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Abstract 
Combined cycle gas turbine plants (CCGTs) fulfill an important role in emission 
reduction of offshore power systems as the bottoming cycle (BC) produces additional 
power from exhaust heat of the gas turbines (GTs). With increasing integration of wind 
turbines, CCGTs offshore must be flexible and provide variation management to the 
offshore energy system across multiple time scales. This work proposes a model 
predictive controller (MPC) sending setpoints to the CCGT to satisfy demand in the 
offshore power system under fluctuating wind power. A high-speed surrogate model 
suitable for optimizing in an MPC is identified. A linear MPC using a quadratic cost 
function with process constraints is formulated. The model-based control structure is then 
validated in simulation for satisfying a constant power demand under disturbances 
introduced by fluctuating wind power.  
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1. Introduction 
Currently, natural gas fueled gas turbines (GTs) are the main source of power in offshore 
oil and gas installations. National and international CO₂ reduction targets are 
incentivizing offshore operators to develop emission reduction strategies such as 
increasing energy efficiency and low emission power generation solutions like offshore 
wind power. It is likely that more than one technology will be implemented (Voldsund et 
al., 2023), resulting in a hybrid integrated offshore power generation system (Riboldi et 
al., 2020). In this work, we study a system with a combined cycle (CCGT) and power 
from wind.  In CCGTs, the bottoming cycle (BC) uses the exhaust heat from GTs to 
produce additional power in a steam turbine (ST) and increase thermal energy efficiency 
(Nord and Bolland, 2013). Due to weight and space limitations, BCs on offshore 
installations are designed to be low weight and compact, which affects their dynamic 
response (Montañés et al., 2021). As simple cycle GTs, CCGTs offshore must provide 
variation management to the offshore energy system across multiple time scales, 
stabilizing the power generation system. Decentralized control strategies for compact 
BCs and CCGT based on PI- and feedforward controllers were studied by Nord and 
Montañés (2018), and model-based nonlinear feedforward in combination with PI-
controllers was developed by Zotică et al. (2022).  
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The requirements for disturbance rejection of CCGTs are stringent when integrating non-
dispatchable wind turbines to the power generation system offshore, due to the increased 
variability of the net load to be covered by the CCGT. A model predictive controller 
(MPC) is proposed to control the setpoints to the GTs and provide setpoints to the lower 
PID control layer of the BC by exploiting information, e.g., of the required system 
demand, wind profile forecasts, and a model of the disturbance. This enables the CCGT 
power output of the integrated system to minimize generation and consumption 
mismatches, thereby stabilizing the electrical frequency of the power system. 
Furthermore, the MPC framework allows for additional control objectives, such as 
minimizing CO2 emissions and inherently handle steam temperature and pressure 
constraints.  

2. System description and model 

Figure 1 depicts the system considered in this work, consisting of an integrated wind-
thermal electricity generation system. We assume that the thermal system should 
compensate for variations in wind power generation. The thermal system, a CCGT, 
consists of two GTs and a BC with two once-through steam generators (OTSG) connected 
to a common steam turbine (ST) and condenser system. A wind farm produces non-
dispatchable power and the CCGT stabilizes the integrated power output. We simulate 
the power from the wind farm and CCGT using high-fidelity models and develop a 
surrogate model of the CCGT for the MPC. 
 

 
Figure 1. Conceptual description of the system. 

2.1. Power from wind farm 
The considered wind power plant consists of three wind turbines with 8 MW power rating 
each. The specifications are inspired by the Siemens Gamesa SG 8.0-167 DD wind 
turbine, but they do not represent that turbine in detail, as the details are not publicly 
available. The control of the wind turbines is taken as state-of-the-art grid-following 
maximum-power-point-tracking control, where the turbine actions are almost purely 
driven by the incoming wind, from which as much energy as possible is harvested. The 
wind turbines do not actively attempt to stabilize the electric power system. The task of 
stable control of the electric system is purely left to the gas turbines. This principle reflects 
the control of commercially available wind turbines, and the typical variation 
management strategy in wind-thermal systems (Burton, 2011). 
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The turbine layout is taken as a straight line with a spacing of ten diameters between 
turbines (standard, conservative spacing). A wind speed of 10 m/s with direction 
perpendicular to the layout (no wake) and with standard turbulence level is chosen. The 
incoming wind is then obtained from a farm-scale synthetic turbulence generator 
providing the rotor-averaged (power-equivalent) wind speed with consistent low-
frequency fluctuations and correlation between turbines (Chabaud, 2023), for a consistent 
representation of wind power variability. 
2.2. High fidelity dynamic model of the combined cycle 
SINTEF Energy Research developed a high-fidelity dynamic Modelica model of the 
CCGT (Montañés et al., 2021; Zotică et al., 2022), using the commercial modeling and 
simulation environment Dymola. We utilize Modelica models from the Thermal Power 
Library 1.21 and adapt them to build up the combined cycle power plant models. In this 
work we model the thermo-hydraulics of the steam cycle of the CCGT with high-fidelity 
principles and apply a simplified quasi-static model for the GT based on data provided 
by Siemens Energy through the LowEmission Consortium. The bottoming cycle is based 
on the design presented in Zotică et al. (2022). For further details on the underlying 
models for turbine islands and steam generators, refer the work by Montañés et al. (2017) 
and Zotică et al. (2022). OTSG models are explained in the work by Montañés et al. 
(2021).   
2.3. MPC surrogate model of the combined cycle 
In this work, the surrogate model used for the predictive controller is a linear, 
autoregressive model of the CCGT predicting the steam turbine power output 𝑃𝑃𝑠𝑠, and CO2 
emissions from the operation of the GTs. The parameters of the surrogate model are 
determined with a stability-constrained linear regression performed on data gathered from 
simulation of the high-fidelity dynamic model of the CCGT.  
The GT power 𝑥𝑥𝐺𝐺𝐺𝐺  and GT CO2 emissions 𝑥𝑥𝐶𝐶𝐶𝐶2 are modelled dependent on the current 
GT load, 𝑢𝑢𝐺𝐺𝐺𝐺 , 

𝑥𝑥𝐺𝐺𝐺𝐺 = 𝑓𝑓(𝑢𝑢𝐺𝐺𝐺𝐺)    ( 1 ) 

𝑥𝑥𝐶𝐶𝐶𝐶2 = 𝑓𝑓(𝑢𝑢𝐺𝐺𝐺𝐺).    ( 2 ) 

The dynamics of the BC are highly nonlinear. However, the lower PID control layer 
results in more linearized dynamics (see section 3.1) and enables the use of a linear 
prediction model for the MPC. In the BC, the OTSG consists of relatively large volumes 
and mass of metal walls that accumulate heat over time. Hence, the BC exhibits high 
thermal inertia at the interface of the gas turbine exhaust and steam generation in the 
OTSG (Montañés et al., 2021). Therefore, the surrogate model necessitates a higher order, 
𝑛𝑛, for modelling the predicted ST power in the next timestep 𝑘𝑘 + 1. The ST power is 
predicted from the temperature setpoints 𝑢𝑢𝑡𝑡 and pressure setpoint 𝑢𝑢𝑝𝑝 of the BC 

𝑥𝑥𝑆𝑆𝑆𝑆,𝑘𝑘+1 = 𝑓𝑓�𝑥𝑥𝐵𝐵𝐵𝐵,𝑘𝑘−𝑛𝑛 ,𝑢𝑢𝐺𝐺𝐺𝐺,𝑘𝑘−𝑛𝑛 ,𝑢𝑢𝑡𝑡,𝑘𝑘−𝑛𝑛 ,𝑢𝑢𝑝𝑝,𝑘𝑘−𝑛𝑛�, 𝑛𝑛 = 0, . . ,5  ( 3 ) 

3. Control structure 
The control structure proposed in this paper consists of a lower PID control layer of the 
BC and GT and an upper MPC control layer to provide setpoints to the lower layer.    
3.1. PID control layer 
The lower PID control layer keeps the superheated steam temperature at the outlet of the 
two OTSGs and superheated steam pressure at a setpoint given by the upper supervisory 
control layer (MPC). The power output of the ST is highly dependent on the enthalpy at 
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the inlet of the steam turbine. The BC heat input is mostly given by the gas turbine 
operation specified as GT load. The live steam pressure is controlled by manipulating the 
valve upstream the ST using a pure I-controller. The temperature is controlled by 
manipulating the feedwater flowrate, using a combination of model-based nonlinear 
feedforward for disturbance rejection and a feedback PI-controller to reject unmeasured 
disturbances and account for plant model mismatch. The nonlinear feedforward is derived 
from a simple steady-state energy balance over the OTSG. It receives measurements from 
the hot gas side flowrate and temperatures which are the main disturbances for the BC. 
The I and PI controllers are tuned from step responses using the SIMC tuning rules 
(Skogestad, 2003).  
3.2. MPC control layer 
The MPC provides GT setpoints 𝑢𝑢𝐺𝐺𝐺𝐺 , superheated steam temperature setpoints 𝑢𝑢𝑡𝑡, and 
the superheated steam pressure setpoint 𝑢𝑢𝑝𝑝 to the lower PID control layer. A linear MPC 
using a quadratic cost function with input constraints, and the surrogate model described 
in 2.3 is formulated  
 

𝑚𝑚𝑚𝑚𝑚𝑚  
𝑢𝑢

𝜔𝜔𝑑𝑑𝐽𝐽𝑑𝑑 +  𝜔𝜔𝐶𝐶𝑂𝑂2𝐽𝐽𝐶𝐶𝑂𝑂2 +𝜔𝜔𝑎𝑎𝐽𝐽𝑎𝑎   

𝑠𝑠. 𝑡𝑡.   𝑥𝑥𝑘𝑘+1 =  𝑓𝑓(𝑥𝑥𝑘𝑘−𝑛𝑛 ,𝑢𝑢𝑘𝑘−𝑛𝑛),  𝑛𝑛 = 0, . .5,  𝑘𝑘 = 0, … ,𝑁𝑁 − 1 

𝑔𝑔(𝑢𝑢𝑘𝑘) ≤ 0,   𝑘𝑘 = 0,  … ,𝑁𝑁 − 1 

𝑥𝑥0 = 𝑥𝑥�0.      ( 4 ) 

The objective of the MPC consists of, in order priority, a power tracking cost 𝐽𝐽𝑑𝑑  to satisfy 
a power demand, a CO2 emission penalty 𝐽𝐽𝐶𝐶𝑂𝑂2, and an actuation cost 𝐽𝐽𝑎𝑎. The power 
tracking cost is calculated from the difference between the total predicted power output, 
consisting of the power output from the GTs 𝑥𝑥𝐺𝐺𝐺𝐺 and ST 𝑥𝑥𝑆𝑆𝑆𝑆, forecasted wind power 𝑝𝑝𝑤𝑤 , 
and the power demand 𝑝𝑝𝑑𝑑 

𝐽𝐽𝑑𝑑 =  ∑ (𝑝𝑝𝑑𝑑,𝑘𝑘 − 𝑝𝑝𝑤𝑤,𝑘𝑘 − 𝑥𝑥𝐺𝐺𝐺𝐺,𝑘𝑘 − 𝑥𝑥𝑆𝑆𝑆𝑆,𝑘𝑘  )2𝑁𝑁
𝑘𝑘=0 .  ( 5 ) 

The CO2 emission penalty is a quadratic cost on the predicted CO2 emissions 
𝐽𝐽𝐶𝐶𝑂𝑂2 =  ∑ 𝑥𝑥𝐶𝐶𝐶𝐶2

2𝑁𝑁
𝑘𝑘=0 .    ( 6 ) 

Lastly, the actuation cost penalizes the change in the GT setpoints 𝑢𝑢𝐺𝐺𝐺𝐺 , BC temperature 
setpoints 𝑢𝑢𝑡𝑡, and BC pressure setpoint 𝑢𝑢𝑝𝑝 with a quadratic cost  

𝐽𝐽𝑎𝑎 =  ∑ (𝑢𝑢𝐺𝐺𝐺𝐺,𝑘𝑘+1 − 𝑢𝑢𝐺𝐺𝐺𝐺,𝑘𝑘)2 +𝑁𝑁−1
𝑘𝑘=0 (𝑢𝑢𝑡𝑡,𝑘𝑘+1 − 𝑢𝑢𝑡𝑡,𝑘𝑘)2 + (𝑢𝑢𝑝𝑝,𝑘𝑘+1 − 𝑢𝑢𝑝𝑝,𝑘𝑘)2.  ( 7 ) 

To simplify the tuning of the weights 𝜔𝜔, both the state and input variables are normalized 
to ensure comparability of the subobjectives 𝐽𝐽𝐶𝐶𝑂𝑂2 and 𝐽𝐽𝑎𝑎. As 𝐽𝐽𝑑𝑑 is the most important 
subobjective, the 𝜔𝜔𝑑𝑑  is set first. Afterwards 𝜔𝜔𝐶𝐶𝑂𝑂2 and 𝜔𝜔𝑎𝑎 are tuned by trial and error. 

4. Results and discussion 
The proposed MPC is tested in a simulation environment introduced in 4.1. The results 
(see 4.2) illustrate the disturbance rejection the MPC provides given fluctuating wind 
power and ST power output.  
4.1. Simulation environment 
The MPC is simulated in loop with a Gaussian process model of the CCGT regressed 
from data gathered from the high-fidelity model. The sampling time of 5 s and prediction 
horizon of 5 min were chosen to account for the vastly different time dynamics of the 
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GTs and the BC, which exhibited a closed loop settling time of 100-101 s and 102-103 s, 
respectively (Montañés et al., 2021). The simulation environment is assumed to provide 
full-state feedback of the ST power, GT power, and CO2 emissions of the GTs. Realistic 
wind profiles as described in Section 2.1, assumed to be forecasted exactly, are utilized.  
The simulations are formulated with CasADi (Andersson et al., 2019) and solved with 
IPOPT (Wächter and Biegler, 2006), where each MPC iteration is solved within 0.05 s.  
4.2. Results 
Figure 2(a) shows the cumulative power output of the wind turbines and the CCGT. The 
proposed MPC can control the CCGT to provide variation management under fluctuating 
wind power to satisfy a constant demand of 70 𝑀𝑀𝑀𝑀. Figure 2(b), showing the relative 
power of the wind turbines, GTs, and ST scaled to the total power demand indicates that 
fluctuations in wind power are mainly compensated by the power output of the GTs due 
to their fast dynamics. 

       (a)                                                                                (b) 
Figure 2. (a) Cumulative power output of the combined wind-thermal system. (b) Relative power 
output of CCGT and wind scaled to total demand. 
 

 
Figure 3. MPC step response showing cumulative power, GT load inputs, and steam temperature 
and pressure setpoints chosen by the MPC. 
 
Figure 3 illustrates the working principle of the MPC when the power demand of the 
CCGT changes, e.g., due to a change in wind power or overall wind-thermal system 
demand. Overall, the CCGT responds sufficiently fast to the step change in power 
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demand. The GT loads are adjusted at time of demand change, as GTs have a fast dynamic 
response. Furthermore, the MPC accounts for the slower dynamic response of the BC by 
regulating the gas turbine loads at 𝑡𝑡 = 100 𝑠𝑠 lower than the steady state gas turbine load 
at 𝑡𝑡 ≥ 200 𝑠𝑠.The dynamic response of the BC is improved by MPC as it regulates the 
setpoints to the lower PID control layer at 𝑡𝑡 = 60 𝑠𝑠 before the demand step change at 𝑡𝑡 =
100 𝑠𝑠 to account for the slower BC dynamics 

5. Conclusion 
This work proposes an MPC for CCGT control with variation management, and CO2 
emission reduction objectives. To formulate the MPC, a linear surrogate model is 
identified. As the CCGT process and the high-fidelity Modelica model are highly 
nonlinear, it is challenging to represent the dynamics correctly in a linear model.  
Simulations show that the MPC helps to achieve variation management of the integrated 
wind-thermal system by controlling the CCGT under fluctuating, realistic wind profiles.  
Further work should address uncertain wind profile forecasts and investigate different 
objectives to the MPC. 
The MPC offers a flexible framework in realizing other control objectives for the offshore 
power system, which will be investigated.  
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