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The optimal design of a heat exchanger system is based on giedel parameters to-
gether with given standard ranges for machine design dasadhe goals set for mini-
mizing the Life Cycle Cost (LCC) function which represetits price of the saved energy,
for maximizing the momentary heat recovery output with gieenstraints satisfied and
taking into account the uncertainty in the models were ssgfady done.

Nondominated Sorting Genetic Algorithm Il (NSGA-II) fordgldesign optimization of a
system is presented and implemented in Matlab environnvartkov Chain Monte Carlo
(MCMC) methods are also used to take into account the ungria the models. Results
show that the price of saved energy can be optimized. A wdtéednanger is found to
be more efficient and beneficial than a dry heat exchanger teegigh its construction
is expensive {60 EUR/n?) compared to the construction of a dry heat exchanger (
EUR/n?). It has been found that the longer lifetime weights high&PEX and lower
OPEX and vice versa, and the effect of the uncertainty in tbdets has been identified
in a simplified case of minimizing the area of a dry heat exgean
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1 Introduction

Heat exchangers are examples of distributed systems irhvithécdynamics in principle
may be described by physical laws concerning mass, enethgsnamentum. One impor-
tant property of heat exchangers is that the dynamic regpieysends upon the operating
points of the massflows and temperatures. For instancepoanags and time constants
depend on massflow, and the heat transfer coefficient is didumnaf both temperature
and massflow. This has to be accounted for in the model if i iset valid over a wide
range of operating conditions [1].

In practice, heat exchangers are devices that are usedltorduenat a fluid by exchanging
thermal energy with another fluid entering at a differentgenature [2]. Depending on
the application, different types and geometries of heahamgers are available on the
market. Among them plate heat exchangers composed of $glatas separated by
empty spaces calledlictare considered in this study.

Designing optimal heat exchanger networks has been thecubij numerous studies
during the last decade [3, 4, 5]. Many methods can be fountkirature for optimization
problems, based on different strategies, most of the timeldped for a specific class of
models. In engineering applications, most of the time eegisresponsible for the design
of industrial devices have to face problems with more tham aljective to fulfill at the
same time [6].

In this Master’s thesis, we consider specificathylti-objectiveoptimization problems
due to the fact that the goals set is to minimize the Life Cgist (LCC) function which
represents the price of saved energy, to minimize the hedtagger network area to-
gether with maximizing the momentary heat recovery outpubh@ same time, for that
reason, multi-objective evolutionary algorithms are adagruse. The key feature of these
algorithms is that they are population based which enablkes tto find a diverse set of
Pareto optimal solutions in a single simulation run. Hawangast interval for Pareto op-
timal solutions is a great advantage in order to assesgselitfeegions of attraction for a
particular model parameter [7].

The considered heat recovery system is composed of twadiffeconnected heat ex-
changers such as dry and wet heat exchangers. The dry héaiheger system is mainly
used for heating and cooling the air fluid, while the wet he@hanger is used for heat-
ing the water fluid. The whole system is equipped with steaat bgchangers which



provide additional energy when heat recovery capacity isnough for example during
really cold periods or other extra load situations. Theeesdso other machines which are
mainly used to pump the fluid flow through the heat exchand¢osy, the question is to
find out an effective way to optimize the price of the savedgnevhich can be gained
from the heat recovery units together with minimizing thesaof the system.

Formulation of the LCC function for minimizing the price dfd saved energy for the
system, the cost function for minimizing the area of the eystand the cost function
for maximizing the heat recovery output are given and om#diusing Nondominated
Sorting Genetic Algorithm Il (NSGA-II) are presented indlstudy. After that, Markov
Chain Monte Carlo (MCMC) methods are used on top of optinoratesults to take into
account the uncertainty in the models.

This Master’s thesis is divided into nine Chapters. Chap&r3 and 4 give details for
the background about the heat exchanger system consiahett@d project work, starting
from the problem description, following by a brief reviewoa structure and operating
principals of dryer section heat recovery and ending witht lexchanger analysis and
model description of both dry and wet heat exchangers. @h&ptomes up with our
different optimization models and the presentation of NSiGAlgorithm. The MCMC
methods and how they are used inside the optimizer are egolan Chapter 6. The
implementation methodology of the case study and the maimaation and MCMC
results are presented and discussed in Chapter 7 and 8 treslyecThe last Chapter
briefly concludes the work done.



2 Problem Description

Dryer section heat recovery has an important role in the paaehine energy economy.
The purpose of dryer section is to evaporate water from thpempaeb, which by far

is the most energy intensive unit operation of the whole papanufacturing process.
Primary energy brought to the dryer section is transferoetthé surrounding drying air
and removed from the dryer section. Most of this energy atevered in dryer section
heat recovery.

The dryer section consists of a sequence of heat exchangérsdifferent heat transfer
rates to different streams. Having a significant impact andbonomy, this presents a
challenging task to those responsible for design. For #asan, the problem to be solved
in this Master’s thesis is described as follows. Given aret@kexhaust fluid arranged in
a vertical direction and a set of supply fluid arranged in arziaotal direction with their
corresponding mass flow and target temperatures. Corrdsgpapecific heat capacity,
heat transfer coefficients and the supply energy needelddavtole system are calculated
from the models describing different type of heat exchasigéthe system. The physical
properties for the flow rates such as dynamic viscosity, itlerisermal conductivity, etc
are also given. An example of a simplified case of the heatangér system composed
of two different heat exchangers is presented in Figure 1.
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Figure 1. Example of dry and wet heat exchanger system.

In Figure 1 the first sub-process is mainly composed of atoaair heat exchanger with-
out having a phase change of working fluids during the opmradind is recognized as
adry heat exchangemwhile the second sub-process is composed of an air-tor\uatd
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exchanger having a condensation phenomenon occurringginfdhe two streams during
the process of energy exchange, and is terme@taheat exchangerThe two heat ex-
changers are connected in such a way that the outgoing exthad$emperature from the
dry heat exchanger is the incoming exhaust fluid temperatutiee following wet heat
exchanger. The current utility functions for heating difiet supply fluids to a desired
temperaturd’s;,,, can be deduced from the heat exchanger models describedtionse
4.1.3. The design of this heat recovery system must takeaotount investment and
operation costs, space requirements, alternative heptisgjbilities, the permanance of
the heating demand, and other mills specific charactesistic

Now the question is, how to create and to minimize the Lifel€yost (LCC) function
which represents the price of saved energy, how to mininfieashole system network
area, how to maximize the momentary heat recovery outplit giwten constraints satis-
fied, and how the uncertainty in the models for the simplifiadec(dry heat exchanger
sub-process) can be taken into account during the optirmorzptocess.

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

vestment and operating costs) where the investment teriudies the cost of different
heat recovery units involved in the system, costs paid fating unit in the case where
heat exchangers do not produce enough energy for heatingriderithe operating costs
include electrical energy costs used by the pump machingshencosts paid for the ad-
ditional steam energy in the process. The production psotaget is to minimize the
current energy consumption and maximize the momentaryreeavery output.

3 Structure and Operating Principals of Dryer Section
Heat Recovery

The purpose of a paper machine dryer section is to evapoedtr Wwom the paper web.
The dry solids content of the web typically is ab@dt..55% after the mechanical water
removal sections and increasesot..95% in dryer section. The dominant method for
evaporative process is contact drying with steam-heatkaddeys as shown in Figure 2.
Almost all the primary steam needed for papermaking is useéldd 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 machinenhid a hood to ensure op-

timal conditions for the drying process inside. Water evaperl from the paper web is
transferred to the surrounding drying air. The humidifieginty air is removed from the

ceiling of the dryer hood with pumps and exhausted outsidritih a heat recovery sys-
tem. In practice all the energy used in the dryer section &@lfirontained in exhaust air,

which makes it an excellent source of secondary energy. Ghmpe of heat recovery is
to transform part of this energy back to an available form.

The temperature of exhaust air from the dryer hood typigahy...85°C and the humidity
120...180 gH,O/kg of dry air. The dryer hood exhaust air system has two tw feat
recovery stacks depending on the amount of exhaust air. lodem paper machine heat
is recovered to hood supply air, process water, and thelatron water of machine hall
ventilation. Heat recovery to white water is also possiBle 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 exchangeto-air heat recovery
often called dry heat recovery (DHR) units because there somdensation occuring on
the hot side are used for the heating of supply air, and awvéter heat recovery often
called wet heat recovery (WHR) units because of the condiengghenomenon occuring
on the surface are used for the heating of process wateu/ati@n water, or white water.

The DHR units are crosscurrent plate heat exchangers tioigsi$ parallel plates joined
together. Exhaust air passes through in vertical and sugiplyn horizontal direction.
Separate DHR heat exchanger units can be connected to fayer laits in a combined
counter- and crossflow pattern. Supply air can reach teryess0...60°C, after which
heating to the final temperatud®0°C is done with steam (Steam HE). Heat transfer
between exhaust air and supply air is mainly convectiveoalgh little condensation may
occur. The structure of DHR unit is presented in Figure 4.

13



Figure 4: Dry heat recovery (DHR) unit [8].

Wet heat recovery (WHR) unit is an air-to-water heat exclkeanghe WHR unit consists
of a number of heat exchanger elements stacked in a framear WMaws in counter- and
crossflow pattern through channels inside plate elemertigshware formed by lamel-
lae joined together. The plate elements are connected waldrs. Exhaust air passes
through between the elements in vertical direction. Hettissferred mainly by conden-
sation on exhaust air side and by convection on water side. ufiits can be combined
together in almost any combination [8]. The structure of aRMieat exchanger unit is
presented in Figure 5.

Figure 5: Wet heat recovery (WHR) unit [8].
Dryer section heat recovery is very sensitive to changdsastarroundings conditions. If

14



one part of the heat recovery is affected by changes, theeaiglnature of the system
passes the effect on to next parts. This makes the behawheabfecovery unpredictable.
The most important process variables affecting the perdoca of heat recovery are the
mass flow rates and inlet temperatures of all the streamgharftimidity of exhaust air.

3.1 Thermodynamics of Dryer Section Heat Recovery

Energy from the humid dryer section exhaust air is tranetehy several physical mech-
anisms. These mechanisms determine the rate of energy aridniperature levels in
which heat can be recovered [8]. It is therefore, essertiahtlerstand these effects as
they lay the foundation of the whole study.

Heat transfer requires the presence of temperature differeConvection is associated
with heat transfer between a surface and a fluid over therfaypically, the energy
that is being transfered is the internal thermal energy effilnd. Regardless of the par-
ticular nature of the convection process, the heat tramaterequation is of the form

D" = T, — Th) (1)

where, ®" is the heat flux proportional to the difference between thiéasa and fluid
temperature§, and7,,, respectively. The value of convective heat transfer adefit o
depends on conditions in the boundary layer, which are infled by a surface geometry,
the nature of fluid motion and a mixture of fluid termodynammd &ransport properties,
i.e. the values of heat transfer coefficients depend on mwmsdtuid properties such as
density, dynamic viscosity, thermal conductivity, speckeat, surface geometry, diffu-
sion properties, etc [8].

The first step in the treatment of any convection problem iddtermine whether the
boundary layer is laminar or turbulent. In fully turbulerdavil convection coefficient in-
creases significantly compared to flow in the laminar andsttem regions. A dimen-
sionless variable determining the degree of turbulenaeRiynolds number is defined
as:

15
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Re = (2)
where the Reynolds number is related to the densifiow rate velocityw, the dynamic
viscosity of the fluidu, and the hydaulic diametdp. The Reynolds number may be
interpreted as the ratio of inertia to viscous forces in thlesity boundary layer.

The Prandtl number is the ratio of the momentum and therrffakilrities and it is defined
as

Pr=— 3)

where the Prandtl number is related to the ratio betweenifspbeat capacity,, and
dynamic viscousity, and the thermal conductivitgf the fluid.

The third dimensionless parameter, the Nusselt numberges\a measure of the con-
vective heat transfer occuring at the surface.

Nu:T 4)

3.2 Empirical Correlations for Convection Coefficient

Heat transfer correlations can be obtained experiment&itgm the knowledge of hy-
daulic diameterD and fluid properties, the Nusselt number, Reynolds numioer tlae
Prandtl number can be computed from their definitions, Eqnaf- 4. The results asso-
ciated with a given fluid may be represented by an algebrgession of the form

Nu = CRe™Pr" (5)

The specific values of the coefficie@t and the exponents andn vary with the nature
of the surface geometry and type of flow. In this study the bgh&ngers in dryer section
heat recovery are be modeled using empirical convectiorelations defined for fully
turbulent flow where the Reynolds number is varying betwigrand106.

16



4 Paper Machine Heat Exchangers

The process of heat exchange between two fluids that arefetesif temperatures and
separated by a solid wall occurs in many engineering agmits. The device used to
implement this exchange is termedeaat exchangerand specific applications may be
found in space heating and air-conditioning, power pradactvaste heat recovery, and
chemical processing.

Heat exchangers are typically classified accordinfiow arrangemenandtype of con-
struction The simplest heat exchanger is one for which the hot andftotts move in
the same or opposite direction ircancentric tubgor double pipé construction. In the
parallel-flowtype, the hot and cold fluids enter at the same end, flow in thme shrec-
tion, and leave at the same end. In tmainterflontype, the fluids enter at opposite ends,
flow in opposite directions, and leave at opposite ends.

The basic designs of heat exchangers are shell-and-tulbbexazanger and plate heat
exchanger, although many other configurations have beezlajemd. Many types can be
grouped according to flow layout in:

e Shell-and-tube heat exchanger (STHE), where one flow goag albunch of tubes
and the other within an outer shell, parallel to the tube#) aross-flow.

¢ Plate heat exchanger (PHE), where corrugated plates atespgiormed in rows are
held in contact and the two fluids flow separately along adjackannels in the
corrugation.

e Open-flow heat exchanger, where one of the flows is not confinigdh the equip-
ment. They originate from air-cooled tube-banks, and analynased for final heat
release from a liquid to ambient air, as in the car radiataralso used in vaporisers
and condensers in air-conditioning and refrigeration igapbns, and in directly-
fired home water heaters.

Contact heat exchanger, where the two fluids enter into tdi@tact [1].

This Master’s thesis is dealing with plate heat exchangédrisiware 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 exchangergssential to relate the
total heat transfer rate to quantities such as the inlet anietofluid temperatures, the
overall heat transfer coefficient, and the total surface Aréor heat transfer. Two such
relations may readily be obtained by applying overall epdr@ances to the hot and cold
fluids. In particular, if® is the total rate of heat transfer between the hot and coldsflui
and there is negligible heat transfer between the exchargkits surroundings, as well
as negligible potential and kinetic energy changes, then,

¢ = Qm,h(hh,i - hh,o) (6)

and

O = Qm,c(hc,o - hc,z’) (7)

whereh is the fluid specific enthalpy. The subscriptsandc refer to the hot and cold
fluids, whereas ando designate the fluid inlet and outlet conditions. If the fluads
not undergoing a phase change and constant specific heatssaraed, these expressions
reduce to

O = qgnncpn(Thi — Thyo)
@ - an”cCp,c(TC,O - TCJ)

(8)

where the temperatures appearing in the expressions cefeeanfluid temperature at
the designated locations. Note that the equations descaibeve are independent of the
flow arrangements and heat exchanger type.

Another useful expression may be obtained by relating tte beat transfer raté to the

temperature differencAT between the hot and cold fluids, where

AT =T, —T. 9)

Such an expression would be an extension of Newton'’s law alfrap (See Appendix 1),
with the overall heat transfer coefficiebitused in place of the single convection coeffi-
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cienta. However, sinceAT varies with position in the heat exchanger, it is possible to
work with a rate equation of the form

® = UAAT,, (10)

whereAT,,is an appropriateneantemperature difference.

4.1.1 The Parallel-Flow Heat Exchanger

The hot and cold temperature distributions associatedaytarallel-flow heat exchanger
are shown in Figure 6. The temperature differeddeis initially large but decays rapidly
with increasingr axis, approaching zero asymptotically. It is important ebenthat, for
such an exchanger, the outlet temperature of the cold fludrrexceeds that of the hot
fluid. In Figure 6 the subscriptsand?2 designate opposite ends of the heat exchanger.
This convention is used for all types of heat exchangersidered. For parallel flow, it
follows thatT},; = Th1, Tho = Tho, Tty = Teq, andT,, = T, 5.

==

. I

(h"—" T}‘—."ldﬂ:‘—hTh‘Ptrfh —
:': Ll dA Heat transfer

] = 3 ¥ surface area
Co— T —) =T +dl. e
s e
™ iy e
Thi %

Figure 6: Temperature distributions for a parallel-flowtreechanger [1].
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The form of AT,, may be determined by applying an energy balance to infiniaisi
elements in the hot and cold fluids. Each element is of ledgtind heat transfer surface
areadA, as shown in Figure 6. The energy balances and the subsegpaysis are
subject to the following assumptions.

1. The heat exchanger is insulated from its surroundingshich 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 terapesadriations, and the
overall heat transfer coefficient may change because ddtiams in fluid properties and
flow conditions. However, in many applications such vaoiasi are not significant, and it
is reasonable to work with average values;gf, ¢, , andU for the heat exchanger.

After some mathematical algebra done in Appendix Il the hreaisfer across the surface
areaA can be be expressed as

o = UAATy, (11)
where
AT, — AT, AT, — AT,
ATy, = = 12
" I (ATy/ATY)  In (AT /ATh) (12)
Remember that, for thegarallel-flow exchanger
b (13)

ATY2 - Th,o - Tc,o

For more details about the derivationlof§ mean temperature differenc&7;,,, see the
Appendix II.
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4.1.2 The Counterflow Heat Exchanger

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

changer are shown in Figure 7. In contrast to the parallel-8achanger, this configu-

ration provides for heat transfer between the hotter postaf the two fluids at one end,
as well as between the colder portions at the other. For &asan, the change in the
temperature differencé\T = Tj, — T., with respect tac is now here as large as it is for
the inlet region of the parallel-flow exchanger. Note thatdhbtlet temperature of the cold
fluid may now exceed the outlet temperature of the hot fluid.

—
Heat transfer
surface area

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

Equations group 8 applies to any heat exchanger and henceenased for the counter-
flow arrangement. Moreover, the same analysis like thabpaed in the parallel-flow
case is also applied in this case, it may be shown that Equeatit and 12 also apply.
However, for thecounterflow exchangdehe endpoint temperature differences must now
be defined as

ATvl = Th,i - Tc,o
ATQ = Th,o - Tc,i

(14)
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Note that, for the same inlet and oulet temperatures, thenkean temperature difference
for counterflow exceeds that for parallel fla/;,, ¢ > AT}, pr. Thisis because under
the special operating conditions the temperature of thdlhiokt remains approximately
constant throughout the heat exchanger, while the temperat the cold fluid increases,
and this affects the calculation of log mean temperaturerdifice of both parallel and
counterflow heat exchangers. Hence the surface area rédaisffect a prescribed heat
transfer rateb is smaller for the counterflow than for the parallel-flow agament, as-
suming the same valué.

4.1.3 Dry and Wet Heat Exchanger Models

Heat exchangers can be applied to transfer energy betweaairtatreams for the purpose
of ventilation in air conditioning or in any other applicatis. In certain applications, con-
densation of water might occur in one of the two air streammgiduhe process of energy
exchange. In such a case, the heat exchanger is termetreat exchangeConversely,

a heat exchanger without having phase change of workingsfhliding operation is rec-
ognized as ary heat exchanger The effectiveness of a dry heat exchanger usually
is expressed as a function wiimber of transfer unitéNTU), and ratio of flow capacity
rates (see Appendix IIl). Once the size and operating floesrate determined, the heat
transfer performance of a dry heat exchanger is known.

Therefore, the calculation of total heat transfer in theecasconvective heat transfer
without condensation occuring over the surface is givenily [

CD = Qm,ccp,c(Tc,o - Tc,i)
® = gmncpn(Thi — Thyo) (15)
® = FUAAT,,

whereU is the overall heat transfer coefficient between hot and aeoldluids, and is
defined as

1 1 S 1
- 4+ = 16
U « ky + Q. (16)

whereS,, is the thickness of heat transfer surfakg,is the thermal conductivity of the
heat transfer surface, amgd anda, are convective heat transfer coefficients for hot and
cold fluids respectively, and
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Qm.c

qm,h

Cp,h
T
1.0
Th,i
Tho
A

U
ATy,
F

mass flow of cold air flow rate [kg/s]
mass flow of hot air flow rate [kg/s]
specific heat capacity of cold air flow rate [kJ/kgK]
specific heat capacity of hot air flow rate [kJ/kgK]
incoming cold air temperature °T]
outgoing cold air temperature °q]
incoming hot air temperature °T]
outgoing hot air temperature °qQ]
surface area of heat exchanger Im
overall heat transfer coefficient between streams ¥

log mean temperature difference for counterflow heat exgpéian ’C]|

correction factor

[-]

F is used to scale log mean temperature difference calcuibgtedsumption of counter-
flow heat exchanger to cross flow or multi-pass configuratign |

The heat transfer process in a wet heat exchanger is muchaoomglicated than that in
a dry heat exchanger. The effectiveness of wet heat exclesgéar has not been clearly
defined. The heat transfer performance of a wet heat exch&nget only related to its
geometric size and operating flow rates, but also to its teatpess and humidity ratios

[9]

In the case of condensation, the effect of latent heat muistabeded in the model. Con-
densation occurs when the temperature of a vapor is redwed iis saturation temper-
ature. If a surface has a lower temperature than the dew,gbmtatent energy of the
vapor is released, heat is transferred on the surface, amtbneate is formed. Regardless
of whether it is in the form of a film or droplets, the condeegatovides a resistance to
heat transfer between the vapor and the surface.

If the humid air is marked with indeX, the surface of the heat exchanger on the air
side with index s, and the fluid on the other side with indexhe heat transfer rate in
condensation can be written as follows [8]:

d = OélAl(Tl - Ts) + mZAll(TS) =
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where then; is the convection coefficient of humid ait; the surface area on the humid
air side, T’ the temperature of humid aif, the surface temperature on the humid air side,
1, the mass flux of condensation on the humid air sidlee latent heat of condensation,
A, the surface area of the fluitiside, S the thickness of the heat exchanger surfage,
the thermal conductivityy, the convection coefficient of flo®, andT; the temperature
of fluid 2 side. The detailed description about the wet heat exchangeels can be found
in[8, 10, 11].

4.2 Calculation of Pressure Drop

To transfer the supply fluid between sub-processes a seitasdt exchanger network
design is needed. Dimensioning of the heat recovery systdmsed on the following
main parameters which are valid for both dry and wet heatvegounits:

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 recovergunit

To dimension the heat recovery system the entire dimengjaimpology has to be de-
signed. This kind of complex system can be solved by theviafig rules [12].

e Mass flow of the exhaust air is the same in all heat recoverng uni

m,1 = dm2 = m,3 = ... = Qm (18)

whereg,, ; is the mass flow of the exhaust air for the heat recovery:unit
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e Total head loss through the system equals the sum of heaith leash heat recovery
unit

APy =Y AP, (19)

=1

where

AP, total pressure drop over the entire system [Pa]
AP, pressure drop over the heat recovery uni{Pa]

Furthermore, the pressure loss for each part of the systerbecaalculated as follows:

V2 ( fiLi
AP, = - K 2
e (fE k) (20)
where
fi friction factor for the surface [-]
> K sum of loss coefficients for the heat recovery unit-]
L; length of the surface [m]
g gravitational acceleration [

The calculation of pressure drop for the heat recovery wastttvo sides. On both exhaust
and supply fluid directions, the pressure drop over the leeaivery unit is the sum of the

pressure drop at the entrance of the duct, pressure drog #ilerduct 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. Agireer or scientist conjures
up a new idea and optimization improves on that idea. Opétiaa consists of trying
variations on an initial concept and using the informatiamgd to improve on the idea.

Optimization can be distinguished by either discrete otticolwus parameters. Discrete
parameters have only a finite number of possible values,egsezontinuous parameters
have an infinite number of possible values. Discrete paranogtimization is also known
as combinatorial optimization, because the optimum smutbnsits of certain combina-
tion of parameters from a finite pool of all possible paramsetelowever, if we are trying
to find the minimum value of (x) on real axis, it is more appropriate to view the problem
as continuous.

Parameters often have limits or constraints. Constraimeith@ation incorporates pa-
rameter equalities and inequalities into the cost functibmconstrained optimization
allows the parameters to take any value. A constrained patgroften converts into an
unconstrained parameter through a transformation of bi@sa Some algorithms try to
minimize the cost by starting from an initial set of paramet@lues. These minimum
solvers or algorithms easily get stuck in local minima buattéo be fast. Therefore, they
are the traditional optimization algorithms and are gelhelbmsed on calculus methods
[13].

5.1 Optimization Models

In an optimization problem, the main goal is to optimize (im@xe or minimize) one or
several cost functiong,,(X) which depend on several variables

X:(Xl,arg,...,xn)

These are called control variables because the functiae\en be controlled with them
by choosing their values. In many problems the choice ofesahf X is not totally free
but is subject to some constraints, that, is, additionatit@ns arising from the nature of
the problem and the variables.
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In this Master’s thesis, the optimization problem has tlsides:

e Optimize the LCC function which represents the price of daa@ergy
e Optimize the structure of the system during the design stage

e Optimize the system output during the process operation

The optimization premise for design is to minimize the Lifgct@ Costs (LCC) related
to the saved energy of the system. For a production procedartet is to minimize the
current energy consumption and to maximize the momentaat/reeovery output.

5.2 Life Cycle Cost (LCC)

Life cycle costing is an economic assessment of an itemesystr facility over its life
time, including the initial purchase price of the equipmand the annual operating ex-
penses, expressed in equivalent Euros. The primary olgectfilife cycle costing is
providing input into decision making in any or all phases graduct’s life cycle. An-
other important objective in the preparation of LCC modsltiidentify costs that may
have a major impact on the LCC or may be of special intereshftdrspecific application.

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

nomic impacts over the life of each option. LCC can also beluseassess the con-

sequences of decisions already made, as well as to estiea@ntual operation and

maintenance costs for budgeting purposes. Life cycle coslisde the value of purchase
and installing costs, maintenance costs, energy consom@nd disposal costs over the
life span of a facility or service. Life cycle costs are suntimas of cost estimates from

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

and estimate of total costs experienced during their life.

The most popular technique used for evaluating the profitabf any investment is Life
Cycle Cost Analysis (LCCA) which is defined as a cost-cenerdineering economic
analysis. The purpose of LCCA is to estimate the overallso$tproject alternatives
and to select the design that ensures that facility will mlexthe lowest overall cost of
ownership consistent with its quality and function. Theealive of LCCA is to choose
the most cost effective approach from a series of altereso that the least long term
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cost of ownership is achieved. LCCA helps to justify equiptn@nd process selection
based on total costs rather than the initial purchase price.

During the LCCA both present and future costs should be takeraccount and related
to one another, when making decision. Today’s Euro is noakgpuomorrow’'s Euro. A
current Euro is worth more than the prospect of an Euro at $atuee time. The amount
of future worth depends on the investments rate and thelesfgime of the investment.
A key element in life cycle costing is an assessment usingvalgnt Euros. Inflation is
also an important consideration in life cycle costing beeaof the effect it has on the
costs. The life cycle, over which the costs are projectesy edfluences the value of the
Life Cycle Cost. Therefore, the present value factor maydeeluo determine the present
value of a future amount of money and it is calculated as Wl 4]:

F
p— 21
(1+7r)t 1)
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:
t
—1
iG] (22)
a—1
where
A amount of money to be discounted [EUR]
a escalation factor [-]

Since the duration of project extends over several yeaisngcessary to have a method
of taking into account the uncertainty in the market priceh&f equipments to be used
in the project that might be occur in the future. This is whigre escalation factors are
used. In other words, the escalation factor is a financidabfacsed to take into account
the uncertainty in the market price of any product which rhmgcur in the future, and it
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can be calculated as follows:

(23)
wheres is the escalation rate.

As it was mentioned earlier an effective way to analyze tlodifability of the investment
for a heat exchanger system with heat recovery is to use fieeQyicle Cost Analysis
(LCCA) and create the total LCC function for the system agddminimize that. In this
type of system including heat recovery the target funct®areated by setting the LCC
costs to be equal with the present value of the saved energ il represent the price
of the saved energy. The main target is to get the created W@Eidn to give cheaper
energy price than the same LCC function done for the systengysimary energy. In
this context the target function for optimization can becsfoed as follows [15]:

min { L,CO } (24)
a b,
where
a  present value factor which takes inflation into account  [-]
E, totally recovered energy [kwWh]

Life Cycle Cost for the system includes the investmentsygnenaintenance costs and
other costs. Additionally the LCC-term has to include thegible investment or the
taxation subventions and the incomes. If maintenance amuing costs differ between
alternatives they have to be counted into the expenses ashelobservation period for
LCC is the total life span of the system. The general LCC fiandior the heat exchanger
system with heat recovery can be formulated as follows:

tlifespan
1 " 1" !/
LOC = 2 {rapylt +aceBt aeni oK 29
t=0

where
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I; investment done to the system at time [EUR]

r  real interest rate [%/a]

a, escalation term for electrical energy [%/a]

a, escalation term for heat energy [%/a]

e. electric energy price at the base date [EUR/KWh]
e, heat energy price at the base date [EUR/KWNh]
E;, consumed heat energy [kwWh]

E. consumed electric energy [kWh]

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

The cost functions for different solutions include fregtigithe terms which are equal
between variants. If the target is to find only the best sofuimong all alternatives the
constant terms can be neglected. If the target is to dervalisolute value for example
for the price of saved energy then all terms have to be takenmaiccount. This study is
used the approach where part of the model elements are at$arne 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 tretasdrvariables can be
neglected.

2. Maintenance costs are equal, this meansdtit= 0

With these assumptions the LCC-term in Equation 25 reductdsetform:

tlifespan
1 " "
LCC= > mlt +a,e.E, + ayen B, (26)
t=0

To solve the components for Equation 26 the simulation nwtale to be translated
as cost functions. Generally it can be concerned that thiefanstions for sub-models

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

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

operating with the heat recovery units which have approtetgastandard dimensions and
operating parameters. This assumption leads to the caoonedbtt the needed surface
area or the control volume is directly correlated with thesmaf the heat recovery unit.
Now the model is simplified furthermore with the followingsasnptions:

1. Material thickness is constant in spite of system sizes itheans thain,,;; =
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2. Installation of the system does not depend on the systaen thiis means that the
investment at year zerd) will be composed purely based on the material and
equipment prices.

3. The cost for heating surface (heating coil) is indiregifgportional to the size of
the main heat recovery unit and it is part of the investmemnte.e. Iy .; =
Ceou(En — E,) whereC.,; is a constant which scales the price of heating surface.

4. The cost of steam heating is also indirectly proportidoahe size of the main heat
recovery unit, i.eCostseam = Csicam(En — E,) WhereCly.,.,, is a constant which
scales the price of steam heating. This should be includéaeimvestment term,
too, but it is included in the operating cost term in this case

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

The annual saved enerdy, located in the function divider can be calculated as follows
[16]:

toper
E,= / Oy pdt (27)
0

wheredy  is the heat recovered energy from the heat recovery unitseofystem. By
putting these formulas together the complete target fandbr the optimization can be
specified as follows:

tﬁfespan 1 ]' " "
. ol +agecEe + ayep By
min { =0 ) i } (28)

a fot“”” Dprdt

During the production process, the main energy consumeheiheat exchanger system
are heating of the supply air in a dry heat exchanger subegsoand heating of the supply
water or whatever fluid in a wet heat exchanger sub-procassu@ energy consumption
for fluid heating can be calculated from the equation:

toper
En = @m, fruidCp / (Tfiwia — Tin) dt (29)
0
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In many cased;,;,s can be assumed to be constant year aroufig.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 recowrstem, for which all pos-

sibilities to improve efficiency are investigated. Thisludes changing the structure of
heat recovery as well as its operation point. A simulatiasi,tavhich enables compari-

son between the performance of heat recovery in its currghthanged operational or
structural situations, is needed. This can be done witlmtbdynamic modeling.

The thermodynamic modeling part for the heat recovery wsésl in this study was done
in [11] and the thermodynamic models are created with Matte#ftware. There are two
developed main functions, named Dry Heat Recovery (DHR) \Aletl Heat Recovery
(WHR) according to the type of heat exchanger they repregentheat recovery system
can be simulated at any operation point by connecting the BRHRWHR units with each
other in a desired way. The inlet conditions of all the streamd the exact structure of
the heat recovery system has to be known. The programs atd¢hE outlet temperatures
of all the streams, heat transfer, surface area of heat egehs, changes in the exhaust
air humidity inside the heat exchangers etc.

During the design optimization, the presented optimizgpimblem can be solved uncon-
strained and all the parameters affecting to the systematiparcan be arranged to give
the most optimal solution. However, due to the mechaniaaitditions and also due to
some experimental facts it is better to limit the worst angassible solutions out and
avoid useless calculation. This is especially importanémvthe model itself is compli-

cated and needs a lot of CPU-time. In this context it is imgo@rto notice that many of

the limitations are not constraints for the mathematicéihoigation but assumptions for

the model itself. Difference between these is remarkabtadse the constraints affect to
the optimization algorithm and the assumptions to the satirh model.

The presented model contains several parameters whichecadjbsted. These parame-
ters vary depending on the model usage, i.e. the operatoniaptg design of the system
or optimizing the production operation. In Figure 8 is prasd the complete model
where all the parameters are to be subject to optimizatidwe simplifications for these
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are presented for the current model in the implementation pa

A
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Figure 8: Parameter table for design optimization (Red :t@bmariable, Blue: Variable,

Black =

where
dexh
d

supp

Sz mr

Constant).

slot size on exhaust fluid side [m]
slot size on supply fluid side [m]
plate size on supply fluid side [m]
plate size on exhaust fluid side [m]
number of slots inside the heat recovery unit  [-]
amount of humid air in the fluid [g60/kg]

The subscriptexzh and supp indicate the exhaust and supply fluid respectively. After
the model is created by optimizing the physical parametecsrading to known starting
values the model can be modified and used for the operatigotimhi@ation, too. This
means that part of the simulation model parameters (gegrpatameters) are set con-
stant based on dimensioning and during the daily operalierptocess parameters are
tuned to produce the optimal system output. The optimindtimction can also in this
case be LCCA based, but practical approach is to create #adamoaximizing available
momentary output of the heat recovery during the obsemaigriod, together with a
function minimizing the total area of the heat recovery simtolved in the whole system
given the geometry constraints satisfied. In this case tgettéunction will be:

max®yr (30)
min Ann
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subject to
L.B< geometry parametersU.B

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

5.4 Genetic Algorithm (GA)

Over the last decade, genetic algorithms (GAs) have beemgixely used as search and
optimization tools in various problem domains, includimg tsciences, commerce and
engineering. The primary reasons for their success arelthead applicability, ease of
use and global perspective [17].

The concept of a genetic algorithm was first conceived by Hiifand of the University
of Michigan, Ann Arbor. Thereafter, he and his students hawaributed much to the
development of this field.

Genetic algorithms (GA) are based on principles from geseind evolution. GAs can be
used to solve optimization problems. GAs are one exampleathematical technology
transfer: by simulating evolution we are actually able tesoptimization problems from

a variety of sources. Instead of a single sample from theisolgpace, GAs maintain a
population of vectors. New solution vectors are generasguselection, recombination
and mutation. The new vectors are evaluated for their fitreass the old population is
replaced with a new one. This is repeated until the algoritmmverges or runs out of
time or patience. If the search space of all possible saistis big enough, we may be
satisfied with a solution which is better than a random guB8k [

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

1. Start with a random generation of an initial populatiodo€hromosomes

2. Carry out a fitness evaluatigiix), for eache chromosome forming the population

3. Apply a crossover operation to the population in orderdnegate a new one ac-
cording to the following steps:
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Select two parent chromosomes according to their bestitnes

Use a crossover probability in order to reproduce the twemarinto two new
chromosomes (offspring’s). Note that if crossing the perenot carried out,
then the offspring’s become an exact replica of their patent

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 bekttion, i.e.continue the
execution of the algorithm.

5. Carry out a test for satisfying a convenient convergdtenon, if this condition is
achieved stop the procedure and select the chromosomesath#téi best fitness as
the solution of the problem.

6. If Step5 is not satisfied then go back to stefil9].

5.4.1 Multi-Objective Genetic Algorithm (MOGA)

In principle, multiple objective optimization problemseavery different from single-
objective optimization problems. In the single-objectoase, one attempts to obtain
the best solution, which is absolutely superior to all othkernatives. In the case of
multiple-objectives, there does not necessarily existatism that is best with respect to
all objectives because of incommensurability and confiicbag objectives. A solution
may be best in one objective but worst in other objective®rétore, there usually exist
a set of solutions for the multiple-objective case whichnzrsimply be compared with
each other. For such solutions, called nondominated solsitr Pareto optimal solutions,
no improvement in any objective function is possible withsacrificing at least one of
the other objective functions [20].
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Fonseca and Fleming (1993) first introcuded a multi-obyjec®A which used the non-
dominated classification of a GA population. The invesbgatvere the first to suggest
a multi-objective GA which explicitly caters to emphasizendominated solutions and
simultaneously maintains diversity in the nondominatddtsms [17].

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

Nondominated Sorting Genetic Algorithms (NSGA) is a populandomination based
genetic algorithm for multi-objective optimization. It & very effective algorithm but
has been generally criticized for its computational comipyelack of elitism (combining
the parent and offspring populations during the selectiparation) and for choosing
the optimal parameter value for sharing parametgy,... A modified version, NSGA-II
was developed, which has a better sorting algorithm, imrm@ates elitism and no sharing
parameter needs to be chosen a priori [21].

The elitist nondominated sorting genetic algorithm Il (N&®) is used in this study to
obtain Pareto-optimal solutions. This is a robust algamigmd incorporates the concept
of elitism to make it more powerful than earlier algorithmS®&A. 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 andtramts if any, i.e. gen-

erate box P, of N, parent chromosomes.

2. Nondominated sort.
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The initialized population is sorted based on nondomimaiti® chromosomes are
classified intofronts based on nondomination as follows:

e Create new (empty) box;’, of size,N,.

e Transferi,;, chromosome fronP to P, starting with the first.

e Compare chromosomawith each member, e.gj, in P’, one at a time.
e If i dominates ovef, remove;j from P’ and put back irP.

e If i is dominated byj, removei from P’ and put back irP.

e If 4 and; are nondominating, keep boitand; in P’. Continue for all;.

e Repeat for all chromosomes id. P’ constitutes the firsfront of sub-box
(of size< N,)) of nondominated chromosomes. Assigiitnk= 1.

e Create subsequent fronts in (lower) sub-boxe®ofising the chromosomes
remaining inP. Compare these membersly with members present in the
current sub-box. Assign thesBanks = 2,3,.... Finally, we have allV,
chromosomes i?’, boxed into one or more fronts.

This sequential procedure is superior to that used in NSGArg/any chro-
mosome is compared to all oth&f, — 1 chromosomes.

3. Crowding Distance (See Appendix IV.).
Once the nondominated sort is complete the crowding distemassigned. Since
the individuals are selected based on rank and crowdingraistall the individuals
in the population are assigned a crowding distance valu@lugte the crowding
distance/; 45, for thei,;, chromosome in any front:

e Rearrangell chromosomes in frontin ascending order of the values of any
one of their fitness functiong;,.
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¢ Find the largest cuboid (rectangle for 2 fitness functiomg)esing: that just
touches its nearest neighbors in thie space.

e I; 4it = 3(sum of all sides of this cuboid).

e Assign large values df, 4, to solutions at the boundaries.
This helps maintain diversity in the Pareto set. This praceds superior to
the sharing operation of NSGA.

4. Selection.
Copy the best of thé/, chromosomes of’ in a new box,P” (best parents):

Select any pair; and;j, from P (randomly, irrespective of fronts).

Identify the better of these two chromosomeis, better thary if

Ii,rank 7é Ij,rank : Ii,rank < ]j,rank
Ii,rank - [j,rank : [i,dist > [j,dist
Copy (without removing fronP’) the better chromosome in a new bdX,.
Repeat tillP” hasN, members.

Copy all of P” in a new box,D, of sizeN,. Not all of P’ need be inP?" or D.

5. Genetic Operators.
Carry out crossover and mutation of chromosome®inThis gives a box ofV,

daughter chromosomes.

6. Recombination and Selection.
The offspring population is combined with the current gatien population and
selection is performed to set the individuals of the nexiegation.
Copy all theN, best parentsi”)and all theN, daughters D) in box P D (elitism).
Box PD has2N, chromosomes.
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7. Reclassify these N, chromosomes into fronts (baRD") usingonly nondomina-
tion.

8. Take the besV, from box PD’ and put into boxP".

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

10. CopyP" into starting boxP. 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 usitigpbjective optimiza-
tion methods, the interpretation of results as statisacallysis is arguably more useful,
since as well as identifying the most likely parameterss iessential to assess the un-
certainty associated with these estimates. Error estgraatenot easily available within
the optimization paradigm, yet they are a natural produgiroper statistical inference
[23]. In addition, Markov Chain Monte Carlo (MCMC) method&a the combination
of both quantitative and qualitative information, i.e.ndaine plate heat exchanger data
with the intuitive knowledge and experience of heat excleamgactitioners (via prior
distributions: our beliefs about the phenomenon beforéharhis Chapter is introduced
by a closer look on Bayesian inference in parameter estimagirior distributions, and
ending with description of MCMC methods.

6.1 Bayesian Inference in Parameter Estimation

The general form on nonlinear model is presented in Equa&ionThe model consists
of measurement¥”, known quantitiesX (constants, control variables, etc), unknown
parameterg, and measurement erres

Y = f(X,0) +¢ (31)

The problem is to estimate the unknown parametebmsed on the measuremenfs
This problem can be solved by different numerical methodetan random sampling
presented in the framework of Bayesian theory. That is, ther @and the unknown pa-
rameters in the model are random and have a distributiop,areenot thought to have a
single "correct” value, but different possible values,ethbeing more probable than the
others [24].

In statistical analysis there are two major approacheséoence, the Frequentist and the
Bayesian approach. In general, the goal in statisticar@miee is to make conclusions
about a phenomenon based on observed data. In the Freqdemtiswork the obser-

vations made in the past are analyzed with a created modehan@sult is regarded as
confidence about the state of the real world. That is, we asghat the phenomenon
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modeled has a statistical stability: the probabilitiesdaned as frequencies with which
an event occur if the experiment is run many times. An evetit priobabilityp is thought
to occurpn times if the experiment is repeatedimes.

In the Bayesian approach the interpretation of probahgigubjective. The belief quan-
tified before is updated to present belief through new olesenata. In the Bayesian
framework the probability is never just a frequency (singddue), but a distribution of
possible values. In the previous example the frequemcgan have different values of
which other are more probable than others, for a every clgnolability can be assigned
that tells how strong our belief about the claim is. Thathg, Bayesian inference is based
on assigning degrees of beliefs for different events.

A common task in statistical analysis is the estimation efuhknown model parameters.
The Frequentist approach relies on estimators derived fiiff@rent data sets (experi-

ments) and a specific sampling distribution of the estinsattm the Bayesian approach
the solution encompasses various possible parametersvaiberefore, the Bayesian ap-
proach is by nature suitable for modeling uncertainty inrttuelel parameters and model
predictions.

The Bayesian approach is basedpoior andlikelihooddistributions of parameters. The
prior distributions include our beliefs about the probleafdsehand, whereas the like-
lihood represents the probabilities of observing a cersainof parameter values. The
prior and the likelihood are updated to a posterior distrdsy which represent the actual
parameter distribution conditioned on the observed dataugh the Bayesian rule [25].

6.1.1 Bayes’' Rule

As stated above, the Bayesian solution to the parametenasdn task is the posterior
distribution of the parameters, which is the conditionadlability distribution of the
unknown parameters given the observed data. That is, watarested in the distribution
with probability density functionr(]Y") wheref denotes the unknown parameter values
andY contains the observations.

To definerr(0|Y') we assume that there is a joint probability density functighY’) that
gives the probability for every combination of parameterd data. In the Bayesian frame-
work this function is expressed as
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p(0lY) = p(Y|0)m,(6) (32)

wherem,, is the prior distribution that describes our prior knowledy the parameters.
Herep(Y'|0) is the likelihood function that gives the probability of eddng dataY” if
we have parameter valde In order to receive the probability density function thanjo
probability has to be normalized so that the probabilitiesh 40 valuel. This scaling
factor is the density function of all possible measuremeant§Y’). The posterior density
can now be written in a form of the Bayesian rule [26]:

Y'[0)m,,.(6)

o
m(oly) == T (33)

which is analogous to the Bayesian rule from the elementanlygbility calculus for two
random variabled and B:

P = T ) = DB (34

The scaling factor (the marginal density of observatioas)lze calculated as the sum (in-
tegral) over all possible joint probabilities. That is, B&yesian formula can be expressed
with

w(0Y) = 21070 (6) (35)

"~ [ p(Y[0)7,(6)d0

The tricky part in implementing Bayesian inference in picets the normalizing constant
that requires integration over an often high-dimensiopake. This integral is seldom
possible to calculate analytically. Deterministic methddsed on the discretization of
the space may not be feasible because of large computatongdlexity due to high
dimension. This problem can be solved, for example, with td&arlo (MC) integration
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methods or with Markov Chain Monte Carlo (MCMC) methods inieththe need for
computing these difficult integrals vanishes.

Before moving into MCMC methods in parameter estimationtake a closer look on the
role of prior and likelihood distributions from the pointwew of parameter estimation.

6.1.2 Prior Distributions

As mentioned, the prior distribution describes our presitapriori) knowledge about the
unknown parameters in the model. With properly selectimgpthor distribution we can
emphasize the parameters that we know to be more probabl¢hthathers.

If we do have any a priori knowledge about the parametersinamformative priorcan
be used. This is, we statg, (¢) = 1. If we have limits for the parameters, we can assign
a uniform prior for the parameters in the feasible inter2a]|

For informative priors it is often useful to use so calledjogate priors. This means that
both the prior and the posterior come from the same familyistfridutions. Conjugate
priors can be found, for example, for exponential and Gansgiormal) distributions.

6.1.3 Likelihood in Parameter Estimation

As said, in the Bayesian framework the error term in Equadibrs distributed according
to some distribution that has some probability density fiomc(PDF), sayp.. If we
assume that the measurement error is independénttafan be shown that the difference
between the measurements and predicted values is distlibuthe same way as the error.
That is, the likelihood can be written as

p(Y10) = pe(Y — f(X,0)) (36)

If we assume that the measurement noise is Gaussian with meearnd covariance
C, that is,e ~ N(0,C), the likelihood can also be written as the Gaussian PDF for th
difference between measurements and obervations:
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_ 1 —0.5(Y —£(X,0)TC—L (Y —£(X,0))

Especially, if we assume that the error terms= Y; — f(X;,6) (measurement error
for measuremend) are independent and normally distributed, thatis- N (0, %) and
e ~ N(0,02I), the likelihood for a certain measurement gets the form

1 —0.5072(Y; — f(Xi,0))?
p(Y1]0) = We (¥imf(Xe.8)) (38)

Since the error terms are assumed to be independent, thereadiielihood of all the
measurements can be written as a product

n

p(Y10) = [ p(¥il6) = ——sge 057550 (39)

P (27TO'2)n/2

whereSS, = > .(Y;— f(X;,0))%. Thisis the basis of the practical implementations. Note
that if measurement errors in different points are idefificstributed or if correlations
between error terms exist, the PDF has to be written in fuihf@Equation 35).

When using an uninformative prior,,.(¢) = 1, also the posterior is known up to the
normalizing constant (integral). That is,

m(0]Y) < p(Y'|0) (40)
6.1.4 Point Estimates

We are often interested, besides in the shape of the pastigstabution, in getting some
values that in some sense represent the posterior distibutVe can take the "most
probable” values of the posterior density that leadsieximum a posterio(iMAP) [27]:
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5MAP = mgxx m(0]Y) (41)

For the MAP estimate we normally used the unnormalized pioste(f|Y) o« p(Y|0) 7, (6),
since it is simple to evaluate and results to same estimane, N

5MAP = max p(Y'[0)p(6) (42)

If we use the non informative prior, the task of finding the MAdeluces to finding the
Maximum Likelihood (ML). The estimate is normally abbreigd as MLE (Maximum
Likelihood Estimate):

Onir = MLE = max p(Y6) (43)

In practice maximizing the likelihood is equivalent to mazing the log-likelihood func-
tion L;,, = log(p(Y'|#)), which is the same as minimizinglog(p(Y'|#)). This results in
the following target function:

— Loy = —log(p(Y]0)) = io.&f—?(n — f(X;,0))* +0.5nlog(270?)  (44)

=1

This kind of objective function is often chosen, becauss #asier to optimize than the
likelihood itself. Also some optimization routines are esjally designed for objective
functions that contains sums of squares. In addition, thenggation routines often as-
sume that the objective function is to be minimized and teatlhy the minus sign is
used.
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6.2 Monte Carlo Methods

The termMonte CarldMC) methods is normally expressed in a very general way. MC
methods are stochastic methods; methods that involve sagmaindom numbers from
probability distributions to investigate a certain prohleThe Monte Carlo methods are
mainly maint for solving two kinds of problems that oftensarin statistical analysis. MC
methods provide a way to generate samples from a given pitapalstribution. On the
other hand they give a solution to the problem of estimatixjgeetations of functions
under some distribution and thus calculating numericat@amations for integrals.

A major issue in statistics is the ability to create samplesfa given probability distribu-
tion. In the Bayesian framework, we want to create samptes the posterior density in
order to examine the correlation and accuracy of model petens and predictions. The
Monte Carlo based methods rely on the possibility of crgatamdom variables from ar-
bitrary and possibly complex distributions. There areaitdht methodology of sampling
from different distributions and the detailed descriptadrthese methods can be found in
[25].

6.3 Markov Chain Monte Carlo Methods

In Bayesian analysis for unknown parameters we are oftendsted in forming the pos-
terior distribution for the parameters. Since this is lgrelossible to do analytically,
we are satisfied with a number of samples from the postergiriloution of the model
parameters. To achieve this by applying the Bayes’ rulergiwethe Equation 35 one
has to integrate over the whole parameter space to cal¢hkateormalizing constant for
the posterior density. A numerical approximation can beeasd through Monte Carlo
integration [25]. Especially in high dimensional casesyéweer, these methods might
be problematic. But with MCMC methods, the posterior digttion can be evaluated
without having to worry about the problematic normaliziapstant of the Bayes’ rule.

The main idea behind MCMC methods is to create a certain typéaokov Chain that
represents the posterior distribution. For more detaikestdption related to the basics
about stochastic processes and Markov Chains, refer to [28]

A Markov Process is a certain type of discrete time stochmibcess. A Markov Chain is
a series of states created by a Markov Process. Assume theaween series of random
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variables,(X(©, XM X® ). This series is a Markov Chain, if the value &f‘+!)
only depends on the value of the previous sf&té. Formally,

PXED =5, 1| X© =50, XD =51, , XD = 5) = P(XTD) = 5,4| XD = 5,
(45)

wheres,; denotes the state of the chain at tiine

In MCMC methods the idea is to create a Markov Chain usingoandampling so that
the created chain has the posterior distribution as itsuengjationary distribution (lim-
iting distribution). The most basic methods of achievinig tithe Metropolis algorithm
and its generalization (Metropolis-Hastings algorithrmg atroduced in the following
section.

6.3.1 Metropolis-Hastings Algorithm

The Metropolis-Hastings (MH) algorithm prescribes a sietpansition kernel to produce
a Markov Chain that has invariant distributie(9) that can be regarded as a sample from
7(0). The MH algorithm is based on accept-reject methodologgvacandidate poirtt*

is created from a proposal distributigfi|6) that contains the probabilities for recieving
a certain candidate point given the previous va@lu€éhe MH algorithm can be written as
follows [25]:

1. Initialization

e Choose a starting poirt
e Setb,; = 0y
e SetChain(1l) = 60, andi = 2

Choose a new candidate from the proposal distributions ¢(.|0,4)

2. Accept the candidate with probability

o= . w(@*)q(&old\e*) )
= min (1, )06 o) (46)

e If accepted se€' hain(i) = 6* andf,;; = 6*
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e If rejected seChain(i) = Oy4

3. Seti = ¢+ 1 and go ta2.

If we assume a symmetric proposal distribution, that(8;|0,.4) = ¢(0,14|6), We get a
special case of the MH algorithm called the Metropolis alton.

Note here that if we use the Bayesian framework we know th&epos density up to a
normalizing constant. We see that in Equation 46 the cohstantels out. If we assume a
standard nonlinear modé&l” = f(X, )) with Gaussian noisg ~ N(0,02I)) and a non-
informative priorr,,.(#) = 1, we can write the acceptance probability for the Metropolis
algorithm as follows:

: m(07) ) : ( p(Y|0") ) : —0.5672(SSgx—SSp , )
=min (1, =min (1,———= ) =min (1l,e 7 0% 72014 47
o ( (V0] (Le ) @

This is a practical form of the acceptance rule and is thesbafsihe implementation of
MCMC methods in any statistical analysis case. The thirgd c&heceptance step) of the
algorithm can now be written in a more practical way as foow

3. ComputeSSy- andSSy,,,. Accept the candidate §5y- < SSy,,, or if

u < e~057 " (550-=5%,,) whereu is a random number generated fréff, 1.

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

Let us return to the heat recovery model, during the MCMC demgpthe Nusselt num-
bers described in Equation 5 are expressed in a new paraeteform to present the
uncertainty of the Nusselt numbers for both exhaust andlguppd side of the heat
recovery unit and is written as follows:

Nz, = 61 Re? Pr% (48)

Ntgypp = 04 Re% prs (49)

respectively. From the Equations 48 and 49 the first two patars for both exhaust and
supply fluid side are the same, orflyandéd, are different.
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The author [11] defines the genetatnn— model as
Y = f(X,0)+e€ (50)

where{# = 0,, 05, 63,0,} contains the:, m, n, n parameters, andl is thecmnn—model
response, and contains the synthetical data made fropm, n, n constant values, and
e is the noise level used to create the synthetical data. Tibelprowledge off param-
eters used in the sampling was assumed to be uniformlylulis#dl, and the chains were
collected afte20000 simulations.

During the optimization of the dry heat exchanger sub-psceeveral cost functions are
optimized at the same time. Both outgoing exhaust and suippiytemperaturesi(.,, ou:
andT s, ..:) depend on the incoming fluid properties and control vaesbf the dry heat
exchanger unit whereas the heat recovered endrgy ) depends on both incoming and
outgoing fluid properties and control variables. This irdependence of the parameters
makes the system behaving nonlinearly. For that reason, R@Mthods are used at this
stage to take into consideration the uncertainty in thetecemodels.

Consider a general optimization equation below:

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

subject to

L.B< degn, dsupp, L, HLN < U.B

and compute

Téupp,OUt - f(XZnu eia L7 Hu N)
Tia:h,out = f(ina 9@', L, H, N)

CI>iHR = f(ina eia dexh> dsuppa La H> Na Tsupp,outa Texh,out)

TheL.B andU.B are the lower and upper bounds for the given control var&ablg, i = 1, .., j}
are the parameter chains from the Nusselt number for botaustiand supply fluid, and
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X, contains the incoming fluid flow variables such as the incgn@xhaust and supply
fluid temperatures and their corresponding mass flow, thauatred humid air, etc.

The question is to find out an effective way to use these pamnehains inside the
optimizer to get the distributions of the optimal solutidrhis question can be solved in
different ways in which three approaches are describedllasvi

Approach 1

This approach is applied by fixing the parameter chéinfor the heat exchanger model
during the optimization process. This means that the melae wd the chain is given in-

side the optimizer during the cost function evaluationsl, e calculation of the predic-
tions of outgoing temperatures and the heat recovered erepgrformed by accepting
only solutions which satisfy all the constraints given irugtion 51.

Approach 2

Approach2 is mainly based on the constraints to be considered in thenaition mod-
els. In general all the points from the chaff) (Should be given inside the optimizer during
the cost function evaluations, and the optimization is deméhat all the constraints are
taken into account at the same time, this means that the izption is done many times
depending on the number of constraints. Due to the CPU tiniengadifferent random
selected points from the chain are given inside the optimimgtead of the whole chain
(0;). The optimization algorithm has to be run long enough taengs convergence.

Approach 3

In general, all the chain pointg,] are given inside the optimizer during the cost func-
tion evaluations. This means that the optimization is doaeytimes depending on the
number of the chain points. In other words, the optimizaisahone for every given point
from the chain{;), and different optimal solutions from different optimiian runs based
on different points from the chain have to be saved. Howaiece the CPU waiting time
in this case is very long different points from the chain hawéde selected randomly
to present the sample, and the population size and generatimber 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 icwidescribles the connec-
tions between the heat recovery units. Mathematical agpraad parameters for these
unit processes are presented in the previous sections.nésage the sufficient solver for
the optimization the development environment has to haasamable function libraries
and solvers to handle the presented nonlinear problemslsmtbacombine optimization
and simulation. Several programming environments inchesggled features for the model
implementation. The project work involves several objexfunctions to be optimized at
the same time, and this leads to the choice of NSGA-II as otlesofultiobjective opti-
mization methods to be used. This algorithm is implememéddatlab environment and
it is described as a package of several Matlab files.

Due to the number of control variables and several sub-rsdatelnon-linearity rules the
system character. For that reason, it can be assumed thsoltiteon domain includes
several local minimums and maximums, and due to this it isont@mt to evaluate the
whole problem field and be sure that the achieved result®sept a global optimum.
The plan is to start the optimization with NSGA-II to seek th@main for the control
variables giving the optimal solution. After the controliedles have reached the range
where the values are not any more varying over the givendithi optimization method
will be used to optimize the created cost functions at theesamme. After the optimization
step, the MCMC methods will be used inside the optimizer asilged in section 6.3.2
for taking into account account the uncertainty in the opation models.

7.1 Structure of the Heat Recovery Units used in the Case Styd
7.1.1 Dry Heat Recovery Unit

As mentioned earlier the dry heat recovery (DHR) unit is cosgul of several plates
separated by empty space calthatt whose size is calledlot size All the slots on the
supply air side have the same slot size and all the slots oaxthaust air side have the
same slot size. However, the slot sizes for both exhaust@molysair side of the unit do
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not have to be the same.

The measured parameter for DHR unit on supply air direc8dhe plate size denoted by
L, and on exhaust air direction the measured parameter isdteegize denoted by, and
the third parameter is the widiV of the whole unit given by the sum of all slot widths
inside the unit. The dry heat recovery unit considered is thase study has the following
measured standard parameter values:

dezn € (0.016,0.020) m
yupp € (0.016,0.020) m
Lpur € (2,2.5,3) m
Hpur € (1,1.25) m
Npur € (40,150)

These limitations are due to the engineering practicaltggiview that the manifacturers
can only produce the plate heat exchangers based on thedarstparameter values.

7.1.2 Wet Heat Recovery Unit

The wet heat recovery (WHR) unit described in Figure 4 haddahewing standard pa-
rameter values:

dezp, = 0.011 M
gpp = 0.004 M
Lwnr € (1.8,2,2.2) m
Hpur € (1,1.25) m
Npur € (14,200)

7.2 Model Calculation and Control Variable Selection

The model presented in the previous sections is dividedtheosub-process connected
together with process connections. In this case study tt@seections are dry and wet
heat recovery units having the supply and exhaust fluiddésihe calculation synthax
of the model follows the direction of the supply and exhaustf starting from heat
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recovery units, which are the base element for the systenm&ns of modeling both

dry and wet heat recovery units need back calculationsen$id model due to counter-
current cross flow and phase changes. When the physicalaf@hgsystem is created the
objective function for LCC is formulated and the relateddas are calculated as follows:

tlifespan

1 " "

LCC = — 1 E,. E 52
tz; (1+’I")t t"‘ae l+ah€h h ( )

where
Eel - Eel,e:ch + Eel,supp (53)
Eel,ezh - np_lnleeK‘/ea:hAPea:h (54)
Eetsupp = 1y '€ K ViuppA Poupp (55)

and
Ey total electric power consumed by the pump machine [kwWh]

E. . electric power used by the pump machine on exhaust fluid sid&/h]
Ee. supp €lectric power used by the pump machine on supply fluid sideWhk

Mp efficiency of the pump machine [%]

il loss coefficient associated to the pump machine [-]
K operating time [hours/a]
Visupp volumetric flow rate of the supply fluid [#s]
Vewh volumetric flow rate of the exhaust fluid fits]
AP,.., pressure drop on the exhaust fluid side [Pa]
APy,,, pressure drop on the supply fluid side [Pa]

It is assumed that the pump / fan machines have the same réfjcitbe same loss coeffi-
cient and the same operating time through the whole system.

This LCC function includes the investment terms which agegtice of the heat recovery
units of the system themselves and the total cost for heatiitg. The LCC function in-
cludes also the operating cost terms which are the cost di@ua steam energy needed
when the energy produced by the heat recovery units is naiginfor the heating de-
mand, and the cost for electricity consumed by the pump / fachimes [29].

54



The annual energy consumption for heating the supply aibdnéating the supply water
in heat exchanger system is calculated as follows:

Eh = Qm,suppCp (Tfinal - Tsupp,i) (56)

where
Trina  desired final temperature value  °C]

Tsupp; Incoming supply fluid temperature °E]

In generall;,,; can be assumed to be constant around the year, and in thistcaye
the final temperature to which the supply air has to be heatixead to100° C, while the
final temperature to which the supply water has to be heatiecdeis to55°C.

Since the investment terms are directly related to the &v&d of the heat recovery units,
the given optimization function in Equation 52 has to be mized at the same time with
the following cost function for minimizing the area of the @ system.

subject to
Lpur € (2,2.5,3)m
Hppr € (1,1.25)m
Npur € (40, 150)
Lwugr € (1.8,2,2.2)m
Hywpr € (1,1.25)m
Nwrr € (14,200)

where

Apr = Apur + Awnr

Apnr =2(Npur — 1)LpurHpar

Awnr =2(Nwur — 1) LwurHwHr

During the implementation the following practical assuiops$ and facts were observed:

1. The outgoing temperature of the supply &if.{, «ir..u:) Was changing with respect
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to different geometry of the heat recovery unit. In practiieis outgoing tempera-
ture has to be considered as a control variable during thenattion process.

2. Touppwaterout < Tap. If the supply water is heated to higher temperature than ex-
haust air dew point temperature the heat exchanger sizdeavithcreased remark-
ably. Another remarkable reason for this limitation wad theat exchanger model
became often unstable when heat surfaces were partly digyc®hstraint has been
also taken into account during the optimization.

3. The mass flow of supply watef,( supp,water) has a remarkable effect on the system.
In practice, the slot size on the supply water side is redgtigmall if the water
flow going inside the heat exchanger is much enough the whyskem could be
destroyed. This parameter has been taken into account adralo@riable and let
the optimizer finds the optimal value depending on the odtgaametry of the heat
recovery unit.

During the optimization process, the velocity of the fluidide the heat exchanger has to
be taken into account as well. In practice, the velocitydaghe heat exchanger varies
betweens — 12 m/s and sometimes it goes up td m/s. We have to let the fluid flow
going inside the heat exchanger to be within acceptableesgsrand be penalized if the
velocity is approaching5 m/s or if it is going belows m/s. The fluid velocity inside the
heat exchanger going beyond m/s has to be rejected. This constraint is implemented
as a penality function described in Figure 10 .
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Penalty
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Figure 10: Penalty function for fluid velocity inside the heachanger
The penalty function used in this case is defined as follows:

sw—2 if 12<w<15
Pw)=1< 1 if 8<w<12
Zw+2 if w<s

whereuw is the fluid velocity inside the heat exchanger. This perfalttion affects only
the investment terms through the cost of the heat recovaty. dor that reason, the cost
of heat recovery units themselves will be penalized asvidlo

Costyr = Pegn X Psupp X Aur x Ca (58)
where
Costyr cost of heat recovery unit [EUR]
P..h penalty term on the exhaust fluid side  [-]
Poupp penalty term on the supply fluid side  [-]
Ann area of heat recovery unit fih
Ca price of surface unit [EUR/A}
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8 Results

To analyze the created simulation and optimization modedg tvere tested against the
industrial project considered as a case study in this Magtessis.

8.1 Optimization Results

Optimization of the design values was done with differesttens. Parametrization of the
models are presented in Table 3 and the differences betwedrdt run alternatives are
shown in Table 1 while the specific parameters given in Talle2ised in all optimization
cases. That s, the specific parameters are always the sat¢hree different life cycle
periods of the case study project.

Table 1: Optimization cases.

Parameter Runl Run2 Run3
Life cycle period 5 a 10a 15a
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Table 2: Specific parametrization of the optimization cases

Parameter Value
Escalation of electrical energy.| 5%
Escalation of heat energy, 5%

Inflation rate 2%

Nominal interest rate 7%
Efficiency of the pump 75 %
Incoming exhaust air temperature 80¢ C
Incoming supply air temperature 28° C
Incoming supply water temperature 16 C
Incoming exhaust air mass flow 30 kg/s
Incoming supply air mass flow 20 kgls
Incoming exhaust air water content 160 gH,O/kg
Incoming supply air water content 20 gH,O/kg
Operating time 8400 hours/a
Price of dry heat recovery unit 50 EUR/n¥
Price of wet heat recovery unit 160 EUR/n?
Price for heating unit (dry heat recovery)2 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 estiohby the following equa-

tion:

Croir = 5000 + 5E),

whereF), is the annual energy consumption for water heating and ibeacalculated by
the Equation 56, and the constant valGes) and5 are the Euros.

The control variable limits were chosen based on the aboseritbed unit process prop-
erties. Size of the population was chosen to be at least m&stcompared to the number
of control variables. The number of generations was fixeer dfte 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 50° C 60° 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 recoverg)m 3m
Plate size on the exhaust air side Im 1.25m
Plate size on the supply air side (wet heat recovery m 2.2m
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 dofor the cases shown in
Table 1. During the optimization of LCC function which repeats the price of the saved
energy, it was found that the price of the recovered enerd$.is3 EUR/MWh which is
feasible to heat the supply air upi®°® C. The optimal design for a dry heat recovery unit
is shown in Table 4.

Table 4. Optimal design parameter values for the dry hedtanger.

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 3m
Plate side on the exhaust air side Im
Number of the slots inside heat exchanger66
Outgoing supply air temperature 59° C
Area of a heat exchanger unit 390 m?

Heat recovered from the dry heat exchangér6.2 kW

The visualization of the optimization was done by plottingREX vs. Annual OPEX
where the CAPEX is the sum of the costs of heat recovery uditla& costs for heating
units, while the OPEX is the sum of the costs of steam heatiwdglae costs of electrical
energy consumed by the pump. The results for the cases aenped in Figure 11 and
Figure 12.
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From the result figures can be seen that the model is resppadiaxpected. The longer
lifetime weights higher CAPEX and lower OPEX and vice ver&areto front for the
cases are shown on red cycled points in the figures. TableVesstinos 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 combinegtitleg and the optimization
of the LCC function of the whole system is done together witkirizing the design of
the system at the same time. The optimal price of the savedyfa the system i58.18
EUR/MWh which is feasible for heating the supply air upstty C and for heating the
supply water up t&8° C at the same time. The optimization design results of theesys
are shown in Table 6.

Table 6: Optimal design parameter values for the whole syste

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 2m
Plate size on the exhaust air side Im
Number of the slots inside a dry heat exchanger 80
Outgoing supply air temperature 59° C
Area of a dry heat exchanger unit 316 m?
Heat recovered from the dry heat exchanger 518.8 kW
Plate size on the supply water side 2.2m
Plate size on the exhaust air side of the wet heat exchanger
Number of slots inside a wet heat exchanger 27
Incoming supply water mass flow 21 kg/s
Outgoing supply water temperature 58° C
Area of a wet heat exchanger unit 114 m?
Heat recovered from the wet heat exchanger 3182.8 kW

Table 6 shows that the optimal supply water mass flo@d ikg/s which requires a corre-
sponding wet heat exchanger ared bf m?> compared to a dry heat exchanger as¢é

m? in order that supply water temperaturé(0° C is to be heated at a final temperature
55° C without exceeding the dew point temperat@ied5° 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 muehefficient than
the dry heat exchanger by comparing the heat recovered fnandifferent heat recov-
ery units and the corresponding required surface area. eTitssilts show that the dry
heat exchanger requir8$6 m? of surface area for recovering ondg8.8 kW, while the
wet heat exchanger requiré$4 m* of surface area to recovéi82.8 kW. In terms of
ratios, one can gain arourx@ kW/m? from the wet heat recovery unit, while in the dry
heat exchanger the heat recovered péiswonly aroundl.64 kW/m?. Even though it is
expensive to construct a wet heat exchanger compared twtistraction of a dry heat
exchanger as shown in Table 2 it can be beneficial to use omhal wet heat exchanger
than implementing big dry heat exchanger with which one @an Igss recovered energy.

The visualization of the optimization results for the whejstem was done by plotting
CAPEX vs. Annual OPEX as usual. The results for differenesase presented in Figure
13 and Figure 14.
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Figure 13: Pareto front of CAPEX vs. Annual OPEX foand10 years for the whole
system.
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As in the dry heat exchanger case, the same behavior of meests realized in the
whole system. The longer lifetime weights higher CAPEX antdr 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 areefésgent and they usually
require bigger operating surface area with relative sneibvered 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 opetion algorithm
(NSGA-II), a simplified case of minimizing the area of a dryahexchanger was used.
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For the understanding of how the proposed approaches akingpthe slot size on both
exhaust and supply air sidg,;, andd,,,, respectively, and the number of sld{$;  in-
side the heat exchanger were fixed to the values given belogreiore, the cost function
to be minimized is defined as follows:

subject to
Lpyr € (2,3) m
Hppr € (1,2) m

Npur = 80
dezp, = 0.016 M
dsupp = 0.016 M

where

Apr =2(Npur — 1)LpurHpar

The usual optimization is done first by fixing the parametairciauring the optimization
process, i.e. the mean value of the chain is given inside phienzer during the cost
function evaluations and long run (population sizel@find generation number ®000)

of the optimization algorithm is performed. After the pogibn members have converged
to the optimum, the optimal solution of the last generat®presented in Figure 15.
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Figure 15: Optimal solutions (Red: for the mean value of thair, Green: for all con-
straints, Blue: for some points from the chain).

Figure 15 in red points shows that the implementation of @@gn1 described in section
6.3.2 results in a small heat exchanger whose optimal glet®i the supply air direction
L is 2.65 m?, while the slot size on the exhaust air directiorfdss 1.34 m?. And it is
well seen that all the population members of the last geloerdiave converged to the
optimum.

The implementation of approachn which the optimization is done by going through all
the given constraints corresponding to different poirgsfithe chain results in a little bit
bigger heat exchanger as shown in Figure 15 in green poims.cén see that the optimal
slot size on the exhaut air sidé was increased up tb5 m? while the optimal slot size
on the supply air sidé is also increased up tom?.

The implementation of approachin which the optimization is done several times de-
pending on the points from the chain results in differentropt solutions from different
optimization runs as shown in Figure 15 in blue points. Iis #tase all the population
members from the last generation of every optimization rinmctv corresponds to the
random selected points from the chd@inhave converged to different optimal solutions.
One can see that for each point from the chain the algoritismitein a different optimal
design. This clearly shows how much the uncertainty in thdeteocan affect the results
from the usual optimization.
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In Figure 15 in blue points all the optimal solutions fromfeieént optimization runs
based on different points from the chain are varying arotedptimal solution obtained
by using the mean value from the chain (red points) and thienapsolutions obtained
from the implementation of approaeh(green points). With these results the safe limits
in which the decision makers can choose the optimal designdoy heat exchanger are
clearly known, and with these results different dry heahexgers can be designed with
a95 % of confidence.

8.3 Discussion and Future Work

The NSGA-II algorithm is working as expected but is slow foe tvhole system, since it
requires the evaluation of a large population size and & lamgnber of generations which
leads to big CPU time waiting in practical engineering ca3ésee different approaches
of implementing the MCMC methods inside the optimizer hagerbimplemented suc-
cesfully by using a simplified case of minimizing the area afnaheat exchanger. One
can think on improving the running CPU time and the impleragah of MCMC methods
inside the optimizer for complex optimization models.

There are three main things which can be taken into congideraOne way is to par-
allelize NSGA-II algorithm in such way that at each genematll N population can be
evaluated independently on different processors, sineedntral algorithm only needs
the values of the objectives to iterate. This parallel@atan be implemented using the
C' interfacing program responsible for the evaluation of thgective function values as-
sociated withV population.

The second possibility is to use Kalman Filter methods wiegblicitly specify the un-
certainty in the system states that arises from imperfemtgss approximation and from
data uncertainty. In this way, one might calculate the omgexhaust and supply fluid
temperature predictions from the dry heat exchanger to é@enttoming fluid tempera-
ture of the following wet heat exchanger. Since both outg@xhaust and supply fluid
temperature are used to connect different types of heatexgers, with these methods,
one might be able to take into consideration the uncertamtiie models of the whole
system.

The third possibility is to apply the described approacloesrhplementing the MCMC
methods inside the optimizer to the complex optimizatiorthods (the whole system),
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by first of all checking if the chain remains completely thensafor different geometry
of a heat exchanger. If the chain remains the same for diffeyeometry parameters of
a heat exchanger then the described approaches of implegn&EMC methods inside
the optimizer will be used as they are by letting all the cointariables varying within
the given ranges. If the chain is different for different gesary parameters, then the
described approaches have to be modified appropriately.

9 Conclusions

Presented optimization and statistical analysis workuidet the optimization models
for the heat exchanger network including heat recovery.lémgntation of the models
was done in Matlab environment in which the design optinmzaivas done by utilizing

a Nondominated Sorting Genetic Algorithm Il (NSGA-II), vdnithe statistical analysis
was done by using the Markov Chain Monte Carlo(MCMC) methods

The optimization models for dimensioning the plate heaharger network that satisfy
the goals set for creating and minimizing the LCC functioncliirepresents the price of
the saved energy, for minimizing the whole system netwoela @nd for maximizing the
momentary heat recovery outputs were successfully fotedlaThe uncertainty in the
model for the simplified case (dry heat exchanger sub-ps)agas taken into account
during the optimization process and the results were piomis

The design optimization of a dry heat exchanger sub-praesssts in an area &0 m?
with a heat recovered of only76.2 kWh. The minimization of the LCC function in this
case has shown that the optimal price of saved engigys EUR/MWh is feasible for
heating the supply air up t@®° C.

During the optimization process of the whole system, i.e.emh dry and a wet heat
exchangers are combined together the LCC function was naaartogether with mini-
mizing the area of the system and miximizing the momentaay hexovery output. The
optimal price of saved energy for the system was found t6&h&8 EUR/MWh which
is feasible for heating the supply air temperatge C to a temperaturg9° C and for
heating the supply water temperatur@(0° C to a temperaturé8® C at the same time.
The design optimization results of the system have showntiigawet heat exchangers
are more efficient compared to dry heat exchangers since ¢hd@at exchanger unit
requires an operating surface arealdf m? to recover the heat df182.8 kwh, while
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a dry heat exchanger requires an operating surface argesah 2 for recovering only
518.8 kWh. This was an indication that even though it is expensivednstruct a wet
heat exchangern ¢0 EUR/n?) compared to the construction of a dry heat exchangfer (
EUR/n?) it can be beneficial to use only a small wet heat exchangarithplementing a
big dry heat exchanger with which one can gain less recovanedyy.

The investment behavior of the project was studied by amagythe CAPEX and OPEX
based on the avalaible factors which affect the investmesiiscand operating costs for
both cases (dry heat exchanger sub-process and combinaddlryet heat exchangers).
The CAPEX and OPEX results have shown that the created gattiron models were
responding as expected. The longer lifetime weights higg&PEX and lower OPEX
and vice versa. That s, it is cheaper to invest for shorigoibut the operating costs will
be higher annually.

When the uncertainty in the models was taken into accoumngltine optimization pro-
cess by implementing three different described approachéss been found that for
each point from the chain the algorithm results in a diffeagtimal design. This clearly
shows how much the uncertainty in the models can affect thdteefrom the usual op-
timization. All the optimal solutions from different optimation runs based on different
points from the chain were varying between the optimal swhstobtained from the im-
plementation of both approadhand approacl2. With these results the safe limits in
which the decision makers can choose the optimal design of Aaht exchanger were
clearly known, and with these results different dry heahexgers can be designed with
a95 % of confidence.
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Appendix I. Newton’s Law of Cooling

The mean temperatui&, is a convenient reference temperature for internal flonasy-pl
ing much the same role as the free stream temper&tyrér external flows which is
constant in the flow direction. Accordingly, Newton’s lawaafoling may be expressed as

® =T, — T,,)

where « is the local convection heat transfer coefficierif; is the temperature at the
surface, and;,, is the mean temperature which is varying in the flow direcfign



Appendix Il. Derivation of log mean temperature differ-
ence (\1y)

Applying an energy balance to each of the differential elet®ef Figure 6, it follows that
dD = —GoupnCppdTy, = —ChdT),
and
dD = o oCpodT, = CodT,

wherec;, andc, are the hot and cold fluideat capacity rategespectively. These expres-
sions may be integrated acros the heat exchanger to obmiovtrall energy balances
given by Equations 8 and 9. The heat transfer across thecsuai@alA may also be
expressed as

dd = UATdA
whereAT =T, — T, is thelocal temperature difference between the hot and cold fluids.

To determine the integrated form of Equation 14, we beginubsstuting Equations 12
and 13 into the differential form of Equation 10.

d(AT) = dT), — dT,

to obtain

d(AT) = —d® (cih + ci)

Substituting ford® from the previous equation and integrating acros the hedtanger,

we obtain
> d(AT) 11 2
= U|—+ = dA
/1 AT (Oh + OC) /1

AT, 11
m(22) - pallt Lt
H(ATl) (ch +OC)

or



Substituting forC, andC, from Egautions 3 and 4, respectively, it follows that

ATQ Thi_Tho Tco_Tci
In(222) = —pa ik o~ 1o
n(ATl) v < > 0 )

UA

= —?[(Th,i —T.i) = (Tho — Tt.0)]

Recognazing that, for the parallel-flow heat exchangdr, = (7}, ; — 7. ;) and AT, =
(Th.o — T¢.,),we then obtain

AT, — ATy

b = s -
In (ATQ/ATl)

Comparing the above expression with Equation 11, we coedloat the appropriate av-
erage temperature difference isog mean temperature differencd7;,,. Accordingly,
we may write

¢ = UAAT,,,

where

ATQ — ATl . ATl - ATQ
In (ATQ/ATl) N In (ATl/AT2>

AT}m =
Remember that, for thegarallel-flow exchanger

ATI - Th,l - Tc,l - Th,i - Tc,i
ATQ - Th,2 - Tc,2 - Th,o - Tc,o)



Appendix Ill. Effectiveness of dry heat exchanger-NTU meth
ods

For any heat exchanger, the effectiveness can be expressed a

Cmin
= NT
‘ f < U’ Cma:c)

where

Omin Oc - @

Cmax - CYh B Cc

depending on the relative magnitude of the hot and cold fleat bapacity rates, and

UA

min

NTU =




Appendix IV. Crowding Distance

The crowding distance is a measure of how close an individualits neighbors. Large
average crowding distance will result in better diversityhie population. The crowding
distance is calculated as follows:

For each frontt;, n is the number of individuals.

1. initialize the distan.ce to be zero for all the individuiak. F;(d;) = 0, wherej
corresponds to thg” individual in front F;

2. for each objective functiom

e Sort the individuals in fronf; based on objectiver i.e. I = sort(F;, m).

e Assign infinite distance to boundary values for each indigidn F; i.e. I(d;) =
oo and/(d,) = oo

o fork=2ton—1

fmam _fmin
m m

— I(k)m is the value of then!" objective function of the:'* individual in
1.

The basic idea behind the crowding distance is finding théickac distance between
each individual in a front based on their objectives in then dimensional hyper space.
The individuals in the boundary are always selected sineg tlave infinite distance as-
signment.



Appendix V. Economic factors calculation

Economic factors should be taken into account during thdyaisaof any investment
profitability. As the inflation rate and interest rate varyjtiwiime, the investment and
operating costs should be discounted to the present valoepoéy. In this project, the
economic factors are calculated as follows:

Te = I

Th =

d. =
Te
1—(1 1/t
dh— ( +7“h)
Th
;o T—=(14r)Vt



where

t

~.

life time span of the project

nominal interest rate

inflation rate

real interest rate

escalation term for electrical energy
escalation term for heat energy

real interest rate for electrical energy
real interest rate for heat energy
discount term for electrical energy
discount term for heat energy
discount term for inflation or present value



