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The optimal design of a heat exchanger system is based on given model parameters to-

gether with given standard ranges for machine design variables. The goals set for mini-

mizing the Life Cycle Cost (LCC) function which represents the price of the saved energy,

for maximizing the momentary heat recovery output with given constraints satisfied and

taking into account the uncertainty in the models were successfully done.

Nondominated Sorting Genetic Algorithm II (NSGA-II) for the design optimization of a

system is presented and implemented in Matlab environment.Markov Chain Monte Carlo

(MCMC) methods are also used to take into account the uncertainty in the models. Results

show that the price of saved energy can be optimized. A wet heat exchanger is found to

be more efficient and beneficial than a dry heat exchanger eventhough its construction

is expensive (160 EUR/m2) compared to the construction of a dry heat exchanger (50

EUR/m2). It has been found that the longer lifetime weights higher CAPEX and lower

OPEX and vice versa, and the effect of the uncertainty in the models has been identified

in a simplified case of minimizing the area of a dry heat exchanger.
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NOTATIONS

General

A area [m2]

a
′

present value factor [-]

a
′′

escalation term [%/a]

C constant [-]

C covariance [-]

cp specific heat capacity [kJ/kgK]

d slot size [m]

D hydaulic diameter [m]

e energy price [EUR/kWh]

E energy [kWh]

F correction factor [-]

f friction factor [-]

f(X|θ) model with knownX and unknown parametersθ [-]

H height [m]

h mass specific enthalpy [kJ/kg]

I investment [EUR]

K loss coefficient [-]

K annual maintenance costs of the system [EUR/a]

k thermal conductivity of the fluid [W/mK]

L length [m]

l latent heat [kJ/kg]

ln natural logarithm [-]

N number of slots [-]

Nu Nusselt number [-]

P pressure [Pa]

p probability [-]

p(θ|Y ) joint probability distribution ofθ andY [-]

p(Y |θ) likelihood [-]

pǫ PDF of errorǫ [-]

Pr Prandtl number [-]

r nominal interest rate [%/a]

Re Reynolds number [-]



S thickness [m]

SSθ sum of squares with parametersθ [-]

T temperature [oC]

t life span of the project [a]

qm mass flow rate [kg/s]

q(.|θ) proposal distribution at pointθ [-]

Y Measurements [-]

V volumetric flow rate [m3/s]

U overall heat transfer coefficient [W/m2K]

w fluid velocity [m/s]

x absolute humidity of air [gH2O/kg]

X design matrix [-]

W width [m]

Greek letters

α heat transfer coefficient [W/m2K]

∆ difference [-]

ǫ measurement error [-]

Φ heat transfer energy [kW]

Φ
′′

heat flux [W/m2]

µ dynamic viscosity of the fluid [kg/s m]

πpr(θ) prior [-]

π(θ|Y ) posterior [-]

θ unknown parameter [-]

ρ density [kg/m3]

σ2 variance [-]



Subscripts

a air

c cold

CF counter flow

dp dew point

DHR dry heat recovery unit

e electrical energy

exh exhaust fluid

HE heat exchanger

h hot

i input

j index

l loss

lm log mean

p pump

PF parallel flow

s surface

supp supply fluid

o output

tot total

WHR wet heat recovery unit

∞ free stream conditions



1 Introduction

Heat exchangers are examples of distributed systems in which the dynamics in principle

may be described by physical laws concerning mass, energy and momentum. One impor-

tant property of heat exchangers is that the dynamic response depends upon the operating

points of the massflows and temperatures. For instance, transport lags and time constants

depend on massflow, and the heat transfer coefficient is a function of both temperature

and massflow. This has to be accounted for in the model if it is to be valid over a wide

range of operating conditions [1].

In practice, heat exchangers are devices that are used to cool or heat a fluid by exchanging

thermal energy with another fluid entering at a different temperature [2]. Depending on

the application, different types and geometries of heat exchangers are available on the

market. Among them plate heat exchangers composed of several plates separated by

empty spaces calledductare considered in this study.

Designing optimal heat exchanger networks has been the subject of numerous studies

during the last decade [3, 4, 5]. Many methods can be found in literature for optimization

problems, based on different strategies, most of the time developed for a specific class of

models. In engineering applications, most of the time engineers responsible for the design

of industrial devices have to face problems with more than one objective to fulfill at the

same time [6].

In this Master’s thesis, we consider specificallymulti-objectiveoptimization problems

due to the fact that the goals set is to minimize the Life CycleCost (LCC) function which

represents the price of saved energy, to minimize the heat exchanger network area to-

gether with maximizing the momentary heat recovery output at the same time, for that

reason, multi-objective evolutionary algorithms are of great use. The key feature of these

algorithms is that they are population based which enables them to find a diverse set of

Pareto optimal solutions in a single simulation run. Havinga vast interval for Pareto op-

timal solutions is a great advantage in order to assess different regions of attraction for a

particular model parameter [7].

The considered heat recovery system is composed of two different connected heat ex-

changers such as dry and wet heat exchangers. The dry heat exchanger system is mainly

used for heating and cooling the air fluid, while the wet heat exchanger is used for heat-

ing the water fluid. The whole system is equipped with steam heat exchangers which
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provide additional energy when heat recovery capacity is not enough for example during

really cold periods or other extra load situations. There are also other machines which are

mainly used to pump the fluid flow through the heat exchangers.Now, the question is to

find out an effective way to optimize the price of the saved energy which can be gained

from the heat recovery units together with minimizing the area of the system.

Formulation of the LCC function for minimizing the price of the saved energy for the

system, the cost function for minimizing the area of the system, and the cost function

for maximizing the heat recovery output are given and optimized using Nondominated

Sorting Genetic Algorithm II (NSGA-II) are presented in this study. After that, Markov

Chain Monte Carlo (MCMC) methods are used on top of optimization results to take into

account the uncertainty in the models.

This Master’s thesis is divided into nine Chapters. Chapters 2, 3 and 4 give details for

the background about the heat exchanger system considered in this project work, starting

from the problem description, following by a brief review about structure and operating

principals of dryer section heat recovery and ending with heat exchanger analysis and

model description of both dry and wet heat exchangers. Chapter 5 comes up with our

different optimization models and the presentation of NSGA-II algorithm. The MCMC

methods and how they are used inside the optimizer are explained in Chapter 6. The

implementation methodology of the case study and the main optimization and MCMC

results are presented and discussed in Chapter 7 and 8 respectively. The last Chapter

briefly concludes the work done.
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2 Problem Description

Dryer section heat recovery has an important role in the paper machine energy economy.

The purpose of dryer section is to evaporate water from the paper web, which by far

is the most energy intensive unit operation of the whole paper manufacturing process.

Primary energy brought to the dryer section is transferred to the surrounding drying air

and removed from the dryer section. Most of this energy are recovered in dryer section

heat recovery.

The dryer section consists of a sequence of heat exchangers with different heat transfer

rates to different streams. Having a significant impact on the economy, this presents a

challenging task to those responsible for design. For that reason, the problem to be solved

in this Master’s thesis is described as follows. Given are a set of exhaust fluid arranged in

a vertical direction and a set of supply fluid arranged in an horizantal direction with their

corresponding mass flow and target temperatures. Corresponding specific heat capacity,

heat transfer coefficients and the supply energy needed for the whole system are calculated

from the models describing different type of heat exchangers of the system. The physical

properties for the flow rates such as dynamic viscosity, density, thermal conductivity, etc

are also given. An example of a simplified case of the heat exchanger system composed

of two different heat exchangers is presented in Figure 1.

DT

Supply water

Steam HE Outgoing exhaust air

Steam HE

T
final

Pump

Pump

T
final

Exhaust air

Supply air

Figure 1: Example of dry and wet heat exchanger system.

In Figure 1 the first sub-process is mainly composed of an air-to-air heat exchanger with-

out having a phase change of working fluids during the operation and is recognized as

a dry heat exchanger, while the second sub-process is composed of an air-to-water heat
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exchanger having a condensation phenomenon occurring in one of the two streams during

the process of energy exchange, and is termed awet heat exchanger. The two heat ex-

changers are connected in such a way that the outgoing exhaust fluid temperature from the

dry heat exchanger is the incoming exhaust fluid temperatureof the following wet heat

exchanger. The current utility functions for heating different supply fluids to a desired

temperatureTfinal can be deduced from the heat exchanger models described in section

4.1.3. The design of this heat recovery system must take intoaccount investment and

operation costs, space requirements, alternative heatingpossibilities, the permanance of

the heating demand, and other mills specific characteristics.

Now the question is, how to create and to minimize the Life Cycle Cost (LCC) function

which represents the price of saved energy, how to minimize the whole system network

area, how to maximize the momentary heat recovery output with given constraints satis-

fied, and how the uncertainty in the models for the simplified case (dry heat exchanger

sub-process) can be taken into account during the optimization process.

Several objectives can be specified, and these include the minimization of total costs (in-

vestment and operating costs) where the investment term includes the cost of different

heat recovery units involved in the system, costs paid for heating unit in the case where

heat exchangers do not produce enough energy for heating demand. The operating costs

include electrical energy costs used by the pump machines and the costs paid for the ad-

ditional steam energy in the process. The production process target is to minimize the

current energy consumption and maximize the momentary heatrecovery output.

3 Structure and Operating Principals of Dryer Section

Heat Recovery

The purpose of a paper machine dryer section is to evaporate water from the paper web.

The dry solids content of the web typically is about33...55% after the mechanical water

removal sections and increases to90...95% in dryer section. The dominant method for

evaporative process is contact drying with steam-heated cylinders as shown in Figure 2.

Almost all the primary steam needed for papermaking is used in the dryer section, which

makes it a very energy intensive process.
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Figure 2: Fine paper machine [8].

Dryer section is separated from the surrounding machine hall with a hood to ensure op-

timal conditions for the drying process inside. Water evaporated from the paper web is

transferred to the surrounding drying air. The humidified drying air is removed from the

ceiling of the dryer hood with pumps and exhausted outside through a heat recovery sys-

tem. In practice all the energy used in the dryer section is finally contained in exhaust air,

which makes it an excellent source of secondary energy. The purpose of heat recovery is

to transform part of this energy back to an available form.

The temperature of exhaust air from the dryer hood typicallyis 80...85oC and the humidity

120...180 gH2O/kg of dry air. The dryer hood exhaust air system has two to four heat

recovery stacks depending on the amount of exhaust air. In a modern paper machine heat

is recovered to hood supply air, process water, and the circulation water of machine hall

ventilation. Heat recovery to white water is also possible [8]. A typical construction of a

heat recovery stack is presented in Figure 3.
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Figure 3: Heat recovery stack of a modern paper machine [8].

Modern heat recovery stacks have two types of heat exchangers. Ai-to-air heat recovery

often called dry heat recovery (DHR) units because there is no condensation occuring on

the hot side are used for the heating of supply air, and air-to-water heat recovery often

called wet heat recovery (WHR) units because of the condensation phenomenon occuring

on the surface are used for the heating of process water, circulation water, or white water.

The DHR units are crosscurrent plate heat exchangers consisting of parallel plates joined

together. Exhaust air passes through in vertical and supplyair in horizontal direction.

Separate DHR heat exchanger units can be connected to form larger units in a combined

counter- and crossflow pattern. Supply air can reach temperatures50...60oC, after which

heating to the final temperature100oC is done with steam (Steam HE). Heat transfer

between exhaust air and supply air is mainly convective although little condensation may

occur. The structure of DHR unit is presented in Figure 4.
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Figure 4: Dry heat recovery (DHR) unit [8].

Wet heat recovery (WHR) unit is an air-to-water heat exchanger. The WHR unit consists

of a number of heat exchanger elements stacked in a frame. Water flows in counter- and

crossflow pattern through channels inside plate elements, which are formed by lamel-

lae joined together. The plate elements are connected with headers. Exhaust air passes

through between the elements in vertical direction. Heat istransferred mainly by conden-

sation on exhaust air side and by convection on water side. The units can be combined

together in almost any combination [8]. The structure of a WHR heat exchanger unit is

presented in Figure 5.

Figure 5: Wet heat recovery (WHR) unit [8].

Dryer section heat recovery is very sensitive to changes in the surroundings conditions. If
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one part of the heat recovery is affected by changes, the sequential nature of the system

passes the effect on to next parts. This makes the behavior ofheat recovery unpredictable.

The most important process variables affecting the performance of heat recovery are the

mass flow rates and inlet temperatures of all the streams, andthe humidity of exhaust air.

3.1 Thermodynamics of Dryer Section Heat Recovery

Energy from the humid dryer section exhaust air is transferred by several physical mech-

anisms. These mechanisms determine the rate of energy and the temperature levels in

which heat can be recovered [8]. It is therefore, essential to understand these effects as

they lay the foundation of the whole study.

Heat transfer requires the presence of temperature difference. Convection is associated

with heat transfer between a surface and a fluid over the surface. Typically, the energy

that is being transfered is the internal thermal energy of the fluid. Regardless of the par-

ticular nature of the convection process, the heat transferrate equation is of the form

Φ
′′

= α(Ts − T∞) (1)

where,Φ
′′

is the heat flux proportional to the difference between the surface and fluid

temperaturesTs andT∞, respectively. The value of convective heat transfer coefficientα

depends on conditions in the boundary layer, which are influenced by a surface geometry,

the nature of fluid motion and a mixture of fluid termodynamic and transport properties,

i.e. the values of heat transfer coefficients depend on numerous fluid properties such as

density, dynamic viscosity, thermal conductivity, specific heat, surface geometry, diffu-

sion properties, etc [8].

The first step in the treatment of any convection problem is todetermine whether the

boundary layer is laminar or turbulent. In fully turbulent flow convection coefficient in-

creases significantly compared to flow in the laminar and transition regions. A dimen-

sionless variable determining the degree of turbulence, the Reynolds number is defined

as:
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Re =
wρD

µ
(2)

where the Reynolds number is related to the densityρ, flow rate velocityw, the dynamic

viscosity of the fluidµ, and the hydaulic diameterD. The Reynolds number may be

interpreted as the ratio of inertia to viscous forces in the velocity boundary layer.

The Prandtl number is the ratio of the momentum and thermal diffusivities and it is defined

as

Pr =
cpµ

k
(3)

where the Prandtl number is related to the ratio between specific heat capacitycp, and

dynamic viscousity, and the thermal conductivityk of the fluid.

The third dimensionless parameter, the Nusselt number provides a measure of the con-

vective heat transfer occuring at the surface.

Nu =
αD

k
(4)

3.2 Empirical Correlations for Convection Coefficient

Heat transfer correlations can be obtained experimentally. From the knowledge of hy-

daulic diameterD and fluid properties, the Nusselt number, Reynolds number, and the

Prandtl number can be computed from their definitions, Equations 2- 4. The results asso-

ciated with a given fluid may be represented by an algebraic expression of the form

Nu = CRemPrn (5)

The specific values of the coefficientC, and the exponentsm andn vary with the nature

of the surface geometry and type of flow. In this study the heatexhangers in dryer section

heat recovery are be modeled using empirical convection correlations defined for fully

turbulent flow where the Reynolds number is varying between104 and106.
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4 Paper Machine Heat Exchangers

The process of heat exchange between two fluids that are at different temperatures and

separated by a solid wall occurs in many engineering applications. The device used to

implement this exchange is termed aheat exchanger, and specific applications may be

found in space heating and air-conditioning, power production, waste heat recovery, and

chemical processing.

Heat exchangers are typically classified according toflow arrangementandtype of con-

struction. The simplest heat exchanger is one for which the hot and coldfluids move in

the same or opposite direction in aconcentric tube(or double pipe) construction. In the

parallel-flow type, the hot and cold fluids enter at the same end, flow in the same direc-

tion, and leave at the same end. In thecounterflowtype, the fluids enter at opposite ends,

flow in opposite directions, and leave at opposite ends.

The basic designs of heat exchangers are shell-and-tube heat exchanger and plate heat

exchanger, although many other configurations have been developed. Many types can be

grouped according to flow layout in:

• Shell-and-tube heat exchanger (STHE), where one flow goes along a bunch of tubes

and the other within an outer shell, parallel to the tubes, orin cross-flow.

• Plate heat exchanger (PHE), where corrugated plates i.e. plates formed in rows are

held in contact and the two fluids flow separately along adjacent channels in the

corrugation.

• Open-flow heat exchanger, where one of the flows is not confinedwithin the equip-

ment. They originate from air-cooled tube-banks, and are mainly used for final heat

release from a liquid to ambient air, as in the car radiator, but also used in vaporisers

and condensers in air-conditioning and refrigeration applications, and in directly-

fired home water heaters.

• Contact heat exchanger, where the two fluids enter into direct contact [1].

This Master’s thesis is dealing with plate heat exchangers which are mainly used in the

current industrial project.
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4.1 Heat Exchanger Analysis

To design or to predict the performance of a heat exchanger, it is essential to relate the

total heat transfer rate to quantities such as the inlet and outlet fluid temperatures, the

overall heat transfer coefficient, and the total surface area A for heat transfer. Two such

relations may readily be obtained by applying overall energy balances to the hot and cold

fluids. In particular, ifΦ is the total rate of heat transfer between the hot and cold fluids

and there is negligible heat transfer between the exchangerand its surroundings, as well

as negligible potential and kinetic energy changes, then,

Φ = qm,h(hh,i − hh,o) (6)

and

Φ = qm,c(hc,o − hc,i) (7)

whereh is the fluid specific enthalpy. The subscriptsh andc refer to the hot and cold

fluids, whereasi ando designate the fluid inlet and outlet conditions. If the fluidsare

not undergoing a phase change and constant specific heats areassumed, these expressions

reduce to





Φ = qm,hcp,h(Th,i − Th,o)

Φ = qm,ccp,c(Tc,o − Tc,i)
(8)

where the temperatures appearing in the expressions refer to meanfluid temperature at

the designated locations. Note that the equations described above are independent of the

flow arrangements and heat exchanger type.

Another useful expression may be obtained by relating the total heat transfer rateΦ to the

temperature difference∆T between the hot and cold fluids, where

∆T ≡ Th − Tc (9)

Such an expression would be an extension of Newton’s law of cooling (See Appendix I),

with the overall heat transfer coefficientU used in place of the single convection coeffi-
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cientα. However, since∆T varies with position in the heat exchanger, it is possible to

work with a rate equation of the form

Φ = UA∆Tm (10)

where∆Tmis an appropriatemeantemperature difference.

4.1.1 The Parallel-Flow Heat Exchanger

The hot and cold temperature distributions associated witha parallel-flow heat exchanger

are shown in Figure 6. The temperature difference∆T is initially large but decays rapidly

with increasingx axis, approaching zero asymptotically. It is important to note that, for

such an exchanger, the outlet temperature of the cold fluid never exceeds that of the hot

fluid. In Figure 6 the subscripts1 and2 designate opposite ends of the heat exchanger.

This convention is used for all types of heat exchangers considered. For parallel flow, it

follows thatTh,i = Th,1, Th,o = Th,2, Tc,i = Tc,1, andTc,o = Tc,2.

Figure 6: Temperature distributions for a parallel-flow heat exchanger [1].
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The form of ∆Tm may be determined by applying an energy balance to infinitesimal

elements in the hot and cold fluids. Each element is of lengthdx and heat transfer surface

areadA, as shown in Figure 6. The energy balances and the subsequentanalysis are

subject to the following assumptions.

1. The heat exchanger is insulated from its surroundings, inwhich case the only heat

exchange is between the hot and cold fluids.

2. Axial conduction along the surface is negligible.

3. Potential and kinetic energy changes are negligible.

4. The fluid specific heats are constant.

5. The overall heat transfer coefficient is constant.

The specific heats may of course change as a result of temperature variations, and the

overall heat transfer coefficient may change because of variations in fluid properties and

flow conditions. However, in many applications such variations are not significant, and it

is reasonable to work with average values ofcp,c, cp,h andU for the heat exchanger.

After some mathematical algebra done in Appendix II the heattransfer across the surface

areaA can be be expressed as

Φ = UA∆Tlm (11)

where

∆Tlm =
∆T2 − ∆T1

ln (∆T2/∆T1)
=

∆T1 − ∆T2

ln (∆T1/∆T2)
(12)

Remember that, for theparallel-flow exchanger,





∆T1 = Th,i − Tc,i

∆T2 = Th,o − Tc,o

(13)

For more details about the derivation oflog mean temperature difference, ∆Tlm, see the

Appendix II.

20



4.1.2 The Counterflow Heat Exchanger

The hot and cold fluid temperature distributions associatedwith a counterflow heat ex-

changer are shown in Figure 7. In contrast to the parallel-flow exchanger, this configu-

ration provides for heat transfer between the hotter portions of the two fluids at one end,

as well as between the colder portions at the other. For this reason, the change in the

temperature difference,∆T = Th − Tc, with respect tox is now here as large as it is for

the inlet region of the parallel-flow exchanger. Note that the outlet temperature of the cold

fluid may now exceed the outlet temperature of the hot fluid.

Figure 7: Temperature distributions for a counter-flow heatexchanger [1].

Equations group 8 applies to any heat exchanger and hence maybe used for the counter-

flow arrangement. Moreover, the same analysis like that performed in the parallel-flow

case is also applied in this case, it may be shown that Equations 11 and 12 also apply.

However, for thecounterflow exchangerthe endpoint temperature differences must now

be defined as




∆T1 = Th,i − Tc,o

∆T2 = Th,o − Tc,i

(14)
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Note that, for the same inlet and oulet temperatures, the logmean temperature difference

for counterflow exceeds that for parallel flow,∆Tlm,CF > ∆Tlm,PF . This is because under

the special operating conditions the temperature of the hotfluid remains approximately

constant throughout the heat exchanger, while the temperature of the cold fluid increases,

and this affects the calculation of log mean temperature difference of both parallel and

counterflow heat exchangers. Hence the surface area required to effect a prescribed heat

transfer rateΦ is smaller for the counterflow than for the parallel-flow arrangement, as-

suming the same valueU .

4.1.3 Dry and Wet Heat Exchanger Models

Heat exchangers can be applied to transfer energy between two air streams for the purpose

of ventilation in air conditioning or in any other applications. In certain applications, con-

densation of water might occur in one of the two air streams during the process of energy

exchange. In such a case, the heat exchanger is termed awet heat exchanger. Conversely,

a heat exchanger without having phase change of working fluids during operation is rec-

ognized as adry heat exchanger. The effectivenessǫ of a dry heat exchanger usually

is expressed as a function ofnumber of transfer units(NTU), and ratio of flow capacity

rates (see Appendix III). Once the size and operating flow rates are determined, the heat

transfer performance of a dry heat exchanger is known.

Therefore, the calculation of total heat transfer in the case of convective heat transfer

without condensation occuring over the surface is given by [1]:






Φ = qm,ccp,c(Tc,o − Tc,i)

Φ = qm,hcp,h(Th,i − Th,o)

Φ = FUA∆Tlm

(15)

whereU is the overall heat transfer coefficient between hot and coldair fluids, and is

defined as

1

U
=

1

αh

+
Sw

kw

+
1

αc

(16)

whereSw is the thickness of heat transfer surface,kw is the thermal conductivity of the

heat transfer surface, andαh andαc are convective heat transfer coefficients for hot and

cold fluids respectively, and
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qm,c mass flow of cold air flow rate [kg/s]

qm,h mass flow of hot air flow rate [kg/s]

cp,c specific heat capacity of cold air flow rate [kJ/kgK]

cp,h specific heat capacity of hot air flow rate [kJ/kgK]

Tc,i incoming cold air temperature [oC]

Tc,o outgoing cold air temperature [oC]

Th,i incoming hot air temperature [oC]

Th,o outgoing hot air temperature [oC]

A surface area of heat exchanger [m2]

U overall heat transfer coefficient between streams [W/m2K]

∆Tlm log mean temperature difference for counterflow heat exchanger [oC]

F correction factor [-]

F is used to scale log mean temperature difference calculatedby assumption of counter-

flow heat exchanger to cross flow or multi-pass configuration [1].

The heat transfer process in a wet heat exchanger is much morecomplicated than that in

a dry heat exchanger. The effectiveness of wet heat exchangers so far has not been clearly

defined. The heat transfer performance of a wet heat exchanger is not only related to its

geometric size and operating flow rates, but also to its temperatures and humidity ratios

[9].

In the case of condensation, the effect of latent heat must beincluded in the model. Con-

densation occurs when the temperature of a vapor is reduced below its saturation temper-

ature. If a surface has a lower temperature than the dew point, the latent energy of the

vapor is released, heat is transferred on the surface, and condensate is formed. Regardless

of whether it is in the form of a film or droplets, the condensate provides a resistance to

heat transfer between the vapor and the surface.

If the humid air is marked with index1, the surface of the heat exchanger on the air

side with index s, and the fluid on the other side with index2, the heat transfer rate in

condensation can be written as follows [8]:

Φ = α1A1(T1 − Ts) + ṁ
′′

c A1l(Ts) =
A2

S
λs

+ 1
α2

(Ts − T2) (17)
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where theα1 is the convection coefficient of humid air,A1 the surface area on the humid

air side,T1 the temperature of humid air,Ts the surface temperature on the humid air side,

ṁ
′′

c the mass flux of condensation on the humid air side,l the latent heat of condensation,

A2 the surface area of the fluid2 side,S the thickness of the heat exchanger surface,λs

the thermal conductivity,α2 the convection coefficient of flow2, andT2 the temperature

of fluid 2 side. The detailed description about the wet heat exchangermodels can be found

in [8, 10, 11].

4.2 Calculation of Pressure Drop

To transfer the supply fluid between sub-processes a suitable heat exchanger network

design is needed. Dimensioning of the heat recovery system is based on the following

main parameters which are valid for both dry and wet heat recovery units:

• Incoming and outgoing exhaust fluid temperatures

• Incoming and outgoing supply fluid temperatures

• Supply mass flow

• Exhaust mass flow

• Maximum allowable pressure drop over the heat recovery units

To dimension the heat recovery system the entire dimensioning topology has to be de-

signed. This kind of complex system can be solved by the following rules [12].

• Mass flow of the exhaust air is the same in all heat recovery units

qm,1 = qm,2 = qm,3 = ... = qm,i (18)

whereqm,i is the mass flow of the exhaust air for the heat recovery uniti.
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• Total head loss through the system equals the sum of head lossin each heat recovery

unit

∆Ptot =

n∑

i=1

∆Pi (19)

where

∆Ptot total pressure drop over the entire system [Pa]

∆Pi pressure drop over the heat recovery uniti [Pa]

Furthermore, the pressure loss for each part of the system can be calculated as follows:

∆Pi =
V 2

i

2g

(
fiLi

di
+

∑
K

)
(20)

where

fi friction factor for the surfacei [-]
∑

K sum of loss coefficients for the heat recovery uniti [-]

Li length of the surfacei [m]

g gravitational acceleration [m/s2]

The calculation of pressure drop for the heat recovery unit has two sides. On both exhaust

and supply fluid directions, the pressure drop over the heat recovery unit is the sum of the

pressure drop at the entrance of the duct, pressure drop along the duct and the pressure

drop at the exit of the duct.
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5 Optimization Models and Techniques

Optimization is the process of making something better. An engineer or scientist conjures

up a new idea and optimization improves on that idea. Optimization consists of trying

variations on an initial concept and using the information gained to improve on the idea.

Optimization can be distinguished by either discrete or continuous parameters. Discrete

parameters have only a finite number of possible values, whereas continuous parameters

have an infinite number of possible values. Discrete parameter optimization is also known

as combinatorial optimization, because the optimum solution consits of certain combina-

tion of parameters from a finite pool of all possible parameters. However, if we are trying

to find the minimum value off(x) on real axis, it is more appropriate to view the problem

as continuous.

Parameters often have limits or constraints. Constrained optimization incorporates pa-

rameter equalities and inequalities into the cost function. Unconstrained optimization

allows the parameters to take any value. A constrained parameter often converts into an

unconstrained parameter through a transformation of variables. Some algorithms try to

minimize the cost by starting from an initial set of parameter values. These minimum

solvers or algorithms easily get stuck in local minima but tend to be fast. Therefore, they

are the traditional optimization algorithms and are generally based on calculus methods

[13].

5.1 Optimization Models

In an optimization problem, the main goal is to optimize (maximize or minimize) one or

several cost functionsfm(X) which depend on several variables

X = (x1, x2, . . . , xn)

These are called control variables because the function value can be controlled with them

by choosing their values. In many problems the choice of values of X is not totally free

but is subject to some constraints, that, is, additional conditions arising from the nature of

the problem and the variables.
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In this Master’s thesis, the optimization problem has threesides:

• Optimize the LCC function which represents the price of saved energy

• Optimize the structure of the system during the design stage

• Optimize the system output during the process operation

The optimization premise for design is to minimize the Life Cycle Costs (LCC) related

to the saved energy of the system. For a production process the target is to minimize the

current energy consumption and to maximize the momentary heat recovery output.

5.2 Life Cycle Cost (LCC)

Life cycle costing is an economic assessment of an item, system, or facility over its life

time, including the initial purchase price of the equipmentand the annual operating ex-

penses, expressed in equivalent Euros. The primary objective of life cycle costing is

providing input into decision making in any or all phases of aproduct’s life cycle. An-

other important objective in the preparation of LCC models is to identify costs that may

have a major impact on the LCC or may be of special interest forthat specific application.

Life cycle costing is used to compare various options by identifying and assessing eco-

nomic impacts over the life of each option. LCC can also be used to assess the con-

sequences of decisions already made, as well as to estimate the annual operation and

maintenance costs for budgeting purposes. Life cycle costsinclude the value of purchase

and installing costs, maintenance costs, energy consumption, and disposal costs over the

life span of a facility or service. Life cycle costs are summations of cost estimates from

inception to disposal for both equipment and projects as determined by an analytical study

and estimate of total costs experienced during their life.

The most popular technique used for evaluating the profitability of any investment is Life

Cycle Cost Analysis (LCCA) which is defined as a cost-centredengineering economic

analysis. The purpose of LCCA is to estimate the overall costs of project alternatives

and to select the design that ensures that facility will provide the lowest overall cost of

ownership consistent with its quality and function. The objective of LCCA is to choose

the most cost effective approach from a series of alternatives so that the least long term
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cost of ownership is achieved. LCCA helps to justify equipment and process selection

based on total costs rather than the initial purchase price.

During the LCCA both present and future costs should be takeninto account and related

to one another, when making decision. Today’s Euro is not equal to tomorrow’s Euro. A

current Euro is worth more than the prospect of an Euro at somefuture time. The amount

of future worth depends on the investments rate and the length of time of the investment.

A key element in life cycle costing is an assessment using equivalent Euros. Inflation is

also an important consideration in life cycle costing because of the effect it has on the

costs. The life cycle, over which the costs are projected, also influences the value of the

Life Cycle Cost. Therefore, the present value factor may be used to determine the present

value of a future amount of money and it is calculated as follows [14]:

P =
F

(1 + r)t
(21)

where
P present amount of money [EUR]

F future amount of money to be discounted [EUR]

r real interest rate [%/a]

t life cycle or period [a]

The present amount of money may also be calculated as:

P = A
a(at − 1)

a − 1
(22)

where
A amount of money to be discounted [EUR]

a escalation factor [-]

Since the duration of project extends over several years, itis necessary to have a method

of taking into account the uncertainty in the market price ofthe equipments to be used

in the project that might be occur in the future. This is wherethe escalation factors are

used. In other words, the escalation factor is a financial factor used to take into account

the uncertainty in the market price of any product which might occur in the future, and it
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can be calculated as follows:

a =
1 + i

1 − r
(23)

wherei is the escalation rate.

As it was mentioned earlier an effective way to analyze the profitability of the investment

for a heat exchanger system with heat recovery is to use the Life Cycle Cost Analysis

(LCCA) and create the total LCC function for the system and try to minimize that. In this

type of system including heat recovery the target function is created by setting the LCC

costs to be equal with the present value of the saved energy which will represent the price

of the saved energy. The main target is to get the created LCC function to give cheaper

energy price than the same LCC function done for the system using primary energy. In

this context the target function for optimization can be specified as follows [15]:

min

{
LCC

a′Ep

}
(24)

where
a

′

present value factor which takes inflation into account [-]

Ep totally recovered energy [kWh]

Life Cycle Cost for the system includes the investments, energy, maintenance costs and

other costs. Additionally the LCC-term has to include the possible investment or the

taxation subventions and the incomes. If maintenance and running costs differ between

alternatives they have to be counted into the expenses as well. The observation period for

LCC is the total life span of the system. The general LCC function for the heat exchanger

system with heat recovery can be formulated as follows:

LCC =

tlifespan∑

t=0

1

(1 + r)t
It + a

′′

eeeEe + a
′′

hehEh + a
′

K (25)

where
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It investment done to the system at timet [EUR]

r real interest rate [%/a]

a
′′

e escalation term for electrical energy [%/a]

a
′′

h escalation term for heat energy [%/a]

ee electric energy price at the base date [EUR/kWh]

eh heat energy price at the base date [EUR/kWh]

Eh consumed heat energy [kWh]

Ee consumed electric energy [kWh]

K Annual maintenance costs of the system [EUR/a]

The cost functions for different solutions include frequently the terms which are equal

between variants. If the target is to find only the best solution among all alternatives the

constant terms can be neglected. If the target is to derive the absolute value for example

for the price of saved energy then all terms have to be taken into account. This study is

used the approach where part of the model elements are assumed to be the same in spite

of the system size and thus neglected. These assumptions are:

1. Investment is to be done in any case, this means that the constant variables can be

neglected.

2. Maintenance costs are equal, this means thata
′

K = 0

With these assumptions the LCC-term in Equation 25 reduces to the form:

LCC =

tlifespan∑

t=0

1

(1 + r)t
It + a

′′

eeeEe + a
′′

hehEh (26)

To solve the components for Equation 26 the simulation models have to be translated

as cost functions. Generally it can be concerned that the cost functions for sub-models

are all similar type so that is proportional to the total massof the unit dimensioned with

the simulation model. From the practice it is known that thisassumption is valid when

operating with the heat recovery units which have approximately standard dimensions and

operating parameters. This assumption leads to the connection that the needed surface

area or the control volume is directly correlated with the mass of the heat recovery unit.

Now the model is simplified furthermore with the following assumptions:

1. Material thickness is constant in spite of system size, this means thatmunit =

f(Aunit)
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2. Installation of the system does not depend on the system size, this means that the

investment at year zero (I0) will be composed purely based on the material and

equipment prices.

3. The cost for heating surface (heating coil) is indirectlyproportional to the size of

the main heat recovery unit and it is part of the investment term, i.e. I0,coil =

Ccoil(Eh − Ep) whereCcoil is a constant which scales the price of heating surface.

4. The cost of steam heating is also indirectly proportionalto the size of the main heat

recovery unit, i.e.Coststeam = Csteam(Eh − Ep) whereCsteam is a constant which

scales the price of steam heating. This should be included inthe investment term,

too, but it is included in the operating cost term in this case.

5. The cost of electricity consumed by the system during the operating time is also

part of the operating cost term.

The annual saved energyEp located in the function divider can be calculated as follows

[16]:

Ep =

∫ toper

0

ΦHRdt (27)

whereΦHR is the heat recovered energy from the heat recovery units of the system. By

putting these formulas together the complete target function for the optimization can be

specified as follows:

min

{∑tlifespan

t=0
1

(1+r)t It + a
′′

eeeEe + a
′′

hehEh

a′
∫ toper

0
ΦHRdt

}
(28)

During the production process, the main energy consumers inthe heat exchanger system

are heating of the supply air in a dry heat exchanger sub-process and heating of the supply

water or whatever fluid in a wet heat exchanger sub-process. Annual energy consumption

for fluid heating can be calculated from the equation:

Eh = qm,fluidcp

∫ toper

0

(Tfluid − Tin) dt (29)
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In many casesTfluid can be assumed to be constant year around.Tin is the incoming

temperature of the flow rate.

5.3 Combination of Simulation and Optimization

The starting point of this study is an existing heat recoverysystem, for which all pos-

sibilities to improve efficiency are investigated. This includes changing the structure of

heat recovery as well as its operation point. A simulation tool, which enables compari-

son between the performance of heat recovery in its current and changed operational or

structural situations, is needed. This can be done with thermodynamic modeling.

The thermodynamic modeling part for the heat recovery unitsused in this study was done

in [11] and the thermodynamic models are created with Matlabsoftware. There are two

developed main functions, named Dry Heat Recovery (DHR) andWet Heat Recovery

(WHR) according to the type of heat exchanger they represent. Any heat recovery system

can be simulated at any operation point by connecting the DHRand WHR units with each

other in a desired way. The inlet conditions of all the streams and the exact structure of

the heat recovery system has to be known. The programs calculate the outlet temperatures

of all the streams, heat transfer, surface area of heat exchangers, changes in the exhaust

air humidity inside the heat exchangers etc.

During the design optimization, the presented optimization problem can be solved uncon-

strained and all the parameters affecting to the system operation can be arranged to give

the most optimal solution. However, due to the mechanical limitations and also due to

some experimental facts it is better to limit the worst and impossible solutions out and

avoid useless calculation. This is especially important when the model itself is compli-

cated and needs a lot of CPU-time. In this context it is important to notice that many of

the limitations are not constraints for the mathematical optimization but assumptions for

the model itself. Difference between these is remarkable because the constraints affect to

the optimization algorithm and the assumptions to the simulation model.

The presented model contains several parameters which can be adjusted. These parame-

ters vary depending on the model usage, i.e. the operator optimizing design of the system

or optimizing the production operation. In Figure 8 is presented the complete model

where all the parameters are to be subject to optimization. The simplifications for these
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are presented for the current model in the implementation part.
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Figure 8: Parameter table for design optimization (Red : Control variable, Blue: Variable,
Black = Constant).

where
dexh slot size on exhaust fluid side [m]

dsupp slot size on supply fluid side [m]

L plate size on supply fluid side [m]

H plate size on exhaust fluid side [m]

N number of slots inside the heat recovery unit [-]

x amount of humid air in the fluid [gH2O/kg]

The subscriptsexh andsupp indicate the exhaust and supply fluid respectively. After

the model is created by optimizing the physical parameters according to known starting

values the model can be modified and used for the operational optimization, too. This

means that part of the simulation model parameters (geometry parameters) are set con-

stant based on dimensioning and during the daily operation the process parameters are

tuned to produce the optimal system output. The optimization function can also in this

case be LCCA based, but practical approach is to create a function maximizing available

momentary output of the heat recovery during the observation period, together with a

function minimizing the total area of the heat recovery units involved in the whole system

given the geometry constraints satisfied. In this case the target function will be:





maxΦHR

min AHR

(30)
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subject to

L.B≤ geometry parameters≤U.B

WhereL.B andU.B are the lower and upper bounds of the given geometry parameters

respectively.

5.4 Genetic Algorithm (GA)

Over the last decade, genetic algorithms (GAs) have been extensively used as search and

optimization tools in various problem domains, including the sciences, commerce and

engineering. The primary reasons for their success are their broad applicability, ease of

use and global perspective [17].

The concept of a genetic algorithm was first conceived by JohnHolland of the University

of Michigan, Ann Arbor. Thereafter, he and his students havecontributed much to the

development of this field.

Genetic algorithms (GA) are based on principles from genetics and evolution. GAs can be

used to solve optimization problems. GAs are one example of mathematical technology

transfer: by simulating evolution we are actually able to solve optimization problems from

a variety of sources. Instead of a single sample from the solution space, GAs maintain a

population of vectors. New solution vectors are generated using selection, recombination

and mutation. The new vectors are evaluated for their fitness, and the old population is

replaced with a new one. This is repeated until the algorithmconverges or runs out of

time or patience. If the search space of all possible solutions is big enough, we may be

satisfied with a solution which is better than a random guess [18].

The general form of a GA can be summarized as follows:

1. Start with a random generation of an initial population ofN chromosomes

2. Carry out a fitness evaluation,f(x), for eachx chromosome forming the population

3. Apply a crossover operation to the population in order to generate a new one ac-

cording to the following steps:
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• Select two parent chromosomes according to their best fitness.

• Use a crossover probability in order to reproduce the two parents into two new

chromosomes (offspring’s). Note that if crossing the parents is not carried out,

then the offspring’s become an exact replica of their parents.

• Use a mutation probability to modify the new chromosomes.

• Relocate the new chromosomes in the population space.

4. Use this new population for continuing searching the bestsolution, i.e.continue the

execution of the algorithm.

5. Carry out a test for satisfying a convenient convergent criterion, if this condition is

achieved stop the procedure and select the chromosome that has the best fitness as

the solution of the problem.

6. If Step5 is not satisfied then go back to step2 [19].

5.4.1 Multi-Objective Genetic Algorithm (MOGA)

In principle, multiple objective optimization problems are very different from single-

objective optimization problems. In the single-objectivecase, one attempts to obtain

the best solution, which is absolutely superior to all otheralternatives. In the case of

multiple-objectives, there does not necessarily exist a solution that is best with respect to

all objectives because of incommensurability and conflict among objectives. A solution

may be best in one objective but worst in other objectives. Therefore, there usually exist

a set of solutions for the multiple-objective case which cannot simply be compared with

each other. For such solutions, called nondominated solutions or Pareto optimal solutions,

no improvement in any objective function is possible without sacrificing at least one of

the other objective functions [20].
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Fonseca and Fleming (1993) first introcuded a multi-objective GA which used the non-

dominated classification of a GA population. The investigators were the first to suggest

a multi-objective GA which explicitly caters to emphasize nondominated solutions and

simultaneously maintains diversity in the nondominated solutions [17].

5.4.2 Elitist Nondominated Sorting Genetic Algorithm II (NSGA-II)

Nondominated Sorting Genetic Algorithms (NSGA) is a popular nondomination based

genetic algorithm for multi-objective optimization. It isa very effective algorithm but

has been generally criticized for its computational complexity, lack of elitism (combining

the parent and offspring populations during the selection operation) and for choosing

the optimal parameter value for sharing parameterσshare. A modified version, NSGA-II

was developed, which has a better sorting algorithm, incorporates elitism and no sharing

parameter needs to be chosen a priori [21].

The elitist nondominated sorting genetic algorithm II (NSGA-II) is used in this study to

obtain Pareto-optimal solutions. This is a robust algorithm and incorporates the concept

of elitism to make it more powerful than earlier algorithm, NSGA. The MOGA used in

this study is NSGA-II whose its flowchart is given in Figure 9.
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Figure 9: Flowchart for NSGA-II.

Elitist Nondominated Sorting Genetic Algorithm, NSGA-II

1. Population Initialization.

The population is initialized based on problem range and constraints if any, i.e. gen-

erate box,P , of Np parent chromosomes.

2. Nondominated sort.
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The initialized population is sorted based on nondomination i.e chromosomes are

classified intofronts based on nondomination as follows:

• Create new (empty) box,P
′

, of size,Np.

• Transferith chromosome fromP to P
′

, starting with the first.

• Compare chromosomei with each member, e.g.,j, in P
′

, one at a time.

• If i dominates overj, removej from P
′

and put back inP .

• If i is dominated byj, removei from P
′

and put back inP .

• If i andj are nondominating, keep bothi andj in P
′

. Continue for allj.

• Repeat for all chromosomes inP . P
′

constitutes the firstfront of sub-box

(of size≤ Np) of nondominated chromosomes. Assign itRank= 1.

• Create subsequent fronts in (lower) sub-boxes ofP
′

using the chromosomes

remaining inP . Compare these membersonly with members present in the

current sub-box. Assign theseRanks = 2, 3, . . .. Finally, we have allNp

chromosomes inP
′

, boxed into one or more fronts.

This sequential procedure is superior to that used in NSGA where any chro-

mosome is compared to all otherNp − 1 chromosomes.

3. Crowding Distance (See Appendix IV.).

Once the nondominated sort is complete the crowding distance is assigned. Since

the individuals are selected based on rank and crowding distance all the individuals

in the population are assigned a crowding distance value. Evaluate the crowding

distance,Ii,dist, for theith chromosome in any front:

• Rearrangeall chromosomes in frontj in ascending order of the values of any

one of their fitness functions,Fi.

38



• Find the largest cuboid (rectangle for 2 fitness functions) enclosingi that just

touches its nearest neighbors in theF−space.

• Ii,dist ≡
1
2
(sum of all sides of this cuboid).

• Assign large values ofIi,dist to solutions at the boundaries.

This helps maintain diversity in the Pareto set. This procedure is superior to

the sharing operation of NSGA.

4. Selection.

Copy the best of theNp chromosomes ofP
′

in a new box,P
′′

(best parents):

• Select any pair,i andj, from P
′

(randomly, irrespective of fronts).

• Identify the better of these two chromosomes,i is better thanj if

Ii,rank 6= Ij,rank : Ii,rank < Ij,rank

Ii,rank = Ij,rank : Ii,dist > Ij,dist

• Copy (without removing fromP
′

) the better chromosome in a new box,P
′′

.

Repeat tillP
′′

hasNp members.

• Copy all ofP
′′

in a new box,D, of sizeNp. Not all of P
′

need be inP
′′

or D.

5. Genetic Operators.

Carry out crossover and mutation of chromosomes inD. This gives a box ofNp

daughter chromosomes.

6. Recombination and Selection.

The offspring population is combined with the current generation population and

selection is performed to set the individuals of the next generation.

Copy all theNp best parents (P
′′

)and all theNp daughters (D) in boxPD (elitism).

Box PD has2Np chromosomes.
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7. Reclassify these2Np chromosomes into fronts (boxPD
′

) usingonly nondomina-

tion.

8. Take the bestNp from boxPD
′

and put into boxP
′′′

.

9. This complete one generation. Stop if criteria are met.

10. CopyP
′′′

into starting box,P. Go to Step 2 above [22].
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6 Markov Chain Monte Carlo Methods in Optimizing a

Heat Exchanger Network

Even though the optimal design parameters can be found usingmultiobjective optimiza-

tion methods, the interpretation of results as statisticalanalysis is arguably more useful,

since as well as identifying the most likely parameters, it is essential to assess the un-

certainty associated with these estimates. Error estimates are not easily available within

the optimization paradigm, yet they are a natural product ofproper statistical inference

[23]. In addition, Markov Chain Monte Carlo (MCMC) methods allow the combination

of both quantitative and qualitative information, i.e., combine plate heat exchanger data

with the intuitive knowledge and experience of heat exchanger practitioners (via prior

distributions: our beliefs about the phenomenon beforehand). This Chapter is introduced

by a closer look on Bayesian inference in parameter estimation, prior distributions, and

ending with description of MCMC methods.

6.1 Bayesian Inference in Parameter Estimation

The general form on nonlinear model is presented in Equation31. The model consists

of measurementsY , known quantitiesX (constants, control variables, etc), unknown

parametersθ, and measurement errosǫ.

Y = f (X, θ) + ǫ (31)

The problem is to estimate the unknown parametersθ based on the measurementsY .

This problem can be solved by different numerical methods based on random sampling

presented in the framework of Bayesian theory. That is, the error and the unknown pa-

rameters in the model are random and have a distribution, they are not thought to have a

single ”correct” value, but different possible values, others being more probable than the

others [24].

In statistical analysis there are two major approaches to inference, the Frequentist and the

Bayesian approach. In general, the goal in statistical inference is to make conclusions

about a phenomenon based on observed data. In the Frequentist framework the obser-

vations made in the past are analyzed with a created model andthe result is regarded as

confidence about the state of the real world. That is, we assume that the phenomenon
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modeled has a statistical stability: the probabilities aredefined as frequencies with which

an event occur if the experiment is run many times. An event with probabilityp is thought

to occurpn times if the experiment is repeatedn times.

In the Bayesian approach the interpretation of probabilityis subjective. The belief quan-

tified before is updated to present belief through new observed data. In the Bayesian

framework the probability is never just a frequency (singlevalue), but a distribution of

possible values. In the previous example the frequencypn can have different values of

which other are more probable than others, for a every claim aprobability can be assigned

that tells how strong our belief about the claim is. That is, the Bayesian inference is based

on assigning degrees of beliefs for different events.

A common task in statistical analysis is the estimation of the unknown model parameters.

The Frequentist approach relies on estimators derived fromdifferent data sets (experi-

ments) and a specific sampling distribution of the estimators. In the Bayesian approach

the solution encompasses various possible parameter values. Therefore, the Bayesian ap-

proach is by nature suitable for modeling uncertainty in themodel parameters and model

predictions.

The Bayesian approach is based onprior andlikelihooddistributions of parameters. The

prior distributions include our beliefs about the problem beforehand, whereas the like-

lihood represents the probabilities of observing a certainset of parameter values. The

prior and the likelihood are updated to a posterior distribution, which represent the actual

parameter distribution conditioned on the observed data, through the Bayesian rule [25].

6.1.1 Bayes’ Rule

As stated above, the Bayesian solution to the parameter estimation task is the posterior

distribution of the parameters, which is the conditional probability distribution of the

unknown parameters given the observed data. That is, we are interested in the distribution

with probability density functionπ(θ|Y ) whereθ denotes the unknown parameter values

andY contains the observations.

To defineπ(θ|Y ) we assume that there is a joint probability density functionp(θ|Y ) that

gives the probability for every combination of parameters and data. In the Bayesian frame-

work this function is expressed as
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p(θ|Y ) = p(Y |θ)πpr(θ) (32)

whereπpr is the prior distribution that describes our prior knowledge of the parameters.

Herep(Y |θ) is the likelihood function that gives the probability of receiving dataY if

we have parameter valueθ. In order to receive the probability density function the joint

probability has to be normalized so that the probabilities sum to value1. This scaling

factor is the density function of all possible measurements, pY (Y ). The posterior density

can now be written in a form of the Bayesian rule [26]:

π(θ|Y ) =
p(Y |θ)πpr(θ)

pY (Y )
(33)

which is analogous to the Bayesian rule from the elementary probability calculus for two

random variableA andB:

P (A|B) =
P (A ∩ B)

P (B)
=

P (B|A)P (A)

P (B)
(34)

The scaling factor (the marginal density of observations) can be calculated as the sum (in-

tegral) over all possible joint probabilities. That is, theBayesian formula can be expressed

with

π(θ|Y ) =
p(Y |θ)πpr(θ)∫

ℜd p(Y |θ)πpr(θ)dθ
(35)

The tricky part in implementing Bayesian inference in practice is the normalizing constant

that requires integration over an often high-dimensional space. This integral is seldom

possible to calculate analytically. Deterministic methods based on the discretization of

the space may not be feasible because of large computationalcomplexity due to high

dimension. This problem can be solved, for example, with Monte Carlo (MC) integration
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methods or with Markov Chain Monte Carlo (MCMC) methods in which the need for

computing these difficult integrals vanishes.

Before moving into MCMC methods in parameter estimation, wetake a closer look on the

role of prior and likelihood distributions from the point ofview of parameter estimation.

6.1.2 Prior Distributions

As mentioned, the prior distribution describes our previous (a priori) knowledge about the

unknown parameters in the model. With properly selecting the prior distribution we can

emphasize the parameters that we know to be more probable than the others.

If we do have any a priori knowledge about the parameters, anuninformative priorcan

be used. This is, we stateπpr(θ) = 1. If we have limits for the parameters, we can assign

a uniform prior for the parameters in the feasible interval [25].

For informative priors it is often useful to use so called conjugate priors. This means that

both the prior and the posterior come from the same family of distributions. Conjugate

priors can be found, for example, for exponential and Gaussian (normal) distributions.

6.1.3 Likelihood in Parameter Estimation

As said, in the Bayesian framework the error term in Equation31 is distributed according

to some distribution that has some probability density function (PDF), saypǫ. If we

assume that the measurement error is independent ofθ, it can be shown that the difference

between the measurements and predicted values is distributed in the same way as the error.

That is, the likelihood can be written as

p(Y |θ) = pǫ(Y − f(X, θ)) (36)

If we assume that the measurement noise is Gaussian with meanzero and covariance

C, that is,ǫ ∼ N(0, C), the likelihood can also be written as the Gaussian PDF for the

difference between measurements and obervations:
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p(Y |θ) =
1

(2π)n/2(detC)1/2
e−0.5(Y −f(X,θ))T C−1(Y −f(X,θ)) (37)

Especially, if we assume that the error termsǫi = Yi − f(Xi, θ) (measurement error

for measurementi) are independent and normally distributed, that isǫi ∼ N(0, σ2) and

ǫ ∼ N(0, σ2I), the likelihood for a certain measurement gets the form

p(Y |θ) =
1

(2πσ2)1/2
e−0.5σ−2(Yi−f(Xi,θ))2 (38)

Since the error terms are assumed to be independent, the combined likelihood of all the

measurements can be written as a product

p(Y |θ) =

n∏

i=1

p(Yi|θ) =
1

(2πσ2)n/2
e−0.5σ−2SSθ (39)

whereSSθ =
∑

i(Yi−f(Xi, θ))
2. This is the basis of the practical implementations. Note

that if measurement errors in different points are identically distributed or if correlations

between error terms exist, the PDF has to be written in full form (Equation 35).

When using an uninformative priorπpr(θ) = 1, also the posterior is known up to the

normalizing constant (integral). That is,

π(θ|Y ) ∝ p(Y |θ) (40)

6.1.4 Point Estimates

We are often interested, besides in the shape of the posterior distribution, in getting some

values that in some sense represent the posterior distribution. We can take the ”most

probable” values of the posterior density that leads tomaximum a posteriori(MAP) [27]:
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θ̂MAP = max
θ

π(θ|Y ) (41)

For the MAP estimate we normally used the unnormalized posterior π(θ|Y ) ∝ p(Y |θ)πpr(θ),

since it is simple to evaluate and results to same estimate. Now,

θ̂MAP = max
θ

p(Y |θ)p(θ) (42)

If we use the non informative prior, the task of finding the MAPreduces to finding the

Maximum Likelihood (ML). The estimate is normally abbreviated as MLE (Maximum

Likelihood Estimate):

θ̂ML = MLE = max
θ

p(Y |θ) (43)

In practice maximizing the likelihood is equivalent to maximizing the log-likelihood func-

tion Llog = log(p(Y |θ)), which is the same as minimizing−log(p(Y |θ)). This results in

the following target function:

−Llog = −log(p(Y |θ)) =

n∑

i=1

0.5σ−2(Yi − f(Xi, θ))
2 + 0.5nlog(2πσ2) (44)

This kind of objective function is often chosen, because it is easier to optimize than the

likelihood itself. Also some optimization routines are especially designed for objective

functions that contains sums of squares. In addition, the optimization routines often as-

sume that the objective function is to be minimized and that is why the minus sign is

used.
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6.2 Monte Carlo Methods

The termMonte Carlo(MC) methods is normally expressed in a very general way. MC

methods are stochastic methods; methods that involve sampling random numbers from

probability distributions to investigate a certain problem. The Monte Carlo methods are

mainly maint for solving two kinds of problems that often arise in statistical analysis. MC

methods provide a way to generate samples from a given probability distribution. On the

other hand they give a solution to the problem of estimating expectations of functions

under some distribution and thus calculating numerical approximations for integrals.

A major issue in statistics is the ability to create samples from a given probability distribu-

tion. In the Bayesian framework, we want to create samples from the posterior density in

order to examine the correlation and accuracy of model parameters and predictions. The

Monte Carlo based methods rely on the possibility of creating random variables from ar-

bitrary and possibly complex distributions. There are different methodology of sampling

from different distributions and the detailed descriptionof these methods can be found in

[25].

6.3 Markov Chain Monte Carlo Methods

In Bayesian analysis for unknown parameters we are often interested in forming the pos-

terior distribution for the parameters. Since this is rarelly possible to do analytically,

we are satisfied with a number of samples from the posterior distribution of the model

parameters. To achieve this by applying the Bayes’ rule given by the Equation 35 one

has to integrate over the whole parameter space to calculatethe normalizing constant for

the posterior density. A numerical approximation can be achieved through Monte Carlo

integration [25]. Especially in high dimensional cases, however, these methods might

be problematic. But with MCMC methods, the posterior distribution can be evaluated

without having to worry about the problematic normalizing constant of the Bayes’ rule.

The main idea behind MCMC methods is to create a certain type of Markov Chain that

represents the posterior distribution. For more detailed description related to the basics

about stochastic processes and Markov Chains, refer to [28].

A Markov Process is a certain type of discrete time stochaticprocess. A Markov Chain is

a series of states created by a Markov Process. Assume that wehave a series of random
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variables,(X(0), X(1), X(2), . . .). This series is a Markov Chain, if the value ofX(t+1)

only depends on the value of the previous stateX(t). Formally,

P (X(t+1) = st+1|X
(0) = s0, X

(1) = s1, . . . , X
(t) = st) = P (X(t+1) = st+1|X

(t) = st)

(45)

wheresi denotes the state of the chain at timei.

In MCMC methods the idea is to create a Markov Chain using random sampling so that

the created chain has the posterior distribution as its unique stationary distribution (lim-

iting distribution). The most basic methods of achieving this, the Metropolis algorithm

and its generalization (Metropolis-Hastings algorithm) are introduced in the following

section.

6.3.1 Metropolis-Hastings Algorithm

The Metropolis-Hastings (MH) algorithm prescribes a simple transition kernel to produce

a Markov Chain that has invariant distributionπ(θ) that can be regarded as a sample from

π(θ). The MH algorithm is based on accept-reject methodology: a new candidate pointθ∗

is created from a proposal distributionq(.|θ) that contains the probabilities for recieving

a certain candidate point given the previous valueθ. The MH algorithm can be written as

follows [25]:

1. Initialization

• Choose a starting pointθ0

• Setθold = θ0

• SetChain(1) = θ0 andi = 2

Choose a new candidate from the proposal distribution:θ∗ ∼ q(.|θold)

2. Accept the candidate with probability

α = min

(
1,

π(θ∗)q(θold|θ
∗)

π(θold)q(θ∗|θold)

)
(46)

• If accepted setChain(i) = θ∗ andθold = θ∗
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• If rejected setChain(i) = θold

3. Seti = i + 1 and go to2.

If we assume a symmetric proposal distribution, that is,q(θ∗|θold) = q(θold|θ
∗), we get a

special case of the MH algorithm called the Metropolis algorithm.

Note here that if we use the Bayesian framework we know the posterior density up to a

normalizing constant. We see that in Equation 46 the constant cancels out. If we assume a

standard nonlinear model(Y = f(X, θ)) with Gaussian noise(ǫ ∼ N(0, σ2I)) and a non-

informative priorπpr(θ) = 1, we can write the acceptance probability for the Metropolis

algorithm as follows:

α = min

(
1,

π(θ∗)

π(θold)

)
= min

(
1,

p(Y |θ∗)

p(Y |θold)

)
= min

(
1, e−0.5σ−2(SSθ∗−SSθold

)
)

(47)

This is a practical form of the acceptance rule and is the basis of the implementation of

MCMC methods in any statistical analysis case. The third step (acceptance step) of the

algorithm can now be written in a more practical way as follows:

3. ComputeSSθ∗ andSSθold
. Accept the candidate ifSSθ∗ < SSθold

or if

u < e−0.5σ−2(SSθ∗−SSθold
) whereu is a random number generated fromU [0, 1].

6.3.2 MCMC Sampling and how the Chain is used Inside the Optimizer

Let us return to the heat recovery model, during the MCMC sampling, the Nusselt num-

bers described in Equation 5 are expressed in a new parametrized form to present the

uncertainty of the Nusselt numbers for both exhaust and supply fluid side of the heat

recovery unit and is written as follows:

Nuexh = θ1Reθ2Prθ3 (48)

Nusupp = θ1Reθ2Prθ4 (49)

respectively. From the Equations 48 and 49 the first two parameters for both exhaust and

supply fluid side are the same, onlyθ3 andθ4 are different.
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The author [11] defines the generalcmnn− model as

Y = f(X, θ) + ǫ (50)

where{θ = θ1, θ2, θ3, θ4} contains thec, m, n, n parameters, andY is thecmnn−model

response, andX contains the synthetical data made fromc, m, n, n constant values, and

ǫ is the noise level used to create the synthetical data. The prior knowledge ofθ param-

eters used in the sampling was assumed to be uniformly distributed, and the chains were

collected after20000 simulations.

During the optimization of the dry heat exchanger sub-process, several cost functions are

optimized at the same time. Both outgoing exhaust and supplyfluid temperatures (Texh,out

andTsupp,out) depend on the incoming fluid properties and control variables of the dry heat

exchanger unit whereas the heat recovered energy (ΦHR) depends on both incoming and

outgoing fluid properties and control variables. This inter-dependence of the parameters

makes the system behaving nonlinearly. For that reason, MCMC methods are used at this

stage to take into consideration the uncertainty in the created models.

Consider a general optimization equation below:

min f(dexh, dsupp, L, H, N) (51)

subject to

L.B≤ dexh, dsupp, L, H, N ≤ U.B

and compute

Ti
supp,out = f(Xin, θi, L, H, N)

Ti
exh,out = f(Xin, θi, L, H, N)

Φi
HR = f(Xin, θi, dexh, dsupp, L, H, N, Tsupp,out, Texh,out)

TheL.B andU.B are the lower and upper bounds for the given control variables.{θi, i = 1, .., j}

are the parameter chains from the Nusselt number for both exhaust and supply fluid, and
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Xin contains the incoming fluid flow variables such as the incoming exhaust and supply

fluid temperatures and their corresponding mass flow, the amount of humid air, etc.

The question is to find out an effective way to use these parameter chains inside the

optimizer to get the distributions of the optimal solution.This question can be solved in

different ways in which three approaches are described as follows:

Approach 1

This approach is applied by fixing the parameter chain (θi) for the heat exchanger model

during the optimization process. This means that the mean value of the chain is given in-

side the optimizer during the cost function evaluations, and the calculation of the predic-

tions of outgoing temperatures and the heat recovered energy is performed by accepting

only solutions which satisfy all the constraints given in Equation 51.

Approach 2

Approach2 is mainly based on the constraints to be considered in the optimization mod-

els. In general all the points from the chain (θi) should be given inside the optimizer during

the cost function evaluations, and the optimization is doneso that all the constraints are

taken into account at the same time, this means that the optimization is done many times

depending on the number of constraints. Due to the CPU time waiting, different random

selected points from the chain are given inside the optimizer instead of the whole chain

(θi). The optimization algorithm has to be run long enough to ensure its convergence.

Approach 3

In general, all the chain points (θi) are given inside the optimizer during the cost func-

tion evaluations. This means that the optimization is done many times depending on the

number of the chain points. In other words, the optimizationis done for every given point

from the chain (θi), and different optimal solutions from different optimization runs based

on different points from the chain have to be saved. However,since the CPU waiting time

in this case is very long different points from the chain haveto be selected randomly

to present the sample, and the population size and generation number have to be bigger
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enough to ensure the convergence of the algorithm.

7 Implementation Methodology of the Case Study

Functional principle of the model is presented in Figure 1 which describles the connec-

tions between the heat recovery units. Mathematical approach and parameters for these

unit processes are presented in the previous sections. To generate the sufficient solver for

the optimization the development environment has to have reasonable function libraries

and solvers to handle the presented nonlinear problems and also to combine optimization

and simulation. Several programming environments includeneeded features for the model

implementation. The project work involves several objective functions to be optimized at

the same time, and this leads to the choice of NSGA-II as one ofthe multiobjective opti-

mization methods to be used. This algorithm is implemented in Matlab environment and

it is described as a package of several Matlab files.

Due to the number of control variables and several sub-models the non-linearity rules the

system character. For that reason, it can be assumed that thesolution domain includes

several local minimums and maximums, and due to this it is important to evaluate the

whole problem field and be sure that the achieved results represent a global optimum.

The plan is to start the optimization with NSGA-II to seek thedomain for the control

variables giving the optimal solution. After the control variables have reached the range

where the values are not any more varying over the given limits the optimization method

will be used to optimize the created cost functions at the same time. After the optimization

step, the MCMC methods will be used inside the optimizer as described in section 6.3.2

for taking into account account the uncertainty in the optimization models.

7.1 Structure of the Heat Recovery Units used in the Case Study

7.1.1 Dry Heat Recovery Unit

As mentioned earlier the dry heat recovery (DHR) unit is composed of several plates

separated by empty space calledduct whose size is calledslot size. All the slots on the

supply air side have the same slot size and all the slots on theexhaust air side have the

same slot size. However, the slot sizes for both exhaust and supply air side of the unit do

52



not have to be the same.

The measured parameter for DHR unit on supply air direction is the plate size denoted by

L, and on exhaust air direction the measured parameter is the plate size denoted byH, and

the third parameter is the widthW of the whole unit given by the sum of all slot widths

inside the unit. The dry heat recovery unit considered in this case study has the following

measured standard parameter values:

dexh ∈ (0.016, 0.020) m

dsupp ∈ (0.016, 0.020) m

LDHR ∈ (2, 2.5, 3) m

HDHR ∈ (1, 1.25) m

NDHR ∈ (40, 150)

These limitations are due to the engineering practical point of view that the manifacturers

can only produce the plate heat exchangers based on these standard parameter values.

7.1.2 Wet Heat Recovery Unit

The wet heat recovery (WHR) unit described in Figure 4 has thefollowing standard pa-

rameter values:

dexh = 0.011 m

dsupp = 0.004 m

LWHR ∈ (1.8, 2, 2.2) m

HDHR ∈ (1, 1.25) m

NDHR ∈ (14, 200)

7.2 Model Calculation and Control Variable Selection

The model presented in the previous sections is divided intothe sub-process connected

together with process connections. In this case study theseconnections are dry and wet

heat recovery units having the supply and exhaust fluids inside. The calculation synthax

of the model follows the direction of the supply and exhaust fluids starting from heat
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recovery units, which are the base element for the system. Bymeans of modeling both

dry and wet heat recovery units need back calculations inside the model due to counter-

current cross flow and phase changes. When the physical setupof the system is created the

objective function for LCC is formulated and the related factors are calculated as follows:

LCC =

tlifespan∑

t=0

1

(1 + r)t
It + a

′′

eEel + a
′′

hehEh (52)

where

Eel = Eel,exh + Eel,supp (53)

Eel,exh = η−1
p ηleeKVexh∆Pexh (54)

Eel,supp = η−1
p ηleeKVsupp∆Psupp (55)

and
Eel total electric power consumed by the pump machine [kWh]

Eel,exh electric power used by the pump machine on exhaust fluid side [kWh]

Eel,supp electric power used by the pump machine on supply fluid side [kWh]

ηp efficiency of the pump machine [%]

ηl loss coefficient associated to the pump machine [-]

K operating time [hours/a]

Vsupp volumetric flow rate of the supply fluid [m3/s]

Vexh volumetric flow rate of the exhaust fluid [m3/s]

∆Pexh pressure drop on the exhaust fluid side [Pa]

∆Psupp pressure drop on the supply fluid side [Pa]

It is assumed that the pump / fan machines have the same efficiency, the same loss coeffi-

cient and the same operating time through the whole system.

This LCC function includes the investment terms which are the price of the heat recovery

units of the system themselves and the total cost for heatingunits. The LCC function in-

cludes also the operating cost terms which are the cost of additional steam energy needed

when the energy produced by the heat recovery units is not enough for the heating de-

mand, and the cost for electricity consumed by the pump / fan machines [29].
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The annual energy consumption for heating the supply air or for heating the supply water

in heat exchanger system is calculated as follows:

Eh = qm,suppcp (Tfinal − Tsupp,i) (56)

where
Tfinal desired final temperature value [oC]

Tsupp,i incoming supply fluid temperature [oC]

In generalTfinal can be assumed to be constant around the year, and in this casestudy,

the final temperature to which the supply air has to be heated is fixed to100o C, while the

final temperature to which the supply water has to be heated isfixed to55oC.

Since the investment terms are directly related to the totalarea of the heat recovery units,

the given optimization function in Equation 52 has to be minimized at the same time with

the following cost function for minimizing the area of the whole system.

min AHR (57)

subject to

LDHR ∈ (2, 2.5, 3)m

HDHR ∈ (1, 1.25)m

NDHR ∈ (40, 150)

LWHR ∈ (1.8, 2, 2.2)m

HWHR ∈ (1, 1.25)m

NWHR ∈ (14, 200)

where

AHR = ADHR + AWHR

ADHR = 2(NDHR − 1)LDHRHDHR

AWHR = 2(NWHR − 1)LWHRHWHR

During the implementation the following practical assumptions and facts were observed:

1. The outgoing temperature of the supply air (Tsupp,air,out) was changing with respect
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to different geometry of the heat recovery unit. In practice, This outgoing tempera-

ture has to be considered as a control variable during the optimization process.

2. Tsupp,water,out < Tdp. If the supply water is heated to higher temperature than ex-

haust air dew point temperature the heat exchanger size willbe increased remark-

ably. Another remarkable reason for this limitation was that heat exchanger model

became often unstable when heat surfaces were partly dry. This constraint has been

also taken into account during the optimization.

3. The mass flow of supply water (qm,supp,water) has a remarkable effect on the system.

In practice, the slot size on the supply water side is relatively small if the water

flow going inside the heat exchanger is much enough the whole system could be

destroyed. This parameter has been taken into account as a control variable and let

the optimizer finds the optimal value depending on the optimal geometry of the heat

recovery unit.

During the optimization process, the velocity of the fluid inside the heat exchanger has to

be taken into account as well. In practice, the velocity inside the heat exchanger varies

between8 − 12 m/s and sometimes it goes up to15 m/s. We have to let the fluid flow

going inside the heat exchanger to be within acceptable ranges, and be penalized if the

velocity is approaching15 m/s or if it is going below8 m/s. The fluid velocity inside the

heat exchanger going beyond15 m/s has to be rejected. This constraint is implemented

as a penality function described in Figure 10 .
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Figure 10: Penalty function for fluid velocity inside the heat exchanger

The penalty function used in this case is defined as follows:

P (w) =






1
3
w − 5

2
if 12 < w ≤ 15

1 if 8 ≤ w ≤ 12
−1
8

w + 2 if w < 8

wherew is the fluid velocity inside the heat exchanger. This penaltyfunction affects only

the investment terms through the cost of the heat recovery units. For that reason, the cost

of heat recovery units themselves will be penalized as follows:

CostHR = Pexh × Psupp × AHR × Ca (58)

where
CostHR cost of heat recovery unit [EUR]

Pexh penalty term on the exhaust fluid side [-]

Psupp penalty term on the supply fluid side [-]

AHR area of heat recovery unit [m2]

Ca price of surface unit [EUR/m2]
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8 Results

To analyze the created simulation and optimization models they were tested against the

industrial project considered as a case study in this Master’s thesis.

8.1 Optimization Results

Optimization of the design values was done with different test runs. Parametrization of the

models are presented in Table 3 and the differences between the test run alternatives are

shown in Table 1 while the specific parameters given in Table 2are used in all optimization

cases. That is, the specific parameters are always the same inall three different life cycle

periods of the case study project.

Table 1: Optimization cases.

Parameter Run 1 Run 2 Run 3
Life cycle period 5 a 10 a 15 a
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Table 2: Specific parametrization of the optimization cases.

Parameter Value
Escalation of electrical energy (ee) 5 %
Escalation of heat energy (eh) 5 %
Inflation rate 2 %
Nominal interest rate 7 %
Efficiency of the pump 75 %
Incoming exhaust air temperature +80o C
Incoming supply air temperature +28o C
Incoming supply water temperature +10o C
Incoming exhaust air mass flow 30 kg/s
Incoming supply air mass flow 20 kg/s
Incoming exhaust air water content 160 gH2O/kg
Incoming supply air water content 20 gH2O/kg
Operating time 8400 hours/a
Price of dry heat recovery unit 50 EUR/m2

Price of wet heat recovery unit 160 EUR/m2

Price for heating unit (dry heat recovery)12 EUR/kW
Price of steam energy 30 EUR/MWh
Price of electricity 60 EUR/MWh

The cost for heating water in a wet heat recovery unit is estimated by the following equa-

tion:

Ccoil = 5000 + 5Eh (59)

whereEh is the annual energy consumption for water heating and it canbe calculated by

the Equation 56, and the constant values5000 and5 are the Euros.

The control variable limits were chosen based on the above described unit process prop-

erties. Size of the population was chosen to be at least two times compared to the number

of control variables. The number of generations was fixed after the preliminary tests of

the model together with the NSGA-II toolbox.
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Table 3: Parametrization of the optimization algorithm.

Control variable Lower limit Upper limit
Outgoing supply air temperature 50o C 60o C
Incoming supply water mass flow 10 kg/s 30 kg/s
Slot size on the exhaust air side 0.016 m 0.020 m
Slot size on the supply air side 0.016 m 0.020 m
Plate size on the supply air side (dry heat recovery)2 m 3 m
Plate size on the exhaust air side 1 m 1.25 m
Plate size on the supply air side (wet heat recovery)1.8 m 2.2 m
Number of slots inside dry heat recovery unit 40 150
Number of slots inside wet heat recovery unit 14 200
Size of the population 500 -
Number of generations 1000 -

8.1.1 Results from the Dry Heat Exchanger Sub-process

After tuning NSGA-II toolbox the optimization runs were done for the cases shown in

Table 1. During the optimization of LCC function which represents the price of the saved

energy, it was found that the price of the recovered energy is43.13 EUR/MWh which is

feasible to heat the supply air up to59o C. The optimal design for a dry heat recovery unit

is shown in Table 4.

Table 4: Optimal design parameter values for the dry heat exchanger.

Parameter Value
Slot size on the exhaust air side 0.0161 m
Slot size on the supply air side 0.0162 m
Plate size on the supply air side 3 m
Plate side on the exhaust air side 1 m
Number of the slots inside heat exchanger66
Outgoing supply air temperature 59o C
Area of a heat exchanger unit 390 m2

Heat recovered from the dry heat exchanger676.2 kW

The visualization of the optimization was done by plotting CAPEX vs. Annual OPEX

where the CAPEX is the sum of the costs of heat recovery unit and the costs for heating

units, while the OPEX is the sum of the costs of steam heating and the costs of electrical

energy consumed by the pump. The results for the cases are presented in Figure 11 and

Figure 12.
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Figure 11: Pareto front of CAPEX vs. Annual OPEX for5 and10 years life span.
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Figure 12: Pareto front of CAPEX vs. Annual OPEX for10 and15 years life span.

From the result figures can be seen that the model is responding as expected. The longer

lifetime weights higher CAPEX and lower OPEX and vice versa.Pareto front for the

cases are shown on red cycled points in the figures. Table 5 shows this behavior of the

investment.
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Table 5: Behavior of the investment in dry heat exchanger.

Project life span CAPEX Annual OPEX
5 years 63553 Euros 11077 Euros
10 years 65784 Euros 10789 Euros
15 years 79878 Euros 10712 Euros

8.1.2 Results from the Whole System

In this case, dry and wet heat recovery units are combined together and the optimization

of the LCC function of the whole system is done together with optimizing the design of

the system at the same time. The optimal price of the saved energy for the system is58.18

EUR/MWh which is feasible for heating the supply air up to59o C and for heating the

supply water up to58o C at the same time. The optimization design results of the system

are shown in Table 6.

Table 6: Optimal design parameter values for the whole system.

Parameter Value
Slot size on the exhaust air side 0.020 m
Slot size on the supply air side 0.0192 m
Plate size on the supply air side 2 m
Plate size on the exhaust air side 1 m
Number of the slots inside a dry heat exchanger 80
Outgoing supply air temperature 59o C
Area of a dry heat exchanger unit 316 m2

Heat recovered from the dry heat exchanger 518.8 kW
Plate size on the supply water side 2.2 m
Plate size on the exhaust air side of the wet heat exchanger1 m
Number of slots inside a wet heat exchanger 27
Incoming supply water mass flow 21 kg/s
Outgoing supply water temperature 58o C
Area of a wet heat exchanger unit 114 m2

Heat recovered from the wet heat exchanger 3182.8 kW

Table 6 shows that the optimal supply water mass flow is21 kg/s which requires a corre-

sponding wet heat exchanger area of114 m2 compared to a dry heat exchanger area316

m2 in order that supply water temperature+10o C is to be heated at a final temperature

55o C without exceeding the dew point temperature61.05o C calculated by [11] during

the simulation process.
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From the Table 6 one can see that the wet heat exchanger is muchmore efficient than

the dry heat exchanger by comparing the heat recovered from two different heat recov-

ery units and the corresponding required surface area. These results show that the dry

heat exchanger requires316 m2 of surface area for recovering only518.8 kW, while the

wet heat exchanger requires114 m2 of surface area to recover3182.8 kW. In terms of

ratios, one can gain around28 kW/m2 from the wet heat recovery unit, while in the dry

heat exchanger the heat recovered per m2 is only around1.64 kW/m2. Even though it is

expensive to construct a wet heat exchanger compared to the construction of a dry heat

exchanger as shown in Table 2 it can be beneficial to use only a small wet heat exchanger

than implementing big dry heat exchanger with which one can gain less recovered energy.

The visualization of the optimization results for the wholesystem was done by plotting

CAPEX vs. Annual OPEX as usual. The results for different cases are presented in Figure

13 and Figure 14.
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system.
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system.

As in the dry heat exchanger case, the same behavior of investment is realized in the

whole system. The longer lifetime weights higher CAPEX and lower OPEX and vice

versa. This behavior is also shown in Table 7.

Table 7: Behavior of the investment for the whole system.

Project life span CAPEX Annual OPEX
5 years 228360 Euros 22090 Euros
10 years 267410 Euros 21610 Euros
15 years 274890 Euros 18870 Euros

The results so far indicate that dry heat exchangers are lessefficient and they usually

require bigger operating surface area with relative small recovered energy compared to

wet heat exchangers.

8.2 Results from the MCMC Methods for the Dry Heat Exchanger

Sub-process

During the implementation of MCMC methods on the top of optimization algorithm

(NSGA-II), a simplified case of minimizing the area of a dry heat exchanger was used.
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For the understanding of how the proposed approaches are working, the slot size on both

exhaust and supply air sidedexh anddsupp respectively, and the number of slotsNDHR in-

side the heat exchanger were fixed to the values given below. Therefore, the cost function

to be minimized is defined as follows:

min AHR (60)

subject to

LDHR ∈ (2, 3) m

HDHR ∈ (1, 2) m

NDHR = 80

dexh = 0.016 m

dsupp = 0.016 m

where

AHR = 2(NDHR − 1)LDHRHDHR

The usual optimization is done first by fixing the parameter chain during the optimization

process, i.e. the mean value of the chain is given inside the optimizer during the cost

function evaluations and long run (population size of40 and generation number of1000)

of the optimization algorithm is performed. After the population members have converged

to the optimum, the optimal solution of the last generation is presented in Figure 15.

65



2 2.5 3 3.5 4
0.5

1

1.5

2

Length (L) [m]

H
ei

gh
t (

H
) 

[m
]

Figure 15: Optimal solutions (Red: for the mean value of the chain, Green: for all con-
straints, Blue: for some points from the chain).

Figure 15 in red points shows that the implementation of approach1 described in section

6.3.2 results in a small heat exchanger whose optimal slot size on the supply air direction

L is 2.65 m2, while the slot size on the exhaust air direction isH is 1.34 m2. And it is

well seen that all the population members of the last generation have converged to the

optimum.

The implementation of approach2 in which the optimization is done by going through all

the given constraints corresponding to different points from the chain results in a little bit

bigger heat exchanger as shown in Figure 15 in green points. One can see that the optimal

slot size on the exhaut air sideH was increased up to1.5 m2 while the optimal slot size

on the supply air sideL is also increased up to3 m2.

The implementation of approach3 in which the optimization is done several times de-

pending on the points from the chain results in different optimal solutions from different

optimization runs as shown in Figure 15 in blue points. In this case all the population

members from the last generation of every optimization run which corresponds to the

random selected points from the chainθi have converged to different optimal solutions.

One can see that for each point from the chain the algorithm results in a different optimal

design. This clearly shows how much the uncertainty in the models can affect the results

from the usual optimization.
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In Figure 15 in blue points all the optimal solutions from different optimization runs

based on different points from the chain are varying around the optimal solution obtained

by using the mean value from the chain (red points) and the optimal solutions obtained

from the implementation of approach2 (green points). With these results the safe limits

in which the decision makers can choose the optimal design ofa dry heat exchanger are

clearly known, and with these results different dry heat exchangers can be designed with

a95 % of confidence.

8.3 Discussion and Future Work

The NSGA-II algorithm is working as expected but is slow for the whole system, since it

requires the evaluation of a large population size and a large number of generations which

leads to big CPU time waiting in practical engineering cases. Three different approaches

of implementing the MCMC methods inside the optimizer have been implemented suc-

cesfully by using a simplified case of minimizing the area of adry heat exchanger. One

can think on improving the running CPU time and the implementation of MCMC methods

inside the optimizer for complex optimization models.

There are three main things which can be taken into consideration. One way is to par-

allelize NSGA-II algorithm in such way that at each generation all N population can be

evaluated independently on different processors, since the central algorithm only needs

the values of the objectives to iterate. This parallelization can be implemented using the

C interfacing program responsible for the evaluation of the objective function values as-

sociated withN population.

The second possibility is to use Kalman Filter methods whichexplicitly specify the un-

certainty in the system states that arises from imperfect process approximation and from

data uncertainty. In this way, one might calculate the outgoing exhaust and supply fluid

temperature predictions from the dry heat exchanger to be the incoming fluid tempera-

ture of the following wet heat exchanger. Since both outgoing exhaust and supply fluid

temperature are used to connect different types of heat exchangers, with these methods,

one might be able to take into consideration the uncertaintyin the models of the whole

system.

The third possibility is to apply the described approaches for implementing the MCMC

methods inside the optimizer to the complex optimization methods (the whole system),
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by first of all checking if the chain remains completely the same for different geometry

of a heat exchanger. If the chain remains the same for different geometry parameters of

a heat exchanger then the described approaches of implementing MCMC methods inside

the optimizer will be used as they are by letting all the control variables varying within

the given ranges. If the chain is different for different geometry parameters, then the

described approaches have to be modified appropriately.

9 Conclusions

Presented optimization and statistical analysis work included the optimization models

for the heat exchanger network including heat recovery. Implementation of the models

was done in Matlab environment in which the design optimization was done by utilizing

a Nondominated Sorting Genetic Algorithm II (NSGA-II), while the statistical analysis

was done by using the Markov Chain Monte Carlo(MCMC) methods.

The optimization models for dimensioning the plate heat exchanger network that satisfy

the goals set for creating and minimizing the LCC function which represents the price of

the saved energy, for minimizing the whole system network area and for maximizing the

momentary heat recovery outputs were successfully formulated. The uncertainty in the

model for the simplified case (dry heat exchanger sub-process) was taken into account

during the optimization process and the results were promising.

The design optimization of a dry heat exchanger sub-processresults in an area of390 m2

with a heat recovered of only676.2 kWh. The minimization of the LCC function in this

case has shown that the optimal price of saved energy43.13 EUR/MWh is feasible for

heating the supply air up to59o C.

During the optimization process of the whole system, i.e. when a dry and a wet heat

exchangers are combined together the LCC function was minimized together with mini-

mizing the area of the system and miximizing the momentary heat recovery output. The

optimal price of saved energy for the system was found to be58.18 EUR/MWh which

is feasible for heating the supply air temperature28o C to a temperature59o C and for

heating the supply water temperature+10o C to a temperature58o C at the same time.

The design optimization results of the system have shown that the wet heat exchangers

are more efficient compared to dry heat exchangers since the wet heat exchanger unit

requires an operating surface area of114 m2 to recover the heat of3182.8 kWh, while
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a dry heat exchanger requires an operating surface area of316 m 2 for recovering only

518.8 kWh. This was an indication that even though it is expensive to construct a wet

heat exchanger (160 EUR/m2) compared to the construction of a dry heat exchanger (50

EUR/m2) it can be beneficial to use only a small wet heat exchanger than implementing a

big dry heat exchanger with which one can gain less recoveredenergy.

The investment behavior of the project was studied by analyzing the CAPEX and OPEX

based on the avalaible factors which affect the investment costs and operating costs for

both cases (dry heat exchanger sub-process and combined dryand wet heat exchangers).

The CAPEX and OPEX results have shown that the created optimization models were

responding as expected. The longer lifetime weights higherCAPEX and lower OPEX

and vice versa. That is, it is cheaper to invest for short period but the operating costs will

be higher annually.

When the uncertainty in the models was taken into account during the optimization pro-

cess by implementing three different described approaches, it has been found that for

each point from the chain the algorithm results in a different optimal design. This clearly

shows how much the uncertainty in the models can affect the results from the usual op-

timization. All the optimal solutions from different optimization runs based on different

points from the chain were varying between the optimal solutions obtained from the im-

plementation of both approach1 and approach2. With these results the safe limits in

which the decision makers can choose the optimal design of a dry heat exchanger were

clearly known, and with these results different dry heat exchangers can be designed with

a95 % of confidence.
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Appendix I. Newton’s Law of Cooling

The mean temperatureTm is a convenient reference temperature for internal flows, play-

ing much the same role as the free stream temperatureT∞ for external flows which is

constant in the flow direction. Accordingly, Newton’s law ofcooling may be expressed as

Φ = α(Ts − Tm)

whereα is the local convection heat transfer coefficient,Ts is the temperature at the

surface, andTm is the mean temperature which is varying in the flow direction[1].



Appendix II. Derivation of log mean temperature differ-

ence (∆Tlm)

Applying an energy balance to each of the differential elements of Figure 6, it follows that

dΦ = −qm,hcp,hdTh ≡ −ChdTh

and

dΦ = qm,ccp,cdTc ≡ CcdTc

wherech andcc are the hot and cold fluidheat capacity rates, respectively. These expres-

sions may be integrated acros the heat exchanger to obtain the overall energy balances

given by Equations 8 and 9. The heat transfer across the surface areadA may also be

expressed as

dΦ = U∆TdA

where∆T = Th − Tc is thelocal temperature difference between the hot and cold fluids.

To determine the integrated form of Equation 14, we begin by substituting Equations 12

and 13 into the differential form of Equation 10.

d(∆T ) = dTh − dTc

to obtain

d(∆T ) = −dΦ

(
1

Ch
+

1

Cc

)

Substituting fordΦ from the previous equation and integrating acros the heat exchanger,

we obtain

∫ 2

1

d(∆T )

∆T
= −U

(
1

Ch

+
1

Cc

) ∫ 2

1

dA

or

ln

(
∆T2

∆T1

)
= −UA

(
1

Ch

+
1

Cc

)



Substituting forCh andCc from Eqautions 3 and 4, respectively, it follows that

ln

(
∆T2

∆T1

)
= −UA

(
Th,i − Th,o

Φ
+

Tc,o − Tc,i

Φ

)

= −
UA

Φ
[(Th,i − Tc,i) − (Th,o − Tc,o)]

Recognazing that, for the parallel-flow heat exchanger,∆T1 = (Th,i − Tc,i) and∆T2 =

(Th,o − Tc,o),we then obtain

Φ = UA
∆T2 − ∆T1

ln (∆T2/∆T1)

Comparing the above expression with Equation 11, we conclude that the appropriate av-

erage temperature difference is alog mean temperature difference, ∆Tlm. Accordingly,

we may write

Φ = UA∆Tlm

where

∆Tlm =
∆T2 − ∆T1

ln (∆T2/∆T1)
=

∆T1 − ∆T2

ln (∆T1/∆T2)

Remember that, for theparallel-flow exchanger,





∆T1 = Th,1 − Tc,1 = Th,i − Tc,i

∆T2 = Th,2 − Tc,2 = Th,o − Tc,o)



Appendix III. Effectiveness of dry heat exchanger-NTU meth-

ods

For any heat exchanger, the effectiveness can be expressed as

ǫ = f

(
NTU,

Cmin

Cmax

)

where

Cmin

Cmax
=

Cc

Ch
=

Ch

Cc

depending on the relative magnitude of the hot and cold fluid heat capacity rates, and

NTU =
UA

Cmin



Appendix IV. Crowding Distance

The crowding distance is a measure of how close an individualis to its neighbors. Large

average crowding distance will result in better diversity in the population. The crowding

distance is calculated as follows:

For each frontFi, n is the number of individuals.

1. initialize the distan.ce to be zero for all the individuals i.e. Fi(dj) = 0, wherej

corresponds to thejth individual in frontFi

2. for each objective functionm

• Sort the individuals in frontFi based on objectivem i.e. I = sort(Fi, m).

• Assign infinite distance to boundary values for each individual inFi i.e. I(d1) =

∞ andI(dn) = ∞

• for k = 2 to n − 1

– I(dk) = I(dk) + I(k+1)m−I(k−1)m
fmax

m −fmin
m

– I(k)m is the value of themth objective function of thekth individual in

I.

The basic idea behind the crowding distance is finding the euclidian distance between

each individual in a front based on theirm objectives in them dimensional hyper space.

The individuals in the boundary are always selected since they have infinite distance as-

signment.



Appendix V. Economic factors calculation

Economic factors should be taken into account during the analysis of any investment

profitability. As the inflation rate and interest rate vary with time, the investment and

operating costs should be discounted to the present value ofmoney. In this project, the

economic factors are calculated as follows:

r =
i − f

1 + f

re =
r − a

′′

e

1 + a′′

e

rh =
r − a

′′

h

1 + a
′′

h

de =
1 − (1 + re)

1/t

re

dh =
1 − (1 + rh)

1/t

rh

a
′

=
1 − (1 + r)1/t

r



where
t life time span of the project

i nominal interest rate

f inflation rate

r real interest rate

a
′′

e escalation term for electrical energy

a
′′

h escalation term for heat energy

re real interest rate for electrical energy

rh real interest rate for heat energy

de discount term for electrical energy

dh discount term for heat energy

a
′

discount term for inflation or present value


