
Citation: Wang, S.; Guo, Z. Robust

Optimization of Natural Laminar

Flow Airfoil Based on Random

Surface Contamination. Appl. Sci.

2022, 12, 8757. https://doi.org/

10.3390/app12178757

Academic Editor: Jérôme Morio

Received: 10 August 2022

Accepted: 29 August 2022

Published: 31 August 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

applied  
sciences

Article

Robust Optimization of Natural Laminar Flow Airfoil Based on
Random Surface Contamination
Shunshun Wang and Zheng Guo *

College of Aerospace Science and Engineering, National University of Defense Technology,
Changsha 410073, China
* Correspondence: guozheng@nudt.edu.cn

Abstract: Natural laminar-flow (NLF) airfoils are one of the most promising technologies for extend-
ing the range and endurance of aircrafts. However, there is a lack of methods for the optimization of
airfoils based on the surface contamination that destroys the laminar flow. In order to solve this prob-
lem, a robust optimization process is proposed using the Non-dominated Sorting genetic algorithm-
II (NSGA-II) evolutionary algorithm, and Monte Carlo simulation combined with an aerodynamic
calculation software Xfoil. Firstly, the airfoil is optimized normally and the aerodynamic performance
of optimized airfoil under surface contamination is analyzed. Then, the original airfoil is robustly
optimized under random surface contamination based on the assumption that its locations follow
triangular and uniform probability distributions. Finally, all the optimized results and original airfoil
are compared. It is found that robust optimization reduces the sensitivity of the airfoil to random
surface contamination, hence, improving the robustness of the airfoil. The proposed methods make it
possible to improve the aerodynamic performance of NLF airfoils considering surface contamination.

Keywords: natural laminar flow airfoil; surface contamination; robust optimization; Monte Carlo
simulation; NSGA-II algorithm

1. Research Background

The increase in Reynolds number leads to the forward movement of the transition
point on airfoils. According to experience formula, the friction drag coefficient of turbulent
flow is 3.5 times than that of laminar flow at the Reynolds number 1.0× 106. Hence, the
friction drag is reduced by delaying the laminar flow transition. The National Advisory
Committee for Aeronautics (NACA) first proposed the concept of laminar flow airfoils,
and developed the NACA-6 series airfoils, then began the development of NLF airfoils
in the 1970s. After that, there were many studies on the design and optimization of NLF
airfoils. For example, Yongbin Chen et al. [1] used multi-island, parallel, multi-objective
evolutionary algorithms combined with the eN transition prediction method to optimize
the NLF airfoil shape. Yayun Shi et al. [2] developed a discrete, adjoint-based optimization
framework, and successfully minimized lift-constrained drag of NLF airfoils for a single-
point design and a multi-point design. In addition, Zhong-Hua Han et al. [3] proposed an
efficient global optimization method for NLF wings based on surrogate models, which used
dual N factors for Tollmien–Schlichting and crossflow instabilities prediction. However,
various uncertainties in the use of NLF airfoils directly affects the laminar flow transition
on its surface, so it is difficult to achieve the expected performance in the actual use of
NLF airfoils designed according to only a certain working condition. None of the above
studies take the uncertainties into account. To solve the problem, robust optimization must
be introduced.

Robust optimization is an optimization method considering the impact of uncertainty
compared with the traditional optimization method. It mainly includes sample extraction
method, sensitivity-based method, analytical method, and agent-model-based method,
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among which the sample extraction method has the best optimization effect, but is also
computationally intensive in dealing with complex problems. There are many works in
the field of robust aerodynamic optimization. Jun Tao et al. [4] introduced the principal
component analysis (PCA) deep belief net-work (DBN) based surrogate model for the
robust optimization of the whole aircraft, Xufang Zhang et al. [5] used the genetic algorithm
(GA) algorithm to optimize DU93-W-210 airfoil with the assumption of Reynolds number
and Mach number following normal distribution. Haoran LI et al. [6] used the polynomial
chaos method to improve both the ice tolerance and the cruise performance of an airfoil, in
recognition of the icing parameters’ uncertainty. Most of the robust optimizations for NLF
airfoils only consider the uncertainty of the flight Mach number. For low-speed aircrafts
whose Mach number is less than 0.3 and whose sensitivity to Mach number changes is
not high, so optimizations only based on Mach number cannot play an important role.
Instead, the roughness of the airfoil surface becomes an important factor in laminar flow
transition. However, all the above studies do not take random surface contamination
into consideration.

Surface contamination is usually referred to as the destruction of the laminar flow
characteristics due to the lack of smoothness of airfoils. As shown in Figure 1, the sur-
face characteristics of the unmanned aerial vehicle (UAV) wing demonstrate the obvious
scratches and pits, which usually shift the laminar flow transition point forward and affect
the aerodynamic efficiency of airfoils. There are several studies on this, for example, Mari-
ana Kok [7] experimentally studied the effect of different types of leading edge roughness
on a NACA-633-418 airfoil, Andrei Buzica [8] studied the effect of leading edge rough-
ness on the aerodynamic characteristics of diamond-type wings, while Christian Bak [9]
investigated the effects of roughness bands with different heights.
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Figure 1. Wing surface defects. (a) wing of conventional configuration UAV; (b) wing of flying
wing UAV.

This paper tries to solve the problem of NLF airfoils optimization under surface
contamination, and hopes to obtain an NLF airfoil that works better considering random
contamination affects. The former part is the introduction of basic robust optimization
technology including Xfoil with eN transition, and an optimization method, as well as the
Monte Carlo method. The latter part compares the results of the normal optimization and
robust optimizations.

2. Technical Implementation
2.1. Technical Idea

In this paper, NLF-1015 was selected as the initial airfoil. Then, the statistically
aerodynamic characteristics of the airfoil under specific operating conditions were analyzed
by the combination of an aerodynamic calculation module and uncertainty analysis module.
After this, the optimization algorithm provided the new parameters and the airfoil was
updated using the Class/Shape Transformation (CST) parameterization method. The
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analysis was then carried out by the aerodynamic module and uncertainty analysis module.
Finally, the above processes were repeated until the ending condition was achieved. Figure 2
shows the optimization flow chart.
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2.2. Case Validation

In this paper, Xfoil was used to perform aerodynamic calculations on the airfoils [10].
eN transition prediction method, which is a semi-empirical method based on the small
disturbance theory to solve the O-S stability equation was used to calculate the transition
point. It uses the momentum thickness Reynolds number Req to determine the amplification
factor ñ, whose expression is given in Equation (1), where Reqcrit is the critical Reynolds
number when the boundary layer is first unstable.

ñ =
∫ Req

Reqcrit

dñ
dReq

dReq (1)

When the critical value Ncrit is reached, the laminar transition is considered to happen,
the Ncrit value of this paper is taken as 9 which is generally considered to be close to the
wind tunnel test results [11]. The free transition calculation of Aeropatiale-A airfoil at an
angle of 13.3◦ is shown in Figure 3, the Reynolds number is 2.1× 106.The experimental
data is from the ONERA center F2 wind tunnel [12]. Since Xfoil has a fast computa-
tional speed in aerodynamic calculation using the penal method, this paper chooses to
use it combined with Monte Carlo analysis directly for robust optimization which could
achieve high aerodynamic accuracy, as well as keep the computational cost within an
affordable range.
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2.3. Optimization Method

The NSGA-II algorithm used in this paper is an improvement of the NSGA evolution-
ary algorithm proposed by K. Deb and S. Agrawal [13], which is an efficient multi-objective
optimization algorithm used in aerodynamic optimization [14,15]. The optimization pro-
cesses are as follows: (1) generate an initial population containing N individuals randomly,
(2) calculate the crowding distance among the initial population individuals and perform
a non-dominated sorting, (3) select, crossover, mutate and establish a subpopulation of
size N, (4) merge parent and offspring populations, calculate the crowding distance for
non-dominated sorting to select the best N individuals, and generate a new population, (5)
judge whether the setting number of generations is reached, if not continue the process,
otherwise the algorithm ends and outputs the pareto optimal solution. The parameters
used in the NSGA-II algorithm of this paper are shown in Table 1.

Table 1. Parameter settings of algorithm.

Parameter Value

Population size 12
Crossover rate 0.9

Number of population generations 200
Probability of variation 0.01

2.4. Parameterization Method

CST parameterization method is a frequently used airfoil parameterization meth-
od [16–18] firstly proposed by Kufman [19] in 2008. Its core idea is to modify the class
functions by shape functions which is constructed by Bezier polynomials to describe the
airfoil geometric shape, as shown in Equation (2).

yu = C(x) · Su(x) + x · yTEu
yl = C(x) · Sl(x) + x · yTEl

(2)

where yu and yl are the vertical coordinates of the upper and lower surface of airfoil respec-
tively, the class function C(x) is: C(x) = xN1 · (1− x)N2, for normal airfoils N1 and N2 are
taken as 0.5 and 1. The shape function S(x) is defined as shown in (3), Aui and Ali are the
coefficients to be determined, Si(x) are Bernstein polynomials as shown in Equation (3).

Su(x) =
N
∑

i = 0
Aui · Si(x)

Sl(x) =
N
∑

i = 0
Ali · Si(x)

Si(x) = N!
i!(N−i)! xi(1− x)N−i

(3)
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It distinguishes the orders according to the different orders of Bernstein polynomials.
The eighth-order method is used in this paper, and its’ fitting results to NLF-0215 airfoil
and fitting accuracy are shown in Figures 4 and 5, respectively. It can be seen that the
differences between the fitting airfoil and the original airfoil are less than 1.0× 10−3 times
the chord length, which is an acceptable range.
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2.5. Monte Carlo Method

The Monte Carlo method uses repeated statistical tests to solve physical and mathemat-
ical problems. It describes random variables by probability distribution. During a Monte
Carlo simulation, samples are first randomly selected according to the setting probability
distribution, then the statistical properties, such as the mean as well as the variance of the
samples, are analyzed. It has two sample picking methods: simple random sampling and
descriptive sampling. Simple random sampling randomly distributes the points according
to the probability density within the set range, as shown in the left of Figure 6; x1 and x2
are the two independent variables. The descriptive sampling method divides the random
variables in space according to setting probability firstly, and then distributes points in
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divided space according to uniform distribution. The descriptive sampling method can
greatly reduce the number of points and improve efficiency compared with simple random
sampling, as shown in the right of Figure 6.
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3. Surface Contamination Simulation

We performed the related aerodynamic analysis to obtain further understanding
about the effect of surface contamination. Figure 7 shows the NLF-1015 airfoil, which
is a high-performance natural laminar flow airfoil designed for Reynolds number range
0.8× 106~2.0× 106 [20]. To verify the effects of surface contamination on its aerodynamic
performance, three sets of roughness bands are laid on the upper and lower surface at 0.2,
0.4, and 0.6 times the chord length position. At the same time, we assume that laminar
transition happens once the flow passes through the roughness bands.
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Figure 8 shows the aerodynamic calculation results of the airfoil at Reynolds number
1.4× 106. It can be seen that the minimum drag coefficient of the airfoil becomes signifi-
cantly larger with the forward movement of the roughness bands position, the aerodynamic
efficiency becomes worse too. It directly proves directly that optimizing a NLF airfoil that
can maintain high-performance under the influence of random surface contamination is an
important issue.
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4. Normal Optimization
4.1. Optimization Settings

In order to compare the differences between the results of robust optimization and
traditional airfoil optimization, normal optimization is taken at first. A total of 30% of
the absolute value is taken as the fluctuation range; the parameter ranges are shown in
Table 2, where U1 is the parameters of the upper surface and D1 is the parameters of the
lower surface.

Table 2. Optimized parameter settings.

Parameter Initial Value Range Parameter Initial Value Range

U1 0.16 0.11~0.21 D1 −0.12 −0.16~−0.08
U2 0.35 0.25~0.45 D2 −0.06 −0.08~−0.03
U3 0.09 0.06~0.12 D3 −0.16 −0.20~−0.12
U4 0.62 0.42~0.82 D4 0.00 −0.05~0.05
U5 −0.11 −0.14~−0.08 D5 −0.13 −0.20~0.00
U6 0.84 0.60~1.00 D6 −0.15 −0.20~−0.10
U7 0.06 0.04~0.08 D7 0.11 0.07~0.15
U8 0.49 0.34~0.65 D8 −0.06 −0.08~−0.04
U9 0.42 0.29~0.55 D9 0.30 0.20~0.40

The drag coefficient under the lift coefficient of 1.0 CdCl = 1.0 is set as the optimization
target, and the maximum camber is constrained to less than 0.05 times the chord length
and the maximum thickness more than 0.15 times the chord length, in order to ensure the
structural strength of the 3D wing, as well as to ensure the pitching moment is not too small.
The optimization problem is formulated as follows: finding a suitable set of parameters x
so that,

Objective minCdCl = 1.0(x)
s.t. MaxCamber < 0.5

MaxThickness > 0.15
(4)

4.2. Optimization Results

Figure 9 shows the convergence process of the normal optimization. It can be also seen
that the aerodynamic performance of this optimization basically converges after 500 steps.
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The shape changes before and after normal optimization are compared, as shown in
Figure 10. It is found that the maximum camber and maximum thickness of the airfoil are
basically unchanged, the position of maximum camber is shifted forward by 11%, and the
position of maximum thickness is unchanged. The little there is change indicates that the
original airfoil already has a good performance in a clean configuration.
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Figure 10. Comparison of shape before and after normal optimization.

Table 3 shows the comparison of the aerodynamic performance before and after normal
optimization. CdCl = 1.0 is reduced by 8% and the pitching moment remains the same.

Table 3. Optimized results.

Airfoils CdCl=1.0 CmCl=1.0

Optimized airfoil 0.00585 −0.20
Original airfoil 0.00635 −0.20

Further analysis of the airfoil characteristics before and after optimization is shown in
Figure 11. It shows that the drag coefficient of the optimized airfoil is significantly reduced
in the range of 0.5 to 1.1 in the clean configuration. As a comparison, it is found that the
drag coefficient of the optimized airfoil increases compared with the original airfoil when
the roughness bands is arranged at 0.4 times the chord length, which indicates that normal
optimization is likely to make the aerodynamic performance worse under the same surface
contamination.
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5. Robust Optimization
5.1. Uncertainty Modeling

Uncertainty modeling is the first step of robust optimization, which includes identi-
fying the uncertainty source and selecting the appropriate description. For the problem
studied in this paper, the source of contamination on the airfoil surface is set as the rough-
ness bands, the position of the roughness bands is set as the uncertainty variable of the
problem, and the transition occurs once the roughness bands are passed. The probability
distribution range of the roughness bands is set between 0~0.7 times the chord length, con-
sidering the fact the transition positions of laminar flow airfoil are mostly within 0.7 times
the chord length. Case 1 assumes that the uncertainty variable follows a triangular distri-
bution considering the linear superposition of perturbation which is caused by uniform
surface contamination effects, while case 2 takes a uniform distribution in order to increase
the diversity of the assumptions and the persuasiveness of the final results, as shown in
Figure 12.
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Figure 13 shows the results of 200 sets of roughness bands on the upper and lower
airfoil surface sampled by Monte Carlo descriptive sampling method according to the
triangular distribution, and the corresponding aerodynamic calculation results. It can
be seen that the distribution of sample points is consistent with the assumed probability
distribution. It is also found that the drag coefficient characteristics are strongly associated
with the location of the transition point on the upper surface, which shows an obviously
linear relationship.
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5.2. Optimization Settings

The robust optimization parameter range and optimization algorithm setting are the
same as normal optimization. The main differences are the uncertainties and the number
of optimization targets. Robust optimization needs to optimize the mean and variance of
the drag coefficient when the lift coefficient is 1.0, the maximum camber is set to less than
5% times the chord length, and the maximum thickness is not less than 15% times chord
length, as well as ensure that the friction band distribution satisfies the setting probability
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distribution. The robust optimization can be expressed as follows: finding a suitable set of
parameters x so that

Objective minE[CdCl = 1.0(x)], δ[CdCl = 1.0(x)]
s.t. XupperTran ∈ P(X1 = x1)

XlowerTran ∈ P(X2 = x2)
MaxCamber < 0.5
MaxThickness > 0.15

(5)

where XupperTranXlowerTran are the position of upper and lower friction band, respec-
tively. E[CdCl = 1.0(x)] δ[CdCl = 1.0(x)] are mean and standard deviation of CdCl = 1.0(x).
P(X1 = x1) is the probability distribution of the upper airfoil friction band position x1,
which takes the triangular distribution and the uniform distribution in case 1 and case 2,
respectively, and x2 is the same.

5.3. Triangular Distribution

The upper and lower airfoil roughness bands are triangularly distributed between
0~0.7 of the chord length on the airfoil in case 1. Figure 14 shows the optimization pareto
front marked by the red dots. After trade-offs between the mean and variance of CdCl = 1.0,
the green point is selected as the final optimization results, owing to its’ smallest sum.
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The change in airfoil shape before and after robust optimization can be seen in
Figure 15. The thickness remains the same, the thickness position is shifted forward
by 21%, the maximum camber is reduced by 13%, the camber position is shifted forward
by 61%, and the leading edge radius is slightly increased.

The results of the uncertainty analysis for the original airfoil, the normal optimized
airfoil, and the robust optimized airfoil are compared, as shown in Table 4. It can be seen
that the mean value of robust optimized airfoil’s CdCl = 1.0 is slightly decreased compared
to the original airfoil and the standard deviation is reduced by 47%, while the normal
optimization airfoil only reduces the minimum value of CdCl = 1.0, while the mean and
standard deviation are worse. This indicates that the robust optimized airfoil is less
sensitive to the random effects of surface contamination.
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Table 4. Comparison of optimization results.

Airfoils Mean Standard Deviation Maximum Value Minimum Value

Original 0.0086 0.0019 0.0136 0.0064
Normal optimization 0.0090 0.0022 0.0155 0.0055
Robust optimization 0.0085 0.0010 0.0125 0.0078
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Further aerodynamic analysis of the airfoil is shown in Figure 16, which shows that the
aerodynamic performance of the robust optimized airfoil is inferior to that of original airfoil
in a clean configuration, but after setting the friction band located at 0.4 times the chord
length, the results shows that the robust optimized airfoil is better than the original airfoil
in terms of both the range of the low drag region and the magnitude of the drag coefficient.
This is because the trend of robust optimization considering the surface contamination
is to increase the aerodynamic efficiency at the more forward transition point. Actually,
the upper and lower airfoil transition after robust optimization is at 0.45 and 0.6 times the
chord length, respectively, at a lift coefficient of 1.0, which is closer to the leading edge than
the original airfoil.
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5.4. Uniform Distribution

The upper and lower airfoil roughness bands are set to a uniform distribution between
0~0.7 of the chord length on the airfoil. Figure 17 shows the optimization results with
pareto front marked by the red dots. After trade-offs between the mean and variance
of CdCl = 1.0, the green point is finally selected as the optimization result, owing to its’
smallest sum.
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Comparing the change in airfoil shape before and after robust optimization as shown
in Figure 18, the thickness remains the same, thickness position is shifted forward by 12%,
the maximum camber is reduced by 20%, and the maximum camber position is shifted
forward by 12%.
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The results of the uncertainty analysis for the original airfoil, the normal optimized
airfoil, and the robust optimized airfoil are compared, as shown in Table 5. It can be seen
that the CdCl = 1.0 mean value of the robust optimization result is reduced by 7% compared
to the original airfoil and the standard deviation is reduced by 28%, while the normal
optimization’s mean and standard deviation become worse.

Further aerodynamic analysis of the robust optimization airfoil is shown in Figure 19
which shows that the aerodynamic performance of the robust optimized airfoil is slightly
worse than that of the original airfoil in a clean configuration. After setting the friction
band at 0.4 times the chord length, the robustly optimized airfoil performs better than the
original airfoil in both the range of low drag region and the drag coefficient.



Appl. Sci. 2022, 12, 8757 14 of 15

Table 5. Comparison of optimization results.

Airfoils Mean Standard Deviation Maximum Value Minimum Value

Original 0.0102 0.0025 0.0151 0.0063
Normal optimization 0.0108 0.0027 0.0159 0.0066
Robust optimization 0.0095 0.0018 0.0013 0.0069
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6. Conclusions

This paper firstly proposes a NLF airfoil robust optimization method under random
surface contamination and obtains several new findings, as listed below:

(1) The normal optimization can reduce the minimum value of the drag coefficient under
the set working condition considering the surface contamination, but its mean and
standard deviation deteriorate;

(2) Under the assumption that the surface contamination is triangularly distributed, the
mean value of drag reduces slightly, and standard deviation is reduced by 47% after
robust optimization;

(3) Under the assumption of a uniform distribution of surface contamination, the mean
value of the drag coefficient is reduced by 7%, and the standard deviation is reduced
by 28% after robust optimization.

In general, the airfoil after robust optimization adapts to the random surface con-
tamination better than the original airfoil and normally optimized airfoil, which basically
achieves the objective of this paper. At the same time, it should be noted that the paper
does not quantify the roughness of the friction band and, instead, assumes that laminar
transition happens once the flow passes through the friction band. Considering that the
surface roughness is different for wings made by different materials and techniques, this
assumption does not fully reflect the reality; this will be the direction of future research.
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