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Abstract

:

This paper proposes embedded model predictive control strategies for oil-production processes equipped with electric submersible pump (ESP) installations. The novelty of this paper is the robustness and computational performance analysis of the Robust Infinite-Horizon Model Predictive Controller (RIHMPC) and Nonlinear Model Predictive Controller (NMPC) strategies, which have not yet been documented by the oil and gas exploration and production literature. The proposed method to embed the control laws is flexible with different hardware and is based on automatic code generation, which facilitates the project workflow. Hardware-in-the-loop simulation cases were used to compare the performance of both control strategies embedded in the Teensy 4.1 microcontroller, using key indices for real applications. The results showed that the RIHMPC strategy is a very promising alternative for real-time operation in ESP-lifted oil wells, with overall performance similar to the NMPC controller, even in noisy and plant–model mismatch scenarios, and using only linear models in its formulation.
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1. Introduction


1.1. Overview of ESP-Lifted Oil-Well System


The ESP is the second most widely used artificial lift method for offshore and onshore oil wells and the first in volume of oil produced [1,2]. The economic success of oil wells is heavily dependent on the availability of their artificial lift equipment, which is related mainly to the frequency of failures in ESP-equipped oil wells due to unfavorable operating conditions during the production process. As outlined in Takacs [3], ensuring the safe and stable operation of ESP-lifted oil wells involves adhering to its nonlinearities and a set of physical and safety constraints. Such ESP systems’ constrained multivariable characteristics demand therefore automation and control solutions to ensure proper and efficient operation.



Although advanced process control techniques, e.g., model predictive control (MPC), can systematically deal with the particularities of ESP-lifted oil wells, providing an optimal and safer approach, it is a common practice to adopt a manual operation in fields equipped with this artificial lift method, as highlighted by Krishnamoorthy et al. [4]. In the oil and gas exploration and production (E&P) field, implementing model predictive control (MPC) strategies in an actual ESP facility is a scarce subject, with a few examples treated in the literature, such as Pavlov et al. [5] and Patel et al. [6].



On the other hand, some authors are embedding their techniques in relevant hardware for real-time applications in this field, as Binder et al. [7], Santana et al. [8] and Matos et al. [9]. These formulations are usually based on linear models and adaptive schemes without incorporating stabilizing properties. To work around this, the contribution of this work is to investigate the embedded application of two control strategies for oil-production processes equipped with ESP installations, namely: (i) a robust stabilizing MPC based on a multi-linear model description of uncertainty; (ii) an MPC strategy based on a nonlinear phenomenological model (NMPC). Additionally, aiming at practical applications, these strategies incorporate the ESP operational envelope-type constraints in an implementable and softening zone-control scheme.




1.2. State of the Art and Related Works


Regarding MPC-based strategies for ESP-lifted oil wells, Pavlov et al. [5] proposed an MPC controller for a laboratory full-scale ESP-lifted oil-well facility. This controller aimed to track the ESP intake pressure and minimize power consumption by explicitly incorporating a choke valve opening target in the objective function of the controller. A step-response-based linear model was identified from a third-order nonlinear model considering homogeneous fluid under isothermal conditions and choke valve opening around 0–20%. Their formulation considered constraints as a compact convex set: wellhead pressure, ESP intake pressure, ESP motor current, bounds on the ESP rotational speed, and its rate of change. They also included ESP operating envelope-type constraints, limiting the down-thrust and up-thrust regions. Subsequently, Krishnamoorthy et al. [4] proposed another MPC application for such a system, based on the same control objectives of Pavlov et al. [5], but with a data-driven linearized model from a high-fidelity ESP simulator that considers multiphase flow and viscous fluid associated with gas and water under non-isothermal condition. They considered tracking the ESP’s reference flow rate instead of explicitly imposing (down and up)-thrust force constraints, resulting in a less computationally intensive optimization problem, even with performance loss. Their results proved to be robust to deal with realistic fluid viscosity changes. Binder et al. [10] included feedforward actions related to the measured disturbance of the plant, such as reservoir pressure, into their MPC formulation to improve the control performance in an ESP-lifted oil-well system.



Binder et al. [7] proposed the first embedded MPC in a programmable logic controller (PLC) for ESP-equipped systems through hardware-in-the-loop (HiL) simulations, in which a nonlinear phenomenological model represented the oil-production process to be controlled. The control law was based on the step-response model identified in a region near 90–100% choke valve opening. They included reference flow rate constraints to indirectly minimize ESP power consumption by regulating the motor current. Furthermore, the first practical MPC large-scale implementation in a real onshore oilfield (more than 100 wells), with multiple ESP-lifted oil wells, was presented by Patel et al. [6]. Their formulation applied a data-driven step-response model and used the rotational speed, the choke valve opening, and the ESP voltage as manipulated variables to track the reference flow rate setpoint, considering practical ESP constraints, achieving a significant power saving (  10 %   to   20 %  ).



Despite ongoing advances, the strategies mentioned so far do not consider either guarantee of stability or feasibility for MPC control laws. Fontes et al. [11] was the first to propose a stabilizing MPC strategy with guaranteed feasibility for such systems. This strategy is based on an infinite-horizon MPC (IHMPC) controller that explicitly includes the down-thrust and up-thrust constraints such as a softening target zone scheme. The stabilizing properties are guaranteed by slacked terminal equality constraints, which also enforces the feasibility of the resulting optimization problem.



Regarding robustness, some developments with adaptive MPC schemes have been observed to extend the operating region and accommodate the typical nonlinearities and uncertainties of the ESP-equipped oilfields. In this scenario, Delou et al. [12] introduced an adaptive MPC control law that uses two step-response linear models, one for a low-gain region with a large choke valve opening and the other for a high-gain region with a small choke valve opening. However, to enhance the system’s robustness and incorporate more dynamic information, Delou et al. [13] proposed a control law that employs multiple linear models, including an updated state estimator, to create a robust approach that can handle missing state variable measurements, as previously suggested by Binder et al. [14]. However, the authors do not explicitly consider down-thrust and up-thrust constraints in their control laws.



To overcome the limitations from [12,13], Santana et al. [15] proposed an adaptive and feasible zone IHMPC scheme based on Fontes et al. [11], applying successive linearization of a nonlinear phenomenological model to accommodate the complexities and uncertainties present in the ESP-equipped systems and directly dealing with the pump envelope constraints. However, this strategy does not have robustly stabilizing properties, despite the performance improvement compared to the linear model-based IHMPC [11]. Matos et al. [9] extended that approach, treating the adaptation of the prediction model by a fuzzy structure, which combines data-based local linear models as a linear parameter-varying model. This technique can be directly embedded in ESP installations since it needs minimum available measured data without requiring phenomenological knowledge or flow rate estimation.



Another promising class of MPC controllers associated with ESP-lifted oil-well systems is the nonlinear MPC (NMPC) strategies. Jordanou et al. [16] designed a nonlinear control law using a data-based echo-state neural network as the prediction model. However, their approach does not explicitly consider ESP operational envelope constraints in their controller formulation. Moreover, the average execution time to solve the NMPC law in a simulation environment is more than five times the adopted sampling time, limiting real-time embedded implementation.



In contrast, Santana et al. [17] presented a zone NMPC formulation that can handle these limitations for ESP-lifted oil-well systems. Their approach explicitly deals with ESP operational envelope constraints via an implementable zone-control scheme. Additionally, the method can accommodate the lack of state measurements by coupling a nonlinear state estimator. The most significant advantage of their approach is its real-time applicability for embedded implementation since the computation time is in the order of milliseconds on the simulation reported, following Allamaa et al. [18], which presented recently an NMPC strategy formulated and validated for a real-time application that suggests its implementation on an embedded system. The results showed a low-level controller working at 25 Hz in a constrained and disturbance application.



With recent advances in industrial MPC implementations, automatic code generation techniques have been increasingly improved, aiming to easily provide a solver implementation that is compact, self-contained, efficient, and possibly customized to the embedded hardware on which it needs to run. In [19], a GRAMPC library was used for the low-level integration of an NMPC in assisted driving and obstacle avoidance. The controller was implemented in an ARM-based microcontroller using entirely the C/C++ language, and validated through Processor-in-the-Loop tests. The author [20] presented the real-time implementation of NMPC on embedded systems and its performance evaluation using ACADO toolkit code generation, and had as a case study the position control of hovercraft. Other code generation tools such as Casadi [21] and IPOPT [22] are also excellent for PC-based environments but not as suitable and ready to port for embedded implementation. Moreover, the ACADO toolkit generates highly efficient C/C++ code but it is generally library dependent.




1.3. Contributions


The main contribution of this work is the proposition and systematic analysis of an embedded robust MPC strategy for ESP-lifted oil-well systems from the preceding discussion, not yet documented in the E&P literature. Through a hardware-in-the-loop simulation, its performance is compared against the NMPC scheme proposed by [17]. Both strategies encapsulate the zone-control approach to deal directly with the ESP operational envelope constraints and incorporate economic targets to improve their performance. As a further contribution, the proposed MPC implementation method makes use of the Model-Based Development approach, in which the automatic C/C++ code generation tool facilitates the project workflow and has no dependency on external libraries.





2. Robust and Nonlinear MPC Schemes for Embedded Applications on ESP-Equipped Oil-Well Systems


This section presents the challenges of controlling the ESP-lifted oil wells and the proposed MPC techniques designed for this system: (i) the nonlinear MPC approach and (ii) the robust infinite-horizon MPC (RIHMPC) approach.



2.1. ESP-Lifted Oil-Well System


Figure 1 depicts a typical ESP-lifted oil-well system. The ESP operates by adjusting the rotational frequency of the pump, f, and the production choke valve opening,   z c  , to apply additional pressure to the oil and bring it to the surface through the production column and manifold. The fluid properties, such as flow type, the average flow rate in the production column,   q p  , and ESP head dynamics, H, defines the operational envelope constraint, which consists of time-varying up-thrust and down-thrust constraints. A typical operational envelope curve is shown in Figure 1, usually available from pump manufacturer datasheets. In this study, the average flow rate of the production column was treated as a measured variable. At each sample interval, the maximum head value,   H  m a x   , and minimum head value,   H  m i n   , were established for the current   q p   value on the operational envelope curve.



A typical lumped-element dynamic model for an ESP-lifted oil well was used for simulating the dynamic behavior of the ESP-lifted oil well system. It is represented by a set of differential-algebraic equations as follows [5]:


               d  p  w h     d t    =  1.54 ×   10  8     q p   ( t )  −  q c   ( t )            d  p  b h     d t    = 0.8584   p r   ( t )  −  p  b h    ( t   −  3.7 ×   10  8    q p           d  q p    d t    =  5.02 ×   10   − 9    [  p  b h    ( t )  −  p  w h    ( t )  −  6.30 ×   10  8    q p    ( t )   1.75           +  9.32 ×   10  3    H ( t ) −  1 ×   10  3             



(1)






             p  i n    ( t )  =  p  b h    ( t )  −  1.85 ×   10  8    q p  1.75    ( t )  −  1.9 ×   10  6         H  ( t )  = 0.2664 f   ( t )  2  + 133.09 f  ( t )   q p   ( t )  −  1.41 ×   10  6    q p 2   ( t )          



(2)






   q c   ( t )  =  2 ×   10   − 5     z c   ( t )     p  w h    ( t )  −  p m   ( t )     



(3)






    P  ( t )    =  4.77 ×   10   − 1     f 3   ( t )  +  1.41 ×   10  3    q p   ( t )   f 2   ( t )  −  3.74 ×   10  5    q p 2   ( t )  f  ( t )         −  3.12 ×   10  9    q p 3   ( t )       



(4)




where   p  w h   ,   p  b h   ,   p  i n   ,   p m   and   p r   are the wellhead, bottom hole, intake, manifold, and reservoir pressures in Pa, respectively;   q c   is the flow rate in the production choke in m3/s; and P is the ESP power in W.



The ESP’s commonly manipulated variables are its rotational frequency and choke valve opening. The control problem involves adjusting them to reach a desired production flow while respecting the safe and physical constraints, especially those defined by the operational envelope. To reach this objective, the intake pressure is taken as a controlled variable that must track a setpoint. Additionally, the head can be treated as another controlled variable, requiring the zone-control approach to softly define its optimal setpoint based on the limits defined by the operational envelope [11].




2.2. Nonlinear MPC


This section presents the NMPC approach for ESP systems proposed by Santana et al. [17]: a zone control approach incorporating the model (1)–(4), resulting in a soft optimization problem. In this sense, the constraints of the zone map the operational envelope, as presented in Figure 2, which avoids infeasible solutions for the optimization problem. The optimization problem is given by [17]:



Problem 1


      min  Δ  u k  ,  y  sp , k      V k      =  ∑  j = 1  p     y ^   ( k + j | k )  −  y  sp , k   + ϵ  ( k | k )     Q y   2  +  ∑  j = 0   m − 1     Δ u ( k + j | k )   R  2           +  ∑  j = 0   m − 1     u  ( k + j | k )  −  u  t g      Q u   2  ,     



(5)




subject to:


        Δ  u k  ∈ U ,     



(6)






        U =        u min  ≤ u  k − 1  +  ∑  i = 0  j  Δ u  k + i | k  ≤  u max        − Δ  u max  ≤ Δ u  k + j | k  ≤ Δ  u max        Δ u  k + j | k  = 0 ,  ∀ j ≥ m ,           



(7)






         x ^   ( k + j | k )  = G   x ^   ( k + j − 1 | k )  , u  ( k + j − 1 | k )  , d  ( k | k )       



(8)






         y ^   ( k + j | k )  = F   x ^   ( k + j | k )       



(9)






         y min   ( k | k )  ≤  y  sp , k   ≤  y max   ( k | k )      



(10)




where    y ^   ( k + j | K )    and    x ^   ( k + j )    are output and state predictions at time step   k + j   from the plant measurement at time step k (  y ( k )  ), respectively;  u  and  d  are the manipulated and disturbance variables, respectively;   Δ  u k    is the sequence of control actions calculated along the control horizon, namely   Δ  u k  =   Δ u   k | k  ⊤  , … , Δ u   k + m − 1 | k  ⊤   ⊤   ;   ϵ  ( k | k )  = y  ( k | k )  −  y ^   ( k | k )    is a constant output-type disturbance model which results in an offset-free control law and is indicated by the   y ( k | k )   feedback dotted-line in Figure 2.   y  sp , k    is the artificial setpoint within the proposed zone-control scheme and is a decision variable in the Problem 1;   u  t g    is the optimizing target of the manipulated variables;   u max  ,   u min  ,   Δ  u max   , are the constraints on manipulated variables and their increments, respectively.    y max   ( k | k )    and    y min   ( k | k )    are the upper and lower bounds of the zone control included in constraint (10), evaluated from the operational envelope according to [17]. p and m are the prediction and control horizons, respectively;   Q y  ,  R  and   Q u   are weighting matrices on controlled, control actions and manipulated variables, respectively. Equation (8) represents the discretized nonlinear state equations, Equation (9) the discretized nonlinear output equations. The economic input target (  u  t g   ) is also addressed in this control law, without the need for a related constraint.
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Figure 2. Control scheme elucidating the zone-control strategy. 
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In this work, the state and other variables needed to evaluate the operational envelope were considered measured, and state estimation was not necessary—presented as a block with a dot–dashed line in Figure 2. In a general scenario, an Extended Kalman Filter (EKF) can be applied to estimate unmeasured variables, for example, the flow rate, as described by Santana et al. [17].



The Figure 2 presents the zone-control scheme for the proposed controllers, where the zone is defined as    y min   ( k )  =  [  p  i n , s p    ( k | k )  ,  H  m i n    ( k | k )  ]    and    y max   ( k )  =  [  p  i n , s p    ( k | k )  ,  H  m a x    ( k | k )  ]   , the MVs   u  ( k − 1 )  = [ f  ( k − 1 )  ,  z c   ( k − 1 )  ]  , the controlled variables   y  ( k | k )  = [  p  i n    ( k | k )  , H  ( k | k )  ]  , and the economic target   u  t g    is only applied for choke valve opening    z  c , t g    ( k | k )   .



One challenging aspect of NMPC techniques is accommodating a nonlinear model to describe the process. Such a task is not trivial in some cases since it requires a mathematical description of phenomenological phenomena. Additionally, the complexity of these models can increase the computational cost and limit real-time applications, so alternatives such as surrogate models or robust MPC strategies must be employed. In this sense, Section 2.3 presents the robust MPC approach investigated in this work.




2.3. Robust Infinite-Horizon MPC


An implementable RIHMPC strategy was designed for ESP-lifted oil-well systems applying a multi-model uncertainty description. This implementable RIHMPC was first introduced by Odloak [23] and extended by Gonzalez et al. [24] to the zone-control approach. It imposes non-increasing cost constraints for each model in the set, with only the selected nominal model having its cost function minimized [24]. The RIHMPC strategy attains robustly stabilizing properties and the feasibility of the optimization problem (implementable feature) by incorporating slack variables [23]. Introducing slack variables into controller formulation is a desired property for practical applications since it can provide a feasible solution to the optimization problem at each time step.



Considering a set of L linear models of the ESP selected for specific operational points, the operational envelope mapped by setpoint constraints    y  min , k   ,  y  max , k    , and input targets (  u  t g , k   ) to track economic performance objectives, the RIHMPC with zone control is presented as the following optimization problem at each time step k:



Problem 2


   min  Δ  u k  ,  y  s p , k    (  Θ n  = 1 , ⋯ , L )  ,  δ  y , k    (  Θ n  = 1 , ⋯ , L )  ,  δ  u , k      V k   (  Θ N  )   



(11)






         V k   (  Θ N  )  =  ∑  j = 0  m    ∥ y  ( k + j | k )  −  y  s p , k    (  Θ N  )  −  δ  y , k    (  Θ N  )  ∥    Q y   2  +          +    x n  s t    ( k + m | k )     Q ¯   (  Θ N  )   2  +  ∑  j = 0   m − 1     ∥ u  ( k + j | k )  −  u  t g , k   −  δ  u , k   ∥    Q u   2  +          +  ∑  j = 0   m − 1     ∥ Δ u  ( k + j | k )  ∥   R  2  +    δ  y , k    (  Θ N  )     S y   2  +    δ  u , k      S u   2  ,     



(12)




subject to:


        − Δ  u max  ≤ Δ u  ( k + j | k )  ≤ Δ  u max  ,  j = 0 , … , m − 1 ,     



(13)






         u min  ≤ u  ( k + j | k )  ≤  u max  ,  j = 0 , … , m − 1 ,     



(14)






        u  ( k + m − 1 | k )  −  u  t g , k   −  δ  u , k   = 0 ,     



(15)




and, for each   n = 1 , ⋯ , L  ,


         y min   ( k | k )  ≤  y  s p , k    (  Θ n  )  ≤  y max   ( k | k )  ,     



(16)






         x n s   ( k + m | k )  −  y  s p , k    (  Θ n  )  −  δ  y , k    (  Θ n  )  = 0 ,     



(17)






         V k   (  Θ n  )  ≤   V ˜  k   (  Θ n  )  ,     



(18)




where   Θ N   represents the nominal (or most likely) model of the set of L models, m is the control horizon,   y ( k + j | k )   are the predictions of the controlled variables at time step   k + j   given the information at time step k,   Δ u ( k + j | k )   are increments of the manipulated variables. (  u min  ,   u max  ),   Δ  u max    are the bounds of manipulated variables and increments on manipulated variables, respectively.   (  y min   ,    y max   )    are the zone specification for the controlled variables, and   y  s p , k    are the output setpoints within the zone-control scheme imposed by (16).   Q y   and  R  are the weighting matrices of   ( n y )   controlled variables and the increment of   ( n u )   manipulated variables, respectively.    Q ¯   (  Θ N  )    is the terminal weight detailed.   Δ  u k  =   [ Δ  u ⊤   ( k | k )  ⋯ Δ  u ⊤   ( k + m − 1 | k )  ]  T    is the control actions vector;    δ  y , k   ∈  R  n y     and    δ  u , k   ∈  R  n u     are the slack variables used to guarantee the feasibility of the optimization Problem 2.    S y  ∈  R  n y × n y     and    S u  ∈  R  n u × n u     are the weighting matrices of the slack variables.   u  t g    are input targets and   Q u   is their weighting matrix.    V k   (  Θ n  )    is the actual cost function value for each model and     V ˜  k   (  Θ n  )    is the cost function obtained with a solution inherited from Problem 2 at time step   k − 1   and translated to time k. More details in [23,24,25].



The cost-contraction constraint (18) is imposed for all models to guarantee robustly stabilizing properties of the controller. The predictive model must be on the canonical state-space based on the analytical form of the step response of the system outlined in [23], in which    x n s   ( k | k )    is artificial integrating states vector and    x n  s t    ( k | k )    is the stable states vector. The former is used to obtain an offset-free control law, originating from the incremental form of inputs and corresponding to the system outputs at the steady state. As a result, the terminal constraints (17) and (15) must be incorporated into the formulation to avoid an unbounded cost. Slack variables soften these constraints to guarantee the optimization problem’s feasibility. It is worth noting that Problem 2 is a nonlinear optimization problem. However, it is convex and less computationally intensive compared to non-convex optimization problems commonly found in nonlinear model predictive control formulations.



The artificial integrating states make it necessary to use a linear state estimator only to obtain these unmeasured states, and one Kalman filter was used for each of the L models—the state estimator block in Figure 2. The model states are considered measured.





3. The Implementation Method of Embedded MPC Strategies


This section presents the deployment steps on Teensy 4.1 (https://www.pjrc.com/store/teensy41.html, accessed on 6 March 2023) hardware for an embedded control strategy with hardware-in-the-loop (HiL) validation. It also explains how the aforementioned MPC strategies were C-code generated, tested in MATLAB environment, and deployed as a standalone static library in runtime on the microcontroller.



3.1. Code Generation for MPC Controllers


The first step was to write the controller code in MATLAB (R2020a) and solve them using an optimization algorithm. In this work, Sequential Quadratic Programming (SQP) was applied. Following the Model-Based Development approach [26], the next step was executing several simulations to tune the controllers and the optimization algorithm. In this sense, this work focused on defining the maximum limit of iterations of the optimization algorithm and its maximum number of objective function evaluations because they are required for the subsequent automatic generation of C++ code. Furthermore, it is essential to point out that these parameters directly influence the computational times of the embedded code on the hardware. A sensitivity analysis was carried out in several simulated scenarios to ensure the problems converge to the optimal solution.



The next step was generating and verifying the software for the applications referring to the projected control strategies. Then, the functions created for each controller were translated into MEX-type executables using the MATLAB Coder toolbox (https://www.mathworks.com/products/matlab-coder.html, accessed on 6 March 2023). Tests were performed with the control executables in the simulated environment, thus characterizing the software-in-the-loop (SiL) stage.



After performing all the previous steps, the C++ code was generated through the MATLAB Coder toolbox and integrated into the hardware that embedded the MPC strategies. Among the extensions available in Coder Toolbox, this work created static libraries (.lib) from the control functions to be integrated into the application embedded in the Teensy 4.1 microcontroller. Thus, it was not necessary to include external libraries in the project, e.g., matrix algebra package, since all mathematical operations related to the solution of Problems 1 and 2 were encapsulated in the routines generated by the Coder Toolbox. With the embedded control routines, the hardware was tested in closed-loop through the HiL stage: the embedded controller was executed in real time, and only the process remained simulated in MATLAB.



The diagram in Figure 3 summarizes the necessary steps to embed MPC control strategies. This workflow facilitates application improvements and updates using the automatic code generation tool.




3.2. Hardware-in-the-Loop Setup


The hardware used in this work was the Teensy 4.1 microcontroller, which has an ARM cortex-M7 processor, 7936K Flash memory, 1024K RAM, 18 analog inputs, 35 PWM pins, 55 I/O pins, and eight serial ports. This hardware is suitable for advanced real-time control applications with computational resources superior to most microcontrollers. Preliminary tests were carried out on other hardware, which did not meet the requirements of this work. Therefore, the choice of Teensy 4.1 converged mainly due to its memory and processing resources.



In the HiL tests, the communication between the microcontroller and MATLAB was performed through the serial port, with a baud rate of 115,200. Therefore, the NMPC and RIHMPC problems were calculated in Teensy 4.1, and the optimal control actions were sent via serial to MATLAB, where the nonlinear model of the ESP-lifted oil-well process was simulated. After simulating the oil-production system, the process outputs were also sent to the microcontroller via the serial port, thus ending one communication cycle.




3.3. Solver and Controllers Tuning Parameters


Table 1 summarizes both controllers’ tuning parameters. The zone configuration    y min   ( k )  =  [  p  i n , s p    ( k )      H  m i n    ( k )  ]   ,   y max   ( k )  =  [  p  i n , s p    ( k )      H  m a x    ( k )  ]    specifies setpoint tracking for the intake pressure and min/max head from the ESP operational envelope. Furthermore, a Runge–Kutta 4th order algorithm was used in the closed-loop system of both MPC controllers for the numerical integration of the nonlinear model of the ESP-equipped oil well, with a sampling time of   Δ t = 4   s.



The multi-model set  Θ  that comprises the RIHMPC description of uncertainty was defined by linearization of the nonlinear model (1)–(3) for three different (steady-state) operating points:    f  s s , 1   = 35.29   Hz,    z  c  s s , 1    = 14.53 %  ;    f  s s , 2   = 55.44   Hz,    z  c  s s , 2    = 31.58 %  ;    f  s s , 3   = 65   Hz,    z  c  s s , 3    = 98.97 %  . They were discretized with a sampling time of 4 s, making up   L = 3   linear models in the canonical form. These models map a wide operating range of the system, representing probable operating conditions of an ESP-lifted oil-well system. Furthermore, the smallest number of models was chosen to avoid increasing the computational burden. The typical tuning parameters of the linear Kalman filters were defined as    Q  k f   = 0.5  ·   I 14    and    R  k f   = diag  [ 0.5    0.5 ]    in the RIHMPC controller design.



The following main properties were used in the SQP solver compilation: maximum of 30 iterations; maximum of 470 objective function evaluations; primal and dual infeasibility threshold equal to   1 ×  10  − 6    .





4. HiL Application of the Implementable Zone RIHMPC and NMPC Strategies in an ESP-Lifted Oil-Well System


This section investigates the capabilities of NMPC and RIHMPC strategies to perform the following tasks: (i) tracking the intake pressure to regulate the oil production, (ii) systematically treating the ESP head (down and up-thrust) operational envelope to ensure a safe operation, (iii) ensuring the feasibility of the control problem through an implementable control zone scheme, (iv) offset-free compensation of unmeasured disturbance, and (v) tracking targets for the production choke valve opening-like aiming to improve economic performance. For the sake of simplicity, only the results referring to the HiL stage were discussed in detail. Nevertheless, specific aspects of the other methodological steps were highlighted when necessary.



4.1. Control Performance under Setpoint Tracking and Disturbance Compensation


The first test scenario was characterized by three setpoint changes, mapping a wide operating region of the system, and severe variations in manifold pressure (  p m  ). The economic target (  u  t g , k   ) was turned off, just by setting    Q u  = diag   0    0    , while the other tuning parameters were the same as in Table 1.



The manifold pressure (unmeasured disturbance) was systematically changed from 20 bar to 10 bar (at 200 s), then to 30 bar (at 700 s) and 35 bar (at 1200 s), while the intake pressure setpoints were defined at 38 bar (0 to 500 s), 60 bar (500 to 1000 s) and 85 bar (1000 to 1500 s). Furthermore, the head setpoint was defined by the optimization problems of the controllers in such a way that it remains within the range delimited by the operational envelope (zone control). The ESP-lifted oil-well system starts at a steady state corresponding to   u  ( 0 )  = [ 50  Hz ,  50  % ]   and   y  ( 0 )  = [ 60  bar ,  592  m ]  . Please note that this scenario represents a case of plant–model mismatch due to the inclusion of unmeasured persistent disturbances.



Figure 4 shows the performance of the NMPC and RIHMPC controllers in the assigned task. Similar dynamic responses were observed during transient periods, and both controllers met the expected requirements related to intake pressure tracking and disturbance compensation.



It is worth noting that considerable effort was devoted to the tuning stage of the controllers to obtain such similar control performance. Even so, the NMPC had a less damped response and drove the intake pressure back to the setpoint faster than the RIHMPC after disturbances, mainly due to the difference in its weights in the movement suppression matrices ( R ). Regarding the manipulated variables, Figure 5 and Figure 6 show that the control actions did not violate the physical constraints of the actuators detailed in Table 1. The most aggressive actions of the NMPC due to its tuning are demonstrated in Figure 6, where variations of the MVs easily reached saturation during transients.



The zone-control scheme is clearly shown in Figure 7, in which the setpoint is a decision variable constrained by the zone. This mechanism softens the optimization problems and contributes to its feasibility. This technique was strategically employed to accommodate the time-varying constraints of the ESP operational envelope since it gives additional degrees of freedom for the system to accommodate disturbances. Evidence of this property can be seen in the highlighted zoom of Figure 7, where after the disturbance in the manifold pressure at 200 s enters the plant, this was forced to operate momentarily outside the envelope. However, the setpoint remained within the zone in both controllers. After this short time, the control actions compensated for the disturbance and drove the process back to its desired zone.



Figure 8 shows the ESP operational envelope, highlighting the constraint violation from another perspective. Despite this occurrence, the system was kept operating within the safe region most of the time, which is crucial to maintain the lifetime of the equipment. In this scenario, the residence time outside the envelope was approximately 8 s for both controllers investigated. In ESP-equipped oilfield installations, keeping the operation close to the up-thrust region is often desirable in order, for example, to maximize production. In such cases, constraining the limits of the operational envelope to a safety margin may be good practice. Nonetheless, the system was pushed to the limits to evaluate the feasibility of these embedded control techniques.



Regarding the cost functions of the controllers depicted in Figure 9, their asymptotic behavior toward zero was observed after changing setpoints and the occurrence of disturbances. After a time, such functions reached their origin, which confirms that there was no offset error in the controllers. This property was achieved by the incremental model in the RIHMPC strategy and by the error correction included in the NMPC cost function.



Despite this asymptotic behavior, it is important to highlight that the NMPC formulation does not guarantee nominal or robust stability. On the other hand, the RIHMPC has a robustly stabilizing strategy only for the multi-linear models-based description of uncertainty. Although the proof cannot be taken in this plant–model mismatch scenario, the RIHMPC strategy provided adequate control actions, performing similarly to the NMPC strategy, which encompasses the phenomenological model.



The computational time performed throughout the HiL simulation by both control strategies on the host hardware Teensy 4.1 is shown in Figure 10. This is one validation to assess whether the controllers can operate in real time or if they need to be redesigned. The NMPC had an average time of 0.1680 s and a maximum time of 0.9505 s throughout this simulation, while the RIHMPC performed an average time of 0.2080 s and a maximum time of 1.3304 s. Naturally, the moments of more significant computational burden occurred during transient periods, in which the SQP solver performed more iterations to converge the NMPC and RIHMPC optimization problems, as shown in Figure 11. This indicates that both projected control laws met the real-time operation requirements with the ESP system, whose sampling time was 4 s. To demonstrate the repeatability of these results, a total of 10 simulations were performed with the same scenario, obtaining the mean ( μ ) and standard deviation ( σ ) of the average and maximum computational times of both controllers, which are shown in Table 2.



Figure 11 shows the number of iterations that the SQP solver performed to converge the NMPC and RIHMPC optimization problems. Only NMPC reached the maximum iteration limit during the transitory period. However, as shown in Figure 12, its number of objective function evaluations was smaller than the ones needed for the RIHMPC. From this result, it is clear that the RIHMPC control law required a computational effort slightly greater than the NMPC to be solved. This was also confirmed by the data in Table 2, in which the average and maximum times were greater for the RIHMPC.



However, it is important to point out that the RIHMPC has robust stability, with the introduction of the cost-contraction constraint (18), which naturally makes the optimization problem more complex. Still, warm starting the primal variables, the SQP solver turned out to be efficient for real-time operation, handling nonlinearities and converging to the optimal solution. In the aspect of optimality, another important property can be emphasized, the convex control law of the RIHMPC delivers a globally optimal solution, while in the NMPC strategy, there is no such guarantee.



Although the NMPC and RIHMPC strategies presented similar control performance, e.g., computational time, they have very different demands in terms of hardware memory, which can be a determining factor for the feasibility or choice of applications according to available computational resources. The total flash and RAM used in each implementation is summarized in Table 3. The embedded RIHMPC application required about 80% more flash memory and 60% more RAM than the embedded NMPC application. This was mainly due to the need to store and process multidimensional matrices in the RIHMPC implementation, for example, the model matrices for each of the three controller models. In addition, code generation for the SQP solver via MATLAB Coder imposes the use of double-type variables, which also increased the storage memory requirement. As computational resources are not always compatible with such demand, it may be necessary to adopt reduced numerical precision strategies to deploy this controller on more limited hardware, adapting the methodology presented here. The NMPC, in turn, had a leaner coding and required few variables in storage, with the SQP solver and the numerical integration of the nonlinear model (Runge–Kutta 4th-order algorithm) being its main computational burden.




4.2. Realistic Setpoint/Target Tracking Scenario under Measurement Noises


The following scenario imposed the controllers to a scenario more consistent with the operation of a real ESP-lifted oil well: the control aimed to track setpoints and economic targets in the manipulated variables of interest, in addition to the presence of unmeasured noises in the monitored variables. Therefore, the setpoint changes for the intake pressure were defined at 70 bar (0 to 500 s) and 38 bar (500 to 1000 s), in addition to an opening target of 90% for the choke valve active throughout the HiL simulation. Additionally, the unmeasured noises in the controlled variables had Gaussian distribution   N ( 0 , W )  , with   W = diag   1.90   bar 2  , 23.81   m 2     . Finally, to re-enforce the plant–model mismatch condition on both controllers, at instant 300 s, a systematic disturbance in the manifold pressure was introduced with an increase of 40% (from 20 to 28 bar) that lasted until the end of the test.



Figure 13 shows the intake pressure dynamics obtained by the controllers in the noisy scenario, where a considerable difference in performance was noted in the transitory period of the first setpoint change. Both NMPC and RIHMPC controllers stabilized the plant, but the NMPC was faster at driving the intake pressure to the desired setpoint with a transient of approximately 24 s, while the RIHMPC took around 140 s. This can be easily explained by the fact that the NMPC encompassed a nonlinear model that captured the plant dynamics very well. In contrast, the most probable RIHMPC model (  Θ 1  ) is suitable for high-gain regions, and the activation of the economic target forced the controller to operate the plant with a low gain (large valve opening choke), as shown in Figure 14. However, it can be emphasized that this deliberate choice was intended to show that the controller remains stable within the multi-model-based uncertainty description.



With regard to manipulated variables, Figure 14 shows that the economic target in the choke valve was tracked whenever possible, with necessary deviations during the transitory period, since priority was given to tracking the controlled variables, according to Table 1. Please note that at 300 s, the system had a degree of freedom to compensate for the disturbance solely by changing the frequency and maintaining the choke valve opening at the target of 90%. In the second setpoint change, a frequency saturation occurred, and the controllers moved the choke valve to stabilize the system but were able to drive it back to its target. In this way, both controllers sought to keep the valve as close as possible to the 90% opening and thus reduce energy losses, whose effectiveness has already been shown in [17].



Figure 15 shows the effectiveness of the zone-control strategy employed in both controllers, keeping the ESP head within its operational envelope constraints. After the last setpoint change, the system was operated in the down-thrust limit region with temporary envelope violations due to the noises that affect the process. This emphasizes that using a safety margin in the operational envelope limits can be a good practice to avoid safety violations, especially in noisy scenarios that portray real situations.



The cost functions of the controllers shown in Figure 16 indicated that the NMPC converged faster than the RIHMPC controller in all transient periods. Despite this, the latter delivered a performance very close to the former, which opens a question about the applicability of each one. In this regard, reflecting on obtaining the necessary models for each control law is essential. As is well known, obtaining linear models is generally less expensive and can follow several paths through identification techniques. On the other hand, nonlinear or phenomenological models are more laborious and require knowledge of the physical phenomena that describe the process, which may not be a viable choice for some applications.



Figure 17 shows the computational times obtained on the Teensy 4.1 hardware in this scenario. The NMPC had an average time of 0.4798 s and a maximum time of 0.6658 s throughout this simulation, while the RIHMPC performed an average time of 0.5243 s and a maximum time of 1.5848 s. In this respect, both met the real-time operation requirements with a sampling time of 4 s. Special attention must be given to the RIHMPC controller during transients because it reached the maximum registered value to comply with the predefined tolerances. This analysis was crucial to know if the computational performance of the hardware was compatible with the sampling intervals of the application. To verify the reliability of the results and that the embedded controllers presented repetitive behavior, a total of 10 simulations were performed with the same scenario, obtaining the mean ( μ ) and standard deviation ( σ ) of the average and maximum computational times of both controllers, which are shown in Table 4.



Finally, Figure 18 and Figure 19 show the performance of the SQP solver to converge the optimization problems focusing on the number of iterations and objective function evaluations of the NMPC and RIHMPC, respectively. These were the main factors related to the computational times shown in Figure 17. To solve the NMPC control law, the limits of 30 iterations and 470 objective function evaluations were enough without infeasibility. Similarly, to solve the RIHMPC control law, the limit of 30 iterations was also sufficient. However, increasing the limit of objective function evaluations to 800 turned out to be necessary to avoid infeasibility. Thus, naturally, the computational times recorded in this scenario were greater than those recorded in the previous scenario, but they safely met the real-time requirements of the application.





5. Conclusions


This paper dealt with the HiL application of robust and nonlinear MPC strategies embedded in a Teensy 4.1 microcontroller to control an ESP-lifted oil-well system. The novelty of this paper focused on the robustness and computational performance analysis of these MPC controllers with feasibility guarantee and their successful implementation in the limited hardware, which constitute a significant practical contribution to the field of control in E&P.



From the simulated scenarios, it was possible to show the effectiveness of the zone-control scheme employed in both controllers. It successfully accommodates the ESP operational envelope constraints and ensures the feasibility of the optimization problems. The embedded controllers were able to stabilize the intake pressure over a wide operating region, showing that the robust formulation, whose models are more easily obtained, can closely approximate the performance of the nonlinear formulation, even in a noisy and plant–model mismatch scenario.



The computational burden required to solve the control laws met real-time operation requirements. However, the robust formulation required a slightly higher computational time to converge, mainly due to the complexity imposed by the cost-contraction constraint. Regarding hardware memory, the RIHMPC controller used up to 80% more memory than the NMPC controller implementation due to its multi-model structure. Since these resources are not always abundant in industrial hardware, this is a factor that can limit its application. Even so, the RIHMPC formulation proved to be very promising for real-time operation in ESP-lifted oil-well systems, mainly when it is not feasible to obtain an accurate phenomenological model and when the necessary computational resources are available.
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	ESP
	Electric submersible pump



	MPC
	Model Predictive Controller



	IHMPC
	Infinite-Horizon Model Predictive Controller



	RIHMPC
	Robust Infinite-Horizon Model Predictive Controller



	NMPC
	Nonlinear Model Predictive Controller



	HiL
	Hardware-in-the-loop



	PLC
	Programmable logic controller



	QP
	Quadratic programming



	SQP
	Sequential quadratic programming



	E&P
	Exploration and production



	EKF
	Extended Kalman Filter



	MV
	Manipulated variables
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Figure 1. Typical scheme of an ESP-lifted oil-production system [11]. 
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Figure 3. Diagram of the implementation process of embedded MPC strategies. 
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Figure 4. Dynamic of the intake pressure under the zone NMPC and RIHMPC controllers. 






Figure 4. Dynamic of the intake pressure under the zone NMPC and RIHMPC controllers.



[image: Processes 11 01354 g004]







[image: Processes 11 01354 g005 550] 





Figure 5. Manipulated variables and the input constraints for both controllers. 
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Figure 6. Manipulated variables increments and the respective constraints for both controllers. 
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Figure 7. Head zone from the ESP operational envelope and artificial setpoints of the NMPC and RIHMPC controllers. 






Figure 7. Head zone from the ESP operational envelope and artificial setpoints of the NMPC and RIHMPC controllers.



[image: Processes 11 01354 g007]







[image: Processes 11 01354 g008 550] 





Figure 8. Trajectories over the ESP operational envelope for the NMPC and RIHMPC controllers. 
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Figure 9. Cost function of both controllers. 
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Figure 10. Computational performance between the NMPC and RIHMPC optimization problems. 
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Figure 11. Number of iterations of the NMPC and RIHMPC optimization problems during the simulated scenario. 






Figure 11. Number of iterations of the NMPC and RIHMPC optimization problems during the simulated scenario.



[image: Processes 11 01354 g011]







[image: Processes 11 01354 g012 550] 





Figure 12. Objective function evaluations in the NMPC and RIHMPC optimization problems execution. 
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Figure 13. Intake pressure of both controllers under a realistic scenario. 
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Figure 14. Manipulated variables, the input constraints, and economic target for both controllers under a realistic scenario. 
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Figure 15. Head zone from the ESP operational envelope and artificial setpoints of the NMPC and RIHMPC controllers under a realistic scenario. 
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Figure 16. Cost function of both NMPC and RIHMPC controllers under a realistic scenario. 
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Figure 17. Solver computational time of both NMPC and RIHMPC controllers under a realistic scenario. 
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Figure 18. NMPC solver performance under the noisy scenario. 
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Figure 19. RIHMPC solver performance under the noisy scenario. 
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Table 1. Tuning parameters of controllers and constraints on inputs.
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	NMPC
	RIHMPC





	m
	2
	4



	p
	10
	∞



	  R  
	   diag [  10  − 3       10  − 3   ]   
	   diag [ 10    1 ]   



	   Q y   
	   diag [  10 3     10 ]   
	   diag [  10 3     10 ]   



	   Q u   
	   diag [ 0    10 ]   
	   diag [ 0    1 ]   



	   S y   
	-
	   diag [  10 2     1 ]   



	   S u   
	-
	   diag [ 0    10 ]   



	   u min   
	   [ 35  Hz    0  % ]   
	   [ 35  Hz    0  % ]   



	   u max   
	   [ 65  Hz    100  % ]   
	   [ 65  Hz    100  % ]   



	   Δ  u max    
	   [ 2  Hz    2  % ]   
	   [ 2  Hz    2  % ]   
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Table 2. Computational performance obtained for 10 simulations.
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	Index
	NMPC
	RIHMPC





	avg. time (s)
	  μ = 0.1680   and   σ = 0.0000  
	  μ = 0.2081   and   σ = 0.0002  



	max. time (s)
	  μ = 0.9505   and   σ = 0.0000  
	  μ = 1.3303   and   σ = 0.0001  
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Table 3. Amount of memory used in the implementation of NMPC and RIHMPC controllers on Teensy 4.1.
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	Memory Type
	NMPC
	RIHMPC





	Flash (bytes)
	81,916
	147,452



	RAM (bytes)
	149,888
	246,432










[image: Table] 





Table 4. Computational performance obtained for a total of 10 simulations in the noisy setpoint/target tracking scenario.
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	Index
	NMPC
	RIHMPC





	avg. time (s)
	  μ = 0.4679   and   σ = 0.0105  
	  μ = 0.5323   and   σ = 0.0163  



	max. time (s)
	  μ = 0.6720   and   σ = 0.0190  
	  μ = 1.5815   and   σ = 0.0097  
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