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ABSTRACT

Full Name : [Mohammed Ahmed Mohammed Eltoum Mohammed Ali]
Thesis Title . [Heat Exchanger Fouling Estimation and Prediction]
Major Field . [Systems and Control Engineering]

Date of Degree : [April 2020]

Heat exchangers are indispensable components in most modern industrial systems,
especially in power generation and the oil industry sectors. Fouling is the accumulation of
undesired materials on the inner surface of a heat exchanger, producing a rise in thermal
resistance and consequent decline in thermal efficiency. Fouling deposition in heat
exchangers is one of the most challenging problems that affect industrial plants efficiency
and raise production cost, also fouling results in an increment of greenhouse gases, which
severely affect the earth's ecological system.

This research aims to develop a fouling estimation model using a data-driven approach for
a double pipe heat exchanger based on outlet temperatures, and pressure drop data that can
be obtained from the field instruments related to the targeted heat exchanger. Artificial
neural networks (ANN) is one of the dominant techniques in data-driven model’s domain
due to their capability in modelling systems that experience a highly nonlinear and complex
dynamics such as heat exchanger subjected to fouling build-up.

This research also targets fouling prediction, which gives more flexibility in management
and operation planning level that can help to no small extent in maintenance scheduling

and avoiding unplanned shutdowns. Furthermore, the compensation of fouling thermal

XV



effects on the stream outlet temperature has been addressed by employing different
feedback control schemes.

The obtained results showed high accuracy in terms of both fouling estimation and
prediction. Also, the proposed control schemes successfully compensate fouling effect on

the heat exchanger stream outlet temperature.
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CHAPTER 1

INTRODUCTION

Heat exchanger plays an essential role in a broad range of industrial applications where it
facilitates heat transfer between two or multiple fluids. Heat exchanger enables the heat
transfer process between two fluids that have different temperatures without direct contact
between these fluids where heat is transferred by convection for each fluid and by
conduction between fluids and the heat exchanger wall that separate them. Heat exchanger
applications cover a broad range of industrial sectors, including petroleum industries,

petrochemical sector, sewage treatment, and thermal power plants.

1.1 Heat Exchanger Classifications

Several variants of heat exchangers have been developed to meet the different requirements
of industrial applications, and that led to the appearance of multiple classifications. Based
on flow arrangement as demonstrated in figure 1.1, heat exchangers can be grouped as

follows:

e Parallel flow heat exchangers: where the two fluids are in parallel to each other
flowing in the same direction.

e Counter flow heat exchangers: they are similar to parallel flow type, but the fluids
flow in opposite directions and considered as the most efficient type among the

others.



e Cross Flow heat exchangers: in this type, the two fluids are perpendicular to each
other’s where both fluids are mixed, only one fluid is mixed, or both fluids are

unmixed.

(a) (b)

Figure 1. 1: Flow arrangement: (a) parallel flow , (b) counter flow , and (c) cross-flow[1]

Also, the heat exchanger can be classified according to the mechanism of heat transfer,

construction, and pass arrangement.

Considering the heat transfer mechanism, the heat exchanger is classified as a condenser
and evaporator, while based on the construction, it classified as tabular, plate, extended
surface, and regenerators. Regarding pass arrangement, it classified as a single pass and a

multi pass[2].

1.2 Fouling in Heat Exchangers

Fouling is the accumulation of undesired materials on the inner surface of a heat exchanger,
producing a rise in thermal resistance and consequent decline in thermal efficiency. The

foulant, which can either be organic or an inorganic material, usually has a poor thermal



conductivity compared to the metallic wall conductivity, which results in degradation of

heat transfer rate.

Fouling formation can be described as a relation between deposit accumulation and
removal rates. Figure 1.2 shows temperature distribution under the presence of fouling,

where T1 and T6 denote the temperature of the hot and cold fluids, respectively[3].

|
|
| coLD
T1 | o~ FLUID
o | % =
£ | S =
g E =
k2 E &
HOT :
FLUID | -
|
Distance

Figure 1. 2: Temperature distribution of fouled heat exchanger[3]

The heat transfer rate under steady-state conditions can be written as follows
Q = UAAT yrpF (1.1)

Where A is the area of heat transfer, U is the overall coefficient of heat transfer, AT} ;rpiS
the logarithmic mean temperature difference which is given by Equation (1.2), and F is

the correction factor of LMTD.

AT;—AT.
ATimrp = @ (1.2)

AT,
Where AT, and AT, represent the temperature difference between hot and cold fluid at

heat exchanger’s inlet and outlet, subsequently.



For the fouled heat exchanger the overall heat transfer coefficient is given by

i:(ﬁ)+(x_2)+x_m+i+i:RT (13)

Uf ll lz lm aq az

Where x,, x,, and x,, represent the thickness of depositl, deposit2, and metallic wall
respectively while 1;, A,, and A,,, represent the thermal conductivity of depositl, deposit2,
and metallic wall, respectively. a; is the convective heat transfer coefficient for the hot
fluid while a, denotes the convective heat transfer coefficient for the cold fluid.R; implies

the total thermal resistance per unit area.

For the clean heat exchanger, U is given by

SImy 2 (1.4)

Uc Am a1 a

Equation (1.4) illustrates the effect of fouling on the heat transfer coefficient, where the

increase of deposits increases thermal resistance.

1.3 Types of Fouling

Given the fouling formation mechanism, fouling can be grouped into the following six

classes[4].

e Scale fouling: is the common fouling type that is often related to certain salts such
as calcium carbonate that naturally found in water. With the increase in
temperature, these salts’ solubility declines, which leads to deposits formation on
the surface of the heat exchanger. It is hard to remove scale fouling using
mechanical cleaning methods so that the use of chemical methods may be

inevitable.



e Particulate fouling is the formation of an insulating layer due to the accumulation
of certain particles (such as sand) on the heat exchanger inner surface.

e Corrosion fouling: appears owing to a chemical reaction involving the heat
exchanger inner surface material, which results in a corrosion product that reduces
the thermal conductivity.

e Chemical fouling: results from a chemical reaction within the fluid streams, which
leads to a formation of deposits on the heat transfer inner surface.

e Frizzing fouling: happens due to reducing the temperature of the hot stream close

to the freezing point of one of its components.

Biological fouling: occurs due to the presence of biological organisms.

1.4 General Model of Fouling

According to Kern et al. [5]. the rate of change in deposition mass could be defined as

follows
Z_T = ¢p — Pr (1-5)

Where m, ¢, P represent deposit mass, deposition rate, removal rate, respectively.

In the case of asymptotic fouling as depicted in Figure 1.3, fouling resistances per uint

area(Ry)is given by
Reg = A(1—eFY) (1.6)
Where

A: is the fouling saturation value.

B: is a constant related to the properties of the system.



Fouling Resistance

Time

Figure 1. 3: Asymptotic fouling

1.5 Objectives
The general goal of this research is to estimate and predict heat exchanger fouling under a

mono phase flow regime. The specific objectives are as follows:

1. Conduct and document an extensive literature survey about heat exchanger

fouling estimation, prediction, and compensation.

2. Formulate a mathematical model for the fouled heat exchanger under both

steady-state and transient conditions.
3. Develop a data-driven model for heat exchanger fouling estimation.

4. Develop a fouling prediction model that can be used for heat exchanger
predictive maintenance.
5- Study the possibility of compensating fouling by using a proper control

technique.



1.6 Methodology

This research consists of three parts. The first part is concerned with estimation or detection
of fouling level in heat exchanger under different operating conditions where the estimation
model detects fouling level based on the process measurements, mainly temperature,
pressure drop measurements. The second part focus on predicting fouling in advance based
on the current and past historical data of the fouling rate. The last part is intended to
compensate for the fouling build-up thermal effect by using a feedback controller to

suppress the fouling effect.

This study considers the counter flow double pipe heat exchanger type where the fouling
occurs in the inner pipe of the heat exchanger. A numerical simulation model is to be
developed for the double pipe heat exchanger considering both thermal and hydraulic
characteristics. A data-driven approach based on machine learning techniques are adopted
for the development of both estimation and prediction models. The inner pipe pressure drop
and outlet temperatures beside the fouling represent the training data for the estimation
model. The prediction model is based on the estimated fouling by training the model to
learn the fouling trend using the available historical data in order to predict future trends.
Regarding fouling compensation, two feedback control schemes are developed to
manipulate the outer pipe mass flow rate in order to absorb fouling effects on the process

variable, where the inner pipe outlet temperature has been selected as the process variable.

MATLAB/SIMULINK used to simulate the double pipe heat exchanger, implementing and
training the estimation and prediction models besides the realization of feedback

controllers to compensate fouling.



1.7 Thesis Organization

The thesis is arranged in the following sequence

Chapter 1 establishes the general background about the thesis topic, thesis objectives, and

methodology as well as thesis organization.

Chapter 2 contains a literature survey of fouling estimation and prediction techniques in

addition to the review of fouling compensation methods.

Chapter 3 presents the dynamic modelling of a double pipe heat exchanger, including a

fouling build-up effect on heat exchanger thermal and hydraulic characteristics.

Chapter 4 includes the fouling estimation and prediction based on data-driven models that

detect and predict the fouling based on the heat exchanger measured variables.

Chapter 5 presents the fouling compensation by using two feedback control schemes to

regulate the inner pipe outlet temperature in the vicinity of the desired value.

Chapter 6 concludes the thesis and lists some recommendations for possible future work.



CHAPTER 2

LITERATURE REVIEW

2.1 Fouling Estimation and Prediction Models

Fouling rate models can be divided into three categories: the first category is deterministic
models which are derived from the first principles, secondly semiempirical models which
are based on the first principles with unknowns that estimated using a parameter estimation
technique, and finally artificial intelligence models[6].

One of the early deterministic models to describe fouling is presented in 1959 by Kern et

al. [5] where he stated that the rate of change in deposition mass could be defined as

d
= =¢p— g (2.1)
Where m, ¢, pr represent deposit mass, deposition rate, and removal rate, respectively.

Taking into consideration tubular flow pattern, the change in fouling thickness can be

presented as

dx
d—tf = KicM — KT, (2.2)

where:

c is the concentration of fouling
M represents the mass flow rate.
K; and K, are real constants.

T IS the shear stress

xy¢ Is the thickness of the foulant layer at time t.



In equation (2.2) on the right side, the first term denotes the deposition rate while the second
term denotes erosion or removal rate. Kern model is considered as a general model for
fouling description, based on this approach, many models have been proposed [7]. Table
2.1 highlights some of these models, which are mainly developed for crude oil. A more

detailed discussion can be found in [8] and [7].

Table 2. 1: Crude Oil Fouling Prediction Models

Model Equation
Ebert and Panchal[9] dRy 8 E
9 aRe” exp —m —YTw
Polley et al.[10 dR E
y [10] d_tf = aRe~%8 pr—033 exp <_ RgTS> — yRe%®
Nasr and Givi [11] dRy¢ E
— = «aR -0.8 ——— | —9vR 0.4
o = @Re exp R,T, YRe
Shetty et al.[12] dRy _ —E
— = aRefP Pr=033exp (RTeff) — YTy
Teff = alTSO + (Xsz

The parameters (a, B, E, y) are to be chosen according to specifications of crude oil[13]

Markowski et al.[14] presented an algorithm for the determination of fouling resistance.
The algorithm applied for two series-connected shell and tube heat exchangers, where the
least square method used to adjust the parameters of surface film conductance given in

equation (2.3).

Nu = C - Re*Prb(Pr/Pr,)° (2.3)
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This method requires that the data of mass flow rate, temperature, pressure, and
thermophysical properties are continuously available. The objective functions to be
minimized is defined as the difference between the outlet temperatures obtained from the
mathematical model and the measured temperatures as written in equation (2.4).
Objective Function = ¥7_; [(Teomoa(j) — Teo.measurea(n)* + (Tso_mod(j) —

Tso measured(j))”] (2.4)
The suggested method was validated using operation records of an industrial shell and tube
heat exchangers paired with a crude distillation unit.

A nonlinear observer-based on the Lyapunov theorem is proposed by Delrot et al.[15] for
fouling detection, as shown in figure 2.1 , where a simplified distributed model is used to
construct the heat exchanger nonlinear state-space model. Real experimental data used for

model validation.

h,in :
in Heat - Th?2
m_‘ —»| exchanger
h Tc2
1 =
[s
- . :
- foulinge
Observer (24 > _ 1 1
_ 5 | s(ap)=—i—
» a f

alarm _—
< threshold

Figure 2. 1: Nonlinear observer

An extended Kalman filter is suggested by Jonsson et al. [16] for fouling detection, where

a lumped nonlinear state-space model utilized to model a counter flow plate heat

11



exchanger. A CFD software used for system simulation considering mass flow rates, outlet

temperatures, and inlet temperatures as the system’s measurements.

Sabrina Delrot et al.[17] presented a Takagi-Sugeno observer for fouling detection in a
counter flow tabular heat exchanger where the fuzzy observer is designed according to the
physical model obtained by dividing the heat exchanger into multiple sections and finding
the lumped model for each section. ANSY'S fluent used for model simulation where fouling
has been simulated by changing the thermal conductivity of the inner tube. The developed
observer showed good sensitivity toward fouling detection and does not impose that the

system should be in a steady state.

Sun, Saqi, and Xie [18] proposed a model that predicts fouling resistance based on a
relevance vector machine with a wavelet kernel where the model is trained using

experimental data.

A semiempirical model adopted for fouling detection in [19] by Dragan, where a linear
model with unknown parameters is derived from the first principles, then least squared
method (LSM) deployed for estimation of unknowns. The same author in [20] compared
different detection techniques, including Kalman filter, extended Kalman filter, NTU,

fuzzy observers, and ANN applied for cross flow and counter flow heat exchangers.

A lock-in semi-empirical technique for fouling detection is proposed by Andrjesdottir et
al. [21]. The technique was based on the lock-in amplifier channels theory, which is used
for noise attenuation in signal processing applications. Based on plate and frame heat
exchanger a numerical model is developed, and an experimental data has been used for

validation where the obtained results showed that the proposed technique has a high

12



sensitivity in addition to its ability to differentiate between the effect of a decrease in mass
flow rate and fouling effect. Lalot et al. [22] applied this technique numerically by injecting
a small perturbation in the inlet temperature of the side where the fouling is expected to
occur using an electrical heater, as shown in Figure 2.2 where the temperature changes in
a periodical manner. Considering the parallel flow plate and frame heat exchanger as a case
study, the obtained results illustrated that a window of four million samples is appropriate

for accurate fouling detection.

COS{yey X 1) ™
LA M l Y i
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E
T
3 o
Q5 Reference 2
5T generator Whef
0 0
0C
’ |
Th,,in- » > Th,oui
A Heat exchanger
in EE— — Looul
me — »

Figure 2. 2: Implementation of a lock-in technique[22].

A distributed dynamic semiempirical model is proposed by Coletti and MacChietto [23]
for a tube-side fouling prediction taking into account the change in fluid properties due to
temperature, heat exchanger geometric parameters, and variation in fouling accumulation

with time where the model can capture the spatial and temporal variation of the system’s
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states. The model was validated with a practical dataset taken from a crude oil refinery

where the model showed an error of less than 2% for one year ahead prediction.

Al Hadad, Schick, and Maillet [24] proposed a detection technique based on the variation
of the heat exchanger thermal impulse responses where the system impulse response is
firstly identified at the clean state and then under operation assuming that the model is
time-invariant, linear, and under steady-state operation. Shell and tube heat exchanger
model simulated using COMSOL software where the impulse response is identified by
injecting a thermal disturbance in the hot side of the heat exchanger through a surface heat
source and then measuring the responses of outlet temperatures where the results showed

that this method is sensitive for change in fouling.

Radhakrishnan et al. [25] proposed an ANN model to predict outlet temperatures of shell
and tube heat exchanger. ANN is trained based on a historical plant data using feedforward
and recurrent Neural network architectures where the latter showed a better prediction
accuracy. Forty-four features considered initially for model developing and then reduced
to 25 features using principal component analysis (PCA) and partial least squares (PLS)
techniques. The cleaning process can be scheduled according to the decrement in the
efficiency of heat transfer based on predicted values of temperatures. Still, the developed

model showed a poor generalization capability.

Based on experimental datasets gathered from literature, Davoudi and Valeri [26]
developed an ANN fouling prediction model using a shallow neural network with ten
hidden neurons where fluids properties and time are considered as input to ANN while
fouling factor was the output. The model showed a small prediction error with

MSE=0.0013.
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A fouling detection method based on EIman NN depicted in figure 2.3 is proposed by Wang
et al. [27]The weights of the NN has been optimized by genetic algorithm. An experiment
is conducted to simulate the formation of calcium carbonate (CaC o) fouling in a shell and
tube heat exchanger where a self-designed setup captures the experimental data of fouling
resistance, pH, and dissolved oxygen used for NN training. The detection method showed

a total error of 8.78%.

x(k) +
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- fio S
Feedback layer ‘> S
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u(k 1) —

Hidden layer

W,

Figure 2. 3: Elman neural network architecture[27]

2.2 Fouling Compensation

Fouling leads to deterioration in the effectiveness of heat transfer and subsequently affects
the system dynamics. According to [28], about 80% of heat exchangers control systems in
industry are based on PID controllers that are manually tuned. Trafczynski et al. [28]
investigated the influence of fouling on the dynamic of PID controlled shell and tube heat

exchangers where heat exchanger is divided into cells array. Then a linearized lumped
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model is derived. A real data is used to validate the model, then based on the developed
model, MATLAB used to simulate two series-connected heat exchangers and the PID-
controller as depicted in figure 2.4 under different fouling conditions. The results showed
that with an increase in fouling resistance, the controller parameters need to be retuned

periodically.

& PID Controller

Step Scope

=
] -
3
| -
y

Figure 2. 4: Simulink model of the heat exchangers and PID controller[28].

Based on a similar model, de Carolina et al. [29] presented two strategies for tuning a PID
controller for shell and tube heat exchangers (STHXs) undergoing fouling.
MATLAB/SIMULINK utilized to simulate the controlled system by applying a step input
in the shell flow rate. The system has been examined for three case studies with different
operating conditions and fluids. For each case, various fouling resistances have been
considered where PID is retuned for these fouling resistances using two tuning strategies.

The first strategy is based on a built-in SIMULINK PID tuner. In contrast, the second one
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is based on sequential quadratic programming (SQP) algorithm, and it has been reported

that the latter strategy has a better performance.

Oravec et al. [30], designed a robust model predictive controller (MPC) for industrial shell
and tube heat exchangers. The influence of fouling is modeled as a parametric uncertainty.
Based on the cells array approach, the STHX has been modeled by a lumped model, and
then a discrete-time state-space model is derived. Firstly, a robust MPC controller is
designed to control the model. Then an integral action is added to the controller, which
helps in removing steady state error. The optimization problem is formulated as a convex
optimization problem. Figure 2.5 shows the proposed control architecture. Four STHX
units were considered, with four fouling levels and for each unit shell-side flow rate
regarded as the manipulated variable. The designed controller compared with The PID
controller and the attained results from MATLAB/SIMULINK showed that the proposed
controller almost outperforms the PID controller in terms of disturbance rejection,
reference tracking, and energy saving.

controller  manipulated ~ controlled plant  controlled
variable ] variable

—»‘ Heat Exchangers
flow rate J temperature

state | o
Integrator (¢ lState Estimation

observer

set-point

v v

temperature Robst MPC

v

Figure 2. 5 : Robust MPC with integral action control architecture[30].

In an extended study Trafczynski et al.[31] investigated the fouling influence on PID
controlled heat exchanger networks (HEN) shown in figure 2.6. MATLAB\SIMULINK
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used for system simulation where the authors concluded that with the increase of heat

exchanger units in the PID controlled HEN, the fouling influence on the dynamic behavior

becomes weak or negligible.
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Figure 2. 6: PID controlled HEN scheme[31].

Trafczynski et al.[32] proposed a simple strategy to tune PID controlled HEN shown in
figure 2.6 that only requires measurements of HEN parallel branches’ outlet temperatures
where the suggested approach ensures that their values are equal. The proposed strategy

achieved 0.75 MW heat recovery, which represents about a 1.5 % increase in total heat

recovery.
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CHAPTER 3

Double Pipe Heat Exchanger Modelling

3.1 Introduction

The double pipe heat exchanger (DPHE) represents one of the standard heat exchangers
that is widely known for its simplicity and applicability. This type of heat exchangers is
broadly utilized in food, oil and gas, and chemical industries. It is also of great significance
when a wide temperature gradient is needed. Moreover, DPHE has high popularity in many
small industries owing to its low design and maintenance costs [33]. The DPHE dynamic
model is developed based on one-dimensional finite-difference analysis of both parallel
flow type and counter flow type of the double pipe heat exchanger shown in Figure 3.1 and

Figure 3.2, subsequently. Figure 3.3 depicts the cross-section view of DPHE.

< —
i
Thi’n(t) -1 e —p| Ax |¢— ‘e > Thgur(t)
Tffn(t) _+ " ree __’ TCD”t(t)
=1 =2 //// i=M-1 i=M

Figure 3. 1: Parallel flow heat exchanger
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Figure 3. 2: Counter flow heat exchanger

Figure 3. 3: Cross-section view of the double pipe heat exchanger

Where

Thinco is the hot side inlet temperature.
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Thoweco is the hot side outlet temperature.

Tcin(r Is the cold side inlet temperature.

T

Cout(t)

Is the cold side outlet temperature.

L is the length of pipe.
M is the number of segments.
Ax is the length of each partition.

i is a spatial index.

3.2 Thermal Dynamic Model of The Double Pipe Heat Exchanger

The following assumptions were used for the model derivation:

1- The heat transfer coefficient is uniform along the pipe length.

N
)

The rate of change in wall temperature is neglected.
3- The density and heat capacity of hot and cold fluids are constants.

4

The hot and cold fluids are both in liquid phase.

According to the first law of thermodynamic (conservation of energy)[34]

. aT
Ein — Eout = Es¢ = pCpVE (3.1)
Where

E;, and E,,, denote the energy transfer rate into and out of the heat exchanger,
respectively. Whereas the rate of change in the system’s stored energy is represented by

Eg.
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Assuming that the hot fluid flows through the inner pipe and the cold fluid flows through

the outer pipe of the heat exchanger, Equation (3.1) can be rewritten as follows

PCo AV T8 = ity € (T (i = 1,) = To(i, ) — UDAAD (T (60 — To(,8))  (3.2)
PeCr bV, 8D = i Cp (To(i = 1,8) = To(0,0)) + UDAAD(Th () — Te(, ) (3.3)
Where

m;, = hot fluid mass flow rate (Kg/sec).

pn= hot fluid density (Kg/m3).

m, = cold fluid mass flow rate (Kg/sec).

p.= cold fluid density (Kg/m3).

Cp, = Specific heat at a constant pressure of the hot fluid.
Cp,= Specific heat at a constant pressure of the cold fluid.
U(t) = Overall heat transfer coefficient (W/m?.K).
AA = The change in the surface area (m?).

AV, = The change in the inner pipe volume (m?).

At = Time step (sec).

AV,= The change in the outer pipe volume (m3).

By using explicit discretization, we obtain
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Th(it+A0) Ty (i) (nCpp(Th(i=1,O-Th(0))-UOAAD (T -Te(0,1) )
At - PrCP, AV

Te(Lt+A8)-To(i,t) (mcCpC(Tc(i—1.t)—Tc(i,t))+U(t)AAs(i)(Th(i.t)—Tc(i,t)))
At - PvCp, AV

After some arrangements Equations (3.4) and (3.5) can be written as follows

At (1 Cpp (TRA-1,)-TH(,t))-U®) AAs (D) (TH () -T(i,t)
T,(i,t + At) = Ty, (i, t) + (1nCpp(Tali h(i0)) D(Th )

phCPhAvl

11cCp o(Teli=1,O=-To (L)) +U (A4 (D (Th (O -T (1))

. . At (
T.(i,t + At) = T (i, t) + peCp AV,

Where
AAg = d ,Ax

nd3 Ax

AV=

nD}
4

AV, = L Ax

3.3 Double Pipe Heat Exchanger Inner Pipe Pressure Drop

The pressure drop in heat exchanger inner pipe is given by[35]

dig

Where
Ui = dynamic velocity of the inner fluid.
d;, = the actual inner diameter of the inner pipe.

f = Darcy friction factor.
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The dynamic velocity depends on the density and mass flow rate of the inner fluid as well

as the inner diameter as revealed below

M (3.10)

mi = 250, nd?,
The Reynolds number R, for the inner pipe, fluid is calculated as follows

R, = Promitie (3.11)

Where u represents the dynamic viscosity of the inner fluid. The friction factorf for

laminar flow regime (Re< 2000) is given by

F= (3.12)

=
While in case of the turbulent flow (4000< Re < 108) f is given by[36]

0.25

f= ; (3.13)

(10810575 +7e05))

Where k, denotes the roughness of the fluid inner surface.

In case of transition flow (2000<Re< 4000) f can be formulated as

f=Co (2= +(1—CT)( 2 2> (3.14)
(55 T\ (t0810(55+:228))
Where
Re
Cor =2 (2000) (3.15)
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3.4 Fouling Effect

The fouling has been considered for the inner pipe only while the outer pipe fouling is
neglected. As mentioned earlier, fouling affects both the heat transfer coefficient and
pressure drop. For the fouled heat exchanger heat transfer coefficient can be evaluated as

follows

Uc
1+UcRf

Ur(t) = (3.16)
Where

Ug= heat transfer coefficient under fouling conditions.

U.= heat transfer coefficient at clean state.

R¢= fouling resistance.

The actual inner pipe diameter in case of inner pipe fouling is given by

dig =d; —2*Rp x K¢ (3.17)

Where k; represents the thermal conductivity of fouling material.

3.5 Numerical Simulation

Based on the previous equations, the system has been modeled in MATLAB according to
the parameters shown in table 3.1. Both parallel flow and counter flow DPHE arrangements
have been numerically simulated also the thermal and hydraulic effects of fouling build-up
are investigated through simulation. The hot and cold fluids are water-water in the liquid

state.
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Table 3. 1: Heat Exchanger Parameters

Hot fluid mass flow rate (1i1},) 0.2 Kg/sec
Cold fluid mass flow rate (m.) 0.1 Kg/sec
Specific heat at a constant pressure of hot | 4180 J/Kg.K
fluid (Cpp)

Specific heat at a constant pressure of cold | 4180 J/Kg.K
fluid (Cy.)

Hot fluid density (pp,) 1000 Kg/m3
Cold fluid density (p.) 1000 Kg/m3
Length of pipe 5m

Overall heat coefficient (U) 1000 W/m? K
Number of segments (M) 50

Time step 0.01 sec

Hot side inlet temperature 100°C

Cold side inlet temperature 20°C

Inner diameter of the inner pipe (d;) 0.04m

Outer diameter of the inner pipe (d,) 0.05m

Inner diameter of the outer pipe (D;) 0.1m
Roughness of fluid inner surface (k) 0.001 m
Thermal conductivity of fouling material | 0.1 W/m.K




For parallel flow DPHE, the dynamic outlet temperatures are illustrated in figure 3.4, while
figure 3.5 displays the inner pipe pressure drop. Figure 3.6 shows the temperature gradient
at different simulation times, and figure 3.7 depicts the steady-state temperature gradient.
The simulation time is adjusted to one hour, where the DPHE reaches the steady-state at
0.1 hours (360 seconds) approximately where the steady state outlet temperatures are
75.0520°C and 69.8959°C for hot and cold fluid, respectively. The analytical steady state
solution using effectiveness ratio method [37] gives 74.9253°C and 70.1493°C for the

outlet temperature of hot and cold fluid, respectively .

In the case of the counter flow DPHE arrangement, the dynamic outlet temperatures are
depicted in figure 3.8. Figure 3.9 shows the inner pipe pressure drop. Figure 3.10 illustrates
the temperature gradient at different simulation times, while figure 3.11 reveals the steady-
state temperature gradient. In this case, the DPHE takes about 0.15 hours (540 minutes) to
reach the steady-state. In light of these figures, the counter flow DPHE configuration
allows a high heat transfer rate compared to the parallel flow DPHE. the steady state outlet
temperatures are 69.3374°C and 80.2147°C for hot and cold fluid, respectively where the
analytical solution gives 69.715°C and 80.5696°C for the outlet temperature of hot and cold

fluid, respectively.

Both Parallel flow and counterflow DPHE dynamic models shows small deviation from
the analytical solution of thermal steady state model. Increasing the number of segments
can reduce this error but this also increases simulation time. So, selecting the number of

segments is a tradeoff between accuracy and simulation time.
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Figure 3. 4: Parallel flow DPHE outlet temperatures
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Figure 3. 5: Parallel flow DPHE pressure drop
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The fouling resistance has been varied asymptotically, as demonstrated in figure 3.12, to
investigate the effect of inner pipe fouling build-up on the DPHE heat exchanger. The
outlet temperatures under fouling build-up conditions for both parallel flow and counter
flow DPHE arrangements are depicted in figure 3.13 and figure 3.14, respectively. The
change in DPHE pressure drop with fouling for parallel flow and counter flow is illustrated

in figures 3.15 and 3.16.

The fouling resistance is varied from 0 to 1.08 * 10~3 which produces a gradual decrease
in the heat transfer coefficient (U) starting from 1000 until it reaches 480, which represents
a reduction in U by 52% at maximum fouling. Based on figures 3.13 to 3.16, It is clear that
the increase in fouling results in the heat transfer rate decline as well as an increase in the

pressure drop.
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Figure 3. 12: Inner pipe fouling resistance
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Figure 3. 14: Parallel flow DPHE inner pipe pressure drop under fouling build-up.
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Figure 3. 16: Counter flow DPHE inner pipe pressure drop under fouling build-up.
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CHAPTER 4

Heat Exchanger Fouling estimation and prediction

4.1 Introduction

This chapter presents the DPHE inner pipe fouling estimation and prediction based on
artificial neural networks. Data-driven models that based on Artificial Neural Networks
(ANN) gained a remarkable momentum due to their capability in tackling the complex
systems that experience nonlinear patterns such as fouling phenomenon. ANN-based
models have been successfully applied to several problems in a diverse range of
systems[38]. Two different ANN architectures have been used for estimation and
prediction. A feedforward ANN has been employed for fouling estimation based on the
DPHE outlet temperatures and the inner pipe pressure drop, while a recurrent neural
network, namely long short-term memory (LSTM), has been adopted for prediction

purposes.

4.2 Artificial Neural Networks

An ANN is a computational model inspirited by the biological neurons in the human
nervous system. ANN is one variant of data-driven models, and it is known by its capability
to extrapolate complex nonlinear relationships between input sequence and the
corresponding output(s). The typical ANN involves three layers: an input layer, a hidden
layer, and output layer, as illustrated in figure 4.1, where each layer contains several
neurons [39]. Input and output layer dimensions are determined according to the given
input and output, whereas the hidden layer dimension depends on the complexity of the

required task. Each neuron performs a weighted sum operation on its inputs and throws
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this summation through a differentiable activation function, which can be either a linear or

a nonlinear function. The neuron’s output is given by
h=f(WTX +b) (4.1)
where

h is the neuron’s output, X is the neuron’s input vector and W represents the weight vector.

b is a constant represents the neuron’s bias, and f is the activation function [40].

The ANN complexity is proportional to the number of neurons in the hidden layer besides
the number of hidden layers. If there is more than one hidden layer in ANN architecture,

then it called a deep neural network.

Input Layer Hidden Layer Output Layer

o
Chy,
First Input

Qutput

Second Input

Figure 4. 1: ANN underlying architecture

Typically, given the input and the target output as in classification or regression problems,

the ANN training process is performed using gradient decent or one of its variants as an
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optimization algorithm. At the same time, the weight update is accomplished via a
backpropagation algorithm based on a pre-defined objective function. ANN has several
hyper-parameters that affect the training performance, such as the number of hidden layers,
the number of hidden neurons, learning rate, and activation function [41]. The employed
ANN architecture is depicted in figure 4.2, where a feedforward neural network with 20

hidden neurons is implemented in MATLAB to estimate the fouling resistance.

Hidden Output

Figure 4. 2: ANN estimation model

4.3 Long Short-Term Memory (LSTM)

Conventional neural networks are independent of previous state values so that it cannot be
used for prediction purposes. Recurrent Neural Networks (RNN) were developed to handle
dynamic systems by adding a feedback path such that the neural network'’s output becomes
dependent on the previous states. However, gradient vanishing problems, in addition to
difficulty in processing long sequences, limits RNN performance, especially in time-series

forecasting problems[42].
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Long Short-Term Memory (LSTM) is developed to solve previously discussed RNN
shortcomings with the ability to learn long and short-term dependencies. LSTM
encompasses series-connected memory blocks where each block, as depicted in Figure 4.3,

consists of three gates: forget gate (f), input gate (i), and output gate (o).

Figure 4. 3: LSTM block

Based on the previous value of hidden state h.1 and X: Forget gate evaluates which

information of cell state C,_;to be thrown away. The block equation can be written as

follows [43];
fi = 6(Wylhey, %] + by) 4.2)
ir = o(Wi[he_1,x.] + b;) (4.3)
0¢ = 0(W,[he_1, x,] + bo) (4.4)
Co = f. % Coy + iy * tanh(Welhe_q, %] + by) (4.5)
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h; = o; * tanh(C;) (4.6)

Where W; , W, W, and W, represent the weight matrices while b;, by, b., and b,denote

biases, and ¢ is a sigmoid activation function.

Hence, the proposed model consists of two blocks, as shown in figure 4.4. The first block
has a feedforward neural network to estimate the fouling while the second one is used to

predict the fouling for several time steps ahead.

Fouling

Inner pipe outlet

temperature Prediction Model
Outer pipe outlet Fouling
temperature Resistance

Inner pipe pressure
drop

Figure 4. 4: The proposed model architecture

4.4 Results and Discussion

The counter flow DPHE model has been numerically simulated in MATLAB to generate
the data based on the parameters illustrated in table 4.1. An asymptotic fouling build-up
pattern is considered as demonstrated in figure 4.5. Water was used as a fluid for both the
inner and outer pipes in the simulated DPHE. MATLAB deep learning toolbox has been
adopted to implement an ANN with 20 hidden neurons depicted in figure 4.2. The inner

pipe pressure drop, the inner and outer pipe outlet temperatures shown on figures 4.6.and
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4.7, respectively, are selected as ANN inputs, whereas the fouling estimated resistance

represents the ANN model’s output.

Table 4. 1:The Parameters of Simulated DPHE

Hot fluid mass flow rate (111},) 0.1 Kg/sec
Cold fluid mass flow rate (m.) 0.0552 Kg/sec
Specific heat at a constant pressure of hot | 4180 J/Kg.K
fluid (Cyp)

Specific heat at a constant pressure of cold | 4180 J/Kg.K
fluid (Cy.)

Hot fluid density (pp,) 1000 Kg/m3
Cold fluid density (p.) 1000 Kg/m3
Length of pipe 5m

Overall heat coefficient (U) 1000 W/m? K
Number of segments (M) 50

Time step 0.01 sec

Hot side inlet temperature 100°C

Cold side inlet temperature 20°C

Inner diameter of the inner pipe (d;) 0.04m

Outer diameter of the inner pipe (d,) 0.05m

Inner diameter of the outer pipe (D;) 0.1m
Roughness of fluid inner surface (k) 0.001 m
Thermal conductivity of fouling material | 0.1 W/m.K
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Figure 4. 6: Counter flow DPHE inner pipe pressure drop
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Figure 4. 7: Counter flow DPHE open-loop response

Before training the fouling estimation model, the obtained data firstly was normalized
within the range (-1, 1), then it has been divided into three groups: training, validation, and
testing with ratios 70%,15%, and 15%, respectively. Figure 4.8 demonstrates the training
performance whereas a tiny error is obtained with a mean squared error (MSE)= 8.15 *
101 where MSE is given by the following equation

MSE = ¥, (F; — ¥))? (4.7)
N denotes the number of data points, ¥ is the estimated value, and Y represents the observed
value.

Figure 4.9 shows the ANN regression performance on the training, validation, and testing

sets, as well as the overall performance where approximately a one to one matching is

obtained.
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Figure 4. 9: ANN regression performance
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The estimated fouling factor obtained from ANN was considered as an LSTM input, which

has 15 hidden neurons.

The LSTM is trained on the first 90% of the observed or estimated data, where the data is
downsampled to one sample every five minutes; then, the LSTM model used to predict the
remaining 10% of the data. Figure 4.10 illustrates the training progress performance where
LSTM showed a prediction error RMSE = 3.85 * 10~* which represents a reasonable
error considering short term prediction. Figure 4.11 depicts the fouling resistance
prediction performance, which can help in providing early alarms about DPHE's future

status.

RMSE

200

0 50 100 150 200 250
Iteration

Loss

, 100 200

0 50 100 150 200 250
Iteration

Figure 4. 10: The LSTM training performance
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Figure 4. 11: Fouling prediction performance

4.5 Conclusion

A data-driven model based on ANN has been developed for fouling resistance
estimation and prediction for the inner pipe fouling in DPHE. The model requires only the
measurements of pressure drop beside the inner and outer pipe outlet temperatures.
Simulation data used for model training and validation, where an asymptotic fouling
regime is adopted for data generation. The suggested model showed an excellent estimation
capability with MSE= 8.15 * 10711 in addition to an accurate short-term prediction with

RMSE=3.85 * 107°.

45

60



CHAPTER 5

Heat Exchanger Fouling Compensation

5.1 Introduction

This chapter investigates the possibility of compensating the inner pipe fouling in counter
flow double pipe heat exchangers. Two feedback control schemes have been employed to
achieve this purpose based on the numerical model presented in chapter 3. The feedback
controller is responsible for regulating the hot fluid outlet temperature around a certain
setpoint by manipulating the cold fluid flow rate subjected to an inner tube fouling build-
up. Fouling leads to the deterioration in the heat transfer coefficient, which severely affects
the heat exchanger outlet temperatures; thus, the controller should be able to resist fouling
thermal effect as well as variations in the other process parameters, including inlet

temperatures and flowrates.

Due to the nonlinearity and distributed parameters nature of the DPHE model, it is
challenging to develop a controller based on the system’s equations. Two control schemes
have been adopted. Firstly, a PID controller optimized by Harmony search (HS)
metaheuristic algorithm is used to manipulates the DPHE cold fluid flow rate. Then a fuzzy
logic controller (FLC) is adopted to control the rate of change in cold fluid flowrate based
on the temperature error. Finally, these two control schemes have been compared under

several operating scenarios.

5.2 PID Parameters Optimization Using Harmony Search Algorithm

PID controller is known for its simplicity, ease of realization, and functionality, so it has

been extensively used in numerous industrial systems[44]. Several Model-based and
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model-free tuning methods have been developed to tune the PID controller[45]. However,
these tuning strategies might not lead to optimal performance, especially when the

controlled plant is nonlinear.

Based on the discrete-time model of the DPHE presented in chapter 3 a discrete PID
controller has been utilized to manipulate the cold fluid mass flow rate according to the
desired hot fluid outlet temperature. The mathematical formula for a discrete-time PID

controller output in is given by
=(ky+ki——+K;~(1—2"1 5.1
Ug ptkiT— =+ dTS( z7Y) e (5.1)

Where k,, is the proportional gain, k, is the derivative gain and k; is the integral gain while

e denotes the error, T represents the sampling time, and z is a backward shift operator[46].

Figure 5.1 illustrates the block diagram of the PID controlled counter flow DPHE.

th Iy
. C | Double pipe out
Setpoint heat excha nger Hot fluid outlet
temperature 5 temperature

Figure 5. 1: PID controlled DPHE block diagram.

Harmony Search Algorithm (HSA) is a recent population-based musical inspired meta-

heuristic algorithm suggested by Geem in [47]. HSA simulates music improvisation
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behavior, which represents the activity of finding the best harmony by trying different
pitches combinations. This improvisation is implemented in HSA in the selection process
where the values of new harmony can be selected from Harmony Memory (HM) which
is the place where HSA keeps the solution set, or from HM but with a slight modification,
or it can be selected randomly from the admissible range of values [48],[49]. This process
is directed through two vital parameters: Pitch Adjusting Rate (PAR) € [0,1], which

represents a slight adjustment of the HM’s past value. The adjusted pitch is given by

Xnew = Xo1ga + FW.€ (5.2)

Where FW is the fret width, and € is a uniformly distributed random number in the range

[-1,1]. x,.4 is the existing pitch in the HM, and x,,,,, represents the adjusted pitch.

The second parameter is Harmony Memory Considering Rate (HMCR) € [0,1], which
denotes the probability of choosing a candidate solution within the present members of
HM. For small values of HMCR, a few elite harmonies only selected, and it may cause
slow convergence. In contrast, at high values (near 1), the convergence is faster but may
violate algorithm exploration capability. The flowchart of HS is shown in figure 5.2, which

involves the following procedures[49],[50]:

1- Harmony memory initialization, where initial solutions in HM are generated

randomly. An HM with a size of HMS can be implemented as:

[ xm] xmi .. xml ]
2 2 2
xm? xms .. xm?
HM — . . es . (5.3)
Lxmi™MS xmBMS o xmfMS |
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Where [xm}, xm}, ..., xm! ] are the candidate solutions (i=1, 2, ..., HMS).

2- Improvisation of new harmony from the HM according to HMCR and PAR, which
resemble crossover and mutation probability in the genetic algorithm (GA).

3- Update of HM. The new harmony from step 2 is compared with the worst harmony in
the HM, and if the new harmony is fitter, it will supersede the worst one in HM,;
otherwise, it will be eliminated.

4- Return to step 2 if the termination criteria is not satisfied.

The implemented algorithm is based on the original HS algorithm, but instead of generating
only one harmony at each improvisation, multiple harmonies are generated to enhance
convergence speed. This modification introduced in[51]. Also, dynamic FW has been used

according to the following equation [52].

FW (i) = FWinay exp (In (S22 ) ) (5.4)

FWinax NI

Where FW,,.x is the maximum fret width, FW,,;, is the minimum fret width, NI is the
number of generations, and it is the current generation number. Dynamic FW has a large
value at the beginning to enhance global search capability, and it decreases gradually
versus iteration such that it has a small value at the end of iterations to enhance local search

capability.
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New harmony is fitter than the worst
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Figure 5. 2: Harmony search algorithm flowchart
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5.3 Fuzzy Logic Controller

Fuzzy logic control is one of the brilliant applications of fuzzy set theory, which in contrast
to a crisp set, allows partial membership (i.e., an element can be partially a member of
more than one set at the same time). Fuzzy logic controller (FLC) is a heuristic controller
that maps input vectors into a scalar output by using a linguistic expression in the format
of If-Then rules obtained from utilizing human expertise[53]. The typical architecture of
fuzzy control systems is represented in figure 5.3, which composes four principles

elements:

(1) Fuzzification, where the controller inputs are mapped to linguistic expressions.
(2) Rule-base which consists of rules in IF-THEN format.

(3) Inference mechanism, which infers fuzzy control action from the knowledge of
linguistic variables and control rules.

(4) Defuzzification where the fuzzy output of inference mechanism is transferred

into a numerical value to control the process [53]

Fuzzy logic controller

Reference nput (| £ [ [ |nference _,,é Inputs Outputs
(1) 'r:g mechanism| | 8 u(r) (1)
= } 5 |[———>| Process >
N N
: E
. Rule-base g

1

Figure 5. 3: Fuzzy logic control system structure
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The fuzzy controller has been designed to control the DPHE inner pipe outlet temperature,
which represents the hot fluid in this case study. The error between desired and actual inner
pipe outlet temperature besides the rate of change of this error represents the controller
inputs where the controller’s output is the rate of change in the outer pipe fluid (cold fluid)
mass flow rate Arm,. . The proposed FLC architecture is demonstrated in figure 5.4 where

m, is evaluated as follows

1, (t) = ma(t — 1) + alrm, (5.5)

Where « is a positive constant that controls the convergence speed.

|y
T Double pipe out .
Setpoint heat EXChanger Hot fluid outlet
temperature Iy temperature

Figure 5. 4: The proposed FLC architecture

Triangular membership functions are adopted for fuzzy inputs and output with an input
universe of discourse as follows [Negative Big (NB), Negative Medium (NM), Negative
Small (NS), Zero (Z), Positive Small (PS), Positive Medium (PM) Positive Big (PB)].The
output has a similar universe of discourse by replacing PB and NB with PL and NL,
respectively. Figures 5.5 and 5.6 show the proposed membership functions for inputs and
output of the fuzzy controller. Table 5.1 depicts the rules used to design the fuzzy
controller.
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Table 5. 1: FLC Rules

Output Change in error é

Am, NB |[NM|NS| Z | PS|PM| PB

NB| NL | NL | NL | NM|NS |NS| Z

NM| NL | NL | NM| NS | NS| NS | NS

Errore NS|NM | NS | NS|NS| Z |PS|PS

Z |NM|NS|NS| Z |PS|PS|PM

PS| NS |NS| Z | PS|PS|PM|PM

PM| Z Z | PS|PS|PS|PM| PL

PB| PS | PS | PM|PM| PL|PL|PL

Figure 5.7 reveals the internal structure of the designed FLC, where K1 and K2 are positive
constants that control the controller sensitivity to the error (e) and the change in error (Ae),
while a is a scaling factor. This structure resembles the conventional PD controller so that

sometimes this structure is called a fuzzy-PD controller[54].

Eﬁ

v c
LY Al § > Inference > & )
e > - & 1= -
Il' & | |mechanism § A, * alm,
E‘E } E gCal "
>/ 9¢! >l 2 Rule-base S
Ae I_AXKJ o S

Figure 5. 7: FLC internal structure
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The design parameter a controls the FLC adaptation speed which also indirectly affects
both the performance and robustness of the controller. A very small a leads to slow
response while a large a increases overshoot and can lead to instability in the system
response. Therefore, another fuzzy logic system used to adaptively tune « by controlling
the rate of change in the adaptation parameter a based on the system state to balance
between the response speed and the robustness. The fuzzy tunning system receives the error
and change in error signals as inputs that have similar membership functions as depicted
in figure 5.8 (a) while the fuzzy output is shown in figure 5.8 (b). Table 5.1 shows the
tuning rules where the characters N, Z, and P denote negative, zero, and positive

subsequently.

o
oo
T
o
oo
T

(=]
o
T
o
o
T

(=]
~
T
o
~
T

Degree of membership
Degree of membership

02r 02

5 4 3 2 1 0 1 2 3 4 5 06 08 1
Input Rate of change in alpha
(a) (b)

Figure 5. 8: input and output membership functions of adaption speed fuzzy tuner
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Table 5. 2: Fuzzy Tuning System Rules

é
Aa N |Z|P
N|P|P|N
e Z|P|N|P
P|N|P|P

5.4 Results and Discussion

HSA used to tune PID parameters K,, K;, and Ky, by minimizing the cost function as
revealed in equation (5.6) that is defined based on the Integral of Time multiplied Absolute
Error (ITAE) and the standard deviation of the controller’s output vector where the latter

index penalizes the controller output chattering.

Cost Function = %22’:1 kle(k)| + 103 * \/ﬁ N_(u(k) — p)? (5.6)

Where k represents time index and N denotes the number of samples while € is the error
between the actual hot fluid outlet temperature and the desired temperature (€ = T, ), —
T,) while u denotes the mean value of the PID controller’s output vector. The Error at the
steady-state is more penalized than the error at the beginning because of the time
multiplication term. The DPHE system is considered in its standard conditions based on
the parameters shown in table 4.1, where the desired temperature is 60 °C and the
simulation time is set to 3 hours. The optimized parameters are shown in table 5.2 whereas

figure 5.9 reveals the HAS convergence.
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Table 5. 3: PID Optimized parameters

Parameter | K, K; K,
value 0.6553 | 0.0107 |9.99

On the other hand, the fuzzy controller has been implemented according to the structure

given in figure 5.7 with K1=1, K2=25, and a = 0.00015.

215:
210;
2052
2002
1953

190 |

Best Cost

185 |
180 |
175 |

170 |

165 |

(0] 10 20 30 40 50 60 70 80 90 100
Iteration

Figure 5. 9: HSA convergence

Six scenarios have been considered for evaluating both PID and fuzzy controllers to show
the robustness of the designed controllers under different operation conditions. The

controlled DPHE system has been simulated using MATLAB/SIMULINK.
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5.4.1 The Operation Under Standard Conditions

In this scenario, the simulation is conducted based on the parameters given in table 4.1,
where the reference outlet temperature of the hot fluid (inner pipe fluid) has been adjusted
to 60 ° C. Figure 5.10 shows the hot fluid outlet temperature for both controllers, where
both controllers exhibit decent dynamic performance with fast settling time. The PID has
ITAE equals 100, where the ITAE is 126.53 for the FLC. Figures 5.11 and 5.12 illustrate
the cold fluid mass flow rate obtained from the PID and FLC, respectively, where both
FLC and PID controllers show a smooth output. The cold fluid outlet temperature is

depicted in figure 5.13.
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Figure 5. 10: Hot fluid outlet temperature under standard conditions
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Figure 5. 11: Cold fluid mass flow rate under standard conditions (PID)
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Figure 5. 12:Cold fluid mass flow rate under standard conditions (Fuzzy)
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Figure 5. 13: Cold fluid outlet temperature under standard conditions

5.4.2 Varying Inner Pipe Outlet Temperature Setpoint

This scenario evaluates the dynamics of the controlled DPHE system subjected to a varying
reference temperature. The simulation is conducted for five hours, where the reference
temperature is altered from 60 to 55 then to 70 and finally returned to 60 °C at the end of
simulation time. Figure 5.14 depicts the tracking performance of both controllers, where
PID experiences abrupt changes during the transition period from one reference to another.
The PID controller proved a better response with ITAE equals to 1684 while the FLC has
a higher ITAE that equals 2903. FLC and PID controller outputs are shown in figures 5.15

and 5.16, respectively.
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Figure 5. 15:Cold fluid mass flow rate under varying setpoint (PID)
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5.4.3 Varying Inner Pipe Inlet Flow Rate

The inner pipe (hot) fluid mass flow rate has been varied, as illustrated in figure 5.18. Both
controllers have absorbed the effect of change in mass flow rate as demonstrated in figure
5.19. The PID controller output is depicted in figure 5.20, while the outer pipe mass flow

rate obtained by the FLC is shown in figure 5.21.
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Figure 5. 18: Hot fluid mass flowrate

In terms of ITAE FLC recorded 388 while the PID controller recorded 122, which reveals
that the PID performance is slightly better than the FLC in this scenario. The cold fluid

outlet temperature is illustrated in figure 5.22.
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Figure 5. 19: Hot fluid outlet temperature under varying mass flow rate
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Figure 5. 20:Cold fluid mass flow rate under varying hot fluid mass flow rate (PID)
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Figure 5. 21:Cold fluid mass flow rate under varying hot fluid mass flow rate (Fuzzy)
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Figure 5. 22:Cold fluid outlet temperature under varying hot fluid mass flow rate
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5.4.4 Varying Inlet Temperatures

This scenario investigates the effect of variation of feedback controlled DPHE inlet
temperatures on the controller performance. The hot fluid inlet temperature has been
altered within the range 95 °C to 105 °C , at the same time the cold fluid inlet temperature

has been varied between 17 °C and 23 °C as established in figure 5.23.
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Figure 5. 23: Inlet temperatures

Figure 5.24 shows the response of the inner pipe outlet temperature, where both controllers
show an excellent response. Considering ITAE, FLC recorded 475 where PID recorded
36.16. Figures 5.25 and 5.26 depict the mass flow rate obtained from the PID controller

and FLC, respectively. The outer pipe outlet temperatures are illustrated in figure 5.27.
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Figure 5. 25: Cold fluid mass flow rate under varying inlet temperatures (P1D)
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Figure 5. 27: Cold fluid outlet temperature under varying inlet temperatures

68




5.4.5 Fouling Build-Up

In this scenario, the fouling build-up has been deemed where the fouling resistance is
varied, as demonstrated in figure 4.5, to investigate the fouling influence on the FLC and
PID controller performance. The build-up of fouling starts after 5 hours and continues until
it reaches the peak value at the end of the simulation period, which is equivalent to a
reduction in the heat transfer coefficient by 50%. As shown in figure 5.28, both controllers
demonstrated excellent regulation capability. The FLC witnessed an ITAE equals 80.9

versus 5.4 for the PID controller.

Figures 5.29 and 5.30 show the cold fluid flow rate attained from the PID controller and
FLC, correspondingly, while figure 5.31 depicts the DPHE cold fluid outlet temperature

using both PID and FLC.
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Figure 5. 28: Hot fluid outlet temperature under fouling build-up
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Figure 5. 30: Cold fluid mass flowrate under fouling build-up (Fuzzy)
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Figure 5. 31: Cold fluid outlet temperature under fouling build-up

5.4.6 Measurement Noise

In this scenario, a band-limited white noise as illustrated in figure 5.32 has been injected
into the inner pipe outlet temperature to simulate the measurement noise. as shown in figure
5.33, FLC demonstrated a robust performance against the measurement noise with IATE
equals to 1517. In contrast, the PID showed a remarkable deterioration in its performance
due to the presence of measurement noise where it recorded IATE equals to 3006.
Moreover, The PID controller output experiences a high chattering level as demonstrated
in figure 5.34 which can reduce the lifetime of the control element ('a valve or a pump).

The FLC shows a smooth output as depicted in figure 5.35.
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Figure 5. 33: Hot fluid outlet temperature under output noise.
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5.5 Concluding Remarks

4000 4500

5000

Two control schemes have been implemented to control the counter flow DPHE. Firstly, a

PID controller has been presented where the controller parameters have been optimized

using a harmony search metaheuristic algorithm. Then a fuzzy logic controller has been

implemented to manipulate the rate of change in the mass flow rate of the outer pipe (cold)

fluid. Six scenarios have been considered to evaluate both controllers where PID showed

a better performance in terms of ITAE in the first five scenarios. However, considering the

measurement noise as illustrated in the last scenario FLC shows superior performance and

robustness.
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CHAPTER 6

CONCLUSION AND FUTURE WORK

6.1 Conclusion

A numerical model has been developed for the double pipe heat exchanger considering
both thermal and hydraulic characteristics as well as modelling the fouling build-up effect
on the heat exchanger where a single-phase flow regime is assumed.

Data-driven models for fouling estimation and prediction are developed. A feedforward
neural network has been employed for fouling estimation, while a long short-term memory
(LSTM) neural network has been deployed for fouling prediction. The estimation model
requires only the measurements of pressure drop beside the inner and outer tube outlet
temperatures. The training and validation data for the estimation model are obtained from
the numerical simulation of the DPHE model, considering a counter flow arrangement,
where an asymptotic fouling regime was assumed. Given the historical values of the
estimated fouling, an LSTM based prediction model can predict the future trend of the
fouling build-up. Both estimation and prediction models showed excellent performance in
this case study.

Two control schemes have been considered for fouling compensation. Firstly, a PID
controller optimized using harmony search metaheuristic algorithm has been realized to
control the inner pipe (hot) fluid outlet temperature of a counter-flow heat exchanger
undergoing fouling. A fuzzy logic controller has been implemented for the same objective
by manipulating the rate of change in the mass flow rate of the outer pipe (cold) fluid. Both

controllers showed excellent performance in terms of compensating the fouling build effect
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on the controlled temperature. However, the FLC demonstrated better performance when

the process variable measurement noise is considered.

6.2 Future Work

1. Extend the study to address heat exchangers that experience a multi-phase flow.
2. Investigate fouling estimation and compensation for other heat exchangers types.

3. Investigate the possibility of detecting fouling location in heat exchanger networks.
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