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Abstract 
 
The conventional design of enclosed environments uses a trial-and-error approach that is time 
consuming and may not meet the design objective. Inverse design concept uses the desired 
enclosed environment as the design objective and inversely determines the systems required to 
achieve the objective. This paper discusses a number of backward and forward methods for 
inverse design. Backward methods, such as the quasi-reversibility method, pseudo-reversibility 
method, and regularized inverse matrix method, can be used to identify contaminant sources in 
an enclosed environment. However, these methods cannot be used to inversely design a desired 
indoor environment. Forward methods, such as the CFD-based adjoint method, CFD-based 
genetic algorithm method, and proper orthogonal decomposition method, show the promise in 
the inverse design of airflow and heat transfer in an enclosed environment. The CFD-based 
adjoint method is accurate and can handle many design parameters without increasing computing 
costs, but the method may find a locally optimal design that could meet the design objective with 
constrains. The CFD-based genetic algorithm method, on the other hand, can provide the global 
optimal design that can meet the design objective without constraints, but the computing cost can 
increase dramatically with the number of design parameters. The proper orthogonal 
decomposition method is a reduced-order method that can significantly lower computing costs, 
but at the expense of reduced accuracy. This paper also discusses the possibility to reduce the 
computing costs of CFD-based design methods. 
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1. Introduction 
 
People spend roughly 90% of their daily lives in enclosed environments such as buildings, 
transportation vehicles, etc. [1]. A thermally comfortable, healthy, and productive enclosed 
environment is very important for occupants. Such an environment is typically achieved by 
controlling the air temperature, relative humidity, air speed, and chemical species concentrations 
in enclosed spaces with heating, ventilating, and air-conditioning (HVAC) systems. The energy 
used by HVAC systems accounts for over 40% of the total energy consumption in buildings in 
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the United States [2]. In transportation vehicles such as medium- and large-sized commercial 
aircrafts, the operating power of HVAC systems in a 400-passenger airliner is as high as 350 kW, 
which is about 75% of all non-propulsive energy consumption on board [3].  
 
Even with such high energy consumption and associated carbon dioxide emissions, the resulting 
enclosed environments are not satisfactory. Inside buildings, according to survey data from the 
International Facility Management Association [4], the predominant complaint of office 
occupants is that ‘‘it’s too hot and too cold, simultaneously.’’ Not only is the thermal 
environment poor, but the studies have also found that 20% of our buildings may suffer sick 
building syndrome [5]. This syndrome is frequently attributed to flaws in HVAC systems. Other 
possible causes related to indoor air quality are volatile organic compounds from building 
material outgassing, molds, and light industrial chemicals used in factories [6,7]. During 
overseas flights on commercial airliners, up to half of the passengers typically experience health 
problems, with 5% of them requiring medical attention [8]. Respiratory diseases in particular can 
be transmitted in an airliner cabin [9]. For example, among the 120 passengers on a flight from 
Hong Kong to Beijing in 2003, 22 were infected with the severe acute respiratory syndrome 
(SARS) [10], and in 2009 the H1N1-A virus spread to 76 countries on six continents within a 
month and a half [11]. Indoor environments, especially in buildings with high occupant density 
and transport vehicles, are in need of further improvements. 
 
At the same time, requirements for indoor environments are changing with improvements in our 
standard of living. Our current design goal for indoor environments is to ensure that 80% of 
building occupants are comfortable and satisfied. This standard is far too low. In order to 
approach a satisfaction level of 100%, the design should provide a personalized environment that 
is thermally comfortable, healthy, productive, and safe for all occupants, with low energy 
consumption and minimal adverse environmental impact [12].  
  
A trial-and-error process has traditionally been used to design HVAC systems for enclosed 
environments. A designer may have to assume an HVAC system for the environment according 
to his/her experience. The system’s ability to produce the desired thermal comfort and indoor air 
quality level will then be evaluated through the distribution characteristics of air temperature, 
relative humidity, air velocity, and contaminant concentrations in the enclosed environment by 
using analytical and empirical models, computer simulations, or by means of experimental 
measurements [13]. By adjusting the HVAC system parameters iteratively on the basis of the 
evaluation results, the designer can achieve a desired enclosed environment. However, this trial-
and-error process may involve a large number of iterations between the initial and final designs, 
highly depending on the designer’s knowledge and experience. If a sophisticated performance 
evaluation tool is used, such as computational fluid dynamics (CFD), the design process can take 
days or weeks, but the resulting enclosed environment may still not meet the design objective.  
 
To design an HVAC system for a desirable enclosed environment, the best approach is to start 
with the design objective (e.g., the desired thermal comfort and indoor air quality level). The 
inverse design method can achieve the desirable enclosed environment in a single series of 
evaluation that determines the necessary HVAC system. This paper provides a review on the 
state of the art of inverse design methods,  shows some examples of their applications, and 
indicates possible directions for future exploration. 
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2. Inverse design for an enclosed environment 
 
A typical inverse problem study seeks to identify unknown causes of known consequences [14]. 
Figure 1 shows a system and its input and output. The inverse problem study is either for 
problem reconstruction or identification. The goal of a reconstruction problem is to find the input 
with given system parameters and output. The goal of an identification problem is to determine 
system parameters with given input and output.  
 

 
Figure 1. Configuration of a scientific problem. 

 
The inverse design of an enclosed environment is a reconstruction problem. The input could be 
the inlet location and size and the supply air parameters from an HVAC system, envelope 
temperature, the location and strength of a contaminant source, etc. The output could be the 
desired thermal comfort, air quality, energy efficiency, and so on. The system that connects the 
input and output is airflow and heat and mass transfer in the enclosed space governed by the 
Navier-Stokes (NS) equation. The airflow and heat and mass transfer can be obtained by means 
of analytical and empirical models, computer simulations, or experimental measurements. 
Because of the limited space in this paper, we have used only the NS-equation-based methods. 
 
The inverse design can be further divided into backward methods and forward methods. 
Backward methods include the quasi-reversibility method [15], pseudo-reversibility method [16], 
and regularized inverse matrix method [17]. Forward methods include the adjoint method [18], 
genetic algorithm (GA) [19], and proper orthogonal decomposition (POD) analysis [20]. In the 
next section, we will introduce these inverse design methods together with several examples. 
 
2.1 Backward methods 
 
Backward method attempts to solve the inverse NS equation by a direct inversion such as with a 
negative time step in the time-marching problems. However, the simple direct solution is 
impossible because the actual world is not reversible. A viable solution imposes a reduction in 
entropy that is against the second-law of thermodynamics. Thus, the governing equation has to 
be twisted to avoid solving directly the inversed governing equation. The modified method can 
be the quasi-reversibility and pseudo-reversibility method. 
 
2.1.1 Quasi-reversibility method 
 
The quasi-reversibility method solves the irreversible governing equation using a stabilization 
technique. This method was first used to solve ill-posed partial differential equations for heat 
conduction problems [15]. It was also used to solve the inverse heat conduction in a quasi-
boundary-value-problem variant of the original formulation [21]. Later, the method was applied 
to identify groundwater contaminant sources [22]. To identify a contaminant source by using the 
contaminant information detected by a sensor, one could inversely solve the governing species 
transport equation (1). The inversion to Eq. (1) is ill-posed because the time-forward process is 

Input System
(parameters)

Output
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dispersive and an inversion to a dispersive process is unstable. The quasi-reversibility method 
replaces the most unstable diffusion term with a fourth-order term, as shown in Eq. (2) [23]. 
Then the equation can be solved reversibly. 
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where   is the species concentration, t is forward time, i.e., t>0,  xi is the coordinate, ui is a 

velocity component,   is the diffusion coefficient,  is backward time, i.e., <0, and  is 

stabilization coefficient which determines the strength of stabilized operation. 
 
The above quasi-reversibility method was demonstrated to identify a gaseous pollutant source in 
an aircraft cabin released at floor level from t = 0-0.04 s according to the scenario shown in 
Figure 2(a). The contaminant concentration distribution at t = 6 s provided by a forward CFD 
simulation, as shown in Figure 2(b), was used as the initial condition to conduct the inverse 
simulation. Figure 2(c) shows the possible source location illustrated by the highest level of 
concentration contour based on the inverse solution. Although the contaminant strength 
calculated by the inverse method becomes dispersive, the location of the contaminant source can 
be identified. The quasi-reversibility method was also extended to inversely locate an airborne 
particle source [24]. The quasi-reversibility method requires a known flow field as the priori, 
because Eq. (2) is only for the species concentration. However, if a design of an enclosed 
environment also requires the inverse prediction of the flow field, this method is not applicable. 
 

 

 

       (a)              (b)             (c) 
Figure 2. Demonstration of the quasi-reversibility method in identifying a contaminant source 
[23]: (a) simulation schematics, (b) initial contaminant concentration field, and (c) inversely 
computed contaminant concentration at t = 0.04 s. 
               
2.1.2 Pseudo-reversibility method 
 
Instead of reversing time as in the quasi-reversibility method, the pseudo-reversibility method 
solves inverse contaminant transport with reversed flows. The pseudo-reversibility method also 
requires a known flow field as the priori. Kato et al. [16,25,26] used the method to assess local 
pollution from upwind regions with backward trajectory analysis of the flows in the atmospheric 
environment. The method has also been used in groundwater contaminant transport [27,28], 
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where both convection and diffusion transport of contaminants is solved with flow reversion. 
Zhang and Chen [29] compared the pseudo-reversibility method with the quasi-reversibility 
method in the inverse identification of a contaminant source in an aircraft cabin. They found that 
both methods were dispersive, and accuracy was poor if there was significant diffusion in 
contaminant transport. 
 
2.1.3 Regularized inverse matrix method 
 
The regularized inverse matrix method performs an inversion to the cause-effect governing 
matrix A and improves the stability of the inverse operation by regularization. Suppose the 
release rate vector q and the concentration response vector C can be described by Eq. (3). Since 
the matrix is ill-posed, a regularized matrix L is added, and the strength of the regularized 
operation is controlled by a regularized coefficient λ [17, 30]. With an appropriate λ, the release 
rate q can be solved once a C is provided (Eq. (4)). The cause-effect matrix A is a function of the 
flow, source, and sensor location. More details on calculation of the matrix A with the 
convolution theory can be found in [31-33]. 
 
C Aq            (3) 

T 2 T 1 T( )  q A A L L A C          (4) 
 
where the superscript T in Eq.(4) represents the transpose operation. The regularized matrix L is 
usually taken as the second-order time derivative format [33], which is well posed and reversible.  
 
Zhang et al. [33] applied this method to inversely quantify the temporal rate profile of a 
continuously released gaseous pollutant source on the basis of limited sensor information in an 
office. As shown in Figure 3(a), a gaseous contaminant was released at the head level of an 
occupant; the corresponding temporal release rate is represented by the black line in Figure 3(c). 
The gas concentration (Figure 3(b)), as monitored by a sensor located at the outlet, was used as 
input for the inverse simulation. As shown in Figure 3(c), the temporal release rate identified by 
the method (in the red line) agrees well with the actual rate. 
 

 
           (a)         (b)    (c) 
Figure 3. Demonstration of the regularized inversed matrix method in a release of a tracer gas in 
an office room to simulate a contaminant from human respiration: (a) three-dimensional layout 
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of the room, (b) monitored tracer gas concentration at the outlet, and (c) inversely identified 
temporal release rate compared with the actual release rate [33]. 
 
In summary, backward methods are applicable for solving the reversed scalar transport equations 
and work well in inverse identification of a contaminant source. The primary limitation of the 
backward methods is that they only provide an approximate solution and require a known flow 
field. The inverse design of an enclosed environment usually requires inverse prediction of the 
flow field, in which case backward methods are not applicable or need further development. The 
computing costs for the backward methods are similar to typical CFD simulations plus a 
continued simulation of species dispersion. Therefore, the backward methods are affordable for 
most indoor environment studies.  
 
2.2 Forward methods 
 
This section discusses the forward methods based on the NS equations with CFD simulation 
techniques for inverse design. These methods have more extensive applications than the 
backward methods. Forward methods can be further classified primarily as the CFD-based 
adjoint method, the CFD-based genetic algorithm method, and the POD analysis method. The 
first two methods integrate CFD with an optimization algorithm, and the last method uses a 
reduced-order model to lower computing costs for CFD simulations. Forward methods convert 
an inverse design problem to a control problem by constructing an objective function. Various 
objective functions can be constructed for a design objective. For example, if the design 
objective is to reach a good thermal comfort in an occupied space, the objective function, O, can 
be constructed using the predicted mean vote (PMV) value that is function of  air velocity, 
temperature, and relative humidity distributions in the occupied zone, such as: 
 

2( ) (PMV)O d


 ξ           (5) 

 
where ξ is a vector that represents the design variables (e.g., supply air velocity and temperature) 
and Ω is the occupied zone volume. Inverse design identifies the optimal ξ that minimizes O(ξ) 
(i.e., neutral thermal condition). The design approach varies with the used forward method. 
 
2.2.1 CFD-based adjoint method 
 
The adjoint method computes the derivative of the objective function (Eq. (5)) over the 
design variables, ξ, so that the method can search the direction for gradually minimizing 
the objective function. Because of the strong nonlinearity in the NS equations, the 
derivative dO/dξ cannot be straightforwardly computed. The adjoint method introduces a 
Lagrange multiplier with pa as adjoint pressure, Ua as adjoint velocity, Ta as adjoint 
temperature, and ψa as adjoint scalar. The Lagrange multiplier can transform the 
constrained control problem into an unconstrained control problem. The augmented 
objective function can be reformulated as: 
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where Θ represents the flow domain and N = (N1, N2, N3, N4, N5, N6)T represents the NS 
equations in vector form (N1 the continuity equation; N2, N3, and N4 the momentum 
equations; N5 the energy equation; and N6 the scalar transport equation). One can refer to 
Othmer et al. [34] for the final form of the adjoint equations. To minimize the objective 
function on the design variables requires solving the following equation by gradually 
adjusting design variable ξ: 
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. The adjoint method can be very efficient in finding an optimal solution, although the method 
may identify the local optima. 

 
The adjoint method has been used in various fields since it was first introduced by Lions [35] for 
systems governed by partial differential equations. Pironneau [36] was the first to use the adjoint 
method for design in fluid dynamics. Jameson [37,38] applied the adjoint method in 
aerodynamic design with the aim to find the geometry that would minimize drag. Jameson [39] 
and Reuther et al. [40,41] developed the adjoint approach for the airfoil optimization, wing 
design, and complete aircraft configurations. A number of other research groups have developed 
various adjoint CFD codes for design optimization [42-44]. The method is successfully applied 
in heat transfer problems, shape optimization, and pollution source identification.  
 
For the inverse reconstruction and design problem in an enclosed environment, Liu and Zhai 
[45,46] developed the adjoint method to locate an instantaneous or dynamical indoor 
contaminant source. Liu and Chen [47] established a CFD-based adjoint method for the optimal 
design of indoor airflow with thermo-fluid boundary conditions as the design variables and flow 
and/or temperature fields as the design objective. This study found that different initial inlet air 
conditions led to different optimal inlet air conditions, which implies the existence of multiple 
solutions. Later, Liu et al. [48] included the air supply location and size as design variables. In a 
two-dimensional non-isothermal ventilated cavity case [49] as shown in Figure 4(a), matching 
the simulation results with measured air velocity and temperature on the red dashed lines were 
used as the design objective. Figures 4(b) and 4(c) show, respectively, the computed flow field 
with the initially guessed and the finally identified air supply location, size, and parameters. The 
design procedure required only 16 adjustments of the design variables, automatically performed 
during a single computation. The inlet location was inversely identified with reasonable accuracy 
for the targeted air velocity and temperature profiles at the two sections. The study also found 
that the computing costs did not vary with the number of design variables.  
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              (a)               (b)         (c) 
Figure 4. Demonstration of the CFD-based adjoint method in inverse reconstruction of a two-
dimensional non-isothermal cavity case: (a) Sketch of the cavity [49] and (b) flow with the initial 
supply location and (c) flow with the final supply location [48]. 
 
2.2.2 CFD-based genetic algorithm method 
 
As another optimization approach, the genetic algorithm (GA) was first introduced by Holland 
[19] in the 1970s. GA is a gradient-free optimization method that simulates natural evolution in 
the search of optimal solutions. In order to perform evolution operations on design variables, GA 
must encode design variables into a string, which is called an individual. A collection of 
individuals constitutes a population. GA optimizes the solution with evolution (or iteration) of 
the population. A fitness value (the value of the objective function) quantifies the “goodness” of 
an individual. According to the number of objective functions, GA can be classified as a single-
objective genetic algorithm (SOGA) or a multi-objective genetic algorithm (MOGA) [50].  
 
A number of studies have improved the genetic algorithm method. For instance, Grefenstette [51] 
succeeded in increasing the efficiency of a genetic algorithm by adjusting its parameters with 
another genetic algorithm. Horn et al. [52] developed the tournament selection technique for the 
selection process, which increased the distinguishability of the algorithm. Srinivas and Patnaik 
[53] developed the adaptive genetic algorithm, in which the probabilities of crossover and 
mutation can be varied depending on the fitness values of the solutions. This new method can 
converge to the global optimum in far fewer generations with lesser likelihood of falling into 
local optima. Genetic algorithms inherently tend to produce a set of proper solutions, and Karr et 
al. [54] recognized this potential in their development of regression correlations and applied 
genetic algorithms using least-squares curve-fitting techniques. Researchers have also attempted 
to increase the convergence speed without reducing the capability of a genetic algorithm in 
searching optimal global multi-solutions for multiple objectives. On the basis of the vector-
evaluated genetic algorithm proposed by Schaffer [50], other groups have made the genetic 
algorithm more capable of multi-objective optimization [55-57]. 
 
Genetic algorithms have been used in various industrial and engineering applications, such as 
machine learning [58], urban planning [59], chemical kinetics reaction mechanisms [60-62], and 
pollutant source identification in groundwater [63,64]. In application to buildings, Huang and 
Lam [65] used the genetic algorithm for automatic tuning of controllers in HVAC systems, and 
Wright et al. [66] identified pay-off characteristics between the building energy cost and the 
occupant thermal discomfort. Nassif et al. [67] minimized energy use and maximized comfort in 
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multiple zones with high loads. Fong et al. [68] set suitable operating parameters for an HVAC 
system without sacrificing thermal comfort, and Ma and Wang [69] developed a supervisor and 
optimal control strategy for energy efficiency.  
 
The application of genetic algorithms in heat transfer and fluid flow started in the 1990s, such as 
the work by Queipo et al. [70]. This is probably due to the relatively long computational time in 
these applications. Other applications include heat exchange performance [71-73], airfoil design 
[74,75], car shape design [76], airflow field optimization of a melt blowing slot die [77], and 
geometric optimization of a gas turbine transition piece [78]. 
 
Malkawi et al. [79] were probably the first to combine CFD with a genetic algorithm for indoor 
environmental design. Kato and Lee [80] applied a similar approach to optimizing a hybrid air-
conditioning system with natural ventilation. Xue et al. [81] implemented the inverse prediction 
and optimization of flow control conditions for confined spaces. Further, Zhai et al. [82] 
optimized flow control conditions for a confined space (Figure 5(a)) by satisfying multiple 
design indices, such as PMV, percentage dissatisfied with the draft (PD), and mean age of air. If 
the design objective is to have PMV = 0, PD < 15%, and mean age of air less than 125 s on the 
design domain represented by the circles in Figure 5(a), then all points on the curve of PMV = 0 
shown in Figure 5(b) satisfy the first condition. The PMV = 0 and PD = 15% curves intersecting 
at point Q2 meet the second condition with a supply air velocity of 1.75 m/s and air temperature 
of 24.2 . The curve of the mean age of air at 125 s intersecting with the curve of PMV = 0 at 
Q1 satisfies the third condition with a supply air velocity of 1.11 m/s and air temperature of 
22.69 . As a result, any design along the red line between Q1 and Q2 would meet the design 
objectives. Since the indoor environment design is a multi-variable, multi-solution, multi-
objective problem, the genetic algorithm can identify the global optima. Nevertheless, the CFD-
based genetic algorithm method requires many CFD simulations during the population evolution, 
and the computational effort increases by orders of magnitude with an increase in the number of 
the design variables. An optimal design of an indoor environment using GA can take a week or 
more to reach the final solutions, depending on the case sophistication and accuracy 
requirements.   
 

 
  (a)       (b) 
Figure 5. Demonstration of the CFD-based genetic algorithm method in inverse design of a two-
dimensional ventilated cavity: (a) Sketch of the cavity and (b) optimal design parameters 
identified by the genetic algorithm method (the red line) [82]. 
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2.2.3 Proper orthogonal decomposition method 
 
An option for reducing the CFD simulation effort is to apply the proper orthogonal 
decomposition (POD) method [20]. The POD method provides a quick approach to describing 
forward mapping of a thermo-fluid distribution from various boundary setting conditions. POD 
establishes a basis for the modal decomposition of an ensemble of data, such as thermo-flow 
fields obtained from CFD simulations or measurements. A thermo-flow field can be expressed as 
a combination of the orthogonal spatial modes with their amplitudes or coefficients [83], as 
follows: 
 

1

K

c k k
k

c


   φ            (8)  

 
where Φc is the constructed field, ck is the amplitude or coefficient of the spatial mode φk, k is the 
index of the spatial mode, and K is the number of required spatial modes. 
 
To reduce the effort required to solve for the spatial modes, Sirovich [84] proposed the snapshot 
method for extracting the spatial modes as samples. Generally, the number of snapshots is far 
less than the number of spatial grid points, so considerable computing expense can be saved. The 
spatial mode is calculated as a combination of each snapshot field with its coefficient as: 
 

=1

S

s s
s

a φ            (9) 

 
where as is the coefficient of a snapshot field Φs, and S is the number of snapshots. Once the 
coefficients of the spatial modes are provided, a field can be constructed on the basis of Eq. (8). 
According to the orthogonality principles, the coefficient of a spatial mode corresponding to a 
snapshot field is: 
 

( , )k s kc   φ            (10) 

 
The coefficients of the POD modes can correspond to a number of causal variables, for example, 
the air-supply parameters. By interpolating the coefficients for the rest air-supply parameters that 
are not used to extract the POD modes, the rest thermo-flow distribution can be instantly 
constructed. 
 
The POD analysis was first proposed by Lumley [20] nearly a half-century ago to analyze the 
structure of inhomogeneous turbulent flows. Later, this technique became popular in both 
experimental and numerical fluid mechanics. Citriniti and George [85] utilized the POD method 
to analyze the measurement data provided by a hotwire anemometry in a turbulent shear layer. 
Lam [86] used POD to construct the measured velocity and concentration distributions of a 
round jet. Early applications of the method for numerical fluid dynamics were for near-wall and 
jet-induced mixing flows [87-89]. Later, POD was applied to predict some basic fluid flows and 
heat transfer. For example, Cazemier et al. [90] used POD to construct a low-dimensional model 
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for cavity-driven flows, in which 80 spatial modes were extracted from 700 snapshots. Couplet et 
al. [91] proposed a calibrated reduced-order POD-Galerkin model to predict the flows around a 
square cylinder and past a backward-facing step, respectively. Ding et al. [92] proposed the 
POD-based data interpolation strategy to predict the thermo-flow fields for natural convection 
and forced convection flows. Liberge and Hamdouni [93] investigated the dynamic flow induced 
by a rigid oscillating cylinder. The POD-based adaptive controller was also developed for real-
time dynamic flow adjustment and prediction [94,95]. 
 
For enclosed environments, POD is mainly used for fast prediction of indoor thermo-flow and 
pollutant concentration, optimization of air-supply parameters, development of controllers for 
dynamic ventilation control, etc. Elhadidi and Khalifa [96] applied the POD analysis to 
efficiently predict the velocity and temperature distributions inside an empty office. Sempey et al. 
[97] performed a POD-based prediction of temperature distribution in air-conditioned rooms in a 
fixed-flow context. Allery et al. [98] tracked particle motion in a two-dimensional ventilated 
cavity where the inside airflow was provided by a POD construction. Li et al. [99] integrated a 
genetic algorithm into the POD prediction of thermo-fluid flow to efficiently optimize the air-
supply velocity and temperature. Ahuja et al. [100] developed POD-based controllers to 
eliminate heat disturbance of an indoor environment by solar radiation, occupants, lights, etc. 
Tallet et al. [101] used the POD analysis to predict fluid flow and dynamically control the 
opening of a window in a two-dimensional ventilated cavity. Li et al. [102] proposed a POD-
based temperature prediction model for dynamic control of room temperature. 
 
Wang et al. [103] developed a POD-based inverse design method to determine appropriate air-
supply parameters in an enclosed environment. With a quick cause-effect mapping of the indoor 
environmental performance from boundary settings, the air-supply parameters that meet the 
design targets are identified. Figure 6(a) shows a three-dimensional half cabin section in which 
the air-supply velocity and temperature for one slot opening were inversely determined. Figure 
6(b) shows the results for the left air-supply opening S1 that meet the design objective of 
|PMV|<0.5 in the head (brown) region in Figure 6(a). The supply air velocity and temperature in 
the green dot area of Figure 6(b) can lead to satisfactory PMV in the head region. A full CFD 
simulation took approximately 8 hours to solve a single case when providing the snapshot fields, 
while the POD required less than 2 seconds to construct a new case. This study used 40 CFD 
simulations to construct 2,871 POD interpolations. The total computing time was 321 h, most of 
which was for the CFD simulations. If full CFD simulations were conducted, the computing time 
for 2,871 CFD simulations would be 23,000 h. Thus, the POD method is very efficient. 
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      (a)            (b) 
Figure 6. Demonstration of proper orthogonal decomposition method in inversely determining 
air-supply velocity and temperature in an aircraft cabin section [103]: (a) geometry of the cabin 
section and (b) inversely solved air speed and temperature for S1 (where a green dot represents an 
acceptable solution). 
 
The computing costs of the forward simulations are generally much higher than those of the 
backward simulations. This is because tens or even hundreds of forwarded CFD simulations are 
needed. The adjoint method uses the same computing time regardless the number of the 
parameters solved, while the GA method is very sensitive to the number of the parameters. The 
GA method is thus more computational demanding for a complex problem. The POD method is 
far less expensive because it uses interpolation. However, the accuracy is not as good as the other 
two methods discussed here.   
 
3. Discussion 
 
An inverse design can be carried out based on either the backward method or the forward method. 
Either method has its cons and pros. The backward method reverses the governing cause-effect 
relationship to find the causes and thus the reversion is straightforward. Since the reversed cause-
effect relationship is ill posed, a regularization technique by adding extra terms to stabilize the 
inverse solution is required. However, the regularization destroys the original cause-effect 
relationship and consequently only an approximate solution can be provided. The accuracy of the 
backward method varies with the problem and the strength of the added regularized operation. 
There is no iterative computation required except in some circumstances when searching for an 
optimal regularized parameter is necessary. Hence, the backward method can provide results 
more efficiently than the forward method. However, the current backward method is limited to 
identification of a species source as shown in this paper or thermal boundary conditions without 
involving flow.  
 
For indoor environment studies, the backward methods are useful in many applications. For 
example, one could use the methods to track an infectious disease source in a hospital. Security 
authority can use the methods to locate the sensor locations for detecting chemical/biological 
warfare agents. The methods can also be used for comfort studies. For instance, the methods can 
identify where to place a radiant panel in a large workshop to keep a small work zone warm in 
winter. 
 
The inverse design based on the forward method does not handle the inversion directly but turns 
into the forward cause-effect relationship to find the design variables that satisfy the objectives. 
Thus, this is an optimization approach. The solved governing equations are forward and well-
posed, which has a solution and the solution is normally stable. Since a certain boundary 
condition would lead to one forward solution, an inverse design requires many trials with 
different boundary settings. An optimization technique like the adjoint method and genetic 
algorithm can be utilized to accelerate the search for a desired solution. The adjoint method is a 
gradient-based optimization, which may trap in a local optimum if no external interruption is 
imposed. The genetic algorithm searches for an optimal solution globally but at the expense of 
many solution trials, so it is computationally intensive based on CFD. The POD method 
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presented in this paper does not utilize an optimization method. The POD provides a very quick 
cause-effect mapping based on the extracted spatial modes and interpolation of their coefficients. 
However, if the data used does not contain the characteristics of the desirable solution, the 
method would not be able to provide desirable design. In addition, the interpolation is not free 
from errors.  
 
The forward methods have great potential for indoor environment design. For example, in a 
completely new setting where no experience is available, the methods can provide an ideal 
solution. For example, should one wish to design a uniform flow around a human body with 
personalized ventilation, the existing design method would require hundreds of trials. The 
forward methods in theory have the ability to find the air supply locations and parameters to 
achieve the flow in one single computation. The beauty of the forward methods is stable and 
solvable. The major problem of the forward methods is computationally demanding so that the 
methods have yet widely applied to design complex systems. However, the methods have great 
potential in the near future. 
 
To increase efficiency, one option is to use fast fluid dynamics (FFD) [104] as a substitute for 
CFD. FFD solves NS equation by using a three-step, time-advancement scheme [105] that splits 
the momentum equation into three discretized equations. FFD first solves the advection term by 
a semi-Lagrangian approach [106] and then solve the source and diffusion term with an implicit 
scheme. Finally, FFD solves the pressure term and continuity equation together by using a 
pressure-projection method. By combining the solution of the three discretized equations, the 
method could get a final answer for the NS equation. The algorithm that does not require 
iteration so the computing speed is fast. It was initiated for computer game industry that seeks 
speed rather than accuracy. After further development by our team, FFD is also rather accurate 
now [107-114]. According to Zuo and Chen [104], FFD can be 50 times faster than CFD and can 
predict the flow field with acceptable accuracy. Another option is to replace the CFD simulation 
with an artificial neural network. Zhou and Haghighat [115] combined a genetic algorithm and 
artificial neural network to optimize ventilation systems in office spaces. Boithias et al. [116] 
also proposed a genetic-algorithm-based method to optimize the architecture, training parameters, 
and inputs of an artificial neural network for predicting energy use and indoor discomfort during 
building control optimization. However, the use of an artificial neural network instead of CFD 
would increase the uncertainty and the risk of accumulative error [117]. To solve this problem, 
Zhang and You [118] used both an artificial neural network and CFD to obtain the design 
objectives of new individuals. This integrated method could ensure accuracy in calculating the 
design objectives and reduce computational costs by 65%.  
 
Another approach to reducing the computational effort of the CFD-based genetic algorithm 
method is to take advantage of the combined genetic algorithm and adjoint method. 
Giannakoglou et al. [119] developed the combined genetic method for the optimal design of 
aerodynamic shapes. The genetic algorithm was used for the initial design, and the adjoint 
method was applied for fine tuning, leading to faster convergence. The integrated CFD-based GA 
and adjoint method can be much faster than the pure CFD-based GA. In addition, the integrated 
method can find the global optima, thus overcoming the shortcomings of the pure CFD-based 
adjoint method. Xue et al. [120] combined the genetic algorithm with the adjoint method and 
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revealed that this new integrated method is at great advantage when the number of variables for 
optimization is large. 
 
A combination of the backward methods with the forward methods can be a further direction for 
future research. The backward methods can provide an approximate inverse solution efficiently. 
Hence, the inverse solution from the backward methods may be input into the forward methods 
as the initial guess of the final solution. Then the forward methods are employed to further 
improve the solution accuracy. The above strategy may shorten the time spent in circumscribing 
the rough ranges of design variables that satisfy the design targets. Such a scenario is viable at 
least for inverse identification of species sources. For example, Zhang et al. [121] backwardly 
determined the pollutant source release rates at all possible source locations first and then 
identified the correct source in a forward matching process. 
 
This investigation set only global objectives over the domain as the design target. However, the 
trends of modern enclosed environments are towards to personalized customization, especially in 
high-density public building or transportation vehicle compartments, where internal flow and 
thermal boundary condition design should be paid with great attention. In principle, the methods 
presented in this paper can be extended to account for each individual’s demanding objectives. 
The traditional general ventilation and boundary condition control may not fulfill the task. The 
designers may have to turn to personal environmental control. An inverse design that can take 
into account each individual’s demanding objectives and its combination with a personal 
environmental control is a good topic for future study. The inverse design can demonstrate 
evidently its advantage in such a case. 
 
4. Conclusions 
 
This paper critically reviewed the state-of-the-art methods for inverse design of an enclosed 
environment and demonstrated the application of these methods through several examples. Both 
the backward and forward methods were criticized. The advantages and disadvantages of each 
method were analyzed in terms of applicability, computing efficiency, and accuracy. The study 
has led to the following primary conclusions: 
 
Backward methods are useful for identifying contaminant sources and inverse design of thermal 
boundary conditions, but not for entire flow field design. The current backward methods can 
only handle an inverse design in known flow context. 
 
Forward methods are promising for inverse design of enclosed environments. The CFD-based 
adjoint method may only identify the local optima of the design objective, but the computing 
effort remains the same regardless of the number of the design variables. The CFD-based genetic 
algorithm method can find the global optima of the design objective, however the computing 
effort is significantly large. The POD method can reduce the computing effort, although the 
resulting accuracy can be poor. 
 
Several recommendations are provided to increase the modeling and modeling efficiency for 
CFD-based methods, such as using fast fluid dynamics techniques. A combination of two or 
more methods may also reduce the computing effort without compromising prediction accuracy. 
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Nomenclature 
 
Roman symbols 

A   cause-effect matrix 
as    coefficient of a snapshot field  
C   concentration response, vector 
ck    amplitude or coefficient of the spatial mode 
i   index of coordinate 
K   number of required spatial modes 
k   index of the spatial mode 
L   regularized matrix 
L   augmented objective function 
N  Navier-Stokes equations, vector 
N1   continuity equation 
N2, N3, N4  momentum equations 
N5   energy equation 
N6   scalar transport equation 
O   objective function 
pa   adjoint pressure 
q   source release rate, vector 
S   number of snapshots 
s   index of the snapshot field 
Ta  adjoint temperature 
t   time 
Ua   adjoint velocity, vector 
ui  velocity component in the xi direction 

xi   spatial coordinates in the i direction 
 

Greek symbols 
Γϕ   effective diffusivity for ϕ 
ε   stabilization coefficient 
Θ   flow domain 
λ    regularized coefficient  
ξ   design variable, vector 
Φc   constructed field 
Φs   snapshot field 
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φ   spatial mode 
φk   kth spatial mode 
ψ   species concentration or scalar 
ψa   adjoint scalar 
Ω   design domain 

 
 
References 
 
[1] Klepeis NE, Nelson WC, Ott WR, Robinson JP, Tsang AM, Switzer P, Engelmann WH. 

The National Human Activity Pattern Survey (NHAPS): A resource for assessing exposure 
to environmental pollutants. Journal of Exposure Analysis and Environmental 
Epidemiology. 2001;11(3):231-252. 

[2] DOE. Building Energy Data Book published by the U.S. Department of Energy. 2011. 
[3] Majeed O, Eng P. Aircraft environmental control systems. Carleton University Aero 

Lecture. 2010;4003. 
[4] International Facility Management Association (IFMA). IFMA survey ranks top 10 office 

complaints. 2003. Retrieved July 1, 2012, from 
http://www.buildings.com/tabid/3334/ArticleID/1689/Default.aspx. 

[5] Hedge A, Erickson WA, Rubin G. Predicting sick building syndrome at the individual and 
aggregate levels. Environment International. 1996;22(1):3-19. 

[6] Pejtersen J, Brohus H, Hyldgaard CE. The effect of renovating an office building on 
occupants’ comfort and health. Proceedings of the 8th International Conference on Indoor 
Air Quality and Climate (Indoor Air 1999). 1999;2:160-165. 

[7] Wargocki P, Wyon DP, Sundell J, Clausen G, Fanger P. The effects of outdoor air supply 
rate in an office on perceived air quality, sick building syndrome (SBS) symptoms and 
productivity. Indoor Air. 2000;10(4):222-236. 

[8] Leder K, Newman D. Respiratory infections during air travel. Internal Medicine Journal. 
2005;35(1):50-55. 

[9] Mangili A, Gendreau MA. Transmission of infectious diseases during commercial air 
travel. The Lancet. 2005;365(9463):989-996. 

[10] Olsen SJ, Chang HL, Cheung TYY, Tang AFY, Fisk TL, Ooi SPL, Dowell SF. Transmission 
of the severe acute respiratory syndrome on aircraft. New England Journal of Medicine. 
2003;349(25):2416-2422. 

[11] World Health Organization (WHO). Chronology of Influenza A (H1N1). 2009. 
[12] Spengler JD, Chen Q. Indoor air quality factors in designing a healthy building. Annual 

Review of Energy and the Environment. 2000;25:567-600. 
[13] Chen Q. Ventilation performance prediction for buildings: A method overview and recent 

applications. Building and Environment. 2009;44(4):848-858. 
[14] Friedr J. Stable solution - inverse problems. Vieweg & Sohn, Verlagsgesellschaft mbH, 

Braunschweig. 1978. 
[15] Lattès R, Lions JL. The method of quasi-reversibility: Applications to partial differential 

equations. R. Bellman (Ed.). American Elsevier Publishing Company. 1969. 
[16] Kato S, Pochanart P, Kajii Y. Measurements of ozone and nonmethane hydrocarbons at 

Chichi-jima Island, a remote island in the western Pacific: Long-range transport of polluted 
air from the Pacific Rim region. Atmospheric Environment. 2001;35(34):6021-6029. 



17 
 

[17] Tikhonov AN, Arsenin VY. Solutions of ill-posed problems. Halsted Press, Washington, 
DC. 1977. 

[18] Bellman R. Dynamic programming and Lagrange multipliers. Proceedings of the National 
Academy of Sciences of the United States of America. 1956;42(10):767. 

[19] Holland JH. Adaptation in natural and artificial systems: An introductory analysis with 
applications to biology, control, and artificial intelligence. U Michigan Press. 1975. 

[20] Lumley JL. The structure of inhomogeneous turbulent flows. Atmospheric Turbulence and 
Radio Wave Propagation. 1967;166-178. 

[21] Clark G, Oppenheimer S. Quasireversibility methods for non-well-posed problems. 
Electronic Journal of Differential Equations. 1994;8:1-9. 

[22] Skaggs TH, Kabala ZJ. Recovering the history of a groundwater contaminant plume: 
Method of quasi-reversibility. Water Resource Research. 1995;31(11):2669-2673. 

[23] Zhang T, Chen Q. Identification of contaminant sources in enclosed environments by 
inverse CFD modeling. Indoor Air. 2007;17(3):167-177. 

[24] Zhang T, Li H, Wang, S. Inversely tracking indoor airborne particles to locate their release 
sources. Atmospheric Environment. 2012;55:328-338.  

[25] Kato S, Pochanart P, Hirokawa J, Kajii Y, Akimoto H, Ozaki Y, Obi K, Katsuno T, Streets 
D,  Minko NP. The influence of Siberian forest fires on carbon monoxide concentrations at 
Happo, Japan. Atmospheric Environment. 2002;36(2):385-390. 

[26] Kato S, Kajii Y, Itokazu R, Hirokawa J, Koda S, Kinjo Y. Transport of atmospheric carbon 
monoxide, ozone, and hydrocarbons from Chinese coast to Okinawa island in the Western 
Pacific during winter. Atmospheric Environment. 2004;38:2975-2981. 

[27] Bagtzoglou AC, Dougherty DE, Tompson AF. Application of particle methods to reliable 
identification of groundwater pollution sources. Water Resources Management. 
1992;6(1):15-23. 

[28] Wilson JL, Liu J. Backward tracking to find the source of pollution. Water Manage. Risk 
Remed. 1994;1:181-199. 

[29] Zhang T, Chen Q. Identification of contaminant sources in enclosed spaces by a single 
sensor. Indoor Air. 2007;17(6):439-449. 

[30] Tikhonov AN. Solution of incorrectly formulated problems and the regularization method. 
In Soviet Math. Dokl. 1963;5:1035-1038. 

[31] Ishida Y, Kato S. Method for coupling three-dimensional transient pollutant transport into 
one-dimensional transport simulation based on concentration response factor. ASHRAE 
Transactions. 2008;114(1): 259-272.  

[32] Hiyama K, Ishida Y, Kato, S. Coupling 3D transient pollutant transport in a room into a 
flow network model with concentration response factor method. ASHRAE Transactions. 
2008;114(2):119-129.,  

[33] Zhang T, Yin S, Wang S. An inverse method based on CFD to quantify the temporal release 
rate of a continuously released pollutant source. Atmospheric Environment. 2013;77:62-77. 

[34] Othmer C, de Villiers E, Weller HG. Implementation of a continuous adjoint for topology 
optimization of ducted flows. Proceedings of the 18th AIAA Computational Fluid 
Dynamics Conference. 2007. 

[35] Lions JL. Optimal control of systems governed by partial differential equations problèmes 
aux limites. Springer, 1971. 

[36] Pironneau O. On optimum design in fluid mechanics. Journal of Fluid Mechanics. 
1974;64(1):97-110. 



18 
 

[37] Jameson A. Aerodynamic design via control theory. Journal of Scientific Computing. 
1988;3(3):233-260. 

[38] Jameson A. Optimum aerodynamic design using CFD and control theory. AIAA paper. 
1995;1729:124-131. 

[39] Jameson A. Re-engineering the design process through computation. Journal of Aircraft. 
1999;36(1):36-50. 

[40] Reuther J, Jameson A, Alonso JJ, Rimlinger MJ, Saunders D. Constrained multipoint 
aerodynamic shape optimization using an adjoint formulation and parallel computers, part 
1. Journal of Aircraft. 1999;36(1):51-60. 

[41] Reuther J, Jameson A, Alonso JJ, Rimllnger MJ, Saunders D. Constrained multipoint 
aerodynamic shape optimization using an adjoint formulation and parallel computers, part 
2. Journal of Aircraft. 1999;36(1):61-74. 

[42] Anderson WK, Venkatakrishnan V. Aerodynamic design optimization on unstructured grids 
with a continuous adjoint formulation. Computers and Fluids. 1999;28(4):443-480. 

[43] Othmer C. A continuous adjoint formulation for the computation of topological and surface 
sensitivities of ducted flows. International Journal for Numerical Methods in Fluids. 
2008;58(8):861-877. 

[44] Kontoleontos EA, Papoutsis-Kiachagias EM, Zymaris AS, Papadimitriou DI, 
Giannakoglou KC. Adjoint-based constrained topology optimization for viscous flows, 
including heat transfer. Engineering Optimization. 2013;45(8):941-961. 

[45] Liu X, Zhai Z. Location identification for indoor instantaneous point contaminant source 
by probability-based inverse computational fluid dynamics modeling. Indoor Air. 
2008;18(1):2-11. 

[46] Zhai Z, Liu X, Wang H, Li Y, Liu J. Experimental verification of tracking algorithm for 
dynamically-releasing single indoor contaminant. Building Simulation. 2012;5(1):5-14. 

[47] Liu W, Chen Q. Optimal air distribution design in enclosed spaces using an adjoint method. 
Inverse Problems in Science and Engineering. 2014. DOI: 10.1080/17415977.2014.933832. 

[48] Liu W, Jin M, Chen C, Chen Q. Optimization of air supply location, size, and parameters in 
enclosed environments using a CFD-based adjoint method. Accepted by Journal of 
Building Performance Simulation. 2015. DOI: 10.1080/19401493.2015.1006525. 

[49] Blay D, Mergui S, Niculae C. Confined turbulent mixed convection in the presence of a 
horizontal buoyant wall jet. Fundamentals of Mixed Convection, ASME HTD. 
1992;213:65-72. 

[50] Schaffer J. Multiple objective optimization with vector evaluated genetic algorithms. 
Proceedings of the International Conference on Genetic Algorithm and Their Applications. 
1985. 

[51] Grefenstette JJ. Optimization of control parameters for genetic algorithms. IEEE 
Transactions on Systems, Man, and Cybernetics. 1986;122-128. 

[52] Horn J, Nafpliotis N, Goldberg DE. A niched Pareto genetic algorithm for multiobjective 
optimization. Proceedings of the First IEEE Conference on Evolutionary Computation. 
1994;82-87. 

[53] Srinivas M, Patnaik LM. Adaptive probabilities of crossover and mutation in genetic 
algorithms. IEEE Transactions on Systems, Man, and Cybernetics. 1994;24(4):656-667. 

[54] Karr CL, Stanley DA, Scheiner BJ. Genetic algorithm applied to least squares curve fitting. 
U.S. Bureau of Mines Report of Investigations. 1991. 



19 
 

[55] Fonseca CM, Fleming PJ. Multiobjective genetic algorithms. Proceedings of the IEE 
colloquium on Genetic Algorithms for Control Systems Engineering. 1993. 

[56] Zitzler E, Thiele L. Multiobjective evolutionary algorithms: A comparative case study and 
the strength Pareto approach. IEEE Transactions on Evolutionary Computation. 
1999;3(4):257-271. 

[57] Lu H, Yen GG. Rank-density-based multiobjective genetic algorithm and benchmark test 
function study. IEEE Transactions on Evolutionary Computation. 2003;7(4):325-343. 

[58] Goldberg DE. Genetic algorithms in search, optimization, and machine learning. Addison-
Wesley Longman Publishing Co. 1989. 

[59] Schaumann EJ, Balling RJ, Day K. Genetic algorithms with multiple objectives. 
Proceedings of the Seventh AIAA/USAF/NASA/ISSMO Symposium on Multidisciplinary 
Analysis and Optimization. 1998;2114-2123. 

[60] Polifke W, Geng W, Dobbeling K. Optimization of rate coefficients for simplified reaction 
mechanisms with genetic algorithms. Combust Flame. 1998;113(1):119-135. 

[61] Elliott L, Ingham DB, Kyne AG, Mera NS, Pourkashanian M, Wilson CW. A real coded 
genetic algorithm for the optimization of reaction rate parameters or chemical kinetic 
modeling in a perfectly stirred reactor. Genetic and Evolutionary Computation Conference. 
2002;138-144. 

[62] Elliott L, Ingham DB, Kyne AG, Mera NS, Pourkashanian M, Wilson CW. Incorporation of 
physical bounds on rate parameters for reaction mechanism optimization using genetic 
algorithms. Combust Science Technology. 2003;175(4):619-648. 

[63] Cieniawski SE, Eheart JW, Ranjithan S. Using genetic algorithms to solve a multiobjective 
ground-water monitoring problem. Water Resources Research. 1995;31(2):399-409. 

[64] Mahinthakumar GK, Sayeed M. Hybrid genetic algorithm - Local search methods for 
solving ground-water source identification inverse problems. Water Resources Planning 
and Management. 2005;131(1):45-57. 

[65] Huang W, Lam HN. Using genetic algorithms to optimize controller parameters for HVAC 
systems. Energy and Buildings. 1997;26(3):277-282 

[66] Wright JA, Loosemore HA, Farmani R. Optimization of building thermal design and 
control by multi-criterion genetic algorithm. Energy and Buildings. 2002;34(9):959-972. 

[67] Nassif N, Kajl S, Sabourin R. Optimization of HVAC control system strategy using two-
objective genetic algorithm. HVAC&R Research. 2005;11(3):459-486. 

[68] Fong KF, Hanby VI, Chow TT. HVAC system optimization for energy management by 
evolutionary programming. Energy and Buildings. 2006;38(3):220-231. 

[69] Ma Z, Wang S. Supervisory and optimal control of central chiller plants using simplified 
adaptive models and genetic algorithm. Applied Energy. 2011;88:198-211. 

[70] Queipo N, Devarakonda R, Humphrey JAC. Genetic algorithms for thermosciences 
research - application to the optimized cooling of electronic components. International 
Journal of Heat and Mass Transfer. 1994;37(6):893-908. 

[71] West AC, Sherif SA. Optimization of multistage vapour compression systems using genetic 
algorithms. Part 1: Vapour compression system model. International Journal of Energy 
Research. 2001;25(9):803-812. 

[72] West AC, Sherif SA. Optimization of multistage vapour compression systems using genetic 
algorithms. Part 2: Application of genetic algorithm and results. International Journal of 
Energy Research. 2001;25(9):813-824. 



20 
 

[73] Ozkol I, Komurgoz G. Determination of the optimum geometry of the heat exchanger body 
via a genetic algorithm. Numerical Heat Transfer Part A - Applications. 2005;48(3):283-
296. 

[74] Belegundu AD, Murthy DV, Salagame RR, Contans EW. Multi-objective optimization of 
laminated ceramic composites using genetic algorithms. Proceedings of the 5th 
AIAA/USAF/NASA/ISSMO Symposium on Multidisciplinary Analysis and Optimization. 
1994;1015-1022. 

[75] Obayashi S, Takanashi S. Genetic algorithm for aerodynamic inverse optimization 
problems. Proceedings of the 1st IEE/IEEE International Conference on Genetic Algorithm 
in Engineering Systems: Innovations and Applications. 1995;7-12. 

[76] Campos F, Geremia P, Skaperdas E. Automatic optimization of automotive designs using 
mesh morphing and CFD. Proceedings of the 2nd ANSA mETA International Congress. 
2007;14-15. 

[77] Sun Y, Wang X. Optimization of air flow field of the melt blowing slot die via numerical 
simulation and genetic algorithm. Journal of Applied Polymer Science. 2010;115(3):1540-
1545. 

[78] Muñoz AG, Ayala-Ramirez V, Alfaro-Ayala JA, Acosta BMT. Optimization of the transition 
piece applying genetic algorithms. Applied Thermal Engineering. 2011;31(16):3214-3225. 

[79] Malkawi AM, Srinivasan RS, Yi YK, Choudhary R. Performance-based design evolution: 
the use of genetic algorithms and CFD. Proceedings of the Eighth International IBPSA 
Conference. 2003;793-798. 

[80] Kato S, Lee JH. Optimization of hybrid air-conditioning system with natural ventilation by 
GA and CFD. Proceedings of the 25th AIVC conference, ventilation and retrofitting. 
2004;15-17. 

[81] Xue Y, Zhai ZJ, Chen Q. Inverse prediction and optimization of flow control conditions for 
confined spaces using a CFD-based genetic algorithm. Building and Environment. 
2013;64:77-84. 

[82] Zhai Z, Xue Y, Chen Q. Inverse design methods for indoor ventilation systems using CFD-
based multi-objective genetic algorithm. Building Simulation. 2014;7(6):661-669. 

[83] Holmes P, Lumley JL, Berkooz G. Turbulence, coherent structures, dynamical systems and 
symmetry. Cambridge University Press, Cambridge, UK. 1996. 

[84] Sirovich, L. Turbulence and the dynamics of coherent structures. I-Coherent structures. II-
Symmetries and transformations. III-Dynamics and scaling. Quarterly of Applied 
Mathematics. 1987;45:561-571. 

[85] Citriniti JH, George WK. Reconstruction of the global velocity field in the axisymmetric 
mixing layer utilizing the proper orthogonal decomposition. Journal of Fluid Mechanics. 
2000;418(9):137-166. 

[86] Lam KM. Application of POD analysis to concentration field of a jet flow. Journal of 
Hydro-environment Research. 2013;7(3):174-181. 

[87] Bakewell HP, Lumley JL. Viscous sublayer and adjacent wall region in turbulent pipe flow. 
Physics of Fluids. 1967;10(9):1880-1889. 

[88] Herzog S. The large scale structure in the near-wall region of turbulent pipe flow. PhD 
dissertation. Department of Mechanical Engineering, Cornell University. 1986. 

[89] Glauser MN, George WK. Orthogonal decomposition of the axisymmetric jet mixing layer 
including azimuthal dependence. Advances in Turbulence. 1987;357-366. 



21 
 

[90] Cazemier W, Verstappen RWCP, Veldman AEP. Proper orthogonal decomposition and low-
dimensional models for driven cavity flows. Physics of Fluids. 1998;10(7):1685-1699. 

[91] Couplet M, Basdevant C, Sagaut P. Calibrated reduced-order POD-Galerkin system for 
fluid flow modeling. Journal of Computational Physics. 2005;207(1):192-220. 

[92] Ding P, Wu X, He Y, Tao W. A fast and efficient method for predicting fluid flow and heat 
transfer problems. Journal of Heat Transfer. 2008;130(3):1-17. 

[93] Liberge E, Hamdouni A. Reduced order modeling method via proper orthogonal 
decomposition (POD) for flow around an oscillating cylinder. Journal of Fluids and 
Structures. 2010;26(2):292-311. 

[94] Ravindran SS. Reduced-order adaptive controllers for fluid flows using POD. Journal of 
Scientific Computing. 2000;15(4):457-478. 

[95] Ravindran SS. Adaptive reduced-order controllers for a thermal flow system using proper 
orthogonal decomposition. SIAM Journal on Scientific Computing. 2002;23(6):1924-1942. 

[96] Elhadidi B, Khalifa HE. Application of proper orthogonal decomposition to indoor airflows. 
ASHRAE Transactions. 2005;625-634. 

[97] Sempey A, Inard C, Ghiaus C, Allery C. Fast simulation of temperature distribution in air 
conditioned rooms by using proper orthogonal decomposition. Building and Environment. 
2009;44(2):280-289. 

[98] Allery C, Beghein C, Hamdouni A. Applying proper orthogonal decomposition to the 
computation of particle dispersion in a two-dimensional ventilated cavity. Communications 
in Nonlinear Science and Numerical Simulation. 2005;10(8):907-920. 

[99] Li K, Xue W, Xu C, Su H. Optimization of ventilation system operation in office 
environment using POD model reduction and genetic algorithm. Energy and Buildings. 
2013a;67(12):34-43. 

[100] Ahuja S, Cliff E, Narayanan S. Reduced-order modeling for control of indoor building 
airflows. Proceedings of the 5th National Conference of IBPSA-USA (SIMBUILD 2012). 
2012;1-8.  

[101] Tallet A, Allard F, Allery C. Numerical simulation of real-time air flow control by 
POD/ROM applied to anisothermal ventilated cavity. Proceedings of the 10th International 
Conference on Healthy Buildings (Healthy Building 2012). 2012;1960-1965. 

[102] Li K, Su H, Chu J, Xu C. A fast-POD model for simulation and control of indoor thermal 
environment of buildings. Building and Environment. 2013b;60(2):150-157. 

[103] Wang J, Zhou H, Zhang T, Wang S. Inverse design of aircraft cabin environment based on 
proper decomposition of thermo-flow fields. Proceedings of the 13th International 
Conference on Indoor Air Quality and Climate (Indoor Air 2014). 2014. Hong Kong. 

[104] Zuo W, Chen Q. Real time or faster-than-real-time simulation of airflow in buildings. 
Indoor Air. 2009;19(1):33-44. 

[105] Ferziger JH, Perić M. Computational methods for fluid dynamics (Vol. 3). Berlin: Springer. 
2002. 

[106] Staniforth A, Côté J. Semi-Lagrangian integration schemes for atmospheric models-a 
review. Monthly Weather Review. 1991;119(9):2206-2223. 

[107] Zuo W, Chen Q. Fast and informative flow simulations in a building by using fast fluid 
dynamics model on graphics processing unit. Building and Environment. 2010;45(3):747-
757. 

[108] Zuo W, Hu J, Chen Q. Improvements on FFD modeling by using different numerical 
schemes.  Numerical Heat Transfer, Part B: Fundamentals. 2010;58(1):1-16. 



22 
 

[109] Zuo W, Jin M, Chen Q. Reduction of numerical diffusion in the FFD model.  Engineering 
Applications of Computational Fluid Mechanics. 2012;6(2):234-247. 

[110] Jin M, Zuo W, Chen Q. Improvements of fast fluid dynamics for simulating airflow in 
buildings. Numerical Heat Transfer, Part B: Fundamentals. 2012;62(6):419-438. 

[111] Jin M, Zuo W, Chen Q. Simulating natural ventilation in and around buildings by fast fluid 
dynamics. Numerical Heat Transfer, Part A: Applications. 2013;64(4):273-289. 

[112] Jin M, Chen Q. Accelerating fast fluid dynamics with a coarse-grid projection 
scheme. HVAC&R Research. 2014;20(8):932-943. 

[113] Jin M, Liu W, Chen Q. Improvement of fast fluid dynamics with a conservative semi-
Lagrangian scheme. International Journal of Numerical Methods for Heat and Fluid Flow. 
2015;25(1):2-18. 

[114] Jin M, Liu W, Chen Q. Simulating buoyancy-driven airflow in buildings by coarse-grid fast 
fluid dynamics. Building and Environment. 2015;85:144-152. 

[115] Zhou L, Haghighat F. Optimization of ventilation systems in office environment, Part II: 
Results and discussions. Building and Environment. 2009;44(4):657-665. 

[116] Boithias F, Mankibi ME, Michel P. Genetic algorithms based optimization of artificial 
neural network architecture for buildings’ indoor discomfort and energy consumption 
prediction. Building Simulation: An International Journal. 2012;5:95-106. 

[117] Nguyen AT, Reiter S, Rigo P. A review on simulation-based optimization methods applied 
to building performance analysis. Applied Energy. 2014;113:1043-1058. 

[118] Zhang TH, You XY. A simulation-based inverse design of preset aircraft cabin 
environment. Building and Environment. 2014;82:20-26. 

[119] Giannakoglou K, Pappou T, Giotis A, Koubogiannis D. A parallel inverse-design algorithm 
in aeronautics based on genetic algorithms and the adjoint method. Proceedings of the 
European Congress on Computational Methods in Applied Sciences and Engineering 
(ECCOMAS 2000). 2000;1-14. Barcelona, Spain. 

[120] Xue Y, Zhai Z. Comparison and integration of genetic algorithm and adjoint algorithm for 
optimizing indoor environments. Proceedings of the 13th International Conference on 
Indoor Air Quality and Climate (Indoor Air 2014). 2014. Hong Kong. 

[121] Zhang T, Zhou H, Wang S. Inverse identification of the release location, temporal rates and 
sensor alarming time of an airborne pollutant source. Indoor Air. 2015. DOI: 
10.1111/ina.12153 (in press). 


