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 Model Predictive Control of a Wet Limestone Flue Gas Desulfurization Pilot Plant A. L. Villanueva Perales,* P. Ollero, F. J. Gutie´rrez Ortiz, and A. Go´mez-Barea Department of Chemical and EnVironmental Engineering, UniVersity of SeVille, Camino de los Descubrimientos s/n, 41092, SeVille, Spain
 
 A model predictive control (MPC) strategy based on a dynamic matrix (DMC) is designed and applied to a wet limestone flue gas desulfurization (WLFGD) pilot plant to evaluate what enhancement in control performance can be achieved with respect to a conventional decentralized feedback control strategy. The results reveal that MPC can significantly improve both reference tracking and disturbance rejection. For disturbance rejection, the main control objective in WLFGD plants, selection of tuning parameters and sample time, is of paramount importance due to the fast effect of the main disturbance (inlet SO2 load to the absorber) on the most important controlled variable (outlet flue gas SO2 concentration). The proposed MPC strategy can be easily applied to full-scale WLFGD plants. 1. Introduction Wet limestone flue gas desulfurization is the most widespread technology to control SO2 emission in coal-fired power stations. In the wet limestone desulfurization process the flue gas is scrubbed with slurry containing limestone particles (CaCO3). The SO2 absorbed from the flue gas reacts with limestone and gypsum (CaSO4 · 2H2O) is produced according to the following overall reaction: SO2 + CaCO3(s) + 0.5O2 + 2H2O f CaSO4·2H2O(s) + CO2(1) In a previous paper1 it was shown that acceptable control of wet limestone flue gas desulfurization plants is obtained using a decentralized control strategy for both reference tracking and disturbance rejection. The latter was possible principally because WLFGD plants are not difficult to control (RGA elements are not large) and the main disturbance of the process (inlet SO2 load to the absorber) is well aligned with the plant. These features explain why decentralized control is the most common control strategy used in wet limestone flue gas desulfurization units.2-4 However, more efficient control strategies seem to be more suitable now because of the recent enforcement of more stringent SO2 emission limits.5 Meeting the new SO2 emission limits entails higher operating costs, concerning limestone consumption and pumping of absorbent slurry. In fact, the outlet SO2 set-point is set lower than the SO2 emission limit to provide a safety margin against changes in the inlet SO2 load to the absorber that could result in violation of the SO2 emission limit. However, the greater the safety margin, the higher the operating costs. The main objective of using advanced control strategies in WLFGD plants is to reject the effect of the inlet SO2 load more effectively than conventional decentralized control, allowing a smaller safety margin and reducing the operating costs. To the best of our knowledge, only a few patents by Alstom Technology Ltd. have dealt with the application of MPC to WLFGD plants.6-10 In these patents, a constrained MPC is applied to optimization of WLFGD plants based on Pegasus * To whom correspondence should be addressed. E-mail: [email protected]. Tel.: +0034 954487223.
 
 Technologies’ software Power Perfecter. Unfortunately, no information is given in the patents about real application of the invention. The aim of this paper is to compare how model predictive control (MPC) strategy can improve control of WLFGD plants with regard to conventional decentralized feedback control strategy. For that purpose, a MPC strategy based on a dynamic matrix (DMC) is designed and then applied to a WLFGD pilot plant. The application of this control strategy to the pilot plant raises similar challenges than those found in a full scale plant. For the sake of comparison, results of decentralized control performance previously published will be used as a benchmark.1 The paper is divided into three parts. The first part presents the dynamic model of the WLFGD pilot plant. The second part deals with the design of the model predictive controller using analytic tuning rules developed for DMC.11 Finally, the control performance of the model predictive controller is evaluated and compared with decentralized control for both reference tracking and disturbance rejection. 2. The WLFGD Pilot Plant Dynamic Model Description and identification of the WLFGD pilot plant were previously reported.12 In this paper only a brief description of the WLFGD pilot plant and its identification is provided. Figure 1 shows a simplified flow sheet of the WLFGD pilot plant. Flue gas produced in a fire-tube boiler and containing SO2 is cooled before entering the absorber tower. In the absorber, flue gas is brought into countercurrent contact with limestone slurry and SO2 absorption takes place. The slurry leaving the absorber is sent to an oxidation tank where fresh limestone slurry is continuously supplied. A continuous purge prevents accumulation of gypsum (byproduct), which is sent to a storage tank. The fresh limestone and slurry purge are pumped using peristaltic pumps. Most of the slurry from the oxidation tank is recycled to the top of the absorber using a centrifugal pump. The most important controlled variable in a WLFGD plant is the SO2 concentration in the desulfurized gas because of SO2 regulations, but it is also important to control the oxidation tank pH because it affects the gypsum quality.1 To obtain a multivariable linear dynamic model of the pilot plant, an identification procedure was carried out around a nominal operating point, previously determined to meet the new
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 Figure 1. Pilot plant flowsheet and general view: AT, SO2 sensor; M, variable speed motor; FT, gas flowmeter; pHT, pH sensor. Table 1. Nominal Operating Point of the Desulfurization Pilot Plant treated flue gas flow rate (Nm3/h) inlet flue gas SO2 concentration (ppmv) L/G ratio in the absorber (L/Nm3) oxidation tank pH SO2 removal efficiency (%) outlet flue gas SO2 concentration (ppmv) reagent ratio (Ca/S)
 
 250 1500 12 3.9 95 70 1.03
 
 3. Dynamic Matrix Control (DMC)
 
 European SO2 emission limit for large power plant stations (outlet SO2 concentration e 70 ppmv) and obtain commercialquality gypsum12 (Table 1). Equation 2 shows the linear multivariable dynamic model of the pilot plant. The model takes into account the main controlled (y), manipulated (u), and disturbance variables (d) in a WLFGD plant: y ) Gu + gdd
 
 (2)
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 -0.132 0.0835 966s + 1 1448s + 1 , 4 -23.65e-120s -1.81(4.69 × 10 s + 1) 5 2 1284s + 1 2.68 × 10 s + 2364s + 1 -2.65 × 10-6 Q 988s + 1 u) , gd ) , d ) [load] L 3 × 10-3 236s + 1
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 ]
 
 From the dynamic model of the WLFDG plant a DMC controller is designed as is explained in the next section.
 
 In this equation, SO2 is the outlet flue gas SO2 concentration (ppmv), pH is the oxidation tank pH, Q is the rotating speed of the peristaltic pump for fresh limestone supply (rpm), L is the frequency of the slurry recirculation pump motor (Hz) and “load” represents the SO2 load to the absorber (Nm3 · ppmv/h) calculated as the product of the inlet flue gas flow rate and the inlet SO2 concentration. The time scale of the model is second. As was shown in a previous paper,12 the match between the model and the plant is very good. The modeling error is small in the operating pH range studied (3.8-4.5), thus indicating that the nonlinearity of the pH is not significant in that range.
 
 3.1. Formulation for MIMO Systems. Dynamic matrix control (DMC) is one of the most popular MPC algorithm currently used in the chemical process industry.13 The main characteristics of DMC algorithm are the use of finite step responses models and calculation of optimal manipulated variable (MV) moves through least-squares minimization of a quadratic performance objective function over a finite prediction horizon.14-16 The objective function usually has two terms: one that takes into account future control errors, that is, deviations of the controlled variables from set-points (ei) over the prediction horizon, and another term that penalizes changes in manipulated variables over a control horizon. For a multivariable system of r outputs (yi) and s inputs (uj), the objective function (J) can be expressed as follows:14-16 r
 
 J)
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 where ri is the reference of ith output, γi2 (i ) 1...r) are the controlled variable weights, λj2(j ) 1...s) are the move suppression coefficients, P and M are the prediction and control horizon, respectively, and ∆u(k) ) u(k) - u(k - 1) represents changes of the manipulated variables over the control horizon. The objective of the DMC controller is to minimize the objective function in a least-squares sense. If minimization of the objective function is not subjected to constraints, the MV moves can be computed as the solution to a linear least-squares problem as follows (DMC control law):16 ∆uj ) (ATΓTΓA + ΛTΛ)-1ATΓTΓej ) KDMCje
 
 (4)
 
 In eq 4, ∆uj is the vector of MV moves to be determined, A is the multivariable dynamic matrix, je is the vector of predicted
 
 Ind. Eng. Chem. Res., Vol. 48, No. 11, 2009 T
 
 T
 
 errors, Γ Γ is the matrix of controlled variable weights and Λ Λ is the matrix of move suppression coefficients.16 Each element of the multivariable dynamic matrix, A (dimension P · R × M · S), in the DMC control law is a matrix Aij (dimension P × M) which is formed from unit step response coefficients relating the ith controlled variable (output) to the jth manipulated variable (input). The matrix of controlled variable weights, ΓTΓ (dimension P · R × P · R), is a diagonal matrix which has γi2IPxP i ) 1...r as diagonal elements. The matrix of move suppression coefficients, ΛTΛ (dimension M · S × M · S), is a diagonal matrix which has λ2j IMxM j ) 1...s as diagonal elements. Since A, Γ, and Λ are time-invariant, the DMC controller is a constant gain matrix, KDMC, in the case of unconstrained problems (eq 4). 3.2. Tuning Rules. The adjustable parameters in an unconstrained multivariable DMC affecting closed loop performance are: sample time (T), model horizon (N) (process settling time expressed on a sample time basis), finite prediction horizon (P), control horizon (M), γi2 (i ) 1...r) and λj2 (j ) 1...s). Shridhar and Cooper11 developed analytical tuning rules to compute move suppression coefficients so that a desirable DMC closed-loop performance can be achieved while preventing aggressive manipulated input moves. For computing the move suppression coefficients, the dynamic model of the process (G) and all adjustable parameters of the MPC controller are considered at the same time. Thus, the tuning rules are very consistent and also easy to use due to their analytical nature. In this paper, only the intermediate and final results when applying the Shridhar and Cooper’s tuning rules to the WLFGD pilot plant are shown. 3.3. Application of the Tuning Strategy to the WLFGD Pilot Plant. The first step of the tuning strategy is to approximate the dynamics of all manipulated variable-controlled variable pairs with first order plus dead time (FOPDT) models. It should be noted that the approximations are only used for applying the tuning rules and that the predictive controller is just implemented with the transfer functions of the plant model (eq 2). In the case of the WLFGD pilot plant, only the g22 transfer function must be approximated. The dynamic response of the outlet SO2 concentration for a step change in the recycle slurry flow rate is very different from a FOPDT response, mainly due to the high derivative action of the zero.12 Therefore, a good approximation using a FOPDT model is not possible. Hence, a rough approximation was considered by selecting the same static gain and calculating its time constant as a quarter of the settling time of the original transfer function. As a result, the approximated g22 transfer function is ) gaprox 22
 
 -1.81 3000s + 1
 
 (5)
 
 Once all the transfer functions of the MIMO dynamic model are expressed as FOPDT models, sample time (T), model horizon (N), prediction horizon (P), and control horizon (M) can be calculated. The model horizon is set equal to the prediction horizon in the tuning strategy. The calculated values are T ) 120 s, P ) N ) 125, and M ) 25. It must be pointed out that the sample time suggested by the tuning rule is 97 s, but we rounded it up to 2 min, that is, 120 s. This is possible since the tuning rules are flexible on choice of sample time and the rest of the tuning parameters can be calculated accordingly. This decision does not result in a degradation of control as it will be commented later. In the next step, the controlled variable weights γi2 must be selected so that pH and SO2 control errors are of the same order of magnitude in the objective function J (equation 6).
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 Table 2. Tuning Parameters Set for a Sample Time of 120 s T P M N
 
 γpH2 γSO22 λQ2 λL2
 
 120 s 100 15 100
 
 6.25 3.24 × 10-4 0.624 0.476
 
 γpHepH ≈ γSO2eSO2
 
 (6)
 
 Thus, the MPC controller will deem both controlled variables as equally important. For that purpose, γpH2 and γSO22 were selected by considering the expected error for each controlled variable as the average SO2 and pH set-point changes in the pilot plant: 0.4 and 60 ppmv, respectively.1 Consequently γpH )
 
 1 ) 2.5; 0.4
 
 γSO2 )
 
 1 ) 0.016 60
 
 (7)
 
 so γpH2 ) 6.25;
 
 γSO22 ) 2.56 × 10-4
 
 (8)
 
 At this point, the move suppression factors λQ2 and λL2 are calculated using the analytical tuning rules of Shridhar and Cooper: λQ2 ) 1
 
 λL2 ) 0.533
 
 (9)
 
 The most important control objective in a WLFGD plant is the rejection of changes in the inlet SO2 load, especially in order to achieve a good control of the outlet SO2 concentration.1 For this purpose, the tuning parameters were adjusted via simulation. The input move suppression factors were reduced with the aim of getting a bit more aggressive control action. The control and prediction horizons were also decreased to minimize the calculation burden of the controller without affecting the control performance. The final tuning is shown in Table 2. The tuning strategy of Shridhar and Cooper does not take into account that the sample time should be also selected by considering the dynamics of the disturbances. If a disturbance has a large and fast effect on a controlled variable a short sample time is necessary to reject that disturbance quickly. This is the case of WLFGD plants where changes in the inlet SO2 load have a large and fast effect on the outlet flue gas SO2 concentration.12 In the pilot plant, the maximum expected change in the flue gas flow rate is 20 Nm3/h.1 Since the inlet flue gas SO2 concentration is kept constant at its nominal value (1500 ppmv), the maximum expected change in the inlet SO2 load is 30000 Nm3 · ppmv/h. By means of a dynamic simulation of the process it is confirmed that good control for disturbance rejection can be achieved if a sample time of 120 s is selected. It was also verified that practically the same control performance was obtained when the suggested sample time of the tuning rule (97 s) was selected. However, if a shorter sample time is chosen, for example, 60 s, the control performance slightly improves (Figure 2). For that reason, the tuning parameters corresponding to a sample time of 60 s (Table 3) were used in the pilot plant. 4. Pilot Plant Experiments Performance of the MPC controller is evaluated for SO2 load rejection and outlet SO2 concentration and tank pH reference tracking. Results of decentralized control performance previously published1 will be used as benchmark. It must be pointed out that for decentralized control, the outlet SO2 concentration is controlled by manipulating the slurry recycle flow rate while the oxidation tank pH is controlled by manipulating the fresh
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 Figure 2. Simulations of rejection of the maximum expected change in the disturbance for two different tunings (blue-dashed line ) tuning Table 2, red-solid line ) tuning Table 3). Feedforward action is active. Variables plotted as deviation variables from nominal operating point. Table 3. Tuning Parameters Set for a Sample Time of 60 s T P M N
 
 60s 200 25 200
 
 2 γpH 2 γSO 2 λQ2 2 λL
 
 Figure 4. Performance of decentralized control strategy without feedforward action for 80% of maximum expected step change in the disturbance (SO2in kept constant at 1500 ppmv). Set-points: pH ) 3.8, SO2 ) 52 ppmv.1
 
 6.25 1.69×10-4 1.90 1.54
 
 limestone slurry flow rate. These pairings are beneficial for SO2 control and decrease the risk of instability at high frequencies due to interactions between control loops.1 The sample time of the decentralized control is 30 s. 4.1. Disturbance Rejection. A model predictive controller directly takes into account the directionality of the plant. Thus, it is expected that the proposed MPC strategy can exploit the well alignment at high frequencies between the plant and the disturbance1 more efficiently than decentralized control. A well alignment at high frequencies regarding WLFGD plants means
 
 Figure 5. Model predictive control simulation: disturbance rejection with and without feedforward action (blue-solid and red-dashed line, respectively) for maximum expected disturbance change. Variables expressed as deviation variables.
 
 Figure 3. Performance of MPC strategy without feedforward action for 87% of maximum expected step change in the disturbance. Set-points: pH ) 3.8, SO2 ) 77 ppmv.
 
 that the large and fast effect of the inlet SO2 load on the outlet flue gas SO2 concentration can be initially counteracted in a effective way by means of the large and fast effect of the slurry recycle flow rate on the same variable. Figures 3 and 4 show the disturbance rejection using MPC strategy and decentralized control,1 respectively. No feedforward action is used in both strategies. According to our previous paper,1 the criterion for achieving acceptable control of the WLFGD pilot plant is to keep the control error of pH and SO2 below 0.12 and 50 ppmv, respectively. Although in the case of the MPC experiment the inlet SO2 load change is 8.75% greater than in the decentralized control experiment, the maximum pH control error is 50% lower. In both cases the maximum SO2 control error is 60 ppmv, 20% greater than the maximum allowable SO2 error, resulting in unacceptable control. Besides,
 
 Ind. Eng. Chem. Res., Vol. 48, No. 11, 2009
 
 Figure 6. Model predictive control: disturbance rejection with feedforward action for 75% maximum expected disturbance change. Set-points: 3.8, SO2 ) 82 ppm.
 
 Figure 7. Model predictive control. Comparison between experiments with and without feedforward action (blue-solid and red-dashed line, respectively) for disturbance rejection. SO2 and pH expressed as deviation variables from set-points.
 
 in the case of the MPC controller, the settling time is reduced 50%, no overshoot occurs and the control effort is lower because MV moves are less aggressive but more effective. Therefore, significant improvement is achieved with MPC strategy with regard to decentralized control. To improve disturbance rejection, feedforward action was added to the model predictive controller just simply including in the predictions the dynamics of the tank pH and outlet SO2 concentration with regard to the inlet SO2 load. Simulations show that significant improvements in control performance can be obtained (Figure 5). In Figure 6 performance of the model predictive controller with feedforward action for a 75% maximum expected distur-
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 Figure 8. Decentralized control: disturbance rejection with feedforward action for 80% maximum expected disturbance change. Set-points: 3.8, SO2 ) 52 ppm.1
 
 Figure 9. Decentralized control: outlet SO2 set-point tracking from 70 to 30 ppmv (-40 ppmv) and from 40 to 120 (+80 ppmv). pH set-point: 3.78.1
 
 bance change is shown. Now, acceptable SO2 control is achieved although the result may be somewhat misleading because it is partially caused by the lower change in the disturbance with regard to the experiment in which no feedforward action was used. To make it clear that the feedforward action improves the control of the pilot plant in Figure 7 both experiments are compared. As expected from simulations, with feedforward action the fresh limestone flow rate to the oxidation tank is increased as soon as the inlet SO2 load increases while the recycle flow rate is also increased but no more than in the case without feedforward action. The reason is that the controller with feedforward action predicts that a more rapid increase of the fresh limestone slurry combined with practically the same change in the slurry recycle flow rate is enough to effectively reject the disturbance. The recycle flow rate affects the outlet
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 Figure 10. Model predictive control: outlet SO2 tracking between 40 and 120 ppmv ((80 ppmv). pH set-point: 3.8.
 
 Figure 12. Decentralized control: tank pH set-point tracking from 4 to 4.5. Outlet SO2 concentration set-point: 32 ppmv.1
 
 Figure 11. Model predictive control: tank pH set-point tracking between 3.8, 4.2, and 4.5. Outlet SO2 concentration set-point: 86 ppmv.
 
 Figure 13. Comparison of model predictive (blue-solid line) and decentralized control (red-dashed line) for a pH set-point change from 4.5 to 3.8. Variables plotted as deviation variables.
 
 SO2 concentration very fast while the effect of the fresh limestone flow rate on the SO2 takes a little longer to add, due to the slow limestone dissolution in WLFGD plants. Furthermore, the later effect also prevents the decrease of pH due to the extra amount of SO2 absorbed. Therefore, the controller makes use of the disturbance models to optimally reject the disturbance. For the sake of comparison, disturbance rejection using decentralized control with feedforward action is shown in Figure 8. Acceptable control is also obtained but at a cost of larger oscillations and control efforts than by the MPC controller. 4.2. SO2 Set-Point Tracking. Outlet SO2 concentration and tank pH set-point tracking are not the main control objectives in a WLFGD plant but they can be taken into account for comparing the performance of decentralized and model predictive control. Figures 9 and 10 show the outlet SO2 concentration set-point tracking for decentralized and model predictive control, respec-
 
 tively. On average, the outlet SO2 concentration rising time and overshoot are reduced by 45% and 85%, respectively, compared to decentralized control. Therefore, SO2 control is greatly improved mainly because the MPC controller can exploit efficiently the fast and large effect of the slurry recycle flow rate on the outlet SO2 concentration. Control of tank pH is also improved and maximum deviation from set-point is reduced by 50%. However, pH settling time for decreasing changes in SO2 set-point increases 30% although this is less of a problem due to the negligible control error. 4.3. Tank pH Set-Point Tracking. To assess the capability of the model predictive controller for pH set-point tracking, step changes in pH set-point of different magnitude and directions (+0.5, +0.2, -0.7) in a wide pH range (3.8-4.5) were performed (Figure 11). The control performance is very good and much better than by decentralized control (Figure 12): the pH settling time is reduced by 40% while the pH overshoot
 
 Ind. Eng. Chem. Res., Vol. 48, No. 11, 2009
 
 decreases from 30% to 7%. The control of the outlet SO2 concentration is excellent without significant control errors despite the large changes in the pH set-point. The improvement achieved by the MPC controller is more obvious for large changes in the pH set-point, as it is shown in Figure 13. Besides better pH control, the maximum SO2 control error is reduced by 50% with regard to decentralized control, and the settling time, overshoot, and control effort are also decreased. The latter results in lower operating costs. 5. Conclusions The experimental results obtained in the WLFGD pilot plant show that model predictive control is significantly superior to decentralized control for disturbance rejection and set-point tracking. Furthermore, this improvement is achieved with lower control effort, resulting in lower operating cost and wear of final control elements. It is recommended to add feedforward action to the MPC controller to improve disturbance rejection in WLFGD plants. Therefore, MPC strategy is a good option for improving control performance in WLFGD plants. The substitution of decentralized control by MPC strategy in full-scale WLFGD plants implies just extra programming provided that there is just a suitable hardware in the plant and a dynamic model of the plant is already available from previous design of the decentralized control system. If a dynamic model were not available it could be obtained from identification experiments, like those proposed by the authors.12 From the dynamic model of the process, tuning the MPC controller by using the Shridhar and Cooper’s rules is straightforward. Selection of sample time should be made carefully due to the fast and large effect of inlet SO2 load on the outlet flue gas SO2 concentration. Acknowledgment This work is part of the research project “Advanced control of wet flue gas desulfurization units” (PPQ2001-1106) funded by the Science and Technology Ministry of Spain.
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