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Abstract 

 

An Experimental Investigation of 

Batch Distillation Column Control 

 

Thaer Adnan Abdulla, PhD 

The University of Texas at Austin, 2019 

 

Supervisor:  Thomas F. Edgar 

 

The development of an inferential soft sensor for a pilot-plant distillation column 

separating an ethanol-water mixture using neural network (NN) models has been 

investigated in this work. Inferential sensors are increasingly used in the process industries 

to infer the value of the main quality variable while utilizing much easier to measure 

secondary variables of the process. The lags between the input variables and the output 

variables vary due to changes in operating conditions. Previous studies have introduced 

different methods to estimate lags for input and output variables, but all of them have 

assumed these lags to be constant regardless of the changes in the operating conditions.  

In this work, an inferential sensor that can predict the composition of ethanol at the 

top product using time lags for the input variables and varied first-order time constant lags 

with the output variable has been developed. The developed inferential sensor is based on 

a neural network (NN) model. Principal Component Analysis (PCA) and Projection to 

Latent Structures (PLS) methods are used in this work to remove the outliers from the input 

variables set and to determine the most correlated values of the input variables and their 

lags with the output variable Xa (ethanol composition of distillate product) respectively. 



 viii 

The model adaptively selects the correct first-order time constant lags of an output variable 

according to the instantaneous operating condition (the composition of ethanol is increased 

or decreased) and assigns a best value for each case. The experimental data resulting from 

the operation of pilot-scale batch distillation column of ethanol-water system has been used 

to build these NN models first and then to validate their performance. The proposed NN 

model structure with time lags for input variables and varied first-order time constant lags 

for output variable gave higher accuracy compared with the NN model without any time 

lag for input and output variables. 

This new developed NN based soft sensor has been used in an inferential 

proportional-integral (PI) control scheme to control the ethanol composition of the 

distillate. The initial inferential control results of using one tuning parameter set during the 

whole operation showed imperfect control results. So, using updated tuning parameter sets 

(gain scheduling/adaptive tuning) within this inferential PI control scheme based on the 

ethanol mole fraction region is necessary to improve the control performance. The results 

of this new developed PI control scheme showed a good control performance compared 

with the initial control results of this inferential controller using one set of tuning 

parameters. 

Then, this new developed NN based soft sensor has also been used in an advanced 

control scheme (model predictive control or MPC scheme). Two DeltaV MPC control 

schemes (MPC11 and MPC22) have been developed in this work. The control results of 

DeltaV MPC22 control scheme showed better control performance compared with other 

control schemes (inferential PI and MPC11 control schemes).  This is due to the capability 

of this control scheme (MPC22) to handle the interactions between different variables 

(multivariable effect) especially for the distillation process.  Also, it provided a faster 

response with very small undershoot or overshoot. 
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Chapter 1:  Introduction 

In this chapter, an overview of this dissertation is shown. It consists of several 

sections: batch distillation vs. continuous distillation, soft sensor vs. actual sensor, 

operation and configuration of batch distillation columns, and an outline of this 

dissertation. 

First, the differences between soft sensors and actual analyzers are shown in section 

1.1. The definition of the soft sensors has been given in this section. This section states the 

benefits of using soft sensors instead of the actual analyzers in the industry. 

 Then, section 1.2 shows the differences between batch distillation and continuous 

distillation. It explains why batch distillation and not continuous distillation has been used 

in this work. 

 Section 1.3 shows the configuration and operation of batch distillation columns. 

Several configurations of batch distillation column have been described in this section. 

Also, this section shows different operation policies that can be used within the batch 

distillation column. 

 Finally, an outline of this dissertation summarizes the content, the work, and the 

purpose of each chapter of this dissertation. 

 

 

 

 

 

 



 2 

 1.1 SOFT SENSORS VS. ACTUAL ANALYZERS 

Soft sensors are models used to infer process variables that are difficult to measure 

to provide useful information for monitoring, control and optimization of industrial 

systems. There are three important functionalities: the prediction of product quality from 

operating conditions, the optimization of operating conditions to improve product quality, 

and the detection of faults or malfunctions for preventing undesirable operation that should 

be available within the advanced process control systems to continuously improve product 

quality [1]. Timely and accurate information about process variables characterizing and 

influencing product quality are necessary for these functionalities.  

Offline laboratory tests mostly take several hours, and this time delay can cause 

control problems which lead to an economic loss. Online analyzers have faster response 

time (several minutes) and can eliminate the dependence on laboratory data by providing 

timely information for corrective action or real time control [2]. However, there is a need 

for an easily implementable, maintainable and robust alternative due to the high cost of 

instrumentation and maintenance and the low reliability of the online analyzers. 

Soft sensors are used to estimate the process variables that are difficult-to-measure 

to enable continuous process monitoring and efficient process control in cases where the 

online analyzers are not implemented or installed due to the above-mentioned reasons. A 

soft-sensor or virtual sensor is a common name called for software where several 

measurements are processed together. The interaction of the signals can be used for 

calculating new quantities that need not be measured. Soft sensors are especially useful in 

data fusion, where measurements of different characteristics and dynamics are combined. 

It can be used for fault diagnosis as well as control applications. Soft sensors can estimate 

unmeasured, but important variables from other easily measured variables using 

computational models. The advantage of these inferential measurements compared to the 
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lab measurement is that estimation happens in real time, so information is continuously 

available to improve process control and optimization and increase process safety. A very 

comprehensive review of the applications of soft sensors in process industry can be found 

in [3, 4, and 5]. Soft sensors are widely used in hydrocarbon industry such as in fluid 

catalytic cracking where soft sensors are used to infer the catalyst circulation rate and the 

reaction heat to support model predictive control [6]. In the pharmaceutical industry, soft 

sensors are also widely used in connection with Process Analytical Technology (PAT) [7, 

8].  

The application of soft sensors and online analyzers on advanced process control is 

important. In [10], the general development procedure of soft sensors, beginning from the 

necessary critical analysis of rough process data, their performance analysis, and the topics 

related to on-line implementation are demonstrated.  

First-principles and data-driven methods are recognized as the main methods for 

developing soft sensors [11]. First principles models (white-box, or mechanistic, or a priori 

models) for distillation columns are derived from the MESH equations (Mass Balance, 

Equilibrium, Summation, and Energy Balance Equations) that contain detailed physical-

chemical information about the system. However, the applicability of this approach is very 

limited because the detailed mechanisms of the system are not sufficiently well understood 

for detailed model development due to complexity and uncertainty of the processes in many 

practical applications [5]. Also, the building of first principles models of complex industrial 

process is a very difficult and time-consuming procedure. It is practically difficult to build 

precise first principles models that can show why defects appear in products and this is a 

critical issue due to getting shorter product life cycles and requiring fast and adaptive 

solutions for the available time to improve product quality and yield [12].  
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When no detailed knowledge is available about the process, data driven (black-box 

or a posteriori) model based soft-sensors are developed. Process variables (process data) 

are used to develop statistical models to determine the relationship between inputs and 

outputs in this type of soft sensors.  

The most common techniques used in the construction of data-driven based soft 

sensors are shown in chapter 5. In this chapter, the development process of data-driven 

based soft sensors, specifically neural net (NN) based soft sensors, has been described 

briefly.  

 

1.2 WHY BATCH DISTILLATION 

The use of distillation in steps, or in batches is called batch distillation. It is the 

oldest operation used for separation of liquid mixtures and is the most frequent separation 

method in batch processes [12]. Batch distillation is widely used in the laboratory 

separations and in the production of fine chemicals and specialized products such as 

alcoholic beverages, essential oils, perfume, pharmaceutical and petroleum products, 

polymers, and biochemical products either for purification purposes or for the recovery of 

valuable solvents for centuries and also today [13].  

Batch distillation is more likely used than continuous distillation in the above-

mentioned industries for these reasons [14]:  

1) Batch distillation provides a single column, unlike continuous distillation, to separate 

a multicomponent system. 

2) Seasonal or customer demand may require only one column to be used either for 

different feed mixtures or for producing different products.  
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3) The required capacity of the processing unit may be too small to warrant continuous 

operation at a practical scale. 

4) The use of a batch column can keep solids separated and allow convenient removal at 

the end of the batch if the separated material has high solid content, or tar, or resins that 

would foul a continuous column. 

5) Batch-wise operation enables batch identity, that is, product traceability, which is 

important in the production of pharmaceuticals and foodstuffs that have strict quality 

control requirements. 

The greatest advantage of batch distillation is thus its ability (flexibility) to deal 

with different separation duties: varying feed mixture, varying feed compositions, and 

varying product specifications by simply changing (switching) the operating conditions of 

the column. However, this flexibility, and the inherent unsteady-state (dynamic) nature of 

batch distillation, poses additional design and operational challenges comparing with 

continuous distillation. Also, the operation of batch unit may consume higher energy and 

more time compared with the continuous column. 

Batch distillation is a very old unit operation that has been used in the industry for 

several centuries. Although distillation is one of the most intensively studied and better 

understood processes in the chemical industry, batch distillation still represents an 

interesting field for academic and industrial research for several reasons. The development 

of new batch column configurations and operating/control policies is essential to meet the 

increasing demands for efficiency and productivity. There are several possible alternative 

operations with complex trade-offs as a result of the many degrees of freedom available 

even for simple binary distillation. The optimization of batch distillation operation leads to 

a challenging optimal control problem because the dynamic nature of the batch distillation 
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process [14]. The benefit of using one batch column instead of using several continuous 

columns has been shown in Figures 1.1 and 1.2. 

 

 

Figure 1.1: Conventional batch distillation (CBD) column with different product cuts. 
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Figure 1.2: Alternative sequences of three continuous distillation columns for separating 

quaternary mixture [13]. 
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1.3 BATCH DISTILLATION COLUMN CONFIGURATION AND OPERATION 

In this section, several design configurations of batch distillation column are 

described. Then, the operation procedure polices of the conventional batch distillation 

column configuration is presented because this type of batch column configuration has 

been used in this work. 

1.3.1 Configurations of Batch Distillation Column 

There are several design configurations of batch distillation column: Conventional 

Batch Distillation Column (CBD) configuration (as shown in Figure 1.1) and 

Unconventional Batch Distillation Column configurations (as shown in Figure 1.3).  

Unconventional Batch Distillation Column configurations are: Inverted Batch Distillation 

Column, Middle Vessel Batch Distillation Column (MVC), Multivessel Batch Distillation 

Column (MultiBD), and Continuous Column for Batch Distillation. 

 

1) Conventional Batch Distillation Column (CBD) Configuration 

It is the oldest configuration of batch distillation column for separating liquid 

mixtures. The main parts of a conventional batch distillation (CBD) column are: a bottom 

receiver (reboiler) that is charged with the feed to be processed and which provides the 

heat transfer surface, a rectifying column (either a tray or packed column) superimposed 

on the reboiler coupled with either a total condenser or a partial condenser system, and a 

series of product accumulator tanks connected to the product streams to collect the main 

and/or the intermediate distillate fractions/cuts. These main features of conventional batch 

distillation column can be seen in Figure 1.1. The operation procedure policies of this 

configuration of batch distillation column are discussed briefly in the next section. 
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2) Inverted Batch Distillation Column (IBD) Configuration  

In 1950, Robinson and Gilliland proposed this type of batch distillation column that 

combines the feed charge and the condenser reflux drum and operates in an all-stripping 

mode with a small holdup reboiler [15]. The configuration of this type of batch distillation 

column is the same as the conventional batch column except that products are withdrawn 

from the bottom. High boiling (heavy components) products are withdrawn first followed 

by the more volatile products. This type of operation is supposed to eliminate the thermal 

decomposition problems of the high boiling products. Several researchers used this type of 

column configuration for batch distillation and compared their performances with 

conventional columns [16, 17].  

 

3) Middle Vessel Batch Distillation Column (MVC) Configuration 

In a Middle Vessel Batch Distillation Column (MVC), the separation section is 

divided into rectifying and stripping sections with a feed tray in the middle like the 

continuous distillation column. The main features of this type of column are the following: 

the feed is supplied to a suitable location in the middle of the column (the reboiler holdup 

is kept to a minimum), the liquid on the feed tray is recycled to the feed tank so that the 

composition of the liquid in the feed tank is close to that of the liquid on the feed tray, and 

products or intermediate fractions can be withdrawn simultaneously from the top and 

bottom of the column.  

In 1970, Bortolini and Guarise presented such columns and methods for evaluating 

their performance with binary mixtures [13]. After that, several researchers has used this 

type of column configuration for nonideal, azeotropic, extractive and reactive separation 

of binary and multicomponent mixtures [18-24].  
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The main advantage of this type of column configuration is inherently very flexible 

in the sense that it can be easily switched to a conventional or inverted batch distillation 

column by changing the location of the feed with closing/opening appropriate valves in the 

product lines.  

 

4) Multivessel Batch Distillation Column (MultiBD) Configuration 

This configuration of batch distillation column is very similar to that of a 

conventional batch distillation except it has one or more intermediate charge/product 

vessels. If the column operates at total reflux, the charges in each vessel will be purified as 

the distillation proceeds. However, the purity in each vessel will depend on the number of 

plates in each section of the column, vapor boil-up, the amount of initial charge in each 

vessel and the duration of operation. The top vessel will be richer in low boiling 

components while the bottom vessel will be richer in high boiling components. MultiBD 

column has been used for simulation, control and optimization studies in [25-27]. 

 

5) Continuous Column for Batch Distillation Configuration 

In 1974, Attarwala and Abrams considered the batch separation task operating in a 

single continuous column sequentially [28]. The main features of this type of batch column 

configuration are the following: the feed is supplied to a suitable location in the middle of 

the column from a feed tank continuously similar to continuous distillation (the reboiler 

and condenser holdups are kept to a minimum),  The column operates in a continuous mode 

and separates one component each pass as distillate and collects the residual in a storage 

tank.  The storage tank from the previous pass is used as a feed tank for the next pass and 

the process from the previous step is continued. This process is continued until the final 
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binary mixture is separated. This type of operation is called Single Pass Sequential Steady 

State (SPSSS) operation [29]. 

 

 

Figure 1.3: Unconventional batch distillation column configurations [Inverted Batch 

Distillation Column (a), Middle Vessel Batch Distillation Column (b), Middle Vessel 

Batch Distillation Column (c), and Continuous Column for Batch Distillation (d)]. 
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1.3.2 Operation Procedure of Conventional Batch Distillation Column  

Different specifications have been used within the operation of conventional batch 

distillation column such as: constant vapor boilup rate, constant condenser vapor load, 

constant distillate rate, constant reboiler duty, and cyclic operation [13]. 

The operation procedure of conventional batch distillation column is divided into 

three periods: start-up period, production period, and shutdown period [13]. 

1) Start-up Period 

An empty conventional batch column is started up in the following sequence:  

a) The reboiler is charged with the material to be processed and heat is applied to it to 

bring the material to its boiling point temperature. 

b) A part of the material is vaporized (depending on the reboiler duty) and the vapor 

travels upward both through the plate holes and downcomers and almost instantly 

reaches the condenser. 

c) At this time, the coolant valve is opened, and the condensed liquid is stored into a 

reflux drum. The reflux valve is opened when the liquid fills the condenser holdup 

tank. At this point some product may also be collected simultaneously.  

d) The liquid begins to flow into the top plate and collects on the plate because of the 

retention made by the vapor flow. When the liquid level passes the weir height (thus 

filling the holdup), the liquid begins to fall to the plate below and the same 

phenomenon is repeated until the reboiler is reached. In practice some liquid also 

trickles down from the plate holes when the flows are initially established.  

e) The column is now run under total reflux operation if no product was withdrawn in 

step (c). The total reflux operation is run until the unit is taken to a steady state or 

to a state when the distillate composition reaches the desired product purity.  
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The duration of step (a) is usually very short compared to the overall batch 

distillation time and can be ignored. The duration of steps (b) to (e) is important and it 

may take a long time to reach a steady state or the desired initial distillate composition 

in some cases. 

 

2) Product Period 

When the removal of distillate from the process is begun, the product period starts. 

The operation and the duration of the product period depend on the requirements of the 

product or on the economics of the process. Several polices can be used in the operation of 

this period: 

a) Constant distillate composition (variable reflux ratio): 

The total reflux start-up period is ended when the desired distillate purity is reached. 

Product take off is started and the product is collected at constant composition by varying 

the reflux ratio until a specified amount of distillate has been collected. This type of 

operation is known as variable reflux operation or constant distillate composition 

operation. In this mode of operation, the reflux ratio is such that it always produces on-

specification material, stopping the fraction when the reflux ratio has climbed to some 

value considered to be uneconomic. 

b) Constant reflux ratio (variable distillate composition): 

The total reflux start-up period is ended when the unit reaches its steady state. 

Product is collected at some constant finite reflux ratio until the accumulated product 

composition reaches its desired purity. The column is operated using a fixed reflux ratio 

for the whole operation (product cut) yielding a product with purity higher than the desired 

specification at the beginning and below the desired specification at the end of the product 

cut. 
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c) Optimal reflux ratio: 

An optimal reflux policy is selected so that some objective function (minimum 

time, maximum product, maximum profit, etc.) is satisfied subjecting to any constraints 

(product amount and purity) at the end of the process. 

 

3) Shutdown Period 

A batch distillation column can be shutdown at the end of production period in the 

following sequence: heat supply to the column is cut-off, holdup in the column is collapsed 

and collected in the reboiler, and condenser holdup may be mixed with the top product or 

with the reboiler material. 

 

1.4 OUTLINE OF THIS DISSERTATION 

The main work of this dissertation has been divided into several parts: construction 

and operation of experimental unit, modeling/simulation and optimization, development 

procedure of inferential soft sensor, and inferential PI and MPC control approaches.  

This dissertation is divided into eight chapters in which the first two chapters are 

focused on giving an introduction and background on the batch distillation column 

operation, modeling, simulation, optimization, and control. 

 Chapter 3 includes the experimental work. It describes the chemical system and the 

detailed construction (design) of the experimental distillation unit including all parts of this 

unit: tray section, reboiler, condenser, heat exchangers, vessels section, and pumps section. 

Also, the operation procedure of this unit including the operation policies of distillate 

withdrawal phase, the stopping criteria, and the operating conditions is described in this 

chapter. 
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Chapter 4 consists of the offline work of dynamic modeling, simulation, and 

optimization of the operation of this pilot-plant batch distillation column. The development 

process and the validation work of building dynamic model to simulate the dynamic 

operation of the product period of the batch distillation column has been focused and 

studied. Then, the dynamic optimization for the operation of this pilot-plant batch column 

to get the optimum path of reflux ratio has been developed in this chapter. 

 The development procedure of building soft sensors has been focused in chapter 5. 

A new NN based soft sensor to infer the ethanol composition of the distillate has been 

developed and validated against experimental data. Our contribution to improve the 

performance of this NN soft sensor has been described in this chapter. 

Chapter 6 describes the building process of inferential PI control scheme to control 

the ethanol composition of the distillate using a new NN based soft sensor that is developed 

in the previous chapter. The efforts of improving the performance of inferential PI control 

scheme has been shown in this chapter. 

Chapter 7 shows the development process of advanced control schemes (MPC 

control schemes) for this batch column unit. It starts with giving an introduction on MPC 

generally and DeltaV MPC specifically. Then, the implementation procedure of DeltaV 

MPC has been stated in this chapter. An comparison between the performance of inferential 

PI control scheme and the performance of DeltaV MPC control schemes have been given 

at the end of this chapter. 

Finally, the conclusions drawn from this work and the recommendations for future 

work have been shown in chapter 8.      
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Chapter 2:  Conventional Batch Distillation (CBD) Background 

The simulating of the actual operation (both start-up and product period) of 

conventional columns has been an active research area for decades. Developing a model 

(derived from the following equations: mass and energy balances, hydraulic, summation, 

thermodynamics, equilibrium, physical, enthalpy, etc.) that could best predict the operation 

of the column has been the main interest.  

The well-known and simple Rayleigh Model was an early model of batch 

distillation [29]. The main issues in modelling were whether and how to include energy 

balances, column holdup, plate hydraulics, accurate physical properties, etc. to simulate 

the actual operation of batch columns, and solved with high-speed digital computers. The 

assumptions that had to be taken to simplify the model depend on several reasons: size and 

complexity of the problem, capabilities of the computer, availability of suitable numerical 

methods to integrate the model equations, gain in accuracy in the prediction of real 

operation vs computation time, etc. 

Background on the dynamic simulation, modeling, and integration solution 

techniques/issues of conventional batch distillation column is covered in this chapter. First, 

the dynamic simulation that has been found in the literature describing the dynamic nature 

of this batch column is described in section 2.1. Then, the work of the dynamic modeling 

of the operation of the conventional batch distillation column is shown in section 2.2. 

Finally, the integration solution techniques and issues of batch distillation column 

modeling are stated in section 2.3.  
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2.1 DYNAMIC SIMULATION OF CONVENTIONAL BATCH DISTILLATION COLUMN 

 Background on the simulation of the whole operation period (startup and product 

periods) of conventional batch distillation column is presented here. 

1) Simulation of the startup period 

The simulation of the actual startup period of batch distillation columns is a very 

challenging modelling problem due to the inherent and complex dynamic behavior. The 

complex dynamic behavior of the actual startup operation of distillation columns is 

obtained due to very complex transient periods of the simultaneous drastic changes in many 

state variables The sequence of a transition of a tray from empty (EM) to liquid 

accumulation (LA) to vapor liquid equilibrium (VLE) is shown in Figure 2.1. So, it is 

necessary to derive a detailed rigorous model including plate hydraulics to simulate the 

very complex actual startup period. Few researchers have focused on the simulation of the 

actual startup period (starting from empty cold state) [30- 35].  

However, the simulation of start-up operation from step (e) of section (1.3.2) is 

easy and can be done without considering a detailed hydraulic model by using different 

ways to fill the holdup in steps (c) and (d) of section 1.3.2:  

(a) directly with still pot liquid at the boiling point temperature [36-39]. So, the 

compositions of the plates and condenser in the model equations are initialized to the fresh 

feed composition for simulation. 

(b) operating the unit without reflux so the vapors from the reboiler are condensed 

and stored in the overhead equipment until the liquid fills the condenser and the column 

holdups. This mode was suggested by Luyben [40] and was used by Gonzalez-Velasco et 

al. [41].  

Now, the total reflux operation of the batch column can be easily run (simulated) 

by a model at total reflux until the unit reaches the steady state [42, 43] or until the instant 
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distillate composition reaches the product composition so that the product can be collected 

at constant distillate composition [38, 44, 45]. In the literature and in the practice, there is 

a variation of this total reflux operation idea. A part of the condensed liquid is returned to 

the column and the rest is taken out as product only. The product period starts within startup 

period from step (c) in section (1.3.2). In this variation [39, 46-48], whether and when an 

initial total reflux operation is required has been explained by Mujtaba [47]. 

 

 

Figure 2.1: Sequence of a transition of a tray state from empty (EM) to liquid accumulation 

(LA) to vapor liquid equilibrium (VLA) [34]. 
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2) Simulation of the product period 

The simulation of product period is fairly easy compared with the startup period 

simulation and was studied by several researchers using different types of models for the 

conventional batch columns [36, 37, 47, 49-59]. Some experimental simulations of the 

product period were also reported with modelling [43, 60].  

No work has been published on the simulation of actual shutdown operation in 

batch distillation. 

 

2.2 DYNAMIC MODELING OF CONVENTIONAL BATCH DISTILLATION COLUMN 

Several dynamic models of conventional batch distillation column have been found 

in the literature. These are the most common models of conventional batch column: 

 

2.2.1 Rayleigh Model 

This model was developed for a single stage batch distillation where a liquid 

mixture is charged in a reboiler and a vapor is generated by heating the liquid mixture. At 

any time, the vapor on top of the liquid is in equilibrium with the liquid left in the still 

(pot). The vapor is removed as soon as it is generated without returning any part of it as 

reflux to the reboiler after condensation. This model is fairly limited in its application 

because it is a single stage batch distillation without any reflux.  With this technique, sharp 

separations cannot be achieved unless the magnitude of the relative volatility approaches 

infinity for the components being separated.  So, this model is only useful for separating 

wide boiling mixtures where extremes of purity are not required. This model can be 

described by the following equation: 
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ln (
𝑊0

𝑊1
) = ∫

𝑑𝑥𝑤

𝑦−𝑥𝑤

𝑥𝑤0

𝑥𝑤1
                                                                                                       (2.1) 

Where: 

𝑊0 is the initial amount of liquid. 

𝑥𝑤0
 is the composition of the initial amount (𝑊0). 

𝑊1 is the amount of liquid left in the still. 

𝑥𝑤1
 is the composition of the amount of liquid left in the still (𝑊1). 

y is the vapor composition at any time and is in equilibrium with xB (VLE relationship). 

The amount of distillate at any given time can be calculated using the following equation: 

𝑈𝑎 = 𝑊0 − 𝑊1                                                                                                               (2.2) 

 

2.2.2 Shortcut Model 

This model is developed based on the assumption that the representation of batch 

distillation operation can be done by a series of continuous distillation operation of short 

duration. It can be applied to multicomponent, multistage batch columns, with constant 

reflux and variable distillate composition, or variable reflux and constant distillate 

composition. This model avoids stage by stage calculations of vapor and liquid 

compositions by using the Fenske-Underwood-Gilliland (FUG) shortcut procedure for 

continuous distillation. There is no need to estimate the compositions or temperatures of 

the internal stages with this model. 

This method can be used for calculating residue compositions and distillate 

composition for a multicomponent system.  To achieve a sharp separation, tray or packed 

columns are required to be located above the still, along with a means of sending reflux 

back to the column.  If the reflux ratio, R, is fixed, distillate and still compositions vary 
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with time.  A constant molal vapor rate can be maintained, while continuously varying the 

reflux ratio.  The shortcut model can be applied in either case to estimate residue and 

distillate compositions.  A limitation though is that the Fenske equation can only be applied 

for situations where condenser and column hold ups are negligible, which is not always the 

case.  Use of the Fenske equation is also dependent on the method used to start up the 

column.  The Fenske equation can only be used if total reflux is employed as the startup 

method.  

There are two approaches of the shortcut method: Diwekar and Madhavan approach 

[56, 57] and Sundaram and Evans approach [58, 59]. 

a) Diwekar and Madhavan approach: 

Mass balance: 

-d/dt (W) = D                                                                                                                  (2.3) 

D = V/ (1 + R)                                                                                                                (2.4) 

Where:  

W is the residue (waste), V is the vapor leaving the column, D is the distillate and R is the 

reflux ratio. 

The accumulated distillate over some time Δt, t1 - to, is given by, 

Ua = DΔt                                                                                                                       (2.5) 

If we start with an initial charge of Wo, an overall mass balance, after Δt, is, 

Wo = W1 + Ua                                                                                                               (2.6) 

Dividing Eq (2.6) through out by Δt to approximate continuous distillation over the time 

step, one can write,  

F = W + D                                                                                                                   (2.7) 

Where F = W0/Δt, W = W1/Δt, D = Ua/Δt. 

Doing a component balance, 
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FxF
i = Wxw

i + Dxd
i                                                                                                         (2.8) 

xw
i = (FxF

i – Dxd
i)/W                                                                                                    (2.9) 

The xw
i from the current distillation step becomes xF

i for the next distillation step. 

The distillate composition, xdi is estimated using the FUG method.  Fenske equation is 

used to calculate the minimum number of trays.   

Fenske equation: Nmin = ln ((xd
i/xd

k) (xw
k/xw

i))/ln αi                                                     (2.10) 

Define C1 = Nmin.  ‘Hengestebeck-Geddes’ Equation can be used to calculate xd
i,  

Xd
i = (αi/α1) C1 (xd

1/xw
1) xw

i, i = 2, 3 ...n                                                                      (2.11) 

and ∑ xd
i = 1, summing from i = 1 to n. xd

1 in Eq (2.11) is estimated using the following 

equation: xd
1 = 1/ (∑ (αi/α1) 

C1 (xw
i/xw

1)                                                                             (2.12) 

The Underwood equations can be used to make an estimate of the minimum reflux ratio 

for cases where the feed is at its bubble point. Underwood Equations: 

∑ (αi xw
i)/ (αi – θ) = 0                                                                                                 (2.13) 

The θ in Eq (2.11) is calculated and used in the following equation to calculate the Rmin, u: 

Rmin, u + 1 = ∑ (αixd
i/αi-θ)                                                                                            (2.14) 

The Gilliland correlations which can be used to estimate the number of theoretical stages 

are: 

X = (R – Rmin, u)/(R+1)                                                                                            (2.15) 

Y = (N – Nmin)/ (N + 1)                                                                                            (2.16) 

Rmin, g = R- X(R + 1)                                                                                                (2.17) 

Thus Rmin, g and Nmin are calculated from the equations (2.16) and (2.17). 

The following condition has to be satisfied for C1 estimation, 

Gc = (Rmin, u/R) – Rmin, g/R ≈ 0                                                                                   (2.18) 

These equations are then solved iteratively to find C1 and xd
i until convergence.  

b) Sundaram and Evans approach: 
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 With this method an instantaneous balance around the column is done, which 

yields the following component balance for component i,  

dxwi = (xDi – xwi) dW/dt                                                                                               (2.19) 

An overall balance yields, -dW/dt = V/ (1 + R)                                                          (2.20) 

These equations are then written in finite difference form using Euler’s method 

respectively.   

xwi 
(k+1) = xwi 

(k) + (xDi
(k) – xwi

(k))[(W(k+1) – W(k))/W(k)]                                                (2.21) 

W (k+1) = Wk – (V/ (1 + R)) Δt                                                                                    (2.22) 

The Fenske equation is written in terms of xDi, 

xDi = xwi (xDr/xwr)αi,r
N                                                                                                  (2.23) 

Here r is a reference component of the mixture, generally the least volatile component.  

Since ∑xDi = 1, from i = 1 to c, the number of components, we can rewrite the Fenske 

equation in terms of xDr as 

xDr = xwr/(∑xwiαi,r
N)                                                                                                   (2.24) 

This equation (2.23) is used to compute the initial distillate composition, xD
(0).  The 

remaining values of xDi
(0) can then be computed from the modified Fenske equation. Using 

the initial values of xDi 
(0), values of W1 and xwi 

(1) are then computed.  The FUG method is 

then used to compute each subsequent set of xwi 
(k+1) for k > 0, for each successive time 

step.  Nmin is related to N by the Gilliland correlation. A convenient but approximate 

equation of correlation between Nmin and Rmin, is the following: 

(N - Nmin)/ N+1 = 0.75(1 – ((R-Rmin)/R+1)0.5668)                                                      (2.25) 

An estimate of the minimum reflux ratio is given by the class I Underwood equations, 

Rmin = [(XDLK/XwLK) – αLK,HK(XDHK/XwHK)]/(αLK,HK – 1)                                          (2.26) 
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If (2.21) with i = 1, r = C, and N = Nmin and (2.21) with r = C is substituted into (2.26), 

we get, 

Rmin = (α1,C
Nmin – α1,C)/[(α1,C – 1)∑Xwiαi,C

Nmin]                                                           (2.27) 

 Nmin and Rmin are calculated from Eq (2.25) and Eq (2.27) simultaneously by an iterative 

method; xDr1 is then calculated, with N now equal to Nmin using Eq (2.24), following which 

the other values of xDi can then be calculated.  xwi
2 and W2 are then determined using Eqs 

(2.21) and (2.22). 

 

2.2.3 Simple Model 

This model is based on the assumptions of constant relative volatility and equimolal 

overflow and includes detailed plate to plate calculations.  The model is for a multistage, 

multicomponent system with a constant reflux ratio. This model can be used to compute 

tray by tray compositions, for the batch column.  Hence it is a model which provides quick 

estimates of the performance of a batch column, in terms of component distributions.  

However, its results are only valid if the following assumptions are satisfied: 

a) constant molar holdup for condenser and internal plates. 

b) Total condensation without sub-cooling. 

c) Negligible vapor holdup 

d) Perfect mixing of vapor and liquid on the plates 

e) Negligible heat losses 

f) Theoretical plates 

g) Feed mixture at its bubble point 

h) Adiabatic column 

i) Negligible pressure drop across the column 
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These are the following equations of this model: 

Mass balance equation: 

The equations for the condenser are done first, then the equations for the accumulator.  This 

is then followed by the equations for the accumulator, followed by the equations for the 

plates in the column and the reboiler. 

Accumulator and Condenser Equations: 

For the accumulator one can write the following total balance equation, 

d/dt (Ha) = LD                                                                                                                (2.28) 

where Ha is the amount of product in the accumulator and LD is the incoming liquid from 

the condenser. Doing a component balance, for component i, one can write, 

 d/dt (Haxai) = LDx1i                                                                                                       (2.29) 

Eq (3.2) is expanded as d/dt (xai) = LD/Ha (x1i – xai)                                                    (2.30) 

For the condenser, one can write the following total balance equation, 

d/dt (Hc) = V – LD                                                                                                         (2.31) 

where Hc is the holdup liquid in the condenser, and V is vapor from tray 2. 

Doing a component balance one can write, d/dt (Hcx1i) = Vy2i – LDx1i.  Solving this will 

yield the following equation,  

d/dt (x1i) = V/Hc (y2i – x1i)                                                                                            (2.32) 

The internal reflux ratio is defined as L = rV.  V = LD + L, which gives, 

LD = V (1-r)                                                                                                                 (2.33) 

Internal plates and reboiler Equations: 

The same types of material balances can be done for the internal plates and the reboiler to 

give, 

i) For the internal plates: 

dxj,i/dt = V/Hj (yj+1,i – yj,i) + L/Hj(xj-1,i – xj,i)                                                         (2.34) 
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j = 2, to n-1 and i = 1 to nc, assuming a constant molar plate holdup. 

The vapor liquid equilibrium relationship is written as:  

yj, i = αixj, i/ (∑ (αkxj,k))                                                                                                 (2.35) 

ii) For the reboiler  

HN (dxN, i/dt) = L (xN-1, i- xN, i) – V (yN – xN, i)                                                             (2.36) 

Given the number of trays, equations can be written for each stage and solve 

simultaneously for xi, n, the vapor liquid equilibrium relationship is then used to compute 

values for yi, n.  

Several researchers have used this model has been simulation and optimization of 

conventional batch distillation [39, 61-63]. 

2.2.4 Rigorous Model 

The rigorous model is based on the assumptions of equilibrium stages, perfect 

mixing of liquid and vapor phases at each stage, negligible vapor hold up, constant liquid 

hold up, M, on a stage and in the condenser system and adiabatic stages in the column.  

The stages are numbered from top to bottom. To initiate operation feed is charged to the 

reboiler, to which heat is supplied.  The vapor leaving stage 1 at the top of the column is 

totally condensed and passed to the reflux drum.  At first, a total reflux condition is 

established for a steady state fixed overhead vapor flow rate.  Depending upon the amount 

of liquid hold up in the column and in the condenser system, the amount and composition 

of the liquid in the reboiler at total reflux differs to some extent from the original feed. 

Starting at some time, t = 0, distillate is removed from the reflux drum and sent to an 

accumulator at a constant molar rate, and a reflux ratio is established.  The heat transfer 

rate to the reboiler is adjusted so as to maintain the overhead vapor molar flow rate.  Model 
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equations based on total material balances, component material balances, and energy 

balances are derived for the overhead condensing system, the column stages and reboiler.  

This technique can be used for predictive modeling purposes once the assumptions 

that are used in its derivation are met.  The accuracy of the model will depend on the 

thermodynamic models used for vapor liquid equilibrium data and for predicting enthalpy.  

The fact that enthalpy calculations are used in this model makes it a better model for 

predictive purposes than the Short Cut Model and the Simple Model.  This is because if 

the conditions of equimolal overflow are not met, the enthalpy calculations that are used 

as part of the iterative process for calculating compositions will still ensure that good 

results are obtained. 

These are the following equations of this model: 

Mass and energy balance 

Total material balance:  

V1 – L0 – D = dM0/dt                                                                                                  (2.37) 

Component material balance:  

V1yi, 1 – L0xi, 0 – Dxi, D = d/dt (M0xi, 0)                                                                         (2.38) 

Energy balance:  

V1hv1 – (L0 + D) hL0 = Q0 + d/dt (M0hL0)                                                                     (2.39) 

The derivative terms are accumulation due to hold up. 

For phase equilibrium at stage 1, yi, 1 = Ki, xi, 1                                                            (2.40) 

These yield the following sets of equations: 

Overhead condensing system equations: 

Component balance:  

dxi,0/dt = [(L0 + D + dM0/dt)/M0] xi,0 + [(V1Ki,1)/M0]                                                  (2.41) 

for i = 1 to C components. 



 28 

Total mole balances: V1 = D(R+1) + dM0/dt                                                               (2.42) 

Enthalpy balance: Q0 = V1 (hv1 – hL0) – M0 (dhL0/dt)                                                   (2.43) 

Column stages equations: 

Component balance:  

dxi, j/dt = [Lj-1/Mj] xi, j-1 – [(Lj + Ki, jVj + dMj/dt)/Mj] xi, j +  

[(Ki, j+1Vj+1)/Mj] xi, j+1, for i = 1 to C                                                                             (2.44) 

Total mole balance: Lj = Vj+1 + Lj-1 – Vj – dMj/dt                                                        (2.45) 

Enthalpy balance: Vj+1 = 1/ (hvj+1 – hLj) [Vj (hvj – hLj) – Lj-1(hLj-1 – hLj)  

+ Mj (dhLj/dt)], for j = 1 to n                                                                                         (2.46) 

Reboiler equations: 

Component balance: dxi, N+1/dt = (LN/MN+1) xi, N – [(VN+1Ki, N+1 +  

(dMN+1/dt))/MN+1] xi, N+1, for i = 1 to C                                                                       (2.47) 

Enthalpy balance: QN+1 = VN+1(hvN+1 – hLN+1) – LN(hLN – hLN+1) 

+ MN+1(dhLN+1/dt)                                                                                                        (2.48) 

L0 = RD                                                                                                                        (2.49) 

Phase equilibrium relationships for the column stages and the reboiler can be written, yi,j = 

Ki,jxi,j, under the restriction that ∑yi,j = 1, for i = 1 to C and j = 1 to N+ 1 

   These equations can be solved under the following conditions: 

a) Constant Volume Hold Up (CVH) [37, 50, 64-68] 

b) Constant Molar Hold Up (CMH) [37, 48, 55, 69, 70] 

They constitute initial value problems for a system of ordinary differential 

equations.  Analytical solutions are difficult, so these systems of equations are generally 

solved numerically. 
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2.2.5 Rigorous Model with Chemical Reactions 

This model is just an extension of the rigorous model.  From the material and energy 

balances, thermodynamic data and kinetic data, compositions of distillates, residues and 

tray compositions can be computed.  

The same assumptions made for the rigorous model are used for the rigorous model 

with chemical reactions.  Further assumptions are that there are no chemical reactions in 

the vapor phase and in the condenser accumulator. Reaction kinetics data, which can be 

written as, 

rji = rji(kr, xD)                                                                                                               (2.50) 

∆nj = ∑r ji                                                                                                                    (2.51) 

are needed in order to model the reactions. These are the equations of this model: 

Mass and Energy balance equations: 

Condenser and Accumulator, j = 1; i = 1 to C. 

Accumulator total mass balance: dHa/dt = LD                                                             (2.52) 

Accumulator component balance: d/dt (Haxai) = LDxDi                                               (2.53) 

Condenser Hold up Tank component balance:  

d/dt(HcxDi)=V2y2i+r1iHc-LcxDi                                                                                       (2.54) 

Energy balance: d/dt (Hch1
L) = V2h2

v – Lch1
L - Qc                                                       (2.55) 

Internal Plates Equations, j = 2 to (N – 1); i = 1 to nc 

Total mass balance: dHj/dt = Lj-1+Vj+1 – Lj – Vj + ∆njHj                                             (2.56) 

Component mass balance:  

d/dt (Hjxj,i) = Lj-1xj-1,i + Vj+1,i – Ljxji – Vjyji + rjiHj                                                      (2.57) 

Energy Balance: d/dt (Hjhj
L) = Lj-1hj-1

L + Vj+1hj+1
v – Ljhj

L - Vjhj
v                              (2.58) 

Equilibrium relationship: yji = kjixji, under the restriction that ∑yij = 1 

Reboiler Equations, j = N; i = 1 to nc 
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Total mass balance: dHN/dt = LN-1 – VN + ∆nNHN                                                    (2.59) 

Component mass balance: d/dt (HNxNi) = LN-1xN-1, i-VNyNi+rNiHN                           (2.60) 

Energy balance: d/dt (HNhN
L) = LN-1hN-1

L – VNhN
v +QR                                          (2.61) 

This model has been used by several researchers for simulating batch reactive 

distillation columns [47, 48, 52, 61, 71-76]. 

2.3 INTEGRATION SOLUTION TECHNIQUES AND ISSUES OF THE BATCH DISTILLATION 

MODELING 

Batch distillation is inherently an unsteady state process unlike continuous 

distillation. Individual species can completely disappear from the column, first from the 

reboiler and then from the entire column in conventional batch distillation while the 

dynamics in continuous distillate are usually in the form of relatively small upsets from 

steady state operation. So, the model describing a batch column is always dynamic in 

nature and results in a system of Ordinary Differential Equations (ODEs) or a coupled 

system of Differential and Algebraic Equations (DAEs) (as in simple model and rigorous 

model types).  

 

2.3.1 Classification and Initialization of ODEs and DAEs Systems 

System of ODEs and DAEs can be classified depending on their index [77]. The 

model equations presented in the previous section mainly construct a coupled system of 

DAEs of index one (as in simple model type) or two (as in rigorous model types). The 

maximum number of differentiations required to reduce a DAE system to an ODE system 

is called the index. DAE system of index more than one appears in many areas of chemical 

engineering modelling [78]. Solution of such DAE systems is sometimes difficult. There 

is no problem with solving systems of index zero or one (ODE systems or simple DAE 
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systems) by well-known existing methods. However, integration solution technique of 

higher index DAEs requires special treatment [66, 67, 79]. 

The initialization of variables in a system of equations is important. In systems of 

ODEs, all state variables must be initialized. But, In DAE systems, only some of the 

variables need to be initialized which is the same as the number of differential variables 

for index one system while the other variables can be determined using the algebraic 

equations. It is inconvenient for the user to be required to initialize all of the variables as 

this might require the solution of a set of nonlinear algebraic equations, so a procedure for 

consistent initialization of DAE systems has been developed [80].  

2.3.2 Integration Methods 

Model reformulation or simplified version of the original model has always been 

the first step depending on the numerical techniques available for integration of the model 

equations. Simplified models as sets of ordinary differential equations (ODEs) were 

developed in the 1960s and 1970s. Such model equations were solved by explicit Euler 

method or explicit Runge-Kutta Integration method [15, 44, 49, 51, 62]. Non-stiff 

integration techniques were suitable for those ODE models because these models ignored 

the column holdup. However, the system is frequently very stiff, owing either to wide 

ranges in relative volatilities or large differences in tray and reboiler holdups in batch 

distillation. So, a very small integration step must be used to ensure that the solution 

remains stable if methods for non-stiff problems are applied to stiff problems (ODE models 

but having column holdup and/or energy balances) [42, 50, 64, 65].  

ODE models were discretized as algebraic equations using orthogonal collocation 

on finite elements techniques and solved in the 1980s and 1990s [81-84]. Some researchers 

assumed that the batch distillation column could be considered as continuous column with 
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changing feed. That is, for small interval of time the batch column behavior is analogous 

to a continuous column and they employed widely used Fenske-Underwood-Gilliland 

shortcut method to integrate the model equations [53, 56-59, 84-86]. A similar approach 

but employed rigorous continuous distillation model and modified Naphtali-Sandholm 

method [87, 88] to integrate the model equations has been considered by [55]. Grouping 

of the model equations by stages (number of plates) and the use of Newton-Raphson 

method is required for Naphtali and Sandholm method. DAE models have been 

reformulated as ODEs and a generalized implicit Euler method has been used to integrate 

the model equations in [68].  

A coupled system of DAEs results from rigorous and stiff batch distillation models 

considering mass and energy balances, column holdup and physical properties. Solution of 

such model equations without any reformulation was developed based on Backward 

Differentiation Formula (BDF) by [89, 90]. BDF methods are basically predictor-corrector 

methods. A prediction is made of the differential variable at the next point in time at each 

step. The prediction is corrected by a correction procedure. The step is accepted if the 

difference between the predicted and corrected states is less than the required local error. 

Otherwise, the step length is reduced, and another attempt is made. The step length may 

also be increased if possible and the order of prediction is changed when this seems useful. 

This procedure has been used in batch distillation studies by several researchers [37, 47, 

48, 52, 54, 61, 69, 70].  Techniques to calculate directly dynamic distillation (DDD) 

derivatives (non-iterative) which were then employed to integrate rigorous DAEs (index 

2) based batch distillation model have been developed by [76, 77]. A detailed account of 

the merits and demerits of different integration methods with typical conventional batch 

distillation examples has been developed by [91]. They have noted three particular issues 

with the integration methods applied in batch distillation calculations that require attention. 
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These are the truncation error, stability and stiffness ratio. These will be briefly discussed 

in the following: 

1) Truncation Error 

The result of approximating the functions on the right-hand side of the ODES at 

each time step are called local truncation errors. These errors are locally small. However, 

they can propagate as calculation proceeds to subsequent time steps and can result to large 

global truncation errors with significant loss of accuracy in the computed dependent 

variables. To reduce these errors, smaller time step must be used.  

2) Stability 

Each numerical technique has its own criteria for selecting the maximum time step. 

Instability in the calculations may arise which makes the computed dependent variables 

totally inaccurate if this selected maximum time step is not satisfied. Also, a further 

reduction of the maximum time step may be necessary to avoid oscillations in the 

dependent variables. 

The following criteria for explicit Euler’s method to prevent the instability and 

oscillations has been noted by [91]: 

 

ℎ𝑚𝑎𝑥 =
2

|𝜆|𝑚𝑎𝑥
                                [𝑓𝑜𝑟 𝑖𝑛𝑠𝑡𝑎𝑏𝑖𝑙𝑖𝑡𝑦]                                                     (2.62)                    

 

ℎ𝑚𝑎𝑥 =
1

|𝜆|𝑚𝑎𝑥
                                [𝑓𝑜𝑟 𝑜𝑠𝑐𝑖𝑙𝑙𝑎𝑡𝑖𝑜𝑛𝑠]                                                   (2.63)               

where, |𝜆|𝑚𝑎𝑥 is the maximum absolute eigenvalue of the Jacobian matrix of the 

ODES. 

3) Stiffness Ratio 

Quite often chemical engineering systems are encountered with widely different time 

constants, which give rise to both long-term and short-term effects. The corresponding 
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ordinary differential equations have widely different eigenvalues. Differential equations of 

this type are known as stiff systems. The expressions for maximum and minimum 

eigenvalues for the differential component mass balance equations related to intermediate 

plates and reboiler respectively has been derived by [91]. 

 

|𝜆|𝑚𝑎𝑥 = 2[
𝐿𝑗+ 𝑘𝑖𝑗 𝑉𝑗

𝐻𝑗
]                                  [for intermediate plates]                                (2.64)                  

|𝜆|𝑚𝑖𝑛 = [
𝐿𝑁−1+ 𝑘𝑖𝑁 𝑉𝑁

𝐻𝑁
]                               [for reboiler]                                                  (2.65)                  

The stiffness ratio, SR, is defined as: 

 

SR=
|𝜆|𝑚𝑎𝑥

|𝜆|𝑚𝑖𝑛
                                                                                                                       (2.66) 

Where: 

SR = 20 (system is not stiff) 

SR = 1000 (the system is stiff) 

SR = 1,000,000 (the system is very stiff) 

 

2.4 SUMMARY 

In this chapter, the previous work on the dynamic modeling, simulation, and 

integration solution techniques/issues of the conventional batch distillation column have 

been described. 

 The detailed description of the simulation of the whole operation of conventional 

batch column is explained. The previous work on the simulation of both periods of the 

operation of batch column (startup period and product period) has been discussed in this 

chapter.  
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 Then, several dynamic model types that describe the dynamic nature of the 

operation of batch column have been described. The assumptions, applications, equations 

of these dynamic models (Rayleigh, Shortcut, Simple, and Rigorous models) have been 

shown in this section. 

 Finally, the integration techniques and issues of the dynamic model (DAEs system) 

of batch column has been focused. The classifications and the initialization of DAEs 

system is explained first. Then, the different integration solution techniques for solving the 

DAEs equations set of the dynamic model of batch distillation are described. The 

truncation error, stability, and stiffness are also defined in this chapter. 

              The specific rigorous model equations used in this dissertation are next discussed 

in Chapter 4. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 36 

Chapter 3:  Experimental Facility 

The main goal of the experimental work is to improve our understanding and 

practice of batch distillation modeling, simulation, optimization, and control. A pilot-scale 

batch distillation column has been operated at different operating policies and conditions 

to reach this goal. The experimental unit consists of several main pieces of equipment and 

many instruments: a pilot-scale distillation unit, the control system, instruments, and 

analyzers (off-line and on-line). The instruments, sensors and analyzers of this pilot-plant 

distillation unit are described in Appendix A.  The description of the Emerson DeltaV DCS 

control system is shown in Appendix B.  

In this chapter, the hardware description of the pilot-plant distillation unit is shown 

in section 3.1. The detailed design of the distillation column unit (chemical system, 

distillation column and its trays, reboiler, condenser, heat exchangers, vessels, and pumps) 

is described in this section.  

The operating procedure of this pilot-scale batch distillation unit is described in 

section 3.2. The operating conditions of the experimental runs are described in section 3.3. 

This pilot-plant column unit has been operated at different operating conditions in order to 

perform dynamic modeling, simulation, and optimization and control for this pilot-plant 

distillation column unit. 
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3.1 PROCESS HARDWARE OF PILOT-PLANT DISTILLATION COLUMN UNIT 

This distillation column unit is designed and fabricated originally in 1986 by Xytel 

Inc. (Des Plaines, Illinois). It was designed only for continuous distillation operation in the 

chemical engineering senior undergraduate laboratory at the University of Texas at Austin. 

The column was modified in 1994 by Bosley [92] to allow this column to be operated for 

both batch and continuous distillation research. 

A more detailed (Piping and Instrumentation Diagram; PID) of this distillation 

column unit is shown in Appendix A (Figure A.1). Figure 3.1 represents a simplified flow 

diagram of the pilot-plant batch distillation column unit. The main components of this 

distillation column unit are the tray section, reboiler, condenser, heat exchangers section, 

vessels section, and pumps section. The distillation column is a 15-centimeter (6-inch 

nominal) diameter with ten sieve trays. It includes a horizontal reboiler with 80-liter 

capacity. This distillation column unit represents a medium-sized industrial batch column. 

The reboiler is charged from a feed tank. This feed vessel is a 150-liter (40-gallon nominal) 

capacity. This feed tank is also used to receive the returning products (top and bottom) after 

each experimental run. The top vapors of this distillation column condensate through a 

shell and tube condenser using water as the cooling medium. The condensate is collected 

in a small vessel (reflux drum or accumulator). The accumulated liquid at reflux drum is 

pumped either by only reflux pump to the top of column during the total reflux operation 

or by both reflux pump (to the top of the column) and distillate pump (to one of the two 

solenoid-selectable product tanks) during the distillate phase production policy. The 

product tanks can be drained either to a small external vessel for composition and mass 

calculation or to the feed tank to reuse it for the next experimental run. Most parts of the 

distillation equipment are fabricated of 300 series (304, 316) austenitic stainless steels and 

analogous low-carbon analogs. Some parts of distillation column such as small parts, seals, 
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gaskets, nitrogen lines, and valve packing are fabricated of Teflon fluoropolymer or other 

inert polymer. 

 

 

Figure 3.1: Simplified Process Flow Diagram (PFD) of pilot-plant batch distillation 

column. 
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The specifications of the main components of this pilot-plant distillation unit 

(chemical system, tray section, reboiler, condenser, heat exchangers section, vessels 

section, and pumps section) are shown in Table 3.1 and in the following sections briefly. 

 

Sieve trays specifications  

Number of sieve trays  10 

Diameter (inch) 6.065 

Tray space (inch) 10 

Weir height (inch) 0.5 

Lw/D  0.725 

Fractional Active Area (Aa/A) 0.7 

Fractional Hole Area (Ah/Aa) 0.29 

Discharge Coefficient  0.8 

Sieve Tray Hole Diameter (inch) 0.03125 

Downcomer Area Fraction (Ac/A) 0.0278 

Tray efficiency 80% 

  

Reboiler Pot Specifications  

Geometry Horizontal Cylinder with 

Elliptical Heads 

Length (inch) 33 

Diameter (inch) 14 

Heating Transfer Medium Steam 

Table 3.1: continued next page. 
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Steam pressure (bar) 2-3 

Steam Mass Rate (Kg/min) 0.8 kg/min 

Steam Coil Configuration   

Bottom height (inch) 0 

Top height (inch) 4.25 

Area (m2) 0.596  

  

Condenser Specifications  

Condenser Type Shell and tube (2 pass 

design, city water on tubes, 

process condensate on shell 

side), Total Condensation 

with subcooling 

Subcooled temperature (⁰C) 45-55 

Condenser exchange area (m2) 1 

  

Reflux Drum Specifications  

Geometry Vertical cylinder with 

hemispherical heads 

Height (inch) 14 

Diameter (inch) 6.5 

  

  

Table 3.1: continued next page. 
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Product tanks Specification  

Geometry Vertical cylinder with 

elliptical heads 

Height (inch) 36 

Diameter (inch) 14 

  

Feed tanks Specification  

Geometry Vertical cylinder with 

elliptical heads 

Height (inch) 42 

Diameter (inch) 16 

Table 3.1: Pilot-plant distillation column specifications 
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3.1.1 Chemical System 

This pilot-plant distillation column unit is designed originally for the methanol-

water system. This column is operated in the undergraduate senior laboratory, so the choice 

of chemical system is constrained due to safety and toxicity reasons. For example, the 

hydrocarbon system has a flammability issue while methanol and other systems have 

toxicity problems. So, the ethanol-water system was selected in this research work. 

The ethanol-water system is azeotropic. The relative volatility of this system ranges 

from 1.0 at (azeotrope condition; 0.8943 ethanol mole fraction or 0.9558 ethanol mass 

fraction) to around 11.0 at (0.0190 ethanol mole fraction or 0.0472 ethanol mass fraction 

in the liquid phase). The concentration of the top distillate product is restricted by this 

azeotrope condition. The mass transfer effects of the stages higher in the distillation column 

are decreased due to the presence of a pinch point where the equilibrium line approaches 

the diagonal in the plot of liquid and vapor equilibrium concentration (the relative volatility 

approaches unity). Most of the ethanol separation occurs in the bottom section (lower trays) 

due to the high relative volatilities (lower ethanol concentrations) at this section. Many 

equilibrium data sets of ethanol-water system are available in the literature [93, 94]. The 

thermodynamic and volumetric properties of this system of ethanol-water are very known 

widely [95, 96]. The vapor-liquid equilibrium data of ethanol-water system is shown in 

Table 3.2 and Figure 3.2.   
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Equilibrium 

Temperature 

(C⁰) 

Ethanol Mole 

Fraction in 

Liquid (X) 

Ethanol Mole 

Fraction in 

Vapor (Y) 

Relative 

Volatility 

100.0 0.0000 0.0000    ---- 

95.5 0.0190 0.1700 10.575 

89.0 0.0721 0.3891 8.197 

86.7 0.0966 0.4375 7.274 

85.3 0.1238 0.4704 6.286 

84.1 0.1661 0.5089 5.202 

82.7 0.2337 0.5445 3.920 

82.3 0.2608 0.5580 3.578 

81.5 0.3273 0.5826 2.869 

80.7 0.3965 0.6122 2.403 

79.8 0.5079 0.6564 1.851 

79.7 0.5198 0.6599 1.792 

79.3 0.5732 0.6841 1.612 

78.7 0.6763 0.7385 1.352 

78.4 0.7472 0.7815 1.210 

78.1 0.8943 0.8943 1.000 

Table 3.2: Vapor-Liquid equilibrium data of ethanol-water system at normal pressure. 
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(A) 

  

 

(B) 

Figure 3.2: VLE curves (A and B) of ethanol-water system at normal operating pressure. 
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3.1.2 Tray Section Design 

A 6-inch nominal schedule 40 stainless steel pipe with ANSI 150 class raised face 

flanges on each end is used to fabricate the distillation column (tray section). A 16-gauge 

stainless steel is used to fabricate the column sieve trays. Both sides of each column tray 

are attached with Teflon gaskets. Column trays have tubular downcomer of 1-inch (2.54 

cm) diameter and semicircular weir of 0.5-inch height. The fabrication detail of the column 

tray is shown in Figure 3.3. In this Figure, each tray fits into the seal cup of the next lower 

tray. The detail design of column spool section can be seen in Figure 3.4. The column 

consists of ten spool sections, with the tray assemblies between each pair of flanges. In 

Figure 3.4, the lower liquid sample port gives accommodation to both the liquid sample 

probe and the 1/8-inch diameter RTD temperature probe. The liquid sample probe consists 

of a 1/8-inch diameter tube silver-soldered to a 15-gauge hypodermic needle with a Luer 

fitting. Both liquid sample probe and RTD temperature probe were inserted to a depth 

where the liquid leaving the tray so that the measured temperature and composition will be 

for that liquid. So, the insertion depth of both probes is alternated between 3 and 7.5 cm 

(1.5 and 5 inch) because the alternating of the downcomer location from one side of the 

column to the other. Each tray has a feed port for continuous operation. It can be selected 

by valves and connects to the feed manifold. The reflux port is available only on the spool 

above the top tray. 

Due to the narrow operating range of the sieve trays, the column must be operated 

at the highest vapor rate (consistent with no entrainment) that maximize the production 

without loss of separation efficiency. In other words, the column must be operated at the 

optimal vapor flowrate that is seen to be between the flow at which separation efficiency 

is maximum and the flow at which entrainment flooding happens. The maximum 

permissible vapor velocity is changed considerably with composition based on the Fair  
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Figure 3.3: Tray fabrication detail (courtesy of chem-pro corporation). 
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Figure 3.4: Column spool section detail. 

 

calculation method for the entrainment of the ethanol-water system in the experimental 

distillation column [97]. The vapor velocity is ranged from 1.1 m/s (3.6 ft/s) at azeotrope 

condition (0.9558 ethanol mass fraction) to 2.6 m/s (8.4 ft/s). This calculated maximum 

vapor rate increases monotonically with water concentration. This implies that the flooding 

limit will always be at the top of the column. Also, the distillation column can be operated 

at constant vapor rate for that experimental runs with nearly constant overhead 

composition.  

The weeping effect (liquid leaking through the sieve tray holes into the tray below) 

within the operation of well-designed sieve tray columns has been reported by many 

workers as the ratio between weeping and flooding is nearly 3 [98]. This ratio is not noticed 

in the operation of this pilot-plant distillation column. There is no combination of liquid 

and vapor flows for which either entrainment flooding and/or weeping is not present. In 
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the experimental runs, the weeping was noticed through the two sight-holes in the column. 

Also, the vapor temperatures on the trays close to the reboiler are lower than the liquid 

temperatures and lower than the expected values. This is experimental evidence of the 

presence of weeping and how weeping lowers the separation efficiency. Also, the 

Murphree vapor efficiency that allowed the results of the Aspen Batch modeler to fit with 

the experimental data is about 70-75%. This tray efficiency is lower than one with the 

industrial ethanol column (80-90%). The Murphree vapor efficiency even reaches more 

than (95%) for methanol-water system at some specific combination of vapor rate and 

density [95]. The weeping was assumed the reason to be the cause of the low efficiency 

due to the operation under the calculated entrainment flooding condition. The two-phase 

flow correlation is used to predict rigorously the magnitude of the weeping [99]. Adding 

the weeping effect will increase the complexity of the dynamic model. The weeping 

condition occurs when the head of the liquid froth (constant level of clear liquid at each 

point on the sieve tray at stable, steady state operation) is more than the sum of the vapor 

pressure drop through the tray hole and the pressure required by the liquid surface tension 

to create vapor bubbles. The calculated value of the pressure drop through the tray hole is 

of a few millimeters of liquid at most for this pilot-plant distillation column using the Fair 

method due to the sieve trays design of this column [the ratio of the open area (sum of the 

holes areas) to the total active area is an extremely high value, around 29%] because these 

sieve trays was originally designed for distilling a methanol-water system [95, 97]. The 

surface tension effect gives a similar value or smaller than the calculated value of the vapor 

pressure drop. So, the weeping occurs due to the sum of both effects is much smaller than 

the weir height of the tray. Usually, when the stable operation is in the range of weeping 

condition, unstable oscillation of liquid on the trays happens and this leads to worse 

weeping. This oscillation will cause the cycling (some point on the sieve tray can cycle 
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between having a large liquid head above it and being nearly dry) and this will reduce the 

separation efficiency. To avoid this oscillation phenomena, specific operation or physical 

modification is necessary but neither of them solve this issue and the oscillation is noticed 

with the operation of this pilot-plant distillation column. 

 

3.1.3 Reboiler 

A Reboiler of kettle type (integral) with steam as the heating medium is used within 

the pilot-plant distillation column. The design of this reboiler was modified from 6-inch 

diameter to 14-inch diameter [92]. The detailed design of the modified reboiler is shown 

in Figure 3.5. The modified design of reboiler gives greater volume and surface area to 

allow more liquid feed around 85 liters (20 gallons) to be charged to it and to include a heat 

exchanger with a 0.596 m2 (6.45 ft2). The mechanical design by Moss and Basic [100] and 

the horizontal reboiler methods by Fair and Klip [101] were used in the structure adequacy 

verification and in the thermal design analysis respectively [92]. This modified design of 

the reboiler (85 liters capacity) was selected to allow the batch operation of this pilot-plant 

distillation column to last between 0.75 hour to 2 hours so more than one experimental run 

can be done at the same day. Actually, only one experimental run has been done at the 

same day because more time has been spent for startup and shutdown periods.  

An orifice meter is used to measure the inlet steam flowrate to the reboiler. The true 

steam mass rate has been calculated using the steam pressure and temperature 

compensation. A PID controller with a globe control valve is used to control the steam 

mass rate within Emerson DeltaV DCS control system. In most experimental runs, the 

manual bypass of this control valve is partially opened to allow the required steam mass 

rate entering the reboiler due to the small size of this control valve. In most experimental 
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runs, this PID controller of the steam mass rate is set first to Manual mode with valve 

opening percentage of 25-30% in addition to the partially opening of the control valve 

bypass until approaching the desired steam mass rate. Then, this PID controller is switched 

to Automatic mode with set point of 0.7 to 0.8 kg/min of saturated steam at 30-40 psia (2.1-

2.8 bar) and continues at this mode to the end of the experimental run in most cases.  

 

 

Figure 3.5: Reboiler design detail. 
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3.1.4 Overhead Condenser 

The used overhead condenser in this pilot-plant distillation unit is a shell and tube 

type heat exchanger and was manufactured by the Ketema division of Whitlock Heat 

Exchanger with model number of 4-Y-24-AHT-2-A-SS. Cold city water is used as the 

cooling medium on the tube side while the process condensate is on the shell side of this 

condenser. This condenser has exchange area (shell area) about 1 m2 (10.2 ft2) and it is a 

two-pass design with “U” shaped tubes. The condenser was designed and installed on a 45-

degree angle with the water supply that entering the condenser at the bottom and returning 

at the top while the top vapor is entering the condenser at the top and the process condensate 

is drained to the bottom accumulator vessel (reflux drum) by gravity. The temperature of 

the process condensate is controlled by the cooling water flowrate. PID control schemes 

within Emerson DeltaV DCS control system are used to control the water flowrate (FIC-

152) and the process condensate temperature (TIC-093). In most experimental runs, the 

water flowrate controller (FIC-152) is set to cascade mode while the condensate 

temperature controller (TIC-093) is set to Automatic mode with set point of 45-55 0C. In 

other words, the main goal of this control scheme is delivering a subcooled liquid to the 

reflux and distillate pumps to avoid the cavitation with these pumps. 

 

3.1.5 Feed Preheater and Bottom Cooler Exchangers 

Bottom cooler is used to avoid the cavitation within the bottom product pump. 

Bottom product pump is used to circulate the saturated liquid from the reboiler through the 

bottom composition analyzer, to produce a bottom product, and to get bottom samples. To 

avoid the cavitation within this bottom pump, a bottom cooler is used to cool this saturated 

liquid using the cold city water as the cooling medium. This bottom cooler is a shell and 
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tube type heat exchanger with the cooling water on the shell side and the saturated liquid 

on the tube side. It was manufactured by the Ketema division of Whitlock Heat Exchanger 

with model number of 4-Y-14-AHT-1-A-SS. This cooler has exchange area (shell area) 

about 0.34 m2 (3.7 ft2) and it is a single-pass design. The cooling water flowrate is adjusted 

manually in this cooler to give an outlet liquid temperature about 46 0C (115 0F) so this 

temperature falls within the operating range of bottom composition analyzer. 

The feed preheater is used to preheat the feed charge before entering the reboiler. 

It was manufactured by the Ketema division of Whitlock Heat Exchanger with model 

number of 4-Y-18-MFAHT-2-B-SS. This heater has exchange area (shell area) about 0.71 

m2 (7.6 ft2) and is a single-pass design. The steam is used as the heating medium on the 

shell side of this heater while the feed charge is on the tube side. The steam flowrate is 

measured by an orifice meter downstream of the control valve. The feed charge 

temperature is controlled by manipulating the steam flowrate, so the feed charge 

temperature controller is set to Automatic mode (master) with setpoint of 46 0C (115 0F) 

while the steam flowrate controller is set to cascade mode (slave). 

 

3.1.6 Feed, Products, and Accumulator Tanks (Vessels Section) 

There are four tanks or vessels: feed tank, condenser accumulator (reflux drum), 

distillate product tank (or 1st desired cut tank), and bottom product tank (or 2nd desired cut 

tank). These tanks were fabricated of ASTME 304 stainless steel based on the relevant 

ASME codes for pressure vessels and were rated for full vacuum to 100 psig service. Each 

tank is equipped with a differential pressure type level sensor. There is improper placement 

of the level sensor connections on these tanks in the initial design of this distillation unit. 

The bottom level nozzle is physically above the bottom of each tank, so the measurement 
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of the very low level is prohibited. This was not a big issue, except in the case of the 

accumulator. The level of the accumulator is controlled at a setpoint of 4 inches (10 cm), 

which was physically about 2 inches above the level transmitter level. Using a perfect level 

control, this leads to a constant head above the level tap.  So, there is a constant mass 

holdup above the tap and a constant volume holdup below it. To build a rigorous dynamic 

model of the process, the wide range of molar densities and high-volume change of mixing 

of the system must be considered. The nominal holdup was calculated to be about 1.5-1.85 

liter (0.053-.065 ft3). 

3.1.7 Pumps Section 

There are three identical pumps: feed pump, reflux/distillate pump, and bottom 

pump. They were manufactured by the Burks company with model number ET6M-SS 

452336. They are an axial turbine (pseudo positive displacement) type pumps with 1/3 HP 

motors and a high delivered head in a single stage around 100 psig (6.8 bar). On each pump, 

a recycle was installed from the pump outlet to the suction side with manual glove valve 

to adjust the head at the operating conditions. The outlet pressure of each pump was 

manually set around 50 psig (3.4 bar) to give the appropriate flow capability and control. 

 

3.2 OPERATING PROCEDURE OF PILOT-PLANT BATCH DISTILLATION COLUMN 

The operation procedure of this distillation unit is flexible. There are several 

policies used for the operation of batch distillation. The most familiar methods are 

discussed in this section.  

The operation procedure starts with purging dry nitrogen to establish safe operation. 

Introduction of continuous nitrogen purge to the impulse lines of pressure, differential 
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pressure and reboiler level sensors is carried out. The top pressure control loop is set to 

automatic; with a set point of 101 kpa (14.7 psia). Then, cooling water flow is started. 

There is a hard limit for the cooling water valve (20% as minimum opening percentage). 

The setpoint of the cooling water flowrate is received by the condensate temperature 

controller using cascade mode through the whole operation (cooling water flowrate 

controller acts as slave and condensate temperature controller acts as master). All product 

tanks, accumulator (reflux drum), reboiler, and reboiler composition analyzer must be 

drained with any ethanol or/and water makeup to the feed tank before starting the 

experimental run. After turning the feed pump, the ethanol-water liquid mixture at feed 

tank is circulated and mixed to make the liquid homogenous at feed tank. The feed pump 

output has a recycle line to do the circulation for the liquid at feed tank. The circulation 

time for the liquid at feed tank is about 1 hour and this time is enough for making the liquid 

well-mixed and homogenous. Off-line analysis for the feed composition and density is 

done using GC and densitometer. These composition and density values are used to 

calculate the mass flowrate and mass fraction of the feed that is charging from the feed 

tank to the reboiler. The feed charging time is used to calculate the amount of liquid at 

reboiler. When the liquid is reached an enough level, the bottom product pump is turned 

on to do the circulation of the reboiler liquid through the bottom composition  

analyzer. The output of the bottom product pump has a recycle line to do the circulation 

for the liquid at reboiler. When the liquid is reached either the desired amount (150 lb or 

68 kg) or the desired reboiler level (17 inches or 43.1 cm), the feed pump is turned off and 

feed charging is stopped. The charging phase of the operation is finished when the feed 

pump is turned off. Another off-line GC analysis for the composition of the liquid at 

reboiler is done to confirm that the liquid is homogenous and well-mixed at both reboiler 

and feed tank (the ethanol composition at both feed tank and reboiler will be the same).  
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 The bottom product pump is turned on in most experimental runs to do only the 

circulation of the reboiler liquid without getting any bottom product. The hot reboiler liquid 

is cooled via heat exchanger that utilizes city water as cooling medium before pumping it 

through the bottom analyzer. The cooling is necessary for the operation of the bottom 

analyzer (liquid temperature must be around 45 oC inside the bottom analyzer) and for 

avoiding the cavitation within bottom product pump. The bypass valve of the steam control 

valve manifold is partially opened in most experimental runs to get the desired flow rate 

because the reboiler steam control valve is a bit undersized for getting the desired flow rate 

and for the given inlet steam pressure. The steam PI controller is set first to manual mode 

with 25-30% opening. Then, the bypass of steam controller is partially opened to get close 

to the desired steam flowrate and switch the steam controller mode to automatic with 

typical set point of 0.8 kg/min. The steam supply from the building utilities is arrived at 

our unit at around 55 psig (3.8 bar). The steam pressure is dropped from 55 psig (3.8 bar) 

to approximately 30 psig (2 bar) using a steam pressure regulator valve. The steam supply 

manifold from the steam pressure regulator valve to the reboiler steam control valve is 

designed with enough condensate traps and pressure drop to provide saturated steam. The 

steam pressure and temperature are used within the pressure temperature compensation 

formula of the steam orifice meter to get the correct mass flowrate of the steam.  

 When the ethanol-water liquid mixture at reboiler reaches its bubble point, the 

vapor is generated from the reboiler and displaces the inert gas in the column. The 

generated vapor goes up through the column trays until reaching the condenser. The 

condensate is generated at the shell and tube condenser using city water as cooling medium. 

The condensate is at subcooled condition with temperature range (50 0C - 55 0C) to avoid 

the cavitation at the reflux pump. The subcooled temperature of the condensate is 

controlled via PID controller at cascade mode by manipulating the cooling water flow rate. 
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The condensate is drained to the accumulator (reflux-drum) and the accumulator level will 

begin to increase. When the liquid level at accumulator reaches its desired value (8-10 inch 

or 20-25 cm), the reflux pump is turned on. The control selector (AX-091) has only two 

values: Level or Composition. It will be at the level value in most experimental runs except 

the runs with constant distillate composition policy. The accumulator level is controlled 

via PI controller by manipulating the output flow rate (reflux flow rate or distillate flow 

rate or both depending on the used control policy). At the beginning, the column is operated 

at total reflux (total reflux operation). The accumulator level is controlled by manipulating 

the reflux flow rate until reaching the desired distillate composition or the final steady state. 

At this moment, the product withdrawal phase will be started, and different withdrawal 

policies of distillate product phase can be used (constant distillate volumetric flow rate, 

constant reflux volumetric flow rate, constant reflux ratio, and constant distillate 

composition). Details of these policies are described in the following section. 

3.3 DISTILLATE PHASE POLICIES 

Different withdrawal policies of distillate phase have been used in the experimental 

runs and even using more than one policy in the same experimental run. These policies 

with their stopping criteria are described briefly in this section: 

 

3.3.1 Constant Distillate Flow Rate  

The constant distillate volumetric flow rate is one of the distillate product draw 

policies. It is easy to achieve by setting the distillate flow rate controller (FIC-091, PID 

controller) to automatic mode with set point (0.3-0.35 l/min). The accumulator level is only 

controlled by manipulating the reflux flow rate so the reflux flow rate controller (FIC-100, 



 57 

PI controller) will be at cascade mode and the accumulator level controller (LIC-091, PI 

controller) will be at Automatic mode.  

 

3.3.2 Constant Reflux Flow Rate  

 The constant reflux volumetric flow rate policy is achieved by setting the reflux 

flow rate controller (FIC-100, PI controller) to Automatic mode with a specific set point 

(0.9-1.05 l/min). The accumulator level is controlled by manipulating the distillate flow 

rate so the distillate floe rate controller (FIC-091) will be at cascade mode and the 

accumulator level controller (LIC-091) will be at Automatic mode.  

 

3.3.3 Constant Reflux Ratio  

 The constant reflux ratio policy is achieved by setting the reflux ratio to a specific 

value (3.0-3.5). The accumulator level is controlled by manipulating both the reflux and 

distillate volumetric flow rates. Both reflux flow rate controller (FIC-100) and distillate 

flow rate controller (FIC-091) will be at cascade mode and the accumulator level controller 

(LIC-091) will be at Automatic mode.  

 

3.3.4 Constant Distillate Composition 

The constant distillate composition policy is achieved using two control 

approaches: inferential control and Model Predictive Control (see chapters 7 and 8 for more 

details on these two control configurations). The control selector will switch to composition 

value at this policy. The composition controller (AIC-091 or MPC-091) will be set to 

automatic mode. The distillate composition is controlled via manipulating the reflux 
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volumetric flowrate (using inferential PI controller; AIC-091) or both reflux and cooling 

water flowrates (using Model Predictive Controller; MPC-091). So, the reflux flowrate 

controller (FIC-100) will be at cascade mode in the inferential PI controller (AIC-091) 

configuration or both reflux and cooling water flowrates at remote cascade mode in the 

Model Predictive Control (MPC-091) configuration. The accumulator level is controlled 

by manipulating the distillate volumetric flow rates. The distillate flow rate controller (FIC-

091) will be at cascade mode and the accumulator level controller (LIC-091) will be at 

Automatic mode.  

 

3.3.5 Stopping Criteria of Distillate Phase Policies 

The distillate product draw policies will be discontinued when one of the stopping 

conditions is met. One of the stopping conditions is that the reflux volumetric flow rate is 

decreased below its minimum value. In practice, there are minimum and maximum values 

for the valves and flowmeters so there is a minimum value for the reflux flow meter. At 

this product draw policy, the distillate draw is fixed at a specific value. As the time of 

distillation operation proceeds, the amount of ethanol in column is consumed which leads 

to a liquid in column with higher density molar water and close to the equivalent molar 

heat of vaporization, so the reflux flow will be dropped. When the reflux volumetric flow 

rate reaches the minimum limit (0.10 l/min), the distillate product draw policy will be 

stooped. 

 Reaching the minimum limit of the reboiler composition is another condition to 

terminate the product draw policy. The product draw policy is stopped when the distillate 

product composition reaches the minimum limit of the product specification. Also, the 

distillate product draw phase can be stopped when an economic criterion is met. The phase 
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will be terminated in these cases by stopping the distillate draw or switching to another 

product tank to receive the distillate product and starting a different distillate product draw 

policy. 

 

3.4 OPERATING CONDITIONS 

 The experimental runs have been carried out at a wide range of operating conditions 

(temperatures, pressures, flowrates, and compositions). This wide range of the operation 

conditions can be seen in Table 3.1. This variety of operating conditions was necessary in 

order to do the dynamic modeling, simulation, and optimization using MATLAB ODE15s 

solver and Aspen batch modeler (see chapter 4), to develop the ANN based soft sensor (see 

chapter 5), to develop an inferential PI controller scheme (see chapter 6), and to develop 

the model predictive control (MPC) (see chapter 7). 

 

 

 

Operating parameter Range of operation value 

Reboiler steam flow rate (kg/min) 0.55 - 0.95 

Distillate flow rate (l/min) 0.20 - 0.80 

Reflux flow rate (l/min) 0.20 - 0.80 

Reflux Ratio 0.50 - 50 

Initial Feed Amount (Gallon) 17.50 - 22.50 

Initial Ethanol Mass Fraction at Feed 0.18 - 0.28 

Table 3.3: Range of operating conditions. 
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Chapter 4:  Dynamic Modeling, Simulation, and Optimization of Pilot-

Plant Batch Distillation Column 

This chapter focuses on the development of dynamic models to describe the 

dynamic behavior of the operation of the pilot-plant batch distillation column. Most of the 

development work is off-line work. First, the development process of dynamic model using 

MATLAB is described in section 4.1. Then, dynamic modeling and simulation using Aspen 

Batch Modeler is described in sections 4.2 and 4.3 respectively. Finally, the dynamic 

optimization of the operation of the pilot-plant batch distillation column is covered in 

section 4.4. The main goal of this chapter is developing a dynamic model that can be used 

for simulating the dynamic behavior of the pilot-plant batch distillation column and for 

optimizing the operation of this batch distillation column. 

 

4.1 DYNAMIC MODEL DEVELOPMENT 

The developed dynamic model of the batch distillation column is first-principles 

type model including the MESH equations (Mass, Equilibrium, Summation, and Energy 

Equations). Usually, this type of model is more complex (difficult to derive and solve) than 

simple black box or input-output models. However, the first-principles models often 

maintain a higher fidelity over wide a range of operating conditions. A simplified sketch 

of batch distillation unit and column tray are shown in Figures 4.1 and 4.2 to describe the 

modeling problem.  
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Figure 4.1: A simplified sketch of batch distillation column for modeling purpose. 
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Figure 4.2: A simplified sketch of column tray for modeling purpose [34]. 

 

To develop a mathematical model for this batch column, the material and energy 

balance equations for each tray has been written in addition to making some assumptions 

about liquid and vapor flowrates, tray pressure, and vapor-liquid thermodynamics 

relations. So, a set of differential-algebraic equations (DAE) is formed with several 

specifications: reboiler duty, distillate rate, and distillate composition (purity). 

The solution techniques of this DAE system of the dynamic modeling of batch 

distillation column require initial conditions. Some work of steady state modeling must be 

done to determine the initial condition. After determining the initial conditions, the 

compositions of ethanol and water in the liquid phase (the differential variables) are 

calculated for next integral step. The development of a dynamic model consists of the 
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following steps: model assumptions, model building, models algorithm summary, solution 

of model equations, and model validation results. 

4.1.1 Model Assumptions 

Several assumptions have been used in the modeling of batch distillation column 

[92, 102, 103]. The main purpose of making assumptions in the building of dynamic model 

for describing the dynamic behavior of batch distillation column is to solve the set of the 

developed model equations efficiently. Without using any assumptions, a very complex 

model will be formed with a set of nonlinear, coupled, distributed parameter differential 

and algebraic equations of high order. So, the more detailed solution of this complex model 

is computationally prohibited even for the off-line optimization. The more important in this 

step is to simplify the developed model without affecting the accuracy to reduce the 

computation effort. In this work, a complete and consistent set of assumptions is described 

briefly. 

1- Binary System (Case Study: Ethanol-Water System) is considered. 

2- Single well-mixed liquid element per stage or single homogenous mass (liquid 

lumping) is assumed to model the intensive properties of liquid holdup on each 

tray and in the reboiler, condenser, and accumulator. This is a standard 

assumption in most studies on the modeling of batch distillation column. A 

segregated holdup model is unnecessary due to the small sizes (diameters) of 

most experimental batch columns. 

3- Liquid tray holdup is variable (tray hydraulic effects considered). No amount 

of holdup is insignificant, so the model must include holdup [104]. The effect 

of holdup on the performance of batch distillation column appears in two basic 
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ways: dynamic flywheel effect and steady state capacitance effect. This 

assumption enables the model to reflect the tray hydrodynamics. 

4- Vapor tray holdup is negligible because it is very small to be included in the 

dynamic model of batch distillation column [105]. 

5- The vapor leaving each stage is assumed perfectly mixed. This is a standard 

assumption in most modeling studies of batch distillation column. The strong 

mixing action on the trays of this experimental batch column was observed 

through the two view portholes at the bottom of this experimental column, 

which confirmed this assumption. 

6- Condenser accumulator holdup is assumed to be constant volume holdup due 

to the presence of perfect accumulator level control. 

7- The material in the reboiler is homogenous with perfect mixing. This is 

confirmed due to the cycling of the reboiler liquid using the bottom pump. 

8- The system vapor-liquid equilibria and physical properties may be calculated 

assuming nonideal; VLE and physical quantities are both temperature and 

composition dependent because ethanol-water system (the system of the case 

study) is nonideal system. 

9- Mass transfer is described by an efficiency based upon the liquid equilibrium 

composition and incoming vapor composition (Murphree Vapor Efficiency). 

This Murphree plate efficiency is calculated via operating this distillation 

column at total reflux until reaching the steady-state condition. Then, samples 

from each tray in addition to the accumulator and the reboiler have been taken 

and analyzed (off-line) with Gas Chromatograph (GC) to measure the ethanol 

composition in each stage at final steady state of total reflux operation period. 

The value of Murphree plate efficiency has been calculated by first using Excel 
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(simple model) (minimizing the error between the model value and the actual 

value via changing the efficiency value as shown in Figure 4.3), then this value 

of efficiency was used as a first estimated value in the Aspen Batch Modeler 

(rigorous model) to calculate the most accurate value of tray efficiency that 

reduces the error between the experimental data and  the model data (tray 

efficiency is around 80%). 

10- Vapor-liquid heat transfer is described by thermal equilibrium where the vapor 

leaving a stage has the same temperature as the liquid bubble point. 

11- The pressure on each tray of this experimental column is assumed to be 

constant, with a user specified differential pressure between trays. The pressure 

effect on the model structure, performance, and computation efficiency has 

been studied by several researchers [90, 105, 106]. The index of DAE equations 

of the batch distillation model is increased and the solution of these equations 

becomes more difficult to solve if the tray pressures vary while attempting to 

model pressure control at some point in the column. In this work, the perfect 

control of the top column pressure (101 Kpa) and the small variations of the 

differential column pressure (2-4 Kpa) strengthens this assumption. 

12- The enthalpies of flowing liquid and vapor streams are assumed to be as a 

function of temperature, composition, and pressure.  

13- Heat loss rates to the ambient are neglected (adiabatic column) due to the well-

insulation used in this pilot-plant distillation column. 

14- Total condensation with constant subcooled temperature is assumed. The 

subcooled temperature (45-55 oC) of the process condensate is controlled by 

manipulating the cooling water flowrate using a PID control scheme. 
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15- Constant reboiler duty using heat transfer correlations and the specified 

temperature and flowrate of steam to the tubes and the temperature of the 

material in the reboiler pot or variable reboiler duty to generate a constant vapor 

rate. 

16- Constant reflux flowrate or constant distillate flowrate or constant reflux ratio 

is specified in the building of this dynamic model 

These are the most assumptions that have been used in the building of the dynamic 

model of this pilot-plant batch distillation column. 

 

 

Figure 4.3: Tray efficiency calculation using Excel. 
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4.1.2 Model Building 

The dynamic model of this pilot-plant batch distillation column of binary mixture 

(ethanol and water) is derived from the First Principles (Differential Equations: Material 

and Energy Balance, and Algebraic Equations: Thermodynamic, Tray Hydraulics, and 

Physical Properties Relations) based on the above assumptions. This will lead to a system 

of differential and algebraic equations (DAEs). This set of DAEs consists of MESH 

equations (Mass, Equilibrium, Summation, and Energy Equations).  This set of DAEs can 

be described by the following equation: 

F(x, dx/dt, z, t) = 0                                                                                                         (4.1) 

Where: 

F is the set of the DAEs  

x is the differential variable 

z is the algebraic variable 

t is the time 

The detail of these MESH equation is shown below: 

 

Tray Equations: [k=1 to 10 (trays); i=1 to 2 (1 for ethanol and 2 for water)] 

Total Mole Balance:                

 
𝑑𝑈𝑘

𝑑𝑡
= 𝐿𝑘−1 + 𝑉𝑘+1 − 𝐿𝑘 − 𝑉𝑘                                                                                      (4.2) 

Component Mole Balance:     

𝑈𝑘
𝑑𝑥𝑘

𝑖

𝑑𝑡
= 𝐿𝑘−1(𝑥𝑘−1

𝑖 − 𝑥𝑘
𝑖 ) + 𝑉𝑘+1(𝑦𝑘+1

𝑖 − 𝑥𝑘
𝑖 ) − 𝑉𝑘(𝑦𝑘

𝑖 − 𝑥𝑘
𝑖 )                                   (4.3) 

Energy Balance:                 

 𝑈𝑘

𝑑ℎ𝑘

𝑑𝑡
= 𝐿𝑘−1(ℎ𝑘−1 − ℎ𝑘) + 𝑉𝑘+1(𝐻𝑘+1 − ℎ𝑘) − 𝑉𝑘(𝐻𝑘 − ℎ𝑘) + 𝑄𝑘  

(𝑄𝑘 = 0;  𝑎𝑑𝑖𝑎𝑏𝑎𝑡𝑖𝑐 𝑐𝑜𝑙𝑢𝑚𝑛 )                                                                                      (4.4) 

Tray Hydraulic Equations: (ℎ𝑤 and  𝑙𝑤 are the tray weir height and length)           
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ℎ𝑐,𝑘 = (𝑈𝑐,𝑘 ∗  𝑣𝑘)/𝐴𝑎                                                                                                   (4.5)                                                                                                   

ℎ𝑜𝑤,𝑘 = ℎ𝑐,𝑘 −  ℎ𝑤              (ℎ𝑜𝑤,𝑘 is the height of liquid over the weir)                        (4.6)                                                                        

 𝐿𝑘 = 6 ∗ 105 ∗ 𝑙𝑤 ∗ (
ℎ𝑜𝑤,𝑘

66.4
)1.5/𝑣𝑘   (Francis Weir Formula)                                         (4.7)                                                                        

 

Reboiler Equations: (k=11)  

Total Mole Balance:                
𝑑𝑈𝑘

𝑑𝑡
= 𝐿𝑘−1 − 𝑉𝑘 − 𝐵                               (B=0; No Bottom Product)                           (4.8)                                                                                   

Component Mole Balance:    

𝑈𝑘
𝑑𝑥𝑘

𝑖

𝑑𝑡
= 𝐿𝑘−1(𝑥𝑘−1

𝑖 − 𝑥𝑘
𝑖 ) − 𝑉𝑘(𝑦𝑘

𝑖 − 𝑥𝑘
𝑖 )                                                                   (4.9) 

Energy Balance:                    

𝑈𝑘
𝑑ℎ𝑘

𝑑𝑡
= 𝐿𝑘−1(ℎ𝑘−1 − ℎ𝑘) − 𝑉𝑘(𝐻𝑘 − ℎ𝑘) + 𝑄𝑅              (𝑄𝑅 is specified)               (4.10) 

 

Condenser/Accumulator Equations: 

Total Mole Balance:              
𝑑𝑈𝑘

𝑑𝑡
= 𝑉1 − 𝐿0 − 𝐷                                                                                                       (4.11) 

Component Mole Balance:  

𝑈0
𝑑𝑥0

𝑖

𝑑𝑡
= 𝑉1(𝑦0

𝑖 − 𝑥0
𝑖 )                                                                                                   (4.12) 

Energy Balance: 

 𝑈0
𝑑ℎ0

𝑑𝑡
= 𝑉1(𝐻1 − ℎ0) + 𝑄𝑐                                       (𝑄𝑐 is specified)                       (4.13)                                                                                

 

Product Drum Equations:                   

 
𝑑𝑈𝑝

𝑖

𝑑𝑡
= 𝐷𝑥0

𝑖                                                                                                                    (4.14) 

 𝑈𝑝 =  ∑ 𝑈𝑝
𝑖2

𝑖=1                                                                                                              (4.15) 

 𝑥𝑝
𝑖 =  𝑈𝑝

𝑖  /𝑈𝑝                                                                                                               (4.16) 
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Summation/Thermodynamic/Physical/Enthalpy Correlations: (𝑘 = 0 𝑡𝑜 11) 

Summation:                                          

1 = ∑ 𝑥𝑘
𝑖2

𝑖=1
       ,    1 = ∑ 𝑦𝑘

𝑖2

𝑖=1
                                                                               (4.17) 

Thermodynamic/Equilibrium:   

 𝑇𝑘 = 𝑓(𝑥𝑘)          (Bubble Polynomial Function)                                                       (4.18) 

𝑦𝑘
𝑖 (𝑒𝑞) = 𝑓(𝑥𝑘

𝑖 )    (Ideal Vapor Composition Polynomial function)                          (4.19)  

𝑦𝑘
𝑖 = 𝐸𝑚𝑣 ∗ (𝑦𝑘

𝑖 (𝑒𝑞) - 𝑥𝑘
𝑖 ) +  𝑥𝑘

𝑖         (𝐸𝑚𝑣  is Murphree Vapor Efficiency)         (4.20) 

Physical Correlation: 

𝑣𝑘 = 𝑓(𝑥𝑘)    (Liquid Molar Volume Polynomial Functions)                                    (4.21) 

Liquid Enthalpy:                                   

ℎ𝑘 = 𝑓(𝑥𝑘)    (Liquid Enthalpy Polynomial Function)                                               (4.22) 

Vapor Enthalpy:                                

 𝐻𝑘 = 𝑓(𝑦𝑘)    (Vapor Enthalpy Polynomial Function)                                             (4.23) 

 

Note: 

𝑈𝑘 is the liquid molar holdup in each stage (k) [mole]. 

𝐿𝑘 is the liquid molar flowrate leaving each stage (k) [mole/min]. 

𝑉𝑘 is the vapor molar flowrate leaving each stage (k) [mole/min]. 

ℎ𝑘 is the liquid specific enthalpy in each stage (k) [kj/mole]. 

𝐻𝑘 is the vapor specific enthalpy in each stage (k) [kj/mole]. 

ℎ𝑤 and  𝑙𝑤 are the tray weir height and length (cm). 

ℎ𝑜𝑤,𝑘 is the height of liquid over the tray weir (cm). 

ℎ𝑐𝑙,𝑘 is the height of clear liquid on each tray (cm). 

B is the bottom flowrate (mole/min). 

D is the distillate flowrate (mole/min). 
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𝐿0 is the reflux flowrate (mole/min). 

𝑄𝑐 is the condenser duty (kj/min). 

𝑄𝑅 is the reboiler duty (kj/min). 

𝑄𝑘 is the heat loss rate from each stage (k) [kj/min]. 

𝑣𝑘 is the liquid molar volume in each stage (cm3/mole) 

𝐸𝑚𝑣 is the Murphree vapor tray effeceincy 

𝑦𝑘(𝑒𝑞) is the ideal vapor composition 

 

In this work, polynomial fit equations were substituted for rigorous expressions of 

several functions such as bubble temperature, relative volatility, vapor and liquid 

enthalpies, ideal vapor composition, and liquid molar volume (saturated and subcooled) as 

shown in Table 4.1. The experimental data [93-95] and Aspen HYSYS Simulator data have 

been used to build these polynomial functions. 

 

Function Type Polynomial Equation 

Bubble Temperature (T) T = 926.28 x6- 3186.3 x5+ 4343.2*x4- 2979.7 x3 + 

1085 x2- 208.75 x+ 372.05                                                    

Relative Volatility (alpha) alpha=-43.682*x5+ 154.43*x4- 216.63*x3 + 

154.23*x2 - 59.126*x + 11.676 

 

Ideal Ethanol Vapor 

Composition 

(ideal_y_ethanol) 

ideal_y_ethanol = -66.382*x6 + 196.9*x5- 

230.01*x4+ 135.15*x3 - 41.962*x2 + 6.9127*x+ 

0.0558 

Ideal Water Vapor 

Composition (ideal_y_water) 
ideal_y_water = 66.382*𝑥𝑤

6  - 201.39*𝑥𝑤
5   + 

241.24*𝑥𝑤
4   - 143.52*𝑥𝑤

3    + 43.287*𝑥𝑤
2    - 5.3839*𝑥𝑤 

+ 0.3334 

Saturated Liquid Enthalpy 

(sat_h) 
sat_h== -2.9224 x3 + 4.8617 x2 + 7.2694 x - 284.47        

Subcooled Liquid Enthalpy 

(sub_h) 
sub_h= = 72.521x6 - 250.74 x5+ 346.47 x2- 245.11 X 

+ 93.987 X2 - 7.464 x - 280.06                 

Table 4.1: continued next page. 
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Vapor Enthalpy (H) H=812.62*y6 - 2729.5*y5 + 3468*y4 - 2001*y3 + 

496.98*y2  - 67.966*y + 373.15 

Saturated Liquid Molar 

Volume (sat_v) 

sat_v = 43.337x+ 19.334                                                                                                             

Subcooled Liquid Molar 

Volume (sub_v) 

sub_v = 40.836 x+ 18.376                                                                                                               

Table 4.1: Polynomial fit equations: functions of ethanol mole fraction in the liquid phase 

(x) or functions of water mole fraction in the liquid phase (𝑥𝑤). 

 

4.1.3 Model Algorithm Summary 

The model is initialized with specific values of feed charge (molar amount and 

composition) and vapor rate (or specified reboiler duty). The liquid was assumed to be 

initially distributed as feed at saturated condition on each tray. Then, the bubble (saturated) 

temperature, ideal vapor composition, and liquid molar volume (saturated and subcooled) 

are calculated from the feed liquid composition (using polynomial functions). The total 

reflux (D=0) is assumed initially so that the vapor and liquid flowrates for each tray are 

same except at the top of column due to the effect of subcooling condition on the vapor 

rate. So, this vapor rate at top tray is specified (or specified condenser duty). The liquid 

holdup of each tray can be calculated from the given liquid flowrate and the specified tray 

geometry (equations 4.5, 4.6, and 4.7). The total mole amount in the accumulator can be 

calculated from the known values of the subcooled liquid molar volume and the 

accumulator vessel volume. Then, the reboiler holdup can be calculated by subtracting the 

total amounts of liquid on the trays (liquid holdups) and in the accumulator from the initial 

feed charge. Now, a set of derivatives (composition and holdup) can be calculated that is 

consistent with the initial conditions without any convergence routines by using this 

initialization method. 
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Then, the new values of composition and holdup can be calculated through an 

integration step using the current values of the composition and holdup (known from 

previous integration step). After calculating the composition and holdup, the bubble 

temperature can be calculated (equation 4.18). Then, the ideal vapor composition may be 

calculated using the polynomial function (equation 4.19). The actual vapor composition 

can be calculated using the equation (4.20). The liquid and vapor enthalpies can be 

calculated from the polynomial functions of the liquid and vapor compositions respectively 

(equations 4.22 and 4.23). The molar volume of saturated liquid on the trays can be 

calculated from the polynomial function (equation 4.21). Using liquid holdup, saturated 

liquid molar volume, and tray geometry, the liquid leaving each tray can be calculated 

using the equations (4.5, 4.6, and 4.7). The vapor rate leaving each tray starting from the 

reboiler can be calculated using the energy balance equations (4.4 and 4.10). The vapor 

leaving top tray (tray1) and reflux flowrate are algebraically calculated using the energy 

balance equations (4.4 and 4.13) and the concept of constant liquid volume in the 

accumulator.  

In this model, different operating specifications have been selected in addition to 

several selected stopping criteria (one stopping criteria must be selected for each 

production policy). Two independent specifications are needed to completely determine 

the derivative values. The reboiler duty and reflux ratio can be used as the operating 

specifications and  the total time ( total time since the start of distillate draw, or total time 

since the start of the operation, or total time since the beginning of current product cut) 

may be used as the stopping criterion. Also, the total amount of the product can be used to 

stop the operations. The composition of distillate product or reboiler may be used to stop 

the operation. Its desired to stop the product cut when the distillate product or reboiler 

liquid reaches the minimum limit. Finally, the reflux and distillate flowrate can be used as 
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the stopping criterion when the flow of reflux or distillate reaches the lower limit. This 

stopping condition is practically important condition to effectively operation of the 

distillate pump. 

 

4.1.4 Solution Technique of Model Equations 

This dynamic model of the above set of high order, coupled, non-linear DAEs is 

numerically difficult to solve. The DAE system can be described by the following 

equations (4.24 and 4.25): 

0=f(x,�̇�, 𝑧)                                                                                                                    (4.24) 

0=g(x,z)                                                                                                                       (4.25)       

 This set of DAEs can be converted to set of ordinary differential equations (ODEs). 

Usually, the set of ODEs of the dynamic model of distillation column is stiff type and need 

special numerical technique [107]. There are some similarities between the solution 

techniques for stiff ODEs and for DAEs. A review of stiff ODE solvers is shown in [108]. 

The Backwards Difference Formula (BDF) [109, 110] and the implicit formulas such as 

Implicit Runge-Kutta (IRK) [111] are the solution techniques of Stiff ODEs and DAEs. 

BDF is the most efficient algorithm in solving the DAEs. Several packages/solvers using 

the BDF algorithm have been used in the literature such as BDF programs, DGEAR, 

LSODI, DASSL, and DASSL, and DDASRT, MATLAB ODE15s [90, 92, 112]. More 

details on the solution techniques of DAE and ODE systems are presented earlier in chapter 

2 (section 2.3).  

In this work, MATLAB ODE15s was used to solve the DAEs of the dynamic model 

of this pilot-plant batch distillation column. This MATLAB ODE15s is used to solve the 

stiff ODEs and DAEs. First, a set of DAEs was written in MATLAB and consistent initial 
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condition was generated using the initialization procedure mentioned in the previous 

section. Then, the MATLAB solver is used to simulate the total reflux operation and the 

product period operation. 

 

4.1.5 Model Results 

The results of this MATLAB ODE15s solver for the set of DAEs of the dynamic 

model of the operation of the experimental batch distillation column at constant reflux ratio 

(3) are shown in Figures 4.4, 4.5, 4.6 and 4.7. Figure 4.4 shows the temperature simulation 

of trays 1, 3, 5, 7, 9 and reboiler. The ethanol mass fraction simulation of the trays 1, 3, 5, 

7, 9 and reboiler is shown in Figure 4.5. The temperature of stages is increased with time 

in Figure 4.4 while the ethanol composition at stages is decreased in Figure 4.5 due to the 

evaporation of ethanol (decreasing in ethanol percentage) as time progresses.  

These MATLAB simulation results are validated against the actual values (offline 

measured by Gas Chromatograph GC). The validation results are shown in Figures 4.6, 

and 4.7. Figure 4.6 shows the validation results of ethanol composition at reflux drum while 

Figure 4.7 shows the validation results of ethanol composition at distillate receiver. These 

validation results showed that the stopping time was 43 min using MATLAB model 

compared with 50 min experimentally. This error with this model is due to the 

simplifications and assumption that has been used in the building of this MATLAB model 

especially using the fitting correlations to represent the VLE equilibrium relations and the 

thermodynamic/physical functions. To reduce this gap between the actual and the 

simulated values, a more rigorous model built in Aspen batch modeler will be developed 

next section for doing the offline dynamic modeling, simulation, and optimization of the 

batch distillation operation. 
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Figure 4.4: Ethanol liquid mass fraction of trays 1, 3, 5, 7, 9 and reboiler.  

 

 

Figure 4.5: Temperature of trays 1, 3, 5, 7, 9 and reboiler. 
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Figure 4.6: Ethanol mass fraction of reflux drum (constant reflux ratio R=3) (validation 

results). 

 

 

Figure 4.7: Ethanol mass fraction of distillate receiver (constant reflux ratio R=3) 

(validation results). 
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4.2 ASPEN BATCH MODELER DEVELOPMENT 

Aspen Batch Modeler is used for dynamic simulating and optimizing the total 

operation (startup and product periods) of pilot-scale batch distillation column of ethanol-

water system. The rigorous Aspen batch model for batch distillation column of binary 

mixture (ethanol and water) is derived from the First Principles (Differential Equations: 

Material and Energy Balance, and Algebraic Equations: Thermodynamic, Tray Hydraulics, 

and Physical Properties Relations). This will lead to a system of differential and algebraic 

equations (DAEs) as shown in the previous section except including rigorous correlations 

to describe the thermodynamics and physical functions and rigorous vapor-liquid 

equilibrium relationship of the nonideal system of ethanol-water. 

The detail of these DAEs is shown in the previous section. Most of the assumptions that 

have been used earlier in the building of the dynamic model of batch distillation column 

were used here except the following assumptions: 

1) Non-Random Two-Liquid (NRTL) model is an activity coefficient model selected 

as the thermodynamic properties method to describe the nonlinear behavior of the 

ethanol-water system in the liquid phase and an ideal gas model is used to describe 

the ideal behavior of the ethanol-water system in the vapor phase. NRTL has been 

found the best thermodynamic properties method of the alcohol-water system in the 

liquid phase [92]. The detail of vapor-liquid equilibrium equations of ethanol-water 

system is described in Table 4.2.   

2) Initial Conditions for starting the simulation are either initial empty column (to 

simulate the startup period of total reflux operation) or initial total reflux column 

(to simulate the product period). 

3) Stopping criteria of this model are desired ethanol purity of top product as (0.9 mass 

fraction) and ethanol composition of reboiler (0.005 mass fraction) 
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4) Tray pressure drop is calculated based on the tray hydraulic equations. The total 

tray pressure can be calculated from the following equations [95]: 

ℎ𝑡 = ℎ𝑑 + ℎ𝑙
′                                                                                                                (4.26)       

ℎ𝑑 = 𝐾(
ρ𝑔

ρ𝑙
 )Uℎ                                                                                                             (4.27) 

𝐾 = 50.8/𝐶𝑣
2       (sieve trays as the dispersion unit)                                                  (4.28) 

𝐶𝑣 = 0.74 (
Aℎ

A𝑎
 ) + 𝑒[0.29(𝑡𝑡/𝑑ℎ)−0.56]    (or calculated graphically)                              (4.29) 

ℎ𝑙
′ =  βℎ𝑐                                                                                                                     (4.30)                                                                                                         

β = 0.0825 ln(
𝑄

l𝑤
 ) − 0.269 ln (Fh) + 1.679    (or calculated graphically)                   (4.31)           

𝐹ℎ  =  𝑈ℎρ𝑔
0.5                                                                                                               (4.32)                       

ℎ𝑐 =  ℎ𝑤 + ℎ𝑜𝑤 +  𝑜. 5 ℎℎ𝑔                                                                                       (4.33) 

how = 664(
𝑄

l𝑤
 )2/3      (Francis weir equation for Segmental Weir)                             (4.34)                                                                             

 

Note: 

ℎ𝑡 is the total pressure drop across a tray (mm liquid). 

ℎ𝑑 is the pressure drop through the dispersion unit [dry holes of the sieve tray] (mm liquid). 

ℎ𝑙
′  is the pressure drop across the aerated mass over and around the disperser (mm liquid). 

Uh is the linear gas velocity through slots (valve trays) or perforations [sieve tray] (m/s). 

ρl and ρg are the liquid and gas densities respectively (kg/m3).    

(
Aℎ

A𝑎
) is the ratio of the sum of tray holes area to the tray active area. 

(tt/dh) is the ratio of tray thickness to the tray hole diameter. 

β is the aeration factor (dimensionless). 

hc is the calculated height of clear liquid [dynamic seal] (mm liquid). 

Q is the liquid flowrate (m3/s). 

lw is the weir length (m). 

Fh is the F-factor for flow through holes [m/s (kg/m3)0.5].                                                                                 
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hw is the weir height (mm). 

how is the height of crest over weir (mm clear liquid). 

hhg is the hydraulic gradient across tray [very small value for most sieve trays and 

can be dropped] (mm clear liquid). The details of tray modeling can be seen in Figure 4.2. 

 

Correlation Type Equation [i=1 for ethanol, 2 for water; k=1 to 11 (trays 

and reboiler)]                      

Vapor-Liquid Equilibrium 

Relationship  
𝑦𝑘

𝑖 (𝑒𝑞) = [γ𝑘
𝑖  P𝑘

𝑖(𝑠𝑎𝑡) 𝑥𝑘
𝑖 ]/Pk     

𝑦𝑘
𝑖 = 𝐸𝑚𝑣 ∗ (𝑦𝑘

𝑖 (𝑒𝑞) - 𝑥𝑘
𝑖 ) +  𝑥𝑘

𝑖          

Activity Coefficient Model 

(NRTL Model) to calculate 

(γ𝑘
𝑖 )                     

γ𝑘
1=exp {((𝑥𝑘

2)2) [(τ21(G21/(G21 𝑥𝑘
2+𝑥𝑘

1))2) + (τ12 

G12/(𝑥𝑘
2+𝑥𝑘

1 G12)
2)]}                                                   

γ𝑘
2=exp {((𝑥𝑘

1)2) [(τ12(G12/(G12 𝑥𝑘
1+𝑥𝑘

2))2) + (τ21 

G21/(𝑥𝑘
1+𝑥𝑘

2 G21)
2)]}                                                    

Antoine equation to 

calculate 

P𝑘
𝑖(𝑠𝑎𝑡)                       

P𝑘
1(𝑠𝑎𝑡)  =exp {16.8958 - [3795.17/ (Tk - 273.15 + 

230.918)]}                                                            

P𝑘
2(𝑠𝑎𝑡)  =exp {16.3872 - [3885.7/ (Tk - 273.15 + 

230.17)]}                                                                

Bubble Temperature (Tk) 

Calculations  
Ʃ 𝑦𝑘

𝑖 =1 = Ʃ [𝑦𝑘
𝑖 = 𝐸𝑚𝑣 ∗ (𝑦𝑘

𝑖 (𝑒𝑞) - 𝑥𝑘
𝑖 ) +  𝑥𝑘

𝑖 ]     (Trial 

and Error Method)                        

Note:  

τ12=Δg12/(RT), τ21=Δg21/(RT), G12=exp (-α12 τ 12), G21=exp (-α12 τ 21) 

Δg12=-109.63 (cal/mol), Δg21=1332.31 (cal/mol), α12=0.3031 (ethanol-water system) 

R =1.987 (gas constant at cal/mol.k), Tk = Saturated Temperature of Trays and Reboiler 

(K)  

Table 4.2: Vapor-Liquid Correlations of Ethanol-Water System [93]. 
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4.3 ASPEN SIMULATION RESULTS 

The Aspen batch modeler was used to simulate the startup period (total reflux 

operation) and to simulate the product period. The Aspen simulation results of startup 

period (total reflux operation) are shown in Figures 4.8, 4.9, 4.10, 4.11, 4.12, and 4.13. In 

Figures 4.8, 4.9, 4.10 and 4.11, the tray temperatures, and the column profile of 

temperature, pressure and ethanol mole fraction are shown respectively. The dynamic 

behavior of ethanol mole fraction in the reflux drum (accumulator) and in the reboiler (pot) 

are shown in Figures 4.12 and 4.13 respectively. These figures state that this startup period 

(total reflux operation) is very short (less than 30 min) compared with the product period. 

Aspen batch modeler can be initiated with column at total reflux for simulating the product 

period or for dynamic optimization of the batch distillation operation. 

The Aspen simulation results of the product policy (constant reflux ratio R=3) are 

shown in Figures 4.14, 4.15, 4.16 and 4.17. In these figures, the tray temperatures, and the 

column profile of temperature, pressure and ethanol mole fraction are shown respectively. 

The dynamic behavior of ethanol mole fraction in the reboiler (pot) and in the reflux drum 

(accumulator) during the product period policy (constant reflux ratio R=3) can be seen in 

Figures 4.18 and 4.19 respectively while this dynamic behavior of ethanol mole fraction in 

the reboiler and in the reflux drum during the product period policy (constant distillate rate 

D=290 gm/min) can be seen in Figures 4.20 and 4.21 respectively.  
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Figure 4.8: Temperature of trays 1, 3, 5, 9, and pot using Aspen model for total reflux 

operation. 

 

 

Figure 4.9: Temperature profile using Aspen model for total reflux operation. 
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Figure 4.10: Pressure profile using Aspen model for total reflux operation. 

 

 

Figure 4.11: Ethanol mass fraction profile using Aspen model for total reflux operation. 
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Figure 4.12: Ethanol mass fraction of reflux drum using Aspen model for total reflux 

operation. 

 

 

Figure 4.13: Ethanol mass fraction of pot using Aspen model for total reflux operation. 
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Figure 4.14: temperature of the trays: 1, 3, 5, 9, and pot using Aspen model (constant reflux 

ratio R=3). 

 

 

Figure 4.15: temperature profile using Aspen model (constant reflux ratio R=3). 
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Figure 4.16: Pressure profile using Aspen model (constant reflux ratio R=3). 

 

 

Figure 4.17: Ethanol mass fraction profile using Aspen model (constant reflux ratio R=3). 
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Figure 4.18: Ethanol mass fraction of pot using Aspen model (constant reflux ratio R=3). 

 

 

Figure 4.19: Ethanol mass fraction of reflux drum using Aspen model (constant reflux ratio 

R=3). 
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Figure 4.20: Ethanol Mass Fraction of Pot using Aspen model (constant distillate rate 

D=290 gm/min). 

 

 

Figure 4.21: Ethanol Mass Fraction of Reflux Drum using Aspen model (constant distillate 

rate D=290 gm/min). 
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The experimental results of this pilot-scale distillation column have been used to 

validate the Aspen model results. validation of the Aspen simulation results of both product 

policies (constant reflux ratio R=3 and constant distillate rate D=290 gm/min) against the 

experimental data can be seen in Figures 4.22, 4.23, 4.24, and 4.25. Both Aspen Batch 

Simulator and Pilot Batch Column are operated at both constant reflux operation (R=3) and 

constant distillate rate (D=290 gm/min) to generate the data shown in these Figures. Based 

on these Figures, there is a close match between aspen dynamics simulation results and the 

experimental data in the reflux drum and in the reboiler for both product policies. The 

stopping time was 50 min (experimental) and 48 min (Aspen Batch Modeler) as shown in 

Figure 4.24.  Also, the recovery of ethanol of the top product is 0.70% (experimental) and 

75% (Aspen Batch Modeler).  It can be clearly seen that the closeness between the 

simulated (Aspen) and Actual (experimental) value made it possible to effectively and 

accurately apply the proposed Aspen batch modeler for the column dynamic simulation 

and optimization tasks. 
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Figure 4.22: Ethanol Mass Fraction of Pot for product period (constant reflux ratio R=3) 

(Validation Results). 

 

 

Figure 4.23: Ethanol Mass Fraction of Top Distillate Product for product period (constant 

reflux ratio R=3) (Validation Results). 
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Figure 4.24: Ethanol Mass Fraction of Pot for product period (constant distillate rate D=290 

gm/min) (Validation Results) 

 

 

Figure 4.25: Ethanol Mass Fraction of reflux drum for product period (constant distillate 

rate D=290 gm/min) (Validation Results) 
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4.4 OPTIMIZATION OF BATCH DISTILLATION COLUMN USING ASPEN BATCH MODELER 

After validating the results of Aspen Model, Aspen Batch Modeler is used for 

optimizing the operation of this column. The mathematical formulation of dynamic 

optimization problems of batch distillation column can be seen in Table 4.2. Control Vector 

Parameterization (CVP) within Aspen Batch modeler is used as an optimization solution 

technique. The CVP method uses a parameterization of the control variables u(t) (u(t) is 

represented as piecewise constant functions or piecewise linear functions). At each 

optimization iteration, the optimizer specifies certain values for the optimization decision 

variables (parameters of the control profiles u(t), and the time-invariant parameters v). An 

integration of the DAE system can then be performed over the whole-time horizon to 

evaluate the constraints and the objective function. The solution method using CVP is made 

as efficient as possible by adjustment of the time step and the order of integration method 

during each integration step. CVP Algorithm is shown in Figure 4.26. 

 

DAE System F (x, dx/dt, y, u, v, t) = 0 

Initial Conditions I(x(0), dx(0)/dt, y(0), u(0)) = 0   (steady state of Total 

Reflux operation) 

Equality Constraints Process Model Equations (Based on First Principles 

Equations) 

Dynamic (Inequality) 

Constraints 

Path constrains 

Interior Point Constraints 

Final Point Constraint 

Objective Functions Minimization (batch time or Operating cost) 

Maximization (distillate amount, distillate purity, or yield) 

Table 4.3: Mathematical formulation of dynamic optimization problems. 
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Figure 4.26: CVP algorithm for dynamic optimization [113]. 
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Figure 4.27 shows the optimum reflux ratio path using CVP within Aspen Batch 

modeler. The batch time of the product period operation of batch distillation column was 

minimized using the following final point constraints: 

xa(tf)= [0.9,1], xw(tf) = [0,0.005], R(t) = [0.1, 50] 

where: 

xa and xw represent the ethanol mass fraction of top product and feed residue (waste). 

R is the reflux ratio.  

Based on this optimum path of reflux ratio, the batch time is reduced to (39 min) 

when the column follows this optimum path of reflux ratio compared with (50 min) when 

the column operates at constant reflux ratio (R=3) or constant distillate rate (D=290 

gm/min).  

 

 

Figure 4.27: Optimum path of reflux ratio. 



 94 

Chapter 5:  ANN based Soft Sensor Development 

In this chapter, the development effort on building an Artificial Neural Network 

(ANN) based soft sensor is described briefly. Most of the ANN development work is off-

line work except the online validation and improvement works. First, an introduction on 

soft sensors is shown in section 5.1. It gives an overview of the soft sensor and its 

development process. In section 5.2, an introduction of ANN showing the history of ANN 

development, ANN types, and ANN structure is written. The steps of the development 

process of ANN based soft sensor is shown in section 5.3. The improvement effort on the 

performance of ANN model is shown in section 5.4. 

The main goal of this chapter is developing a ANN based soft sensor that can be 

used for online estimating the ethanol composition of the top product of pilot-plant batch 

distillation column and can be used later for control purposes: inferential PI control scheme 

development (see chapter 6) and advanced control scheme (MPC) development (see 

chapter 7). 

 

5.1 SOFT SENSOR INTRODUCTION 

Recent advancements in measurement techniques in the process industries and 

increasing plant data collection and storage capabilities have encouraged the trend to 

estimate some important but difficult to measure process variables from the data collected 

of other easy to measure variables. The mathematical models used for this estimation are 

called Soft Sensors or Inferential Sensors [114]. Inferential sensors can be classified into 

first principles model (FPM) inferential sensors and data-driven inferential sensors [115]. 

An FPM inferential sensor is constructed by rigorous mathematical derivation of the model 

from the first principles chemical and physical equations that describe the process. 
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Examples of FPM inferential sensors can be found in [116] and [117]. FPM inferential 

sensors suffer from two main drawbacks: high computational cost due to complexity and 

model inaccuracies due to the simplification assumptions required to solve the first 

principles models’ equations [118]. Consequently data-driven inferential sensors which are 

constructed based purely on the process data without the need of knowledge of the process 

fundamentals are gaining more attention. Several hybrid inferential sensors based on 

combinations of the two types have also been introduced [119-122]. Generally, these 

hybrid inferential sensors use a data-driven regression technique to estimate some of the 

parameters in the first principles equations that are too complicated to be driven 

mathematically. A comprehensive review on inferential sensors can be found in [123-125]. 

Generally, data-driven inferential sensors are developed through the following 

steps:  

1. Data collection and pre-processing  

2. Selection of model building technique 

3. Selection of important process variables and their lags 

4. Model building 

5. Model validation 

These steps are general guidelines for developing any data-driven based model. 

The first three steps are described briefly in the following subsections. 

 

5.1.1 Data Collection and Pre-Processing 

To build a data-driven based soft sensor, the raw data must be collected at different 

operating conditions. This is important to cover a wide range of variables, so the developed 

model can be built with high accuracy. 
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Before the raw data collected from the plant can be used for building the inferential 

sensor, it must go through data preprocessing. This mainly includes removal of outliers and 

data normalization. 

Sensor faults, signal noise, human errors and unusual operating conditions can 

cause variables to have unjustifiable extreme values in some observations; these 

observations are labeled outliers [126]. Including outliers during the construction of the 

inferential sensor can deteriorate its performance’ hence their removal from the data set is 

essential [124].  

In some cases, outliers can be identified via human practical knowledge of the 

process. Data during unrepresentative operation periods (e.g., start up, shut down) or 

considered to by the plant experts to be having unusual values based on reasonable 

judgment are labeled outliers and excluded. A similar approach is used in [127]. A more 

common practice is to identify outliers by the help of statistical analysis of the data. One 

approach is to label the data point as an outlier if the absolute difference between its value 

and the mean is more than 3 times the standard deviation ( ). The disadvantage of this 

approach is that the outliers are included during the calculation of the standard deviation 

which will increase its value allowing many outliers to stay hidden beneath the ( 3 ) 

threshold. Alternatively, the absolute difference between the data value and the median, or 

the median absolute difference (MAD) can be used as a criterion to identify outliers, since 

the median is less sensitive to the existence of outliers [128]. The univariate nature of the 

aforementioned methods is rendering them ineffective in dealing with multivariate process 

data.  The multivariate method, principal component analysis (PCA) is used in [129]. The 

first two principal components constructed by the PCA should represent most of the 

information stored in the data. Outliers can be inspected graphically via the score plot of 

the first two principal components, where they are expected to lie a far distance from the 
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center of the projection and are located outside some adjustable region of confidence. A 

different method is proposed in [130], where Hotelling’s T2 statistics is used as an 

indication of the distance of the data point form the multivariate mean. It is important to 

note is that the final decision to exclude the identified outliers should only be made by the 

plant expert, because some of the outliers might be representing an extreme but yet 

important behavior in the plant that needs to be detectable by the soft sensor and hence 

should be included in the model construction [128].  

Different plant data variables usually have significantly different ranges of their 

numerical values and hence significantly different variances. In order for the variables with 

higher variance not to have disproportional influence in the model construction data, 

normalization (or scaling) is crucial [129].  The simplest method of normalization is the 

(min-max normalization) which renders all variables to have a value between 0 and 1 by 

using this equation: 

 

 𝑥′ =
𝑥−𝑥𝑚𝑖𝑛

𝑥𝑚𝑎𝑥−𝑥𝑚𝑖𝑛
                                                 (5.1)                

 

Where: 

x is the measured variable. 

x' is the normalized variable. 

xmin and xmax are the minimum and maximum values of the variable. 

The use of the maximum and minimum values for the normalization makes this 

method extremely sensitive to outliers.  In [131] a less outliers-sensitive normalization 

method is used. In this method the variable data are divided on their standard deviation so 

all data will have a unit variance. 

 

 𝑥′ =
𝑥

𝜎
                                                                       (5.2) 
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In addition to unit-variance normalization, plant data are commonly normalized to 

have their mean at zero. An example of zero-mean unit-variance normalization can be 

found in [127], and it can be applied using the following equation:  

 

𝑥′ =
𝑥−�̄�

𝜎
                                                                       (5.3) 

 

where:  

�̄�  is the mean of the variable.  

A normalization, even less sensitive to outliers, is applied in [129] where the mean 

is replaced by the median and the standard deviation is replaced by the MAD in equation 

(5.3). 

 

5.1.2 Selection of Model Construction Techniques 

The selection of the modeling technique for building an inferential sensor will 

depend on many factors; some of them are the degree of process nonlinearity, level of 

variables collinearity, the importance of the multivariate aspect of the process, number of 

process variables, the amount of the collected data, level of noise, degree of knowledge of 

process fundamentals and dynamics and the required state of tradeoff between model 

accuracy and complexity. The most common techniques used in the construction of 

inferential sensors are multivariate analysis, neuro-fuzzy (NF), artificial neural networks 

(ANN) and support vector machines (SVM). 

Multivariate analysis techniques like PCA and projection to latent structures (PLS) 

are based on mapping the correlated input variables into a lower number of uncorrelated 

orthogonal variables (principal components or latent variables) and each represents a 
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weighted linear combination of the original variables. Additionally, PLS method takes in 

account the correlation between the output variables as well and similarly transforms them 

into latent variables, before modeling the correlation between the latent input and output 

variables [132]. This gives PCA and PLS techniques the advantage of being able to handle 

data with high collinearity efficiently, which encouraged their utilization in number of 

inferential sensors [133-136]. The main disadvantage of PCA and PLS is the linear nature 

which makes them unable to represent nonlinear behavior that is associated with most of 

the industrial processes. Nonlinear forms of these methods, such are nonlinear PCA 

(NPCA) and nonlinear PLS (NPLS), have been proposed to overcome this problem [137, 

138]. Also, dynamic PLS (DPLS) model has been introduced in order to model processes 

with significant dynamic behavior [129, 139].    

NF technique combines fuzzy logic algorithms ability to incorporate human 

knowledge through fuzzy rules with the superior learning and computational abilities of 

neural networks. As a result of these advantages NF was widely used in inferential sensors 

[140-144]. The basic limitation of NF is the exponential growth of the fuzzy-rule base with 

the increase of the input dimension [145]. Furthermore; in the case of the lacking enough 

knowledge about the process to build reliable fuzzy rules NF loses its main advantage and 

a black box model based on neural networks only will be more beneficial.         

ANN is attractive due to its substantial information processing capabilities such as 

handling nonlinearities, rapid computation via parallel processing of information and the 

ability to model the input/output relation based on the data only without any knowledge of 

the process [146]. In addition to that, dynamic neural networks like recurrent neural 

network (RNN) can represent both the dynamics and nonlinearities of the system [147].  

One of the shortcomings of ANN is the ambiguity of the information stored in the weights 

of the neurons connections after training the network which makes it difficult to interpret 
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any conclusions about the relation between the inputs and the outputs [148]. Other 

drawbacks of ANN are the difficulty to optimize the network topology and getting stuck at 

local minima during training [149]. Nevertheless, the dominating advantages of ANN make 

it the most widely used modeling technique in inferential sensor [150-158]. 

Based on mapping the input variables space into a higher dimension feature space 

then obtaining the solution via convex optimization algorithm, SVM is able to obtain a 

global minimum solution rather than local. Moreover, the objective function of the 

optimization problem for SVM represents a trade-off between the model accuracy and 

complexity, which gives them the advantage of good generalization [159]. Due to these 

characteristics SVM is gaining increased attention in the field of inferential sensors [160-

163], although, more work needs to be done on the computational complexity and memory 

requirements of SVM, which represents a major drawback upon dealing with large data 

sets [164].  

The performance of these models can be measured by several indexes and one of 

the most common indices is the root square mean error (RSME), which has been used in 

our study. The model with lower RSME will have the highest accuracy. RSME can be 

described by the following equation: 

𝑅𝑆𝑀𝐸 = √∑ [𝑦𝑖
⩘(𝑘)−𝑦𝑖(𝑘)]2𝑁

𝑖=1

𝑁
                                                                                           (5.4) 

Where:  

N is the number of the observations. 

𝑦𝑘
⩘ and 𝑦𝑘 are the actual and estimated output values at each observation (i). 
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5.1.3 Selection of Input Variables and their Lags 

Using redundant and collinear input variables increases the complexity of the model 

and has negative effects on the performance of the inferential sensor. Hence, selecting only 

a subset of the input variables that have the least co-linearity and the most correlation with 

the output is an important step of developing an inferential sensor [158]. Typically, the 

choice of the important variables and their corresponding lags is done simultaneously 

[126]. 

A nonlinear static model is a model that relates the input variables with the output 

variable both measured at the same time instance (k). This model can be of the form: 

y (k) = f [x1(k)... xn(k)]                                                                              (5.5) 

where:  

f is a nonlinear function.  

xi is an input variable. 

n is the number of input variables.  

y is the output variable.          

A nonlinear static model can be used only if there was no significant delay between 

a certain change that happens in an input variable and the appearance of its corresponding 

effect on the output variable. However, in industrial processes the existence of system 

capacities (e.g., liquid level of a tank, height of a distillation column, size of a reactor…etc.) 

usually causes significant delay between a change in any influential input variable and its 

corresponding response in the output variable of consideration. In this case a dynamic 

nonlinear model should be used. This model relates the value of the output variable at an 

instance (k) to the value of the input variables each measured at a previous sampling 

instance (k-di), where (di) is the time needed for a change in the ith input variable to affect 
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the value of the output variable. (d) is called the delay or order of the input variable. A 

dynamic nonlinear model can have the form:   

y (k) = f [x1(k-d1)... xn(k-dn)]                                                                         (5.6)             

where: 

 n is the number of input variables, a 

di is the delay of the ith input variable.  

The choice of the correct delays for the input variables has a high effect on the 

quality of the inferential sensor [165]. If the correlation between different delayed versions 

of an input with the output is studied, the input version with the correct delay should have 

the highest correlation value with the output. Based on this theory the linear correlation 

between each of the inputs in different models and the output is used to identify the correct 

lag for each input variable in [166]. One of the problems of this method is that when the 

value of the correlation of each input variable with the output variable is calculated 

individually, it ignores the effect of the other input variables. To solve this problem, 

Hoskins and Himmelblau [145] have suggested the use of the partial correlation as the 

identification criteria of the correct lag. To calculate the partial correlation the correlation 

of a given input with the output is “adjusted” for the effect of the other variables as 

following: 

 

𝑟𝑖𝑗 =
−𝐶𝑖𝑗

√𝐶𝑖𝑖𝐶𝑗𝑗
                                                                     (5.7) 

 

Where: 

rij is the partial correlations between the ith and jth variable. 

Cij is the ijth entry of the inverse of the simple correlation matrix. 
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Both of these methods can detect only the linear correlation and fail to work if the 

relations between the inputs and the output are nonlinear. A method that is applicable for 

both linear and nonlinear models was proposed in [167] based on Mallows’ statistics that 

use a standardized total square error as a criterion for the selection of the inputs. Another 

method for nonlinear models, based on the computation of Lipschitz quotient was proposed 

in [168]. The last two methods suffer from the problem of high computational load. A much 

simpler method based on partial least squares (PLS) regression technique was proposed in 

[169]. 

 

5.2 ANN INTRODUCTION 

ANN model is one of the nonlinear methods of data-driven models. Due to the 

nonlinear dynamic behavior of distillation (linear data-driven models will not be the best 

choice) and due to the high computation cost and an inaccuracy within First-Principles 

Model (FPM) based soft sensors, ANN method has been selected as a construction 

technique to build an inferential soft sensor for online estimating the ethanol composition 

(mole fraction) of the top distillate product of this pilot-plant batch distillation column unit. 

First, history of ANN is discussed. The history of development and application of ANN is 

shown. Then, an overview of ANN architecture is described. This overview gives an idea 

on the types and structures of ANN model. 

 

5.2.1 History of ANN 

The history of artificial neural networks has been documented by various authors. 

It seems appropriate to give a brief overview, a sample of the major developments of ANN. 
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in the late 19th and early 20th centuries, some of the background work for the field of 

neural networks occurred. This consisted mainly of interdisciplinary work in physics, 

psychology and neurophysiology by such scientists as Hermann von Helmholtz, Ernst 

Mach and Ivan Pavlov. This early (old) work emphasized general theories of learning, 

vision, conditioning, etc., and did not include specific mathematical models of neuron 

operation [170, 171]. 

 The modern (new) view of neural networks started in the 1940s with the work of 

Warren McCulloch and Walter Pitts [172], who stated that networks of artificial neurons 

could, in principle, compute any arithmetic or logical function. Their work is often 

represented as the origin (basic) of the neural network field. Donald Hebb [173] stated that 

classical conditioning (as discovered by Pavlov) is exists because of the properties of 

individual neurons. He presented a mechanism for learning in biological neurons.  

In the late 1950s, the first practical application of artificial neural networks came 

with the invention of the perceptron network and associated learning rule by Frank 

Rosenblatt et al. [174]. They built a perceptron network and stated its ability to perform 

pattern recognition. A great deal of interest in neural network research was generated by 

this early success. However, it was proven later that the basic perceptron network could 

solve only a limited class of problems. Bernard Widrow and Ted Hoff [175] presented a 

new learning algorithm and used it to train adaptive linear neural networks at about the 

same time. Their networks were similar in structure and capability to Rosenblatt’s 

perceptron. The Widrow-Hoff learning rule is still in use today. Unfortunately, both of 

these early neural networks (Rosenblatt’s and Widrow’s networks) suffered from the same 

inherent limitations, which were widely publicized in a book by Marvin Minsky and 

Seymour Papert [176]. Rosenblatt and Widrow were not able to successfully modify their 

learning algorithms to train the more complex networks. Since there were no powerful 
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digital computers on which to experiment, many researchers left the neural network field. 

Because of the lack of new ideas and powerful computers with which to experiment during 

the late 1960s, the interest in neural networks had faltered. However, some important work 

did continue during the 1970s such as the work of Teuvo Kohonen [177] and the work of 

James Anderson [178] in 1972. They developed new neural networks that could act as 

memories. During this period, Stephen Grossberg [179] worked in the investigation of self-

organizing networks.  

During the 1980s, research in neural networks increased dramatically because the 

new personal computers and workstations rapidly grew in capability and became widely 

available. Also, two important new concepts were introduced. The rebirth of neural 

networks was mostly happened due the presenting of these two new concepts. The use of 

statistical mechanics to explain the operation of a certain class of recurrent network was 

the first concept. It could be used as an associative memory. The physicist John Hopfield 

described this concept in a seminal paper [180]. The backpropagation algorithm for training 

multilayer perceptron networks was the second important concept of the development of 

Neural Networks and this concept was discovered by several different researchers such as 

the backpropagation algorithm work of David Rumelhart and James McClelland [181]. 

Backpropagation algorithm was the answer to the criticisms Minsky and Papert had made 

in the 1960s. These new concepts of Neural Networks developments regenerated the field 

of neural networks. Many papers have been written since the 1980s. Neural networks have 

found many applications, and the neural networks field have been growing quickly with 

new theoretical and practical work.  

This brief history of neural networks development that is mentioned above is not 

just intended to specify all of the main contributors but is simply to give some information 

for how knowledge in the neural network field has progressed. There have been periods of 
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a big progress and periods when relatively little progress has been done. Many of the 

developed works in the neural networks have had to deal with new concepts such as 

innovative architectures and training rules. Also, the availability of powerful new 

computers on which to test these new concepts is important, so these advances in neural 

networks can be done. Neural networks have clearly taken an important place as one of the 

most important mathematical/engineering tools. They are essential engineering tools to be 

used in different situations and applications. In future, the most important advances in 

neural networks almost certainly lie due to the fact of the very little knowledge about how 

the brain works. The increasing number and wide variety of applications of neural networks 

technology are very bright. Many neural networks have been applied in different areas. The 

applications are increased because neural networks are very good at solving problems in 

different areas: engineering, science, mathematics fields, medicine, business, finance, and 

literature. Neural networks become very attractive due to their applications to a wide 

variety of problems in different fields. Also, complex industrial problems that usually 

require too much computation are possible now to solve using neural networks due to the 

availability of faster computers and faster algorithms. A list of some of neural network 

applications is shown in Table 5.1 [170]. 

In conclusion, the invested money in the software and hardware of neural network 

in addition to the depth and range of interest in these devices are enormous as the number 

of neural network applications is increased.  
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Aerospace 

 

High performance aircraft autopilots, flight path simulations, aircraft control 

systems, autopilot enhancements, aircraft component simulations, aircraft 

component fault detectors 

Automotive 

 

Automobile automatic guidance systems, fuel injector control, automatic 

braking systems, misfire detection, virtual emission sensors, warranty activity 

analyzers 

Banking 

 

Check and other document readers, credit application evaluators, cash 

forecasting, firm classification, exchange rate forecasting, predicting loan 

recovery rates, measuring credit risk 

Defense 

 

Weapon steering, target tracking, object discrimination, facial recognition, 

new kinds of sensors, sonar, radar and image signal processing including data 

compression, feature extraction and noise suppression, signal/image 

identification 

Electronics 

 

Code sequence prediction, integrated circuit chip layout, process control, chip 

failure analysis, machine vision, voice synthesis, nonlinear modeling 

Entertainment Animation, special effects, market forecasting 

Financial 

 

Real estate appraisal, loan advisor, mortgage screening, corporate bond rating, 

credit line use analysis, portfolio trading program, corporate financial 

analysis, currency price prediction 

Insurance Policy application evaluation, product optimization 

  

  

Table 5.1: continued next page. 
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Manufacturing Manufacturing process control, product design and analysis, process and 

machine diagnosis, real-time particle identification, visual quality inspection 

systems, beer testing, welding quality analysis, paper quality prediction, 

computer chip quality analysis, analysis of grinding operations, chemical 

product design analysis, machine maintenance analysis, project bidding, 

planning and management, dynamic modeling of chemical process systems 

Medical 

 

Breast cancer cell analysis, EEG and ECG analysis, prosthesis design, 

optimization of transplant times, hospital expense reduction, hospital quality 

improvement, emergency room test advisement 

Oil and Gas 

 

Exploration, smart sensors, reservoir modeling, well treatment decisions, 

seismic interpretation 

Robotics 

 

Trajectory control, forklift robot, manipulator controllers, vision systems, 

autonomous vehicles 

Speech 

 

Speech recognition, speech compression, vowel classification, text to speech 

synthesis 

Securities Market analysis, automatic bond rating, stock trading advisory systems 

Telecommunications 

 

Image and data compression, automated information services, 

real-time translation of spoken language, customer payment 

processing systems 

Transportation 

 

Truck brake diagnosis systems, vehicle scheduling, routing 

Systems 

Table 5.1: Some neural network applications [170]. 
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5.2.2 ANN Architecture 

Several types of ANN are introduced in the literature such as Feed Forward 

network, Recurrent network, Hamming network, Hopfield network, etc. The structure of 

Feed Forward ANN model is explained in this subsection. It consists of several layers of 

hidden layers in addition to the input and output layers. Different numbers of neurons can 

be used with each hidden layer. The outputs of each layer are related to the layer inputs 

through transfer (activation) functions. Different types of transfer functions can be used 

with the network layers. This ANN structure can be easily understood using a single neuron 

model as shown in Figure 5.1. and different types of transfer functions can be seen in Table 

5.2. 

 

 

Figure 5.1: A structure of single-input neuron model.  

 

The neuron output can be calculated through the following equation: 

𝑎 = 𝑓(𝑤𝑝 + 𝑏)                        (single-input neuron model)                                          (5.8) 
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Where: 

a is the neuron output. 

p is the input. 

w is the input weight to this neuron. 

b is the neuron bias and f is the transfer function (see below) 

 

Name  Input/Output MATLAB Function 

Hard Limit a = 0     n < 0 

a = 1     n ≥ 0 

hardlim 

Linear a = n purelin 

Log-Sigmoid 𝑎 =
1

1 − 𝑒−𝑛
 logsig 

Hyperbolic Tangent Sigmoid 𝑎 =
𝑒𝑛 − 𝑒−𝑛

𝑒𝑛 + 𝑒−𝑛
 tansig 

Saturating Linear a = 0      n < 0 

a = n      0 ≤ n ≤ 1 

a = 1      n > 1 

satlin 

Positive Linear a = 0      n < 0 

a = n      0 ≤ n 

poslin 

Competitive a = 1 neuron with max n 

a = 0 all other neurons 

compet 

Table 5.2: Types of transfer functions. 

So, the complexity of the ANN structure is increased as the number of inputs is 

increased (multiple-inputs neuron model), as the number of neurons is increased (a layer 

of number of neurons), and finally as the number of neurons’ layers is increased (multiple-
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layers of neurons; multiple-hidden layers). An example of three layers Feed Forward NN 

Model is described in Figure 5.2. This is an example of Multiple-Neurons’ layers Feed 

Forward ANN model [170].  

 

 

Figure 5.2: Three layers (two hidden layer and one output layer) feed forward NN model 

structure (the output of the third layer (a3) is shown in this figure). 

In general, the output of multiple layers feed forward ANN model can be calculated 

through the following equation: 

𝒂𝑁 = 𝒇𝑁(𝑾𝑁𝒇𝑁−1(𝑾𝑁−1𝒇𝑁−2(𝑾𝑁−2𝒇𝑁−3(… … … … . 𝑾2𝒇1(𝑾1𝒑 + 𝒃1) +

𝒃2) … … … + 𝒃𝑁−2) + 𝒃𝑁−1) + 𝒃𝑁)                                                                              (5.9)                                                                                            

 

where: (for each layer (i); i= 1 to N) 

𝑾𝒊 is the weight matrix (𝑆𝑖  * 𝑆𝑖−1) of the input vector 𝒑𝒊 (𝑆𝑖−1 * 1) and neuron vector 𝒏𝒊 

(𝑆𝑖  * 1).  
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𝒂𝒊 is the output vector (𝑆𝑖 * 1). 

𝒃𝒊 is the bias vector (𝑆𝑖  * 1). 

. 

5.3 DEVELOPMENT OF ANN BASED SOFT SENSOR 

The development process of ANN model (data-driven based model) as a soft sensor for 

the online estimation of ethanol molar fraction of the top product consists of the following 

two steps that are approximately similar to the development steps of any data-driven based 

model:  

1) Data collecting and preprocessing: 

Data collecting and preprocessing is the first step of the development 

process of ANN soft sensor. First, the data have been collected at different 

operating conditions (temperatures, pressures, flowrates, reflux ratios, and 

compositions). For the development of the inferential sensor, data were generated 

using experimental tests. The column was operated at different operating conditions 

[feed amount (70-85 liter) and feed composition (0.2-0.3 mass fraction of ethanol)] 

as shown in Table 5.3. A series of step changes in the reflux ratio (0.5-5) and 

reboiler steam flow rate (0.55-0.95 kg/min) are introduced as excitation signals to 

produce a wide range of temperature profiles and top product concentrations. 

Samples from the distillate product stream are collected regularly at fixed interval 

(5 to 6 min). Data on the top product concentration and the other process variables 

are stored at a sampling interval of 30 seconds. Around 169 samples have been 

collected. The compositions of samples are measured offline using the Gas 

Chromatograph (GC). The data of all samples is recorded within the DeltaV DCS 

historical data system and can be exported to an excel sheet to use it in the 
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development work of ANN based soft sensor. Then, the outliers (9 samples with 

unjustifiable extreme values) are removed using Principal Component Analysis 

(PCA) method as shown in Figure 5.3. After removing the outliers, the data are 

normalized and randomized using zero-mean unit-variance normalization method. 

Finally, a Projection to Latent Structures (PLS) method was used to determine the 

most correlated values of the input variables with the output variable (ethanol mole 

fraction) as shown in Figure 5.4. Also, PLS was used to determine the most 

correlated values of the input lags with the output variable (ethanol mole fraction) 

as shown in Figure 5.5. The variable influence plot (VIP) represents a weighted 

sum of squares of the weights (WSSW) assigned to the variables in the PLS model, 

which summarizes the influence and thus the importance of each variable in the 

prediction of the primary output [182]. Figures 5.4 and 5.5 show the VIP of the 

variables and their lagged versions respectively. The highest WSSW value for the 

input variables with their lags is selected. For each of the selected input variables, 

a sequence of 5 lags (k-2, k-4, k-6, k-8, k-10) was obtained with two sample delay 

between each other, then the variables with their lagged versions were used in the 

PLS model. Based on these criteria, the following input variables with their lags 

were selected {4 min lags for top vapor temperature (T200), tray 2 temperature 

(T102), and tray 3 temperature (T103) were selected while 2 min lag for top column 

pressure (P081) was selected}. 
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Figure 5.3: Score plot of the first two principal components of a PCA study for 169 

observations. 

 

 

Operating parameter Range of operation value 

Reboiler steam flow rate (kg/min) 0.55 - 0.95 

Distillate flow rate (l/min) 0.20 - 0.80 

Reflux flow rate (l/min) 0.20 - 0.80 

Reflux Ratio 0.50 - 50 

Initial Feed Amount (Gallon) 17.50 - 22.50 

Initial Ethanol Mass Fraction at Feed 0.18 - 0.28 

Table 5.3: Range of operating conditions used for building the NN models. 
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Figure 5.4: PLS-VIP of the input variables. 



 116 

 

 

Figure 5.5: PLS-VIP of the input variables with their lags. 
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2) Model building (training/testing; offline): 

In this step, the normalized data is divided into two groups: first data set for 

training (100 samples) and second data set for testing (60 samples). Then, trial and 

error method has been used to find the best structure of ANN model. Several 

configurations of ANN structures have been tried to find the optimum ANN 

structure [number of hidden layers, number and weights of the neurons in each 

layer, and type of transfer (activation) functions (log-sigmoid, pure-linear, and 

tangent) in each layer]. The optimum ANN structure that has the minimum root 

mean square error (RMSE) on the test set is selected for building the inferential soft 

sensor. 

In this work, Two ANN models have been trained and tested (offline) for the 

prediction of ethanol mole fraction of the top product (xa), first model with input lags and 

the second without input lags. Both NN models are Feed Forward (FF) networks. The 

Levenberg-Marquardt backpropagation with momentum technique [183] is used as the 

training algorithm for both networks. The equations of the tried activation functions: Log-

Sigmoid (logsig), Linear (purelin), and Hyperbolic Tangent Sigmoid (tansig) for both 

networks are given by the above-mentioned equations in Table 5.2. 

Based on the trial and error approach the best network structure of both NN models 

that has the minimum RMSE on the test set was selected for building the inferential sensor. 

Figures 5.6 and 5.7 show the performance of both NN models (NN with input lags and NN 

without input lags) during the offline testing step. The minimum RMSE of NN model with 

input lags and NN model without input lags during the offline testing step are 0.02 and 

0.04 respectively as noticed in the performance figures of both NN models (Figures 5.6 

and 5.7) during the offline test step.  
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Figure 5.6: Performance of NN with input lags model during the offline testing step 

(RMSE=0.02). 

 

 

Figure 5.7: Performance of NN without input lags model during the offline testing step 

(RMSE=0.04). 
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Based on this trial and error approach, the structure of four layers (three hidden 

layers and an output layer) with the neurons (5, 3, 3) and (10, 7, 3) for the network with 

input lags and the one without input lags respectively has the best performance (has the 

minimum RMSE; 0.02 and 0.04). Also, these best structures of both NN models have these 

configurations of transfer (activation) functions: the activation function of the first hidden 

layer for both networks was Log-Sigmoid activation function (logsig), the second and third 

hidden layers with the output layer for both networks used a pure-linear activation function 

(purelin) (which simply means to use the weighted sum of variables directly as the 

activation signal). The description of the structure of these networks can be seen in Figures 

5.8 and 5.9 and Tables 5.4 and 5.5. 

 

 

 

Figure 5.8: Structure of the NN model without input lags. 
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Figure 5.9: Structure of the NN model with input lags. 

 

Name Type Training 

Algorithm 

No. of hidden 

Layers 

No. of 

Neurons  

 

Activation 

Function 

NN 

without 

input lags 

Feed 

Forward 

Levenberg-

Marquardt 

backpropagation 

with momentum 

technique 

3 10, 7, 3 Logsig, 

Purelin, 

Purelin, 

Purelin 

NN with 

input lags 

Feed 

Forward 

Levenberg-

Marquardt 

backpropagation 

with momentum 

technique 

3 5, 3, 3 Logsig, 

Purelin, 

Purelin, 

Purelin 

Table 5.4: Structure of NN models. 



 121 

 

Table 5.5: Weights and biases of both NN models (with/without input lags). 

 

5.4 VALIDATION OF ANN BASED SOFT SENSOR (ONLINE) 

 For the validation of both NN based soft sensors, data were generated using 

experimental tests by operating this batch distillation column at different operating 

conditions. Samples from the distillate product stream were collected regularly at fixed 

interval. Data of the top product concentration (output variable) and the other input process 

variables were stored at a sampling interval (5 min). The process (input/output) variables 

are stored within DeltaV (DeltaV history collection and can be exported to excel sheet at a 

sampling interval (5 sec or more). Around 240 samples were collected with their 
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corresponding operating conditions for online validation purpose. These NN models (NN 

with/without input lags) are built in MATLAB then converted to Simulink blocks using 

specific MATLAB code to enable the online estimation of the ethanol composition of the 

top distillate product as shown in Figure 5.10. An OPC link is established in order to 

communicate between MATLAB/Simulink and the Emerson DetlaV Distributed Control 

System (DCS) of the pilot-plant distillation column. Figure 5.11 shows a comparison 

between the performance of the ANN inferential sensor model with input lags and the ANN 

inferential sensor model without input lags for the online prediction based on the validation 

set. It is clear that the inferential sensor model with input lags has significantly 

outperformed the one without lags, achieving a considerably lower RMSE of (0.03).  

 

 

Figure 5.10: MATLAB/Simulink blocks of NN based soft sensors. 



 123 

 

Figure 5.11: Initial validation results of both NN soft sensors (NN model with input lags 

and NN model without input lags). 

 

5.5 IMPROVED PERFORMANCE EFFORTS OF ANN BASED SOFT SENSOR  

In the next section, a brief description of our contribution to improve the 

performance of the NN model with input lags is discussed. Most of the previous works of 

NN application for distillation columns {Estimation and Simulation applications [184-

191], optimization applications [192-197], and control applications [198-213]} did not 

account for the whole dynamic path (dynamic behavior) of the output variables (product 

compositions) and focused only on the final steady state of the output variables so they 

either did not use any time constant delay for the outputs or just used a constant delay for 

the outputs. In order to improve the accuracy of our soft sensor during the whole dynamic 

path of the ethanol mole fraction (output variable) so it will be useful for the inferential 
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control purpose, a variable (updated) time constant delay for the output is used in addition 

to the constant lags for the input variables. From our experimental investigations, it takes 

more time (slow response) when we want to increase the composition of ethanol (in other 

words, long dynamic path of the ethanol composition until reaching the final steady state 

from below) while it takes less time (fast response) when we want to decrease the ethanol 

composition (in other words, short dynamic path of the ethanol composition until reaching 

the final steady state from above). So, several pairs of first-order time constant lags are 

used for both cases (when ethanol composition is going up and when it is going down). A 

past value for the ethanol composition (0.5 min earlier) is subtracted from the current value 

of ethanol composition. If the result of the subtraction is positive (ethanol composition is 

going up), those first-order time constant lags (3 min, 5min, 7min, and 9min) are tried and 

if the result of the subtraction is negative (ethanol composition is going down), those first-

order time constant lags (1min, 3 min, and 5min) are tried. So, the following pairs of first-

order time constant lags {(1min, 3min), (1min, 5min), (1min, 7min), (3min, 3min), (3min, 

5min), (3min, 7min), (5min, 5min), (5min, 7min), (5min, 9min); note the first value of 

these pairs is when the composition is going down while the second value is when the 

composition is going up} are used to create different sensors (AI91E, AI91EPV1 , 

AI91EPV2, AI91EPV3, AI91EPV4, AI91EPV5, AI91EPV6, AI91EPV7, AI91EPV8). 

The description of the Emerson DeltaV DCS blocks of these modified soft sensors is shown 

in Figure 5.12. 
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Figure 5.12: Emerson DeltaV DCS blocks of modified soft sensors. 
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Online tests were conducted for the proposed adaptive selection of time constant 

lags inferential sensor. It is clear that the varying output lags inferential sensor have 

surpassed the ones with only constant input lags or without input lags in the prediction 

accuracy in all these tests as shown in Table 5.6 and Figures 5.13. The sensor (AI91EPV5) 

with best time constant configuration (3min, 5min) for the output variable (ethanol mole 

fraction) in addition to the constant input lags of the model has been selected in our work 

so the accuracy of this sensor has been increased (RSME=0.01) as shown in Figure 5.14. 

 

 

Sensor Model Type RSME 

AI91 NN without Input Lags 0.04013 

AI91B NN with Input Lags 0.02239 

AI91E NN with input lags and output time constants (1min, 3min) 0.01898 

AI91EPV1 NN with input lags and output time constants (1min, 5min) 0.01897 

AI91EPV2 NN with input lags and output time constants (1min, 7min) 0.01897 

AI91EPV3 NN with input lags and output time constants (3min, 3min) 0.01746 

AI91EPV4 NN with input lags and output time constants (3min, 5min) 0.01750 

AI91EPV5 NN with input lags and output time constants (3min, 7min) 0.01310 

AI91EPV6 NN with input lags and output time constants (5min, 5min) 0.02280 

AI91EPV7 NN with input lags and output time constants (5min, 7min) 0.02313 

AI91EPV8 NN with input lags and output time constants (5min, 9min) 0.02334 

Table 5.6: Performance of modified soft sensors. 
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Figure 5.13: Improved validation results of the modified NN Soft sensors vs the actual 

composition (Xa). 

  

 

Figure 5.14: Improved validation results of the modified NN Soft sensor (AI91EPV5) vs 

the actual composition (Xa). 
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5.6 SUMMARY 

 The development of an inferential soft sensor for a pilot-plant batch distillation 

column separating an ethanol-water mixture using neural network (NN) method has been 

investigated in this work. Inferential sensors are increasingly used in the process industries 

to infer the value of the main quality variable while utilizing much easier to measure 

secondary variables of the process. The lags between the input variables and the output 

variable vary due to changes in operating conditions. Previous studies have introduced 

different methods to estimate lags for input and output variables, but all of them have 

assumed these lags to be constant regardless of the changes in the operating conditions.  

In this work, an inferential sensor that can infer the composition of ethanol at the 

top product using time lags for the input variables and varied first-order time constant lags 

with the output variable is developed. The developed inferential sensor is based on a neural 

network (NN) model. This NN model is built in MATLAB/Simulink. An OPC link is 

established in order to communicate between MATLAB/Simulink and the Emerson DetlaV 

Distributed Control System (DCS) of the pilot-plant distillation column. Principal 

Component Analysis (PCA) and Projection to Latent Structures (PLS) methods are used in 

this work to remove the outliers from the input variables set and to determine the most 

correlated values of the input variables and their lags with the output variable Xa (ethanol 

mole fraction of distillate product) respectively. The model adaptively selects the correct 

first-order time constant lags of an output variable according to the instantaneous operating 

condition (the composition of ethanol is increased or decreased) and assigns a best value 

for each case. The prediction performance of the proposed NN models (with and without 

time lags for input variables) is illustrated using experimental data from the pilot-scale 

ethanol-water distillation column. More than 400 samples were collected to create and 

validate the results of NN models. The proposed NN model with time lags for input 
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variables and varied first-order time constant lags for output variable gave lower error 

(RSME=0.01) compared with the NN model without any time lag for input and output 

variables (RSME=0.06). 

In summary, a high accuracy soft sensor for the ethanol composition of the top 

distillation product has been developed and validated. Based on this soft sensor, an 

inferential PI controller and Model Predictive Controller (MPC) for this pilot-plant batch 

distillation column was developed (see next chapter). Also, most of this work that has been 

done in the development of ANN based soft sensor can be found in [214]. 
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Chapter 6:  Inferential PI Control Scheme of Batch Distillation Column 

The development work on building control schemes that maintain the operation of 

the pilot-plant batch distillation column at the desired ethanol composition of the top 

distillate product is studied in this chapter. The operation of the product (distillate draw) 

period of the batch distillation column has different distillate withdrawal policies as we 

mentioned earlier in chapter 3.  One of these policies is constant distillate composition. To 

implement this policy, an inferential PI control scheme must be established.  

In section 6.1, an introduction on the inferential PI control scheme is presented. It 

shows and explains how the inferential PI control scheme works.  It gives an idea on how 

the tuning is selected for this inferential PI control scheme.  

The initial performance results of this PI controller are described in section 6.2. 

This section shows the performance of the inferential PI controller using one set of tuning 

parameters during the whole operation of batch distillation column. Then, the performance 

improvement efforts and results of the inferential PI controller are shown in section 6.3. 

The necessity of obtaining an updated tuning parameter set (adaptive tuning) for the 

inferential PI controller based on the ethanol composition of the top distillate product has 

been proven in this section. Finally, the inferential control work in section 6.4 summarizes 

the developing work on an inferential PI controller for the ethanol composition at the top 

distillate product. 

In summary, the aim of this chapter is to develop an appropriate inferential control 

schemes that maintain the operation of batch distillation column at the desired ethanol 

composition of the top distillate product.  
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6.1 INFERENTIAL PI CONTROL SCHEME INTRODUCTION 

In an inferential control scheme, a soft sensor is used instead of the actual analyzer 

to measure the process variable and this can be seen in Figure 6.1. In this figure, the soft 

sensor is used in an inferential control scheme. Here, Loop (II) is updated each 0.5 minute 

and the secondary outputs (network input variables) are used to predict the value of the 

quality parameter (xa). The predicted value is then used by the controller to control the top 

product composition. Loop (I) is updated every batch when the actual values of the top 

product composition are available, and this value is used to update the soft sensor model 

by calculating the error between the actual and the predicted values, which is then added 

to the model as a bias. In this inferential control scheme, the top product composition 

controller is used as a master controller in a cascade control scheme where the reflux flow 

controller is the slave. So, the reflux flow rate is used to control the mole fraction 

concentration of ethanol in the top product (xa). 

After designing and creating the inferential PI control loop module (AIC-091) 

within DeltaV DCS using DeltaV Explorer-Control Studio, loop tuning is very important 

for providing stable and representative operation of the process. Sometimes, the process 

can be stable but not responsive if the loop is tuned for responses that are too slow.  On the 

other hand, the process can be very responsive but it might overshoot and cycle around the 

set point (SP) if the loop is tuned for responses that are too fast.  

The most famous procedures for loop tuning are calculated tuning and trial and 

error tuning. The computation of tuning parameters using known constants and algorithms 

is involved within the calculated tuning method while the manual adjusting of the tuning 

parameters until the process becomes stable is involved within the trial and error method. 
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Since the calculated tuning method requires a small number of cycles to achieve the desired 

results, it is superior to the trial and error method. So, using the calculated method could 

be very useful for slow processes compared with using the trial and error method for these 

processes.  

The loop tuning of this inferential PI controller (AIC-091) has been done within 

DeltaV DCS using DeltaV InSight (Tune with InSight). DeltaV InSight has three different 

approaches for tuning control loop: On-Demand Tuning, Adaptive Tuning (open loop), and 

Adaptive Control (closed loop).  

 

 

 

 

Figure 6.1: A simplified sketch of inferential control scheme. 
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On-Demand Tuning approach has been selected to tune the control loop in this 

work. The On-Demand Tuning within DeltaV Insight is shown in Figure 6.2. In On-

Demand Tuning approach, automatic testing of the process is initiated. The Proportional 

Integral Derivative (PID) block switches to Local Override (LO) mode when the automatic 

process testing is initiated. So, the operation of the loop’s primary control algorithm is 

suspended, and controller resident relay identification adjusts the control block output 

(OUT). The Aström-Hägglund algorithm is used within the On-Demand Tuning approach 

for calculating the tuning parameters of the process control loop. This algorithm is 

supported by a patented technique by Emerson Automation Solutions to identify the 

process deadtime. A known function that acts as relay with hysteresis is used to determine 

the selected PID block output during the tuning. Two-state control is provided by this relay 

that causes the process to oscillate with a small controlled amplitude. So, the DeltaV 

InSight can calculate the ultimate gain and period of the process based on this amplitude 

and the frequency of this oscillation. After calculating the ultimate gain and period of the 

process, the control settings are computed based on the defined process parameters and 

selected process type. 

Different tuning rules such as modified Zeigler-Nichols, Lambda, or Internal Model 

Control can be used within the On-Demand approach to determine the best tuning 

parameters of the control loop. Lambda method within On-Demand Tuning approach was 

used in this work to determine the best parameters of the control loop tuning [215].  
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Figure 6.2: On-Demand Tuning within DeltaV InSight. 

 

 

On-Demand Tuning algorithm is shown in Figure 6.3. In this Figure, the 

explanation of how the On-Demand tune modifier is used with PID block to provide the 

On-Demand tuning capability is shown. The loop tuning can be established by On-Demand 
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tuning based on the process parameters identified using the supervised relay oscillation 

test. The process dynamics is identified by the On-Demand tune modifier using the relay 

oscillation principle. The mode of the PID block switches to LO and the output is calculated 

by a two-state function during the identification step of the loop tuning. Loops under a two-

state control show a small oscillation and the amplitude of these oscillations is used to 

define the ultimate gain while the oscillation period determines the ultimate period. 

 

 

 

Figure 6.3: On-Demand tuning algorithm [215]. 

 



 136 

6.2 INITIAL PERFORMANCE RESULTS OF THE INFERENTIAL PI CONTROLLER 

Several tuning parameters for this Inferential PI controller of the top product 

composition have been tried. On-Demand Tuning approach within DeltaV InSight using 

Lambda method obtained the best tuning parameters for this inferential PI controller. The 

testing step or process identification step of tuning approach within DeltaV system includes 

carrying out several step changes of reflux flow rate and recording the responses of ethanol 

composition of the top distillate product to get the best tuning parameters as described 

briefly in the previous section.  

The initial performance results of this inferential PI controller are shown in Figures 

6.4, 6.5, and 6.6. These figures were obtained by operating the distillation column using 

several step changes in the set point of the inferential PI controller (AI091_SP; the desired 

ethanol composition of the top distillate product) using one set of tuning parameters. The 

performance results of the inferential PI controller were imperfect, working efficiently in 

some region of ethanol composition (high, medium, or low ethanol composition) and not 

working correctly in others. In these initial imperfect performance results, either there is a 

long time to reach the final set point (SP) or there is an oscillation. 

So, the existence of an updated tuning parameters (gain scheduling) within this 

inferential PI controller is necessary to improve the performance of this controller and this 

agrees with the work of Finefrock et al. [216]. 
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Figure 6.4: Initial performance results of inferential PI controller (step change in the set 

point of the inferential PI controller (AIC091_SP) [0.58-0.63]) validated with actual 

composition Xa. 

 

 

Figure 6.5: Initial performance results of inferential PI controller (step changes in the set 

point of the inferential PI controller (AIC091_SP) [0.66-0.72 and 0.72-0.52]) validated 

with actual composition Xa. 
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Figure 6.6: Initial performance results of inferential PI controller (step changes in the set 

point of the inferential PI controller (AIC091_SP) [0.79-0.73, 0.73-0.62, and 0.62-0.53]) 

validated with actual composition Xa. 

 

 

Figure 6.7: Initial performance results of inferential PI controller (step changes in the set 

point of the inferential PI controller (AIC091_SP) [0.81-0.67, 0.67-0.57, and 0.57-0.67]) 

validated with actual composition Xa. 
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6.3 IMPROVED PERFORMANCE OF INFERENTIAL PI CONTROLLER DEVELOPMENT 

Based on these initial results of this controller performance that shows the imperfect 

performance of this inferential PI controller using one set of tuning parameters, this led us 

to modify this controller by creating updated tuning parameters (gain scheduling) for this 

control scheme (depending on the region of ethanol mole fraction of top product; more 

than 0.75, less than 0.65, and between them).   

On-Demand Tuning approach within DeltaV InSight is used to get the optimum 

tuning parameters for each region of ethanol top product mole fraction (Xa) using Lambda 

method for tuning and using Integral Time Absolute Error (ITAE) and Overshoot 

Percentage as criteria.  The testing (process identification step) results of using this 

approach for each region are shown in Figures 6.8-6.12.  

Figures 6.8 and 6.9 show the testing (process identification) and the recommended 

tuning parameters results of this inferential PI controller for the region of ethanol mole 

fraction more than 0.75. These figures state that the best tuning parameters set for this 

region of ethanol composition is Kc= 2.96 and Reset Time= 226.1 sec.  

Figures 6.10 and 6.11 show the testing (process identification) and the 

recommended tuning parameters results of this inferential PI controller for the region of 

ethanol mole fraction (0.65-0.75). These figures show that the best tuning parameters set 

for this region of ethanol composition is Kc= 6.51 and Reset Time= 225.3 sec.  

Figures 6.12 and 6.13 show the testing (process identification) and the 

recommended tuning parameters results of this inferential PI controller for the region of 

ethanol mole fraction less than 0.65. These figures conclude that the best tuning parameters 

set for this region of ethanol composition is Kc= 1.26 and Reset Time= 190.9 sec.  
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Figure 6.8: Testing (Process Identification) results of inferential PI controller in the ethanol 

mole fraction region of more than 0.75.  
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Figure 6.9: Performance simulation results of inferential PI controller in the ethanol mole 

fraction region more than 0.75 using the recommended tuning parameters set of the On-

Demand tuning approach.  
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Figure 6.10: Testing (Process Identification) results of inferential PI controller in the 

ethanol mole fraction region 0.65-0.75.  
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Figure 611: Performance simulation results of inferential PI controller in the ethanol mole 

fraction region 0.65-0.75 using the recommended tuning parameters set of the On-Demand 

tuning approach.  
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Figure 6.12: Testing (Process Identification) results of inferential PI controller in the 

ethanol mole fraction region less than 0.65.  
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Figure 6.13: Performance simulation results of inferential PI controller in the ethanol mole 

fraction region less than 0.65 using the recommended tuning parameters set of the On-

Demand tuning approach.  
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After selecting the best tuning parameters set for each region of ethanol 

composition, a mathematical expression (calculator block) is added to the inferential PI 

controller (PID block) within DeltaV Explorer. This calculator block includes the 

conditions of ethanol mole fraction (more than 0.75, between 0.65 and 0.75, and more than 

0.75), so this will enable the auto selecting of best tuning parameters set (adaptive tuning) 

based on the region of ethanol mole fraction. This modification of the PID block of the 

inferential PI controller can be seen in Figure 6.14. 

 

 

Figure 6.14: Modified PID block of inferential PI controller within DeltaV Explorer-

Control Studio. 
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The improved performance results of this inferential PI controller can be seen in 

Figures 6.15, 6.16, and 6.17. These figures have been developed using three product cuts 

within the operation of batch distillation column. The first product cut at 0.8 ethanol mole 

fraction is shown in Figure 6.15. The second product cut at 0.7 ethanol mole fraction is 

shown in Figure 6.16 while Figure 6.17 shows the third product cut at 0.6 ethanol mole 

fraction. These results of inferential PI controller state that the performance of the 

inferential PI controller of the composition of the top distillate product has improved by 

either reducing the time to reach the final set point or reducing the oscillation within this 

controller. 

 

 

 

Figure 6.15: Improved performance result of inferential PI controller (step change in the 

set point of the inferential PI controller (AIC091_SP) [0.84-0.0.80]) within the first product 

cut at 0.8 ethanol mole fraction. 
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Figure 6.16: Improved performance result of inferential PI controller (step change in the 

set point of the inferential PI controller (AIC091_SP) [0.8-0.0.7]) within the second 

product cut at 0.7 ethanol mole fraction. 

 

 

Figure 6.17: Improved performance result of inferential PI controller (step change in the 

set point of the inferential PI controller (AIC091_SP) [0.7-0.0.6]) within the third product 

cut at 0.7 ethanol mole fraction. 
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6.4 SUMMARY 

This chapter is focused on developing an inferential control scheme for the ethanol 

mole fraction of the top distillate product. It shows the development work of obtaining a 

good inferential PI control for the ethanol composition of the top product. 

First, an introduction on the inferential PI control scheme has been given. It shows 

how the tuning parameters set has been selected. The On-Demand tuning approach within 

DeltaV has been described briefly in this chapter.  

Then, this tuning approach is used to select several tuning parameters sets that can 

be used within this inferential PI controller. The initial performance of this inferential PI 

controller has shown imperfect results using only one set of tuning parameters during the 

whole operation of distillation column.  

Finally, the work on improving the performance of this inferential PI controller is 

described briefly. The control results of using an updated tuning parameter sets (gain 

scheduling/adaptive tuning) within this inferential PI control scheme based on the ethanol 

mole fraction region have shown improved control performance compared with the initial 

control results of this inferential controller using one set of tuning parameters. 
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Chapter 7:  Model Predictive Control (MPC) Scheme of Batch 

Distillation Column 

In this chapter, the process of developing an advanced control scheme that 

maintains the operation of the pilot-plant batch distillation column at the desired ethanol 

composition of the top distillate product is studied in this chapter. Several distillate 

withdrawal policies have been used within the product period operation of batch distillation 

column and even different policies can be used within the same experimental run as 

mentioned earlier in chapter 3. A good control scheme is necessary to implement a policy 

of constant distillate composition. An advanced control scheme (MPC) is used to control 

the composition of the top distillate product in this chapter to improve the control 

performance compared with the inferential PI control scheme that is developed in the 

previous chapter. 

An introduction to the Model Predictive Control (MPC) scheme is presented in 

section 7.1. It introduces the history of MPC development. This section shows and explains 

how the inferential PI control scheme works.  The advantages of selecting this type of 

control is discussed in this section. 

Then, an introduction on DeltaV MPC is given in section 7.2. This section shows 

the MPC blocks available within DeltaV. The creation of MPC block in DeltaV has been 

described in this section. The generation of controller and the process model identification 

by DeltaV are also discussed in this section. 

In section 7.3, the implementation process of MPC in DeltaV is discussed. It shows 

the implementation steps of DelatV MPC. The creation of MPC blocks (MPC11 and 

MPC22) in DeltaV are explained in this section. Also, the procedure of model prediction 

and controller generation in DeltaV Predict are described in this section.  
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           The results of the developed DeltaV MPC blocks (MPC11 and MPC22) are 

discussed in section 7.4. MPC22 block shows better control performance compared with 

other control schemes (MPC11 and inferential PI control schemes). 

Finally, section 7.5 summarizes the developing work on an MPC control scheme 

within DeltaV DCS system to control the ethanol composition of the distillate in the batch 

distillation column 

 

7.1 MPC INTRODUCTION 

In 1960’s, especially the work of Kalman et al [217] can be represented as the 

beginning history of MPC technology. The Dynamic Matrix Controller DMC and the 

Identification and Command IDCOM are the first generation of MPC technology [218, 

219]. They were first designed in the 1970’s. The quadratic dynamic matrix control 

(QDMC) and the Generalized Predictive Control (GPC) are the second generation of MPCs 

[220]. It was developed in the 1980’s. The IDCOM-M, Shell Multivariable Optimizing 

Controller (SMOC), Hierarchical Constraint Control (HIECON), Predictive Control 

Technology (PCT), and Robust Model Predictive Control (RMPC) are the third generation 

of MPC controllers [221]. They were developed in the 1990’s. The Robust Model 

Predictive Control Technology (RMPCT) and the Dynamic Model Control Package 

(DMC-plus) are the fourth generation of MPCs.  The RMPCT was developed in 1995 and 

DMC-plus was developed in 1998 [222]. 

Creating and solving a new optimization problem during every time step is the basic 

approach of MPC. Future output values or states are predicted from the current time by 

MPC. A model of the system is used by MPC to estimate a predicted output signal over a 

prediction horizon in the future. A new optimization problem is solved at each control 
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interval within the prediction horizon. This happens by taking a new control input and 

feeding it into the system at each time step after considering the constraints [223].  

MPC becomes more popular and advantageous compared with other classical 

control schemes such as PID due to the following features of MPC [223, 224]: 

1) its ability to handle constraints is integrated within its structure.  

2) due to the optimal way that MPC handles interactions between the controller 

variables, controlling multiple input multiple output (MIMO) systems becomes 

very effective using MPC.  

3) both process input and output delays can be handled effectively by MPC.  

 Thousands of industrial applications such as oil refineries and petrochemicals 

implement MPC in their units especially for dealing with complex multivariable control 

problems that include inequality constraints. Many academic works (books, tutorials, and 

survey papers) that focused on MPC have been done [225-237]. 

The algorithm of MPC consists of these three main parts:  

1) Control Objective (Cost Function): 

The difference between the future outputs and a specified reference is measured 

by a criterion called control objective (cost function) by considering that the control signal 

is costly. The optimization problem is solved by an objective function that measures the 

behavior of the process over the prediction horizon. Different objective criterions (profit 

maximizing, loss or cost minimization, setpoint tracking, sum of squared error, sum of 

absolute errors, etc.) can be implemented in MPC. 

2) Constraints: 

In the optimization problem, the solution must satisfy a specific condition called a 

constraint. As mentioned earlier, the ability of handling constraint is integrated in the 



 153 

structure of MPC. The system input amplitude, the system input rate of change, and the 

process output are usually considered as constraints. 

3) Prediction Model: 

The dynamic process model is used by MPC to predict the future outputs up to the 

prediction horizon. The predicted output and the states over the horizon in the future is 

evaluated by the process model. Several models can be used within MPC such as first 

principles and data driven models. These prediction models are integral parts of the 

optimization problem which mainly describes the relationship between future outputs and 

future control inputs. There are different ways that these prediction models can be 

developed from the models of the process. State space models, Finite Impulse Response 

(FIR) and step response models, transfer function models, and the ARMAX models are 

examples [223, 224].  

The main block diagram and the basic concept picture of MPC are shown in 

Figures 7.1 and 7.2 respectively. The process model is used by MPC to predict the future 

outputs based on the current input values. Then, the predicted information is used by MPC 

to calculate the optimal value of future inputs with respect to a defined cost function [224, 

238]. The calculations of MPC are based on current measurements and predictions of the 

future.  The objective of these calculations is to find a path of control moves so that the 

predicted response moves to set point in an optimal way. In Figure 7.2, the actual output 

(y), the predicted output (ŷ), the manipulated input (u), the prediction horizon (P), and the 

control horizon (M) for Single Input Single Output (SISO) are shown. The receding 

horizon approach is an important feature of MPC because only the first move is 

implemented even though M control moves are calculated at each sampling instant (k). 

Then, after new measurements become available, a new path of control moves is calculated 
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and again only the first move is implemented, and this procedure is repeated at each 

sampling instant. 

 

 

 

 

Figure 7.1: MPC block diagram [238]. 
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Figure 7.2: MPC basic concept [224]. 

7.2 DELTAV MPC INTRODUCTION [215] 

A process automated system (DeltaV) from Emerson Process Management has a 

several advantages.  It is a very friendly common operator interface, it has increased 

reliability, it is very easy to configure, and it has a user-friendly testing environment. 

DeltaV MPC works on the above-mentioned principles of MPC where the controller uses 

a mathematical model of the process for learning from the past to predict the future output. 

The implementing control of different interactive processes in DeltaV MPC are primarily 

used by DeltaV MPC function blocks. There are three different MPC function blocks in 

DeltaV and these are the MPC, MPCPro and MPCPlus function blocks, as shown in Figure 

7.3. 
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Figure 7.3: DeltaV MPC blocks [23]. 

 

The commission of the MPC function block is done by DeltaV Predict while the 

commission of MPC-PRO and MPC-PLUS function blocks are done by DeltaV PredictPro. 

To control a batch distillation column (2 inputs and 2 outputs), the MPC function block 

that has the maximum capacity of 8 inputs and 8 outputs is selected in this work and will 

be described briefly. 

The control of interactive processes with consideration for the measurable 

operating constraints and disturbances is done by using DeltaV MPC function block. In the 

Control Studio of DeltaV environment, the MPC function block is launched. An automated 

test of the process is run by automatically collecting data from the process in DeltaV Predict 

application. This data is used to create a step response of the process. The DeltaV Predict 

implements MPC technology in controlling small and medium sized multivariable 

processes within different measurable operating constraints and disturbances. The control 

of an interactive process with taking into consideration the measurable operating 

constraints and measurable disturbances is done by using this DeltaV MPC function block. 

MPC function block within DeltaV system effectively controls multivariable systems.  

The creation of MPC function block within DeltaV system is simple, which 

involves dragging and dropping this block into the control studio of DeltaV environment 
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and downloading it afterwards. The input and outputs of the MPC function block is 

configured in DeltaV control studio in a way that fits the control structure. The inputs to 

the MPC function block can be any of the following: (1) Controlled variable (CNTRL) -

the controlled parameter which is maintained at a setpoint by adjusting the manipulated 

variable, (2) Disturbance (DSTRB) - the disturbance on constraint and controlled variables 

whose impact is reduced by adjusting the manipulated input, and (3) Constraint (CNSTR). 

The output of the MPC function block is manipulated variable (MNPLT).  The manipulated 

output from the function block is adjusted either automatically by the function block or 

manually by the user. The user defines the following variables: the controlled variable 

(CV), the manipulated variable (MV), the constraint variables, and the disturbance 

variables in the MPC function block. Identifying these variables during the programming 

in DeltaV is imperative. 

 

7.2.1 Generation of MPC Controller in DeltaV 

The future control errors and control moves is minimized by the MPC controller. 

The MPC controller is generated in DeltaV in a fully automated way. The control 

calculations assume that the process response is reasonably linear over its normal operating 

range. The default setting of controller that is generated for the process gives an optimal 

performance if the process model has been correctly identified. However, if the default 

controller setting does not give good tracking of setpoint (imperfect control performance), 

an expert user can make some adjustments. 

MPC in DeltaV has its roots in Dynamic Matrix Control (DMC) where a dynamic 

matrix is built from step responses such that the process outputs can be predicted from 

manipulated variables over the control horizon. 
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The squared error of a controlled variable over the prediction horizon and the 

squared error of the controller output over the control horizon are minimized by MPC 

Controller in the following way: 

 

min
∆𝑈(𝑘)

(𝛤𝑦 (𝐶𝑉(𝑘) − 𝑅(𝑘))2 + (𝛤𝑢∆𝑈(𝑘))2)                                                                 (7.1) 

Where: 

p is the prediction horizon 

c is the control horizon 

CV(k) is the controlled output p-step ahead prediction vector 

R(k) is the p-step ahead setpoint vector 

∆𝑈(𝑘) is the c-step ahead incremental controller output moves vector 

𝛤𝑦 is a diagonal penalty matrix on the controlled output error 

𝛤𝑢 is a diagonal penalty matrix on the control moves 

 

The solution for the process with dynamic matrix Sn satisfying equation 7.1 is in this form: 

 

∆𝑈(𝑘) = (𝑆𝑛𝑇𝛤𝑦𝑇𝛤𝑦𝑆𝑛 + 𝛤𝑢𝑇𝛤𝑢)
−1

𝑆𝑛𝑇𝛤𝑦𝑇𝛤𝑢𝐸𝑃(𝑘)                                                     (7.2) 

 

Where: 

Sn is the p × c process dynamic matrix built from the step responses of dimensions p × c 

for a SISO model and pn × cm for a MIMO model with m manipulated inputs and n 

controlled outputs.  

EP (k) is the error vector over the prediction horizon p 

There are two tuning parameters for the generated controller: penalty of moves 

(POM) and the penalty of error (POE). These tuning parameters can be adjusted to get the 

desired controller performance. 

1) POM 
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The robustness of the controller is affected by this parameter (POM). It is the main 

tuning parameter of the controller during the controller generation step. The controller will 

be less aggressive by increasing this parameter while the controller action will be more 

aggressive with faster control response by decreasing this parameter. This parameter is 

defined independently for each of the manipulated variables. 

2) POE 

The penalty of error or controlled variable tuning weight (POE) allows more 

weights to be given to a specified controlled variable.  

Note, there is no need to change these parameters if the controller performance is 

satisfactory using the default settings of the generated controller. 

 

Finally, there is no action is taken via MPC configuration on the constrained 

variable except when the constraint is violated, in which case the MPC controller changes 

the working setpoint of the selected controlled variable. 

Δ𝑆𝑃𝐶𝑉= −𝑟𝐺CV-AVΔ𝐴𝑉                                                                                                     (7.3) 

Where 

Δ𝐴𝑉 is the magnitude of the predicted steady state constraint violation 

𝐺𝐶𝑉−𝐴𝑉 is the gain relationship between the constraint variable AV and CV 

𝑟 is the relaxation factor, which is always less than 1 

Δ𝑆𝑃𝐶𝑉 is the change in working setpoint of the controlled variable 

 

7.2.2 Model Identification in DeltaV 

Model identification in DeltaV is based on a step response model. The relationship 

between the process inputs and future outputs over the prediction horizon is described by 
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the step response model. A support strategy contained as an integral part of the model 

generation is also used to validate the step response model. The verified model is then used 

to generate a controller. 

Identification of the step response in DeltaV Predict is done by both  FIR and  ARX. 

Comparing models from these two techniques helps in confirming correct representations 

of predicted models. The FIR has the advantage of not requiring preliminary knowledge 

about the process while the ARX uses fewer coefficients in the calculation. The model is 

validated by comparing the real process data to the simulated process data. Process 

optimization is achieved by minimizing the objective function. 

DeltaV Predict uses step response modelling which makes prediction of process 

outputs available for display in the application. It also computes the predicted error vector, 

which serves as an input to the MPC controller. The MPC function block then develops 

future process outputs as a process state and uses modified state space for the process 

modelling. 

In a SISO process, the predicted future process output is as shown below 

 

𝑥𝑘+1 = 𝐴𝑥𝑘 + 𝐵∆𝑢𝑘 + 𝐹∆𝑤𝑘                                                                                        (7.4) 

 

𝑦0 = 𝐶𝑥𝑘+1                                                                                                                     (7.5) 

 

Where: 

𝑥𝑘 = [𝑦0, 𝑦1, 𝑦2, … … … . , 𝑦𝑝−1]𝑇 is a vector of the future output prediction 0, 1, …, p-1 

steps ahead at the time k. 

𝐴 is a shift operator which is defined by as 𝐴𝑥𝑘 = [𝑦0, 𝑦1, 𝑦2, … … … . , 𝑦𝑝−1]𝑇. 

𝐵 = [𝑏0, 𝑏1, … … . , 𝑏𝑖 , … … , 𝑏𝑝−1]𝑇 is a vector of p step response coefficients. 

∆𝑢𝑘 =  𝑢𝑘 − 𝑢𝑘−1 is a change in the process input/controller output at time instant k. 
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∆𝑤𝑘 is the process output measurement-process model output, mismatch resulting from the 

noise, unmeasured disturbance, and model inaccuracy. 

F is the p dimension filter vector with unity default values. 

P is the dimension vector with unity default values. 

C is the operator that makes the first component of the 𝑥𝑘+1 vector. 

For a multivariable process, with m inputs and n outputs, the vector 𝑥𝑘 has 

dimension n*p and vector B is converted into a matrix with dimension n*p rows and m 

columns. 

The FIR model uses a short horizon process to avoid over fitting the model as it 

provides an initial part of the step response, such that it is enough to evaluate the dead time 

using a heuristic approach. The dead time is then used in the ARX model which has fewer 

coefficients that the FIR. 

In MIMO systems, superposition is applied from each input on every output. The 

FIR and the ARX model for a SISO system is defined by Equations (7.6) and (7.7) 

respectively. 

 

∆𝑦𝑘 = ∑ ℎ𝑖
𝑝
𝑗=1 ∆𝑢𝑘−1                                                                                                     (7.6) 

 

Where: 

∆𝑦𝑘 = 𝑦𝑘 − 𝑦𝑘−1 is the change of the process output at the time instant k. 

p is the prediction horizon 

∆𝑢𝑘−1 is the change of the process input at the time instant k-1. 

 

𝑦𝑘 = ∑ 𝛼𝑖
𝐴
𝑗=1 𝑦𝑘−1 +  ∑ 𝛽𝑖

𝑉
𝑗=1 𝑢𝑘−𝑑−1                                                                             (7.7) 
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Where: 

A and V are auto aggressive and moving average orders of ARX with a default value of 4 

 𝛼𝑖 and 𝛽𝑖 are the coefficients of the model. 

d is the dead time. 

 

7.3 IMPLEMENTATION OF MPC 

In this section, the steps for the programming in DeltaV (the model identification 

and validation in DeltaV MPC and the generation of the controller) will be described. A 

description of DeltaV MPC implementation is shown in Figure 7.4. 

 

7.3.1 Model Prediction in DeltaV Predict 

Model predictive strategy in DeltaV is based on a dynamic model of the process. 

Process identification, modelling and controller generation are performed within MPC 

DeltaV. The identified process model and the process inputs are used to predict future 

variations of the process. 

DeltaV Predict uses the Finite Impulse Response (FIR) and the Auto-Regressive 

with eXternal inputs (ARX) modelling techniques. It first creates a step response model\ 

that provides an insight into the dynamics between the process outputs and inputs. 
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Figure 7.4: DeltaV MPC implementation. 
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As shown in Figure 7.4, the desired MPC blocks that reference the inputs and 

outputs of the process is created and downloaded. Figures 7.5 and 7.6 show the MPC blocks 

(MPC11 and MPC22) used for the batch distillation column with the inputs and outputs 

referenced accordingly. MPC11 is an MPC function block for SISO system of batch 

distillation column to control the ethanol composition of the overhead product (process 

output or controlled variable) by manipulating the reflux flowrate (process input or 

manipulated variable) using steam flowrate (disturbance variable) as shown in Figure 7.5.  

MPC22 is an MPC function block for MIMO system of batch distillation column to control 

the ethanol composition of the overhead product and the condensate temperature (process 

output or controlled variables) by manipulating the reflux flowrate and the water cooling 

flowrate (process input or manipulated variables) using steam flowrate (disturbance 

variable) as shown in Figure 7.6. 

 

 

 

 

Figure 7.5: Input and Output of process in DeltaV MPC11 block. 
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Figure 7.6: Inputs and Outputs of process in DeltaV MPC22 block. 

 

Then the DeltaV Predict is started after the module (MPC block) is downloaded. 

After identifying the process model by DeltaV Predict, it is very important to review the 

model and ensure that it reflects the correct dynamics of the process. The validation errors 

between the calculated output and the actual output for the selected data must be within 

acceptable limits. If there is a relatively large validation error, then it is necessary to go 

back to the step response and effect necessary adjustments. 

Unsatisfactory process models may be obtained due to using imperfect data (not 

sufficiently excited, very noisy, or showing insufficient time). It is possible to correct the 

model based on the prior knowledge of the process if it is not possible to get better process 

data. Studying trends in the measurements or process simulations or analyzing the data 

outside DeltaV can be used to get better data. To study simulations on these data, Microsoft 
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Excel or MATLAB can be used. Also, to check if the model is poor or not, the FIR and the 

ARX models can be viewed on the same plot and if they differ from each other, then the 

model is poor.  

 

7.3.2 Controller Generation 

A controller is generated after the model has been identified by DeltaV Predict.  

DeltaV Predict provides a simulation environment that enables testing of the MPC 

strategies many times faster than real-time. This can now be tested on the real process after 

getting satisfactory results. 

The expert option in DeltaV Predict enables the creation of the model and the 

controller generation after a satisfactory model has been created in DeltaV Predict. This 

model is used by DeltaV to provide default settings for the controlling of the process. If 

the control results are not satisfactory, it is possible to modify these generated default 

controller parameters. But, in most cases, the default settings provide good responses. 

Tuning is required in cases where the default settings of the controller do not 

provide the desired robustness. The tuning parameters {the Penalty of move (POM) and 

the Penalty of Error (POE)} are adjusted to meet user requirements. During doing these 

tuning adjustments, caution must be exercised. The generation and downloading of new 

controller are necessary after any change in these tuning parameters. 

 

7.4 RESULTS  

The step response model and control results of both DeltaV MPC blocks (MPC11 

and MPC22) are shown and discussed in this section. 
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7.4.1 DeltaV MPC11 Results 

MPC11 is an MPC function block for SISO system of batch distillation column to 

control the ethanol composition of the overhead product (process output or controlled 

variable) by manipulating the reflux flowrate (process input or manipulated variable) using 

steam flowrate (disturbance variable) as mentioned earlier in the previous section. All 

results of MPC11 implementation described in the previous section are presented in this 

section. It includes the results of the step response model and the control results. 

Figure 7.7 shows the results of the step response test (process model identification 

step). Several step changes in the reflux flow rate (MPC11_MNPLT) have been done to 

check the step response {ethanol composition of the top product (MPC11_CNTRL)} to 

these changes with recording the disturbance variable {steam flowrate (MPC11_DSTRB)} 

in order to get the best process model that can be used within the controller.  

After that, the controller is generated and downloaded. The performance of this 

controller (MPC11) can be seen in Figures 7.8, 7.9, and 7.10.  These Figures (7.8, 7.9, and 

7.10) show the MPC11 control results at the following step changes in the setpoint of 

MPC11 (MPC11_SP) {0.8 to 0.7, 0.7 to 0.6, and 0.6 to 0.7}. 

The undershoot or overshoot within this controller is very small compared with the 

inferential PI controller. However, the time to reach the final set point within this controller 

did not improve (20-30min).  

Also, this controller did not consider the multivariable effect (the interactions 

between controller variables) especially within the distillation column such as the effect of 

water cooling and reflux flowrates on the condensate temperature and the ethanol 

composition of the top product that will be considered in the next section. 
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Figure 7.7: Step response test results of MPC11 block (model identification). 
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Figure 7.8: MPC11 control results (step change in MPC11_SP from 0.8 to 0.7). 
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Figure 7.9: MPC11 control results (step change in MPC11_SP from 0.7 to 0.6). 
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Figure 7.10: MPC11 control results (step change in MPC11_SP from 0.6 to 0.7). 
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7.4.2 DeltaV MPC22 Results 

MPC22 is an MPC function block for MIMO system of batch distillation column 

to control the ethanol composition of the overhead product and the condensate temperature 

(process output or controlled variables) by manipulating the reflux flowrate and the water 

cooling flowrate (process input or manipulated variables) using steam flowrate(disturbance 

variable) as mentioned earlier.  

The results of MPC22 implementation are presented in this section. It includes: the 

results of the step response model (testing step), the model verification results, and the 

control results.  Figure 7.11 shows the results of the step response test (process model 

identification step). Several step changes in the cooling water flowrate (MPC22_MNPLT1) 

and the reflux flow rate (MPC22_MNPLT2) have been done to check the step responses 

{the condensate temperature (MPC22_CNTRL1) and the ethanol composition of the top 

product (MPC22_CNTRL2)} to these changes with recording the disturbance variable 

{steam flowrate (MPC22_DSTRB)} in order to get the best process model that can be used 

within the controller.  
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Figure 7.11: Step response test results of MPC22 block (model identification).  
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The generated step response model results are shown in Figure 7.12 and the 

parameters for design of the step response design are shown in Table 7.1.  

 

 

Figure 7.12: Step response model results of DelatV MPC22 block. 
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MPC  

Parameter 

Water Cooling Flowrate Reflux Flowrate 

Condensate 

Temperature 

D = 42 sec 

K = -0.129 

T1 = 323.1 

T2 = 0 

D = 84 sec 

K = 0.285 

T1 = 581.5 sec 

T2 = 0 

Ethanol 

Composition 

of Distillate 

D = 840 sec 

K = 0.19 

T1 = 551.7 sec 

T2 = 159 

D = 84 sec 

K = 2.583 

T1 = 872.31 sec 

T2 = 0 

Table 7.1: Step Response Design of the Model of MPC22 Block (T1 and T2 are the first 

and second time constants, D is the process dead time, and K is the process gain). 

 

After that, the generated model is verified using the FIR and ARX models. Also, it 

is validated against the actual data as shown in Figures 7.13 and 7.14. The step response 

model was a relatively good representation of the dynamics of the process and this is 

evident in the verified models in the figures for both controlled variables {condensate 

temperature (CNTRL1) and ethanol composition of the distillate (CNTRL2)}. The squared 

error for both control variables was less than 1 (for the first control variable was 0.29 and 

for the second control variable was 0.54) and hence the predicted models are relatively 

good. 
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Figure 7.13: Actual and predicted model for control variable 1 (condensate temperature). 

 

Figure 7.14: Actual and predicted model for control variable 2 (ethanol composition of 

distillate). 
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After generating the controller, the default setting did not show a very good 

response. Adjustments had to be made to the default setting to improve the controller 

robustness. So, the penalty of move was adjusted for this purpose. The penalty of move 

was changed for both manipulated variables to achieve good setpoint tracking as shown in 

the following Table (Table7.2).  

 

Control Parameter value 

Control Horizon 9 

POM (CNTRL1) 1.5 

POM (CNTRL2) 1.5 

POE (MNPLT1) 1 

POE (MNPLT2) 0.84 

Table 7.2: Modified Controller Setting Parameters of DetaV MPC22 Block. 

The performance of this controller (MPC22) can be seen in Figures 7.15, 7.16, and 

7.17.  These Figures (7.15, 7.16, and 7.17) show the MPC22 control results at the different 

step changes in the setpoint of MPC22 (MPC22_SP1 and MPC22_SP2).  

Based on the results of these figures, the performance of this control is very good 

compared with other controllers (inferential PI and MPC11 controllers) because it handles 

the interactions between controller variables (condensate temperature, ethanol composition 

of distillate, water cooling flowrate, reflux flowrate, and steam flowrate) in addition to 

reach the final set point with faster closed-loop response(less than 10 min) and less 

overshoot/undershoot.  
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Figure 7.15: MPC22 control results (step change in MPC22_SP2 from 0.6 to 0.5 and step 

change in MPC22_SP1 from 56 to 53.5). 
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Figure 7.16: MPC22 control results (step change in MPC22_SP2 from 0.8 to 0.7 and 

MPC22_SP1 at 55). 



 180 

 

Figure 7.17: MPC22 control results (step change in MPC22_SP2 from 0.7 to 0.6 and 

MPC22_SP1 from 53 to 56). 



 181 

7.5 SUMMARY 

In this chapter, the development of an MPC control scheme within DeltaV DCS system 

has been described. First, a review of MPC has been given. Then, the creation of MPC 

block within DeltaV has been described. The implementation steps of DeltaV MPC blocks 

(MPC11 and MPC22) have been presented. How the model is predicted and how the 

controller is generated within DeltaV Predict are explained in this chapter.  

Finally, the results of these MPC blocks (MPC11 and MPC22) have been studied and 

discussed in this chapter. MPC22 control shows improved control results compared with 

control schemes due to the capability to handle the interactions between different variables 

(multivariable effect) especially within distillation process and also due to faster response 

with very small undershoot or overshoot. 
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Chapter 8:  Conclusions and Recommendations for Future work 

Several conclusions have been drawn from this work. Also, several 

recommendations for future work have been suggested based on the results obtained from 

this work. 

First, the experimental work including the operation of this pilot plant column at a 

wide range of operating conditions was very important to build a higher accuracy NN-

based soft sensor that can do the online estimation of the ethanol composition of the 

distillate with very low error. Also, this experimental work was necessary to do the 

validation process for the developed dynamic models (MATLAB and Aspen Batch 

Modeler), for the ANN based soft sensor, for the inferential PI control scheme, and for the 

advanced control schemes (DeltaV MPC control schemes). 

 The rigorous dynamic model of Aspen showed better results than the semi-rigorous 

dynamic model of MATLAB based on the results of the experimental runs that have been 

done to validate the ethanol distillate composition estimated by these dynamics models 

against the actual ethanol distillate composition. Based on that, the rigorous dynamic model 

of Aspen has been used to perform the offline dynamic optimization for the operation of 

this pilot plant column. The optimal path of reflux ratio that must be followed during the 

operation of this pilot column to reduce the operation time of the batch has been determined 

via this offline work of dynamic optimization.  

Two neural networks (with/without input lags) have been trained and tested to build 

soft sensors that can infer the ethanol composition of the distillate. Neural network with 

input lags showed better performance compared with the neural network without input lags 

during the offline testing step of the soft sensor development process. Also, the initial 

validation results showed that the performance of the neural network based soft sensor can 
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be improved using updated first order time constant lags for the output variable (ethanol 

composition) in addition to the input lags. This contribution on developing NN based soft 

sensor and improving its performance is based on the experimental investigations on this 

pilot plant batch distillation column. The new developed NN model adaptively selects the 

correct first-order time constant lags of an output variable according to the instantaneous 

operating condition (the composition of ethanol is increased or decreased) and assigns a 

best value for each case. Then, the control applications of this new developed NN based 

soft senor have been investigated. 

This new developed NN based soft sensor has been used in an inferential PI control 

scheme to control the ethanol composition of the distillate. The initial inferential control 

results of using one tuning parameter set during the whole operation showed imperfect 

control results, which agrees with what was concluded in [1]. So, using updated tuning 

parameter sets (gain scheduling/adaptive tuning) within this inferential PI control scheme 

based on the ethanol mole fraction region is necessary to improve the control performance. 

The results of this new developed PI control scheme showed a good control performance 

compared with the initial control results of this inferential controller using one set of tuning 

parameters. 

Then, this new developed NN based soft sensor has been used in advanced control 

scheme (MPC scheme). Two DeltaV MPC control schemes (MPC11 and MPC22) have 

been developed in this work. The control results of DeltaV MPC22 control scheme showed 

better control performance compared with other control schemes (inferential PI and 

MPC11 control schemes).  This is due to the capability of this control scheme (MPC22) to 

handle the interactions between different variables (multivariable effect) especially within 

distillation process.  It also provided a faster response with very small undershoot or 

overshoot. 
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Based on what we concluded from this work, several recommendations can be 

made or taken as directions for future work. 

First, using different modeling and optimization tool such as gPROMS is 

recommended to build a good model that can be used for offline dynamic simulation and 

optimization for this pilot plant batch distillation column.  

Then, due to the good validation results of Aspen batch modeler, using Aspen 

DMCplus to control the ethanol composition of the distillate and compare the control 

results with inferential PI and DeltaV MPC control schemes is another direction for future 

work.  

Also, the developed process model by Aspen DMCplus or any external data source 

could be used to build the process model in the implementation of DeltaV MPC control 

scheme instead of the developed process model by DeltaV Predict (step response 

modeling).  Then one could compare the control performance between the DeltaV MPC 

using process model developed by DeltaV Predict (step response modeling) and DeltaV 

MPC using process model developed by external source of data (or by Aspen DMCplus).  

The last direction for future work is based on our work on the development of ANN 

based soft sensor, it is important especially for batch distillation (facing changes in feed 

composition, tray temperatures, column pressures, steam conditions, and even the water 

cooling supply) to build some MATLAB function within the NN MATLAB code that 

performs automatic offline training and testing of the NN based soft sensor periodically 

(for example, monthly).  This would allow one to develop NN based soft sensor that can 

deal with the wide changes in the operating conditions for batch distillation columns with 

high estimation accuracy. 
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Appendices 

 

Appendix A: Sensors and Instruments 

 

 

 

In this appendix, a list of instruments and sensors that have been used in the experimental 

runs of the pilot scale batch distillation column is described. Figure A.1 shows the Piping 

and Instrumentation Diagram (PID) of the experimental batch column. 

 

This appendix is divided into five sections: 

Section (A.1): Temperature 

Section (A.2): Pressure and Level from Differential Pressure  

Section (A.3): Flow  

Section (A.4): Composition 

Section (A.5): Valves 
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Figure A.1: Pipping and Instrumentation Diagram (PID) of the experimental column. 
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A.1 TEMPERATURE 

RID signals were four wire 120 Ohm platinum DIN standard from different 

manufacturers. The signal of RTDs is converted to standard 4-20 ma within DeltaV DCS 

system. The calibration of all RTDs has been done before their installation. The detailed 

information of temperature transmitters is shown in Table A.1. 

 

Tag # Service Diameter (inch) Range (Bias), ⁰ C 

TT051 Feed Tank 0.25 N/A 

TT052 Heated Feed Flow 0.25 50-250 

TT071 Bottom Product Tank  0.25 50-250 

TTO72 Bottom Product Flow 0.25 50-250 

TT091 Overhead Accumulator 0.25 N/A 

TT092 Overhead Product Tank 0.25 50-250 

TT100 Reflux to Column 0.25 50-250 

TT095 Overhead Pump Outlet 0.25 50-250 

TT200 Overhead Vapor 0.125 50-250 

TT101 Tray 1 Liquid 0.125 50-250 

TT102 Tray 2 Liquid 0.125 50-250 

TT103 Tray 3 Liquid 0.125 170-215 

TT104 Tray 4 Liquid 0.125 50-250 

TT105 Tray 5 Liquid 0.125 50-250 

TT106 Tray 6 Liquid 0.125 50-250 

TT107 Tray 7 Liquid 0.125 50-250 

Table A.1: continued next page. 
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TT108 Tray 8 Liquid 0.125 50-250 

TT109 Tray 9 Liquid 0.125 170-215 

TT110 Tray 10 Liquid 0.125 50-250 

TT111 Reboiler Liquid 0.25 50-250 

TT211 Reboiler Vapor 0.25 50-250 

TT113 CW Inlet 0.25 50-250 

TT114 CW Outlet 0.25 50-250 

TT094 Overhead Condensate 0.25 50-250 

TT121 Reboiler Steam 0.25 N/A 

TT201 Tray 1 Vapor 0.25 N/A 

TT202 Tray 2 Vapor 0.25 N/A 

TT203 Tray 3 Vapor 0.25 N/A 

TT204 Tray 4 Vapor 0.25 N/A 

TT205 Tray 5 Vapor 0.25 N/A 

TT206 Tray 6 Vapor 0.25 N/A 

TT207 Tray 7 Vapor 0.25 N/A 

TT208 Tray 8 Vapor 0.25 N/A 

TT209 Tray 9 Vapor 0.25 N/A 

TT210 Tray 10 Vapor 0.25 N/A 

 Table A.1: Detailed information of temperature transmitters. 
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A.2 PRESSURE AND LEVEL FROM DIFFERENTIAL PRESSURE 

Before installing all pressure instruments, they were calibrated by a Wallace and 

Tiernan model 62A-2C-0125 helical Bourdon gauge with range (0-125 in water) and a 

Transmation model 1040 series 1040 calibrator was used to make all signal current 

measurements with a resolution of 0.01 ma. List of pressure and level transmitters 

information can be seen in Table A.2. 

 

Tag # Service Range 

PT1081 Column Pressure 0-50 psia 

DT081 Column Differential Pressure 35 in water 

FT101 Reboiler Steam Orifice 0-200 in water 

FT102 Feed Preheat Steam Orifice 0-200 in water 

PT101 Reboiler Steam Pressure 0-100 psi 

LT072 Reboiler Level 0-50 in water 

LT091 Accumulator Level 0-25 in water 

LT051 Feed Tank Level 0-50 in water 

LT071 Bottom Tank Level 0-50 in water 

LT092 Overhead Tank Level 0-50 in water 

Table A.2: Detailed information of pressure and level transmitters. 
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A.3 FLOW 

 

A.3.1 Head Meters 

The steam flowrate is related to the differential pressure based on the following 

equation [239]: 

 

ṁ𝑠𝑡𝑒𝑎𝑚 = (
55.8

60
) ∗ √

∆ℎ 𝑃𝑖𝑛𝑙𝑒𝑡

𝑇𝑖𝑛𝑙𝑒𝑡+459.7
                                                                                     (A.1) 

Where: 

ṁ is the steam mass rate (kg/min). 

∆ℎ is orifice differential pressure (inch water). 

𝑃𝑖𝑛𝑙𝑒𝑡 is the inlet steam pressure (psia). 

𝑇𝑖𝑛𝑙𝑒𝑡 is the inlet steam temperature (⁰C). 

This equation is built in the DeltaV DCS to calculate the steam mass rate for the reboiler 

(FT101) and the feed preheater (FT051). 
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A.3.2 Turbines and Related Meters 

  

Flow Technologies Inc. was used to manufacture all turbines and related meters. 

The detailed information of all turbine meters is shown in Table A.3. 

 

Tag # Service Range 

FT051 Feed to Column 0-1 GPM 

FT071 Bottom Product 0-0.3 GPM 

FT091 Reflux to Column 0-0.3 GPM 

FT092 Overhead Product 0-1.5 GPM 

FT102 Condenser Cooling 0-20 GPM 

FT150 Bottom Sample Loop 0-0.5 GPM 

Table A.3: Detailed information of turbine meters. 
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A.4 COMPOSITION  

 

A.4.1 Offline Analyzers 

There are two types of offline composition analyzers have been used in the analysis 

of ethanol composition of the distillate: Gas Chronograph (GC) and densitometer.  

1) Gas Chromatograph (GC): 

It is made by GO-MAC instrument company. The model of this GC is 69-350 

(Series 300). It was calibrated first before it was used to do the offline measurement of the 

ethanol composition. The calibration of this GC is shown in Figure A.2. The operation 

procedure of GC is the following: injection the sample of ethanol-water mixture, waiting 

until two peaks (1st peak of ethanol and 2nd peak of water) are generated, calculating the 

areas of two peaks, and finally calculating the ethanol composition by the following 

equation: 

 

𝑥 =
𝑎𝑟𝑒𝑎 𝑜𝑓 𝑒𝑡ℎ𝑎𝑛𝑜𝑙 𝑝𝑒𝑎𝑘

𝑎𝑟𝑒𝑎 𝑜𝑓 𝑒𝑡ℎ𝑎𝑛𝑜𝑙 𝑝𝑒𝑎𝑘+𝑎𝑟𝑒𝑎 𝑜𝑓 𝑤𝑎𝑡𝑒𝑟 𝑝𝑒𝑎𝑘
                                                                   (A.2) 

 

Where:  

x is the ethanol mass fraction 
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Figure A.2: Calibration of Gas Chromatograph (GC). 

   

2) Densitometer: 

It is made by Mettler-Toledo LLC. The model of this density meter is DE40. It has 

a very high accuracy because it has a perfect temperature control. There are three steps 

(purging with water, purging with acetone, and drying with air) must be taken before 

starting the analysis using this density meter. This densitometer has been used to measure 

the density of ethanol-water mixture at 20 ⁰C. Based on the tabulated tables of the 

composition-density of the ethanol-water mixture, the ethanol composition was calculated. 

Also, the mass rate of feed and distillate has been calculated based on the measure 

density values of these streams using this density meter.  

The specification of this instrument is shown in Table A.4.  
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Density Value 

Model # Digital density meter DE40 

Measuring range 0.0001-3 g/cm3 

Limit of error 1*10-4 

Repeatability 1*10-4 

Resolution 1*10-4 

Temperature  

Control  Peltier 

Range 4-90 ⁰C 

Precision 0.05 ⁰C (10-30 ⁰C) 

0.1 ⁰C (40-90 ⁰C) 

Measuring time 1-4 min (manual operation) 

2-10 min (automatic operation) 

Minimum sampling time 1.3 ml (manual operation) 

2ml (automatic operation) 

Ambient temperature condition 5-35 ⁰C 

Ambient Humidity condition Below 85% RH (no condensation) 

Table A.4: Densitometer Specifications. 
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A.4.2 Online Analyzer 

The online analyzer (AT150) of ethanol composition of the reboiler (bottom of the 

column) is made by Phase Dynamics company. The operating principle of this analyzer is 

based on oscillator load-pull. The performance results of this analyzer are shown in Figure 

A.3. These results show the high accuracy (more than 99%) that this analyzer has. 

 

 

 

 

Figure A.3: Performance results of bottom analyzer. 

 

 

 

 

 

y = -6E-11x6 + 3E-08x5 - 5E-06x4 + 0.0004x3 - 0.0154x2 - 0.0735x + 28.843
R² = 0.9981

0

5

10

15

20

25

30

35

0 20 40 60 80 100 120 140 160 180

Et
h

an
o

l m
as

s 
p

er
ce

n
ta

ge
 o

f 
th

e 
re

b
o

ile
r

Time (min)

Bottom Analyzer

Experimental

Poly. (Experimental)



 196 

A.4 VALVES 

The list of the specifications of the control valves is shown in Table A.4 

 

Tag # Service Manufacturer Range (psig) 

FV052 Feed Preheated Steam Badger Meter 3-15 

FV071 Bottom Product Badger Meter 3-15 

FV100 Reflux to Column Badger Meter 3-15 

FV091 Overhead Product Badger Meter 3-15 

FV101 Reboiler Steam Badger Meter 3-15 

FV102 Condenser Cooling Badger Meter 3-15 

FV081A Column Pressure - Vent Badger Meter 3-9 

FV081B Column Pressure – N2 Badger Meter 9-15 

Table A.5: Specifications of control valves. 
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Appendix B: DeltaV DCS System 

 

 

 

 

 

In this appendix, the hardware description of DeltaV DCS system is given. Then, 

the main DeltaV DCS flowsheet of the experimental distillation column is described. The 

system hardware consists of the following [215]:  

 

1) One or more DeltaV workstations  

2) A control network (optionally redundant) for communication between system 

nodes  

3) Power supplies  

4) One or more DeltaV controllers (optionally redundant) that perform local control 

and manage data and communications between the I/O subsystem and the control 

network  

5) At least one I/O subsystem per controller that processes information from field 

devices  

6) System Identifier  

 

DeltaV DCS system hardware can be seen in Figure B.1. 
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Figure B.1: DeltaV DCS system hardware [215]. 
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The main DeltaV DCS flowsheet of the experimental distillation column is shown 

in Figure B.2. It shows all the parts of the pilot plant distillation unit.  

 

 

 

Figure B.2: DeltaV DCS flowsheet of the experimental distillation column. 
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