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ABSTRACT

To reduce energy consumption, an energy-efficient process is vital. Heat exchanger is one of the
most abundant used equipment in the process industry. The shell and tube heat exchanger
(STHE) is widely used in chemical, petroleum, and other process industries. In the literature, a
lot of work has been done on the design and optimization of the STHE using different
optimization methods. Although no one is focusing on the optimization of shell and tube heat
exchangers under uncertain process conditions. The current work developed an Integrated
Framework of Artificial Intelligence and Genetic Algorithm for STHE to predict the optimum
inlet stream mass flow rates in the presence of uncertainty in process conditions. Using optimized
industrial data, the STHE model was regenerated in Aspen EDR. The COM server was used to
build the interface between Aspen HYSYS and MATLAB. The data set was generated by
inserting the variation of £1, +2, +3, +4, and 5 in the crude oil composition as well as in the
inlet temperature and pressure of cold crude and hot kerosene oil. The optimum mass flow rate
for each variation was determined using a single objective genetic algorithm. A total of 400
samples were generated, 70% were used for the training of feed-forward neural network and the
remaining samples were equally divided for the validation and testing of the model. The
proposed artificial neural network (ANN) model has a correlation coefficient of 0.999. The high
accuracy and robustness of the ANN model, make it suitable for real-time industrial application,

to reduce energy consumption.
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CHAPTER 1: INTRODUCTION
1.1. Background

The continues depletion of global energy supplies as a result of growing human consumption
has resulted in a reduction in natural energy resources such as combustible gas, oil, and coal.
Currently, Fossil fuels are the most important energy resource and their consumption is
increasing rapidly [1]. The statistics show that the worldwide use of petroleum-based fuel is
projected to increase from 85.6 million barrels per day (BPD) in 2008 to 112.2 million (BPD)
by 2035 [2]. In order to bridge the energy supply-demand gap, energy production must be
enhanced at the same pace as its consumption. One of the most energy-intensive industries is the
process industry. It is critical to have an efficient energy process in order to decrease energy
usage. In refineries, the product(s) from the distillation column is used for preheating the crude
oil. This process is done in series of heat exchangers; in this way the product heat is utilized to
decrease the furnace heat duty. The best pre-heat train or exchanger network design will

significantly reduce the duty of the furnace [3].

Heat exchangers are one of the most essential equipment in chemical processes for energy and
heat transfer. Because of their benefits over traditional energy analysis methods, the idea of
exergy is gaining traction among researchers for energy efficient heat exchanger design. A heat
exchanger is a piece of equipment that uses thermal contact to transfer heat between hot and cold
streams [4]. Heat exchangers are one of the most commonly used equipment in process industries
such as chemical, petroleum, and others. There is generally no outside heat and work connection
in heat exchangers. The heating or cooling of a flowing fluid of interest, including the
evaporation or condensation of single or multicomponent fluid streams, are common uses. In
other cases, the goal could be to recover or reject heat, or to sterilize, pasteurize, distillate,
crystallize fractionate, concentrate, or regulate a process [5]. Only a few heat exchangers have
direct contact between the fluids transferring heat while in most of heat exchangers, heat transfer
between fluids occurs in a transitory way through a dividing wall or into or out of a wall [6].
Among other heat exchangers, shell and tube heat exchangers (STHE) are the most widely used,

accounting for more than 65% of the exchanger in chemical process industries, This is because



STHE have a high surface area per unit volume, with 700 m2/m3 for gases and 300 m2/m3 for
liquids [7].
1.2. Shell and Tube Heat Exchanger

Shell-and-tube heat exchangers (STHES) are the most typical form of heat exchanger, and they
can operate at a wide range of temperatures and pressures. They offer higher heat transfer surface
to volume ratios than double-pipe heat exchangers, and they're simple to make in a wide range
of sizes and flow configurations. They can withstand high pressures, and their design allows for
easy disassembling for routine maintenance and cleaning [8,9]. STHEs are widely utilized in a
variety of sectors due to their reduced production costs, ease of cleaning, and perceived
flexibility when compared to conventional heat exchangers. Refrigeration, chemical processes,
heating and air conditioning, power generation, and manufacturing all employ STHEs [10-12].
The double-pipe design is extended with a STHE. A STHE consists of a collection of pipes or
tubes encased inside a cylindrical body, rather than a single pipe within a larger pipe. One fluid
circulates through the tubes, while another circulates between the tubes and the shell [13,14].

The main components of the STHE shown in Figure 1 are as follows,
e Shell
e Tube
o Baffles
e Channel
e Channel cover
e Shell cover
e Tube sheet

e Nozzles
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Figure 1: Cross-sectional view of shell and tube heat exchanger

The performance or effectiveness of the STHE depends on various influencing factors including
heat exchanger length, drop in pressure, baffle type, tube and shell side flow rates, turbulence,
and fouling [15-17].

Turbulence: With increase in the intensity level turbulence, the resistance in the flow of fluid
can be increased, in this way the heat transfer can be enhanced effectively [18].

Pressure drops: With upsurge in the pressure drop, the rate of transfer of energy also increases
but it consumes more energy. To cope with this drawback, the pressure drop value is optimized
to achieve the optimized results of both heat transfer rate and consumption of energy or power
[19,20].

Heat Transfer Coefficient: With increase in the heat transfer coefficient the rate of heat transfer
increases. The coefficient of heat transfer is increased by enhancing the flow rate at the tube and
shell sides, opposite flow path or configuration, pitch and diameter of a coil [21,22].

Fouling: For achieving the better performance of the heat exchanger, fouling should be lowest.
In the heat exchanger system, fouling is dependent on the composition of the fluid, material of



the pipe, and temperature of the wall [23,24].

Heat Exchanger Length: The length of the heat exchanger affects the performance. With
increase in the length of heat exchanger, the heat transfer coefficient to pressure drop ratio

decreases and vice versa [25].

Type of Baffles: Baffles are the key elements that are considered in the design of STHE. Baffles
are used to generate the disorder in the stream, support the bundle of tubes, and to upsurge the
velocity of the fluid. Different baffle types are used in the STHEs with different cut-ration.
Segmental, disc, ring, helical, and flower type baffles are various types of the baffles [26,27].
The cut-ration in the baffles ranges from the small baffle cut to large baffle cut and spacing, as

shown in the Figure 2.

Recirc-
ulation
eddies

Figure 2: Schematic of fluid flow through small to large baffle cuts and spacing



CHAPTER 2: LITERATURE REVIEW

2.1. Literature Review

The process industry is one of the most energy-intensive industries. It is critical to have an
efficient energy process in order to reduce energy consumption. In the process sector, heat
exchangers are one of the most used pieces of equipment. Among other STHE is the most widely
used in process industries. This is because STHE have a high surface area per unit volume [7].
Owing to the ever-growing need of STHE in industrial uses so every consumer is keen on its
most optimum operation whereas this goal can be accomplished with various methodologies.
The efficiency of heat exchanger is highly dependent on the temperature of cold and hot fluid at
the inlet. Whereas the temperature at inlet depends upon the flow rate of associated fluid stream
such as temperature can be controlled by controlling fluid flow rate. By reducing flow rate, the
pressure drop increases thus require higher pumping power, so a reasonable tradeoff is required
[28].

Although many research studies on the STHE have been published, most of them focus on the
design and optimization. For instance, [29] proposed the optimal design of STHE using genetic
algorithm (GA), where the objective function was cost minimization. In this study, the core
objective was to estimate the heat transfer area first (minimum), since it manages the total cost
of the STHE. LMTD method was used to compute the heat transfer area. The proposed
optimization technique is employed to the STHE optimal design by changing various parameters
such as tube outside diameter, tube layout, outer shell diameter, and baffle spacing. The authors
concluded that the proposed method has successfully examined the optimal scheme of STHE as
related to the conventional method. The schematic of two-point crossover proposed in this study

is shown in Figure 3.
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Figure 3: Schematic of two-point crossover

In another study by [30], developed a harmony search algorithm (HSA) for the optimal design
of STHE. The objective function was total cost minimization. In this study, first of all, the global
sensitivity analysis method was used to determine the impact of various geometrical parameters
on the total cost of STHE. Once the non-influential parameters were identified, the HSA was
used for the optimization of most influential parameters on cost of STHE. Moreover, the
proposed method was compared with GA based optimization method for performance
evaluation. The authors found that HSA optimization technique performed well with high

convergence accuracy.

Furthermore, [31] used a multi-objective optimization strategy for the prime design of STHE.
The novel fast and elitist non-dominated sorting genetic algorithm (NSGA I1) has been proposed
in this study for the optimization of heat transfer area and the pumping power of STHE. Tube
layout pattern, baffle spacing, tube-to-baffle diameter, baffle cut, number of tube passes, shell-
to baffle diameter, tube length, tube wall thickness, and tube outer diameter were considered as
decision variables. With Ao = 32.66 m2 and Ps,t = 193.25 W, a minimal cost of $3391/year was

achieved with Design 2.

Moreover, [32] proposed a multi-objective optimization model for an optimal design of STHE



using seven different design parameters. The different design parameters to be optimized include
tube arrangement, tube diameter, tube number, baffle spacing ratio, and baffle cut ratio. Firstly,
the STHE were modelled thermally using the e-NTU method followed by the implementation of
other novel method for the estimation of pressure drop and heat transfer coefficient at the shell
side. The main aim was to optimize the effectiveness as well as the cost of STHE. Therefore, for
the estimating the maximum effectiveness and minimum cost of STHE, the genetic algorithm
(GA) based optimization method (non-dominated sorting) was used. Moreover, the sensitivity
analysis was performed to check the influence of various design parameters of the cost and
effectiveness of the STHE. It was concluded by the authors that the tube length, tube pitch, tube
number, and ratio of baffle spacing has great influence on the output parameters. By using the

optimized values of these parameters, both the cost and effectiveness of STHE can be optimized.

In another study, the Cuckoo-search-algorithm was employed for the optimal design of STHE
[33]. The objective function in this study was to minimize the total annual cost. The results reveal
that by employing the CSA algorithm, energy may be saved by 77%. When compared to the
results obtained by PSO and GA, the operational expenses may be lowered by 77 % and 48 %,
respectively. In both situations, this is accomplished by increasing the number of tubes and
lowering the heat exchanger length. The schematic diagram of cuckoo-search algorithm is shown

in Figure 4.
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Figure 4: Schematic diagram of cuckoo-search algorithm



Authors in [34] used a novel optimization approach, Biogeography-based (BBO) algorithm, for
the optimization of STHE. The aim was to minimize the cost of STHE. The authors concluded
that the proposed method can successfully employed for the optimal deign of STHE. As a
consequence, capital expenditure was reduced by 14 percent, and operational expenses were
reduced by 96 percent, resulting in a total cost reduction of 56.1 percent, demonstrating the

suggested method's improvement potential.

In [35], a multi-objective optimization method, bat algorithm, was developed for the optimal
design of STHE. The two objective functions were STHE effectiveness and total cost. The design
parameters including baffle cuts, pitch, baffle spacing, and tube length were considered. For the
verification of the proposed algorithm, a case study taken from the published research article has
been analyzed. The results showed that the proposed novel bat algorithm performed well, and it
was concluded that the cost is reduced by a maximum of 13.7 percent and a minimum of 9.2
percent using the bat algorithm's Pareto optimum solution. Table 1 shows the summary of

optimization methods used in shell and tube exchanger.

Furthermore, [40] used an ANN model for forecasting the heat transfer rates of STHE. For
training the network, the back propagation algorithm was employed on the actual experimental
data. The proposed ANN model contains two hidden layers, eight input variables, and three
output variables. The inputs of the ANN model were tube diameter, baffle pitch, water, and oil
Reynolds numbers. Rate of heat transfer and temperature differences at both sides were used as
output of the model. Results showed that the proposed model achieved high performance with
relative error of less than 2 percent. The schematic of the neural network algorithm used in this

study is shown in Figure 5.



Table 1: Summary of various optimization based for studies in STHE

S.No Author Summary Optimization Objective Reference
Method Function
1 Selbas et al. Design of STHE using GA from [29]
economic point of view Genetic Total Cost
Algorithm
2 Fesanghary et Design optimization of STHE using  Harmony [30]
al. global sensitivity analysis and HSA  search Total Cost
algorithm
3 Fettaka etal.  Design of STHE using multi- Non-dominated Heat transfer area  [31]
objective optimization sorting genetic ~ Pumping power
algorithm
4 Sanaye etal.  Multi-objective optimization of Non-dominated Effectiveness [32]
STHE sorting genetic ~ Total Cost
algorithm
5 Asadi et al. Economic optimization design of Cuckoo-search-  Total annual Cost  [33]
STHE by a CSO algorithm
6 Hadidi etal.  Design and economic optimization Biogeography-  Total Cost [34]
of STHE using BBO based algorithm
7 Patel et al. Design optimization of STHE using  Particle swarm  Total cost [36]
PSO technique optimization
8 Mirzaei etal. Design and economic optimization Artificial Bee Total cost [37]
of STHE using ABC algorithm Colony
algorithm
9 Tharakeshwa  Multi-objective optimization using Bat algorithm Effectiveness [35]
retal. bat algorithm for STHE Total Cost
10 Mirzaei etal. Multi-objective optimization of Constructal Effectiveness [38]
STHE by constructal theory theory Total Cost
11 Mohanty Application of firefly algorithm for ~ Firefly Total annual Cost  [39]
design optimization of a STHE algorithm

Similarly, [41] used an ANN model for the cost estimation of STHE prior to detailed designing
phase. The proposed ANN model contains two hidden layers, five input variables, and one output

variable. The inputs of the ANN model were tube pitch, tube diameter, shell diameter, red head

10
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factor, and stationary head factor. While the output of the model was cost per exchanger area.
Results showed that the proposed model performed well (correlation coefficient=0.97). The
authors concluded that the use of their proposed model can reduce the variabilities in the

estimation of cost of STHE and results in accurate cost estimation.

Furthermore, [42] employed an ANN model for forecasting the rate of heat transfer in STHE.
The proposed ANN model contains two hidden layers, four input variables, and one output
variable. Number of baffles, baffle pitch, and center diameter were used as an input while heat
transfer rate is used as output of the model. Back propagation algorithm was used for training
the model, which results in poor performance. Therefore, a novel teaching learning optimization
model was employed to reduce the error. It was concluded that the proposed model showed good

performance and can successfully predict the rate of heat transfer.
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Figure 5: Architecture of Artificial Neural Network used in [3a]

For the prediction of thermal and hydrodynamic properties of the two different coolants used in

STHE [43]. The proposed ANN model contains two hidden layers, four input variables, and two

11



output variables. In addition, the multi-objective optimization was used for maximizing the
Nusselt number and minimizing the pressure drop. The proposed model performed well and
obtained 0.09 difference between experimental and proposed study results, while that of 0.096

error for the drop in pressure. The schematic of experimental setup used in this study is shown
in Figure 6.

In [44], used an ANN based model for the prediction of outlet temperature of STHE using
industrial data. For training and testing, the back propagation algorithm was employed. Water
inlet temperature, air inlet temperature, and mass flow rate were used as an input while water

outlet temperature and air outlet temperature were used as output of the model.
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Figure 6: Schematic of experimental setup used in 43.

Although, many studies have been published on the design and modeling of STHE, no one
has focused on the hybrid approach for the optimum operating condition of STHE under
uncertain process condition. As the operation of a STHE under uncertain feed composition

and process conditions causes low efficiency and wastage of a substantial amount of

12



energy. Therefore, the main aim of the present study is to develop structured neural network
model which is based on the simulated data of the GA to locate the top-notch optimized
process condition. Current study highlights the importance of heat exchangers design

parameters and operating variables under uncertain conditions.

2.2. Objectives

The key objectives of the present study are given below:

STHE thermal modeling in Aspen Exchanger design and rating environment.
e Interfacing of Aspen HYSYS and MATLAB software through COM server.

e Applying single objective optimization technique for the minimization of hot
outlet stream temperature by manipulating the inlet streams mass flow rate under
uncertainty in the crude composition and other process parameters (Crude

temperature and pressure, kerosene temperature and pressure).

e Atrtificial Neural Network (ANN) model training and validation on the generated
data from interfacing of Aspen HYSYS and MATLAB software.

e Exergy analysis and Comparison of the Exergy efficiency predicted by the straight
run and ANN.

e Development of Graphical User Interface (GUI) based on the optimized ANN
model that will used to predict the inlet stream mass flow rate under uncertainty in

the crude composition and process conditions.

2.3. Research Justification

Pakistan has not yet achieved energy self-sufficiency and requires highly effective processing
facilities. So, the application of artificial intelligence to such complex chemical processes will
meet the national interest of energy saving. This research will greatly enhance the efficiency of
the existing Heat exchanger units in local oil refineries. It will also pave the ways for application
of artificial intelligence and process automation to industries which is the need for modern day

concept of Industry 4.0.
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e The model will provide a platform to design and optimize the STHE exchanger for

real application in process industries.

e The project will pave ways in future for applying it to other industrial uncertainties
problem like scheduling of raw material and product, estimation of product

properties, optimization and control of important process parameters.

2.4. Thesis Outline

This thesis is ordered as follows, chapter 1 presents the introduction of the research topic,
followed by the extensive literature review. In chapter 3, Overview of models is presented,
followed by proposed methodology in chapter 4. Chapter 5 include the results and discussion

part of thesis.
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CHAPTER 3: OVERVIEW OF MODELS
3.1. Aspen EDR Model

Aspen Exchanger Design Rating tool (EDR) provides multiple calculation mode which are used

according to need, if you want to design the heat exchanger, you will select Design Mode [45,46].

Each calculation mode is described below,

3.1.1. Design Mode

In Design Mode, program will calculate the exchanger geometry against thermal duty specified.
We can also put limits on the design basis like Shell type, baffle arrangement, tube layout, tube
length etc. The exchanger geometry calculated includes full exchanger details and selection of
geometry depends upon either cost Optimization or Minimum Area.

3.1.2. Rating / Checking Mode

As name suggests this mode gives answer to the question “Will this exchanger do this duty?”
You must specify full exchanger geometry and the process stream details. Program will give you
the results in the form of ratio of actual heat transfer area to the required heat transfer area.

3.1.3. Simulation Mode

This mode gives answer to the question “What duty will this exchanger achieve?” This mode
requires all process information, exchanger geometry and calculates the outlet process stream
conditions and duty based on the geometry we specified.

3.1.4. Find Fouling Mode

This gives the answer to the question “what is the maximum fouling for specific thermal duty be
obtained?” It requires same input as rating mode and calculates the Area Ratio by including the
maximum fouling that can be deposited on either Shell Side, Tube Side, or both. Calculation

modes in aspen exchanger design and rating tool are shown in Figure 7.
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Figure 7: Calculation Modes in Aspen Exchanger Design and Rating Tool

In this study, the rating mode is used as the complete information of heat exchanger geometry is
known. First of all, the given process stream data is specified by clicking on the tab “set process
data”. The properties of the crude oil and kerosene steams are specified by clicking on the tab
“set properties”. Furthermore, the information about geometry of the exchanger shown in Table
2 is defined in the tab “set geometry”. At the end, some construction details are defined before

running the model.
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Table 2: Exchanger Geometry Details Requirement

Shells e Inside Diameter
e Qutside Diameter
e Shell in Series
e Shell in Parallel
Tubes e Number of Tubes

Length of Tubes
Outside Diameter

Thickness of Diameter

Tube Layout

Tube Passes
Tube Pitch
Tube Pattern

Baffles

Baffle Spacing
Spacing at Inlet
Number of Baffles
Spacing at Outlet
Type of Baffles
Orientation of Baffles
Cut % of Baffles

Nozzles

Inlet and Outlet Nominal Pipe Size

Inlet and Outlet Nominal diameter

Number of Nozzles
Flange rating

Location of Nozzles
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3.2. Genetic Algorithm
3.2.1. Background

Genetic Algorithms (GA) is an evolutionary algorithm that mimics the biological evolution
process. Holland presented a concept for genetic algorithms in 1975. One of the first population-
based stochastic algorithms presented in history is the GA. GA was influenced by Darwin's
evolutionary theory, which mimicked the survival of fitter creatures and their genes. Many
researchers have used GA’s to evaluate the solution of difficult problems whose objective
functions lack the properties of continuity, differentiability, etc. [47,48]. It is a population-based
algorithm and is based on the concepts of natural selection and genetic inheritance. Each
parameter indicates a gene, and each solution represents a chromosome. A fitness function is
used by GA to assess the fitness of each member in the population. The best alternatives are
picked at random using a selection (- for example roulette wheel) strategy to improve bad
solutions. Because the probability is related to the fitness, this operator is somewhat more certain
to select the best solutions. The probability of selecting bad solutions also increases the
probability of avoiding local optima. This indicates that if perfect alternatives become stuck in a
local solution, they can be extracted with the help of other solutions. This procedure is repeated
unless an optimal solution(s) is (are) found or maximum number of iterations or population is
reached or relative difference between solutions is less than a certain limit [49-51]. Figure 11

shows the flow diagram of genetic algorithm.

3.2.2. Genetic Algorithm Operators:
a. Initial Population

Genetic algorithm needs the solutions or individual in a population to be represented in the form
of chromosomes. Structure of a problem and the type of genetic operators that will be used
depends upon the representation scheme used. Specific alphabets are used to develop a sequence
of gene that make up the chromosome. Binary digits (0 and 1) and real value numbers can
constitute these specific alphabets. It has been shown that chromosomes encoded using real value

numbers results in more efficient GAs and produce better solutions [52].

The following code is used while using binary GA:
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where Xi is the i-th gene and ri is a unique random number produced for each gene in the range
[0,1].

| I; < 0.5

X: = _
I 0 otherwise

The equation below is used for initializing genes in the continuous GA:

X_,; = (H—bf — lb;) X 1; + lb;

In the above equation, Xi represents i-th gene, ri represents random number in the range [0,1]
produced independently for each gene, ubi represents i-th gene's upper bound, and Ibi represents
i-th gene’s lower bound [53].

b. Selection

The major source of motivation for this element of the GA algorithm is natural selection
Successive generations in GA are generated by selection of individuals from a previous
generation. Selection is based on the concept that every individual has a chance or probability of
being selected once or more than once, based on their fitness value, for reproduction in the next
generation [54]. Assignment of probability of selection to individuals is a common step in all of
these schemes. Figure 8 shows the mechanism of roulette wheel in genetic algorithm. There are
various methods for this assignment like roulette wheel, linear ranking and geometric ranking
[55,56].
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Individuall Fitness
1 1.0
2 2.0
3 3.0
4 4.0
5 5.0

Figure 8: Mechanism of roulette wheel in genetic algorithm

c. Crossover

Crossing overtakes two individual chromosomes and transfer portion of these chromosomes
between both to produce two new chromosomes. Individuals must be used to generate the new
generation after being selected using a selection operator. Naturally, the chromosomes of male
and female genes are joined to form a new chromosome [57]. In the GA algorithm, this is
emulated by merging two solutions (parent solutions) chosen by the roulette wheel to create two
new solutions (children’s solutions). In the literature, there are several crossover operators
approaches, two of which are depicted in Figure 9. The genes of two parent solutions are
exchanged before and after a single point in a single point cross over. However, in a double-
point crossover, two crossing points are present and only the chromosomes between them are
exchanged [58].
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Parent:

Crossover point

Childern :

Figure 9: Single-point and double-point crossover are two prominent crossover strategies in GA.

d. Mutation

In mutation a single chromosome is altered at a single location to produce a new chromosome.
It is a final evolutionary operator, in which one or more genes are changed after children
solutions are created. GA has a low mutation rate because large mutation rates turn GA into a
rudimentary random search. By adding another degree of unpredictability to the population, the
mutation operator keeps the population diverse [59]. In the GA algorithm, this operator avoids
solutions from becoming identical and increases the chances of avoiding local solutions. Figure
10 depicts a conceptual illustration of this operator. After the crossover (replication) phase,
minor alterations in some of the randomly chosen genes may be detected in this diagram [60].
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Child 1 1010011

./"

Child 2 1100110+ Mutation

Figure 10: After the crossover phase, the mutation operator changes one or more genes

in the children's solutions
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Figure 11: Flow diagram of Genetic Algorithm
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3.3. Artificial Neural Network
3.3.1. Background

The concept of an artificial neural network (ANN) was first presented in the field of biology,
where neural networks play a crucial role in the human body. Hebb's rule, which was established
on hypotheses and findings of neurophysiologic nature, was introduced in 1949 as a first
approach for training ANN. ANN are computer models based on the nervous system of live
organisms. They may acquire and store knowledge (information-based) and can be described as
a group of processing units depicted by artificial neurons, unified by a huge quantity of

interconnections, and executed by synaptic weights vectors and matrices [61,62].

3.3.2. ANN Architecture and Training Process

Generally, an ANN comprises of input, hidden, and output layers, which are described as

follows,
a. Input layer

The input layer is in charge of getting data, signals, characteristics, or assessments from the
outside world. These inputs are often normalized within the bounds of activation functions.
This normalization improves the numerical consistency of the network's numerical

computations.
b. Hidden, intermediate, or invisible layers

The hidden layers are made up of neurons that are in charge of extracting information related

to the system under investigation. These layers handle the network's internal operations.
c. Output layer

This layer, like the preceding levels, is made up of neurons and is in charge of creating and
displaying the final network outputs, which are the consequence of the processing done by the
neurons in the preceding layer. The major designs of ANNs may be classified into the following
categories, taking into account the neuron outlook, and how they are unified and how their layers
are composed: There are four types of neural networks: recurrent networks, mesh networks.
single-layer, and multilayer feed forward networks [63-65]. General architecture of ANN model

is shown in Figure 12
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The log sigmoid is shown by equation (1)

1

f(x) = -(1)

B 1+exp(-Y)

Tansigmoid transfer function is represented by equation (2) which is mostly used in the hidden

layer.

_ exp(Y) —exp(-Y)
)= o+ eww) @

Purlin is the linear transfer function which mostly uses in the output layer as represented by
equation (3).

input layer
hidden layer 1 hidden layer 2

Figure 12: General architecture of ANN model.

output layer
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3.4. Exergy Analysis

The second law of thermodynamics gives designers and engineers a prevailing and effective tool
known as exergy analysis, which can be used to analyze heat exchanger performance. Exergy is
a measure of how far a system's state deviates from that of its surroundings. It can be defined as
the maximum amount of work that can be obtained from the system when it’s come to
equilibrium with the environment. Exergy, unlike energy, is not conserved,; rather, it is destroyed
by irreversibility’s. Because of these irreversibility’s, exergy loss during a process is
proportionally related to entropy generation [66,67]. The following formulas were used to
calculate exergy. In Figure 13, the stream 1 and stream 2 represent inlet and outlet for the hot
stream (Kerosene) and stream 3 and stream 4 represent the inlet and outlet for the cold stream

respectively. The equations 1 to 6 was used for the exergy analysis of STHE

2

1 3
= () —

Figure 13: Schematic of Shell and tube heat exchanger

The physical exergy is calculated from enthalpy and entropy change in thermal systems as noted:;
Exph = (H — Ho) - To (S — So) ------------ (4)

Exph represents the physical exergy of the stream, To shows the environmental temperature (25
0C), H and S are the enthalpy and entropy of the stream, respectively, and Ho and So denotes

the enthalpy and entropy of the stream at environmental conditions (25 oC, 1 bar).
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The equation for the exergy of destruction is as follows.
Exergy destruction = (Ex1 + Ex2) - (Ex3 + Ex4) ----------- (5)
Where the Ex1 Ex2 Ex3, and Ex4 represents the exergy of stream 1, 2, 3, and 4, respectively.

The equation for the exergy efficiency is as follows.

(Ex4— Ex2)
(Ex1-Ex3)

Exergy Efficiency = (6)
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CHAPTER 4. METHODOLOGY
4.1. Overview of Methodology

The current work regenerated a STHE model in Aspen EDR using optimized industrial data. The
optimized shell and tube heat exchanger model was then imported into Aspen HYSYS. The
MATLAB and Aspen HYSYS interfaces were developed to generate a data set. Using a single
objective genetic algorithm to find the optimum feed flow rate while changing the crude
composition and other process conditions. Then finally Artificial intelligence system was trained

on the data set to predict the optimum feed flow rate under uncertain process conditions

An ANN model was built in this study to predict the optimum mass flow rate of kerosene and
crude oil under variability in crude composition and other four process variables, which are inlet
temperature and pressure of crude oil and hot kerosene oil. Figure 14 depicts the flow diagram

of the current research work. Which consists of three major steps.

Step I: The detailed design of STHE was regenerated in Aspen EDR using optimized industrial
data of STHE. The Aspen EDR model of STHE was then transferred to Aspen HYSYS.

Step I1: The COM server was used to build the interface between Aspen HYSYS and MATLAB.
The data set was generated by inserted the +1, +2, +3, +4 and +5 variations in the crude oil
composition and inlet temperature and pressure of crude and hot kerosene oil. Using a single
objective genetic algorithm, the optimum mass flow rate was determined for each variation. The
objective function was to minimize the outlet temperature of hot kerosene oil, to reduce energy

consumption.

Step I11: The 400 data points were produced, with 70 percent used for training and the residual
data set split evenly for validation and testing of the ANN model. Table 3 shows the ten samples’

data generated for the process variables.
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Figure 14: Flow diagram of the present research work

4.2. Process Data

Figure 15 represents the STHE model. The heat exchanger was used to transfer heat between hot

kerosene and cold crude oil. The crude oil was located on the tube side, while the hot kerosene

was located on the shell side. The local Pakistani crude oil i.e., kunnar blend was used for this

study. The hot kerosene oil coming from the crude distillation unit (CDU) has a mass flow of

68004 Ib/hr. The inlet temperature and pressure for hot kerosene oil were 448 °F and 226 psig.

The crude oil has a mass flow of 222586 Ib/hr. The inlet temperature and pressure for the cold

crude oil were 115 °F and 202 psig, respectively. The allowable pressure drop of tube and shell

side of STHE was 14 and 7 psi, respectively. The detailed geometrical design parameter of the

present STHE can be seen in Table 3.
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Figure 15: Shell and tube heat Exchanger model

Table 3: Design parameters of STHE

Parameter Value Parameter Value
Number of tubes 448 Baffles type Single-
segmental
Number of tubes passes 6 Baffle cut 25%
Tube Length (ft.) 22 Baffle spacing (inch) 8
Tube outside diameter (inch) 1.05 Allowable pressure drops 7
(psi) Shell side
Number of shell passes 2 Allowable pressure drops 14
(psi) tube side
Shell Inside diameter (inch) 32.2 Fouling Factor (hr. ft. 0.0033
°F/Btu) on shell side
Pitch triangular Fouling Factor (hr. ft. 0.0045
°F/Btu) on tube side
Number of baffles 43 Area (ft?) 1329
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4.3. Aspen EDR Model Development

4.3.1. Simple Heat Exchanger Models

In this study STHE model was first simulated in Aspen HYSY using the steps shown in Figures
16, 17, and 18.

Dymml(s Customize Resources Fiowsheet/Modify Format

5 62 Q ¥ . 7o Lo o RS

heet  Model Notes  Message Close All mnt Sav
Palette Manager  Pane Forms  View =i Rename Layo
Show Flowsheet Views |

Flowsheet Main - Solver Active - Notes Manager ~ +

[T _ E-101

Figure 16: Selection of STHE Model in Aspen HYSYS
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) Heat Exchanger: E-100 X
Design | Rating | Worksheet | Performance I Dynamics | Rigorous Shell&Tube
Design Tube Side Inlet Name  E-100 Shell Side Inlet
Eonnechons | Kunnar Blend - | Kerosene
Parameters
Specs _— -
User Variables -|—|—|— -,—I—r
Motes
Tubeside Flowsheet Shellside Flowsheet
Case (Main) Case (Main)
- T T >
Tube Side Outlet Shell Side Outlat
[ Crude-out '| [ Switch streams | Kerosene-out
Tube Side Fluid Pkg Shell Side Fluid Pkg
| Basis-1 - | Basis-1
Figure 17: Connections of stream in STHE model
[l Heat Exchanger: E-100 X

Design | Rating | Worksheet | Performance | Dynamics I Rigorous Shell&Tube

Worksheet Name
Cenditiens Vapour
Properties Temperature [C]
Compaosition Pressure [kPa]

PF Specs Malar Flow [kgmole/h]

Mass Flow [kg/h]

Std Ideal Lig Vol Flaw [m3/h]
Muolar Enthalpy [k)/kgmaole]
Malar Entropy [kl/kgmole-C]

Heat Flow [kJ/h]

Figure 18:

Kunnar Blend
0.0000

27.78

1420

505.3
7.212e+004
91.08
-3.090e+005
159.5
-1.561e+008

Crude-out
0.0000

62.50

1362

5053
7.212e+004
91.08
-2.990e+005
191.0
-1.511e+008

Kerosene Kerosene-out
0.0000 0.0000

160.0 64.94

1214 1208

203.6 203.6
2.203e+004 2.203e+004
29.57 29.57
-2.031e+005 -2.280e+005
1684 103.8
-4,136e+007 -4.642e+007

Entering input parameter using worksheet page
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4.3.2. Detail Model Development

The rigorous rating model of STHE was developed in Aspen EDR using the following step

e Open Aspen EDR and click on the import tab in the File menu to import the previous

Aspen HYSY model to Aspen EDR.

e Select the Rating mode from the home menu

e Click on the Set process data in the home menu to specify the inputs variables for the

STHE model as shown in Figure 19.

e Click on the Set Geometry tab in the home menu to specify the geometrical

information for STHE model as given in the Table 3. The geometrical information
was shown in Figure 20.
e Finally Set Construction specification and run the simulation
“ Home View Customize Resources S
* Set Units N+ —=* 4_'&} &/\} @ } / Design {Sizing) % Find Fouling :'Q E-\ b
Ba- Hysys Field  ~ ﬁ S h_‘ % |:| 5 E ) Rating / Checking _—@ J’-O I%]
. MY Convert | Set Process Set Set Set Run  Stop Run e Check Review Spec Verify Review Maodel
ke em Data Properties Geometry  Construction Status |® Simulation | Performance Sheet Geometry Profiles | Type -
Clipboard Units Model Setup Run Control Run Mode Results
EDR Navigator < Process Data
J Shell & Tube |+
Al -
4 [ Shell & Tube ||| + Process Data
|4 Conscle
Hot Stream (1) Cold Stream (2)
4 1 nput Shell Sid Tube Sid
4 Y Prablem Definition 7 blde ube side
[] Headings/Remarks Fluid name |Kerosene->Kerosene-nut | |Kunnar Blend->Crude-out |
|#] Application Options In Out In Qut
2 Process Data Mass flow rate [1b/h ~| |48574 | [158080 |
4 [1) Property Data "
|4 Hot Stream (1) Compasitions TP | F | |320 | |148 | |32 | |142 |
|4 Hot Stream (1) Properties £ Vapor mass fraction |D | |D | |D | | |
4 Cold Stream (2) Compositions Pressure (absolute) | psi ~| [1761 | [1711 | [2050 | [195.9 |
|4 Cold Stream (2) Properties
4[] Exchanger Geometry Pressure at liquid surface in column
] Geometry Summa Heat exchanged BTU/M M
A ry ry 9 | | | |
|4 Shell/Heads/Flanges/Tubesheets Exchanger effectiveness | |
4] Tubes
2 Baffles/Supports Adjust if over-specified | Outlet temperature V| | Outlet temperature A |
|4 Bundle Layout L
[ Mozzles Estimated pressure drop | psi - | |5 | | 10 |
Thermasiphan Piping Allowable pressure drop | psi v| | 5 | | 10 |
4 | U Construction Specifications ; | @ | | | |
[ Materisls of Construction Fouling resistance -h-F/BTU v| 0.003 0.004
|4 Design Specifications .

Figure 19: Entering inputs for the STHE model
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Figure 20: Entering geometrical information for STHE model in Aspen EDR

4.4. Aspen HYSYS and MATLAB Interfacing

The detail Aspen EDR model of STHE was first imported in Aspen HYSYS. The five process
variables i.e., crude composition, inlet crude stream temperature, inlet crude stream pressure,
inlet kerosene stream pressure and inlet kerosene stream temperature were selected as uncertain
variables. The five uncertain process variables and objective variable (crude outlet temperature)
were imported to spreadsheet inside Aspen HYSYS. Then interface between the spreadsheet of
Aspen HYSYS and MATLAB software was developed using COM server as shown in Figure
21.

34



d — = . @D
SPRDSHT-1

_ _
MATLAB Spread Sheet Aspen HYSY

Figure 21: MATLAB and Aspen HYSY interfacing

4.5. Single objective Genetic algorithm for optimization

In this study single objective genetic algorithm was used to optimize the inlet streams mass flow
rate under uncertainty in the selected five process variables. The objective function for the GA
was to minimize the crude outlet temperature. The inlet crude oil and inlet kerosene stream mass
flow rate were selected as manipulating variables for GA. The inbuilt function i.e., “ga”
command of MATLAB software was used for the implementation of single objective genetic
algorithm. The population size and number of generations were 20 and 5 respectively. The

Following lines describes the workflow for genetic algorithm.
e First, the uncertainty in the selected process variables was brought.
e Then the genetic algorithm generates the initial populations of size 20

e Each chromosome in the population was put in the Aspen HYSY software to

evaluate the objective function i.e., crude outlet temperature

e When one generation is completed the population for the next generation was

selected using GA operator i.e., selection, crossover and mutations.
e This process was continued up to 5 generation

e After the completions of number of generations, the mass flow rate of crude oil
and kerosene stream that gives the minimum outlet temperature of crude stream

was selected as a best solution.
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4.6. Data generation

Using Aspen HYSYS and MATLAB interfacing the data was generated to train Feed Forward
Neural network (ANN). A total of 400 data points were generated. The data was generated using
the 5 % uncertainty in the process variables which include the crude composition, crude
temperature, crude pressure, and kerosene temperature and kerosene pressure. Table 4 shows ten
data samples of generated data for four process variables. The first row of data points were
generated with -5 percent variation, the second row with -4 percent variation, the third row with

-3 percent variation and so on until the last row with +1 percent variation.

Table 4: Ten Data sample of generated data

Kerosene inlet

Datasets Crude inlet Crude inlet Temperature Kerosene inlet
Temperature (°C) Pressure (Kpa) °C) Pressure (Kpa)
Dataset 1 36.94 1888.07 212.80 1614.81
Dataset 2 35.47 1812.55 204.29 1550.21
Dataset 3 34.40 1758.17 198.16 1503.71
Dataset 4 33.71 1723.01 194.20 1473.63
Dataset 5 33.38 1705.78 192.25 1458.90
Dataset 6 33.71 1722.84 194.18 1473.48
Dataset 7 34.39 1757.29 198.06 1502.95
Dataset 8 35.42 1810.01 204.00 1548.04
Dataset 9 36.83 1882.41 212.16 1609.97

36



4.7. Artificial neural network (ANN) model training and validation

ANN model was train using the data generated from Aspen HYSYS and MATLAB interfacing.
A total of 400 data points were generated, with 70% used for training, 15% for validation, and
15% for testing the ANN model. Multi-output Feed forward multilayer neural network was
trained with the Levenberg-Marquardt (trainlm) training algorithm. The crude stream
composition, inlet crude stream temperature, inlet crude stream pressure, kerosene stream inlet
temperature and kerosene stream inlet pressure were considering as an input to ANN model. The
mass flow rates of hot kerosene oil and cold crude oil were considered as an output of the ANN
model. The objective function for GA was the root mean square error (RMSE) for the three
outputs of the ANN model. Both generation and population of 50 was selected. The optimum
architecture of ANN consists of 3 hidden layers. The number of neurons in layers 1, 2 and 3 were
19, 18 and 20, respectively as shown in Figure 22. The optimum ANN model has the RMSE of
0.4316 and 0.0461 for the mass flow rate of crude oil and kerosene oil respectively. The tansig
and purlin activation function was used in the hidden layer and output layer, respectively. The
Figure 23 shows the ANN model based predicted values of mass flow of crude oil and kerosene
oil vs. the target values. The trained ANN model has a high correlation coefficient of 0.999

which make it suitable for industrial applications.

Hidden 1 Hidden 2 Hidden 3 Output

19 18 20 2

Figure 21: Proposed ANN model Architecture

Input Output

A sl il il
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Figure 22: Actual vs. predicted value based on ANN model
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CHAPTER 5: RESULTS AND DISCUSSION

5.1. Optimization through Genetic Algorithm

The inlet crude composition, crude stream inlet temperature, crude stream inlet pressure,
kerosene inlet temperature, and kerosene inlet pressure were all subjected to 5% variations. The
goal of using a single objective GA was to find the optimum mass flow rates of crude oil and
kerosene oil entering the STHE under each variation while minimizing kerosene outlet
temperature. The upper and lower bounds for mass flow rates were determined by a 5% variation
in the initial mass flow rates of cold crude oil and hot kerosene oil streams. The number of
generations and population size of 20 and 5 were chosen for the genetic algorithm respectively.
Table 5 compares the results of the straight run and the genetic algorithm for 19 data samples.
Straight run (SR) in this study refer to the simulation of the STHE model under uncertainty in

the process variables without optimizing the crude oil and kerosene oil mass flow rates.

Table 5 shows that the genetic algorithm outperforms the straight run. The genetic algorithm
results show higher effectiveness and lower hot kerosene outlet temperature than the straight run
results. The following lines describe the workflow for the genetic algorithm. Firstly, the genetic
algorithm generates the initial populations of size 20. Each chromosome in the population was
put in the Aspen HYSYS software to evaluate the objective function i.e., crude outlet
temperature. When one generation has completed the population for the next generation was
selected using GA operator i.e., selection, crossover, and mutations. This process was continued
up to 5 generations. After the completion of a number of generations, the mass flow rate of crude
oil and kerosene stream that gives the minimum outlet temperature of the crude stream was

selected as the best solution
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Table 5: Comparison between straight run and GA

GA
No. of K Crude Kerosene Crude
samples o t?r'?gl'ene Outlet  Effectiveness  Outlet Outlet  Effectiveness
utiet Temp Temp Temp Temp
Casel 82.64 79.34 0.7205 79.09 76.33 0.741
Case2 80.09 76.82 0.7209 77.28 74.48 0.738
Case3 90.38 86.98 0.7191 87.08 84.13 0.737
Cased 77.66 74.40 0.7213 74.83 72.00 0.739
Caseb 78.46 75.18 0.7211 75.63 73.00 0.738
Case6 80.07 76.78 0.7209 77.29 74.48 0.737
Case7 90.38 86.98 0.7191 86.69 83.80 0.739
Case8 88.56 82.07 0.7049 85.64 79.88 0.721
Case9 82.67 79.34 0.7203 79.32 76.50 0.74
Casel0 78.46 75.18 0.7211 75.46 72.80 0.739
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5.2. Prediction through ANN

Table 6 and Table 7 shows the comparison between the straight run (SR), genetic
algorithm (GA) and ANN based prediction of the hot kerosene oil outlet temperature and
effectiveness of STHE respectively. A total of 400 data points were generated, with 70%
used for training, 15% for validation, and 15% for testing the ANN model. Multi-output
Feed forward multilayer neural network was trained with the Levenberg-Marquardt
(trainlm) training algorithm. The number of hidden layers and number of neurons in the
hidden layer was selected using multi-objective genetic algorithm approach. The
optimum architecture of ANN consists of 3 hidden layers. The number of neurons in
layers 1, 2 and 3 were 19, 18 and 20, respectively. The tansig and purlin activation
function was used in the hidden layer and output layer, respectively. The trained ANN
model has a high correlation coefficient of 0.999 which make it suitable for industrial

applications.

Figure 24 compares the Straight (SR), ANN, and Genetic algorithms for the average
value of kerosene outlet temperature. The prediction based on the ANN model and the
genetic algorithm is nearly identical. A similar trend was observed in the case of
effectiveness as shown in Figure 25. In the case of effectiveness, the difference between
the average value predicted by GA and ANN model was very low. The variation of
kerosene outlet temperature and effectiveness over 19 data samples were shown in Figure
26 and Figure 27, respectively. It was observed that the ANN model exhibits the same
trend as the GA. As a result of the high correlation coefficient and robustness of the ANN
model, it is suitable for real-time industrial applications, to reduce energy consumption

and increase the equipment life by enhancing the effectiveness of heat exchanger.
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Table 6: Comparison between SR, GA and ANN for kerosene outlet temperature

Kerosene Outlet Temperature (°C) Crude Outlet Temperature (°C)
N“ro'}ber SR GA ANN SR GA ANN
samples Temperature Temperature Temperature Temperature Temperature Temperature
Casel 82.642 79.086 79.576 79.338 76.328 76.832
Case2 80.094 77.28 77.084 76.818 74.48 74.382
Case3 90.384 87.08 87.164 86.982 84.126 84.504
Cased 77.658 74.83 74.62 74.396 72.002 71.946
Caseb 78.456 75.628 75.432 75.18 72.996 72.73
Caseb 80.066 77.294 76.972 76.776 74.48 74.256
Case? 90.384 86.688 87.486 86.982 83.804 84.882
Case8 88.564 85.638 85.526 82.068 79.884 79.758
Case9 82.67 79.324 79.422 79.338 76.496 76.622
Casel0 78.456 75.46 75.39 75.18 72.8 72.702
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Table 7: Comparison between SR, GA, and ANN-based prediction of STHE effectiveness

Number of Straight run GA effectiveness AI_\IN
samples effectiveness effectiveness
Casel 0.7205 0.7416 0.7386
Case2 0.7209 0.7381 0.7393
Case3 0.7191 0.7371 0.7366
Cased 0.7213 0.7391 0.7404
Case5 0.7211 0.7387 0.7399
Case6 0.7209 0.7378 0.7397
Case’ 0.7191 0.7392 0.7348
Case8 0.7049 0.7216 0.7222
Case9 0.7203 0.7402 0.7396
Casel0 0.7211 0.7398 0.7402
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5.3. Exergy Analysis

The exergy analysis of the STHE is performed for the SR, GA, and ANN models. In the case of
SR, exergy loss and efficiency were calculated by incorporating the artificial uncertainty in crude
composition and process parameters while keeping the mass flowrates of crude and kerosene oil
constant. A similar strategy was adopted for the exergy analysis of GA but in this case, the mass
flowrates of crude and kerosene oil were optimized using single-objective GA. Likewise, in the
case of ANN, the exergy loss and efficiency were estimated by inserting the mass flowrates of
crude and kerosene oil predicted by ANN into the Aspen HYSY'S model of STHE.

The enthalpy and entropy values of the crude and kerosene inlet and outlet streams are shown in

, respectively. These values were taken from Aspen HYSYS model of STHE to
calculate the physical exergy using equation 4. Furthermore, depicts the exergy losses
for the SR, GA, and ANN models for the STHE. The exergy loss or destruction was calculated
using equation 5. The maximum average exergy losses for SR, GA, and ANN models were 23 kW,
21.3 kW, and 17 KW, respectively. shows the exergy efficiency for all the three models
(SR, GA, and ANN) for the STHE. The exergy efficiency of all the models was calculated using
equation 6. The maximum average exergy efficiency for SR, GA, and ANN models were 98.2,
98.65, and 98.66, respectively.

Overall, it can be observed that the results are consistent with the exergy efficiency values, as the
rise in efficiency is due to reduced irreversibilities. In comparison to the SR, the GA and ANN
model showed a high exergy efficiency and lower exergy losses. Moreover, it was observed that
the exergy loss, exergy efficiency, and effectiveness estimated by GA and ANN are almost
identical. The high exergy efficiency means that there is little irreversibility in the process, which
means that less energy is wasted, and that the equipment life is extended.

46



23

22,5

22

Exergy Loss (KW)

21.5

21
SR GA ANN

Figure 27: Average Exergy loss comparison between ANN and straight run

98.8
98.7
98.6
98.5
98.4
98.3
98.2
98.1

98

Exergy Efficiency (%)

SR GA ANN

Figure 28: Exergy Efficiency predicted by the straight run and ANN model

47



€86¢

Gl6¢

196¢

LS6¢

086¢

€86¢

G86¢

896¢

086¢

v.6¢

Adreyaug
181IN0
9U3S0.U3M

90.4¢ ¥96¢ 1¥0€ €86¢ 90.4¢ ¥96¢ cv0e L16¢ 90.4¢ 6596¢ ¢v0g
089¢ 946¢ 8€0¢E G.6¢ 089¢ 946¢ 8E0¢ 896¢ 089¢ 0S6¢ 8E0¢
099¢ 4714 L20€ 196¢ 099¢ T¥6¢ L20¢ G467 099¢ LE6C L20g
1€9¢ 8€6¢ ceoe 656¢ 1€9¢ Tv6¢ ceoe 166¢ 1€9¢ 7€6¢ ceoe
969¢ 196¢ 0v0€ 6.6¢ 969¢ 096¢ 0403 €L6¢ 969¢ GG6¢ 01403
90.¢ 96¢ Tv0€ €86¢ 90.¢ €96¢ Tv0€ L16¢ 90.¢ 656¢ Tv0€
11.¢ G96¢ A7l ¥86¢ 11.¢ G96¢ cv0e 8.6¢ 1112 096¢ 4740}
1€9¢ 6€6¢ ce0ge 846¢ 1€9¢ 0v6¢c ¢ce0t 166¢ 1€9¢ vE6¢ ¢e0g
969¢ 096¢ 0v0€ 6.6¢ 969¢ 096¢ 00t €L6¢ 969¢ G46¢ 00t
089¢ G56¢ 8E0E G162 089¢ 946¢ 8E0¢ 896¢ 089¢ 0S6¢ 8E0¢
Adreyiug Adeyiug Adjeyua  Adreyiug Adjeyiug  Adjeyaug  Adjeyaug  Adjeyiug  Adreyiug  Adreyiug  Adreyiu3
BUl  1BANO 19|U] 191IN0 BUlI  1BANO 18Ul 191IN0 BUl  11BANO 19Ul
9UdS0I3 apnID 9pNID  9UIS0UIY BUBSOIH apniD 9pNID  9UBS0UdY| BUBSOIH apnID apnID
NNV ) dS

JH.LS 1O sweais 18]1n0 pue 18|ul 3y} Jo Adjeyiul ;g ajqeL

48



GZ'1T 66T 8.1 €'l GZ'1 66T 8.1 el 91 66T 6.7 el
LT 90°¢ 18T va'T LT 90°¢ 187 el 61T 90°¢ 8’1 vS'1
4 1¢ 14 vL1 45 1¢ 4 vL1 eeT 1°¢ c0¢ YLl
4 LT¢ 981 LST 4 LT¢ G871 LST veT LT¢ 881 LST
9’1 ¢0¢ 6.1 va'l 9’1 ¢0¢ 6.7 a1 LT ¢0¢ 18T Sl
GC'1 66T 8L1T €'l GC'1 661 8.1 eql 91 66T 6.7 eal
et 66T 8LT eqt ST 66T 8L'T eqt 9T 66T 6.7 eqt
ceT LT¢ 98T LS°T 49" LT¢ 8’1 LS'T veET LT¢ 88T LS'T
9T c0¢ 6.7 va'T 92T c0¢ 6.7 va'1 LCT c0¢ 18T va'1
LT 90°¢ 18T vS'T LT 90°¢ 187 vS'T 61T 90°¢ 8’1 vS'T

49

Adonqug Adosyug Adomuzg Adomug Adomuzg Adosyug Adomugzg Adoaqug Adomug  Adoaqug Adoaugz Adoaju3g
18]1N0 18Ul 18INO 1G] [0 181IN0 18Ul 18INO 18]U] 1810 18Ul 18)INO 18]U]
9USS0J49Y 8UdS0UdY  9pPNID  9pPNID 8UISOJIY dUSSOASY  8pNID  BpPNID dUSSOASY 8UIS0UdY  dpniId  9pnu)d

NNV VO dS

JHLS JO sweaus 19]1n0 pue 18jul ay1 Jo Adonu3 :6 9jgeL



5.5. Graphical User Interface (GUI)
Figure 30 depicts an easy-to-use graphical user interface created in MATLAB.
When the inlet process stream conditions are uncertain, the GUI is used to predict
the mass flow rate of the inlet streams using the proposed ANN model. The GUI
interface was created with the aim of providing an easy-to-use interface to the end

user. The following are instructions about how to get results from a GUI.

e Put the input data of four process variables i.e., inlet streams temperature

and pressure into the input data panel

e Load the composition of the crude oil from the excel file using the
‘Load.xls’

e Press the ‘Run’ button to see the results in the Result panel

e Use the ‘Reset button’ to clear all the data

4| MSprojectGUI

ANN Model based prediction of prrocess
TETiEze parameters for STHE under uncertainity

Crude inlet
Temperature (C)

Results

Crude inlet Crude mass flow rate (Kg/hr)
Pressure (KPa)
Run

Kerosene inlet R t Kerosene mass flow rate (Kg/hr)
Temperature (C) ese

Kerosene inlet
Pressure (KPa)

Composition of crude oil Load. xls

Shall
Cuilet

Figure 29: ANN-based Graphical user interface
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CONCLUSION

Heat exchangers are used in a variety of industrial applications. Because of their complex
design and high capital cost, efficient operation is critical for overall cost reduction. In
this study, an ANN model was developed to predict the optimum inlet stream mass flow
rates of STHE in the presence of uncertainty in the inlet Crude composition and other
process conditions. The other four process variables were the inlet temperature and inlet
pressure of the cold crude oil and hot kerosene oil. A total of 400 data points were
generated with the help of Aspen HYSYS and MATLAB interfacing with the variation
of £1, 2, +3, +4 and £5 in the inlet crude composition and process conditions. The
optimum mass flow rate for each variation was determined using a single objective
genetic algorithm. The objective function for the single objective GA was to minimize

the kerosene outlet temperature.

The architecture of a multi-output feed-forward neural network (MFFNN) was selected
using a multi-objective GA approach. The objective function used in multi-objective GA
was to select the best architecture of ANN which results in lower RMSE value. The
optimized ANN framework consists of three hidden layers. The number of neurons in
layers 1, 2 and 3 were 19, 18 and 20, respectively. The proposed ANN model has a high
correlation coefficient of 0.999. It was discovered that the ANN model experiences the
same pattern as the GA for kerosene outlet temperature and heat exchanger effectiveness.
The proposed ANN model's reliable prediction and robustness will aid in lowering
energy consumption and increasing equipment life by improving heat exchanger

effectiveness.
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FUTURE RECOMMENDATION

The proposed method might be extended to STHES used in industries other
than oil refineries for estimating optimum operating parameters under
uncertainty.

The suggested framework may be applied to various unit activities in oil
refineries for efficient operation in the presence of variable process
variables.

A deep learning-based technique may also be included into the suggested

framework to get more accurate findings by building a big database.
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