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10 Abstract

11 This study addresses the water scarcity issue in Chilean distilleries by developing a model-based engineering 
12 workflow. Prolonged droughts, likely linked to global warming, have exacerbated this problem. The primary 
13 challenge is to maintain high-quality spirits while reducing cooling water and energy use during batch 
14 distillation in packed columns. Using mass and energy balances, this process is modeled as a partial differential 
15 algebraic equation (PDAE) system. Our workflow includes mechanistic modeling, disturbance modeling, 
16 multiobjective optimization, model predictive control, and Monte Carlo simulations. Our findings show that 
17 cooling water consumption can be reduced by up to 35% and energy consumption by up to 14.4% while 
18 maintaining product quality. The proposed system is robust against operational disturbances and model 
19 mismatch, ensuring consistent distillate quality. This research demonstrates the integration of model-based 
20 optimization and control strategies in batch distillation processes and can be replicated in other fruit wine 
21 distillation processes for improved sustainability.

22 Keywords: Fruit wine, batch distillation, multiobjective optimization, partial differential algebraic equation 
23 systems, water consumption.

24 1. INTRODUCTION

25 Producing high-quality spirits with unique flavors and aromas in batch column stills is a major concern in 
26 the rapidly growing fruit wine industry (Holds, 2023). The complex distillation process is mainly influenced 
27 by the fermented fruit juice used and the specific operating recipe applied to achieve the desired aroma profile 
28 (Sacher et al., 2017), which determines the expected quality and the respective typification that differentiates 
29 it from other distillates (Agosin et al., 2000). However, this process also raises environmental concerns due to 
30 the extensive use of cooling water and energy (Barbosa et al., 2018).

31 Studying environmental impacts and sustainability in wine and spirits production has become increasingly 
32 critical. Notably, Martins et al., (2018) achieved a 10 % reduction in solid waste by implementing sustainable 
33 practices in winemaking. Similarly, Iannone et al., (2016) reported a significant decrease of 95 % in carbon 
34 dioxide emissions by optimizing temperatures utilizing life cycle assessment (LCA) methodologies. Barbosa et 
35 al. (2018) highlighted the importance of water reuse and consumption reduction strategies for enhancing 
36 winemaking sustainability, especially in regions where climatic variables heavily influence viticulture. 
37 Applying scenario simulations in Aspen Plus®, Silva et al., (2017) obtained a 24 % waste reduction by 
38 integrating a reboiler into the distillation process. Additionally, Nemeth et al., (2020) demonstrated a 20 % 
39 reduction in CO2 emissions and a 30 % improvement in productivity by optimizing the solvent recovery process 
40 in batch distillation columns using genetic algorithms to adjust the reflux ratio and stopping criteria in 
41 ChemCAD simulations. Becker et al., (2020) proposed that the French spirits industry could achieve carbon 
42 neutrality by lowering emissions by 10 % and reducing the weight of bottles. Our research contributes to this 
43 growing body of work by further exploring advanced model-based techniques to reproducibly improve the 
44 performance and sustainability of fruit wine distillation.

45 The spirits distillation industry faces two major problems. The first is related to suboptimal operating 
46 policies that don’t guarantee the quality of the distillate, which is made more difficult by the need to reduce 
47 environmental impact and water and energy consumption, highlighting the need for sustainability efforts 
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48 (Diwekar et al., 2021; White, 2023). The problem of increasing water scarcity is particularly acute in regions 
49 such as northern Chile, a hub for producing pisco, the most traditional and important spirit produced in the 
50 country (Muñoz et al., 2020). Moreover, despite the known dependence of the distillate on the process recipe, 
51 stills are manually operated, which affects the aroma composition (Arrieta-Garay et al., 2014; Balanuta et 
52 al., 2021). As a result, the uncontrolled operations lead to irreproducible distillations (García-Llobodanin et 
53 al., 2011; Heller and Einfalt, 2022).

54 Developing models that can reproduce the sophistication of real fruit wine distillations is essential to 
55 advance practical solutions for the spirits industry. The level of sophistication of the model depends on the type 
56 of distillation equipment. Copper alembic models are easier to solve because they typically include two stages 
57 that can be well represented with a few ordinary differential and algebraic equations. Modeling batch plate 
58 columns is more challenging due to the need for an extra stage for each plate, leading to a complex differential 
59 algebraic equation (DAE) system requiring specific numerical methods. Batch-packed column distillation units, 
60 represented by partial differential algebraic equation (PDAE) systems, are even more complex to model. The 
61 modeling of the different types of distillation units using several fruit wines has been extensively studied. The 
62 production of pisco from Muscat wine has been modeled in copper alembics (Luna et al., 2019, 2018), batch 
63 plate columns (De Lucca et al., 2013; Osorio et al., 2005, 2004), and batch-packed columns (Carvallo et 
64 al., 2011; Diaz-Quezada et al., 2022). In addition, copper alembic models have been developed for cachaça 
65 (Scanavini et al., 2010; Soares et al., 2019; Tenorio et al., 2023), gin (Hodel et al., 2021), pear wine brandy 
66 (Sacher et al., 2013), and slivovitz, a fruit spirit made from damson (Spaho, 2017). Plate column models are 
67 available for whiskey (Valderrama et al., 2012) and fruit brandies (Douady et al., 2019; Hodel et al., 2021). 
68 These models provide important insights to improve the operation of the respective distillation unit and help 
69 better understand how to increase the recovery of specific aromas of a given fermented fruit juice. However, 
70 these models are rarely used to optimize the distillation recipe or design control systems to minimize the impact 
71 of process variability on product quality, productivity, and sustainability.

72 In Chemical Engineering, multiobjective optimization (MOO) for batch processes has received considerable 
73 attention due to its potential to develop sustainable and efficient operating methods. In particular, Luna et al. 
74 (2021) used MOO to design optimal wine distillation recipes, emphasizing energy efficiency while focusing 
75 on quality and food safety. Parhi et al. (2019) studied a vapor-compressed distillation column in batch 
76 distillation, focusing on energy savings and economic viability based on optimization. Another relevant 
77 application of MOO has been in batch processes in the pharmaceutical industry (Sarkar et al., 2006; Sridhar, 
78 2020), focusing on optimal process design for quality improvement. However, an overarching theme in these 
79 efforts is the commitment to sustainability, as evidenced by works applied to the design of batch chemical 
80 processes based on multiobjective optimization using the MINSOOP algorithm. Using this procedure, 
81 Diwekar (2005) and Fu & Diwekar (2004) achieved a 30 % cost reduction, a 15 % efficiency increase, 
82 and 10 % reduced emissions in a batch process. A recent review of MOO algorithms and applications in the 
83 field of water and environmental sciences was made by Yaghoubzadeh-Bavandpour et al. (2022); they discuss 
84 a wide range of algorithms considering swarm intelligence, evolutionary computation, science-based, and 
85 human-based. In their review, Yaghoubzadeh-Bavandpour et al. point out that the most applied MOO algorithm 
86 in the water and environmental sciences is NSGA-II.

87 Despite the significant advances in sustainable process systems engineering, most have not been widely 
88 adopted in the spirits production industry. Ensuring the reproducibility and applicability of process optimization 
89 models in real-world industrial settings is a significant challenge, especially when dealing with time-varying 
90 disturbances. Few optimization studies have considered reproducibility in realistic scenarios with time-varying 
91 disturbances. Diwekar (2003) enhanced the acetic acid extraction-distillation process by optimizing the 
92 recovery ratio and minimizing environmental toxicity under variable conditions and uncertain process 
93 parameters. These authors achieved consistent recovery with up to a 90 % reduction in toxicity, highlighting 
94 the importance of including variability in the optimization process. While MOO has proven effective for 
95 optimizing various objectives in batch processes, selecting the optimal solution from the Pareto front remains 
96 challenging. Decision-making methods like TOPSIS are useful for this selection, which is commonly applied 
97 for its straightforward approach to balancing conflicting objectives by ranking them using Euclidean distances, 
98 as noted in distillation process studies (Krishnan et al., 2023; Luna et al., 2021).

99 Distilling fermented fruit wines in stills presents significant process control challenges due to the varying 
100 operating conditions, unlike continuous processes that mostly operate in steady-state. Adopting automatic 
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101 control techniques in the fruit wine distillation industry has been slow despite being successfully applied to 
102 many other batch chemical processes (Lopez-Saucedo et al., 2016; Völker et al., 2007). Controllers can be 
103 designed and tuned to track optimal trajectories and reject disturbances, reducing the variability between 
104 distillations (May-Vázquez et al., 2022). Therefore, these techniques can improve distillation performance, 
105 process reproducibility, and disturbance management, aligning with industry sustainability goals (Monroy-
106 Loperena and Alvarez-Ramirez, 2000). The Proportional Integral Controller (PI) with tuning rules based on 
107 Internal Model Control (IMC), which is widely adopted in the process industry, is a good and cost-effective 
108 option for controlling batch distillation of spirits, as it requires minimal control instrumentation, shows 
109 satisfactory performance in most cases and is easy to tune. Typically, the control variable is the distillate 
110 temperature or its composition (measured directly or estimated from temperature measurements) (Aneesh et al., 
111 2016). Nevertheless, Model Predictive Control (MPC) can potentially achieve better control because it uses 
112 additional measurements, includes constraints, and considers future references and control actions (Kvernland 
113 et al., 2010). Other techniques, such as artificial intelligence-based controllers (Daosud et al., 2016) or 
114 coordination auto-tune PI controllers coupled with MPC online optimization (Kumar et al., 2022), could achieve 
115 slightly better performance but require much more hardware and time to implement in industrial settings.

116 Most producers of batch-distilled wine spirits are not using the above techniques to achieve high-quality, 
117 more reproducible, and more sustainable products. Possibly, they are not convinced that these techniques are 
118 applicable in their challenging environment.

119 This study integrates rigorous dynamic modeling, disturbance modeling, multiobjective optimization, model 
120 predictive control, and Monte Carlo simulations to improve distillation performance and process 
121 reproducibility, and reduce cooling water and energy consumption. The variability encountered in actual 
122 experimental conditions was modeled to assess its impact on process performance. Then, using multiobjective 
123 optimization techniques, we searched for suitable operating trajectories. The control strategies chosen, PI-IMC 
124 and MPC, are commonly applied in the process industries because they are simple to tune, typically track 
125 varying setpoints, and minimize the impact of measured and unmeasured disturbances. Furthermore, their future 
126 implementation and widespread use in the spirits industry will be simplified. Our approach combines the 
127 sustainable nature of previous studies but also considers practicality, reproducibility, and adaptability to the 
128 variability inherent in real-world batch processes. This approach aligns with the Institute of Chemical Engineers 
129 (UK) vision, which underscores the chemical industry’s commitment to significantly contribute to a more 
130 sustainable world over the next 5 to 10 years. The approach adopted is comprehensively explained in Section 
131 2, followed by the presentation and analysis of the main results in Section 3. The conclusions of this research 
132 are presented in Section 4.

133 2. METHODOLOGY 

134 This section provides a detailed description of the workflow applied to the fruit distillation process. We 
135 present a comprehensive model-based workflow that includes the batch-packed column distillation model and 
136 the multi-objective optimization methods used to derive optimal operating trajectories. In addition, we describe 
137 the controller algorithms implemented to follow these trajectories. The performance of the controller to mitigate 
138 the effects of unmeasured disturbances is assessed using Monte Carlo simulations.

139 2.1. BATCH PACKED-COLUMN DISTILLER SIMULATOR

140 This subsection describes the distiller simulator used to optimize the operation trajectories and controller 
141 design. Firstly, the mathematical model of the distiller is presented. Next, the main performance indices of the 
142 distillation process, such as energy and water consumption, are defined. Finally, a disturbance modeling 
143 approach represents the experimental variance in a pilot batch distiller at scale.

144 2.1.1. PROCESS MODEL DESCRIPTION

145 The pilot distillation system modeled in this study is at the Department of Chemical and Bioprocess 
146 Engineering of the Pontificia Universidad Católica de Chile. It has been previously documented by Díaz-
147 Quezada et al. (2015). The dynamic behavior of the main fraction (also known as the heart-cut in spirits 
148 distillation) operation is simulated, starting with an initial load of 40 L, 13 %v/v ethanol concentration, and 1.5 
149 g/L a.a. of methanol. The initial settings for the boiler heating power, cooling water flow rate at the partial 
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150 condenser, and inlet cooling water temperature were 800 W, 150 mL/min, and 20 ºC, respectively. The control 
151 system and disturbance model later defined these inputs. The simulation was run for 8.3 h before ending. 

152
153 Figure 1. Process diagram of the modeled distillation system.

154 To model the distillation system accurately (Figure 1), we applied mass and energy balances to each section, 
155 including the boiler, rectification column, and partial condenser. The boiler is described by four ordinary 
156 differential equations (ODEs) that incorporate three mass balances (total mass, ethanol, and methanol) and an 
157 energy balance. In contrast, the packed column requires four partial differential equations (PDEs) to account 
158 for the change in temperature and composition with height and time. These PDEs include three mass balances 
159 (total mass, ethanol, and methanol) and one energy balance. In addition, two algebraic equations describe the 
160 vapor phase equilibrium of methanol and ethanol in the packed column. The partial condenser is considered in 
161 a quasi-steady state since its holdup is negligible. Thus, four algebraic equations are used to describe it, 
162 including three mass balances and one energy balance. The model also includes a set of constitutive 
163 relationships that generate algebraic equations, such as non-ideal vapor/liquid equilibrium, transport properties 
164 (diffusion coefficients, viscosities, heat transfer coefficients), physical properties (superficial tensions, 
165 densities, heat capacities, vapor and liquid enthalpies, and latent heats), packing hydraulics inside the 
166 rectification column, and mass and heat transfer correlations. Please refer to De Lucca et al. (2013) for more 
167 detailed information.

168 To transform the partial differential equations (PDEs) describing the packed column into a more manageable 
169 ordinary differential equation (ODE) system, we used the method of lines with finite differences (Chen and Li, 
170 2008; Schiesser and Griffiths, 2009). In this method, the height (z-axis) was discretized into seven elements, 
171 resulting in a system that, after some algebra, can be written in the standard semi-explicit notation (Eqs. 1-3). 
172 The final differential/algebraic equation system (DAEs) is highly nonlinear. It comprises 31 ODEs (represented 
173 by f in Eq. 1), two implicit algebraic equations (represented by h in Eq. 2), and 113 explicit algebraic equations 
174 (represented by g in Eq. 3). These equations define the model outputs y, such as the temperatures and ethanol 
175 concentration in the distillate.

𝑑𝒙
𝑑𝑡 = 𝒇(𝒙(𝑡),𝐰(𝑡),𝒚(𝑡),𝒖(𝑡),𝒑) (1)

𝟎  = 𝒉(𝒙(𝑡),𝐰(𝑡),𝒚(𝑡),𝒖(𝑡),𝒑) (2)

𝒚  = 𝒈(𝒙(𝑡),𝐰(𝑡),𝒖(𝑡),𝒑) (3)
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176 The resulting system is a nonlinear multivariable input-output (MIMO) system where the implicit equations 
177 are solved at each integration step using the algebraic-constraint loop within Matlab/Simulink. For more 
178 information about the methodology, model equations, and validation, please refer to our previous work (Diaz-
179 Quezada et al., 2022). In the ideal case (constant inputs without noise), the simulation time is approximately 
180 two seconds, using the Matlab ode15s integrator on a desktop computer with 3 GHz (6 cores) and 16 GB of 
181 RAM.

182 2.1.2. DISTILLATION PERFORMANCE INDICES

183 We selected a set of six performance indices to compare distillation scenarios based on their quality, energy 
184 consumption, and water consumption. Each is expressed as a percentage to make the indices’ scale more 
185 readable.

186 The first index measures minimum ethanol concentration, which directly impacts distillate quality. Previous 
187 work (Balcerek et al., 2017; Luna et al., 2019; Spaho, 2017) has established a critical link whereby lower 
188 alcohol content introduces unwanted tail-cut aromas into the distillate, negatively impacting distillate quality:

%𝐸𝑡ℎ. 𝑚𝑖𝑛. = min(𝐴𝑑(𝑡)) , (4)

189 where the variable 𝐴𝑑 represents the ethanol concentration in the distillate and is already expressed as a 
190 percentage (%v/v). 

191 The second index considers the average ethanol concentration in the collector. This index reflects the bulk 
192 quality of the distillate at the end of the distillation process. Higher values are associated with superior distillate 
193 quality.

%𝐸𝑡ℎ. 𝑎𝑣𝑔. = 𝐴𝑐(𝑡𝑒𝑛𝑑), (5)

194 where 𝐴𝑐 is the ethanol concentration in the distillate collector; this variable is already in percentage (%v/v).

195 The third and fourth indices are the mass recovery of the ethanol and methanol in the distillate. High 
196 recoveries of ethanol are favorable since they mean high productivity, while in the case of methanol, lower 
197 recoveries are desirable because it is a toxic compound. The expressions are respectively:

%𝑅𝑒𝑐. 𝐸𝑡ℎ. =
𝑚𝑐,𝑒𝑡ℎ(𝑡𝑒𝑛𝑑)
𝑚𝑒𝑡ℎ(𝑡𝑖𝑛𝑖)

100, (6)

%𝑅𝑒𝑐. 𝑀𝑒𝑡. =
𝑚𝑐,𝑚𝑒𝑡(𝑡𝑒𝑛𝑑)
𝑚𝑚𝑒𝑡(𝑡𝑖𝑛𝑖)

100, (7)

198 where 𝑚𝑐,𝑒𝑡ℎ and 𝑚𝑐,𝑚𝑒𝑡 are the ethanol and methanol mass, respectively. These variables are evaluated at the 
199 end and initial time to obtain the recovery.

200 The fifth index is the energy consumed by the boiler during distillation. This index summarizes the total 
201 energy footprint of the distillation operation. It provides valuable insight into the efficiency of the process and 
202 helps to understand the overall environmental impact of distillation.

%𝐻𝑒𝑎𝑡 =
∫𝑡𝑒𝑛𝑑

0 𝑄(𝑡) 𝑑𝑡
𝑄𝑚𝑎𝑥  𝑡𝑒𝑛𝑑

100, (8)

203 𝑄 is the heat power integrated over the distillation time to obtain the total energy. This value is divided by the 
204 maximum energy if the entire distillation were to operate at its maximum heating power, 𝑄𝑚𝑎𝑥.

205 The sixth and last index is the water consumption in the partial condenser for the reflux in the packed 
206 column, which has essentially the same structure as equation (8). This index represents a key aspect of 
207 sustainability in the distillation process, especially in northern Chile, where water scarcity is a critical issue. 
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208 The efficient use of water in the process ensures the conservation of this valuable resource and contributes to 
209 the sustainability of the distillation process.

%𝑊𝑎𝑡𝑒𝑟 =
∫𝑡𝑒𝑛𝑑

0 𝐹 (𝑡) 𝑑𝑡
𝐹𝑐𝑚𝑎𝑥 𝑡𝑒𝑛𝑑

100, (9)

210 where 𝐹𝑐 is the cooling water flowrate, which is integrated over the distillation time to obtain the total water 
211 used. This value is divided by the maximum water if the entire distillation were to operate at its maximum 
212 cooling flowrate capacity, 𝐹𝑐𝑚𝑎𝑥.

213 2.1.3. DISTURBANCES MODELING

214 The disturbances modeling task aimed to replicate the experimental variance observed in several 
215 distillations, considering parameters (uncertainties) and inputs (disturbances) variability. To accomplish this, 
216 we selected the non-manipulable inputs as disturbances, denoted by 𝒖𝒅 (inlet coolant water and ambient 
217 temperatures). For parameter uncertainties, we chose the three most sensitive model parameters, denoted by 𝒑𝒅.

218 Our approach takes the nominal value of each perturbed variable and then adds a slow time pattern of White 
219 Gaussian Noise values over a long period (8 min sample time). This noise model, typically used for disturbance 
220 representation (Ramasamy et al., 2019), resulted in a sequence of random step changes with different phases 
221 for each disturbance to avoid their superposition, as shown in Eqs. (10) and (11). Additionally, each random 
222 disturbance signal started with a different value to generate sequences that differed from each other for the same 
223 simulation, as well as between the m reproducible batches of distillation simulations.

224 The signal for the input disturbances was defined by:

𝒖𝑑(𝑡𝑘) = 𝒖𝑑,𝑛𝑜𝑚 + 𝝐𝒖(𝑡𝑘 ― 𝜽𝑑,𝑢), (10)

225 here 𝒖𝑑,𝑛𝑜𝑚 is the vector of nominal values for each disturbance input, [𝑇𝑖𝑛,𝑛𝑜𝑚 , 𝑇𝑎𝑚𝑏,𝑛𝑜𝑚]𝑇. Furthermore, 𝝐𝒖(
226 𝑡𝑘) is the vector signal of random values from an initial condition, with zero mean and a variance matrix 
227 obtained from the diagonal with the expected variances of each input [𝜎2

𝑇𝑖𝑛 ,𝜎
2
𝑇𝑎𝑚𝑏]𝑇. The delay is included to 

228 avoid superposition of the other signals, 𝜽𝑑,𝑢 = [𝜃𝑇𝑖𝑛,𝜃𝑇𝑎𝑚𝑏
]𝑇.

229 We followed a similar approach to model the time-varying parameter uncertainties:

𝒑𝑑(𝑡𝑘) = 𝒑𝑑,𝑛𝑜𝑚 + 𝝐𝒑(𝑡𝑘 ― 𝜽𝑑,𝑝), (11)

230 where 𝒑𝑑,𝑛𝑜𝑚 is the vector of nominal values for each parameter with uncertainty, [𝜙𝑎𝑟𝑒𝑎,𝑛𝑜𝑚 , 𝑈𝐴𝑛𝑜𝑚,𝑈𝐴𝑐,𝑛𝑜𝑚]𝑇. 
231 Like input disturbances, the parameter uncertainties are given by the signal of random values, 𝝐𝒑(𝑡𝑘), the 
232 variance matrix with the diagonal variances, [𝜎2

𝜙𝑎𝑟𝑒𝑎 ,𝜎
2
𝑈𝐴,𝜎2

𝑈𝐴𝑐]𝑇, and the delay,  𝜽𝑝,𝑢 = [𝜃𝜙𝑎𝑟𝑒𝑎,𝜃𝑈𝐴,𝜃𝑈𝐴𝑐
]𝑇.

233 The parameters for disturbance signals were established by trial and error to capture the temporal ethanol 
234 evolution observed in experimental distillations, as detailed in Section 3.1. Hence, Monte Carlo simulations can 
235 be applied to asses the performance of the controllers in Section 3.3.

236 2.2. OPERATION TRAJECTORIES OBTAINED USING MULTIOBJECTIVE OPTIMIZATION

237 In batch distillation, the performance of the process is influenced by the inputs 𝑄 and 𝐹, and by the 
238 disturbances 𝑇𝑖𝑛 and 𝑇𝑎𝑚𝑏.

239 To optimize the process, we focused on finding the best time trajectory for the water-cooling flowrate 𝐹(𝑡) 
240 within a specified batch time that improves simultaneously more than one distillation performance indices 
241 (Section 2.1.2). We aim to define the two most relevant objectives from a sustainable and productive point of 
242 view; therefore, this trajectory should minimize water consumption (% 𝑊𝑎𝑡𝑒𝑟) while maximizing the quality 
243 of the distillate (% 𝐸𝑡ℎ. 𝑎𝑣𝑔). These two objectives conflict due to the nature of the process: the more water 
244 used, the higher the ethanol concentration (higher quality). To set up this multiobjective optimization problem, 
245 we assumed a nominal scenario with no input disturbances or parameter uncertainties. The coolant flowrate, 𝐹, 
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246 was discretized into ten elements equally spaced along the distillation process. The first value was fixed at the 
247 initial consistent condition for the DAE system, and the remaining nine values were constrained by the 
248 maximum pump capacity (500 mL/min) and a minimum flowrate to ensure internal reflux (10 mL/min). The 
249 optimization problem was formulated as follows:

min 𝐽 =
𝐹𝑖

[ %𝑊𝑎𝑡𝑒𝑟(𝐹𝑖) , %𝐸𝑡ℎ. 𝑎𝑣𝑔(𝐹𝑖) ]𝑇  (12)

s.t.  𝐹𝑚𝑖𝑛 ≤ 𝐹𝑖 ≤ 𝐹𝑚𝑎𝑥,    𝑖 = 1,2,…,9 (13)

250 here, 𝐹𝑖 represents the zero-order hold coolant flowrate in the nine elements, and its total was calculated using 
251 Eq. (9) to obtain the first objective (%𝑊𝑎𝑡𝑒𝑟). Solving these equations coupled with the batch distiller equation 
252 system (Eqs. (1)-(3)) requires significant computational effort. To find the solution for the coolant flowrate 
253 trajectory, we used three methods: random search (section 2.2.1), NSGA-II (section 2.2.2) (Deb et al., 2000), 
254 and TSEMO (section 2.2.3) (Bradford et al., 2018b), where the last two are genetic algorithms for 
255 multiobjective optimization. We applied these MOO algorithms to increase the likelihood of obtaining a diverse 
256 and comprehensive set of optimal solutions defining the Pareto set of non-dominated points. These methods 
257 differ from scalar methods, such as weighted sum, which makes it difficult to obtain a wide range of solutions 
258 during weight tuning (Marler and Arora, 2004). Scalar methods often result in a limited set of solutions. 
259 Selecting an optimal solution from the Pareto set requires applying a multi-criteria decision-making (MCMD) 
260 technique. The TOPSIS criteria, which provide a balanced trade-off among the objectives (Krishnan et al., 
261 2023), are recommended to achieve the best results. This approach has been successfully applied in similar 
262 studies on spirits (Luna et al., 2021). This optimization strategy is summarized in Figure 2.

263
264 Figure 2. Multiobjective optimization methodology.

265 2.2.1. RANDOM SEARCH EXPLORATION

266 The random search method explores the solution space by generating a random combination matrix of 
267 samples using the Latin Hypercube method (Castillo, 2007), available through the MATLAB function 
268 lhsdesingn. In this method, we generated 10,000 samples, each defining a different set of the nine columns 
269 representing the values for discretized 𝐹(𝑡), ranging from 10-500 mL/min. 

270 The aim was to identify the best solutions based on the dominance criterion, where these solutions cannot 
271 be improved in %𝑊𝑎𝑡𝑒𝑟 without degrading % 𝐸𝑡ℎ. 𝑎𝑣𝑔. These solutions, denoted as 𝐹∗

𝑖 , are also known as 
272 non-dominated solutions and belong to the Pareto set. However, due to the random exploratory nature of this 
273 method, there is no guarantee of obtaining a detailed “True” Pareto front. Nevertheless, it serves as a good 
274 starting point for further optimization.
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275 2.2.2. NSGA-II MULTIOBJECTIVE OPTIMIZATION

276 NSGA-II is a widely used genetic algorithm for solving multiobjective optimization problems 
277 (Yaghoubzadeh-Bavandpour et al., 2022), which incorporates evolutionary features such as selection, 
278 crossover, and mutation. Its key attribute is the fast elitist approach that facilitates the discovery of diverse 
279 points on the optimal Pareto front. The algorithm was first introduced by Deb et al. (2000).

280 We solved the MOO problem in MATLAB using the NSGA-II code provided by Lin (2011), with a 
281 recommended population size of 600 and 300 generations. We provided the non-dominated solution of coolant 
282 flowrate trajectories obtained as the initial guess from the random search method (section 2.2.1). The NSGA-II 
283 algorithm produced several trajectories, referred to as NSGA-II non-dominated solutions. These solutions cover 
284 a wide range of optimal solutions, allowing us to explore the trade-offs between the two objective functions.

285 2.2.3. TSEMO MULTIOBJECTIVE OPTIMIZATION

286 TSEMO is a powerful optimization algorithm that utilizes Thompson sampling and efficient techniques to 
287 solve multiobjective optimization problems (Bradford et al., 2018b). The algorithm employs Gaussian process 
288 surrogate models, spectral sampling, and genetic algorithms to navigate the objective function space efficiently. 
289 Compared to previous genetic algorithms like NSGA-II and ParEGO (Knowles, 2006), this algorithm was 
290 found to be competitive in some cases involving expensive to assess objective functions.

291 To apply this algorithm to our specific problem, we implemented the MATLAB code from the original 
292 research paper by Bradford, Schweidtmann, and Felton (2018a). Following the procedure in the code, we 
293 defined the data set grid points based on a Latin hypercube matrix with 1350 samples (150 times the number of 
294 design variables, 9 in our case) and nine columns. We obtained several trajectories, denominated TSEMO non-
295 dominated solutions. These solutions represented the best trade-offs between conflicting design objectives and 
296 helped us make informed decisions about the optimal choices for our problem.

297 2.3. CONTROL DESING

298 Controller strategies are critical in achieving effective disturbances rejection and trajectory tracking. The 
299 disturbances considered in this study include ambient and input cooling water temperatures, 𝒖𝑑, and 
300 uncertainties in parameters, 𝒑𝑑. To track predefined trajectories, multiobjective optimization algorithms were 
301 applied to determine the optimal trajectory, 𝐹∗

𝑖 (𝑡), which yields the optimal (* symbol) ethanol concentration 
302 trajectory, 𝐴∗; this trajectory is the set point of the control system. 

303 In this study, two controller strategies, PI-IMC and MPC, were explored. PI-IMC is a commonly used 
304 control design strategy in various process industries for its simplicity and effectiveness, though it is limited to 
305 manipulating a single process variable. On the other hand, MPC is a more advanced approach that 
306 accommodates explicit process constraints and can handle multiple input variables. Although the MPC was 
307 designed for systems with multiple inputs and outputs (MIMO), we applied it to control a single output variable 
308 (MISO) in our application. 

309 2.3.1. PI-IMC CONTROLLER DESIGN

310 PI controllers are widely used in control systems due to their easy implementation, low-cost hardware, and 
311 minimum instrumentation requirements. In this study, 𝑄 was the selected manipulated variable, while the 
312 coolant flowrate followed a predefined trajectory, 𝐹∗

𝑖 . The PI controller aims to reduce the error between the 
313 measured ethanol concentration in the distillate, 𝐴, and the specified trajectory, 𝐴∗, as seen in Figure 3. 
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314
315 Figure 3. Block diagram of the PI-IMC controlled system.

316 The control action over the manipulated variable is defined by:

317

318 The control parameters, 𝐾𝑐 and 𝜏𝐼, were determined using the Internal Model Control (IMC) rules (Manfred 
319 Morari and Zafiriou, 1989; Skogestad, 2004), which depend on the model response type. We found that a 
320 first-order model plus dead time (FOPDT) with parameters 𝐾𝑃 = ―0.0228 (% v v ) W, 𝜏𝑃 = 42.31 s, and 𝜃𝑝
321 = 79.82 s was sufficient to capture the relevant dynamics (see Appendix 2 for details regarding the system 
322 identification procedure).

323 The control parameter equations are given by:

𝐾𝑐 =
1

𝐾𝑃
 

𝜏𝑃

𝜆 + 𝜃
(15)

𝜏𝐼 = min{𝜏𝑃,4 ( 𝜆 + 𝜃 )} (16)

324 where 𝐾𝑐 and 𝜏𝐼 are the controller parameters. The IMC filter constant 𝜆 is the tunning parameter; for a stable 
325 and robust response, its values should be constrained (|𝜏𝑃 𝜆| ≤ 20). We started the trial and error tunning 
326 procedure with an 𝜆 value near the dead time 𝜃, following recommendations by Grimholt and Skogestad 
327 (2018). 

328 The controller’s overall performance was evaluated based on two typical metrics in control process 
329 engineering: the Integral of Absolute Error (IAE), which quantifies the reference tracking accuracy (ideally 
330 zero), and the Integral of Absolute Manipulable-Input Variability (IAUV), which quantifies the smoothness of 
331 the variable control action effort (which should be minimum). IAE and IAUV require a zero-order hold function 
332 to discretize the signals; here, we considered a sample time (Δ𝑡) of 8 s. These performance metrics were 
333 calculated using the following equations:

𝐼𝐴𝐸 = |𝐴∗ ― 𝐴| (17)

𝐼𝐴𝑈𝑉 = |Δ𝑄
Δ𝑡 | (18)

𝑄(𝑡) = 𝐾𝑐 (1 +
1
𝜏𝐼

 
𝑡

0
(𝐴∗ ― 𝐴 )𝑑𝑡 + 𝜏𝐷

𝑑𝑒 
𝑑𝑡 ) + 𝑄0  (14)
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334 2.3.2. MPC CONTROLLER DESIGN

335 MPC is a widely used control algorithm in chemical processes such as batch distillations (Kvernland et al., 
336 2010; Meidanshahi et al., 2017; Wilson and Young, 2006) because it can handle multivariable systems, 
337 including process and input/output constraints, and could handle some model uncertainties. This controller 
338 solves an optimization problem at each time step, where the best control action minimizes the quadratic cost 
339 function (J):

𝑚𝑖𝑛
(𝑢)

𝐽(𝑘) =

𝑁𝑝―1

𝑖=0
(𝑒𝑇(𝑘 + 𝑖) 𝑤𝐴 𝑒(𝑘 + 𝑖)) +

𝑁𝑐―1

𝑗=1
(𝑢𝑇(𝑘 + 𝑖) 𝑤𝑢 𝑢(𝑘 + 𝑖)) + (Δ𝑢𝑇(𝑘 + 𝑖) 𝑤Δ𝑢 Δ𝑢(𝑘 + 𝑖))  (19)

𝑒(𝑘 + 𝑖) =
1

𝐴𝑚𝑎𝑥 ― 𝐴𝑚𝑖𝑛
 (𝐴∗(𝑘 + 𝑖 + 1|𝑘) ― 𝐴(𝑘 + 𝑖 + 1|𝑘)) (20)

𝑢(𝑘 + 𝑖) = diag( 1
𝑄𝑚𝑎𝑥 ― 𝑄𝑚𝑖𝑛

,
1

𝐹𝑚𝑎𝑥 ― 𝐹𝑚𝑖𝑛
)([𝑄,𝐹]𝑡𝑎𝑟𝑔𝑒𝑡(𝑘 + 𝑖|𝑘) ― [𝑄,𝐹](𝑘 + 𝑖 + 1|𝑘)) (21)

Δ𝑢(𝑘 + 𝑖) = 𝑢(𝑘 + 𝑖) ― 𝑢(𝑘 + 𝑖 ― 1) (22)

340 Here, the controlled variable is the ethanol concentration prediction, 𝐴𝑑, and the ethanol reference trajectory is 
341 𝐴∗. The control action considers two manipulated variables, 𝑄 and 𝐹. All variables are evaluated at the 𝑘 discrete 
342 time considering a sample time (Δ𝑡) of 8 s. The additional weighting parameters, namely 𝑤𝐴, 𝑤𝑢, and 𝑤Δ𝑢, are 
343 defined and discussed in the results section.

344 Moreover, the controller has additional features, such as future reference tracking of the ethanol 
345 concentration trajectory over the prediction horizon (𝑁𝑝). Anticipated reference tracking allows the controller 
346 to prevent the impact of significant changes with its look-ahead characteristic and compute the next control 
347 action accordingly over the control horizon (𝑁𝑐). Additionally, disturbed temperature measurements enable the 
348 MPC to compensate for expected dynamic disturbances, reducing their impact on the distillation process. Like 
349 the PI-IMC strategy, the optimal trajectory, 𝐹∗

𝑖 , is predefined. The resulting control strategy diagram is depicted 
350 in Figure 4 below.

351
352 Figure 4. Block Diagram of MPC Controller.

353 This controller was implemented in MATLAB/Simulink using the standard “MPC Controller” block. Here, 
354 an object is created with the function mpc, where all the MPC parameters are defined. 
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355 In this case, the IAUV index is a column vector since the discretized control action comprises two 
356 manipulated variables:

𝐼𝐴𝑈𝑉 = [ |Δ𝑄
Δ𝑡 |  , |Δ𝐹

Δ𝑡 |  ]𝑇
(23)

357 3. RESULTS AND DISCUSSION

358 In this section, we assess the appropriate disturbance model that replicates the experimental distillations. 
359 We also analyze the Pareto front obtained with three multiobjective optimization algorithms. Furthermore, we 
360 evaluate the effectiveness of two controllers in tracking two optimal operating trajectories of the distillation 
361 process under the influence of disturbances.

362 3.1. DISTURBANCE MODELLING

363 Drawing from the experimental data presented by Díaz et al. (2015), we aim to identify a configuration of 
364 disturbances for parameters and inputs that adequately replicate the variability of the ethanol concentration 
365 evolution observed in 15 experimental distillations.

366 To simulate the disturbances, we explored various variance values and strategically introduced phase delays 
367 to ensure that the disturbances were well-spaced and evenly distributed over time. This careful timing avoids 
368 simultaneous changes from multiple disturbances, creating a challenging and realistic scenario for the 
369 disturbance model. This method enabled modeling time-varying disturbances as random noise signals with an 
370 8-minute sampling interval. Fifty distinct random signals (disturbance patterns) were generated to capture a 
371 broad array of possible simulated distillations (for further details, please refer to Appendix 3). The following 
372 table details the defined parameters:

373

374 Table 1. Disturbance configuration.

Disturbance Nominal Value Std. Deviation (𝝈) Phase Delay (𝜽)

𝑻𝒊𝒏 293 K 8 K 0.1 min

𝑻𝒂𝒎𝒃 303 K 8 K 0.5 min

𝝓𝒂𝒓𝒆𝒂 0.800 (-) 0.002 (-) 1.5 min

𝑼𝑨 0.358 W/m2K 0.007 W/m2K 2.0 min

𝑼𝑨𝒄 7.0 W/m2K 1.2 W/m2K 2.5 min
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375

376  

377
378 Figure 5. Simulated distillations and experimental distillations. Left graph (a): simulations at 95 % confidence 
379 interval (red shades); median simulation (black line -); experimental values (blue dots ●). Right graph (b): 
380 Performance indices obtained using experimental data (blue boxplots ◫) and simulations (red boxplots ◫).

381 In Figure 5(a), the simulation results generated with the defined disturbances outlined in Table 1 are 
382 compared with the experimental data. It can be observed that the trend and variability of the evolution of ethanol 
383 concentration in the open loop (uncontrolled) distillations (red shadows) and the experimental distillations (blue 
384 dots) are similar. The intensity of the red shading represents the frequency of ethanol concentration values, with 
385 darker shades indicating areas of higher occurrence.  Additionally, in the boxplot (Figure 5(b)), the variabilities 
386 of the performance indices are shown; these were calculated from the open loop distillations (in red). The 
387 variabilities associated with ethanol are quite similar to the experimental ones (in blue). Hence, the distiller and 
388 associated disturbance models adequately represent the experimental distillations.

389 The significance of process variability in distillation has been acknowledged. However, Luna et al. (2021) 
390 and Parhi et al. (2019) have faced this issue differently. Thus, further exploration is necessary to develop 
391 solutions that effectively encompass the time-varying nature of these processes. Diwekar (2005) and Fu & 
392 Diwekar (2004) contributed significantly by utilizing variance Fisher information and probabilistic uncertainty 
393 analysis. However, these techniques do not consider the inherent temporal variability in batch distillation 
394 processes. Our research contributes to this field by offering simulation and experimental distillations 
395 incorporating time-varying disturbances. This approach enhances the result’s realism and fills the gaps left by 
396 the mentioned studies.

397 3.2. OPERATION TRAJECTORIES 

398 The second task involved finding an operational trajectory for the coolant flowrate policy while keeping the 
399 heating power constant at 50 % duty. It is important to note that the time-varying disturbances were disabled 
400 while obtaining these trajectories.

401 Given the objectives of minimizing cooling water consumption and maximizing the average ethanol 
402 concentration as a trade-off case, the optimal solutions are represented on a Pareto front. This front illustrates 
403 the compromise between conflicting objectives, where any improvement in one objective would lead to a 
404 concession in the other. The results of the three proposed methodologies for this multiobjective optimization 
405 problem are plotted on the Pareto front in the following figure:

406
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407
408 Figure 6. Pareto Front. Non-dominated solutions from Random Search (blue dots ●); NSGA solutions 
409 (green dots ●); TSEMO solutions (yellow dots ●); Global Non-dominated solutions (red edge ○); Feasible limits 
410 (black cross ✕); Trajectory #1 (pink diamond ◆), Trajectory #2 (pink square ■); Mean point, at the centroid 
411 of feasible area, (black diamond ◆); Utopian point (black square ■); Projection distance from Mean point to 
412 Trajectory #1 (black segmented line --); and Closest distance from Utopian point to Trajectory #2 (black dotted 
413 line ꓽ).

414 Figure 6 showcases the outcomes of three distinct multiobjective optimization algorithms: Random Search, 
415 NSGA-II, and TSEMO. The NSGA-II algorithm has yielded a continuous and densely populated Pareto front, 
416 evident from the green dots bordered by a red edge. The Random Search and TSEMO methods, represented by 
417 blue and yellow dots, respectively, largely intersect with NSGA-II’s results in the front’s central region, 
418 achieving comparable outcomes. However, they do not surpass the performance of NSGA-II. Notably, 
419 performance diverges near the boundaries of the solution space; Random Search and TSEMO appear to falter, 
420 not approaching the Pareto front as closely as NSGA-II or failing to find optimal solutions, mostly at high 
421 ethanol concentrations. 

422 Implementing the random search method was straightforward compared to the other two methods. Tuning 
423 the NSGA-II and TSEMO required additional effort, involving extensive testing of various functions and 
424 parameters. We allocated a similar computation time frame of approximately 4-5 hours for each method. Due 
425 to the complex nature of our model, which includes a large set of differential equations and a few implicit 
426 algebraic equations, parallel computing was essential to enhance running-time efficiency. This model was 
427 particularly challenging for TSEMO; hence, we had to modify the original code to allow parallel processing. In 
428 contrast, while not aligning perfectly with the Pareto front, the random search proved a quick and uncomplicated 
429 approach for deriving suboptimal yet high-quality solutions near the Pareto front. NSGA-II, however, excelled 
430 by producing a more expansive and densely populated Pareto front, in alignment with the results from other 
431 studies in multiobjective optimization, highlighting its ability to generate well-distributed fronts across multiple 
432 objectives (Parhi et al., 2019; Sarkar et al., 2006; Tarafder et al., 2007).

433 From the Pareto front, two solutions were selected for further analysis. As a reference, we took the “mean 
434 point” of the Random Search (black diamond) as heuristical selection, corresponding to the centroid of the 
435 feasible area, characterized by 50 % water consumption and 75.1 % ethanol of the distillate. When this point 
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436 was projected onto the Pareto front, a remarkable solution emerged: it reflected the same ethanol quality but 
437 had an impressive 35 % reduction in water consumption (represented by a pink diamond at 75.1 % ethanol 
438 concentration and 32.7 % water consumption). We named this solution Trajectory #1.

439 Our second choice from the Pareto front was the closest to the utopian point (pink square; 49.2 % water 
440 consumption and 80.4 % ethanol concentration). Based on multiobjective optimization principles, this choice 
441 aligns with the TOPSIS methodology (Krishnan et al., 2023; Luna et al., 2021); we named this solution 
442 Trajectory #2. Notably, this trajectory highlights the optimal balance between objectives. Compared to the mean 
443 point, it reduces water consumption by 4 % while increasing ethanol quality significantly (+7 %). It’s important 
444 to note that these results were obtained without considering disturbances.

445 Thus, these two trajectories were simulated 50 times in an open loop (uncontrolled) to assess the impact of 
446 the disturbances in the variability of the distillation process, as is shown in Figs. 7 and 8; these results are the 
447 baseline for the controller implementation for disturbances rejection.

448
449 Figure 7. Open loop simulation distillations following the coolant flowrate policy Trajectory #1: “Projected 
450 Mean Point.” Left graph of ethanol concentration evolution (a): results at 95 % confidence interval (red 
451 shades); the median time-values (black line -); without disturbances (dotted line ···). Right graph (b): 
452 Performance indicators obtained (red boxplots ◫).

453 In Figure 7(a), the open loop distillations operating under Trajectory #1 are shown. The ethanol 
454 concentration response is characterized by abrupt changes between high and low values and the typical overall 
455 decrease observed in batch spirit distillations. The red-shaded area, covering the 95 % confidence interval of 
456 the simulations (same as before; darker intensity means highly frequent values), illustrates the large variability 
457 caused by the modeled disturbances. Additionally, it can be seen that the continuous black line, representing 
458 the median of the simulated distillations, deviates significantly from the optimal trajectory (dashed line) at the 
459 end of the process. Moreover, according to Figure 7(b), the process variability affected the minimum and 
460 average ethanol concentrations the most. Consequently, the process variability due to open loop operation under 
461 standard disturbances causes significant degradation of the spirit quality.  
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462
463 Figure 8. Open loop distillations following the coolant flow policy Trajectory #2: “Minimal distance to 
464 Utopic Point.” Left graph of ethanol concentration evolution (a): results at 95 % confidence interval (red 
465 shades); the median time-values (black line -); without disturbances (dotted line ···). Right graph (b): 
466 Performance indicators obtained (red boxplots ◫).

467 Figure 8(a) displays the distillation following Trajectory #2, which produces a much smoother ethanol 
468 concentration response in addition to the natural decline in concentration (the black median line). The variability 
469 of the response due to disturbances is similar to that shown in Figure 7(a), as illustrated by red-shaded areas of 
470 similar width. Moreover, Figure 8(b) reveals that the indices most sensitive to variability are the minimum (% 
471 Eth. min) and average ethanol concentrations (% Eth. avg).

472 This study demonstrates the application of multiobjective optimization algorithms to achieve sustainable 
473 distillation operations, as Aneesh et al., (2016) outlined. It also addresses the sustainability concerns that Becker 
474 et al. (2020) raised in the spirits sector.

475 3.3. CONTROL PERFORMANCE

476 In the following sections, we compare PI-IMC and MPC controllers and evaluate their performance using 
477 metrics such as IAE and IAUV while tracking Trajectories #1 and #2. We also examine the extent of error and 
478 variability these controllers introduce regarding ethanol concentration in the distillate and other performance 
479 indices.

480 3.3.1. PI-IMC

481 Implementing this controller within our simulator was straightforward, using the standard Simulink block 
482 for PID control. Later, searching for the IMC filter constant was necessary for setup and tuning. We fine-tuned 
483 the controller and determined that the optimal IMC constant filter was 𝜆 = 65.65 s. This value provided a 
484 balanced trade-off between the IAE and the IAUV. For details regarding the PI-IMC tuning procedure, please 
485 refer to Appendix 4.

486 In Figure 9 and Figure 10, the results of the PI-IMC controller are shown.
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487
488 Figure 9. PI-IMC Results following the ethanol concentration reference from Trajectory #1: “Projected 
489 Mean Point.” Left graph of ethanol concentration evolution (a): results at 95 % confidence interval (red 
490 shades); the median time-values (black line -); Setpoint values (dotted line ···). Right graph (b): Performance 
491 indicators obtained (red boxplots ◫).

492
493 Figure 10. PI-IMC Results following the ethanol concentration reference from Trajectory #2: “Minimal 
494 distance to Utopic Point.” Left graph of ethanol concentration evolution (a): results at 95 % confidence interval 
495 (red shades); the median time-values (black line -); Setpoint values (dotted line ···). Right graph (b): 
496 Performance indicators obtained (red boxplots ◫).

497 In summary, the controller effectively reduced the impact of the simulated disturbances on the evolution of 
498 the ethanol concentration and the minimum and average ethanol concentrations in both trajectories compared 
499 with the corresponding open-loop simulations. Trajectory #1 was more challenging to track due to its abrupt 
500 setpoint changes, resulting in larger control errors. In contrast, the controller performed better when tracking 
501 Trajectory #2. In both cases, the median of the simulations closely tracked the set point throughout the 
502 distillation process, resulting in only small deviations. Notably, the PI-IMC control resulted in significantly 
503 smaller deviations than the open-loop cases. Comparatively, Trajectory #2 showed the smallest deviations; 
504 however, an oscillatory response was observed, which may be related to the sudden changes in the modeled 
505 disturbances. Nevertheless, the controller could not avoid variations in the recovered ethanol and methanol. A 
506 more detailed comparison is presented in Section 3.4, considering process and control performance indices.
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507 3.3.2. MODEL PREDICTIVE CONTROLLER

508 This second controller was implemented using the standard Simulink MPC block. Given the large number 
509 of tuning parameters, the controller configuration was more difficult than the PI-IMC, in addition to preparing 
510 the ethanol concentration setpoint vectors for the look-ahead mechanism. The MPC tunning parameters were 
511 obtained by optimal trade-off among IAE and IAUV’s indices during exploration based on Latin Hypercube 
512 sampling. Given the nonlinear nature of the process model, these indices are sensitive to the control parameters. 
513 Nonlinear control algorithms can achieve even more robust performance, but these are more difficult to 
514 implement. The MPC parameters applied were: prediction horizon 𝑁𝑝 = 100 (larger value due to the long dead 
515 time  𝜃𝑝), control horizon 𝑁𝑐 = 3, prediction weight 𝑤𝐴 = 0.229, weight of the control action move 𝑤Δ𝑢
516 = [0.045, 0.009], and weight for target deviation in the control action 𝑤𝑢 = [0.279, 0.057]. For more 
517 information on the MPC tuning procedure, please refer to Appendix 5.

518 The results of the MPC controller are shown in Figure 11 and Figure 12.

519

520
521 Figure 11. MPC results following the ethanol concentration reference from Trajectory #1: “Projected Mean 
522 Point.” Left graph of ethanol concentration evolution (a): results at 95 % confidence interval (red shades); the 
523 median time-values (black line -); Setpoint values (dotted line ···). Right graph (b): Performance indicators 
524 obtained (red boxplots ◫).

525
526 Figure 12. MPC Results following the ethanol concentration reference from Trajectory #2: “Minimal 
527 distance to Utopic Point.” Left graph of ethanol concentration evolution (a): results at 95 % confidence interval 
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528 (red shades); the median time-values (black line -); without disturbances (dotted line ···). Right graph (b): 
529 Performance indicators obtained (red boxplots ◫).

530 This study has shown that Model Predictive Control (MPC) is effective in dealing with the complex nature 
531 of batch distillation since it can adapt to difficult situations and reduce the effects of disturbances on ethanol 
532 concentration. According to Kvernland et al. (2010), Wilson and Young (2006), and Nolasco et al. (2021), MPC 
533 is good at handling unexpected changes and tracking variable set points because it can predict future events and 
534 deal with multiple constraints simultaneously, which was confirmed by our simulations. MPC was able to 
535 significantly reduce the variability in the performance of the distillation process compared to open-loop 
536 operation.

537 At the beginning of the distillation process, it was difficult for MPC to maintain the desired ethanol 
538 concentration levels as closely as the Proportional-Integral-Internal Model Control (PI-IMC) system for the 
539 first half hour. However, MPC performed very well after this initial period, with only small deviations from the 
540 set point.

541 MPC’s ability to “look ahead” and anticipate future changes gives it an advantage in handling sudden 
542 changes, as seen in Trajectory #1. This system knows the set point variations in advance, predicts the impact of 
543 these variations on the process dynamics, and adjusts the control effort accordingly. In our study, MPC used 
544 two variables that could be manipulated simultaneously, giving it greater flexibility and control power to face 
545 strong disturbances. In contrast, PI-IMC struggles with nonlinear changes and rapidly changing set points. 
546 However, it is simpler, less expensive to implement in an industrial setting, and easier to tune because it has 
547 only one tuning parameter. PI-IMC works well in many situations, such as with Trajectory #2. Zou et al. (2017) 
548 found that smooth disturbances and set point changes may explain why PI control performance is not severely 
549 affected by the nonlinear nature of the process. A typical method used in continuous distillation to smooth 
550 process transitions after sudden set point changes under PI control considers a first-order filter applied to the 
551 set point function.

552 In summary, this study shows that both MPC and PI-IMC have strengths in addressing the challenges of 
553 batch distillation in packed columns. MPC offers better adaptability and performance, while PI-IMC is simpler 
554 and more cost-effective. Therefore, we show the industry that process control techniques can significantly 
555 improve the consistency and sustainability of batch distillation processes for spirits.

556 3.4. OVERALL RESULTS

557 The following figure and table summarize the performance indices obtained,

558

559
560 Figure 13. Distillation performance indices comparison. Open loop (blue bar), PI-IMC (red bar), and MPC 
561 (orange bar). The left graph is for mean point distillations, the center is for Trajectory #1, and the right is for 
562 Trajectory #2.

563 Table 2. Overall Performance of Open-loop and Closed-loop Distillations (mean values ± one standard 
564 deviation).
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Non-optimal policy Optimal operation policy
Controller Index Mean Point Trajectory #1 Trajectory #2

% Eth. min. 60.9 ± 7.4 46.8 ± 5.5 57.9 ± 6.2
% Eth. avg. 76.4 ± 3.3 72.9 ± 2.2 79.0 ± 3.2
% Rec. Eth. 83.65 ± 0.06 83.74 ± 0.09 83.99 ± 0.15
% Rec. Meth. 68.36 ± 0.75 69.37 ± 0.42 67.63 ± 0.84
% Heat 50 50 50
% Water 50.0 32.6 49.2

Open loop
(Without controller)

𝐼𝐴𝐸 - 4.1 ± 3.4 2.6 ± 3.6
% Eth. min. - 49.7 ± 2.9 59.0 ± 3.8
% Eth. avg. - 74.63 ± 0.33 80.18 ± 0.36
% Rec. Eth. - 82.7 ± 1.2 83.9 ± 2.1
% Rec. Meth. - 68.0 ± 1.2 66.6 ± 1.9
% Heat - 43.9 ± 7.2 45.1 ± 12.1
% Water - 32.6 49.2
𝐼𝐴𝐸 - 2.0 ± 1.4 0.63 ± 0.45

PI-IMC

𝐼𝐴𝑈𝑉𝑄 - 0.67 ± 0.44 0.20 ± 0.14
% Eth. min. - 50.1 ± 3.6 60.2 ± 3.9
% Eth. avg. - 74.77 ± 0.38 80.37 ± 0.39
% Rec. Eth. - 82.6 ± 1.5 83.5 ± 1.6
% Rec. Meth. - 67.9 ± 1.4 66.8 ± 1.3
% Heat - 42.8 ± 8.5 46.5 ± 8.9
% Water - 32.84 ± 0.11 49.37 ± 0.11
𝐼𝐴𝐸 - 1.74 ± 0.89 0.49 ± 0.37
𝐼𝐴𝑈𝑉𝑄 - 0.17 ± 0.10 0.03 ± 0.02

MPC

𝐼𝐴𝑈𝑉𝐹 - 0.0020 ± 0.0012 0.0004 ± 0.0003

565 Table 2 and Figure 13 comprehensively compare distillation performance indices for the open loop, PI-
566 IMC, and MPC controllers.

567 Significant differences were observed when comparing the performance of the disturbed Mean Point 
568 distillations with the disturbed open-loop optimum distillations. When we applied Trajectory #1, water 
569 consumption was reduced by up to 35 % but at the expense of distillate quality, which was reduced by 4.5 %. 
570 Additionally, the minimum ethanol concentration was lower than the Mean Point distillation. Trajectory #2 
571 performed better than the Mean Point distillation, with a 3.4 % higher ethanol concentration and 1.6 % lower 
572 water consumption. Nevertheless, these improvements were about half of what was expected due to the negative 
573 impact of the disturbances. It is worth noticing that the Mean Point distillations performed better than the 
574 optimum trajectories in terms of minimum ethanol. Consequently, this index could be included in the MOO 
575 formulation as an additional objective to find even better trajectories. Since the ethanol and methanol recoveries 
576 showed marginal differences among the distillation policies evaluated, their inclusion in the MOO problem 
577 would not lead to significantly better trajectories.

578 Both controllers, PI-IMC and MPC, yielded significantly reduced mean and deviations of the IAE index for 
579 the optimal trajectories. Moreover, MPC achieved smaller mean and standard deviations of IAE in both 
580 optimum trajectories than PI-IMC. Additionally, MPC showed much smoother control actions than PI-IMC, as 
581 evidenced by the IAUV values. Both controllers achieved considerably smaller IAE and IAUV values with the 
582 smooth Trajectory #2. Therefore, applying smooth optimal trajectories in real distillations is recommended as 
583 they ensure the production of consistent spirits by minimizing the effect of unpredictable disturbances.

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4874857

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



20

584 Even though PI-IMC and MPC did not increase the average ethanol significantly and only moderately 
585 increased the minimum ethanol (4 %), they remarkably increased distillation reproducibility, reducing close to 
586 10 times the standard deviations of the average ethanol. Considering sustainability, both controllers showed 
587 promising results compared to the open-loop scenario. They can enhance ethanol concentrations while reducing 
588 up to 14.4 % of the heating power. This performance aligns seamlessly with our ambition to optimize resource 
589 usage. Process control is an important step toward a more sustainable operation in terms of resource use, 
590 efficiency, and process stability. 

591 4. CONCLUSIONS

592 Our research significantly advances sustainable distillation practices, specifically tailored to address the critical 
593 issues of resource efficiency in the spirit production industry. Through a workflow that integrates rigorous 
594 process modeling, disturbance modeling, multiobjective optimization, model predictive control, and Monte 
595 Carlo simulations, we achieved a notable reduction in resource consumption—35% in water and 14.4% in 
596 energy—while maintaining high distillate quality. The MPC controller demonstrated superior performance in 
597 challenging distillation scenarios, providing a compelling case for its wider adoption. The effective integration 
598 of these tools reduced the inherent process variability in distillation and controller performance indices by 
599 approximately 50 %. Beyond spirits production, the implications of our research extend to other batch 
600 distillation industries, where these strategies offer promising avenues for resource optimization and process 
601 stabilization. This study provides important insights and identifies areas for further research, such as scalability 
602 for industrial applications, additional optimization strategies with new algorithms or objectives selection, and 
603 comprehensive, robust controllers with adaptive mechanisms to overcome potential parameter uncertainties or 
604 modeling mismatch. Our findings suggest potential avenues for improving sustainability within the spirits 
605 industry. Nevertheless, the methodology used in this study can be applied to any other batch process in the 
606 pharmaceutical, beer&wine, and food processing industries, which require enhanced quality and reproducibility 
607 while considering sustainable operation.

608 NOMENCLATURE

Variable Definition

𝐴𝑑 Ethanol concentration in the distillate (%v/v)

𝑚𝑒𝑡ℎ Methanol mass (kg)

𝑚𝑚𝑒𝑡 Ethanol mass (k)

𝑇𝑖𝑛 Cooling temperature (K)

𝐹𝑐 Cooling flowrate (mL/min)

𝑇𝑎𝑚𝑏 Ambient temperature (K)

𝑄 Heating power (W)

𝒖𝑑 Non-manipulable inputs as disturbances vector

𝒑𝒅 Parameter under uncertainties vector

𝑒 Error signal between reference and measurement

𝐾𝑐 Proportional gain of PID controller

𝜏𝐼 Integrative time of PID controller

𝜏𝐷 Derivative time of PID controller

𝐾𝑃 Process gain

𝜏𝑃 Time constant first order 

𝜃 Dead time 

𝐼𝐴𝐸 Integral of Absolute Error

𝐼𝐴𝑈𝑉 Integral of Absolute Manipulable-Input Variability

Δ𝑡 Sample time

J Cost function for minimization
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𝑤𝐴 MPC weight for error

𝑤𝑢 MPC weight for manipulable input

𝑤Δ𝑢 MPC weight for manipulable input variation

𝑁𝑝 Prediction horizon

𝑁𝑐 Control horizon

MOO Multiobjective optimization

MPC Model Predictive Control

PI-IMC Proportional Integral/Internal Model Control
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