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Abstract
To create a healthy and comfortable aircraft cabin, air-supply parameters of the cabin ventilation
system must be designed appropriately. Several methods, such as the computational fluid
dynamics (CFD)-based genetic algorithm, CFD-based adjoint method and CFD-based proper
orthogonal decomposition (POD), have been developed in recent years for conducting an
inverse design. The target environmental performance is specified first, and then the
corresponding air-supply parameters are inversely solved with the use of a particular method.
However, each method has its pros and cons in terms of efficiency and accuracy. To expedite
the inverse design process, this study proposed to integrate the above three methods. The
genetic algorithm was adopted first to circumscribe ranges of the air-supply parameters. Next,
POD was applied to further narrow the ranges and estimate the optimal air-supply parameters
for each design criterion. Finally, the estimated optimal design from POD was supplied to the
adjoint method for fine tuning. The above strategy was applied to a five-row aircraft cabin to
determine the air-supply opening sizes, directions and temperatures. Criteria that had been
proposed specifically for aircraft cabins were used as design targets. Results show that the
proposed integration was able to provide the optimal design for each design target. The
integrated optimal design was superior to the design provided by each individual method. The
bottleneck in further acceleration of the integrated design was the hundreds of design cases
resolved by full CFD simulation, while the POD operation was quite efficient.
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coefficient vector of the POD mode
element of the coefficient vector c
velocity components, temperature, or mean age of air, etc., at all grid points that
constitute a vector
reconstructed vector of velocity components, temperature, or mean age of air, etc.,
at all grid points
number of required POD modes
augmented objective function in the adjoint method
N-S equations in vector form
number of vectors in a data ensemble
objective function in the adjoint method
air pressure
adjoint pressure
averaged autocorrelation matrix of velocity components, temperature, mean age of
air, etc.
element in matrix s
air temperature
adjoint air temperature
air velocity
adjoint air velocity

Greek variable
defined scalar in the adjoint method
 =
adjoint scalar
a =
POD mode, or orthogonal basis, or spatial mode
φ =
=
eigenvalue
of matrix s
L
current step size for adjusting design variables in the adjoint method
m =
solution domain
 =
design variable in the adjoint method
 =

Superscript
i, j =
index of a vector in a data ensemble
k
=
index of a POD mode
Subscript
i, j =
index of an eigenvector
=
index of coefficient of a POD mode
k
index of a design cycle
m =
1. Introduction
Thermal comfort and air quality on commercial flights are highly dependent on the performance
of the cabin ventilation system. Cabin ventilation design requires that air-supply parameters,
such as air-supply opening sizes, directions and temperatures, are appropriately determined. An
effective way to determine the air-supply parameters is to start with the expected target cabin
environmental performance and then search for the required ventilation design. This approach
forms the framework of inverse modeling, i.e., finding the causal factors from expected
consequences.
Recently, several inverse methods have been applied to the design of enclosed environments,

such as the CFD-based genetic algorithm, CFD-based adjoint method, and CFD-based proper
orthogonal decomposition (POD). The CFD-based genetic algorithm sets an initial ensemble of
design cases, and a rule such as “survival of the fittest” in natural evolution is imitated in order
to find the best design. Through the tuning of design parameters in the evolution process, the
design that produces the target performance is determined. The genetic algorithm was proposed
in the 1970s for preliminary applications in biology, control, and artificial intelligence [1], and
since then many researchers have sought to improve the algorithm [2-3] or carrying out multiobjective optimization [4]. The method was utilized for shape design [5-6], molecular-geometry
optimization [7-8], and pollutant source identification [9-10], etc. A decade and a half ago,
Malkawi et al. [11] conducted indoor environmental design with the CFD-based genetic
algorithm. The design variables included air-supply temperature [12-14], velocity [12-14], and
room configuration [15]. The design targets were predicted mean vote (PMV) [12-15],
percentage dissatisfied of draft (PD) [13], mean age of air [13], CO2-based ventilation
effectiveness [14], cooling load [15], etc. The genetic algorithm may converge to a global
optimum if a sufficient number of solutions are executed [16], which results in low design
efficiency.
The CFD-based adjoint method also carries out the design process by means of optimization.
The method computes the derivative of the design objective with respect to design variables, in
order to obtain directions for subsequent optimization [17]. A locally optimal solution can be
found after a number of adjustments. The adjoint method was adopted on optimization of the
air duct segment [18] and aircraft configurations [19-22], and fluid flow simulations [23-24].
The method was also used to identify pollutant source locations [25-26]. Liu and Chen [27]
employed the CFD-based adjoint method to determine the air-supply velocity and temperature
in a two-dimensional cavity that matched the target velocities and temperatures along two poles.
The method has been further extended to the design of air-supply parameters for a threedimensional office [28] and an aircraft cabin [29]. A favourable feature of the adjoint method
is that the computing load does not increase with the number of design variables. However, the
method is very sensitive to the initial design parameters provided for optimization. Only a
locally optimal design can be obtained.
In contrast with the above optimization strategies, the CFD-based POD method applies model
reduction to establish mapping of indoor environmental performance over various design
parameters. Both the parametric ranges and the solution that best satisfies the design targets can
be obtained. The POD method was originally proposed to analyze turbulent flows [30]. Later,
a snapshot method [31] was developed to reduce the computing load when constructing the
POD modes. The POD modes contain the basic features and trends of the thermo-flow fields
and thus are key to the POD operation. Conventional applications of POD in fluid flows include
prediction of cavity-driven flows [32, 33] and flows past a square cylinder [34]. Later Zahr et
al. used POD to construct the reduced-order models for optimization [35-36]. For enclosed
environment, Elhadidi and Khalifa [37] used POD to predict the velocity and temperature
distributions inside an office. Wei et al. [38] applied POD to the rapid design of air-supply
opening sizes in an aircraft cabin. Multiple air-supply parameters, including air-supply opening
size, air-supply direction and temperature, have also been determined by POD [39]. Because of
model reduction, the solution efficiency of the method is attractive. However, its accuracy
cannot compete with the CFD-based genetic algorithm and adjoint methods that employ full
CFD as the solution engine.
To improve design efficiency, some researchers have started to integrate two of the above
methods. For example, Chen et al. [39] used the genetic algorithm for a rough design and the

adjoint method for fine tuning. However, their integration was dedicated to finding an
appropriate time to start the adjoint method in order to reduce the computing load. Meanwhile,
Li et al. [40] integrated POD and the genetic algorithm to improve the comfort level in an office.
They utilized POD to construct a number of discrete cases and the genetic algorithm to search
for an optimal set of design variables.
The above review reveals that the accuracy and efficiency of the current inverse design are still
unsatisfactory. A method that can expedite the solution without impairing accuracy is needed.
Pioneering work to integrate two methods has already demonstrated the potential superiority of
this approach. The present study proposed to integrate the CFD-based genetic algorithm, adjoint
method, and POD. As described in the following sections, the genetic algorithm was adopted
first to circumscribe ranges of the air-supply parameters. Next, POD was used to further narrow
the ranges and estimate the optimal air-supply parameters for each design target. The optimal
design from POD was then supplied to the adjoint method for improvement of accuracy. The
above strategy was utilized to determine the optimal air-supply parameters for an aircraft cabin.
The pros and cons of each method and the justification for method integration are also discussed.
2. Methodologies
The integrated design included three cascaded stages: an initial design with the CFD-based
genetic algorithm, a basic design with the CFD-based POD method, and a fine design with the
CFD-based adjoint method. The principles of each step are outlined below, followed by a
procedure for method integration.
2.1 Initial design
Fig. 1 presents schematics of the initial design with the genetic algorithm. The genetic algorithm
starts with a number of randomly scattered cases with different values in one (or multiple)
design variable(s) within the known prescribed range(s), as shown by the black dots in Fig. 1(a).
Each case corresponds to a resulting value in the thermal comfort or air quality performance.
The objective of the initial design is to circumscribe range(s) for an optimal solution. The
environmental performance is solved by full CFD simulations for each of the scattered cases.
Superior cases with performance closer to the target (as illustrated by the horizontal dashed line)
are then selected from the current generation for “crossing” or “mutation” with one another to
form a new generation by means of the genetic algorithm. As a result, the new generation might
approach the design target, as illustrated by the dark blue dots in Fig. 1(b). The process is cycled
until either a maximum number of generations have been produced or the design targets have
been satisfied. At this point, the optimization is terminated, and the circumscribed range is
outputted, as indicated by the light blue vertical lines in Fig. 1(c). Further details of the genetic
algorithm can be found in [39].
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Fig. 1. Illustration of the CFD-based genetic algorithm in the initial design stage, where the
ranges of design variables were circumscribed: (a) random cases in the initial generation; (b)
cases generated in the second generation; (c) cases generated in the final generation
The genetic algorithm typically requires a large number of generations to find the globally
optimal solution. The computing cost dramatically increases with the number of design
variables. However, the computing burden can be greatly reduced if only using the method to
circumscribe the ranges of the design variables that include the optimal design. In other words,
the genetic algorithm simply eliminates those designs that are too far away from the target
environmental performance and circumscribes the parametric ranges for further optimization
by the POD and adjoint methods. Consequently, some designs in the circumscribed ranges may
not completely satisfy the design targets, as shown in Fig. 1(c), and must be removed in the
subsequent design stages.
2.2 Basic design
Fig. 2 illustrates the basic design process using the POD method, with the range circumscribed
by the genetic algorithm as the input. The method requires thermo-flow data for representative
design cases in the parametric ranges, as indicated by the blue dots in the figure. Here, the
thermo-flow data were resolved by full CFD simulations. Next, proper orthogonal
decomposition was carried out on the thermo-flow fields f of the cases, to extract the POD
modes that capture more information about f than any other basis.
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Fig. 2. Illustration of the CFD-based POD method in the basic design stage, where the ranges
of the air-supply parameters were narrowed and the case with a minimum value in the objective
function was identified

The POD modes were calculated as:
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where Nv is the number of representative cases, the superscript j represents the jth f in the data
ensemble, aj is a coefficient, and the subscript j is the index of the element in the vector a.
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where (·,·) represents the inner product operation, L and a are the eigenvalue and eigenvector
1 i j
of the matrix s, respectively, and the element of matrix s is defined as sij 
 f , f  . The
Nv
POD modes can be obtained by solving the vector a in Eq. (2). The coefficients of the
corresponding POD modes can be solved as:

ck  (f , φ k ) ,

(3)

where superscript k represents the kth POD mode, and subscript k represents the kth element of
the vector c.
Suppose that the POD modes are fixed in a certain parametric range of a design variable. To
determine the coefficients of other air-supply parameters that are not included in the original
data ensembles in order to extract POD modes, an interpolation to the coefficients, such as the
piecewise cubic Hermite scheme, can be used. The thermo-flow can then be constructed as:
K

f R   ck φ k ,

(4)

k 1

where f R is the reconstructed field vector, and K is the number of POD modes required for
reconstruction, which can be determined by setting a threshold ratio for the captured energy (a
sum of the existing eigenvalues) over the total energy (unit 1.0).
In this study, only linear operations were involved in extracting the POD modes and
reconstructing new cases in the circumscribed ranges of design variables. The solution became
quite efficient once the thermo-flow data from full CFD simulation were available. The cabin
environmental performance versus a design variable could then be obtained, as shown by the
dashed blue line in Fig. 2. If the scattered cases were sufficiently representative, the
performance curve from the POD construction could be very close to that from full CFDsimulated cases. Further information about judging the sufficiency of the scattered cases for the
POD analysis can be found in [38]. Finally, the ranges of air-supply parameters that satisfied
the design target could be obtained. The design corresponding to the minimum objective
function was also found, as shown by the orange dot in Fig. 2. However, because of model

reduction, the solutions provided by POD might not be sufficiently accurate, and thus the
adjoint method was required for fine tuning.
2.3 Fine design
Fig. 3 illustrates the fine design process using the adjoint method, with the optimal case
provided by POD as the input. The adjoint method first solves the Navier-Stokes equations to
obtain the current values of the objective function O as dependent variables of design
parameters i.e., air-supply parameters. To search the direction for gradually minimizing the
objective function, the derivative of O over  is solved. The adjoint method introduces a
Lagrange multiplier (pa, Ua, Ta, a), with pa as adjoint pressure, Ua as adjoint velocity, Ta as
adjoint temperature, and a as adjoint scalar, which constitute an unconstrained equation as
follows:

L( )  O( )   ( pa , U a , Ta , a )  Nd  ,

(5)



where L is the augmented objective function with respect to p(), U(), T(), and ();  is the
solution domain; and N is a vector that represents the N-S equations. When N = 0, L is equal to
O in Eq. (5). Therefore, finding that minimizes O becomes findingthat minimizes L, which
can be written as:
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dL
, the adjoint method sets the last four terms on the right-hand side of
d
Eq. (6) to zero, which yields:

In order to determine
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Eq. (7) can be used to derive the final forms of the adjoint equations. Next, the adjoint variables
dL
pa, Ua, Ta, a are solved and substituted into Eq. (5) for the derivative
. To approach the
d
optimal design, the design variables can be gradually adjusted according to the steepest descent
algorithm [41] as:

 m +1   m  m

dL
,
d m

(8)

where m is the current step size, m is the current value of the design variable, and m+1 is the
value of the tuned design. Fig. 3 shows the update to the design variable and the objective
function in the second cycle, as illustrated by the grey dot. The procedure is repeated until the
optimal case is found, as indicated by the red dot in Fig. 3. Because both the Navier-Stokes (NS) equations and the adjoint equations have to be solved, the computing load in each design
cycle is double that of a full CFD simulation. Further details of the adjoint equations can be

found in Othmer et al. [42] and Chen et al. [39].
Because the adjoint method employed full CFD simulation in our study, there was no error from
model reduction as with the POD method. However, it was possible for the solution to be a
locally optimal one, subject to the initial design variable values that were inputted to the adjoint
equations. If the initial values of design variables that were close to the optimal solutions were
provided to the adjoint method by the POD method, the optimal solutions can quickly be
obtained by the method.
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Fig. 3. Illustration of the use of the CFD-based adjoint method in the fine design stage to reach
an optimal case with a minimum value in the objective function
2.4 Procedure for integrating three methods
Fig. 4 illustrates the procedure for integrating the three methods. To start design process, the
design targets and the design variables for optimization were set, and the parametric ranges of
the variables were defined. In the initial design stage, a generation within the given initial
parametric ranges was created. Next, CFD was used to compute the value of the objective
function in each case, and the genetic operations were applied to create the next generation until
acceptable ranges, narrower than the initial ones, were circumscribed. Ranges of design
variables that clearly excluded optimal solutions were removed after multiple generations of
evolution. In the second stage, POD-based basic design was conducted. Representative cases
were selected within the circumscribed ranges provided by the genetic algorithm. POD was
then applied to the thermo-flow data from full CFD simulations to extract the POD modes, in
order to provide maps of cabin environmental performance with respect to each design variable.
The ranges of design variables that satisfied all the design targets were identified. In addition,
the optimal design in terms of each design target was identified. Finally, the adjoint-based fine
design was carried out. With the optimal design estimated by POD, full CFD simulations were
repeated to calculate the cabin environmental performance, and then the adjoint equations were
resolved for subsequent optimization until the acceptable optimal design was obtained. Finally,
the optimal design produced by the method integration was outputted.
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Fig. 4. Solution procedure for integration of three methods
In this investigation, the genetic algorithm was performed on a coupled computational platform
based on the GenOpt and Fluent software. The POD-based design was implemented in a selfdeveloped program in MATLAB, with the CFD data provided by FLUENT software. The
adjoint-based design was conducted in an open-source CFD program (OpenFOAM).
3. Demonstration case

To evaluate the integrated methods, the air-supply opening size, air-supply direction and
temperature were designed for a five-row aircraft cabin, as shown in Fig. 5(a). To reduce the
computational load, only half of a five-row cabin was modelled with symmetric boundary
conditions for the middle sectional plane. Such simplifications would have little effect on the
flow pattern when boundary conditions and geometric models are symmetric on both sides.
However, factors, such as the asymmetrical air supply and staff activities, which may cause the
asymmetrical flows in the cabin, were not considered. A slot inlet on the side wall supplied
conditioned air to the cabin, as shown in Fig. 5 bounded by two parallel black lines, and the
internal air was exhausted through an outlet (shown in purple) near the floor. The seated
passengers (in yellow) were assumed to have a skin surface temperature of 30.3 oC, while the
seats (in blue) were assumed to be adiabatic. The cabin walls are shown in grey, with the
boundary conditions set as: the temperature of the side ceiling just above the occupants was set
to 21 oC, the floor surface was at 23 oC, the central ceiling and remaining cabin walls were at
22 oC, while the front and rear boundaries of the cabin section were assumed to be adiabatic. In
addition, the air-supply flow rate for the aircraft cabin in this study was set as 9.4 L/s per person,
according to the recommendation provided by the ASHRAE Standard 161-2013 [43], so the
air-supply speeds may vary with the specific inlet opening sizes.
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Fig. 5. Inverse design of air-supply parameters in a five-row aircraft cabin: (a) overview of the
cabin and the surrounding surfaces at a distance of 0.1 m from the bodies of the passengers for
evaluation of thermal comfort; (b) head and ankle zones for evaluation of thermal comfort or
air quality
To determine the air-supply parameters that provided acceptable thermal comfort and cabin air
quality performance, the design targets were set as follows: averaged air speed, less than 0.2
m/s in the head regions and less than 0.35 m/s in the ankle regions; area-averaged absolute value
of the cabin predicted mean vote (|PMVc|ave) in the surrounding surfaces at a distance of 0.1 m
from the human body, less than 0.3; and area-averaged mean age of air in the head regions, less
than 120 seconds. The evaluated zones are also shown in Fig. 5. The semitransparent zones
around the passengers in Fig. 5(a) are the regions where |PMVc|ave were evaluated, while the
upper and bottom semitransparent zones shown in Fig. 5(b) are the head and ankle zones where
the averaged air speeds were evaluated. The averaged mean age of air was only evaluated in
the head zone. Among the above design targets, the PMVc [44] represents the PMV for cabin,
which was defined as:

PMVc (summer)=  0.0758PMV 2 +0.6757PMV  0.1262 ,

(9)

where the conventional PMV can be calculated according to [45]. Note that on cruising flights,
passengers were exposed to a reduced air pressure, which would have an effect on the human
metabolic, convection and evaporation heat transfer rates, etc. Cui et al. [44] proposed a
correction on the convectional PMV for thermal comfort on aircraft cabins. This study aimed
to find the optimal design with the |PMVc|ave approaching zero. Here, |PMVc|ave designated the
average of the absolute PMVc. The absolute operation was conducted first to calculate the
deviation from the neutral PMVc for each passenger, followed by the average operation for all
of the passengers.
The initial parametric ranges shown in Table 1 were used as the input for the integrated design.
The air-supply direction was defined with respect to the horizontal, where a downward direction
was positive and an upward direction was negative. The parametric ranges were set according
to the practical experience. Randomly scattered cases with air-supply parameters in these ranges
were provided to the genetic algorithm to start the initial design.
Table 1. Defined parametric ranges inputted to the integrated design
Variable
Ranges
Air-supply opening size
1.0 cm – 3.0 cm
Air-supply direction
-45.0o – 45.0o
Air-supply temperature
16.0 oC – 26.0 oC
Thermo-flows and mean age of air in the aircraft cabin were resolved by full CFD simulations.
Approximately 2.5 million combined tetrahedral and hexahedral grid cells were created in the
domain with GAMBIT. In the initial and fine design stages, the randomly changing air-supply
opening sizes during optimization may lead to slightly different grid cell numbers near the airsupply inlet. The number of grid cells in the POD-based design was fixed at 2,648,631, and the
grid-independence of the cell sizes was verified, as shown in Appendix A. Fig. 6(a) depicts the
grid cells in a cross section of the aircraft cabin. The grid was further refined in the regions that
were in close proximity to the air-supply inlet, as shown in Fig. 6(b).
The air-supply opening sizes of the solved cases ranged from 1.0 cm to 3.0 cm. Due to the fixed
air-supply rate of 9.4 L/s per person, the air-supply speeds at the openings varied. The renormalization group (RNG) k- model along with the standard wall function was used to
approximate the turbulent combined convection flows. For resolving buoyancy force, the
Boussinesq approximation was adopted to model the variation in density with temperature in
the momentum equations. In addition, the pressure staggering option (PRESTO) scheme was
employed for discretizing the pressure term. The remaining variables were discretized with
upwind schemes. Next, the pressure and velocity were coupled by the SIMPLE algorithm for
numerical solution. Convergence was judged satisfactory when the relative residual was
acceptable, the unbalanced mass flow rate was less than 10-6, and the unbalanced total heat
transfer rate was less than 1% of the total heat gain rate. In addition, the solved variables should
virtually not change with successive numerical iterations at several monitored points. In this
investigation, the differences in velocities in the last 300 numerical iterations were less than
0.01 m/s, and the temperature differences were less than 0.1 oC.

Air-supply inlet

(a)

(b)

Fig. 6. Grid cells in a numerical solution case: (a) in a section across the passengers in the third
row; (b) refined grid near the air-supply inlet
Table 2. Parameter settings in the genetic algorithm-based optimization
Parameter
Value
Maximum number of generations
100
Crossover probability
0.8
Mutation probability
0.1
Number of elites produced
4
During the initial design stage with the genetic algorithm, the major parameters in the GenOpt
software were set as shown in Table 2. To ensure that the optimal solution would not be omitted,
a coefficient of 1.1 was multiplied to the design targets, to enlarge the circumscribed parametric
ranges. Air-supply parameters that cannot satisfy the design targets in the circumscribed ranges
would be removed and thus were disregarded in the subsequent design stages in the integrated
strategy.
4. Results
4.1 Typical thermo-flows in aircraft cabin
Fig. 7(a) and (b) show the air velocity vectors and temperature distributions in a section across
the passengers in the third row, respectively, for a specific case with 3.0 cm as the air-supply
opening size, 20.0o as the air-supply direction, and 26.0 oC as the air-supply temperature. Due
to limited space, the thermo-flow for the remaining cases cannot be presented. The air from the
supply inlet flowed downward and then upward because of the thermal plume from the
passengers, as shown in Fig. 7(a). Buoyancy flows between passengers can be clearly seen. The
cabin air below the seats was directed towards the air exhaust. Fig. 7(b) shows that the air
temperatures near the human bodies were slightly higher because of the metabolic heat release.
Fig. 7(c) depicts the PMVc distribution surrounding the passengers. Although the boundary
conditions were identical for all rows, there were slight differences in the solved mean age of
air among the rows. These differences arose from the flow turbulence and instability inside the
aircraft cabin. The distribution of mean age of air in the head zones is shown in Fig. 7(d). Again,
the differences among rows and among the three passengers in the same row can be seen.
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Fig. 7. Thermo-flow and environmental performance for a case with an opening size of 3.0 cm,
an air-supply direction of 20.0o, and an air-supply temperature of 26.0 oC: (a) air velocity
vectors in one section across the passengers in the third row; (b) air temperatures in the same
section; (c) PMVc on the surrounding regions at a distance of 0.1 m from the passengers; (d)
mean age of air in the head zones
4.2 Genetic algorithm-based initial design
The CFD-based genetic algorithm started the initial design from eight random cases within the
parametric ranges shown in Table 1. These cases formed the first generation of the design
toward the circumscribed parametric ranges. In the initial design stage, a total of 10 generations
of crossing and mutation had been implemented, and each generation contained 8 populations.
Some superior cases were selected to form the next generation. A total of 58 cases were solved
by full CFD simulation. Fig. 8 shows the variation in the algebraically averaged |PMVc|ave for
all the cases in each generation, with successive generations. The |PMVc|ave decreased
dramatically as the number of generations increased. The averaged |PMVc|ave in the first
generation was 0.43, and the value decreased to 0.09 in the final generation.
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Fig. 8. Algebraically averaged |PMVc|ave for all cases in each generation versus the number of
generations in the genetic algorithm-based initial design
Fig. 9 shows the results of the genetic algorithm-based design. The light blue box represents
the narrowed ranges of the air-supply parameters that nearly satisfied the four design targets.
The larger frame in the figure represents the initial parametric ranges listed in Table 1. The
ranges circumscribed by the genetic algorithm were 1.0 to 3.0 cm for the air-supply opening
size, 5.0 to 34.0o for the air-supply direction, and 23.0 to 26.0 oC for the air-supply temperature.
The genetic algorithm did not narrow the range of air-supply opening sizes in comparison with
the initial range. However, the possible air-supply directions were narrowed from a range of 45.0 to 45.0o to a range of 5.0 to 34.0o. The negative directions, representing upwardly directed
air supply, were not able to satisfy the design targets and hence were removed by the genetic
algorithm. For air-supply temperature, the range was circumscribed from 16.0–26.0 oC to 23.0–
26 oC. This implies that air temperatures lower than 23.0 oC were not acceptable because they
could induce a feeling of draught.

Initial ranges

Ranges circumscribed by genetic algorithm

Fig. 9. Comparison of the initially defined parametric ranges (the black outer frame of the
domain) and the parametric ranges circumscribed by the CFD-based genetic algorithm (the light
blue box)
4.3 POD-based basic design
Next, the ranges circumscribed by the genetic algorithm were provided to the CFD-based POD

method for further design. A total of 45 cases were selected as representative cases, with
discrete air-supply opening sizes of 1.0 cm, 1.5 cm, 2.0 cm, 2.5 cm, and 3.0 cm, discrete airsupply directions of 5.0o, 20.0o, and 34.0o, and discrete air-supply temperatures of 23.0 oC, 24.5
o
C, and 26.0 oC. The representative opening sizes, air-supply angles, and temperatures with
equal spacing of resolutions were selected according to the experience of our previous works
[38-39]. The opening sizes were sampled at a higher resolution than the air-supply angles and
temperatures, because the cabin environment was more sensitive to the air-supply speeds. These
cases were solved by full CFD simulations to extract the POD modes. Fig. 10 shows the
cumulative contribution of the eigenvalues (a sum of the existing eigenvalues) to the total
energy (unit 1.0) when the POD modes of the 45 cases were extracted. Each eigenvalue
corresponds to one eigenvector. The first temperature eigenvector captured the most energy,
while the first velocity eigenvector in the ankle zones captured the least. The numbers of
eigenvalues during extraction of the POD modes were determined by setting 99.9% as the
threshold cumulative contribution ratio.
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Fig. 10. Cumulative contribution of the eigenvalues (sum of the existing eigenvalues) to the
total energy (unit 1.0) during extraction of POD modes in the basic design
Fig. 11 depicts the air-supply parameters that satisfied all the design targets as circumscribed
by POD, i.e., the parameters within the dark blue region. The larger frame, surrounding the
whole domain, represents the initial ranges provided in Table 1, while the smaller rectangular
frame stands for the ranges circumscribed by the genetic algorithm, and the colored, irregularly
shaped regions indicate the parametric sets determined by POD. Within the rectangular ranges
specified by the genetic algorithm, some parametric sets with small air-supply opening sizes
and low air-supply temperatures were removed by POD, as shown in Fig. 11. This occurred
because these air-supply parameters caused an unacceptable feeling of draught, which violated
the prescribed averaged air speeds in the head regions and the |PMVc|ave requirement.
Parametric sets with large air-supply angles, large opening sizes, and low air-supply air
temperatures were also removed by the POD because they would have resulted in unacceptable
mean age of air and thus poor air circulation.

Temperature (oC)

Narrowed ranges by POD
Minimum |PMVc|ave by POD

Minimum mean age of air by POD

Fig. 11. Comparison of the initially defined parametric ranges (the larger frame surrounding the
whole domain), the ranges circumscribed by the genetic algorithm (the smaller rectangular
frame), the narrowed ranges determined by POD (the dark blue, irregularly shaped regions),
and the cases with minimum |PMVc|ave (yellow dot) and minimum mean age of air (red dot)
according to POD
POD was also able produce the optimal design with respect to each design target. In this study,
the air-supply parameters with the minimum |PMVc|ave and minimum averaged mean age of air
were outputted. The yellow dot in Fig. 11 represents the optimal case with a minimum |PMVc|ave
of 0.09, which corresponded to an air-supply opening size of 2.8 cm, air-supply angle of 10.0o,
and air-supply temperature of 24.8 oC. The case with the minimum averaged mean age of air is
indicated by the red dot in the figure. In this case, the opening size was 3.0 cm, the angle was
34.0o, and the air temperature was 26.0 oC. The corresponding minimum mean age of air was
93 s.
4.4 Adjoint method-based fine design
Finally, the adjoint method was applied to fine-tune the above two optimal designs. The optimal
cases estimated by POD were inputted to the adjoint method as the initial cases. Fig. 12(a)
depicts the values of (|PMVc|2)ave versus the number of design cycles. For convenience,
(|PMVc|2) ave was adopted as the objective function instead of |PMVc|ave. The adjoint method
terminated if a minimum (|PMVc|2)ave was found. After five design cycles, the design with the
minimum (|PMVc|2)ave was observed at the third cycle. The corresponding |PMVc|ave was 0.09,
which was coincidentally identical to the minimum |PMVc|ave by POD. The optimal case in the
fine design had an air-supply opening size of 2.7 cm, an air-supply angle of 6.5o, and an airsupply temperature of 25.0 oC. Table 3 compares the optimal cases in the basic and fine designs.
The corresponding air-supply parameters differed only slightly, which indicates a relatively
good estimation of the optimal design in the basic design.
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Fig. 12. Environmental performance versus the number of design cycles by the adjoint method
in the fine design: (a) averaged |PMVc|2; (b) averaged mean age of air
Table 3. Comparison of the most comfortable cases as designed in the basic and fine designs
Item
Basic design
Fine design
Air-supply opening size
2.8 cm
2.7 cm
Air-supply direction
10.0o
6.5o
Air-supply temperature
24.8 oC
25.0 oC
|PMVc|ave
0.09
0.09
Fig. 12(b) illustrates the variation in the averaged mean age of air with the design cycle. The
optimal case, with a minimum averaged mean age of air of 91.1 s, was obtained in the third
design cycle. The corresponding air-supply opening size was 3.0 cm, air-supply angle 32.2o,
and air-supply temperature 26.0 oC. Table 4 compares the optimal case provided in the basic
and fine designs in terms of the averaged mean age of air. A smaller averaged mean age of air
was provided in the fine design. The specific air-supply parameters differed slightly between
the two stages.
Table 4. Comparison of the cases in which the minimum averaged mean age of air was designed
in the basic and fine designs
Item
Basic design
Fine design
Air-supply opening size
3.0 cm
3.0 cm
Air-supply direction
34.0o
32.2o
Air-supply temperature
26.0 oC
26.0 oC
Ageave
93.0 s
91.1 s
5. Discussion
This study conducted an inverse design that integrated the genetic algorithm, POD and adjoint
methods. Among the 58 cases resolved by the genetic algorithm in the initial design, the
minimum |PMVc|ave among that satisfy the four design targets was 0.29, attained at the airsupply opening size of 1.0 cm, air-supply angle of 21.8o, and air-supply temperature of 23.0 oC.
The minimum value of the averaged mean age of air was 110.5 s, also attained at parameter
values of 1.0 cm, 21.8o, and 23.0 oC. Both the minimum |PMVc|ave and the minimum averaged
mean age of air found by the genetic algorithm in the initial design were greater than those
provided by POD in the basic design. Therefore, the POD method was essential in the second

stage in searching for optimal designs. The ultimate fine design by the adjoint method produced
the lowest |PMVc|ave and averaged mean age of air without the use of model reduction. Hence,
the integration of the three methods was indeed necessary and valid.
In the method integration, 58 CFD cases were executed by the genetic algorithm, 45 cases by
POD, five cases by the adjoint method to determine the minimum |PMVc|ave, and likewise five
cases to find the minimum averaged mean age of air. Note that the computing load of an
optimization case in the adjoint method is double that of a full CFD-alone case. Hence, a total
of 123 equivalent CFD cases were required for the integrated method to obtain the optimal
solution. The pure genetic algorithm also has the ability to find an optimal design. As shown in
Appendix B for a trial design with the pure genetic algorithm for a total of 153 cases, the
minimum |PMVc|ave obtained was 0.10 and the minimum averaged mean age of air was 105.5
s. The pure genetic algorithm could not compete with the integrated method. It was estimated
at least more than 200 cases might be required by the pure genetic algorithm to provide
comparable optimization as the integrated method. Hence, the rough analysis showed that the
integrated method reduced the computing load by approximately 50% as compared with the
CFD-based genetic algorithm method alone, while maintaining the high accuracy.
In the integrated design, the genetic algorithm solved the largest number of full CFD cases,
which slowed down the whole design process. Because the POD method required only certain
parametric ranges as the input, the initial design by the genetic algorithm still had great potential
for speeding up the process. For example, some parametric sets that would clearly not produce
the optimal design could be eliminated early in the process. The bottleneck in accelerating the
POD-based design was the number of full CFD simulations required for extraction of the POD
modes. The POD-based design in this study used uniformly distributed cases for data sampling.
Intelligent schemes could be developed to solve only representative characteristic cases, while
the missing cases could be reconstructed by interpolation. Because the integrated design is
carried out sequentially, subsequent design processes could also omit some cases in full CFD
simulation, if those cases were solved in the earlier stages but repeated in the later stages. In
addition, the adjoint method used the steepest descent algorithm to guide subsequent
optimization, which may not be the ideal approach. A superior strategy that could substantially
accelerate the search for the optimal case is still needed.
An air-supply temperature of 25 oC was obtained by the integrated design for the optimal
|PMVc|ave. Because some heat sources, such as electronic equipment and solar radiation, were
not considered in our investigation, the obtained air-supply temperatures may be higher than
that on realistic flights. The cabin surface temperatures were fixed in the range from 21 to 23
o
C, resulting heat loss out of the cabin and thus requiring warm air supply to keep comfort.
Further research may consider heat sources inside the cabin and adopt more precise thermal
boundary conditions.
In this study, we assumed that solution by full CFD simulation was sufficiently accurate. In fact,
however, CFD can provide uncertain and even incorrect results if inappropriate modeling
strategies are applied. Hence, validation of CFD modeling is required. The authors had
previously validated forward CFD modeling in a three-dimensional aircraft cabin (Wei et al.,
2017) and a two-dimensional cavity (Chen et al., 2017) with the same turbulence model and
numerical solution strategies. For the sake of brevity, the forward modeling validation was not
repeated here.
6. Conclusions

This study proposed to integrate the CFD-based genetic algorithm, proper orthogonal
decomposition (POD), and adjoint method for inverse design of the air-supply parameters in an
aircraft cabin. The acceptable thermal comfort and cabin air quality performance were specified,
and the air-supply opening sizes, air-supply directions, and temperatures were inversely
determined. On the basis of the obtained results, the following conclusions were drawn:
 The proposed integration was able to provide optimal solutions for the air-supply
parameters that satisfied the specified design targets. Such an optimal design was extremely
difficult to be accomplished by the POD-based or adjoint-based method alone. Even at a
higher expense, the pure genetic algorithm could not produce optimal designs superior to
the proposed integration.
 The bottleneck in further acceleration of the integrated design was the hundreds of design
cases resolved by full CFD simulation. The genetic algorithm required the largest number
of full CFD simulation cases and hence should receive significant attention for further
improvement, although the other two methods also had some flaws.
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Appendix A. Grid independence analysis
Table A.1. Comparison of environmental performance parameters under two different grid
sizes for the case of 1 cm in the air-supply opening size, 5o for the air-supply direction and 23
o
C for the air-supply temperature
Vankle, ave
|PMVc|ave
Agehead,ave
Parameter
Vhead, ave
Grid number:
0.12 m/s
0.17 m/s
0.22
115.06 s
2,648,631
Grid number:
0.12 m/s
0.18 m/s
0.18
113.44 s
5,028,884
To check if the grid independence was reached with the grid cells used in this study, finer grids
with a total number of 5,028,884 were also tested. Table A.1 shows the comparison of the four
environmental performances between the two different sets of grids for a random case, selected
as 1 cm for the air-supply opening size, 5o for the air-supply direction and 23 oC for the airsupply temperature, using the CFD settings mentioned in the third section. The table shows that
the difference between each other is acceptable. Hence, the grid cells with a number of
2,648,631 were sufficient for the CFD solution.
Appendix B. Inverse design by the pure genetic algorithm
The genetic algorithm alone has the ability to find an optimal solution from the initial large
ranges. The pure genetic algorithm optimization started from 16 random cases within the
parametric ranges shown in Table 1. The major parameters in the GenOpt software were the
same as those shown in Table 2. A total of 28 generations had been implemented, and each
generation contained 16 populations. In addition, the genetic algorithm used |PMVc|ave as the
main target to produce the next generations. Then the cases that satisfied the remaining design
targets were selected to complete the multi-objective optimization. Fig. A.1 shows the variation

in the algebraically averaged |PMVc|ave for all the cases in each generation with successive
generations. Totally 153 cases were solved by full CFD simulation. With increase of the
generations, the averaged |PMVc|ave decreased first, and then fluctuated in the surrounding of
0.1. The optimal designs with the minimum |PMVc|ave and mean age of air were shown in Table
A.2 and Table A.3. Within the 153 cases, the minimum |PMVc|ave was 0.10, obtained at an
opening size of 2.1 cm, angle of 11.3o, and temperature of 25.2 oC, in the 10th generation. The
minimum value of the averaged mean age of air was 105.5 s, attained at parameter values of
2.4 cm, 11.3o, and 25.8 oC, in the 3rd generation. The pure genetic algorithm was able to quickly
converge to a small |PMVc|ave. However, even at a higher expense, the genetic algorithm could
not produce optimal designs superior to the proposed integration.
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Fig. A.1. Algebraically averaged |PMVc|ave for all cases in each generation versus the number
of generations in the design conducted by the pure genetic algorithm
Table A.2. Comparison of the
and the pure genetic algorithm
Item
Air-supply opening size
Air-supply direction
Air-supply temperature
|PMVc|ave

most comfortable cases as designed by the integrated method
Integrated method
2.7 cm
6.5o
25.0 oC
0.09

Pure genetic algorithm
2.1 cm
11.3o
25.2 oC
0.10

Table A.3. Comparison of the cases in which the minimum averaged mean age of air was
designed by the integrated method and the pure genetic algorithm
Item
Integrated method
Pure genetic algorithm
Air-supply opening size
3.0 cm
2.4 cm
Air-supply direction
32.2o
11.3o
Air-supply temperature
26.0 oC
25.8 oC
Ageave
91.1 s
105.5 s
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Research highlights





Three methods were integrated for inverse design in cascades.
Both acceptable parametric ranges and optimal parametric sets were provided.
The design involved multiple design parameters and multiple performance targets.
The integrated strategy accelerated the design efficiency without compromising accuracy.

