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A numerical optimization study is performed on a small-scale cavity-stabilized combustor. A parametric geometry 

is created using computer-aided design (CAD) and is coupled with a meshing software. The latter automatically 

transfers meshes and boundary conditions to the solver, which is coupled with a post-processing tool. Steady, 

incompressible three-dimensional simulations are performed using an Eulerian-Lagrangian multi-phase Realizable k-

 Reynolds-averaged Navier-Stokes (RANS) approach with an adiabatic flamelet progress variable (FPV) combustion 

model. There are fifteen input parameters based on geometric control variables and three objective functions: 

maximum exit temperature, average exit temperature, and total pressure losses. The geometric input parameters are 

varied using an adaptive multiple objective (AMO) optimization algorithm. A grid independence study is performed 

on a design subspace using several levels of adaptive mesh refinement (AMR). In addition, the output parameters are 

computed with scalable wall functions (SWF) and enhanced wall treatment (EWT) yielding similar results. Hence, 

the computationally cheaper and more robust SWF model is used for the design optimization of the entire design 

space. The optimization procedure improved the baseline combustor design in terms of combustion efficiency as well 

as pattern factor and showed a slight but acceptable increase in pressure losses. 

Nomenclature 

TPL  = total pressure losses 

PF = pattern factor 

Greek 

𝜙 = equivalence ratio 

η = combustion efficiency 

I. Introduction 

State-of-the-art gas turbine combustors need to become smaller in order to increase thrust-to-weight ratios and 

reduce specific fuel consumption. Small gas turbine combustors are particularly important for un-manned aerial 

vehicles (UAV) for both commercial and military applications. Burning all of the fuel in a small combustor; however, 

introduces significant challenges. The fuel has to vaporize, mix, and burn with the air in a potentially shorter residence 

time when compared to mid- or large-scale gas turbine engines. In addition, the combustor is required to meet engine 

design criteria such as profile factor, pattern factor, combustion efficiency, liner temperature, and pressure drop. The 

number of design parameters that can be adjusted to optimize combustor performance are numerous and performing 

a full factorial matrix design is experimentally and computationally unfeasible. 

Conventional gas turbine combustors typically have been designed by following ad hoc and heuristic guidelines 

based on trial-and-error experimentation. This iterative combustor design process dramatically raises the cost. 

Consequently, design automation is a quintessential component for the design of state-of-the-art gas turbine 

combustors. Fortunately, computational fluid dynamics (CFD) of turbulent combustion has made significant progress. 

For example, original engine manufacturers (OEMs) are using CFD extensively to guide some of the combustor design 
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processes. Nonetheless, CFD has been limited to a few sample simulations that may not represent the entire design 

space. In turn, this leads to a localized optimal design that may not represent the global optimum. 

The theory of design of experiments (DOE), response surfaces (RS) and optimization have been evolving [1] as 

well. These disciplines can be applied to both numerical simulations and experiments. Optimization theories have 

been applied to countless problems, and they can be applied to any discipline. In the context of CFD, numerical 

optimization has been applied mostly to aerodynamic design problems [2,3,4]. In the field of gas turbine combustor 

design, CFD optimization studies are scarcely found in the literature. However, a few optimization studies have been 

performed for devices such as burners, flameholders, and gas turbine combustors [5,6,7,8,9]. The latter studies utilized 

semi-automated tools with RANS formulations, simplified geometries, and either single control variable with 

multiple-objective optimization or multiple control variables with single-objective optimization. Automated software 

programs are coupled within an overarching framework to generate design points that are input to a CAD software 

that dynamically creates combustor geometries. The geometry is passed to the meshing software to autonomously 

create the mesh which is then sent to the solver to compute the CFD results. The results are post-processed by another 

software to compute output parameters of interest. The output parameters are automatically passed to a design-of-

experiments software that makes a decision whether or not to add more design points.  

Recently, Briones et al. [10,11] conducted an automated design optimization study on a bulk high-swirl cavity-

stabilized combustor utilizing the abovementioned automated methodology. There were nine independent input 

parameters based on geometric control variables with five output parameters. An iterative design of experiments 

(DOE) with recursive Latin Hypercube Sampling (LHS) was performed first to filter the most important input 

parameters. Four output parameters were filtered out and five output parameters were subsequently used for the 

adaptive multiple objective (AMO) optimization. An initial population was created first using Optimal Space Filling 

(OSF). AMO refines near the best design points and converges when a large percentage of the number of design points 

per iterations are within the Pareto frontier. The AMO algorithm provided a candidate design point with the lowest 

weighted objective function. This design point was verified through CFD simulation. The CFD results matched nearly 

perfectly those of the AMO response surface (RS). The combined filtering and optimization procedures improve the 

baseline design point in terms of pattern and profile factor. The former halved from that of the baseline design point 

whereas the latter turned from an outer peak to a center peak profile, closely mimicking the ideal profile. The exit 

swirl angle favorably increased by 25%. The averaged exit temperature and the total pressure losses remained nearly 

unchanged from the baseline design point. 

In this work we present an automated CFD optimization study for a complex subsonic small-scale cavity-

stabilized combustor design. There are fifteen input control variable design parameters. These fifteen design 

parameters correspond to geometric changes of the combustor. A multi-objective optimization is performed employing 

three output parameters (i.e., maximum exit temperature, average exit temperature, and total pressure losses). The 

purpose of this study is to perform an automated CFD optimization study for a subsonic small-scale cavity-stabilized 

combustor conceptual design. The specific objectives are: (1) to perform an optimization study for a “drop-in” 

combustor replacement of a small-scale engine; (2) and to improve the optimization methodology. 

 

II. Physical-Numerical Model 

A. Physical Model 

Incompressible steady multi-phase three-dimensional simulations of a subsonic small-scale cavity-stabilized 

combustor are performed using the Realizable k- RANS model with an adiabatic diffusion flamelet/progress variable 

(FPV) combustion model. The model is second-order accurate in space. Turbulence-chemistry interaction is tabulated 

a priori in a pseudo tetra-dimensional table as a function of the first two moments of mixture fraction and progress 

variable. Beta-presumed probability density functions (PDFs) are used for the mixture fraction and progress variable. 

The products of these marginal PDFs are employed for the joint probability of low-dimensional manifold variables. 

This is used to convolute the thermochemical properties and any Favre-averaged thermochemical variable such as 

temperature and species mass fractions. A single-component surrogate species (n-C12H26) is used as fuel, which in 

turn is injected as a hollow liquid spray. The discrete phase model allows for the liquid to exchange mass and 

momentum, while latent heat of vaporization is considered negligible. 

The geometry of the cavity-stabilized combustor is illustrated in Figure 1. The combustor contains several air jet 

groups to potentially induce recirculation zones in the cavity, enhance fuel/air mixing, increase flame stability, and 

dilute high temperature zones. There are 32 cavity forward driver jets, 32 cavity aft driver jets, 8 outer liner jets, and 

two rows of 8 staggered inner liner jets. Because of the periodicity of the combustor, only a 45° sector is modeled. 

The inlet conditions for all air jets are set to total (stagnation) pressure of 396.541 kPa (57.532 psia), total temperature 
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of 224 °C (435 °F), and turbulence intensity of 5%, and the ratio of turbulent-to-laminar viscosity is prescribed to be 

10. The outlet targeted mass flow rate is 0.695 kg/s (1.533 lbm/s) for the full annular combustor. The CFD solver 

automatically computes mass flow rate distributions among the various air inlets. Liner effusion cooling is modeled 

via volumetric mass source terms along all liner surfaces. Cavity liner, outer liner, and inner liner cooling authorities 

are fixed at 0.020485(0.10), 0.030728 (0.15), and 0.030728  kg/s/m2/atm (0.15 lbm/s/ft2/atm) respectively; thus, liner 

cooling mass flow could vary linearly with changes in liner surface area. The global equivalence ratio ( is 0.341. 

B. Geometric Input or Design Parameters 

Figure 1. Schematic of the subsonic small-scale cavity-stabilized combustor baseline geometry. The fifteen input 

parameters are indicated and correspond to those listed in Table 1. The dilution jet axial locations (P9 and P14) 

are defined relative to the combustor exit plane. 

 

Fifteen geometric input parameters are employed as illustrated in Figure 1 and described in Table 1. These fifteen 

input parameters are chosen based on engineering judgment and previous experimental studies of trapped vortex 

combustors [12,13,14]. There are thirteen air inlet parameters including jet diameters, jet locations, chute aspect ratio 

and inclination, one geometric parameter for the cavity axial length, and one parameter for the fuel injector location. 

The input parameters’ upper and lower bounds are spread as far as possible – constrained by reasonable manufacturing 

limitations. Some input parameter bounds exhibit constant values, whereas others are dependent on another input 

parameter. The input parameter dependencies are used to avoid unrealizable geometries and maximize the explored 

design space. For example, the positioning of the outer liner dilution jets (P9) should not collide with the cavity axial 

length (P3). Hence, the outer liner dilution jet range is more restricted in the axial direction when the total cavity 

length is larger. 

Table 1. Input parameters and their respective baseline values and lower and upper bound constraints.  

Indices Input Parameters Baseline (DP0) Lower Bound Upper Bound 

P1 Cavity forward driver jet radial location [cm] 6.287 4.183+P4/2 6.522-P4/2 

P2 Cavity aft driver jet radial location [cm] 5.184 4.399+P5/2 6.522-P5/2 

P3 Cavity length [cm] 3.309 1.651 4.953 

P4 Cavity forward driver jet diameter [cm] 0.297 0.203 
2P1/121.92-

0.203 

P5 Cavity aft driver jet diameter [cm] 0.330 0.203 
2P2/121.92-

0.203 
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C. Output Parameters 

The most important combustor design output parameters are total pressure losses (TPL), combustion efficiency 

(𝜂), pattern factor (PF), and profile factor (PrF). In this study, we track three output parameters because the profile 

factor is based on experimental measurements and it is not readily available. The equations for TPL, 𝜂, and PF are 

given below. 

𝑇𝑃𝐿 =
𝑃𝑇,𝑖𝑛𝑙𝑒𝑡 − 𝑃𝑇,𝑒𝑥𝑖𝑡,𝑎𝑣𝑔

𝑃𝑇,𝑖𝑛𝑙𝑒𝑡
× 100 

𝜂 =
ℎ𝑒𝑥𝑖𝑡,𝑎𝑣𝑔 − ℎ𝑖𝑛𝑙𝑒𝑡

ℎ𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚 − ℎ𝑖𝑛𝑙𝑒𝑡
× 100 =

𝑇𝑒𝑥𝑖𝑡,𝑎𝑣𝑔 − 𝑇𝑖𝑛𝑙𝑒𝑡

𝑇𝑒𝑞𝑢𝑖𝑙𝑖𝑏𝑟𝑖𝑢𝑚 − 𝑇𝑖𝑛𝑙𝑒𝑡
× 100 

   𝑃𝐹 =
𝑇𝑒𝑥𝑖𝑡,𝑚𝑎𝑥−𝑇𝑒𝑥𝑖𝑡,𝑎𝑣𝑔

𝑇𝑒𝑥𝑖𝑡,𝑎𝑣𝑔−𝑇𝑖𝑛𝑙𝑒𝑡
 

TPL is tracked as represented in the above equation. The combustion efficiency reaches unity when the averaged 

exit temperature of the combustor matches the equilibrium temperature computed from the global equivalence ratio. 

Therefore, the averaged exit temperature is used as proxy for the combustion efficiency. The pattern factor (PF) 

requires knowledge of both the maximum exit temperature and averaged exit temperature. Since the latter is already 

used as a proxy, the former can be used as a proxy of the pattern factor (PF). The maximum and average exit 

temperatures can be used to calculate 𝜂 and PF a posteriori.  

In previous studies [10,11], the maximum exit temperature (𝑇𝑒𝑥𝑖𝑡,𝑚𝑎𝑥) has been computed over the entire exit plane 

of the combustor. This procedure leads to relatively high pattern factors that are probably not representative of 

experimental counterparts. In an attempt to more consistently model the pattern factor, the exit plane is divided into 

18 sections. The exit temperatures are averaged separately over these 18 sections and then the maximum temperature 

((𝑇𝑒𝑥𝑖𝑡,𝑚𝑎𝑥) is calculated thereby spatially averaging local high-temperature regions. The reasoning for dividing the 

exit plane into 18 (3-4 x 1.5 mm) sections is to approximate industry standards for pattern factor measurements. The 

sections represent 18 gas emission probes placed at the exit of the combustor. Typically, these probes have a 1 mm 

diameter choked inlet; however, the free stream is less than Mach 0.2 at the combustor exit, which results in an 

equivalent stream-tube diameter of approximately 3-4 mm. Figure 2 depicts the comparison of the temperature 

distribution from a single exit plane and an 18-section exit plane. The latter procedure will be used in this investigation. 

P6 Fuel injection radial location [cm] 6.012 4.183 6.421 

P7 Inner dilution jet diameter [cm] 0.650 0.203 1.303 

P8 Outer dilution jet diameter [cm] 0.650 0.203 1.303 

P9 Inner/Outer dilution jet axial location [cm] 3.208 0.635+(P7+P8)/4 7.048-P3-P8/2 

P10 Chute angular width [°] 22.410 4.190 31.910 

P11 Chute inclination angle [°] 10 -20 20 

P12 Chute height [cm] 0.713 0.203 1.303 

P13 Chute radial  location [cm] 3.649 2.778+P12/2 4.081-P12/2 

P14 Forward dilution jet location [cm] 5.979 7.048-P3+P15/2 8.255-P15/2 

P15 Forward dilution jet diameter [cm] 0.650 0.203 1.303 
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Figure 2. Illustration of temperature distribution on the (left) unmodified exit plane and (right) 18-section exit 

plane. A 45° slice of the full annular combustor geometry is shown. 

D. Adaptive Mesh Refinement 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 3. Sequential centerplane cut-cell mesh overlying the normalized progress variable contour. Four level 

adaptive mesh refinement (AMR) process on the 0.64 mm initial maximum grid size mesh applied to the 

baseline design (DP0). 
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Numerical simulations are performed on cut-cell meshes with ten boundary layers. The initial cell sizes vary from 

design point to design point. For instance, the initial mesh count (with scalable wall functions) is between 0.5 million 

cells for a maximum cell edge size of 0.64 mm and about 3.2 million cells for a maximum cell edge size of 0.32 mm. 

For enhanced wall treatment (EWT), which resolves the turbulence all the way to the wall, the cell count is about 1 

million cells when a maximum cell edge size of 0.64 mm is used. An adaptive mesh refinement (AMR) is performed 

using the curvature of the normalized progress variable as the indicator for refinement. The progress variable is ideal 

for AMR because its values are bound between 0 and 1. The progress variable is also related to temperature because 

a progress variable of unity indicates equilibrium temperature. Thus, large progress variable curvature indicates large 

temperature curvature. The AMR refines the cells when the normalized progress variable curvature is above 0.1. In 

this study, 0, 2, 4, and 6 levels of refinement (LR) are explored. Figure 3 illustrates AMR progression (from A to D) 

of 4 levels of refinement for the baseline design (DP0) on the 0.64mm initial grid. The chutes, the dilution jets and the 

walls close to the cavity exhibit large mesh refinements. Near the chutes, many cells are added, but the progress 

variable curvature region shifts downstream with the progression of simulation. Perhaps, coarsening should have been 

considered to remove cells when the large progress variable curvature is no longer present. 

E. Wall Turbulence Model 

Two main approaches are available for modeling turbulence in the boundary layer near walls when utilizing 

RANS computations. Scalable wall functions (SWF) model the wall-adjacent velocity through semi-empirical 

correlations based on flow over a flat plate. On the other hand, the enhanced wall treatment (EWT) is a more physically 

meaningful turbulence model because it resolves the turbulence down to the viscous sublayer. Hence, EWT requires 

Y+ values close to unity. However, decreasing the maximum Y+ value reduces the cell sizes and increases the total cell 

count of the mesh when compared to SWF. Thus, the choice of a turbulence wall model affects the accuracy of the 

output parameters and the runtime. In order to study these trade-offs, results from both wall models are compared. 

 

III. Optimization Setup 

Adaptive multiple-objective (AMO) optimization is used to find the Pareto frontier of the design space and to 

identify optimal designs.  ANSYS Workbench [15], DesignXplorer [16], DesignModeler [17], ANSYS Meshing [18], 

Fluent [19,20] and CFD-Post [21] are utilized. 

A. Subspace Grid Sensitivity Study 
As previously mentioned, 15 geometric input parameters are used in this optimization study. A comprehensive 

grid convergence study is needed a priori to ensure that all results obtained during the optimization process are 

numerically resolved. A full factorial study of the 15 input parameters results is an impracticable amount of variations 

in the combustor geometry for a grid convergence study. In order to decrease the number of geometries investigated 

in the grid convergence study only three input parameters are chosen for variation, viz., forward driver jet radial 

location (P1), aft driver jet radial location (P2), and cavity length (P3). It is hypothesized that these three parameters 

are the most likely to cause significant changes in the objective function outputs. As shown in Figure 4 the design 

subspace is defined by 8 corners of a cube that represent the most extreme configurations of the geometry within the 

design bounds. Grid convergence studies are conducted at these eight corners of the design subspace since robustness 

and accuracy issues are most likely to occur here. If grid independence is achieved at these extreme configurations it 

is likely that the chosen mesh configuration will suffice for other regions in the design space as well. But, this in itself 

is not guaranteed and as such the final optimal design point(s) chosen by the optimizer will be checked for grid 

independence again. 
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Figure 4. Three geometric input variables that result in the largest changes in terms of objective function values. 

Corner points (bounds of the design space) are chosen as the extreme values of inputs for the chosen geometries. 

B. Adaptive Multiple Objective (AMO) 

The adaptive multiple objective (AMO) approach is utilized to find optimal values of the input parameters. This 

procedure combines a Kriging response surface (RS) with the Multiple Objective Genetic Algorithm (MOGA). The 

Kriging RS reduces the number of required CFD simulations by taking advantage of the cheap RS evaluations. The 

flowchart in Figure 5 illustrates the employed AMO algorithm. The initial sample size is set to 32 which are generated 

by an Optimal Space Filling (OSF) algorithm. Each optimization iteration adds 16 new samples using MOGA. In 

MOGA, the probability for crossover is set to 98% and for mutation to 1%. The crossover combines chromosomes 

(i.e., sequence of input parameters) of two parents to obtain two offspring. The reasoning behind crossover is that the 

recombination of input parameters of two parent design points would lead to a superior offspring design point. After 

the offspring design points have been generated they could undergo mutation. This alters one or more input parameters 

(i.e., chromosomes) from their initial state. An offspring that displays a new input parameter value within its 

chromosome ultimately enhances the gene pool. The mutation may lead to a better solution by avoiding stagnation at 

a local extremum.  

AMO checks for the error of each new design point with the current RS. If the error is acceptable, the design point 

is evaluated on the RS. If it is not acceptable, the process (i.e., geometry and mesh generation, CFD simulation, and 

objective function computation) is repeated to improve the RS. Subsequently, a convergence criteria is checked. 

Convergence is achieved when 99% of the design points in the last iteration fall within the Pareto frontier. The meta-

simulation also stops if the maximum number of iterations (20) is reached. NSGA-II (Non-dominated Sorted Genetic 

Algorithm-II) [22] is used for sorting the non-dominated Pareto front. More detailed information of AMO can be 

found in [10,11,16]. 
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Figure 5. Flowchart of the Adaptive Multiple Objective (AMO) algorithm.  
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C. Objective Functions 

Based on the output parameters described in section II-C, three objective functions and two constraints are defined 

and presented in Table 2. The total pressure losses are minimized because it is always a combustor design goal to 

achieve high mixing with low total pressure losses. We also minimize the maximum exit temperature (𝑇𝑒𝑥𝑖𝑡,𝑚𝑎𝑥) 

because as 𝑇𝑒𝑥𝑖𝑡,𝑚𝑎𝑥  increases, the pattern factor increases, which adversely affects the downstream turbine stator and 

rotor. The averaged exit temperature is maximized in order to increase combustion efficiency (𝜂). In addition, the 

averaged exit temperature is constrained to be greater than 1200 K, which corresponds to 𝜂 > 82.4%. This constraint 

is implemented for two reasons. First, design points need to be removed from the Pareto frontier when the flame is 

not established or flame blowout occurs because these would exhibit lower TPL (due to lack of Rayleigh losses) than 

their burning design point counterparts. Second, there is no need for the optimization process to consider design point 

refinement near low combustion efficiency design points. Furthermore, the numerical model uses pressure inlet and 

targeted mass flow rate outlet boundary conditions. Hence, the mass flow rate is not necessary fixed at the exit, but it 

is relaxed from the mean. Therefore, to ensure that all design points are at the same operating conditions a mass flow 

rate constraint is imposed that allows the equilibrium (ideal) exit temperature to vary ±50 K, which corresponds to 

equivalence ratios () from 0.32 to 0.37. 

 

Table 2. Objective functions and constraints. 

IV. Results and Discussions 

A. Grid Sensitivity Study Results 
The results of the subspace grid sensitivity study are presented and discussed here. The mesh sensitivity is 

performed in eight extreme corners of the hyper-cube presented in Figure 4. Simulations are performed using scalable 

wall functions with 0, 2, 4, and 6 levels of refinement (LR) with an initial maximum cell size of 0.64 mm. Grid 

independence requires that the values of the objective output parameters stay within a margin of acceptable variance 

across large cell count changes. It is for this reason that the following figures show the cell count in addition to the 

objective output parameters. The grid sensitivity is analyzed in terms of total pressure losses (TPL), maximum exit 

temperature, averaged exit temperature, and pattern factor (PF). Figure 6 illustrates these quantities for the subspace 

corner points at the various refinement levels. The TPL are between 2.5% and 4% which is encouraging given that 

typical combustors operate at 3-5%. The maximum exit temperature is below 2000 K, but not lower than the air inlet 

temperature. Note that design point DP4 blew out for the more refined meshes. The averaged and maximum exit 

temperatures are below 1350 K (i.e., equilibrium temperature). For a combustor with equal average, exit, and inlet 

temperatures (blowout) the pattern factor goes to infinity. Overall, relatively small variations are observed among the 

objective output parameters, except for the pattern factor and the results for DP4 (0 LR vs. 2, 4, and 6 LRs). In general, 

the cell count triples from 0 to 2LR for all design points and doubles from 2 to 4 LR. From 4 to 6 LR, the mesh cell 

count remains nearly constant and in some instances it even decreases.  

Figure 6 also illustrates the objective output parameter variance between refinement levels. The variance in total 

pressure loss (TPL) is between 25% (DP4) and about 2.5% (DP3) for the 0 vs. 2LR. Note the high variance of DP4 is 

due to blowout. Comparing 2LR to 4LR shows a variance in the TPL between 2.5% and about 5% while the 

comparison of 4 to 6LR varies from 9% to 2.5%. The maximum exit temperature variance is below 10% for all higher 

level refinement levels (4 and 6LR). For 0 to 2LR the differences in some of the design points are quite large (on the 

order of 20% or higher). The average exit temperature has a small variance for all design points (excluding DP4 

blowout) on the order of 1% to 8%. The pattern factor can vary substantially anywhere from 10% to over 100%. The 

pattern factor (PF) displays large variations even though the maximum and averaged exit temperatures exhibit 

reasonable variations. Grid independence of TPL, maximum exit temperature, and averaged exit temperature can be 

observed for 2 vs. 4 levels of refinement. 

Indices Output Parameter Objective Type Constraint 

1 Total Pressure Loss (TPL) Minimize  

2 Max Exit Temp. (𝑇𝑒𝑥𝑖𝑡,𝑚𝑎𝑥) Minimize  

3 Ave. Exit Temp. (𝑇𝑒𝑥𝑖𝑡,𝑎𝑣𝑔) Maximize 𝑇𝑒𝑥𝑖𝑡,𝑚𝑎𝑥 > 1200𝐾 

4 Mass Flow Rate (�̇�) None 0.087 ≥ �̇� ≥ 0.079𝑐 (kg/s) 
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Figure 6. Objective output parameters and cell count bar chart for each design corner of the subspace discussed 

in the context of Figure 4. Results are based on a cut-cell mesh with four separate levels of mesh refinement (i.e., 

0, 2, 4, and 6). Absolute values (top) and relative values (bottom) are presented. 
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An additional grid independence check is performed at a smaller grid size to 0.32mm for 2 vs. 4 levels of 

refinement.  Figure 7 presents these results in terms of objective output parameters and cell count. It shows that a 

finer initial mesh has similar objective output parameter values compared to the initially coarser mesh at both 2 and 

4LR. The pressure losses vary from 2.5% (DP4 blowout) to 4%. The maximum exit temperature is anywhere from 

1600K to 1850K and the averaged exit temperature shows a range from 1100K to 1250 K. The pattern factor values 

vary between 0.1 and 0.9 across the design subspace. It is clear that by decreasing the maximum initial cell size the 

total cell count is increased substantially. The initial coarse mesh has about 0.5 million cells, whereas the finer mesh 

has about 1.2 million cells. After the adaptive mesh refinement the cell count dramatically increases above the values 

of the base mesh. For 2LR, the cell count after refinement varies from 5 million cells (DP2) to 19 million cells (DP5). 

The 4LR meshes are ranging from 8 million (DP7) to 25 million cells (DP5). 

 Figure 7 also illustrates the variance for pressure losses, maximum and average temperature, pattern factor, and 

the cell count of each mesh. For total pressure losses, the variance is within the range of 2.5% to 5.5% for the 4LR 

and 2% to 14% for the 2LR run. The maximum exit temperature varies from 2.5% to 10% for the 2LR base mesh 

comparison and 3 to 11% for the same comparison on the 4LR mesh. Averaged exit temperature varies from 1% to 

10% for the 2LR comparison and from 2.5% to 6% for the 4LR comparison. The pattern factor differences are much 

larger and vary by at least 20% for all 2LR runs, the 4LR run has a low variance on DP6 and DP7 (2.5% – 5%) but a 

high variance on all others.  
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 Figure 7. Objective output parameters and cell count bar chart for each design corner of the subspace 

discussed in the context of Figure 4. Results are based on a cut-cell mesh with two separate levels of mesh 

refinement (i.e., 2 and 4) and two initial maximum grid size (0.64mm vs. 0.32). Absolute values (top) and relative 

values (bottom) are presented.  

 

 In summary, Figure 6 and  Figure 7 show that the objective output parameters after 2LR are mesh dependent, 

whereas the results after 4LR indicate that an initial maximum grid size of 0.32mm leads to a mesh independent 

solution when allowing a 10% maximum variation. Despite attempts to improve the accuracy and robustness of the 

pattern factor calculations the values still show high fluctuations when varying the mesh density. It is hypothesized 

that the variance in the maximum and average exit temperatures when combined to compute the pattern factor, along 

with a non-negligible covariance term, increase the pattern factor variance to unusable values. For these reasons, the 

pattern factor is too mesh-dependent for this optimization study and the maximum exit temperature is used as a proxy 

for the pattern factor as discussed previously.  

B. Scalable Wall Functions vs. Enhanced Wall Treatment 
The results shown in Figure 8 compare both SWF and EWT turbulence wall models on an initial maximum cut-

cell grid size of 0.64mm with 4LR. The TPL varies from 2.5% (DP4 blowout) to 4% (DP2). The variance, however, 

between both models is less than 10% for all design points. The maximum exit temperature is between 1500 and 1850 

K, while the averaged exit temperature ranges from 1100 to 1250 K. The associated variances are less than 11%. 

 Marginal changes in the average exit temperature are observed between the two turbulence wall models. The 

pattern factor shows large variations from 0.1 to 1.1 for all design points (disregarding the DP4 blowout scenario). 

The EWT model which reduces the cell size near the wall produces mesh sizes from 5 to 10 million cells for all design 

points. In comparison, the SWF model produces cell counts of 2.5 to 7.5 million. Figure 8 also shows the variance of 

the objective output parameters and the cell counts for the two turbulence wall models. For the average exit 

temperature, the variances are less than 5% for most design points and for DP3, DP6 and DP8 the variance is less than 

2%. The pattern factor (PF) values exhibit once again large variances.  
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Figure 8. Objective output parameters and cell count bar chart for each design corner of the subspace discussed 

in the context of Figure 4. Results are based on an initial maximum grid size cut-cell mesh of 0.64mm and 4LR 

calculated with two turbulence wall models.  
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Marginal changes in the average exit temperature are observed between the two turbulence wall models. The 

pattern factor shows large variations from 0.1 to 1.1 for all design points (disregarding the DP4 blowout scenario). 

The EWT model which reduces the cell size near the wall produces mesh sizes from 5 to 10 million cells for all design 

points. In comparison, the SWF model produces cell counts of 2.5 to 7.5 million. Figure 8 also shows the variance of 

the objective output parameters and the cell counts for the two turbulence wall models. For the average exit 

temperature, the variances are less than 5% for most design points and for DP3, DP6 and DP8 the variance is less than 

2%. The pattern factor (PF) values exhibit once again large variances.  

Figure 9 shows some example Y+ values derived from the EWT computations on the 0.64mm initial mesh with 

4LR. Near-unity Y+ is only found on the forward and top cavity walls. The Y+ value is at least 10 near the outlets and 

the fuel injector location. The potential accuracy gains of using EWT over SWF is reduced in these areas. In other 

words, the accuracy benefits from EWT may not necessarily outweigh the cost/run-time increases compared to SWF 

in the optimization process 

Figure 9. Y+ wall contours for (left) DP1 and (right) DP5 for an initial maximum grid size of 0.64mm resolution 

cut-cell mesh with 4 levels of refinement using the Enhanced Wall Treatment (EWT) turbulence wall model.      

 

The purpose of this comparison is to determine the objective output parameters dependency on the turbulence wall 

model used during the optimization. It is shown that the variance between the wall models is within the threshold for 

all objective outputs (disregarding pattern factor). The SWF model provides sufficient accuracy for the objective 

outputs while minimizing the cell counts and run cost. In addition, the Y+ values for EWT are not unity over all surface 

areas. For these two reasons the optimization study utilizes the SWF turbulence wall model for all simulations in this 

paper.  

C. Initial Sampling (AMO Training Data) 
The primary purpose of this work is to identify the optimal combustor design within the design space. Figure 10 

illustrates the combustor design points visited by the optimizer during its initial seeding process. The red line shows 

the points visited by the optimizer and the black lines indicates the input parameter bounds given in Table 1. The 

optimization model is set to produce 32 initial optimization seeds to explore the feasible design space. The AMO 

generates design points which span the design space prescribed by Table 1. The AMO algorithms clearly satisfy the 

constant and non-constant (cross-correlated) input parameter bounds.  



15 

 

 

Figure 10: Initial sampling for generating the AMO training data. The thick black lines represent the input 

parameter’s upper and lower bounds, and the red lines represent the design point input parameter value. Each 

subplot is titled with its respective input parameter indices listed in Table 1. The vertical axis refers to the 

absolute values of the input parameters and the horizontal axis refers to the number of the design point. 

D. Pareto Frontier 

Nineteen design points are created in addition to the thirty-two initial ones via the AMO framework described 

previously, resulting in fifty-one total design points visited by the optimizer. As illustrated in Figure 11 there are nine 

non-dominated solutions creating the Pareto frontier while all other design points are either unfeasible or dominated. 

The former are those design points that do not satisfy constraints, whereas the latter are design points that suffice any 

constraint but are not non-dominated points. Based on our classification discussed in the context of Table 2, most 

design points (indicated by green dots) are infeasible with poor combustion efficiency. The red and blue dots indicate 

dominated and non-dominated design points, respectively. The pressure contour indicates large variation in pressure 

losses from 1.6% to 12.8%. The non-dominated design points are found in the regions of pressure losses less than 5%. 

The utopic point (yellow dot) is not attainable, but is characterized by perfect combustion efficiency (𝜼 = 𝟏𝟎𝟎%) and 

perfect pattern factor (PF = 0), i.e., 𝑻𝒆𝒙𝒊𝒕,𝒎𝒂𝒙=𝑻𝒆𝒙𝒊𝒕,𝒎𝒂𝒙 = 𝟏𝟑𝟓𝟎𝑲 Note that the utopic point is only characterized in 

terms of maximum and averaged exit temperature and not on total pressure losses. Qualitatively, the utopic point 

would not exhibit Rayleigh pressure losses. DP23 is relatively close to the utopic design point and exhibits a superior 

combustion efficiency and pattern factor compared to the baseline design point (DP0) with minimal increase in total 

pressure losses.  
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Figure 11: Combustor design point space in terms of output parameters. The blue, read, and green dots 

represent the Pareto Frontier, dominated, and unfeasible design points, respectively. The yellow dot represents 

the utopic design point. The magenta dashed line indicates when the maximum exit temperature is equal to the 

averaged exit temperature.  

E. Discussion of Baseline vs. Optimum Design 
Before comparing the baseline (DP0) with the chosen optimum design point (DP23), these design points need to 

be evaluated with a grid sensitivity study. A simulation with initial grid size of 0.64 mm and 4LR is run and the results 

are compared in Figure 12. The figure shows that the cell count between 2LR and 4LR changes significantly for both 

DP0 and DP23, while the changes in all output parameter values are averaged at approximately 3.3%. Thus, the design 

subspace grid sensitivity study discussed in the Grid Sensitivity Study section is effective at producing meshing 

strategies which yield grid independent results. 

 

Figure 12. Optimum (DP23) and baseline design points (DP0) grid sensitivity studies, comparing results 

between 2LR and 4LR. The initial maximum grid size is 0.64 mm and Scalable Wall Functions (SWF) are used. 

Utopic point 

DP23 
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Table 3 shows the percent difference between both design points for all 15 input parameters. Contrary to DP0, which 

exhibits a cavity forward jet (P1) located radially outward from the cavity aft jet location (P2), DP23 inverts the radial 

locations of these two driver jets as illustrated in Figure 13. The latter design also increases these driver jet diameters 

(P4 and P5). The change in cavity length (P3), fuel injection location (P6), and inner dilution jet diameter (P7) between 

DP0 and DP23 are marginal. In DP0, the fuel injection location (P6) is found radially inward with respect to the 

forward driver jet (P1). On the other hand, for DP23 the fuel injection location (P6) is located radially outward with 

respect to the forward driver jet (P1). The outer dilution jet diameter (P8) decreases for DP23, while the location of 

both inner and outer dilution jets (P9) are shifted upstream. The chute and forward dilution jet geometry are greatly 

different between DP0 and DP23. For the latter, the chute is less inclined (P11) and is smaller (P10 and P12) than for 

the former and closer to the combustor axis of revolution (P13) (cf. Figure 13). The forward dilution jet diameter (P15) 

increases drastically and shifts upstream (cf. Figure 13). These geometrical changes lead to greater averaged exit 

temperature for DP23 than for DP0 with lower maximum exit temperature and marginal increase in total pressure 

losses. The mass flow rates between the two design points are nearly identical. The pattern factor for DP23 is expected 

to decrease by 38%, while the combustion efficiency improves by 3.2%. 

 

Table 3: Comparison of geometric input parameters, output parameters and derived output parameters 

between baseline design point (DP0) and optimum design point (DP23). For the dilution jets the axial locations 

(P9 and P14) are based on the combustor exit plane. 

 Parameters DP0 DP23 Diff. (%) 

P1 Cavity forward driver jet radial location [cm] 6.289 5.298 -15.8 

P2 Cavity aft driver jet radial location [cm] 5.184 5.751 10.9 

P3 Cavity length [cm] 3.309 3.154 4.7 

P4 Cavity forward driver jet diameter [cm] 0.297 0.406 36.8 

P5 Cavity aft driver jet diameter [cm] 0.330 0.363 10.3 

P6 Fuel injection radial location [cm] 6.012 6.151 2.3 

P7 Inner dilution jet diameter [cm] 0.652 0.632 -2.9 

P8 Outer dilution jet diameter [cm] 0.652 0.576 -11.5 

P9 Inner/Outer dilution jet axial location [cm] 3.208 3.482 8.5 

P10 Chute angular width [°] 22.410 10.460 -53.3 

P11 Chute inclination angle [°] 10.0 6.9 -30.7 

P12 Chute height [cm] 0.713 0.317 -55.6 

P13 Chute radial location [cm] 3.649 3.182 -12.8 

P14 Forward dilution jet location [cm] 5.979 7.302 22.1 

P15 Forward dilution jet diameter [cm] 0.650 0.947 45.7 

 Maximum exit temperature [K] 1413 1387 -1.8 

 Averaged exit temperature [K] 1276 1301 1.9 

 Total pressure losses [%] 3.930 4.160 22.0 

 Mass flow rate [kg/s] 0.0817 0.0815 -0.2 

 Pattern factor 0.170 0.100 -38.0 

 Combustion efficiency [%] 91.300 94.200 3.2 
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Figure 13. Geometric comparison between the baseline and optimum combustor configurations. Changes in 

the chutes, driver jets, and dilution jets between both designs are most evident from this full annular 

perspective. 
 

Finally, Figure 14 presents the comparison between DP0 and DP23 in terms of the center plane temperature 

distribution and color-coded streamlines. DP0 exhibits burning regions close to stoichiometry in large areas of the 

cavity. Burning is also intense close to the inner combustor liner located radially inward from the chute but upstream 

of the dilution jets. Apparently, the aft driver jet streamlines immediately turn to the mainstream flow due to the 

thermal expansion in the cavity. On the other hand, for DP23 the aft driver jets and the forward driver jets interact 

because they are in an offset opposed flow configuration. This driver jet arrangement turns the aft driver jet axial 

momentum into outward radial momentum. This, in turn, overcomes thermal expansion, and the aft driver jet is now 

promoting fuel/air and reactant/products mixing. The large stoichiometric or rich burning regions in DP0 are reduced 

in DP23, which tends to burn at lean premixed conditions. In DP23, the jet departing from the chute no longer 

significantly penetrates the flow field as shown in DP0. Gas temperatures below the chute flow in DP23 are 

significantly lower than in DP0, likely caused by the forward position and larger diameter of the inner liner forward 

dilution jets. The effect of downstream inner and outer dilution jets is to quench the upstream hot gases as in 

conventional combustors.  
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Figure 14: Centerplane temperature distribution (top), and line-of-sight color-coded streamlines (bottom) 

comparisons between the (left) baseline (DP0) and the (right) optimized (DP23) combustor designs. The 

triangles on the top figures indicate the location of the liquid fuel spray.  

VII. Conclusions 

A numerical optimization study has been performed on a subsonic small-scale cavity-stabilized combustor. A 

parametric geometry is created using CAD coupled with a meshing software. The latter automatically transfers meshes 

and boundary conditions to the solver, which is coupled with a post-processing tool. Steady, incompressible three-

dimensional simulations are performed using a multi-phase realizable k- Reynolds-average Navier-Stokes (RANS) 

approach with an adiabatic flamelet progress variable (FPV) combustion model. Fifteen input parameters based on 

geometric control variables and three objective functions based on output parameters are considered: maximum exit 

temperature, average exit temperature, and total pressure losses. The geometric input parameters are varied using an 

adaptive multiple objective (AMO) optimization algorithm. A grid independence study is performed on a design 

subspace using several levels of adaptive mesh refinement (AMR) and initial maximum grid sizes. In addition, two 

turbulence wall models are compared, viz., Scalable Wall Functions (SWF) and Enhanced Wall Treatment (EWT). 

Important conclusions are as follows 

1) Design subspace grid sensitivity studies are performed using 0, 2, 4 and 6 levels of adaptive mesh refinement 

and two initial maximum grid sizes. Four levels of refinement (LR) with an initial maximum grid size of 0.64 

mm is sufficient to ensure grid independence for the three objective functions.  
2) The pattern factor (PF) requires a larger, and in this case unaffordable, mesh size to be grid independent. The 

relatively small changes in averaged and maximum exit temperature are amplified through error propagation 

to yield these large variations in PF. 
3) The Scalable Wall Functions (SWF) and the Enhanced Wall Treatment produce similar results in the design 

subspace, and thus the computationally cheaper SWF approach has been adopted for the design optimization. 
4) The optimization procedure improved the baseline combustor design point in terms of combustion efficiency 

(average exit temp) as well as lowered the maximum exit temperature (corresponds to smaller PF); however, 

it showed a slight but acceptable increase in pressure losses. 
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