

Kuwait giant water aquifer reservoir.  

Treatments with polymer gels are commonly the best 

selection for fractures or faults crossing a deviated or 

horizontal well, for a single fracture that leads to channel 

formation between wells, or for a naturally fractured 

system that allows channeling between wells. Chemical 

treatments, however, should not be used to treat the 

problems like three-dimensional coning, leak, or 

channeling through layers with crossflow based on the 

study of Seright et al. (2003). According to literature, the 

mechanical methods should be normally applied first to 

treat the easiest problems-i.e., casing leaks and flow 

behind pipe where cement can be placed effectively and 

non-fractured wells wherein the flow barriers separate 

water and hydrocarbon producing zones. However, the 

mechanical solutions have some limitations. These devices 

must be placed specifically in relation to the water source 

this means that we should know precisely the source of 

problems otherwise they can seal hydrocarbon producing 

zones (Williams et al. 2006). Their usage is limited in 

horizontal or multilateral wells. In addition, such devices 

can cause fishing problem in the oil wells or damage the 

wellbore completions. In summary, the chemical solutions 

are considered as permeant solutions and are riskier. 

Mechanical solutions are easier in execution and faster in 

achieving results. Although, chemicals help regulating the 

displacement front Seright et al. (2003), the ICDs and 

ICVs have been in focus in smart well technology help 

organize the displacement front (in waterflooding 

processes), especially in multi-layer reservoirs. 

Smart wells technology provides a set of unique tools 

for management of oil reservoirs under waterflooding. The 

requirement to increase the oil flow rate and reduce the 

production costs have resulted in the development of 

advanced techniques to have flexible real-time monitoring 

and controlling the production and injection wells. Smart 

wells are conventional wells equipped with monitoring 

devices and downhole completion systems such as valves 

or chokes. The downhole valves enable engineers to divide 

a conventional well into several segments and take the 

control of the fluxes in each segment to cancel water 

breakthrough and extinct or mitigate water coning or 

influx perpetually. Such smart devices reduce the 

production from high water producing zone. Down-hole 

devices installation in multi-lateral wells with several 

branches allow commingled production of different 

reservoir zones with optimal regulation and scheduling of 

production and injection rates in each segment. This 

optimized schedule, determines appropriate rates from 

each pay zone. These additional values of smart wells 

compared to conventional ones give abilities to monitor 

and control the wells in different segments (a physical part 



Iran. J. Chem. Chem. Eng. Buhamad A. & Assareh M. Vol. 41, No. 9, 2022 

 

3246                                                                                                                                                                Research Article 

of well with a specific length). It enables remote handling 

to enroll in production acceleration, improved oil recovery 

and wastewater reduction. 

ICVs were used originally for controlled, commingled 

production from multiple reservoirs, while ICDs were 

developed to counteract the horizontal well's heel/toe 

effect according to the study of Al-Khelaiwi et al. (2010). 

The design of ICD installations was based on equalizing 

flux (flow rate per unit length) along the length of a well. 

Daneshy et al. (2012) evaluated the technical validity of 

equalizing flux along the length of the horizontal well. 

They showed that the operator has the flexibility to design 

ICD layout to optimize various flow parameters, including 

time or cumulative production at water/gas breakthrough, 

location of first water/gas breakthrough, or any other 

parameter that fits the production strategy which is 

especially valuable for wells in variable-permeability 

reservoirs. Briefly, smart wells can avoid unnecessary well 

intervention, mitigate risks and improve oil recovery in 

waterflooding. There are two major approaches for using 

smart well devices; proactive and reactive; each approach 

can lead to different benefits.  

In the smart well management literature, there are two 

types of well control assignment approach; the first 

approach is the dynamic control settings. It is usually used 

for variable well control assignment over production time. 

For several reasons related to model inaccuracy and the 

sudden changes in production constraints (like water 

separation capacity) of the field, or change of production, 

it is required to change a well control variable versus time. 

The second type of well control assignment, the static or 

nominal control, is used for well control setting fixed over 

the life of the reservoir.  

 

Simulation Study of Smart Wells 

The costs associated with smart completion are 

considerable. Consequently, the decision for designing and 

controlling such completion element can have 

considerable effects on the economic profit of the 

production. That is why, prior to any decision making, the 

effect of completion equipment should be modeled and 

analyzed on the reservoir and well performance. 

Doublet et al. (2009) used a mathematical model of a 

two-dimensional reservoir model consisting of two 

horizontal wells (injection and production). The model 

relied on Lagrange's multiplier to reduce simulation time. 

Their suggested approach decreased water production in 

the studied cases. Zarea (2010) studied a multilateral well 

and used smart well completion to separate branches from 

each other to isolate the sections with a high percentage of 

water influx. He achieved reduction in the percentage of 

produced water using a suitable selection of valve 

specifications commensurate with high water production 

zones.  

Birchenko et al. (2011) presented a mathematical 

model for efficient decrease of the inflow imbalance 

resulted from reservoir heterogeneity. Their model 

investigates a compromise between well productivity and 

inflow equalization. 

Lauritzen et al. (2011) presented an evaluation on the 

performance of passive and active smart completion 

devices. In passive smart ICDs, they balanced inflow into 

the wellbore by pressure regulation and preventing high-

permeability sections to dominate well production. ICDs 

in their works delayed water and gas breakthrough and 

extended production time for oil wells. Active ICDs 

consisted of well equipment with multiple downhole 

packers and valves that divided the wellbore into multiple 

sections. The valves could be operated during the life of 

the well to regulate or shut off inflow from the sections that 

experience water or gas breakthrough while producing the 

other sections. Several well and reservoir conditions were 

simulated to evaluate the performance of smart 

completions. They concluded that a combination of active 

and passive devices can be the optimum choice of 

investment. AlKhelaiwi and Faisal (2013) analyzed the 

equipment used in smart well technology. They evaluated 

the possibility of corrosion in smart completion 

equipment. They tried to find mathematical models aimed 

at calculating the bottomhole pressures or flow rates for 

each segment of the smart well according to the values of 

pressure in bottomhole and the reservoir in addition to the 

pressure drop in the valves. They applied these 

mathematical models in a reservoir in order to show the 

effects of such completion equipment on oil and water 

production. Behrouz et al. (2014) presented a study of the 

location of wells and valves. They used an appropriate 

number of segments to analyze NPV. They considered 

interference and mutual effects between these parameters, 

using their relation to the degree of homogeneity in the 

properties of the layers. Fombad (2016) used a commercial 

reservoir simulator to calculate NPV, for a field with smart 
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well technology with several valve systems, close and 

open on-off and feedback on-off. They repeated this 

method for closure of smart wells in addition to the wells 

with conventional completion. The project involved 

simulating a reservoir which had a problem of high-water 

production, mostly due to water conning. The feedback on-

off valves were the successful system. Arukhe et al. (2017) 

showed the application of smart wells in multilateral wells, 

using simulation and compared its performance to the 

conventional wells for oil production improvement and 

decreasing of water production. In their work, any branch 

in well that gave a large amount of water was closed 

partially or completely, however the branches giving high 

oil flow rate were not closed. 

 

Scheduling and Optimization in Smart Wells 

The scheduling of smart well and determining well 

control settings are challenging during waterflooding in oil 

fields. There are several studies focused on the most 

effective variables for oil reservoirs management such as 

production and injection well scheduling and smart well 

completion design. These variables have overlapping and 

combinatorial effects on each other. Planning of such 

variables is critical for reservoir and production managers. 

The application of reservoir simulator is one of the most 

common tools in management and planning of smart well 

completion. 

Brouwer et al. (2001) performed optimization for 

bottomhole pressures and flow rates in a static approach in 

completion design for smart wells. They assumed fixed 

optimization variables over production time. They 

evaluated their approach based on several models having 

different heterogeneities in reservoir properties. In a next 

study, Brouwer and Jansen (2002) used adjoint gradient-

based approach for dynamic optimization of flow rates and 

bottomhole pressures in smart wells. They assumed well 

control settings can change over production time. Adjoint 

technique uses Jacobian calculated with forward reservoir 

simulation of variable during optimization. The 

optimization objective function was NPV in both works. 

Durlofsky and Aziz (2002) implemented a conjugate 

gradient technique using a commercial reservoir simulator 

to optimized smart completion design for the wells 

modeled with a detailed multi-segment approach. The 

global optimization approach was evaluated in several 

problems involving different types of geological models, 

several geostatistical realizations and smart wells.  

Brouwer and Jansen (2004) proposed a method to 

optimize control settings for smart valves. They used a 2D 

heterogeneous reservoir model to schedule smart well in 

two-phase water oil displacement. The model included two 

horizontal wells, one acting as producer, and the other as 

injector. According to their findings, implementing smart 

devices operating under optimized scenario (provided by 

with optimal control theory) significantly decreased the 

waste water production. Yeten et al. (2004) determined the 

optimized scenarios of wells containing downhole ICDs 

using a gradient-based optimization technique. They used 

reservoir simulator to calculate the objective function. 

They considered uncertainties in geology as well as failure 

risk of ICDs. A decision analysis was provided in their 

study to determine feasibility of intelligent completions 

implementation considering such uncertainties. The 

optimization technique was studied in different problems 

involving different reliability scenarios for the ICDs for 

multiple geostatistical realizations. They showed that there 

were significant improvements attainable by 

implementation of ICDs. Aitokhuehi and Durlofsky (2005) 

presented history-matching procedure and a combined 

valve optimization for continuous geological model update 

using downhole sensors data. The method used 

numerically computed gradients, generated from a 

commercial reservoir simulator, for valve optimization. 

This has been performed simultaneously with a probability 

perturbation technique for history matching. Lien et al. 

(2008) used optimal control theory to find optimized well 

scheduling over the reservoir life cycle. They maximized 

NPV, to determine dynamic well control settings. The 

optimal control theory requires the determination of a 

potentially large number of (groups of) well rates for a 

potentially large number of time periods. They used multi-

scale regularization methods to achieve grouping of the 

control settings of the wells in both time and space. The 

studied examples indicated that the proposed regularization 

provided simpler optimized strategies. It also led to 

improved oil production. Su and Oliver (2009) presented 

an application of the ensemble-based optimization in two 

complex reservoir models. They optimized ICV control 

settings for two horizontal wells. The objective function 

(for minimization) in this work was cumulative water 

production over a 10-year production time interval  

while maintaining a constant liquid-production rate.  
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The ensemble-based technique was evaluated using a 3D 

model with 10 multilateral wells equipped with ICVs at 

each lateral junction. They proposed a simplified 

mathematical model for selection of pressures in the 

horizontal production wells to prevent water from reaching 

the production wells quickly. They presented planning of 

smart well by a larger NPV compared to a well with 

conventional completion. Their simplified mathematical 

model was in fact an ensemble of random perturbed 

control variables (like flow rate and bottom-hole pressure) 

to predict the cross-covariance of these control variables 

and the corresponding calculated objective functions. If a 

control variable was positively correlated with its 

corresponding objective function, an increase in the 

variable led to increase in the objective function. This 

approach gave the direction of control variables update in 

the next iteration. van Essen et al. (2010) used a dynamic 

optimization technique for smart wells to control gradual 

increase in the openings of injection rates to avoid cracks 

in the rock. In their dynamic optimization, the bottomhole 

pressures and flow rates were not assumed constant over 

time for reasons related to field constraints. They studied 

several cases of valves (positions) to reach the best results 

for their case studies. They used adjoint-based 

optimization (gradient technique based on optimal control 

theory) to optimize smart well completion scheduling. 

Alhuthali et al. (2010) optimized injection and production 

rates including geological uncertainties. They equalized 

arrival time of the displacement front in all production 

wells in multiple geologic realizations to increase 

displacement efficiency. They formulated a stochastic 

objective function which relied on a combination of 

expected values and standard deviation including a risk 

parameter. The optimization was run under facilities and 

operational constraints using a sequential quadratic 

programming technique. Pinto et al. (2012) coupled a 

commercial simulator with a genetic algorithm to 

proactively optimize well control. They searched for the 

maximum NPV and determined the optimized operation 

control for each intelligent valve. They evaluated this 

method using a heterogeneous reservoir model. Results 

showed that the use of intelligent injector and producer 

wells together, in this case study could decrease water 

production and increase oil production, although it might 

not be the most advantageous alternative since it was 

costly. However, the optimization of only production well 

was a good investment scenario for this case study. 

Maghsoudi (2016) presented a study of closed loop 

technology to reach the best economic results. In his 

optimization approach for smart well, they studied a 

number of variables such as pressure and closure of wells 

for limited periods and the location of wells within the 

models of a layered reservoir. Barreto et al. (2016) 

presented economic optimization of a production strategy 

under different constraints of platform flow capacity. The 

optimization searched for of the number and position of 

valves (intelligent wells), including and excluding 

conventional well operation. The optimization 

methodology used a genetic algorithm and a methodology 

to optimize the position and number of valves. They 

showed that the use of intelligent wells can alter the water 

flow capacity and the operational design of wells. The 

intelligent well completion improved the total NPV up to 

1.5% and reduced water flow by at least 30%.  

 

Contribution of This Work 

The production management in stratified multi-layer 

oil reservoirs under waterflooding is the target of this 

work. The reservoir models are in Cartesian coordinate 

system. The differences in the properties of layers in 

addition to the effect of gravity in multi-layer reservoirs 

result in irregularities in the movement of the displacement 

front. It can be realized that combined control of injection 

and production segment can regularize the displacement 

front in the reservoir and improve the sweep efficiency. 

For these reservoirs, irregularities of displacement front 

cause failures in reservoir management. This is an obstacle 

and decrease flooding sweep efficiency. The differences in 

layer properties (rock heterogeneity) make a faster 

movement in some layers and a slower movement in other 

layers. The movement of water is also preferred in 

downward direction because of gravity; thus, the water 

reaches faster to the production well in the lower layers 

(assuming the same permeability for all the layers). The 

regularity of the displacement front is an important factor 

for increasing oil production and reducing associated 

water or gas production (injected fluid), to achieve higher 

values of NPV in the reservoir models under consideration 

(multi-layer stratified reservoirs). In this work, it was 

planned to have control over different layers using smart 

wells. Therefore, the injection and production wells were 

divided into different segments, each segment  



Iran. J. Chem. Chem. Eng. Model-Based Scheduling of Smart Injection ... Vol. 41, No. 9, 2022 

 

Research Article                                                                                                                                                                3249 

corresponding to a part of a well connected to a layer. 

Afterwards, the segments well control settings were 

scheduled to regulate waterfront though different layers. 

To solve this problem, three approaches were suggested in 

this work to determine the bottomhole pressures and flow 

rates in each segment of the wells. The first approach was 

to regulate wells based on the saturation distribution in the 

reservoir without considering NPV. The second approach 

was sequential optimization of well controls including 

flow rate and bottom-hole pressures to find high NPV. The 

third approach was to calculate flow rates and bottom-hole 

pressures for different segments in the production and 

injection wells to achieve the maximum NPV using a 

genetic optimization algorithm in a simultaneous 

optimization approach.  

In the following sections, initially, the case studies are 

introduced. Then, the proposed methodology to optimize 

the smart wells in the multi-layer reservoirs is discussed. 

Finally, the applications of the suggested optimization 

approach are discussed for different case studies. 

 

CASE STUDIES 

To demonstrate the methodology used in this study, for 

maximizing NPV, two case studies were selected from 

literature. The possibility for controlling the water 

displacement front was evaluated based on the Brugge oil 

reservoir in North Sea consisting of several layers with 

different properties as shown in the Table  in the work of 

Maghsoudi (2016). The reservoir consists of four different 

stratified formations with different rock properties as 

described in the table. 

In 2D model, for each layer, 24 blocks were used for 

simulation. The dimensions of each block in Z direction 

represents the thickness of the layer according to the Table . 

The grid block dimension in X direction for all blocks was 

391 [ft] and in Y-direction was 460 [ft]. The 2D model had 

one injection well in blocks (1, 1, 1:4) and one production 

well in blocks (1, 24, 1:4). In the 3D model, there were 12 

blocks in X-direction, and 10 blocks in Y direction, and 

four layers with thicknesses 32.8, 65.62, 85.3 and 16.4 [ft] 

respectively as shown in the Table . Like 2D model, X-

dimension for all blocks was 391 [ft] and Y-dimension was 

460 [ft]. There were 3 wells; two of them were injection 

wells. The first one was perforated in blocks (1, 1, 1:4). 

The second injection well was perforated in blocks (1, 10, 

1:4). The production well was connected in the blocks  
 

Table 1: Stratigraphy and geological average properties in the 

Brugge field. (Maghsoudi 2016).  

Formation 
zone 

thickness 
[m] 

porosity 
[%] 

permeability 
[mD] 

Net to 

gross 

[%] 

Schelde Fm 32.81 20.7 1105 60 

Maas Fm 65.62 19.0 90 88 

Waal Fm 85.30 24.1 814 97 

Schie Fm 16.40 19.4 36 77 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 1: Oil and water relative permeability in two-phase 

displacement. 

 

(10, 5, 1:4). The studied reservoir model (for water- oil 

displacement) had an initial pressure of 6000 [psi], water 

density of 62 [lb/ft3], oil density of 45 [lb/ft3], initial water 

saturation of 0.2 and the bubble point pressure of 4014.7 

[psi]. The oil and water relative permeability curves are 

plotted in Fig. . Most of the studies in this area have 

presented the effectiveness of the smart well in comparison 

with conventional wells. Therefore, in this work the 

conventional wells were assumed as the basis to compare 

the process efficiency. The control for the injection well 

was on flow rate while bottomhole pressure was defined as 

the target for production well. The control parameters for 

the equivalent conventional well (for the sake of 

comparison) were approximate averages of the control 

parameters values over the segments in the smart well.  

 

METHODOLOGY 

It is known that in every oil reservoir there are several 

forces that can affect the fluid movements during water 

injection. Gravity forces are resulted from the difference 
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Fig. 2: Viscosity (red color) and gravity forces (yellow color) comparison in grid model for the 2D case. 

 

 
Fig. 3: Water saturation distribution in Brugge 2D model to calculate displacement front. 

 

between oil and water densities (the gravity forces on 

water are higher than these forces on oil). Consequently, 

water moves towards the deeper layers and its movement 

is weakened in the upper layers of the reservoir. Fig. 2 

shows a schematic description of the act of gravity using a 

cross section of the 2D model. Viscous forces originating 

from pressure difference in reservoir due to injection and 

production help to the production process. In Fig. 2, the 

strength of viscous forces relative to the action of gravity 

is included. The viscous forces become weaker for longer 

distance from production and injection wells because most 

of the pressure drop occur around injection and production 

wells. It should be noted that the viscous forces become 

weaker far from the production and injection well and 

stagnant areas of the reservoir due to lower pressure drops, 

however gravity forces are the same at all points of the 

reservoir behind the front in a layer (however for the same 

profile of vertical saturation). These forces are shown 

schematically in the 2D example used in this work in Fig. 2. 

This phenomenon in addition to the vertical 

heterogeneity of the properties of the layers leads to an 

irregular movement of waterfront within the layers. It 

increases the water cut and decreases NPV. It is considered 

as a basis for application of smart wells in this work. It is 

desired to increase the flow in the reservoir layers where 

the water movement is slow and to reduce flow in areas 

with high water movement. The solution approaches are 

described separately, for 2D and 3D simulation models. To 

start this approach, simulation program has been viewed as 

a black box system. This simulation program was invoked 

in another program for optimization. Initially the 

production rates and bottomhole pressure for all the 

segments in the wells with smart completion should have 

the same targets. Each segment of the well should be 

selected to produce/inject in a specific layer. The 

optimization program divides the simulation time interval 

into several smaller time intervals. For each interval, the 

simulation is performed from the beginning (start of 

simulation) to the end of that time interval. Using the 

simulation results, a front position is calculated based on 

water saturation distribution (consider Fig. 3). In this work 

a saturation of 0.3 was considered as a threshold for the  
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Fig. 4: Schematic diagram shows smart well design for production well with four sections (segments)  

in injection well and in production well (separating the well segments using packers and ICVs). 

 

front detection. However, it can depend in general on the 

connate and critical water saturation defined by relative 

permeability functions. 

Afterwards, the segments for production or injection 

target can be adjusted based on the calculated front in each 

layer. Fig. 4 shows a schematic diagram of this approach. 

This approach regularizes the irregular fronts in different 

layers. It can be observed from this schematic figure that it 

is possible to change the injection rates to achieve 

regulation in water movement. 

This approach provides an insight to the problem. The 

optimized segment rates were determined based on a 

relationship between the amount of water injected through 

each segment (q1, q2, q3 and q4) and displacement fronts in 

each layer (xf1, xf2, xf3 and xf4). For this purpose, the flow 

rates ( 𝑞1, 𝑞2 …) were changed so that the values of xf1, 

xf2, xf3 and xf4 become equal in all layers. 

In the flowchart (Fig. 5), at first, the model, reservoir 

rock and fluid properties, well specifications and well 

target definitions are provided to optimization. 

Afterwards, the model is simulated from beginning to the 

end of the first time-interval (full simulation run has been 

divided into several time intervals before this point for 

example each 30 days). The resultant water saturation 

distribution in the simulation cells (BWSAT array) is 

given to optimization for the first time-interval. Using 

these saturations, it is then possible to calculate xf1, xf2, xf3 

and xf4. Before any rate correction, one layer is considered 

as a reference layer. This is the layer for which it is desired 

to regulate the movement of water in the other layers 

relative to the movement of water in it. In this work the 

first layer was selected as the reference layer. Later, it 

should be checked if the regulating conditions are satisfied. 

Regulating conditions are: 𝑎𝑏𝑠(𝑋𝑓𝑙 − 𝑋𝑓𝑙) > 𝜀𝑓 , 𝑙 = 1: 4. 

𝜀𝑓 is selected based on a trial-and-error process and a 

required accuracy. If the conditions satisfied, the values of 

the front positions, xf1, xf2, xf3 and xf4 in all layers become 

equal, and the next time interval starts. If the regulating 

condition fails for one or more layers, the values xf1, xf2, 

xf3 and xf4 are not equal, the segment control setting is 

changed using the following equation: 

q1 (t + 1) =  q1 (t)                                                             (1) 

the first layer is the reference layer 

q2 (t + 1) =  q2 (t) + (Xf1 − Xf2) × EF                      (2) 

q3 (t + 1) =  q3 (t) + (Xf1 − Xf3) × EF                      (3) 

q4 (t + 1) =  q4 (t) + (Xf1 − Xf4) × EF                      (4) 

In these relations, EF, is a correction coefficient for 

flow rate (in this case study, 10 [stbd/ft] was suitable. The 

smaller value for this parameter, the higher the accuracy, 

the longer the optimization runtime). Each modification in 

the flow rate in the injection well should be associated to a 

change in the corresponding bottomhole pressure in the 

production well to regulate the front using the following 

equations: 

P1 (t + 1) = P1 (t) −
q1 (t + 1) − q1 (t)

EP
                    (5) 

P2 (t + 1) = P2 (t) −
q2 (t + 1) − q2 (t)

EP
                    (6) 

P3 (t + 1) = P3 (t) −
q3 (t + 1) − q3 (t)

EP
                    (7) 

P4 (t + 1) = P4 (t) −
q4 (t + 1) − q4 (t)

EP
                    (8) 
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Fig. 5: Algorithm showing the stages of selecting flow rates for each segment in the injection well and bottomhole  

pressures for each segment in the production well based on the waterfront 

 

In these relations, EP is a correction coefficient for 

pressure (in this case study, it was 50 [psi/stbd]. It is related 

to the properties of liquids and rocks and can be calculated 

from a Darcy equation). After the correction step, the 

regulating condition is checked again and if it is not 

satisfied this process is repeated until the condition is met. 

The pressure and flow rate for each segment at t+1 are 

targets valid from initial time of model to the end of that 

interval while these values at t are valid from initial time 

of model to the beginning of that time interval. This means 

that at the end of each time interval it is ensured that the 

segments’ bottomhole pressures for production well and 

flow rate for the injection well (valid targets from the 

initial time of simulation to the end of that specific time 

interval) are adjusted such that all the displacement fronts 

are at the same positions in the model and their movements 

are regulated. This adjustment is continued until 

breakthrough. In fact, in this case study there was only one 

rate or one bottomhole pressure for all the simulation time 

for each segment that ensures all the fronts in different 

layers are reaching the production well at the same time 

for maximum sweep efficiency. The subdivision of 

simulation, to adjustment intervals has two advantages. 

The first advantage is that for each time interval there is a 

good initial estimation from the previous interval. The 

second advantage is the ability to determine variable 

optimized rates and bottom-hole pressures for the 

segments over the interval (if it is necessary for example 

due to variable saturation functions). However, this is not 

necessary in current case study with the same saturation 

functions in all four layers, as it is demonstrated in this 

work. Using this approach, it is the possible to have an 

appropriate insight to smart completion scheduling before 

optimization. The next approach referred to as “sequential 

optimization” was performed to find the optimized 

segment control settings, prior to full optimization. In this 

approach it is tried to find the optimized segments’ control 

parameter that maximizes NPV. To do so, first segment  

 

 
 Abs (xf1  - xf2) > error value
Abs (xf1 -xf3) > error value  
Abs (xf1 -xfn) > error value 

Put results in Matlab for 
calculate

         (xf1 , xf2 , xf3 and xfn)  

start

Run program and get  BWSAT 
( block water saturation ) for all 

blocks

Properites of modeel 
(reservoir &wells) in 
simulation program

Calculate (flow & pressure ) for 
each segment 

q1(t+1)= q1(t), (reference layer ) 
q2(t+1)= q2(t) + correction value
q3(t+1)= q3(t) + correction value
q4(t+1)= q4(t) + correction value
qn(t+1)= qn(t) + correction value 

p1(t+1)= p1(t), (reference layer ) 
p2(t+1)= p2(t) + correction value
p3(t+1)= p3(t) + correction value
p4(t+1)= p4(t) + correction value
pn(t+1)= pn(t) + correction value

Next time
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Table 2: Economic parameters for calculation of NPV according 

to (Fombad 2016).  

Oil price 75 [$/STB] 

Gas price 4 [$/MSCF] 

water disposal cost 4 [$/STB] 

Water injection cost 0.2 [$/STB] 

Oil production price 15[$/STB] 

Water production price 18[$/STB] 

Tax for all project 20000000 [$] 

C0 (cost of wells drilling) 3500000 [$] 

C0 (valves) 500000 [$] 

 

Update SCHEDULE with this 

segment variable

Update SCHEDULE with this 

segment variable

Run Simulation

Calculate NPV

Run Simulation

Calculate NPV

Select individual 

variable

Select individual 

variable

Initial guess for 

all variable

Initial guess for 

all variable

set individual variable in to a 

random value predefined range

set individual variable in to a 

random value predefined range

Find the optimal value for 

this individual variable

Find the optimal value for 

this individual variable

 

Fig. 6: Sequential optimization flow diagram. 

 

control parameter is considered as the optimization 

variable while the other segments’ control variables are 

fixed. Afterward the next segment control variable is 

selected to be optimized while the control variable for the 

first segment is set to the optimized value and the other 

segment control variables are fixed. And these iterations 

are repeated for the next control variable to reach the 

maximum NPV. The flow diagram for sequential 

optimization is presented in Fig. 6.  

NPV is define as (Fombad 2016): 

NPV = [Ct / (1 + R)T]  −  C0                                            (9) 

In this relation, T is time, R is the coefficient of 

importance for time and C0 is the cost of well drilling 

including valves (ICVs). In the above relation Ct is defined as: 

Ct =  revenue –  tax                                                          (10) 

Where, revenue is [oil price × oil produced] + [gas 

price × gas produced] – [water disposal cost × water 

produced] – [water injection cost × water injection] – [oil 

production cost × oil produced]- [water production cost × 

water produced]. In this work, economic parameters based 

on Table  were considered. Water production costs are 

related to the pumping energy. 

In this method, one of the optimization variables (for 

example q1) is changing while the other optimization variables 

are fixed. In this way the values of the variables that correspond 

to the highest NPV can be found. In the next, round, the value 

of the q1 is set to its optimized value, and the next control setting 

for example q2 is optimized to find the corresponding highest 

NPV. This process is repeated for all the variables. This process 

was repeated from the first variables until the maximum 

economic value was achieved. This simple sequential approach 

provides good initial estimation for the optimization, even 

though it neglects combinatorial effects of control variables of 

different segments. 

The last optimization approach (comprehensive and 

combinatorial) used in this work was to find appropriate 

segments’ injection rate in injection well and segment 

bottomhole pressure in production well. This approach is 

referred to as simultaneous optimization. In this approach 

a genetic optimization algorithm is used to perform full 

stochastic optimizations for all the optimization variables 

(flow rate and bottomhole pressure for different segments). 

This genetic optimization is achieved through several steps 

as it follows, according to Weise (2009). At first, all the 

optimization variables for water flooding using smart 

completion (in this work: flow rates and bottomhole 

pressures for different segments) are placed as genes on a 

chromosome. Each chromosome is the vector of all 

optimization parameters. A schematic diagram of such 

chromosome, in the optimization process of the 2D case 

study is shown in Fig. 7. 
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Fig. 7: Chromosome contains 8 gens for optimization, 2D case study. 

 

Start with definition of upper 

and lower range of the segment 

control variables

Start with definition of upper 

and lower range of the segment 

control variables

Selection of control variables in each 

segment, generate chromosome

Make a population of several chromosome

Selection of control variables in each 

segment, generate chromosome

Make a population of several chromosome

Calculate NPV for each 

chromosome in the population

Calculate NPV for each 

chromosome in the population

SimulatorSimulator

Preform cross over and 

mutation to change 

generation

Preform cross over and 

mutation to change 

generation

automated exporting of segment 

control variables in each 

chromosome to SCHEDULE 

automated exporting of segment 

control variables in each 

chromosome to SCHEDULE 

 
Fig. 8: Simultaneous optimization with genetic algorithm. 

 

Afterward a population of many chromosomes are 

prepared to start genetic algorithm. The population 

represents combination of segments’ control variables. 

The evaluation process aims to calculate the values of each 

chromosome in relation to the objective function (e.g., 

achieving higher economic value, lower operation time or 

higher oil production). In this work, NPV is calculated as 

the objective function for each chromosome. For 

calculation of fitness and selection, the best chromosomes 

(individual) that achieve the desired goal (NPV) are 

chosen. In the reproduction stage of genetic optimization, 

two techniques are employed. The first one is crossover 

which involves a mating of each pair of chromosomes 

obtained from the previous evaluation process. This 

marriage (crossover) provides new chromosomes that can 

be better or worse than their parents, therefore a 

reevaluation is required to get the best individuals. The 

second method involves reforming new individuals by 

altering one of the genes in the individual (chromosome) 

and thus it is possible to get better individuals. By 

repeating this procedure several times, an optimized NPV 

is reached for the desired goal. In our work, the optimized 

flow rates and bottomhole pressures in each segment of the 

smart wells are found to obtain the highest NPV. 

 

RESULTS AND DISCUSSION 

All three suggested approaches were evaluated in both 

2D and 3D case studies. After optimization using each 

approach, the optimized variables were used to calculate 

the performance of equivalent (regarding the amount of 

water injection) conventional well. All the simulations 

were performed until the water cut reaches 0.2 for to 

simulate a life cycle run. 

 

2D Case Study 

The calculated results of Case 1 (2D) in Brugge field 

using three suggested approaches are presented in the 

following sections. 
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Table 3: Optimized control variables using front regulation technique in the2D case study. 

 Production well segments’ BHP [psia] Injection well segments’ flow rate [bbl/day] 

Segment 1 4490 1274 

Segment 2 4500 300 

Segment 3 4465 8185 

Segment 4 4455 8382 

 

 

 
(A) 

 

 
(B) 

 

Fig. 9: Water saturation distribution, regulation of front in 2D model, case of conventional well (A) case of smart well (B). 

 

Front Regulation 

The front regulation technique was used for the 2D 

case study, and the results were compared to a model with 

conventional well with an equal total amount of injection. 

The optimized flow rate and bottomhole pressure for all 

the segments were calculated and compared with 

equivalent conventional well in Table . The conventional 

well has one value for the bottomhole pressure and one 

vale for the flow rate. The smart well has bottomhole 

pressure and flow rate for each segment. The conventional 

well bottomhole pressure was 4500 [psia] and 

conventional well injection rate was 18140 [bbl/day]. 

The calculated water saturation distributions using 

conventional well and smart well are shown in Fig. 9. The 

conventional well injects the same volume as the smart 

well, and almost average pressure of the bottomhole 

pressure of the intelligent well segments. We can note that 

the conventional well reached the maximum ratio (limit 

water cut=0.2), but a considerable amount of oil is still in 

the reservoir model. In fact, the fast movement of water in 

the first layer (having good rock properties) dominates the 

water flow in the conventional well. In the smart well, 

because of selection of the appropriate values for the 

targets of injection and production segments, the water has 

been forced to be distributed in a better way. 

This regularity in the movement of the displacement 

front leads to changes in the produced water and oil as 

shown in Fig. 10. This figure shows the cumulative oil and 

water productions at the end of production. 

Due to a significant decrease in total water produced in 

smart wells compared to the conventional well and a 

sensible increase in the total produced oil, the NPV has 

increased by applying intelligent completion, about 9.89% 

relative to case with conventional wells. 
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Table 4: Optimized control variables from sequential optimization in 2D case study. 

 Production well segments’ BHP [psia] Injection well segments’ flow rate [bbl/day] 

Segment 1 4400 600 

Segment 2 4500 2100 

Segment 3 4600 10284 

Segment 4 4500 11982 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 10: Production performance plot, regulations of front in 2D example, comparison smart well and conventional well. 

 

Sequential Optimization 

The method of sequential optimization was used to 

optimize the scheduling of the segments in smart well 

completions and the results were compared to a case with 

conventional wells at the same injection rates. The 

optimized variables using sequential optimization are 

presented in Error! Reference source not found.. The 

equivalent conventional production well bottomhole 

pressure was 4500 [psia] and equivalent conventional 

injection well rate was 24966.88 [bbl/day]. 

The water saturation distribution in the model when the 

watercut reaches 0.2 is presented in Fig. 11 for sequential 

optimization of smart well segments in 2D model. 

According to this figure, for the case with conventional 

well a considerable amount of oil is still in the reservoir 

due to the fast movement of water in the first layer (which 

has good rock properties). In this case the front is more 

irregular. 

In the smart well because of selection of the 

appropriate targets for injection and production in each 

segment, the water has been forced to be distributed in a 

better way. This regularity in the movement of the 

displacement front has leaded to significant changes in the 

produced water and oil as shown in Fig. 12. This figure 

shows the cumulative oil and water productions at the end 

of the production process. 

It can be seen from the Fig. 12 that a significant 

decrease in produced water has happened in the case with 

smart wells compared to the one with conventional wells. 

On the other hand, the total oil produced in the smart well 

case was higher than the case with conventional well. This 

in total has provided 11.75% increase in NPV.  

 

Simultaneous Optimization 

The simultaneous optimization approach uses genetic 

algorithm to optimized segments’ control variables 

simultaneously. Therefore, it considers the combinatorial 

effects of the control variables. The performance of 

optimized scheduling for smart well segments is compared 

to the case with conventional wells using equivalent 

injection rate in this section. The optimized variables are 

presented in Error! Reference source not found.. 

The equivalent producing conventional well 

bottomhole pressure was 4500 [psia], and the equivalent 

injection conventional well was operated with a flow rate 

of 22358 [bbl/day]. The saturation distributions for the 

same watercut are shown for the models with smart and 

conventional wells in Fig. 13. According to these 
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Table 5: Optimized control variables from simultaneous optimization in 2D case study. 

 Production well segments’ BHP [psia] Injection well segments’ flow rate [bbl/day] 

Segment 1 4403 482 

Segment 2 4419 2539 

Segment 3 4405 8945 

Segment 4 4432 10393 

 

 

 
(A) 

 

 
(B) 

 

Fig. 11: Water saturation distribution case for smart well (B), case for conventional well (A) [maximum water cut = 0.2], 2D model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 12: Production performance plot, sequential optimization in 2D example, comparison smart well and  

equivalent conventional well. 

 

distributions, when the model with the conventional wells 

has reached the limit of water cut, again a considerable 

amount of oil is remained in the reservoir due to the fast 

movement of water in the first layer (which has good rock 

properties). The water has been distributed more uniformly 

in the model with smart well. 
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(A) 

 

 
(B) 

 

Fig. 13: Water saturation distribution, simultaneous optimization in 2D example, case of conventional well (A) 

 and case of smart well (B). 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 14: Production performance plot, simultaneous optimization in 2D example, comparison of smart well and equivalent 

conventional well. 

 

This regularity in the movement of the displacement 

front leads to significant changes in the total of 

produced water and oil as shown in the performance 

plots in Fig. 14. Note that the genetic method has 

provided appropriate flow rates and bottomhole 

pressures where the NPV increase compared to the case 

with conventional well is 11.7754 %. It has achieved the 

highest economic return. 

It can be observed from Fig. 14 that an improvement in 

total oil production and a decrease in water production 

have happened. The average objective function over the 

chromosomes in the population for each generation of 

genetic algorithm is plotted versus generation number in 

Fig. 15. The genetic method gave the lowest water cut and 

the highest total produced oil among all the three proposed 

optimization approaches. The comparison for three 

approaches to find optimal segment scheduling is 

presented in Table . 
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Table 6 Comparison of three optimization techniques for case 2D. 

Name of method NPV increment % NPV for smart well (Water cut 0.2) NPV for conventional well 

Front regulation 9.89 % 2.4272×1.0e+08 2.18712×1.0e+08 

sequential optimization 11.75 % 2.4741×1.0e+08 2.18346×1.0e+08 

genetic algorithm 11.78 % 2.4832×1.0e+08 2.19079×1.0e+08 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 15: Objective function (average NPV over population) in 

each generation in simultaneous optimization. 

 

The successful results for smart well scheduling, and 

convergence between the three methods (regulation of 

front, sequential optimization, genetic algorithm) in 

determining the values of flow rates and bottomhole 

pressures are demonstrated by this table. This reflects the 

importance of the regular front in reaching the best 

economic value of water flooding in the studied 2D case. 

The comparison of regulation, sequential and 

simultaneous optimization approaches shows that the 

sequential and simultaneous approaches are like each other 

and different to the front regulations (this is related to 

ignoring time factor in this approach). Another important 

conclusion is that the maximum and minimum injection 

rates are in segments with minimum and maximum 

permeability, respectively, in sequential and simultaneous 

optimization techniques. The segment with maximum rate 

in the regulation of front is like sequential and 

simultaneous optimizations; however, this is not the case 

for the segment with minimum rate. 

 

3D Case Study 

In this work, the introduced 3D model was used to 

evaluate the proposed smart well scheduling approaches. 

In this model, two vertical injection wells with smart 

completions and a smart vertical production well are in 

production schedule. The three proposed techniques, front 

regulation, sequential optimization, and simultaneous 

optimization were used to find an optimized scheduling for 

smart wells in 3D models and the results were compared 

to the cases in which the wells are conventional with 

equivalent amount of injection. 

 

Front Regulation 

The basis of the front reguation approach used in 3D was 

similar to the one used for 2D case study. The 3D reservoir 

model was devided into several 2D cross sections. The first 

couple of two sections starting from near and rear sides of 

3D models (those sections containing injection wells) are 

called 1A and 1B as it is shown in Fig. 16. The injection 

rates for segments in both injection wells were then adjusted 

by correction factors. Then the next two cross sections 2A 

and 2B were selected and the segment rates were adjusted 

accordingly and this procedure was repeated. Finally, the 

flow rate in each segment for each injection wells were 

averaged over the cross sections. In the same way, the the 

bottomhole pressures for the segments in the production 

wells were calculated based on the adjusted bottomhole 

pressure for each pair of cross sections. 

The adjusted segment control variables for all the 

segments in all the wells using the front regulation 

technique for the 3D model are presented in Table . The 

results calculated from front regulation technique in the 3D 

water saturation distributions till reservoir abandonment 

are presented in Fig. 17 for the model with smart wells and 

the equivalent model with conventional wells.  

The equivalent conventional wells were controlled by 

bottomhole pressure of 4700 [psia] for production well, 

and injection rates of 62600 [bbl/day] and 69200 [bbl/day] 

for injection wells, respectively. It can be observed that the 

model with smart wells has a more uniform water saturation 

distribution compared to the model using equivalent 

conventional wells. In addition, it has a higher sweep 

efficiency compared to the model with conventional wells. 
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Table 7: Optimized segment variables using front regulation in 3D model. 

 Production well segments’ BHP [psia] Injection well1 segments’ flow rate [bbl/day] Production well2 segments’ BHP [psia] 

Segment 1 4800 2600 6200 

Segment 2 4800 25000 25000 

Segment 3 4600 11200 13000 

Segment 4 4760 23800 25000 

 

 

Fig. 16: Selected cross-sections of 3D model for front regulation technique. 

 

 

 

 

 

 

 

 

 

 

 

                                                         (A)                                                                                                                     (B) 

 

Fig. 17: Water saturation distribution for front regulation techniques in 3D, case of conventional well  

(A) case of smart well (B) for watercut of 0.2. 

 

The model with conventional wells has a low sweep 

efficiency due to the fast movement of waterfront in the 

first layer. 

This regularity in the movement of the displacement front 

has led to significant changes in the proportion of produced 

water and oil as shown in Fig. 18. According to this figure, there 

is no considerable change in oil production, however, the 

produced wastewater has been notably decreased because of 

front regulation using smart well. The additional NPV because 

of front regulation in 3D model was 5.87% compared to the 

model with equivalent conventional wells. 

Sequentiial Optimization 

The sequential optimization approach was used to 

optimize the segment control variables for 3D model. 

The optimized control variables are presented in  

Table .The results for the model containing the smart 

wells were compared to a model with equivalent 

conventional wells. For these conventional wells, a 

bottomhole pressure of 4700 [psia] was used for the 

production well and an injection rate of 63500 [bbl/day] 

and 72200 [bbl/day] were used for injection wells, 

respectively.  
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Table 8: Optimized control variables for segments in smart wells in 3D model using sequential optimization. 

 Production well segments’ BHP [psia] Injection well1 segments’ flow rate [bbl/day] Injection well2 segments’ BHP [psia] 

Segment 1 4800 3200 7700 

Segment 2 4800 25000 25000 

Segment 3 4600 11500 14500 

Segment 4 4760 23800 25000 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 18: Production performance plot, front regulation in 3D example, comparison smart well and conventional well. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 19: Production performance plot, sequential optimization in 3D example, comparison smart well and conventional well. 

 

The comparison between the production performance 

plots for the model with smart wells and the model with 

equivalent conventional wells is shown in Fig. 19. Like the 

front regulation approach, sequential optimization of 

segment targets brings small additional total oil 

production; however, it has decreased the total amount of 

produced water. Segment control variables optimized 

through sequential optimization have improved the NPV 

for 3D model by 6% compared to the model with 

conventional wells and equivalent (averaged over the 

segment) control targets. 

 

Simultaneous Optimization 

The simultaneous optimization approach was used to 

optimize the segment control variables for 3D model.  

The optimized control variables are presented in Table 1.  
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Table 1: Optimized control variables for segments in smart wells in 3D model using simultaneous optimization. 

 Production well segments’ BHP [psia] Injection well1 segments’ flow rate [bbl/day] Injection well2 segments’ flow rate [bbl/day] 

Segment 1 4636 4842 7464 

Segment 2 4627 23692 24947 

Segment 3 4604 23105 22557 

Segment 4 4627 23359 23745 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Fig. 20: Production performance plot, simultaneous optimization in 3D example, comparison smart well and conventional well. 

 

The results for the model containing the smart wells are 

compared to a model with equivalent conventional well. 

For these conventional wells, a bottomhole pressure of 

4700 [psia] was used for the production well and an 

injection rate of 75000 [bbl/day] and 78715 [bbl/day] were 

used for injection wells, respectively.  

This optimization has increased the oil production and 

decreased water production in the same way. However, the 

additional NPV with reference to the case with 

conventional well is 6.2%. 

In Table , the NPVs for all optimization scenarios and 

their conventional counterparts are presented. According 

to this table, smart wells with simultaneous optimization 

have the highest improvement compared to their 

conventional counterparts. Moreover, the highest NPV 

belongs to the simultaneous optimization scenario. 

The regulation of the displacement front is very 

important in the water-flooding process. However, it is 

difficult to achieve. In the case of large heterogeneity, the 

number of segments of the injection and production wells 

should be increased. The challenging part of the proposed 

techniques in application is during the full field planning. 

To do so, the entire reservoir model can be divided into 

several smaller hydro-dynamically-controlled parts. The 

smart well planning can be performed on each part 

individually and in an iterative approach, the effect of 

planning in each individual part can be investigated on its 

neighboring parts. Throughout this study, the optimization 

variables were considered fixed during the life cycle of the 

reservoir models. In practice, however, it is sometimes 

difficult to maintain constant bottomhole pressure and 

flow rates. If such changes over time are inevitable (for 

example due to the changes in reservoir pressure or relative 

permeability of water as result of front displacement 

through a different rock-type….), the solution is to make 

sure that in each time, the segment control variables are the 

optimized ones. For example, in a simple way, the 

production life can be divided into two parts. The flow rate 

of the segments in the injection well in the first part and 

second part can be considered as optimization variables 

separately. Then a simultaneous optimization can be 

performed on this problem to optimize NPV.  

 

CONCLUSIONS 

In this work, three techniques were implemented to 

schedule water flooding process in the layered reservoirs 
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Table 11: Table showing the results of the three methods (for case 3D). 

Name of method NPV increment % NPV for smart well (Water cut 0.2) NPV for conventional well 

Front regulation 5.87 % 1.1786×1.0e+09 1.10942×1.0e+09 

Sequential optimization 5.99% 1.2024×1.0e+09 1.13031×1.0e+09 

genetic algorithm 6.20% 1.2301×1.0e+09 1.15378×1.0e+09 

 

using the smart wells: front regulation, sequential 

optimization, and simultaneous optimization. The mentioned 

techniques were evaluated in two case studies from reliable 

literature, a 2D cross section model of a layered reservoir with 

one injection well and one production well and a 3D layered 

model with two injection wells and one production well. The 

optimized scenarios for models including wells with smart 

completion were compared to models including wells with 

conventional completions but with injection rates equivalent 

to optimized rate.  

 The major challenges of multi-layer reservoir in 

water flooding process, is the faster break-through from 

layers with more permeability. This results to dramatic 

increase in watercut and associated wastewater and 

consequently shut-in of the production well. 

 In all studied cases, the scheduled smart completions 

using ICVs or ICDs gave better NPVs and lower water 

productions by controlling the waterfront in highly 

permeably layers.  

 The improved recovery in all three schemes was the 

result of the lower watercut and lower bypassed oil.  

 According to the results, the NPV of the simultaneous 

optimization was higher than the NPVs for sequential 

approach and front regulation due to combinatorial effects 

of optimization parameters. 

 The calculated NPV for sequential optimization was 

higher than the NPV for front regulation for both case 

studies. It means the best performance belonged to 

simultaneous optimization.  

 Front regulation can give a deep insight into 

scheduling of smart segments. The reason for lower NPV 

was that it focused on front regular movement in different 

layers other than on NPV.  

 Front regulation techniques do not depend on the 

uncertainties in the prices and costs. 

 

Nomenclature 

ICV                    Inflow control valve 

NPV          Net present value 

BWSAT                 Block water saturation 

Xf1, Xf2, Xf3, Xf4               Calculated front distance from  

                                             the injection well in each layer 

q1, q2, q3, q4               Flow rate of each segment in the  

                                                             smart injection well 

p1, p2, p3, p4                        Bottom-hole pressure of each  

                                  segment in the smart production well 

EF          Correction coefficient for flow rate 

EP               Correction coefficient for bottom-hole pressure 

Ct       A factor that links revenue and tax (Ct=revenue-tax) 

R                     Coefficient of the importance of time 

Co                   Cost of wells drilling including valves 

TAX          Tax taken by governments 

Revenue               Economic value of the project without  

                                                          tax and initial cost Co 

stb             Stock tank barrel 

bbl                             Barrel 

FWPT                      Field water production total 

FOPT                                              Field oil production total 
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