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ABSTRACT

COMPUTATIONAL INVESTIGATION OF ROT ORCRAFT AVIONICS
BAY COOLING SYSTEM

AkeMl t uj
Master of ScienceAerospace Engineering
SupervisorAssist. Prof. DrHarika Senem Kahveci

August 2019148 pages

Computationainvestigation of a rotorcrativionicsbay cooling system is performed
Within the introduced systenhe ambient air is supplied toetlavionicsbay by a fan
andexhausted back into the ambienteafcooling the equipment insidBepending
onthefan and exhaudocations, hot zones may form around sahthe equipment.

The fanmust provide asufficiently high mass flow rat® keep the temperatures of
theavionicsequipment below the limits, whilvoidingexcessive amount oboling

to reduce power consumptidn this study, the effects of the fan axhaust locations

on therequired mass flow rate are investigatBrediction functios with Gaussian
Process Regression and Artificial Neural Network methods are built to fpredic
avionics surface temperatunasing the results from a series of Computational Fluid
Dynamics (CFD) analyse§he first method is selected over the latter as it yields more
accurate results. The selected prediction function is used in conjunction with an
optimization algorithm to determine the optimum fan and exhaust locations that
minimize the required mass flow rateis found out that the required mass flow rate
significantlydepends otthe fan locationwhile, the exhaust location has a relatively
lessened effecThe required mass flow rate could be reduced to around half of its

valuewith an even more significant reduction in power consumption. Additionally,



the CFD analysis for the optimum fan and exhaust locations are repeated with different

turbulence models to evaluate the effect of the selected model on the results.

Keywords:Avionics Cooling, Design of Experiment, Computational Fluid Dynamics,

Optimization, Gaussian Process Regression, Artificial Neural Networks, Turbulence
Model
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D°ner kanatl é bir u-aj eén aviyoni k b°l me
i ncelenmi ktir. Bahsi ge-en sistemde, deécx
takénér ve b°l medeki ekipmanlar sojutul dt
tahliyee di | i r . Fan ve egzoz yerlerine g°re,
-evresinde sécak b°lgeler olukabil mekt ed
sécakl ekl ar éneén i mit]l eri ge- memesi -
gerekenden rdahav gy (kesleiksibnden, sistemin gg¢
ka-énél mal eder . Bu -aléekmada, fan ve egz
et ki si i ncelenmi ktir. Hesapl amal & Akeéxkke
edilen sonu-VbVayokuk| gpékgrakcabl ékl aréene
S¢re- Regresyonu ve Yapay Sinir Ajé met c
ol ukturul muxktur . KIl k met ot , i ki ncisine
se-i I mi ktir. Se-il em hoglsiymashi il eptbiem
I htiya- duyul an debiyi en aza indiren u
¢al ékma sonucunda, fan yerinin ihtiya- (
etkiye sahip olduju, ¢g@nodanariagdi ol dufkiusi
Khtiya- duyulan debi miktaré yareée yareéya
daha da fazla ol duju g°r ¢l megktegr. Ek ol
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CHAPTER 1

INTRODUCTION

1.1. Avionics Cooling

The electronics equipment used in aviation industry, known as avionics, is composed
of sub components such as printed circuit boards that generate heat during operation.
Maintaining the operational temperature limits of these sub components is a
significant factor in achieving a reliable and safe operation of the equiphjeAs

the aircraft become more and more dependent on aviflicso does providing
appropriate thermal environment to avionics equipment inside the bay. Although the
avionics manufacturer provides means for removing heat from sub components inside
the avionics equipment, it is the duty of the airframanufacturer to ensure an
appropriate thermal environment around this avionics equipment. Several of them are
installed together in a clog®cked fashion in the avionics hagquiring an effective
removal method of the total heat load produced from &lye Bhis task becomes even
more challenging as the use of composite structures in the aviation industry increases
[3]. Since composites have pobetmal conductivity, they act like thermal insulators,
resulting in a significant decrease in the heat transferred from the inside of the bay to

the outside.
1.2.Literature Survey

A typical avionics coolingystem consists of a fan and an openifige fanprovides

air circulation inside the bayThe heat generated by the avionics equigmign
transferred to this air. Than the miexhaustd to the ambient. The systeveight and

the amount of power consumption are proportional tathmass flow rate sup@d

by the fan, therefore the use of excessive mass flow rate adversely affects the rotorcraft

performance. In order to ensure an efficient cooling of the avibbaigshe designer



has the options of strategicallycating the avionic equipment and managine flow
field inside the bay. The flow management can be performed in several ways, such as
changing the locations of the fan and the exhaust, using the fan in suction or blowing
configurations, adding vardie structures inside the bay to direct theflow in the
desired way, and adding a ducting system to supply or draw airsfpenific points

of bay.

Butler, et al[3] carried out experimental and computatb analyses for a crown
compartment of an aircraft including two avionics equipment. The crown
compartment is the region of the aircraft between the roof of the cabin and the upper
fuselage skin. In the study, there was one air inlet to the crown coneparfinom the

cabin and two outlets on the sides of the compartment. They compared the results from
five different configurations of avionics equipment locations. Butler, ¢4]ahlso
conducted a research to optimize the locations of avionics equipment in the crown
compartment mentioned above. Similarly two avionics equipment were installed
inside the compartment. Design of experiment (DOE) method was used toideter

the design points and CFD analyses were carried out at these points. Using these
results, mathematical models were built to calculate the temperatures around the
equipment by a regression method, and the best locations for the equipment were

determind through a visual observation of the contour plots.

There have been other studies focusing on aircraft thermal analysis with the goal of
modeling complex systems with higher accuracy yet reducing computational
requirements while doing so. Staffost,al[5] used compact thermal fluid models to
build a reduced order model of avionics equipment. CFD analyses were utilized to
determine unknown coefficients of the campthermal fluid model. Results could be
obtained much faster with this reduced order model compared to CFD analyses. It was
stated that such compact thermal fluid models could be utilized for electronics cooling
problems with different length scales. Daims with lower length scales, like the
internal region of equipment located at an avionics bay, could be represented by

compact thermal fluid models. These models could be solved in conjunction with CFD



analyses that are used to obtain flow parametetiseatiomains with higher length
scales, like the avionics bay. They also performed such an integration of the developed
model into their CFD analysis. Throughout the solution process, the boundary
conditions were transferred between the CFD analysis arabthpact thermal fluid
model. Baalbergen, et §] used artificial neural networks to develop a transient
thermal model for avionics equipment and a wing spar. Since developing a transient
model increased the amount of input and output dajaifiantly, the proper
orthogonal decomposition technique was utilized to decrease the dimensionality of the
data. Following this, an artificial neural network was trained to predict twergy

nodal temperature values inside the avionics equipment anbdearartificial neural

network was trained to predict temperature values at 2700 nodes along the wing spar.

Jackson, et aJ7] used an optimization method rathttan a visual inspection to
determine th@ptimuminstallation locations of the equipment on four sidmels of

a satellite. Annealing method was used as an optimization algorithm. The constraints
used for the optimization distributed the total heat lohthe equipment uniformly
among the four sidpanels, minimizing the required length of the electrical cable and
providing a balanced center of gravity. Hengeveld, §]ahlso worked on a method

for the placement of electronics equipment on a satellite panel. Radiative heat transfer
was neglected in their case. Therefore, the only mean for equipment cooling was the
conduction to the satellite panel. Due to thimer heat transfer mechanism, a
mathematical model was built on an idea that the equipment with high heat loads
required a greater distance from the nearby equipment, compared to the equipment
with lower heat loads. Another optimization method knowneaseBc Algorithm was

used with this model to find the best locations for the avionics equipment installation.

Dancer, et a[9] investigated a problem where a certain number of heat gererat
equipment was installed wne single row. This time, the equipment was cooled by
forced convection. The aim of the study wadind the best order of the equipment
along the row such that the summation of the failure rates of the equipment was the

smallest. The failure rate was defined as a function of the equipment junction



temperature, which was the temperature value abtteibn between the bottom of

the equipment and the structure that the equipment was installed on.

The mentioned research above focused on the avionics equipment locations in order
to increase the efficiency of the avionics cooling system. Another mathondrease

the efficiency is to manage tHeow field. Grimes, et al[10] conducted both a
computational and an experimental research on the effect of the faorfline printed

circuit board with heated metal elements. Both suction and blowing configurations of
the fan were investigated. The electronic devices were installed on a plane parallel to
the axis of the fan. The effect of these configurations on thefigdavand temperature
distribution was analyzed. Grimes, et{l] conducted another research on the fan
configuration. This time the effect of the mass flow rases investigated. They used

the same fan and printed circbibard installation configurations. The results yielded
that as the mass flow rate increased, the temperature values around the electronic
devices decreased for the suction fan configuration. édew for the blowing fan
configuration, it was found that the temperature distribution did not differ significantly

with varying mass flow rate.

Muralidharan, et a[12] investigated the effect of fan location on cooling of a
telecommunication cabinet. The outer wall of the cabinet was a double wall and an air
channel was formed between these two layers of outer wall. Two different fan
locations, at the top of thalinet and at the bottom of the cabinet, were investigated.

In addition, the thickness of the air channel was varied. The two criteria that were used
were the temperature of the electronics devices installed in the cabinet enclosure and
the power consumgin of the fans. Romadhon, et[48] analyzed the flow field and
temperature field inside a data center. The electronic equipment were located on racks.
Two different rack configurations based on the air inlet and the air outlet locations of
the electronics equipment were investigated. Zhetngl [14] conducted a research
about aircraft cabin ventilation. The purpose was to optimize the thermal comfort of
the passengers and the air age around tleepgsrs. Artificial Neural Network was

used to build a mathematical model that predicted the parameter affecting the thermal



comfort and air age, and genetic algorithm was useddtimization. Zhang et §l5]
performed an experimental investigation on the ventilation strategies for aircraft
cabin, where they changed the location of the air inlets. Different inlet and outlet
configurations were determined and comgghin terms of age of air, velocity and

temperature noaniformities inside the cabin.

Above studies demonstrate the application of amupéition method for heat transfer

and coolingof the systems, bulhé methodsnentioned abovare also used itheother
disciplines. An example is the study of Mallela gtl&]] whoused the ANN to predict
buckling loads of laminated composite stiffened panels. It was statedetkighing

such panels requires the use of an optimization approach. Therefore, a fast way to
determine the buckling load was required. An ANN was trained by the data that was
obtained by the Finite Element Analyses to overcome this problem.

Some researchers have used the regression techniques in their investigations without
applying an optimization process. Among these technigues, the ANNs have recently
pulled the interest of researcheY® et al[17] used an ANN to model the convective

heat transfer of supercritical carbon dioxide flowing upward in tuineler heating
conditions. Theystated that the supercritical carbon dioxide is an ideal working flui

for energy conversion systenidie ANN was trained with several experimental data

and the results of the trained network were compared with other correlations from the
literature. It was stated that the artificial neural network performs better than the
correlationsMitra et al[18] used the ANNs to predict the thermal resistance of cotton
fabrics as a function of the ends per inch, picks per inch, and the wathbeaweft

counts. The experiments were conducted to build the training data set, and the network

was trained with this data set.

In another exampleNicola et al[19] trained an ANN to predict the thermal
conductivity of organic liquids. The correlations in the literature were reviewed and
the same input parameters to these correlations were used as the inputs to the network.

They observedhat the ANN could predicthe thermal conductivity with a small



deviation. Similarly, Esfe et a[20] utilized an ANN to predict the thermal
conductivity of a nano fluid as a function of themiperature and the ingredient
concentrations. The experimental data was used for the training. It was stated that the

artificial neural network could predict the thermal conductivity with high accuracy.
1.3. Avionics Bay Geometry

Current study is limited to thevionics bay located at the nose of a rotorcraft. Through

an examination of nose geometries of several commercial rotorcraft, a model was
generated that is representative of the actual nose geometry in a class of rotorcraft with
two engines, a retractablgheel type landing gear, and a maximum taKeweight

varying between 1669 kg and 6400 K@e definitions of length, height and width are
shown inFigurel.1 and the rotorcrafts within the selected class and the corresponding
nose avionics bay dimensions are showRigurel.2. The length, height, and width

of the avionics baysed in theurrent study are obtained hyithmetically averaging

the nose avionic bay dimensions of the rotorcrafts within the selected class and shown
in Tablel.1.

Width

Height

Figure 1.1. Definitions of Length, Height and Wid{&1]
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Figure 1.2. Rotorcrafts Vithin Selected Class and Corresponding Nose Avionics Bay Dimensions
[22], [23], [24], [25], [26], [27], [28], [29], [30], [31] & [32]

Tablel.1. Dimension of the Nose Avionics Bay

Length

Height

Width

1.1m

0.8 m

1.3 m

In addition, here aresleven avionics equipment in the bay, five of which is installed

on the floor and six of which is installed on a rack. Geometry of the avionics bay and

avionics equipment numbering are giverrigurel.3. The skin and floor have 1 mm

of thickness each, and the rack is 2 mm thidke avionics cooling system used in

this study utilizes the fan in blowing configuration. i.e. the fan draws air from outside

to the interior of the nose avionics bay. Then the supplied air leaves the bay through

exhaust opening. Geometries of fan and exhaust can be also $éguaréil.3. Fan

and exhaust are located at the skin of the nose avionicsThaydiameter of the
exhaust is 80 mm and is flush with the skin. The diameter and the length of the fan are

100 mm and 29.5 mm, respectively.
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Figure 1.3. Nose Avionics Bay Geometry

1.4.Problem Descriptionand Methodology

In this study, the effect of fan and exhaust locations is investigated. The variation of
the required mass flow rate is determined as atiom of the fan andhe exhaust
locations. Placement of fan and exhaust is optimized tdHegmallest possible mass
flow rate. As it is stated above, the smaller the mass flow rate gets, the lower the
system weightrd the power consumption become

An optimization algorithm is utilized to findhe best fan and exhaust locations.
Optimization is an iterative process, where the mass flow rate is defined as a function
of fan and exhaust locations at each iteration. Coupling CFD directly with the

optimization algorithm would be an extremely thm@nsuming process. For this



reason, grediction function is constructed to predict the avionics average surface

temperatures as a functiontbefan and exhaust locations and the mass flow rate.

A designof-experiments study is conducted over thegetermined parameter ranges

to establisha set of design point®Ps) Then, the CFD analyses are performed at
theseDPs and the prediction function is built using the CFD results. In order to
determine the accuracy of the prediction function, the average surface temperature
predictions are comped with those from CFD using new test points. If found
necessary, the prediction function is updated by addingDfesvThe final step is to
couple this prediction function with the optimization algorithm to find the optimum
fan and exhaust locations thainimize the required mass flow rate.Hetmass flow

rate obtained vighe optimization algorithm is out @ire-definedrange, the limits of

the range is updated atitk new design points are generated until the input range is
satisfied.It is importantthat the ranges for parameters caberoptimum point.The
prediction function is formed by thdilization of the CFD results from tHePs and

it performs asort of an interpolatioamongthese CFD result® obtainthe avionics
average surface tempanegsfor a point within the parameter rangésthe point is

out of the parameter ranges, an extrapolation is perfoidmgever, he accuracy of

the predictionworsensin the case of extrapolatiomakingit desiable to keephe
optimum pointwithin therangesThe optimization process is shown as a flow chart

in Figurel.4. With the process summarized here, it is aimed to determine the fan and
exhaustocations with a precision level that is normally achieved in the detailed design

phase of a project in industry.
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CHAPTER 2

DESIGN OF EXPERIMENT

In this chaptera designrof-experimens study is carried out to build a CFD analyses
matrix. The matrix consists @Ps and a DP consists of a set of numerical values of
the prediction function input parameters. The input parameters are the fan and exhaust
locations and the fan mass flow raiéen, a CFD analysis is run for each DP, such

that the analysis is set up using the numerical input parameter values of this DP.
2.1. Avionics Temperature Limits

The required mass flow rate is the smallest possible mass flow rate which ensures that
the thermakenvironment inside the bay is suitable for all of the avionics equipment
and its value is determined by checking whether avionics operate below their

temperature limits or not.

In aviation industry, the operating temperatures limits of avionics are §grstased

as the ambient temperature. i.e. the maximum ambient temperature at which the
avionics could operate is stated as the limit temperature. The ambient temperature
limit for all of the avionics equipmeid assumed to be 343.15 K in the currentlgtu

In order to assess whether the thermal conditions of the bay is suitable or not, the
average air temperature inside the bay may be used. However, it is not possible to
check the local temperatures with such an approach. i.e. there might be hot zones
inside the bay with temperature values higher than the operating limit, although the

overall air average temperature is within the limits. Therefore, another method must

be used that accounts for the local hot zones as well.

In order to prove that the eqgunent operates properly at the stated limit ambient
temperature, each equipment is tested by placing them individually inside a
temperature controlled chamber. The air velocity inside the chamber is close to zero
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and the air temperature inside the chanbeset to the limiting ambient temperature.
The equipment is operated inside the chamber for a certain amount of time to

determine whether they function properly or not.

To account for the local zones, the avionics are tested in the tempe&attnaled

chambers. The average surface temperatures of all avionics equipment are calculated
analytically as they are located at the testing chamber at an ambient temperature of
343.15 K. Then, the calculated surface temperatures are used as the limiting values.
That is, the average surface temperatures of the equipment are used to check the
thermal environment around the equipment rather than using the ambient temperature

directly.

When the avionics are place inside the temperatongrolled testing chamber, the
heat loads of the equipment are transferred by free convection to the air inside the
chamber and by radiation to the chamber walls. The lower wall of the equipment is in
contact with the chambers floor. Therefore, the bottom wall is assumed to be adiabatic
As a result, convection and radiation occur only from the side walls and top wall of

the equipment. The heat transfer process from an equipment is shbigarie?.1.

Temperature
!//"Controlled Testing
c
2 Chamber
o)
>
c
(@]
(@]
Avionics Heat AN
| »Avionics
Load

Figure 2.1. Heat Transfer Processes inside Testing Chamber
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When a simple energy balance is performed for avioEig$l) is obtained.

0 0 0 1)
where Qeat 10adiS the heat load of avionics,4gationiS the radiative heat transfer to the

walls of the chamber, and.€vectioniS the convective heat transfer to the air inside the

chamber.

Qradiation and Qonvectionmay be obtained b¥qg.(2) and Eq(3). The air temperature
inside the chamber is #te limiting temperature (343.15 K) and the walls of the

chamber are also assumed to be at the same temperature.

0 . - 0 "Y CTP U 2
0 0 o) Y CTP U ©)
where ,, is Stefan Boltzmann constamn, is emissivity of the surface of
avionics,0 is the summation of the areastbé side walls and the top wall of
the avionics)Q is the average convective heat transfer coefficient from the side
walls and thetop wall of the equipmentnd”Y is the average surface

temperature ofhe avionics.

h averageCan be obtained as folloviey Eq.(4),

. Q 0 Q O 4
Q =
0
whereQ is the convective heat transfer coefficient by the side w@lls,is the
convective heat transfer coefficient by tiop wall, 0 is the area of the side

walls ando is the area of thp wall.

When the Grashof number (Gr) for the vertical walls and the top wall of all avionics
equipment is calculated, the flow is found to be laminar (Gr<[BB) In Jamnid33],
the following heat transfer coefficient correlations are suggested feidénalls and

the top wall for laminar flow b¥q(5) andEq(6).
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whereL is the height of the vertical walls. On the other hand,calculated as shown
in Eq(7) for the top wallsL values are also used as the characteristic dimensions f

the calculation of Gr.

T ™
0 0 QWoa QENQ0

The limits for the avionics average surface temperatures that were obtained by solving
above equations are shown Tiable 2.1. The heat loads of the avionics are also

included.
Table2.1. Heat Loadsand Surface Temperature Limits
Avionics Equipment Heat Load (W) Temperature limit (K)
1 15 360.2
2 85 382.7
3 45 385.5
4 35 385.3
5 120 384.7
6 160 393.6
7 130 391.6
8 135 385.0
9 80 399.6
10 45 383.4
11 30 364.6

The required mass flow calculations are performed for the rotorcraft on the ground.
Sincethere is no external air velocity, the amount of heat transferred through the skin

and the floor of the avionics bay is lesser. In other words, the ground condition is the

14



worst condition in terms of avionics cooling. The outside air temperature is assumed
to be 323.15 K.

2.2.Determining Ranges for Parameters

In order to carry out the design of experiment studyirthet parameter rangesust

be determined firstlyThe fan and exhaust locations are determined by two parameters
for each. As it can be seenfigure2.2, the center points of the fan and exhaust are
first projected onto a horizontal plane. The x and y coordinates of these projected
points are th@arameters used to determine the locations of the fan and exhaust on the

skin.

Figure 2.2. Determination of Fan and Exhaust Locations

15



The ranges of the fan and exhaust locations are formed by the geometry of the skin,
the fan and the exhaust, and are showRigure 2.3 on the nose aviocs bay skin.

Due to the irregular shape of the skin, they are represented by equations instead of
simple numeric valueS.he orangecolored curve representse boundary ofhe fan
location envelopewhereas, the greesolored curve representise boundey of the
exhaust location envelople Figure2.4 andFigure2.5, thethree dimensionarange

colored and the greerolored curves are pgexrted an ahorizontal planaimilar to the

one shown ifFigure2.2. As it can be seen, tharrges for the fan and exhaust locations
arethe envelopgconstraired by a parabola and a liren the horizontal planéNote

that the two envelopes are slightly different. This is dubeadlifferentgeometrie®f

the fan andhe exhaust.

Figure 2.3. Fan and Exhaust Envelopes aseSkin
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Figure 2.5. Exhaust Envelope Projected on Horizontal Plane

Determination of the upper and lower limits for the mass flow rate is a less of a straight

forward procedure compared to that of the fan and exhaust locations. A very large
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mass flow rate for the upper limit and a zero mass flow rate for the lower liadtt co

be selected to ensure that the range includes the optimum point. However, such a
larger range would require a higher number of DPs to generate an accurate enough
prediction function. A CFD analysis is run for each DP, and the CFD analyses are time
consiming. Therefore, the range of the parameters has to be narrowed down as much

as possible.

To determine the upper limit ohass flow rate rangéhe fan and exhaust locatien

given inTable2.2 are selectedandomly Then a seriesfdCFD analyse are un for

this fanexhaustarrangementvith different masdlow rate values. The aim is to
determine the approximate required mass flawe that keepsill of the avionics
surface temperatures below the limiting values. The mass flow rate values are selected

by a triatanderror process.

The mass flow rate obtained by this process is selected as the upper limit of the range.
It is mostly like that the randomly selected fan and exhaust locations are not the
optimum ones. Due to this reason, it is expected that the required mass flow rate of
the optimum case will be most probably lower than the value obtained by this
procedure. Thereforet, ¢an be concluded that the mass flow rate obtained could be

used as the upper limit of the mass flow rate range.

On the other hand, if it is found out that the randomly selected fan and exhaust
locations are the optimum ones by chance, then the optionizalgorithm will also

converge to this randomly selected point.

Table2.2. Selected Fan and Exhaust Locations

Fan Location Exhaust Location
x coordinate y coordinate x coordinate y coordinate
(mm) (mm) (mm) (mm)
1200.5 132.4 57.0 153.6
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The selected faandexhaust locations are also graphically showRigure2.6.

Exhaust
Fan

Figure 2.6. Locations of Selected FamdExhaust Locations for the Determination of Mass Flow
Rate Upper Limit

The purpose is to determine the upper lilaitd notthe precise value of the required
mass flow rateDetermining the lowest mass flow rate with a high accuracy would be
too time consuming, since a CFD analysis is run at each iterdtmmefore the
processs stoppedvhen some of the avionics surface temperatget¢siose enough

to ther limiting values.

The upper limit fothemass flow rate range becomes 0.055 Kijie average surface
temperature obtained by CFlare shown inTable 2.3. The details of the CFD
analyses will be provided in the next chaptdiise arerage surface temperature of
avionics 1 is the one closest ts Ilimiting value. Therefore, the required minimum
mass flowrate is mainly determined kavionics 1.In addition, the volum&veraged

solid temperatures inside the avionics are also showahie2.3. As it can be seen,

those values are close to the averages surface values. As it is explained in CHAPTER
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3, the material of avionics has a high thermal conductivity. Therefore, the heat load of
the equipment could be transferred inside the avionics by conduction even with small
temperature gradients, which results in small differences between the aigrfage

values and volumaveraged values.

Table2.3. Avionics Averagdemperature Results

Avionics Equipment Average Surface VolumeAveraged
Number Temperature (K) Temperature (K)

1 357.7 357.8

2 351.7 351.8

3 381.4 381.5

4 378.3 378.4

5 3714 371.6

6 378.2 378.4

7 381.6 381.7

8 370.0 370.0

9 385.2 385.3

10 377.5 377.6

11 352.9 352.9

An approximatiorfor the lower limit of mass flow rateanbemadeby using a simple
energy balancéor the nose avionics bayhe temperaturéeld inside the bay is
assumed to be uniform aatthe ambient temperature limits of the avionics, i.e 343.15

K. That is, the air supplied by the fan is distributed so effectively that no hot zones
inside the Ry occur. In case of the existence of such hot zones, the mass flow rate has
to be increased further to reduce the temperature level of these zones below 343.15 K.
Therefore, the uniforrlemperature assumption is for an idealized situation and it is
expeced that the mass flow rate calculated for this case will be smaller than the
optimum case. In case it turns out that the mass flow rate of the optimum case is less
than the lower limit, additional DPs will be added and the prediction function will be

improved to extend over this new mass flow rate range accurately.
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The temperature of the air suppliedthe avionics bayby the fanis the same as the
outsideair temperatur€323.15 K and the temperature of the air passing through the
exhaust of the bay Elso 343.15 K. As it can be seenkigure2.7, the heat loads of

the avionics are transferred to the air supplied by the fan and to the outside air across

theskin andthefloor of the avionics bay.

Skin andrloor Heat Transfer to

of Eiay ﬁ Outside Air

Heat Load
Mass Flow |:> Generated by |:> Mass Flow
Rate Inlet Avionics Rate Outlet

Figure 2.7. Energy Balance for Avionics Bay

Thereforethe following energy balance equati&y.(8) may be solved to obtaihme

required mass flow rate.

ao Y Y 0 0 (8)

whered is the mass flow rate of the fa®, is specific heat of aif)Y is the air
temperature at the exhaust, is the temperature of air supplied to the bay by the

fan, 0 is the heat load generated by the avierand0 is the heat

transferred to the outside air through the skin and the floor of the bay.

0 is calculated byEQ(9).
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Here, Yis the overall heat transfer coefficietit, is the area of the skin of the bay,
0 is the area of the floor of ¢hbay,”Y is the average temperature of the

inner wall surfaces of the skin and the floor, &id is the outside air temperature.

"Yand"Y must be known to be able to solve equatiBi(8) and Eq(9).
Additional equations for theseso unknowns are obtained layinvestigation othe

heat transfer procesisroughthe skin and the floaesshownin Figure2.8.

Outside Air(323.15
Heat Transfer to
Outside Air

Skin and Floor

T inner wall
Radiation Convection

Air inside the bay (343.15 K)

Figure 2.8. Heat Transfer Aross Skin and Floor

Heat transfer between the inner wall of the siidthefloor andtheoutside air occurs
by condution and convection. Therefor&in Eq(9) can becalculated as followby

Eq(10).
Y <= Q (10)

where'Qs the thermal conductivity of the skin and floor materié, the thickness of
the skin and the floor, ari@ is the convective heat transfer coefficient at the

outer surface of the skin and the floor.
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The outside wind velocity is taken as zero in order to be more consen@tive.
is equal to 11.3%V/m?K, when the windvelocity is zer34]. As the wind velocity

increasesQ increases, and a larger amount of heat could be transferoedthr

the skin and floor.

In addition,”Y must be known to be able to sokiq(8) andEq.(9) for mass
flow rate. A surface energy balance at the inner surfaces okitharsd floor is used
to determine’yY . With the help ofFigure 2.8, the surface energy balance

Eq(11) can be written:

~ ~ ~

0 0 0 11
Here 0 is the net radiative heat transfer occurribgthe inner surface dhe
skin andthe floor and0 is the convective heat occurring between the inner

wall surface otheskinandthefloor andtheair inside the nose avionics bay.

0 is be calculated biq(12)

0 | O (@) (12
| represerd the absorptivity othe inner surface othe skin and thefloor,

(0] is the radiation incident on tlse surfaces and'O is the

radiation emitted byhe samesurfaces.

O andO can be calculated Hyq.(13) andEqg.(14).
0O Q, 0 0 - Y (13
(0] "Q, 6 0 - Y (14

where"Qis the view factor from the inner surface of the skin and the floor to each

avionics equipment, is the Stefan Boltzmann constant, is the emissivity of
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the surface of avionics)Y is the average surface temperatur@dbnics and

- is the emissivity of the inner surface of the skin and the floor.

In Eq(13), it is assumed that the only sourdermadiation is the radiation emitted by
the avionics equipmentNormally, thereis one more irradiation componentis
component ishte radiation reflected by theurfaces of avionicsThe surfaces of the
avionics have a low reflectivity value. Additially, includingthe reflectivityin the
calculation ofradiationmakes itsignificantly more difficulto solve Due to these two

reasongirradiation due to reflectivity ineglected

The imiting average surface temperaturesdatned as"Y in Eq(13) and the
view factorsin Eq.(13) andEq(14) are obtained frorthe CFD modelin the software
used for the analyseghe view factors argiven inTable2.4.

Table2.4. Avionics Equipment View Factors

Avionics Equipment

Number View Factor
1 0.0207
2 0.0292
3 0.0238
4 0.0134
5 0.0641
6 0.0633
7 0.0308
8 0.0434
9 0.0168
10 0.0168
11 0.0189

Finally, Q @nvection may be obtained by equatken(15).
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0 isthe convective heat transfer coefficient between the inner surface of the skin
and the floor and the air inside the bady, is the average air temperature inside

the bay.

Q is calculated byeq.(16) as described if84].

i®. PBUL PE Y@ (16)
Herew is the average air velocity magnitude inside the bay.
In order to determin® , theair velocitymagnitudenside the bay must be known.

The velocitymagnitudenside the bay is assumed to be zerarasitial guess. Then

the set bequatiors above are solved to determine the lower limithaf range of the

mass flow rateThe CFD analysis is carried out with the calculated mass flow rate
and the fan and exhaust locaticstsownin Figure 2.6 are used The average air
velocitymagnitudenside the bay is obtained from the CFD gsi& andQ value

is updated. The mass flow ratecalculated again with the ne@ value. This
process is repeated a couple of times until the average air velocity inside the bay and
the mass flow ratbecomes compatihle

The average air velocity magnitude insttle baywill change depending on the fan
and exhaust locations. Thalg purpose of the calculations carried out for the lower
limit of the mass flow rate rangs to be able to narrow down the rangeerefore,
the only expectation from the mass floate lower limit is to be smaller than the
optimum value As a resultthe assumptions made during the calculatiotheflower

limit do not affect the accuracy of the optimization process directly.

As a result of this process, the lower limit of the mass flow rate is found to be 0.024

kg/s.
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2.3.Design of ExperimentStudy

For the Design of Experimergtudy, the ModeBased Calibration toolbox of Matlab

[35] is usedThere are three different types of desajrexperiments methods, namely
Classical Designs, Optimal Designs and Space Filling Designs. The method of
Classical Designsan beusedonly for the boxlike input parametedomains Due to

the fan and exhaust latton envelopes, the domain of the current study is irregular
shaped. As a result, classical designs could not be used in the Design of Experiment
study.The method of Optimal Designs can be usedHerrregularshaped domins,

but it requires detailedripr knowledgeon thetype ofthe mathematical model that

will be fit to the data points, and can only be used with linear regression models.
the other hand, according to Montgomg3g], the method of Space Filling Designs

Is a suitable option for the computational investigations where ther@rgondetailed
information onthe data to be fitas is the case the current study. This method can
also be usedor the irregularshaped domains. Hence, the method of Space Filling

Designs is selected tegerate the design points in teisidy.

The aim of the Space Filling Design is to distribute the design points across the domain
evenly. There are different meti®to perform this distribution. In this study, Halton
Sequence model is used to generate the DPs. This method isles¢o@pancy one.

For instance, a Design of Experiment study is created with fifty DPs. Then, it is desired
to increase the number of D&sd a new study is performed that generates sixty DPs.
When lowdiscrepancy methods are used, the first fifty DPs of the latter study are
same as the fifty points of the first study. On the other hand, if other methods were
used, the second study woulelg a completely new set of DPs. At the beginning of
this study, it was not known how much DPs were required to build an accurate enough
prediction function. Therefore, the number of the DPs was required to be increased
progressively during the study. lf@awv-discrepancy method was not selected, the DPs
would start to become unevenly distributed over the parameter domain; as the number

of DPs were increased progressively. This would result in a prediction function, which
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IS more accurate at some portioristlee domain and less accurate at other parts of

domain.

Halton Sequence utilizes index numbers to generate MEgferent prime base is
appointed for each of the five input parameters. Thernirtdexnumber is expanded
at the appointecgprime basedy five times,and the coefficients of expansions are
obtainedasgiven byEq.(17) [37].

0 »Q 17

Whereois the index of th®P, ¢ s the coefficients of expansion aldds the base

of expansion.

Then a number between 0 and 1 is obtained for eathe five expansios by the

utilization ofradical inverse function agven inEq(18). [37]

%o »Q (18)

where%o.is the number obtained/lbhe Halton Sequence procedure.

Then%% s are scaled with the actual theanges
i nput p aunenca vakies 8tered by thd. The procedure is repeated with
the nextindex number to generatke next DP.The Halton Sequence procedure is

explained in detail by an example in APPENDAX

It is found out that one hundred and seventy seven DPs are required to obtain an
accurde enough prediction function. The DPs are shown in AppeBdix tabular

form. In addition, he generatedDPs are shownon thefan and exhaust location
envelopesn Figure2.9 andFigure2.10. Here, the fan locatn envelopen Figure2.9

is divided into four quadrants with each depicted with a different color. In addition to
the coloring, those fan locations woiding with the curved side surface of the skin

are also circled in black to distinguish them from the others at the top of the skin.
Then, each exhaust location that belongs to a fan/exhaust pair is coded with the same
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color with its corresponding fandation and is demonstrated in the exhaust location
envelopen Figure2.10. The exhaust locations that pair up with the fan locations that
are on the skl surface are circled in black as wélcan be observed that tB¥sare

indeed evenly distributed across the whole domain.

Fan Locations of Design Points
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Figure 2.9. Fan Locations of Design Points

Exhaust Locations of Design Points
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Figure 2.10. Exhaust Locations of Design Points
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The desigrof-experiment study could have generated DPs with coincident fan and
exhaust locations, since no constraints regarding this issue were applied. However, it

is observed that sha case does not occur. Therefore, an extra effort to apply such a
constraint was not made.
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CHAPTER 3

CFD ANALYSES

In this chapterthe details about the CFD analyses carried out for the DPs are given.
The following sectionsvill summarize the governing equations and the turbulence
models used, the validation study performed, the mesh sensitivity, and the analysis for

the calculation of the numerical error.
3.1.Problem Setup

FluentRelease 18.1 is used to run the CFD analyBesng the calculations, the

energy equation is activated to solve thie temperaturefield inside thebay. In

addition, radiative heat transfer is accounted for by the utilization of the stiface

surface radiative heat transfer model. The Realizallaikbulence model is used to

account for turbulence with enhanced wall treatment. The Realizdble k ur bul enc
model is generally known to provide accurate predictidos separated flows,
spreading rate of round jets, and flows with complex featia@s In addition, the

enhanced wall treatment is used to capture hydraulic and thermal boundary layers

around the avionics more accurately.

The pressurbased coupled seer of Fluent Release 18[38] is used in the analyses.
The cond order upwind scheme is used for the spatial discretization of all
conservation equation$heresults are obtained through a psetrdmsient analysis
utilizing time-steppng as a way of under relaxation to improve convergence of the

solution.

In addition, stagnant zones may occur inside the bay depending on the fan and exhaust
locations. At thesstagnant zones, natural convection becomes important. Therefore,

gravity is also enabled to account for natural convection.
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The analyses are carried out on a workstation including two processors with a total
physical core number of 16. In addition, the kstation has 64 gigabytes of physical

memory.It takes about one and a half heto complete a CFRnalysisfor a DP
3.2.Governing Equations

Conservation of mass, conservation of momentum and conservation of energy

equations are solved to obtain the results.

In order to account foturbulence turbulence viscosity method is usédrstly, the

flow variables are decomposed into mean and fluctuating components. During the
analysesnatural convection is also accounted for as there could be regions inside the
bay where air is stagnarthe density is taken as a variable so that natural convection
can also be accounted for in the analysis as there are potential regions of stagnant air
inside the bay. Thé&il ncompr essi bl e | deal Gaso model 0
progam is selected for the air densitiat is, the density of the air changes with only
temperature but not with pressure. In theuBsinesdpuoyancy force approximation,

the density is treated as a variable only in the buoyancy force term of the congervati

of momentum equation. But here, the density is treated as a variable in all applicable
terms of the conservation equatioBsie to this variable density model, the velocity
component could not be decomposed into its mean and fluctuating components by
using the standard time averaging. The mean component is obtaindgcg& 9 by
including the density as well.

g ” (’) 'Q -l- (19)
o

0
Thenas given irEq(20), the fluctuation parbecomes.
0 0 o (20)

Inserting above expressions into the conservation equations, following equations
(Eq(21), Eq(22) andEQq.(23)) are obtained. The obtainednservation of momentum
equation is calledhe Favre Areraged NavieStokes rather thamhe Reynolds
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Averaged NaviefStokes due to the averaging method of thean velocity

Corrponent
T =5 = (21)
o
LA o6 1a 1 .16 16 ¢ 1o
To T T T T T o 1o (22
n—"Q
T sorm 1o LY (23
S R I s

Here,” is the density9 is the velocity componemn,is pressure Qis the gravitational
vector component, is the viscosity] is the KroneckeDelta function,E is total
energy,Q is the effective thermal conductivity, aidis the temperature. The bar

notation means that the variable is time averaged.

In order tobe able solve above equation, additional equations are required to
determing’ 06 6 term.TheBoussines@pproachis used to determine this term as

in Eq.(24).

0 0 . 0

- 10 10 Qg 1€ (24)
Tw Two o T

where’ s the turbulence viscosity af@d s the turbulent kinetic energy.

In addition, the effective thermal conductivity terifd, , exists in the conservation
of energy equatiorEq(23) , which is also calculated by the utilization of the

turbulence viscosity as given Eg(25).
QR (25
where'Qis the thermal conductivity ard is specific heat.

The governing equations given above are for the fluid domain. During the analyses,

avionics are modeled as blocks of solids and volumké&at sources are defined for

33



these blocks to represent the heat loads of the equipment. Therefore, the energy

equations is also solved for solids during the analyses. The energy equations takes the

form given byEq.(26) for the solids.
T ol Y

Q —
w

‘ Y Om (26)
Tw

—a

where'Y is energy source term.
3.2.1.Turbulence Models

Fluent software offers different turbulence models to determine turbwestasity.

In the following sections, four of these models are briefly introduced. These models
aretheStandardd t ur bul ence model , Relh otr urabl U Izeart d e n
model, Realizable X t ur bul ence -%tress d&fansparn ($ST)Skh e ar
turbulence model, namely. During the analyses of the DPs, the Realizéble k

turbulence model is used as stated above. However, analyses with the other turbulence

models are carried out as well, in order to evaluate the effect of the turbulence model

selecton on the results. All of these analyses are carried out with the same mesh and

the findings are presented@HAPTER 6

3.2.1.1Standardk-0 Tur bul ence Model

The turbulene viscosity,” , is calculated as a function of turbulence kinetic energy

(kwrb) and turbulence dissipation ratg ia Eq.(27).

c oy 2 (27)

Here,0 is a constant andis the turbulence dissipation rate,

This model is a semempirical model for high Reynolds numbers that has been
extensively used and is known to provide reasonable accuracy for a wide range of
turbulent flowg38]. Following additional equatior(&q.(28) andEq.(29)) are solved

to obtaintheturbulence kinetic energy and turbulence dissiatate.
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where, is the Prandtl number for turbulence kinetic eneggys the Prandtl number
for turbulence dissipation rat&) and"O represents the generation of turbulence due
to mean velocity gradients and buoyancy, respectivelyis the contribution of the
fluctuatingdilatation incompressiblirbulence to the overall dissipation ratéand

Y are the source terms for tulbnce kinetic energy and turbulence dissipation rate,

respectively® h5 andd are the model constants. The bar notation means that

the variable is time averaged.

"ORO and® terms are calculated §g(30) - Eq(32).

0o %Y (30)
] "Y
0 Qe (31)
VDITW
Q
AR — (32
w

“Yis the modulus of the mean raiéstrain tensof, is thermal expansion coefficient,

0 1 is the turbulence Prandtl number abis speed of sound.
3.2.1.2.RNG k-UTurbulence Model

Thestandardk) t ur bul ence model is improved usi:r
the RNGKkU turbul ence model . Due to the addi
improvement in swirling flow predictions and the involvement of low riRégs

number effects, the RNGH t ur bul ence model I's known

wider range of flowg38]. The turbulence viscosity is also determinedelyation
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Eq(27). To obtain the turbulence kinetic energy and the turbulence dissipation rate,

the following equationsHg.(33) andEq.(34)) are solved:

| c—— "0 0 " & Y (33

T o T TG Q Q (34

Here, is the inverse effective Prandtl number for turbulence kinetic energy and
is the inverse effective Prandtl number for turbulence dissipatiofidat®. and®

are calculated simily to the Standardk-UTurbulence Model.
3.2.1.3.Realizable kUTurbulence Model

For the Realizable-kl Tur bul ence Model, theEq@9H! | owi ng t
andEq.(36)) are usedo solvefor turbulence kinetic energy and turbulence dissipation

rate.The turbulence viscosity is also determined by equ&m(27).

Ly _ e e _ 2 o
o Q o o ~ To o O W Y (35
| ) R - (36)
— -0 — —_— 0 Y- O -—————
T (A) T (L) ” T Q Vl’ -
o] ,—Qo O Y
with
YNQ (37)
6 daooug 6—~Q—
R

whered is a model constants, afi@, "O and& are calculated similarly to the

Realizable k) Tur bul ence Model
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3.2.1.4.SST k¥ Turbulence Model

This approach usesthexk mo d e |  iwall regibtneandi’e amodel furt her
from the wall. It has been confirmed that the SS¥ kt ur bul ence model
performance in predicting adverse pressure gradi38$ For the SST k¥

Turbulence Model, turbulence viscosity is calculatedEq(398)- Eq.(41).

.70 p
7 P YO
i A gﬂh(m— (39
| © e
z z (p‘ —|
Q (39
p (p‘ ‘|
O OAI%E (40)
% . Q FU T
o GO oo (41

wherg is the specific turbulence dissipation ra¥s the modulus of the mean rate
of-strain tensorwis the distance to the next surface, afid h * are the model

constants.

The transport equation for turbulence kinetic energy and specific turbulence

dissipation ratare given irEq.(42) andEq.(43).

T , N N
R R R (42

—n

Tw : Tw Tw ! . ) (43

3 and3 are the effective diffusivities of turbulence kinetic energy and specific
turbulence dissipation rate, respectivey. representshe production of turbulence

kinetic energy antD represents the production of specific turbulence dissipation rate.
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® and® represent the dissipation'®f and| due to turbulence, respectively.
is the crosgliffusion term,”Y is turbulence kinetic energy source term, avids the

specific turbulence dissipation rate source term.

Forthe SSTkfr t ur bul ence model , the ridsgringdual s
the CFD calculation. The monitored values of local velocity were found to be
oscillating within approximately 0.4 m/s. The oscillation in average avionics surface
temperatures was around 2.5K on average, while up to 4.5K of variations could be
obseved. Since y+ was kept below 1 across the domain, the mesh is considered to be
refined enough. When the mesh for the boundary layer was further refined, the
oscillations were still observable in the solution. Keeping this in mind, the results from

the SSTk-¥ t ur bul ence mo d@HAPTER 6sathas aocomparison u d e d
with the predictions from the other turbulence models can be performed to a

reasonable approxration.
3.3.Validation Study

Literature is reviewdto obtain experimental data for a case related to avionics bay
cooling. However, therés a lack ofstudes related tothe avionics bay cooling in
literature. Thereforenstead,a case withsimple geometry producingimilar flow
patterns tothose observeih a cooledavionics bay is selectedvith the goal of
matching the general trends in the experiments. It should be noted that it is not a
straightforward task to perform a validation forckua complex geometric model.
Hence, in support of this effort, the discretization error and convergence in
computational analyses will be introduced in the next sections, which demonstrate the
confidence in the results. In the avionics bay, free jet flovesir due to the use of the

fan. This jet impinges on the avionics equipment and the walls of the bay. On the other
hand, an air flow with smaller velocity magnitudes, where buoyancy forces may be

effective, is observed at the zones in the absence &kthget and impingement.

The study of D. Singh et §0] is selected as for validation. The geometry of the

validation case is shown igure3.1. A cylinder is heated by using a stainless steel
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foil. A free jet is formed by a nozzle that is located above the heated cylinder. In
addition, the heated cylinder isrdfined by a semeylinder. This case includes a free
jet with impingement. In addition, a flow field with lower velocity values is observed

at the points out of the jet and the impingement zone.

The dimensions and boundary conditions are not directlgdsiaf40]. The results
are represented by the utilization of Aimensional parameters. These parameters
are the Reynolds number of the free jet, the ratio oh#eted cylinder diameter to
that of the confinement, and the ratio of the nordated cylinder distance to the

heated cylinder diameter.

Circular nozzle \i
|
" X Z

Heated cylinder

Semi-cylindrical flow
confinement

Figure 3.1. Geometry ofvalidation Casg40]

For the validationa model with the dimensions shownFigure 3.2 is built. The
dimensions are determined with the help of the-diomensional parameters stated in
[40].
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Figure3.2. Dimensions oValidation Model

The computational domain used for validation can be se€igime3.3.

Figure 3.3. Computational Domail/sed in Validation
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A mesh consisting 08.5 million cells is used for the analysiKluentRelease 18.1
[38] is used for meshing. Firstly a surface mesh timgj of triangular elements is
created. The cell sizearegiven inTable3.1. The stagnation zone where the air jet

impinges on the cylinder wall is refined since complex flow patterns are expected in

this region.

Table3.1. Validation Case Surface Mesh Cell Size
Zone Name Cell Size

Heated Cylinder 1.3 mm

Semi Cylinder Confinement 1.3 mm

Stagnation Zone on Heated Cylinde 0.5 mm

Jet Exit 0.5 mm

Computational Domain Walls 6.0 mm

After thegeneration of the surface mesh, the volume mesh is generated. Fifteen layers
of prisms are used at the walls to capture the boundary layer. The first layer thickness
is 0.035 mm and the prism layer growth rate is 1.2.

The details of the mesh usedlie analysis can be seen igure3.4. The stagnation
zone is refined using the curves created by uniting the edges of the cells at this region.
i.e. a seprate surface is natreated to apply refinement at this regtonease the

process.

41



Nozzle

Heated

Semi

Cylinder
Stagnation

Cylinder

Figure 3.4. Details ofMesh Used in Validation Analysis

The oundary conditions applied are givenTiable3.2.

Table3.2. Validation Case Boundary Conditions

Zone Name Boundary Condition
Heated Cylinder Wall
Semi Cylinder Confinement Wall
Jet Exit Velocity Inlet
Computational Domain Walls Pressure Outlet
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In addition, a uniform heat flux of 1050.527 W/im applied to the heated cylinder.
On the other hand, the wall of senyilinder confinement is adiabatic. Temperature of
the air at the nozzle @&xs 300 K and a fullydeveloped turbulent velocity profile is

applied here.

In orderto determine the velocityrofile, a separate CFD analysis is carried out. The
model is obtained by extruding cressction of thenozzle1037.5 mm in a direction

normd to the exit plane, which forms a straight pipe.

Wall condition is applied at the pipe walls. A pressure outlet condition is applied at
the exit and the mass flow rate inlet boundary condition with a value of 0.00181 kg/s
is applied at the inlet. Test tdais available for the Reynolds numbers of 10000,
15000, 20000 and 25000. For validation, the mass flow rate corresponding to a
Reynolds number of 10000 is used. The Reynolds number is calculated as given in
Eq(44).

Re =d— (44)

wheremis the mass flow rate in kg/d,is the diameter of the nozzle exit in m and

is the dynamic viscosity in Nsfn

Since the only interest is determining the velocity profile, the energy equation is not
solved and no thermal boundary conditions are required for this case. Additionally,

the material properties given Trable3.3 are used for aif41].

Table3.3. Material Properties

Density Dynamic Viscosity
1.174 kgin® 1.789x165 Ns/nt
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The model used to obtain fully developed turbuleglbcity profile canbe seen in
Figure3.5. In addition, the velocity profiles at three different locations along the pipe
are shown. These three locations are 40mm, 110mm and 180mm away from the exit.
There are no significant chandestween these profiles, meaning that the length of
the straight pipe is long enough so that a fdiéveloped turbulent flow could be

achieved at the exit and the velocity profile obtained from this analysis could be used.

]

Inlet

1037, bmm

Jet Exit m/
\' //' S~y i

Figure 3.5. Model Used to Determine Fully Develop Turbulent Velocity Profile

Radiative heat transfer is also considered during the analysis. A stofagdace
radiative heat transfer model is used. €hd@ssivity of the heated cylinder surface is

0.17 and the sendylinder confinement is treated as a black b}

As mentioned above, the experimental resultsrepeesented by the utilization of
three nordimensional parameters [#0]. These parameters are the Reynolds number

of the jet, the ratio of the heated cylinderrdeter to the confinement diameter and
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the ratio of the nozzlbeated cylinder distance to the heated cylinder diameter. The

values of these nedimensional parameters are showi able3.4.

Table3.4. Non-Dimensional Parameters of Validation Model

NonDimensional Parameter Values
Reynolds number of free jet 10000
Ratio of heated cylinder diameter to 3.05
confinement diameter '
Ratio of distance between nozzle ant
heated cylinder to heated cylinder 4.0

diameter

Thechange othewall temperaturalong the cylinder is shown in the axial direction

z, normalized by the heated cylinddéiameter, Reatedin Figure 3.6. The origin is

located at the symmetry plane of the cylinder. The variation in the temperature is
shown at several angles around the cylinderywaecddréspondto the jet stagnation

pointat the top of t he cyThe @FDeesultssareglottédd®md A i s

the same locations where the measurements are available.
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Figure 3.6. Comparison of Local Wall Temperatures Obtained frofpdfimental Data and
Numerical AnalysigExperimental Data from Ref40])
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It is observed thathe wall temperature errorare high in theregions close to the

stagnation zoné his issue is also observed#0]. The errors are higher f
and 180A cases t h abespitehttwsedaliffefences, howeeer, h® A cas e .
computational results show reasonable agreement with the data. This agreement

improves further along the meining of the cylinder surfaceyhile the maximum

difference between the predictions and the data is found near the stagnation point for

t he 1 8 ODAspite thg felatively high differences between the CFD results and

the expemental measurements in the first half of the axial direction, it is observed

that the CFD analyses are able to capture the general trends of the temperature

measurements.

A mesh sensitivity study was also performed for the validation case. The mesh with

the cell sizes given ifmable3.1 has 3.5 million cells. Results are obtained for a mesh
containing 1.8 million cell s, as wel |l . Local
180A obtained with t hidsltistohservedteastieeverager e t hen
difference between the results is only%.8nd the maximum difference is 28as

observed around the middle part of the cyli
concluded that the results are insensitive to the reigehand the errors between the

experimental and numerical results could not be significantly decreased by solving the

validation case with finer meshes.

3.4. Analyses of Design Points

In this section, the details about the analyses carried othtg®Ps aregiven.
3.4.1.Boundary Conditions and Material Properties

The oundary conditions applied are givenTiable3.5.
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Table3.5. Boundary Condition Types

Zone Name Boundary Condition
Fan Mass Flow Rate Inlet
Exhaust Pressure Outlet
Skin Wall
Floor Wall
Frame Wall

For the fan, the mass flow rate values obtained by the debigxperiment study are
applied. The temperature of the air is at 323.15K, since the fan directly supplies the
outside air into the interior of the bay. In order to represent the exhaustsarpres
outlet boundary condition is used with a static pressure value of 101.325 kPa. For the
skin, the neslip boundary condition and convective heat transfer boundary condition
are applied. Two inputs are required to apply this boundary condition. Theteear
outside air temperature and the convective heat transfer coefficient by the outer
surface of the skin. The analyses are carried out for an outside air temperature of
323.15 K and the convective heat transfer coefficient is calculatEd.(p) [34].

Q PV PR U@ (49

whereQ is the convective heat transfer coefficient by the outer surface of the

skin andw is the outside wind velocity.

The wind velocity isassumed to b@. As a result, the convective heat transfer
coefficient becomes 11.35 Wk for the skin.

Additionally skin has a thickness and heat is transferred across the skin by conduction.
The thickness of the skin is 1 mm. This thickness is not meshed, since it would increase
the mesh size significantly. Instead, the conductive heat transfer is cedsiea
thin-wall assumption analytically. Due to the small thickness value, the conductive
heat transfer is assumed to be only in the direction normal to the surface. During the
calculations, the thermal resistance of the skin is used to determine gegdaame of

the outer and inner wall surfaces of the §B8]. The thermal resistance is defined as
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C‘TQ where @is the thickness of the skand™Qis the therral conductivity of the wall

material.

The boundary condition settings for the floor are the same as the ones for the skin. In
the analyses, the nose avionics bay of a rotorcraft with retractable nose landing gears
is used. The analyses are carried outlierground case, since this is the worst case

in terms of avionics cooling. Since the rotorcraft is on the ground, the landing gears
are extracted and the landing gear doors are open. The nose landing gear is usually
located under the nose avionics bay amce the landing gear doors are open, the
outer surface of the avionics bay floor is exposed to the outside air directly. Therefore,
the convective heat transfer boundary condition is applied to the floor as well. In
addition, floor has a 1 mm thickne§he conduction across the floor is also handled

with the thinwall assumption.

On the other hand, the adiabatic boundary condition is applied to the frame. The frame
is located between the nose avionics bay and the cockpit. The average air temperature
values inside the bay are expected to be around 343.15 K. The temperature values
inside the cockpit is much less than this value, since cockpit is an occupied zone.
Therefore, heat is transferred from the nose avionics bay to the cockpit during normal
operdion and has a cooling effect on the avionics bay. However, in this study the
frame is assumed to be adiabatic, since there is no certain information about the
temperature inside the cockpit. This assumption is a conservative one in terms of

avionics cooing.

Next boundary condition is the heat load of the avionics equipment. Avionics heat
loads could be represented by two different boundary condition types. The first one is
by applying the heatux boundary condition to the avionics surface. The secoed 0

is to define a volumetric heat source. In order to define a volumetric heat source, the
avionics equipment needs to be meshed and the energy equations must be solved
inside the avionics equipment. This causes an increase in the mesh size. On the other

hand, if the heaflux boundary condition is applied, this imposes that the same amount
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of heat is transferred from each surface of the avionics equipment independent of the
flow field around. For example, an avionics could be located such that oneagokis f

is exposed to the higspeed air from the fan, while the other faces are not. Normally,

a higher amount of heat is transferred through the face exposed tespbaeahflow
compared to the other ones. If the volumetric heat source boundary conslition i
applied, this effect can be accounted for. Therefore, the heat load of the avionics
equipment are represented with the volumetric heat source method with the values

given inTable3.6.

Table3.6. Volumetric Heat Generation Values

Avionics Equipment Volumetric Heat Generation (W/m3)
Avionics 1 12904.1
Avionics 2 15474.5
Avionics 3 28274.76
Avionics 4 33835.17
Avionics 5 15727.53
Avionics 6 18803.07
Avionics 7 23104.35
Avionics 8 14040.48
Avionics 9 36903.01
Avionics 10 29101.93
Avionics 11 14786.22

In addition to the included gravity, the density of the air must be varying as a function
of temperature to account for natural convection as explained before. The thermal
conductivity and dynamic viscosity of air are assumed to be constant with values of
0.0295W/m K and2.04%10° kg/m s, respectivelj41].

Solid material properties are givenTable3.7. The materials of the skin, floor and

frame are carbon fiber composite and the avionics are made of aluminum. The surface
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emissivity values, which are used during the radiative heat transfer calculations, are

also shown immable3.7.

Table3.7. Solid Material Propertie$41]

Thermal

Material I(:;Z?;g Sp(i;:ll(?Kl;eat Conductivity E?nuiggsiy
(W/mK)
Composite 1400 935 11.1 0.80
Aluminum 2719 871 202.4 0.78

3.4.2.Mesh Sensitivity

Three differenfpolyhedral mests consisting of approximatel¥, 1.9 and 4million
cells is used for the analysiBhe surface mesh cell sizesed to generate these three
meshes are given ifable3.8.

Fifteen layers of prisms are generated near the walls to solve the boundary layer
accurately. The first layer thickness is 0.07 mm and the growth rate of the prism layers

is 1.15. The prism layer parameters are commoalfdhree meshes.

As mentioned in the previous section, a CFD analysis for each DP is performed.

Therefore, one hundred and seventy seven CFD analyses are run in total. It is not
feasible to perform a mesh sensitivity study for each DP. Hence, the megivitg

study is performed only for the case that is used in the determination of the upper limit

of the range of the mass flow rate. For this case, higher gradients in the flow field is

expected due to higher mass flow rate value. The geometry ofsheausad for the

mesh sensitivity study is shown kigure2.6. The fan mass flow rate value is 0.055

kg/s as mentioned previously.
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Table3.8. Surface Mesh Cell Size Used to Generate Méedliths1, 1.9 and 4 Million Cells

Zone Name

CoarseMesh Medium Mesh Fine Mesh Cell
Cell Sizes Cell Sizes Sizes

Skin, Floor and
Frame
Avionics Located
on Floor

(Avionics 2,
Avionics 5,
Avionics 6,
Avionics 7,
Avionics 8)
Avionics Located
on Rack

(Avionics 1,
Avionics 3,
Avionics 4,
Avionics 9,
Avionics 10,
Avionics 11)
Fan, Exhaust

12.95 mm 9.5 mm 6.8 mm

12.95 mm 9.5 mm 6.8 mm

10.8 mm 8 mm 5.7 mm

6.7 mm 5 mm 4 mm

In order to determine whether the results become insensitive to the meshesize,
averageavionics surface temperature values are used. The resutimenb with
coarse, mediurand fines meshes are showrnTable3.9. The difference between the
coarse and the medium mesh is 0.66 K on average for all equipthentlifference

is reduced to 0.33 K between the medium and the fine mesh. These differences
correspond to 0.2% and 0.1%, respectiviglyaddition, it is observed thdie average
surface temperature differences betweesrssbandnediummesh isa little high for
Avionics 10with adifferenceof 1.5 %.Such high difference is not observed between
the medium and fine mesh resulkdence, the medium mesh is used for Dié
analysesThe change in the average avionics surface temperature results are also

shown graphically inFigure3.7.
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Table3.9. Average Avionics SurfacTemperature Results Obtaine@hWWrhreeMeshes

Avionics Coarse Mesh (K) Medium Mesh (K)  Fine Mesh (K)

Avionics 1 357.0 357.7 357.4
Avionics 2 352.0 351.7 351.4
Avionics 3 382.8 381.4 380.3
Avionics 4 378.8 378.3 377.3
Avionics 5 372.0 371.4 371.4
Avionics 6 378.2 378.2 378.3
Avionics 7 380.8 381.6 381.3
Avionics 8 370.4 370.0 370.3
Avionics 9 385.5 385.2 384.7
Avionics 10 379.2 377.6 377.0
Avionics 11 353.3 352.9 352.2
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Figure 3.7. Change imAverage Avionics Surface Temperature Results With Mesh Size
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The details othe medium messurface cell€an be seen iRigure3.8 andFigure3.9.

Figure 3.8. Details ofMedium MeshSurface Cell©ver Skin and Fan

Figure 3.9. Details ofMedium MeshSurface Cells @er Avionics, Rack and Floor
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A closeup view of the medium mesh volume cells are showRigure 3.10 on a
horizontal plane with a focus on the prism layer. The fluid cells are colored in light

gray, whereas the solid cells are given in dark gray.

Figure 3.10. Details ofMedium Meshvolume Cells

To quantify the numerical uncertaintiret Richardson extrapolati¢p#42] is used. The
spatial discretization error is calculated via the Grid Convergbkriex (GCI) defined
by Eq.(46).
06 00 — (46)
l P
where O is the factor of safety with the recommended coretere value of 3 by

Roachd43], andp is the order of accuracy which is taken as the theoretical value of
2, due to the use of the second order upwind scheme in the computations. The
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refinement factorr, and the relativereor between the fine and medium meshes,

are given ireq(47) andEq.48)asfollows:

L (47)

(48)

Here,f represents the predicted values by the medium and fine meshé¢jsatite
number of nodes in those meshes. The medium andchéshes mentioned above have

6.1 million and 13.8 milliomodes, respectively, giving a value of 1.31, which satisfies
the criteria given if42]. D is the dimensionality of the study, and hence, is taken as

3 in the above calculations. The GCl is calculated for the avionics surface temperature.
It is found to be 0.53% on average, and less than 1.12% foquifpreent in the

avionics bay, suggesting a small discretization error.

Next, y+ values are checked to determine whether the first layer thickness of the prism
layer is selected accurately or not. Since, enhanced wall treatment is used, y+ values
of the first prism layer cells must be belowThe y+ contours for the medium mesh

are shown irFigure3.11. The values slightly higher than 1 correspond to thoca

areas where the jet of the fan impinges on. A relatively higher y+ value is seen on the
corner of avionics equipment 2, as this equipment sits in the line of the jet.
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Figure 3.11 y+ Contours

Thefluid temperature contours at two planes paralléhédloor are shown ifFigure
3.12. The first columrof contourss from a plane 150 mroffset to the floor and the
second colummf contoursis from a plane 300 mm offset tbe floor. Generally,
there are no significant ddfences between the meshes at both plaresenergy

equation is also solved inside the avionics equipment, as stated above.

56



Coarse Mesh

388.1
3835
378.9
3742
369.6
364.9
360.3
355.6
351.0
346.4
3417
3371
3324
327.8
- 323.1

Medium Mesh

=

Fine Mesh

Figure 3.12. Fluid Temperature Contours for Three Meshes

In Figure3.13, the solid temperature contours inside avionics 9 are shown at two of
the equipment mid sections. Avionics 9 is selected, since this equigmase the
highest volumetric heat generation value, as seehalre 3.6. Therefore, higher
temperature gradients are expected inside avionics 9. Whencontours are
investigated, it is seen that the temperature gradients are small and no significant
differences are observed between the coarse, medium and fine meshes. The color
changes between the coarse, medium and fine mesh contours are duedbthia fa

the upper and lower limits of the color map are very close to each other. Therefore,
even small changes in the temperature magnitudes cause large color changes. It can
be observed that the differences in the local temperature magnitudes ararlelds. th
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Figure 3.13. Solid Temperature Contours for Three MesfasAvionics 9
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3.4.3.Convergence Check

In order to check whether the results have converged or not, the residuals are
monitored. The change doésiduals for the analysis performed with the medium mesh

is shown inFigure3.14. It is suggested that the energy equation residuals should be
lower than 16 and all other residuals should be lower thari [B3]. In this studythe

residuals drop below these suggested values.
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Figure3.14. Change of Residuals for Analysterformed Vith Medium Mesh

Some flow field parameters @fterest are also monitored to check the convergence
of the computations. Firstly, three points are created inside the bay and the velocity
magnitude parameters are monitored. The change in velocity magnitudes is given in

Figure3.15. The approximate locations of these three points are shokigune3.16.
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——Point Monitor1 =~ ——Point Monitor2 ——Point Monitor 3

Figure 3.15. Velocity Magnitude Point Monitors
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Figure 3.16. Approximate Locations of Point Monitors

The volumeaveraged air temperature inside the nose avionics bay and the average
avionics surface temperatures are also monitdreffigure 3.17, the chang in the
volumeaveraged air temperature can be seen. The variation in the avionics average
surface temperatures with iterations is showhigure3.18 for all eleven avionics. It

is observed that all monitored parameters smoothly converge around .a value
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Figure 3.17. Volume Averaged Air Temperature
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Figure 3.18. Avionics Average Surface Temperatures
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CHAPTER 4

PREDICTION FUNCTION

In this chapter, details on the prediction function are explained. Two different
prediction functions are built with twaifferent methods. The first prediction function

is built by using the Gaussian Process Regression method and the second one is built
by using the Artificial Neural Networks. The accuracy of these two prediction
functions are compared by utilization oftteases and one of them is selected to be
used with the optimization algorithm to determine the optimum fan and exhaust

locations.
4.1.Gaussian Process Regression

A Gaussian Process is a collection of a finite number of random variables, which has
a multivaride Gaussian distribution as a joint probability density func{ibf.
Mathematical represéation of a Gaussian Process dam seen inEq(49). The
random variables are used to represent the avionics average surface temystatsire

corresponding tdifferent input variable sets.

Qe x "00G e HQehe (49
In this equationx is the input variables vector consisting of the fan mass flow rate,
fan x coordinate, fan y coordinate, exhaust x coordinate and exhaust y coordinate,
m(x) represents the mean value of the random avionics average surface temperature

for x, andk(x,x s the variance&ovariance matrix.

As it can be seen iR(q(49), two parameters must be determined for Gaussian
Process. These are the mean values of the random variables and the -variance
covariance matrix. The variancevariance matrix is used to define the shape of the

multivariate Gaussian distributioifhe diagonal elements of the matrix stores the
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variance of each random variable and other elements store the covariance of random

variables with each other.

In order to understand the effectstbé mean function anthe variancecovariance

matrix, consieér a Gaussian Procesmtconsists of two random variables, namely y1

and y2. InFigure 4.1, the probability density distribution of these two random
variables is shown. As it can be seen, the most probable vailwasdom variables

yl and y2 ar¢0,0), as the probability distribution functimwns the highest value at

(0,0) point For other y1 and y2 value pairs, the probability decee@be mean vales

are also obtained by averaging the possible values of y1 and y2 and the mean values

are(0,0)for this GaussiantBcess.
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Figure 4.1. Probability Density Distribution of Random Variables y1 and y2

As the mean values of these two random variables are chahgesghape of the
probability density functions does not change, but, the function is repositioned such
that the point with théighest probability changebk Figure4.2, a new probability
density distribution for y1 and y2 is shown for mean values of (H&)e, the point
with the highest probability corresponds to (1;)e variancecovariance matrix of

the multivariate Gaussian distributishown inFigure4.1 andFigure4.2is a 2 by 2
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matrix, since the Gaussian Procesngists of two randomariableswith the values:
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Figure 4.2. Probability DensityDistribution of Random Variables y1 and y2 with New Mean Values

When the varianceovariance matrix ignodified as T;? n , the pobability

T

density function is reshaped as showhigure4.3. The mean values are kept at (0,0).
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Figure 4.3. Probability Density Distribution of Random Variables y1 and y2 with New Variance
Values

65



As it can be seen, it becomes more probable that y1 gets values around its mean value
0. This is due to the small variance of y1. Whereas, probability density distribution of

y2 is morescatteredlue to the high variance.

Finally, the shape of the probdiby density function becomes as showrfFigure4.4

when thevalues of the off-diagonal elementare changgas e T
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Figure 4.4. Probability Density Distribution of Random Variables y1 and y2 with New Covariance
Values

In this new shapethe probability density function is stretched ire tbiagonal
direction. This meanthat y1 and y2 are correlatedth each otherThe Variance
Covariance matrix i& symmetricmatrix. The first offdiagonal element shows the
covariance of y1 with y2 and the secondditigonal element shown the covariance
of y2 with y1. These two valuasust be the same. This is also valid for variance

covariance matrixes of Gaussian Proesgsth higher number of random variables.

For the Gaussian Process Regression, the Matlab Statistics and Machine Learning
Toolbox is used. Firstly, a Gaussian Psxés created. The number of the random

variables is equalo the number of the DPs and oegtra random variable. The
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additional random variable is used to predicted the avionics surface temperatures for

the desired new input parameter set of the fan fimggate, fan x and y coordinates,

and exhaust x and y coordinates. The mean values of the random variables and the
variancecovariance matrix of the multivariate Gaussian distribution are user defined.

A prediction function capable of predicting the eage surface temperature of only

one avionics at a time could be created with Gaussian Process Regression. Therefore,
Gaussian Process Regression is performed eleven times to create eleven prediction
functions, each of which predicts the average surfacgdeature of a separate

avionics.

Matlab has some predefined functions to determine the random variable mean values

and the varianceovariance matrix. The functions showmnliable4.1 are used for the

eleven prediction functions and are determined by trial and error.

Table4.1. Function to Define Mean Values and Variafi@evariance Matrix

Avionics Mean Value Function VarianceCovariance
Equipment Function
Avionics 1 Pure Quadratic Polynomial ARD Matern 3/2
Avionics 2 Pure Quadratic Polynomial ARD Squared

Exponential
Avionics 3 Pure Quadratic Polynomial ~ Squared Exponential
Avionics 4 Linear Polynomial Matern 5/2
Avionics 5 Pure Quadratic Polynomial Matern 3/2
Avionics 6 Pure Quadratic Polynomial ARD Matern 3/2
Avionics 7 Linear Polynomial ARD Matern 3/2
Avionics 8 Linear Polynomial ARD Matern 3/2
Avionics 9 Pure Quadratic Polynomial ~ SquaredExponential
Avionics 10 Pure Quadratic Polynomial ARD Squared

Exponential
Avionics 11 Pure Quadratic Polynomial ARD Matern 3/2
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Three additional test points are created and CFD analyses are run for these points.
Results are obtained with GaussRwocess Regression for these three test points as
well. Then, the results are compared and the selected mean value and variance
covariance d@inctions are changed to determine the ones giving the closest results to
the CFD results.

For the mean values, a ftivariate polynomial is fitto the avionics surface
temperature data obtained blye CFD analysesf the DPs. This polynomial is
evaluated at the input parameter setsref hundred and seventy seven (IDOP¥ and
at the input parameter settbk additional random variablél'he values obtained are
themean valuesf the Gaussian Procedghe linear polynomial is defined i3g.(50)

and the pure quadtic polynomial is dfined byEq.(51).

a e ww O (50)

a e ww ww O (51)

whereb6 s e@md are the coeffi xbenthseotheheéei pol vy
parameters (i.e fan mass flow rate, fan x coordinate, fan y coordinate, exhaust x

coordinate and exhaust y coordinate) Bnd a constant.

Regarding the Variane€ovariance matrix, the diagal elements are determined by
Matlab duringthe Gaussian Process Regressionthedunction given infable4.1
are used to determine the-gliagonalelements. Squared Exponential, Mat8/2 and
Matern 5/2 functiorare given irEq.(52), Eq(53) andEq.(54), respectively[45]
iy, Qan b (52)

o Vol Vo
Qof , p — Qo — (53)
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Qo , p — — Qon — (54)

Here' ¢ is the signal standard deviation and the characteristic length scale.and
" are the parameters of the functions and are determined by Matlab during the
Gaussian Process Regression. r is the distance between the input variable sets of two

random variables in the input parameter domain and is calculate&q$55).

i ®  ® (59

Xm andxn are the input parameter sets of the two random variables and the subscript
is used to represent the five input parameters. The functions for ARD Squared
Exponential and ARD Matern 3/2 are giverdq.(56) andEq(57). [45]

o p W ()

Quho ., Qi E _— (56)
o & & 1 Y o o 1l

Qo :,? Vio o) w:r‘) Mo —— (57
” 11 ” I
u U u U

Herelnis also a length scale. However, a separate length scale is used for each of the
five parameters in the ARD functions. As it can be seen above, the Variance
Covariance functions uses the distance between the input parameter sets of the random
variables inthe parameter domain. As the two random variables gets closer, they

become more correlated.

After the Gaussian Process is built, the next step is the training. While generating the
Gaussian Process, the random variables are assigned to the DPs as thahtivae

The avionics surface temperatures for these random variables are treated as if those
were unknown and the mean values and the probability density distributions are
calculated for random variables corresponding to the DPs as well. However, the

avionics surface temperature values for the random variables corresponding to the DPs
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are actually known. This data is used for training. The training process in the Gaussian
Process Regression is basically a conditional probability calculation. Conditional
probability may be described as the probability of an event to occur based on the
knowledge that another event, which is dependent on the first event, has already
occurred in a certain way. For the average avionics surface temperature prediction
case, this auld be interpreted as the conditional probability calculation for the
additional random variable given that the values of the other random variables
(corresponding to DPs) are actually known. After the training, a new mean and a new
probability density ditribution are obtained for the additional random variable. The
value of this new mean is the Gaussian Process Regression prediction for the new

desired input parameter set.

The training process may be explained better through an example. Imagine that there
is a training set that consists of one DP only and Gaussian Process Regression is used
with this training data. Therefore, A Gaussian Process consisting of two random
varigbles is built. Now assume that the random variables are y1 and yZFigome

4.4 and that the Gaussian Process has a probability density distribunicion that

is the same as the one showrrigure4.4. As mentioned above, the training set has

one DP and assume that this DP corresponds to yZ $lnis included in the training

data, its actual values are known by some means such as the measurements or
analyses, and the aim is to predict the value of y2 by the Gaussian Process Regression.
Assume that the actual value of yl is 1. The training ef Gaussian Process
Regression is simply a conditional probability calculation. i.e. after the training a new
probability density distribution for y2 is calculated given that the value of y1 is known

and is equal to 1.

The nitial probability density functin is formed as if the &ual values of both y1 and
y2 were not knowmas given inFigure4.4. This distribution is callethe prior. After
the training anew distribution for y2 is obtained and the new distribution is céfied
post.How the prior is used to determittee post could be graphically interpreted as

getting a cut section from thgrior probability density distribution function shown in
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Figure4.4 at a plane yl1=1 since this is the actual value of yAfter this process, a
curve is obtained for y2 similar to the one showfigure4.5. This curve is the post
probability density distributionThe mean of the poss equal to the value of ythat
is predided bythe Gaussian Process Regs®n As it can be seerthe Gaussian
Process Regressiqmedictsy2 as-1.5 given that the valuef y1 is known and equal
tol

For the avionics cooling case, the probability density distribution function is 178
dimensional, since this is the total nuenlof random variables. During the training

177 cut sections are obtained at the planes determined based on the CFD results of the
DPs Then aone dimensiongbostprobability density distribution curve is obtained

for the final random variable and timeean of this curve is the predicted average

avionics surface temperature values.
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Figure 4.5. Example for Conditional Probability Calculation
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4.2. Artificial Neural Network

The artificial neural networks (ANNsre inspired by the neurons in human brain. A
neuron is connected to several other neurons via dendrites. The signals coming from
the dendrites act as an input for a neuron. Then, depending on the inputs, the neuron

either fires through its axon or not.

An artificial neuron is schematically shownHRigure4.6 wherex represents the inputs

received by the artificial neurow, represents the weights inputs, and represents

the bias. As explained by Marslapil], t he x6s are first mul tipl:i
weights and then summed. This sum is fed intadivation functionf) determining

the output of the neuron: if the input sum is above some threshold, the neuron fires.

The mathematical representation of an artificial neuron is givégtf$8).

—— Qutput

Figure 4.6. Representation of a Neuron

060RG6A 0 & @ (58

A neural network is formed by combining several of such neurons. A Feedforward
Multi-Layer Perceptron type network is used in this study. This type of network
consists of layers of neurons. These layers are the input layer, hidden layers, and the
output layer. Each neuron in a layer is connected to every neuron in the previous layer
and the output of each neuron in the previous layer becomes an input for this neuron

[46]. In addition, the direction of the neuron connection is always from the input layer

72



towards the output laygre.the network has no recursive connections, where the input
to a neuron also depends on the output of the same neuron. An example for a
Feedforward MultiLayer Perceptron network used in this study can be sdégune

4.7, where the circles represent the neurons and the arrows represent toeiipput

relations.
Fan
x—coord I
Avionics 1
Fan average
v-coord I surface
I temperature
Exhaust |
x-coord. I Avionics 11
| average
Exhaust surface
v-coord. = = temperature
Fan mass
flow rate Output Layer

Input Layer Hidden Layer

Figure 4.7. Feedforward MultiLayer Percepbn Network

In this studythe Neural Network Fitting Application of MATLAB Release 2016a is
used to create and traim ANNSs. For the case of avionitmy cooling, the input layer

has five neurons each of which is an input to the problem; namely the fan location (x
and y coordinates), the exhaust location (x and y coordinates) and the fan mass flow
rate. On the other hanthe output layer has eleven neurons, which are the desired

outputs of the average surface temperatures of eleven avionics equipment located in

the bay.
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Figure 4.8. Sigmoid Activation Function

The sigmoidfunction shown inFigure 4.8 is used as the activation function of the
neurons in the hidden layer. Depending on the value of the input, the outpuelsecom
a number between zero and one. On the other hand, a linear activation function is used

for the neurons located in the output layer.

The network described above must be trained before it can be used for predicting the
average surface temperatures. F@& flurpose, the results from the CFD analyses are
used as training data. In the process of trairtigy58) is solved for the weights and
biases for each neuron based on the Hopigbut relations of the neurons shown in
Figure4.7. The weights and biases are varied through the training iterations in such a
way that the error between the ANN outputs and the CFD results decreases. The
Bayesian Regularization Bagkropagation method is used for tiag, as this method

can provide good results with small training data detS]. The Bayesian
Regularization can also reduce the effects of overfitasgexplainedelow, without

the need of using a validation data[4&1].

As the agreement between the ANN and CFD results improves with the number of
training iterations, the ANIgrocess starts including the noise existing inrGR® data

as well. Due to this, the relationship between the ANN inputs (the fan and exhaust
locations, and the mass flow rate) and the ANN outputs (the avionics average surface

temperatures) cannot be ta@d successfullyn other words; during the early stages
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of the training, the ANN tries to capture the physical relationship between the inputs
and outputs. An ANN which could capture this physical relationship is said to have a
high generalization capdity. That is, the results obtained with this ANN shows
similar accuracy values through the entire input parameter space. However; as the
training process continues, the ANN starts to also capture the noise available in the
CFD data in addition to the psical relationship. This is called overfitting. At this
point, the ANN starts to memorize the CFD results of the training data rather than
capturing the physical relationship and generalizing the results. Such an ANN vyields
accurate results for the casesluded in the training data set. However, the accuracy

of the results at the remaining parts of the input parameter space decreases due to the
overfitting issueTo reduce the effects oWerfitting, some training methods dedicate

a portion of the available data set to be used for validation, leaving a reduced size of
the data available for the training purposes. The validation data set is not used in the
training but the results obtained by the ANINd the CFD results for this validation

data set is compared in each training iterat®ince the validation data set does not
contribute to the training, the ANN results of this data set can be used to detect when
the ANN starts to memorize the trainidgta and overfitting. This is determined when

the accuracy of the validation data set results starts to decreaseth&€heaining
iterationscan be stopped. On the other hand, since the Bayesian Regularization does
not require a separate validation de¢f a larger amount of available data can be used
for training, as is done in the current studlg.the larger portions of the available CFD
data set are used for training, the ANNs with higher accuracy could be generated.

Then comes the determinationtbé ANN architecture. The architecture consists of a
number of hidden layers and a number of neurons in each layer. As sidi@l] ame

hidden layer is enough faredict continuous functions. Therefore, an ANN with one
hidden layer is used in the current study. Since the number of neurons that must be
used in the hidden layer is problatapendent, there are no specific rules to select the
number of neurons. A tiieanderror process is carried out to determine this number.

In order to compare the prediction capabilities of the ANN with different neuron
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numbers, 15% of the available CFD data is randomly selecteithiarathta set is only
used to compare the accuraafythe ANNs with different architectures. This data set
is called the Testing Data. Similar to the validation data sets, testing data is not

included in the training process.

In Table4.2, the change of the meaquared error (MSE) between the ANN and CFD
results with the number of neurons in the hidden layer is shown for the training data,
testing data, and the overall data set that includes the trainth¢esting data. MSE

is the mean of squared errors for the data that is used for both training andaesting,

is calculated according tq.(59):

0 YO — Y Y (59

where r is the size of thteaining, testing or the overall CFD data set. n is taken as
eleven, which is the totalumber of avionics equipmernfav-ANN is the average
avionics surface temperature predicted by the ANN &ndrp is the averaged
avionics surface temperature obtained by the CFD analyses. During the training, initial
values of weights and biases are determined randomly. Then an optim&atignis
performed to determine the weights and biases, which minimize the error between the
ANN results and the CFD results. A gradibaised optimization is used. This means
that there is a risk of getting caught within a local minima depending omittze i
values of the weights and biases. In order to avoid this issue, the ANNs shitatatein

4.2 are trained several times and the table is formethéypest results for each ANN
architecture. As it can be observed, increasing the number of neurons in the hidden
layer by multiple times decreases the overall MSE significantly. However, although
the MSE value decreases, the prediction accuracy for tiegteista may deteriorate

due to the inherent over fitting problemtb& ANNs with high number of neurons, as

the noise in the training data downgrades the generalization capability of the ANN.
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Table4.2. Change of Meatsquared ErrotWith Number of Neurons

# Neurons in Mean Squared Error (MSE)

Hidden Layer  Training Data  Testing Data ~ Overall Data

5 30.8 36.5 31.7
6 28.1 35.8 29.3
7 26.8 31.4 27.5
8 25.9 27.5 26.2
9 24.4 26.9 24.8
10 22.8 27.6 23.6
11 23.1 26.2 23.6
12 22.7 25.3 23.1
13 20.8 25.8 21.5
14 19.4 27.2 20.6
15 17.8 30.9 19.8
16 17.2 31.0 19.3
17 17.3 32.0 19.5
18 16.4 33.7 19

19 15.6 35.2 18.6
20 15.0 354 18.1
21 14.8 37.2 18.2
22 15.0 37.4 18.4
23 13.0 39.3 17.0
24 13.0 39.2 17.0
25 13.0 42.7 17.5

The blue curve ifrigure4.9 shows the variation in the MSE value of the training data
with thenumber of neurons. As the number of neurons increases, the MSE value for
the training data decreases, as expected. Thigisodhe fact that the ANN becomes
more capable of predicting more complex functions including large gradients as the
number of neurons increases. The red curve shows the variation in the MSE value of
the testing data witlthe number of neurons. The MSEIua reaches its minimum
value for the first twelve neurons, but it has an increasing trend as the number of

neurongs increased further. It can be concluded that after the application of the first
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twelve neurons, the ANN model starts to encounter thdgarobf over fitting and its
generalization capability for the points out of the given data set decreases. Hence, the
decrease of MSE of the overall data for the neuron numbers greater than twelve, as
shown inTable4.2 and with the green curve Figure4.9, is due to the fact that the

ANN starts to predit the training data closer to the CFD results.

In other words, as the number of neurons in the hidden layer increases, the ANN gets
more capable of predicting more complex functions with high gradients. On the other
hand, the noise in the CFD results wbabntribute to such high gradients. This causes
the ANNs modeled with high number of neurons in the hidden layers to become
inherently more prone to overfitting despite the uséhefBayesian Regularization.
That is,the improved prediction capability tfie ANN can further predict the noise

in the training data, whereas a model with a lom@mber of neurons in the hidden
layer will have more tendency to ignore the noise. Therefore, the architecture of an
ANN model must be chosen carefully so that therenough number of neurons in

the hidden layer to capture the relationship between the ANN inputs and outputs
successfully while excluding the noise in the training data. Considering this, an ANN

architecture with twelve neurons is selected in this stodyoid this issue.

Change of MSE with Number of Neurons
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Figure 4.9. Change of MSE Values for Traimg, Testing, and Overall Dataith Number of Neurons
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Biases and weightsf the selectedNN are shown ifTable4.3 - Table 4.5.

Table4.3. Biases of Neurons in Hidden Layer and Output Layer

# Neuron Hidden Layer Neuron Output Layer Neuron
1 -1.75530 1.16307
2 -0.26037 -0.29430
3 -1.17650 1.11351
4 -1.33694 1.34729
5 0.40713 0.09610
6 0.97869 0.04484
7 -0.11827 -0.05184
8 -0.54715 -0.32064
9 -1.09921 0.69604
10 1.84159 1.18494
11 0.57455 0.49669
12 1.15417 -

Table4.4. Weights of Neurons in Hidden Layer and Input Layer

# Input Layer Neurons

1 2 3 4 5
1 0.13982 -1.87837 -2.06020 0.01891 -0.02837
" 2 0.03632 -1.76641 -0.81919 -0.09494 -0.11205
5 3 0.10964 0.17808 -3.10240 0.01366 -0.12566
§ 4 0.05043 -1.66859 0.56768 -0.08774 0.05454
5 5 0.07217 -0.01396 3.99639 0.00597 -0.02554
= 6 -1.11626 -0.06062 1.51402 0.08668 -0.68936
_C' 7 0.15510 1.05991 0.17454 0.39750 -1.18150
§ 8 -0.06369 0.67978 -1.25539 -0.00075 -0.00976
T 9 -0.78669 -0.94935 -0.31639 0.10356 -0.82062
* 10 0.04561 -2.06721 1.25810 -0.02814 0.00750
11 0.62868 -0.19079 -0.53882 0.02774 -0.01016
12 | -1.04116 -1.14369 0.47464 0.07197 -1.02019
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Table4.5. Weights of Neurons in Hidden Layer and Output Layer

# Output Layer Neurons

11

10
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The biase®f neurons in hidden layer and output lagee provided infable4.3. In
Table 4.4, the weights of the neuron inputs between the hidden layer and the input
layer are shown. ITable 4.5 the weights of the neuron inputs between the hidden

layer and the outpugayer are shown.

Learning curves of the ANN with twelve neuron are showrigure4.10. The change

in MSE is shown for both training and testing dataadagarithmic scale. MATLAB

uses different criteria to stop the training procpts. The first criterion is the
maximum numbers of iterations. 1000 iterations &teas the maximum value. The
second criterion is the maximum value of the Marquardt Adjustment Parameter. This
criterion is set to 1. As stated above, Bayesian Regularization uses a grdudiset!
optimization method to determine the weights and biddesMarquardt Adjustment
Parameter is used to adjust the amount of changes in the values of the weight and
biases during the iterations. This parameter is increased until the performance of the
network improves. Once the value of the Marquardt AdjustrRarameter exceeds

the criterion, the training is stopped. The next stopping criterion is the minimum
performance gradient. The training is stopped, when the rate of ANN performance
improvement becomes less than’uring the iterations. Based on thesapging
criteria, the training stops after 150 iterations, since the maximum value of the

Marquardt Adjustment Parameter is reached.

In addition to the MSE values given Trable 4.2, the correlation between the ANN

and CFD results for the training data and the testing data is also demonstrigedan

4.11 andFigure4.12. Figure4.11 andFigure4.12 shows the 85% of the DPs used for

training and the remaining 15% used for testing. As the location of a point gets closer

to the |line with the 45A slope, the corr
of these distributions reveals that the error in average surface temperatures between
the ANN and CFD results of up to 20.5 K is observable. This value corresponds to an
error of %5.83.
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Figure 4.10. Learning Curves of ANN Vith Twelve Neurons

In addition, the correlation coefficiesf the twelve neuron ANN fahetraining and
testing datawith the CFD resultsare 0.943 and 0.93tespectively The correlation
coefficient is calculated usirteq(60).

i B Y Y Y Y
' ——— (60)
B Y Y B Y Y

Here n is the data siz€.crp iS the avionics average surface temperatures obtained

by CFD andTaannis the avionics average surface temperatures predicted by the
ANN. The bar notation shows the averaged values of CFD and ANN resulthever

one hundred and seventy seven data points. As the r values get closer to 1, the match

between the ANN and CFD results improves.
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4.3. Prediction Function Comparison

In order to compare the Gaussian Process Regression and the Artificial Neural
Network results, three additional test points are used. These additional test points were
also previously used in the determination of the mean value and vacavexéance
functions of the Gaussian Process Regression. Details about these test pginenare

in Table4.6.

Table4.6. Test Pints

Test  Mass Flow Fan x Fan y Exhaust x  Exhausty
Points  Rate (kg/s) Coord Coord Coord Coord
(mm) (mm) (mm) (mm)
1 0.041 350 380 750 650
2 0.051 800 600 600 150
3 0.0265 775 150 300 350

Results obtained for the test points are showTable 4.7. The averagesurface
temperatures for each avionics is shown for Gaussian Process Regression, Artificial
Neural Network and CFD.
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Table4.7 Comparison of RedictionsFrom CFD and Gaussian Process Regressind Artificial

Neural Network
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In Figure4.13 andFigure4.14, the errorsplotsfor the Artificial Neural Network and

the Gaussian Press Regression are shown. Errors are the absolutes vl tiee

differences between the results of the prediction functions and the CFD .rasults

addition, the differences between the Gaussian Process Regression and Artificial

Neural Network are showmn Figure4.15.
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Figure 4.15. Average Avionics Brface Temperature Differencegtd/een Gaussian Process
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It is observed that the average differences between the Gaussian Process Regression
and the CFD results 2.6 K.This value corresponds to a 0.72% error in average.

the other hand, the differenbetween the Artificial Neural Network and CFD results

is 3.8 K which corresponds to h01% error on average. Since the average error
values for the Gaussian d&ess Regression are lower compared to those for the
Artificial Neural Network, the Gaussian Process Regression is selected to build the
prediction function. In addition, the maximum deviation between the Gaussian
Process Regression and Artificial NeuragtiNork results is further examined for

Avionics 4 at Test Point 2 iRigure4.15. The value othedeviation is 9.6 K.

On the other hand, the maximum difference between the Gaussian Process Regression
and the CFD results is 8.4 Khis value is observed fondonics 4 afTest Point 3. A

closer look at the error plot igure4.13 reveals that the error fondonics 4 at Test

Point 3 is significantly higher than the otheror values. In addition, the maximum
difference between the Artificial Neural Network and CFD results is 9.1 K and it is
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also observed foAvionics 4 at same test poinh Figure4.16, the fan and exhaust
locations for Test Point 3 are shown. The fan location is shown with thedloed

surface and the exhaust location is shown with thecodored surface. In addition,

the streamlines inside th@y could be observed. The streamlines are colored by the
velocity magnitude. A stream of air supjpliby the fan flows towards thevionics 4

after impingement. High air \@&city magnitudes occur aroundvidnics 4. However,

there is other equipment close Avionics 4 where the air velocity is also high, but
such high errors are not observed in the region around them. The reason for the higher
error might be due to the fact that the training data set does not include the case in

which an air stream flows wards Arvionics 4 after impingement.

Avionics 4

Figure 4.16. Test Point 3 Stream Lines in the Avionics Bay
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In order to observe the effect of the number of CFD data points used in the analysis
on the error, the change the Gaussian Process Regression and Artificial Neural
Network errors with the available data size is examined next. The size of the available

data is increased up to one hundred and seventy seven cases progressively in

88



increments of twenty CFD data pts to observe the trend line of the variation in the

error.

The error variation in the average surface temperature with the size of available data
Is shown inFigure4.17. These error values are also calculated by the utilization of
three additional test points mentioned above. The differences between the temperature
values obtained with predictidonctions and the CFD results are averaged over the
avionics equipment and the test points to geneFagerre 4.17. The temperature
differences between the Gaussian Process Regression, Artificial Neural Network and
CFD results are averaged usiag(61).

50 i ¢ 10% &y Yos (61)
where m is the number ofdtpoints, nis thenumber of avionics equipmeria.rre
is the average avionics surface temperature predicted by Gaussian Process Regression

or Artificial Neural NetworkandTavcrp IS the average avionics surface temperature
obtained by the CFD analyses.

What are also shown fRigure4.17 are the results from a classical response surface
(RS) that is typically used in such arsdg. For a comparisom &S was also built
by usingdifferent sizes of the avaible CFD data. A full gadratic linear model given

in Eq(62) was used for the generation of the.RS
Y W W W w O (62)
Here Tavrsis the avionics average surface temperature predictabedgesponse

Surfacex is the input to the problem (i.e the fan and exhaust locations and the mass
flow rate) andC is a constant.
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Figure 4.17. Error Variation in ANN and RS8Vith Data Size

The decreasing trend of the error seerrigure 4.17 suggests that the correlation
betweentte Gaussian Process RegressionAntificial Neural Network results and

the CFD results could be further improved by increasing the available data boint
desired. Although this is true, it should be kept in mind that there will still be
differences between the CFD results and @ life results depending on the
modeling capability of the CFD. Besides, such a correlation would requiremerdpr

more CFD analyses, which woulde time consuming. Hence, there is a tradeoff
between the accuracy of the methodology and the process time. Considering this, an
error of 2.6 Kobtained by the Gaussian Process Regression is considered to be
accurate enough foné design exploration and optimization study pursued here. Itis
observed that up to ninety data points the accuracy of Gaussian Process Regression
and Artificial Neural Network is similar. Beyond this data size, the Gaussian Process

Regression starts fwedict average avionics surface temperatures more accurately.

On the other hand, the error variation for the RS with the quadratic linear model shows

that the RS is saturated beyond a data size of one hundred and ten, and increasing the
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available data sefurther beyond this point does not improve the prediction capability
of the RS. The comparison to the Gaussian Process Regression and Atrtificial Neural
Network also reveals that the RS performs worse for every data size considered

compared to others

At the end of this comparison, since the average error value for the Gaussian Process
Regression is lower compared to that of the Artificial Neural Network, the Gaussian
Process Regression is selected to build the prediction function that will be used in the
remaining of this study.
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CHAPTER 5

OPTIMIZATION

In this chapter, the optimization algorithm used to determine the fan and exhaust
locations yielding the smallest fan mass flow rate is described. In the end of the
chapter, theesulting cooling system with the optimum fan and exhaust locations is

presented.
5.1. Optimization Algorithm

The genetic algorithm is used for the optimization. The Matlab optimization toolbox
[45] is used for the analysi$he algorithm imitates the evolution of a species over
several generations in order to find the global maxima or minima of a fun¢tien.
generations consisting of several individuals are formed. Timebeduals have
chromosomes where the numerical values of the variables are stored at. In the current
study, each individual has four chromosomes, and the fan and exhaust locations are
stored at the individual 6s c¢ hisshovnsno mes .

Figure5.1.

Fan Fan  Exhaust Exhaust
x-Coord. y-Coord. x-Coord. y-Coord.

200 400 600 100

Figure5.1. Examplefor an Individual (in mm)

During the optimization, the first generation of individuals is formed randomly. Then,
the fitness of each individual in a generation is determiriating the biological
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evolution, thdfittest members of a species survive. This concept is also utilized in the
genetic algorithm. Therefore, a measure to evaluate the fitness of the individuals is
required. The required mass flow rate is used as this fithness mdasutiee fan and
exhaustocations stored in the chromosomes of the individuals, the smallest value of
the mass flow rate required to keep the average surface temperature of all avionics
equipment below their temperature limits is determined. The smaller the required mass
flow rate is, the more fit the individual becomes. After the evaluation of the fitness of
all individuals, the next generation is formed. Three different mechanisms are used to
form the individuals of the next generati@i]. The first mechanism is includinge

elite individuals directly inthe next generation. The elite individuals are the ones with
the best fithess values among the individuals of the current generat®sec¢bnd
mechanism is performing a crossover where two parent individuals are selected from
the current generation and their chromosomes are combined to form a new individual.
An example for a crossover is givenfigure 5.2. Matlab forms a binary random
vector, which is at the same size of an individdal. If the value of binary vector,
corresponding to a chromosome i sifthe, t

values is 0, the chromosome of the second parent is used.

Fan Famn Exhaust Exhaust
x-Coord. y-Coord. x-Coord. y-Coord.
Parent 1 150 300 800 800
Parent2 500 50 900 100
Binary
Random 1 1 ] ]
Vector
New
Individual 150 300 900 100

Figure 5.2. Example for @ossover (irmm)
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The third mechanism is the mutation where some of the chromosomes of the
individuals are altered randomly. An example for mutation can be séegure5.3.

A random number is added to each chromosome of an indiji#kialo mutate. The
random number is gendea from a random variable thiads a Gaussian distribution

and a zero mean value.

Fan Fan Exhaust Exhaust
x-Coord. y-Coord. x-Coord. y-Coord.
Individual 1000 10 300 700
Mutated
1015 25 265 724
Individual

Figure 5.3. Example forMutation (in mm)

Following these steps, the fithess values of the individuals of the new generation are
evaluated, and the process is repeated to form the new generation. New generations
are formed until themallest mass flow rate required to keep all avionics equipment
surface temperatures below their temperature limits stops altering significantly. Each
generation used during the optimization has two hundred individuals. It is stated in the
Matlab User Guid that fifty individuals are enough for problems with five parameters

or less, and two hundred individuals are suggested for a higher number of parameters
[45]. Sincethe evaluation of the fitness of the individuals does not take too much time,
generations with two hundred individuals are used in this study to be conservative.
During the reproduction of the next generation, ten elite individuals are directly
included n the next generation. One hundred and fifty two individuals of the next
generation are formed by crossover and the remaining thirty eight individuals are
formed by mutation.
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5.2.Fitness Evaluation of Individuals

As mentioned above, the required minimum m#ss fate is used to determine the
fitness of an individual. The minimum required mass flow rate is obtained, when the
average avionics surface temperatures of some equipment are equal to their limits and
the average surface temperatures of remaining e@umprare below the limits.
Howeve, the prediction function builh the previous chapters uses mass flow rate as

an input parameter and gives the average avionics surface temperatures as output
The prediction functiomustbe used in such a way that thetputis themass flow

rate.

In order to do that, the temperature limits of the avionics are used. The fan and exhaust
location inputs of the prediction function come from the chromosomes of an
individual. Then a mass flow is selected initially and therage avionics surface
temperatures results are obtained by the utilization of the prediction function.
Following this, the results are compared with the temperature limits. If the temperature
values exceed the limits, the mass flow rate is increaseltitdhgerature values are
below the limits, the mass flow rate is decreased. The mass flow rate is altered until
some of the avionics surface temperatures become equal to the limiting values, while

the others are below the limits.

The mass flow rate is alted by the bgsectioning method. The process steps of the bi

sectioning method are presented below:

1. Set the higher and lower mass flow rate values to 0.055kg/s (upper limit) and
0.024 kg/s (lower limit), respectively

2. Calculate the new mass flow rate valwetaking the arithmetic average of
higher and lower mass flow rate values

3. Determine the average avionics surface temperatures with the new mass flow
rate

4. Calculate the temperature difference for all eleven avionics by subtracting the

predicted temperatarvalues from the limiting values
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5. If the minimum of the eleven temperature difference values is higher than
0.001K, set the calculated mass flow rate as the new higher mass flow rate
value and move to step 2

6. If the minimum of the eleven temperature diffece values is lower than
0.001K, set the calculated mass flow rate as the lower mass flow rate value and
move to step 2

7. If the minimum of the eleven temperature difference values is between 0.001
and-0.001, then the calculated mass flow rate is the requnminimum mass

flow rate.

The Matlab code used to evaluate the fitness of individuals is includdtHENDIX
C.

The procedure mentioned above yields mass flowvaltees only between the lower

and upper limits of the mass flow rate range. There could be cases with the fan and
exhaust locations returning even a higher mass flow rate than the range upper limit.
With the procedure listed above, the required massriewalues for these cases are
also determined as 0.055kg/s on purpose. The training data of the prediction function
is generated for a mass flow rate range between 0.055kg/s and 0.024kg/s. Therefore,
the accuracy of the prediction function decreasesfgigntly for the mass flow rates
higher than 0.055 kg/s. As an example, the change of avionics 2 average surface
temperature with the fan mass flow rate is showigure5.4. The plot corresponds

to x=100 mm and y=300 mm for the fan coordinates, and x=500 mm and y=600 mm
for the exhaust coordinates. As it is seen, the average surface temperature starts to
increase as the mass flow rate increases ah08g/s. Such a behavior is physically
incorrect and it could mislead the optimization algorithm. Therefore, the maximum

required mass flow rate value is limited at 0.055 kg/s.

97



380
375 \ 1
370 - ]
365 - ]

360 [~ B

~ e
~ -

Avionics 2 Average Surface Temperature (K)
d

355 . ‘ L ‘ o~
002 003 004 005 006 007 008 009 0.1

Fan Mass Flow Rate (kg/s)
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The Genetic Algorithm may produce individuals with fan and exhaust located out of
their location envelopes. The required mass flow rate values for them are also set at
0.055 kg/s, so that these indiuel are penalized with bad fithess values and are

eliminated during the optimization process.
5.3.Result of Optimization

The Genetic Algorithm continues for one hundred and three generations. The change
of the best fitness and mean fitness values are showigume 5.5. As the figure
suggests, significant improvements are achieved in the mass flow rate up to the twelfth

generation. After this point, the imprement rate decreases.

@ Best: 0.0255175 Mean: 0.0256005

r_::; 0.06

>

o 0.04 k *  Bestfitness

$ 3 *  Mean fitness

E 0.02 * * * : : : * !
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Generation

Figure 5.5. Change of Best and Mean Fitness Values
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Finally, the optimum fan and exhaust locations determined by the Genetic Algorithm
are shown irFigure5.6.

Exhaust

Figure 5.6. Optimum Fan and Exhausbtations

The numerical values of the fan and exhaust location are also presenddeB. 1.

The mass flow rate corresponding to these fan and exhaust lodati@@255 kg/s

and is within the mass flow rate range determined previously. This indicates that it is
not required to generate additional DPs and run additional CFD analyses to extend the

mass flow rate range.

Table5.1. Optimum Fan andExhaustLocations (in mm)

Fan Location Exhaust Location
x-coord. y-coord. x-coord. y-coord.
220.8 435.4 363.8 579.2
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CHAPTER 6

RESULTS AND DISCUSSION

6.1. Comparison of Optimum CaseResultsWith CFD

Following the determination of the optimum cooling geometry and the optimum mass
flow rate, a CFD analysis is performed to investigate the resulting thermal
environment inside the bay under those conditidnaupfrontcheck of the equipment
surface tempaiture predictions obtained by CFD with those predicted by the Gaussian
Process Regression showed that the average difference is only 2.4 K, which agrees
with the accuracy level that was confirmed earlier by the test points. If desired, the
results could bemproved further by adding moiePs around the optimum point
found via the genetic algorithm. These new design points could then be used to
enhance the prediction function. However, this effort would only locally increase the
accuracy around the regionfsimterest, and it would not have an effect over the whole
input parametedomain.The average avionics surface temperatures obtainedheith

Gaussian Rrcess Regression and CFD anadyare presented ifable6.1.
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Table6.1. Comparison of CFD Results and Gaussian Process Regression Predictions for Optimum

Fan and Exhaust Locations

CFD Result Gaussian Process
Avionics # (K) Regression Prediction (K) Differences (K)
Avionics 1 353.4 355.4 1.9
Avionics 2 373.3 380.8 7.5
Avionics 3 389.4 385.5 3.9
Avionics 4 369.5 369.1 0.4
Avionics 5 384.8 384.1 0.7
Avionics 6 392.0 391.4 0.6
Avionics 7 391.9 391.5 0.3
Avionics 8 374.3 373.7 0.6
Avionics 9 389.6 390.0 0.4
Avionics 10 382.7 375.8 6.9
Avionics 11 368.4 364.7 3.7

6.2. Effect of Optimization on Power Consumption

The upper limit value of the mass flow rate was determined as 0.0%%isgd on the
fan and exhaust locations mentione@iHAPTER 3 After applying the optimization
process, this values reduced to 0.025kg/s. Therefore, the masoW rate that is

necessary for proper cooling of the avionics equipment is redydealf.

On the other hand, power savings achieved with the optimization process is even more

significant. The power consumed by a fan can be calculatéd) (§03):

Y0 (63)

where d is the efficiency of the fan} is the mass flow rate,is the density of the air,

and pPis the static pressure rise across the fan. From the CFD results, the static
pressure rise across the fan is calculated as 99.5 Pa for the case with 0.055 kg/s mass
flow rate, and 19.9 pafahe optimized case with 0.02k§/s The density is the same

for both fans since they both draw the outside air at 323.15 K. Since the efficiency

strongly depends on the technology level, it is assumed to be equal for both fans. As
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a result, it can be concluded that the fan with 0.055 kg/s mass flow rate consumes
arownd ten times more of the powaynsumed by the fan with 0.02k&/s. This shows
that the locations of the fan and exhaust might drastically change the amount of power

required for a proper system cooling.
6.3. Effect of Fan and Exhaust Location on Mass FloviRate

In Figure6.1 andFigure6.2 the variation othe required mass flow rate with the fan

and exhaust locations is shown.

m [kg/s]
0.05

0.045
0.04

0.035

0.025

Figure 6.1. Variationof Mass Flow Ratevith Exhaust Location

m [kg/s]
0.05

Exhaust

0.045
10.04

0.035

0.03

0.025

Figure 6.2. Variationof Mass Flow Rate ith Fan Location
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In Figure 6.1, the fan location is kept fixed at the point obtained by the genetic
algorithm and the exhaust location is varied across the skin. The prediction function
is used to determine the required syigw rate to cool the avionics equipment at each
exhaust locationnlFigure6.2, the exhaust location is kept fixed at the optimum point

and the locabn of the fan is altered. The white zones represent where the exhaust and
the fan locations coincide, hence there is no data available there. As it can be seen, the
mass flow rate strongly depends on the fan location. Considering the large gradients
in the contour plot, a small change in the fan location may cause a significant increase
in the mass flow rate. On the other hand, the required mass flow rate is much less
sensitive to the changes in the exhaust location.

Vectors and colored contours show tleoeity distribution at differenplanes inside

the bay inFigure6.3. The length of vectors are also proportional to the magnitude of
the velocity. Plaes on the left and right views are aligned with the axes of the fan and
the exhaust, respectively, whereas the plane at the bottom cuts through the avionics
bay horizontally at a location 450 mm above the floor. These planes can also be
observed irFigure6.3. In addition, flow around the fan and exhaust are displayed with

zoomed in figures, as the velocity magnitudes at these regions are higher.

In order to understand the reasons of strong dependency on the fan location and
weaker dependency on the exhaust location, the velocity field inside the bay is
investigatedVectors and colored contours show the velocity distribution at different
planes insidehte bayfor optimum fan and exhaust locatiang=igure6.3. The length

of vectors iroportional to the magnitude of the velocity. Planes on the ldftight

views are aligned with the axes of the fan and the exhaust, respectively, whereas the
plane at the bottom cuts through the avionics bay horizontally at a location 450 mm
above the floor. These planes can alsoliserved irFigure6.3. In addition theflow

around the faexhausis displayed witha blowup figure due tothe highervelocity

magnitude®bserved irthese regions.
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The air jet impinges on the solid equipment surfaces, resulting in a strong flow

recirculation and a velocity gradient in the flow doma&ipparently, this air jebccurs

at the exit of the fan in the direction normal to the skin surface, whereas the exhaust
draws air from all directions. This can be interpreted as the reason to the strong
dependency of the mass flow rate on the fan location. Since even a smg# alhan

the fan location has a significant effect on the flow field inside the bay, it also has a

significant effect on the average avionics surface temperafQreshe other hand,

since the exhaust draws air from all direction, the flow field inside tlreisbkess

sensitive to the exhaust location.

In Figure6.1, it can also be seen that as the exhaust location is moved towards the
forward of the bay, theequired mass flow rate increases. The equipment could not be
installed in the forward part of the nose avionics bay, since the-segsisn of the

bay narrows down. Locating the exhaust at the forward section of the bay would
increase the air speed vatuhere and reduces the air speed values at the aft part of the
bay, where the equipment is located. Additionally, a high mass flow rate region is
observed for the exhaust location at the rear left side of the skin. This is a location
close to the region kere the fan air jet impinges on the avionics equipment walls.
This causes the air supplied by the fan to be drawn by the exhaust directly. Therefore,
an effective air distribution inside the bay could not be achieved, requiring a higher
mass flow rate. Aoording to Figure6.2, the required mass flow rate increases as the
fan is moved towards the forward of the avionics bay, as well. The exhaust lacation
optimum case is already close to the forward section of the bay. Therefore, moving
the fan to this section nearby the exhaust would cause poor air distribution inside the

bay.

The details of the fan air jet are providedrigure6.4. The streamlined originating
from the fan are colored according to the velocity magnitddhe. jet is directed
towards the edge of avionics 1. As a result, the jet is elividto streams in different

directions. Some part of the jet is directed toward the zone below the rack, whereas
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the rest is distributed along the side of the rack. Therefore, a more effective air

distribution can be achieved inside the bay by dividirmgjéth into separatstreams.

CO===2NNNWWWARRIIGIOIO O
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Figure 6.4. Detailsof Fan Air Jet

The effect of this split of the jet streams can also be seen in the temperature contours
of Figure6.5. In the top figure, the temperature distribution on a vertical plane across
the bay is shown. The bottom figure shows the temperature distribution on a horizontal
cut that is parallel to the rackhe upper limit of the color legend is set to 353.0 K to
cgpture temperature gradients in more detail. Air temperature will be higher inside the
thermal boundary layer around avionics, since the avionics average surface
temperatures are higher than this value as givéalahe6.1. The air jet can be tracked

by the low air temperature values. As the air jet impinges on the walls of the avionics

equipment, the temperature values increase due to the stagnatieriloivth
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Additionally, it is observed that the required mass flow rate increases as the fan is
moved towards the aft of the skinkigure6.2. Since thee is no room left here for

the fan air jet to split into streams, it only impinges on the upper surface of the rack.
This results in a poor air distribution around the equipment installed on the floor of
the nose avionics bay. On the other hand, as this fmoved towards the sides of the

aft section, the required mass flow rate decreases, since the jet impinging on the sides
is distributedmore effectively across the hapcluding the zone underneath of the

rack.

353.0
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350.0
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344.0
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341.0
339.5
338.0
336.5
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333.5
332.0
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326.0
3245

(k ]323.0

Figure 6.5. Fan Jet Temperature Contours
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The mass flow rate distributions showrfFigure6.1 andFigure6.2 are arithmetically
averaged in the y direction and are plotted as a function of x lodatieigure 6.6.

The averaging is performed at four hundred x lacetito form the curves iRigure

6.6. The blue curve is thaverage of the contour Figure6.1 where the fan is kept

fixed at the optimum location, and the red curve isatrerage of the contour Figure

6.2 where the exhaust is kept fixed at the optimum locatios. also obvious from
Figure 6.6 that the changes in the exhaust location cause a lessened effect on the
required mass flow rate. According to the red curve, the mass flow rate is reduced as
the fan moves towards the sides of the skin, but tisstacreasing as the fan is moved
further near the sides. In addition, the middle part of the skin also seems to be a
location to be able to keep the required mass flow rate at a relatively low level. This

is consistent with what is observedHrigure6.2.
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0.05 ——Fan fixed
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Figure 6.6. Variationof Averaged Mass Flow Rate

In order to investigate further the optimum case flow with thermal fields inside the

bay, several contours are generated and showigune6.7. The comours are created
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on planes that are parallel and offset to the floor of the bay. The amount of the offset
is also shown above each contour. The temperature distribution at each plane is shown
by including inplane velocity vectors that are also shown vithck arrows. The

lengths of the arrows are proportional to the velocity magnitudes.

As mentioned above; a portion of the fan jet gets under the rack after its impingement.
The behavior of this branch can be especially seen in plane offset 200 mm. It is

observed that this branch flows towards the frame of the bay after it gets under the
rack. The effects of this branch can also be traced in planes with offset 50 mm, offset
100 mm and offset 150 mm, with local high velocity and low temperature regions. As

the planes get closer to the floor, the effects of this branch weaken. The planes offset
between 250 mm and 400 mm show the avionics located on the rack. In 250 mm and
300 mm offset planes, the impingement of the jet could be also clearly observed. The
fan jet branches seem to have no impact in 350 mm and 400 mm offset planes. Aside
from the fan jet branches, the velocity magnitudes are small inside the bay. The plane
offset 350 mm from the floor is located just above some of the avionics equipment.

Therebre, hot plume created by the upper surface of these equipment could be seen
in this plane. In general, the forward section of the bay is hotter. This is due to the fact

that the exhaust is located closer to the forward section of the bay.
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Figure6.7. Optimum Case Flownd Thermal Field Contours
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6.4.Effect of Fan and ExhaustLocations on Avionics Surface Nusselt Numbers

In order to evaluate the effectthiefan and exhaust locations treavionics surface
Nusseltnumbers, the design points are investigaidte design points with the fan
mass flow rate values closest to tvee for the optimum case are determined and the
avionics surface Nusselt numbers are compared for these Easefsn and exhaust

locationconfigurations are shown Figure6.8.
The Nusselt numbers for avionics equipment are calculated Eqi(&G)).

N N
U O 5 v, v ';'Q ( )

where, QconvectioniS the convective heat transfer from the avionics equipndents
the diameter of the famavionicsiS the surface area of the avionics equipme&gtsnics
is the average surface temperature of the aviohigsjs the temperature of air at the

exit of the fan, andtis the thermal conductivity of air.

Case A (0.0256 kg/s) Case B (0.0258 kg/s)

Case C (0.0255 kg/s) Case O (Optimum-0.0255 kg/s)

Figure 6.8. CasedVith Mass Flow Rate Close ToOptimum Value
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In Figure 6.9, avionics average surface Nusselt numbers are shown for each case in
Figure6.8. By comparing the equipment locatiorad the Nusselt numbershigure

6.9, it can be concluded that when the fan is located close to the avionics equipment,
the Nusselt number of those equipment increase significantly. However, locating the
exhaust close to the equipment does not cause a significant increase in the Nusselt
numbers. Excluding those equipment close to the fan locations, the average Nusselt

numberis found around 15.

In Figure6.10, the average surface temperatures of the avionics equipment are shown
with their corresponding temperature limiior case A, case B and case Gme
equipment is observed to exceed their temperature limits. The reason why there is not
sufficient cooling for those cases is that the rack does not allow proper flow circulation
around the equipment and/or the exhausidated close to a region where the fan air
jetimpinges, hence causing the air supplied by the fan to directly be exhausted without
effectively flowing around the bay. Therefotige equipment located far from the

region of jet impingement may not be cooédtectively.
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Figure 6.9. Avionics Nusselt Numberfor Mass Flow Rates Closgo OptimumValue
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Figure 6.10. Avionics Average Surface Temperatures Witlass Flow Rate Closest to Optimum
Value

It is observed that even for the optimum cabe temperature limits are slightly
exceeded (by 2K on average) for some of the equipment. This is because the
optimization is performed with the prediction functioand the CFD for the
corresponding parameters gives slightly different results as was earlier showhewith
comparisons given ifiable6.1. Overall, Cae O (optimum) provides the best cooling

for all equipment in the avionics bay.

6.5. Effect of Turbulence Model

The effect of the turbulence model selection on the CFD results is evaluated in this
section. The analysis results obtained with four different tarime models are used

for comparison. Variation of t@werconsumptionthe turbulence intensity, timen
dimensionalized velocity and temperature fieldad theavionics surfaceNussel
numbers are investigated addition,extra attention is paid the fan jet to assess the

effect of the turbulence model.

114



6.5.1.Power Consumption

The power consumed lilgefanis calculated by63). The selecte turbulence model
has an effect on th@ressure rise parameter(68). Other parameters atlee same for
all four solutionsThe pressure rise magnitudgsained wih four different turbulence

models are given ifable6.2.

Table6.2. Pressure Rise Magnitudes for Tutbnce Models

Realizable
Turbulence Model Standard kJ RNGk-U RNGk-U  SSTkxy
Pressure Rise (Pa 19.3 19.8 19.9 19.9

It is known thatthe power consumption is linearly proportionalttee pressure rise.
According to the selected turbulence model, uB%o variation can be observéu

power consumptian
6.5.2.Turbulence Intensity

In Figure 6.11, turbulene intensity (T.l.) contours obtained with four turbulence
models are shown. The effect of the turbulence model is evaluated at three different
cross sectionsThe first and second@ss sections are normal to the fan and exhaust
respectively. The third crossection is parallel to the floor of the nose avionics bay
with a450 mm offsetowards upper direction. The locations of the cross sections are

also show irFFigure6.11 on top of the contours.

The results of all models show similar patterns. High turbulence intensity is observed
at the boundary of the fan jet, under the rack and around the exhaust. Also, high
velocity gradients are observed in the fan jet region and around the exhaust due to
higher velocity magnitudes. As a result, higher turbulence intensity values are

observed in these regions. The region under the rack is another location with high

turbulence intensities. A branch of the fan jet gets under the rack after the initial
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impingemen of the fan jet on the avionics. This branch causes a recirculating flow
and high turbulence intensities in this region. Additionally, when the turbulence
intensity contours at the third cross section is observed, it is seen that another branch
of the fanjet flows towards the rear part of the bay after impingement. High turbulence
intensity values could be observed along this branch as well. In terms of magnitudes,
higher values are obtained for the Standatéimodelcompared to the other models,
especilly in the region around the exhaust. Apart from the exhaust, the Stdatlard
model and Realizabl&-U modelyield closer turbulence intensity values, whereas

smaller values are obtained with the other imadesk.
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Figure 6.11 Turbulencentensity DistributionaVith Turbulence Modela) Sandard kU , b)
RNG kU c) Realizable kU, d)-¥x SST Kk
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6.5.3.Velocity Field

The \elocity field is nondimensionalized (V*) with the aremveraged velocity
magnitudeat the farinlet, which is 5.16 m/s. The three cross sections mentioned above
are also used to generate ttrdimensionalizedrelocity contours shown iRigure

6.12.
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Figure 6.12. Non-dimensionaVelocity DistributionsWith Turbulence Modela) Sandard kU , b)
RNG kU c) Realizable k0, d)-¥x SST Kk

It is observed that the contours are much similaatth other in terms of both patterns

and magnitudes compared to the turbulent intensity. High velocity values are observed
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in the fan jet region and around the exhaust. Additionally, the separation of the fan jet
into different branches is observed throulé investigation of the contours that are
normal to the fan and parallel to the floor. As mentioned above, a branch of the fan jet
gets under the rack after the impingement. The flow pattern of this branch could also
be observed in contours for the ficgbss section. The difference is that the branch
diffuses faster for the results obtained by the Standard and Realiz&hlebulence

models compared to the other two models.
6.5.4.Thermal Field

Next, the temperature distributions and heatgfer in the aanics bay are compared
Thecontousare givenintermsofnedi mensi onal temperatures,
values are normalized with the air temperature at the fan inlet, which is 323[hg K.
contoursare shown irFigure 6.13. Similar to the results aboviye contours ofthe

Standard and Realizablekk t ur b ul eesembleadother] s

A hot zone is observed between the two avionics locatedeoratk in the contours

for the second cross section. This zone occurs due to the effect of another avionics
located on the rack, as is observable in the contours for the first cross section. The
temperature values around this equipment are higher foRM@ kU t ur bul ence
model and especially for the SSTxkturbulence model. It is also observed that the
temperature values at the front section of the nose avionics bay is higher for the RNG

kU and-¥S$Trlbul ence modelys.t uSobmotébgridsy, t he
the highest temperature magnitudes around this region. On the other hand, the region
under the rack is predicted to be cooler by the RN kand -¥xSSTurkul ence
models. It could be concluded that these two models yield higher tempefaties

for the region above the rack, whereas the Standard and Realizébletkur bul enc e
models yield higher temperature values below the rHois.ismost likelydue to the

differences observed iRigure6.12 as the branch of the fan jet gets under the rack

after impingement.
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Figure 6.13. Non-Dimensional Temperature Distributions With Turbulence Mode&ta)dard kU ,
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In addition to the temperature field inside the bay, the effect of the turbulence model
on the average avionics surface tempeestig investigated. InFigure 6.14, the
average avionics surface temperatures are shown for four turbulence models. Results
for the Sandard andRealizable k) t ur b u | earewery close tbedcls other.
TheRNG kU t ur b ul geldslevemaechgelsurface temperatures for most of
the equipment. The temperature valulevger by up to an amount of 3.2 Klthough

the oscillations were obserd in the time history of its predictions, still the overall
trend forthe SST® t u r bmodelasithatéhe average surface temperature values
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are generally predicted lower compared to the other mo&els.result, the t&ndard

or Realizable kUTurbulence models produces slightly more conservative results.

M Standard k- ORNG k-&

M Realizable k-e W SST k-w
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Figure 6.14. Avionics EquipmehAverage Surface Temperatures All Turbulence Models

The local Nusselt number contours on the ae®surfaces are shownkigure6.15.
The local Nusselt number cslculatel by equationEq.(65).
Q
= 6
Y'Y Q 69

Here, N is the convective heat fluX) is the diameter of the fahyis the
local temperaturealculated by CFD'Y s air temperature e fan inlet, andQ

is the thermal conductivity of air.

Higher Nusselt numbserare observed at locations where the fan jet impinges. There

are not significant differences between the results.
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Figure 6.15. Nusselt Number Distribution@/ith Turbulence Modela) Sandard kU, b ) -URNG k
Realizable k0, d)-¥ SST k

The average Nusselt numbers along the surfaces of the avionic are also compared. The

average Nusselt number is calculatedEoy(66).

O ¢ Qv 66
o) —
A~ (66)
where, 0 is the convective heat transfer from the surface of the avionics
and”Y is theavionics average surfatemperaturealculated by CFD.
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Figure 6.16. Avionics Equipment Average Nuss&lumbers 6r All Turbulence Models

As expectedthe Standard andRealizable kUturbulence models results are similar.

The arerage Nusselt numbers ftie RNGk-U t ur b u |l ame bigher.nThigd e |

behavior is also observed Figure 6.14. The biggest differences in the Nusselt
numberareobserved for Avionics 46, 8 and WiththeRNG kU t ur bul ence model
These equipment are all located around the fan impingement region. Although the

predictions for these avionics with the SS¥ kurbulence model resemble those of

the RNGKU t ur bul ence motttandferiprdicedor Aviomcher he a

2, 7and 1Qviththe SSTky t ur bul ence model

6.5.5.Fan Jet Flow Dynamics

In this sectionan extra attention is paid to the fan jet region. A representative shape
of the fan jet is created for each turbulence model dryerating streamlines that
originate from ten different points located at the edge of the fan inlet suffaeget

shape obtained with the Realizaki®) t ur b u | & showen asrem éxarhple in

red color inFigure 6.17. The turbulence intensity, nafimensionalvelocity and
temperature contours are obtained at different cross sections along the jet in the

following figures.
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Figure 6.17. Fan &tDomain Lhderlnvestigation

The turbulence inteiity contours are given iRigure6.18. Contours are generated at
three locations along the j@turbulence intensity is found to be lower at the center of
the jet.Although the velocity magnitudes are higher at the center, the gradients are
smaller compared to the outer region of the Jétis is due to fact that the high
momentumair at the outer section of the jebhcounters with the loommomentum air
inside the bayThis causes higher velocity gradients and higher temperature intensity
at this section. The turbulence intensity values do nan@# significantly along the

jet. However, the lowturbulenceintensity zone at the cemt of the jet gradually
shrinks aghe effect of viscous forces on the jet increasethénflow direction.In

terms of magnitudes, higher turbulence intensity valteslatained with the Standard

k-U t ur b odeleompaeed tmthe otheerrbulence models.

The nondimensional velocity contours andn-dimensional temperature contoars
shownin Figure 6.19 and Figure 6.20. The velocity magnitudes arsimilar for all
solutions.The velocity magnitudedecreases the flow directiondue tothe effect of
the viscous forceOn the other handhe temperature does not change significantly

in the flow direction until the impingement.
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