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Abstract

Aerodynamic heating of hypersonic flights originates from the action of strong shock and
viscous boundary layer. Accurate prediction of the heating flux is a classic problem in
aerodynamics. Great efforts including theoretical analysis, numerical simulation and wind-
tunnel/flight test, have been devoted to it since the middle of last century, and many empirical
formulas for some typical shapes have been obtained, which have supported the development
of current aerospace engineering. However, formulas of quantitative relationships with more
universal meaning are still lacking, and conventional analytical method is difficult to solve
this problem. In this work, an intelligent optimization method, knowledge based learning
(KBL), is proposed to detect the underlying laws of aerodynamic heating that could unify the
data distribution of different models from different wind tunnels. In KBL, the wind-tunnel
data to be learned are preconditioned and enriched with expert knowledge and numerical
simulation of high fidelity, and then a special genetic programming algorithm is developed to
detect the underlying universal laws of aerodynamic heating. The proposed method has been
applied to two groups of aerodynamic heating data collected from different wind tunnels. One
is of sphere heat transfer, and the other is of a double ellipsoid configuration. The study
indicates that the KBL can discovered concise formulas and is promising for detecting more
universal laws of aerodynamic heating.
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Introduction

Aerodynamic heating of hypersonic flights originates from the action of strong shock and
viscous boundary layer. It is a critical issue to consider when developing a new hypersonic
vehicle [1]. Accurate prediction of the heating flux is a classic problem in aerodynamics.
Great efforts including theoretical analysis, numerical simulation and wind-tunnel/flight test
[5,6,9-11,18-22], have been devoted to it since the middle of last century, and many empirical
formulas for some typical shapes have been obtained.

Early research was mainly based on boundary layer analysis and experimental data fitting.
Empirical formulas are available for many typical configurations. The classical Fay-Riddle
formula can be used in the stagnation area. The surface friction formula of Blasius and the
modified Reynolds analogy can be used in the large-area of laminar flow, and the reference
enthalpy method can be used to consider the effect of high-speed laminar compressibility.
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For the turbulent area, the surface friction formula of Schultz-Grunow, reference enthalpy
methods and Reynolds analogy, or the surface friction formula of Spalding-chi and Reynolds
analogy could be applied. To distinguish the laminar and turbulent flow, Van Driest criterion,
Batt criterion, Dirling criterion, and Bishop criterion could be used to estimate the position of
transition.

With the development of computer and CFD, numerical simulation plays an increasingly
important role in the prediction of aerodynamic heating. However, direct CFD method is
Computationally intensive. Therefore, researchers began to combine theoretical empirical
formulas with simplified CFD (e.g., inviscid CFD) simulations to sketch surface streamlines
and predict the aerodynamic heating. The hybrid method needs less calculation time, and does
work for more complex shapes. For example, the NASA Langley Research Center developed
AEROHEAT into the AA3DBL program based on the theory of three-dimensional
axisymmetric boundary layer. This program can not only predict the heat flow distribution of
the centerline, but also predict the lateral heat flow distribution off the centerline, which can
be used for calculations such as space shuttles, etc. It can be used to calculate the heat flux
distribution of three-dimensional aircrafts like the Space Shuttle. Later, a generalized body-
fitted coordinate system was used to allow boundary layer calculations to be used in
conjunction with inviscid flow field solution methods. Thus, it can be used to solve the heat
flux distribution of any shape of aircrafts.

It is worth noting that people’s pursuit of universal laws of aerodynamic heating will never
stop even if the CFD and computational capabilities become so advanced that heat flux
distribution can be accurately predicted. In fact, CFD is a gray box process. The inputs are
flow parameters (i.e., P, T, V, etc.), mesh grids, turbulence models, boundary conditions, etc.
The output is the heat flux at each point of the grid-nodes or grid-cells, and it cannot directly
depict the intrinsic quantification relationship of heat flux and flow parameters (law of
aerodynamic heating).

Comparing classical mechanics with aerodynamic heating, universal laws that can
quantitatively describe the relationship of different parameters such as Newton's second law
(F=ma) and the law of universal gravitation (F=GMm/r"2) are still lacking.

Of course, it is not easy to obtain such universal laws. For example, Kepler's three laws of
planetary motion (the Law of Ellipses, the Law of Equal Areas, the Law of Harmonies) have
cost Kepler more than 8 years of hard work, based on the set of astronomical observation data
collected by Danish astronomer Tycho Brahe. The discovery of Kepler's three laws has
undergone two phases, knowledge accumulation (relevant theories, observation/experiment
data) and formula extracting.

Comparing the present and the past, the phase of knowledge accumulation has matured. In
fact, many countries have been made great efforts to develop new types of hypersonic
vehicles, and have conducted a large number of wind tunnel experiments and flight tests, and
accumulated a large number of aerothermal data with high-precision [16]. So it is time for the
stage of formula extracting.

Note that extracting universal formulas of aerodynamic heating would be much more difficult.
In fact, the aerodynamic heat flux is a gradient quantity influenced by global parameters, and
it has is strong nonlinearity. Compared to Kepler's law, the formula that can depict the
intrinsic quantification relationship of heat flux and flow parameters must have higher



complexity. For example: the heat flux formula of Fay-Riddell [6], at the stagnation point is
relatively complex:
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As above shown, conventional analytical method of manual deduction is difficult to extracting
laws of aerodynamic heating. Fortunately, artificial intelligence (Al), including genetic
programming [8], big data algorithm, deep learning, has made considerable progress in recent
years, and has been widely concerned and applied [2,3,4,7,13,14,19]. In near future, Al as an
extension of human brain will be an inevitable trend. However, general Al are not suitable for
learning the wind tunnel / flight test data. In fact, compared with the big data obtained through
the Internet (large amount, timeliness and weak correlation), the data of wind tunnel / flight
test can be regarded as a small data with strong correlation characteristics [17]. On the one
hand, it is difficult to carry out a large number of experiments to obtain massive data for each
model. On the other hand, the effects of the parameters on the heat flow are almost
deterministic. Furthermore, even if a general Al method (e.g., deep learning) could give an
accurate model, the neural network is still a gray box, which involves a large number of
coefficients. It cannot give a concise, intuitive, easy to understand law of aerodynamic heating.

In this work, a special Al method, knowledge based learning (KBL), is proposed. In KBL, the
wind-tunnel data to be learned are preconditioned and enriched with expert knowledge and
numerical simulation of high fidelity, and then a special genetic programming algorithm is
developed to detect the underlying universal laws of aerodynamic heating. The proposed
method has been applied to two sets of aerodynamic heating data collected from different
wind tunnels. One is of sphere heat transfer, and the other is of a double ellipsoid
configuration. Study shows that the KBL can discovered concise formulas and is promising
for detecting more universal laws of aerodynamic heating.

Knowledge based learning

In order to detect universal laws of aerodynamic heating using the wind tunnel/flight test data,
both aspects, regarding to data and algorithm, respectively, must be customized. On one hand,
the wind tunnel/flight test data are parameterized, localized, and standardized by CFD, and
enriched and transformed using expert knowledge. On the other hand, general Al algorithm is
specialized to enhance the ability of nonlinear function evolution, dimension analysis, and
interval analysis. Then, the specialized Al algorithm will be used to detect universal laws of
aerodynamic heating using the wind tunnel/flight test data as its training, test, and validation
sets. The sketch could be illustrated as Figure 1.

Data preconditioning

Usually, the information of the heat flux data from wind tunnel tests at different measurement
points is very brief. The test condition parameters involve only the total temperature, the total
pressure and the Mach number. In this way, not only the heat flux data of different models

cannot be compared, but also the data of the same model under different wind tunnels cannot



be directly compared and correlated. For example, it is usual that although the Mach number
of test flows in two wind tunnels is the same, the unit Reynolds number may be quite different.
In this work, CFD simulation is applied to identify the local parameter near the measurement
points (i.e., the parameters on the edge of boundary layer). And then the raw data is extended
with the knowledge of high temperature gas dynamics. For example, the original data (qw, Po,
To, M, a, ...) could be extend to (qw, Cq, St, Ste; P, T, v, Cp, Entropy, gamma, h, k, Levis,
mu, nu, pr, rou, Schmidt, c, thermalDiff, M, Re, Rey).

Law of aerodynamic heating

Obijective: Explicit, concise and quantitative formulas that can depict the intrinsic
guantification relationship of heat flux and flow parameters

Enhanced data Specialized Al algorithms
Preconditioned, comparable data of »  Ability of nonlinear function evolution
different test models under different > Ability of dimension analysis
wind tunnel/flight conditions »  Ability of interval analysis

Data preconditioning Algorithm customization
» Parameterized, localized, and » Improve coding method, evolutionary
standardized by CFD and selection operators
»  Enriched and transformed using »  Hybridize interval mathematics
expert knowledge
Basis Test data Al algorithms

Figure 1. Sketch of knowledge based learning (KBL)

Note that the aim of CFD simulation here is to obtain the macroscopic structure of flow field
and the local parameters of boundary layer outer edge, where the CFD model could be
laminar, or turbulent, the real gas effect might be considered or ignored, according to different
cases. Small errors are supposed to be “commonplace”, since the Al algorithm to be applied is
expect to be capable of handling noise data within some tolerance error. The purpose is
different from both direct CFD simulation of aerodynamic heating and the CFD simulation in
engineering methods. In fact, the CFD simulation in engineering methods should be laminar
to save the computational cost, and the direct CFD simulation of aerodynamic heating is not
only computationally intensive but also has high requirements for Y+ and orthogonality on
mesh grid. Determining the macroscopic structure of flow field and the local parameters of
boundary layer outer edge needs much less CPU time and requires much less on mesh grid. In
fact, during the CFD iteration process, after the macroscopic structure of flow field become
steady, the flow field inside the boundary layer still needs a lot of computation time to get the
right heat flux.

Algorithm customization

According to the data characteristics of aerodynamic heating, it is necessary to improve the
existing artificial intelligence (Al) algorithms in order to carry out intelligent learning. In this



work, general Al algorithm is specialized to enhance the ability of nonlinear function
evolution, dimension analysis, and interval analysis. In fact, the aerodynamic heat flux is a
gradient quality and has strong nonlinearity, which requires the Al algorithm used to have a
good nonlinear function evolution ability. Meanwhile, the aerodynamic heating data are
strongly correlated. The expression of the quantitative relation that reflects the aerodynamic
heating law should be dimensional compatible, so the algorithm needs a certain ability of
dimensional analysis. Finally, the interval analysis ability of the algorithm is also obligatory.
This can not only help the stability of the algorithm, but also give the confidence interval of
the result. The intelligent learning algorithm, which has the capability of nonlinear function
evolution, dimension analysis and interval analysis, is called specialized Al algorithm.

Preliminary applications

Two sets of aerodynamic heating data collected from different wind tunnels are selected to
demonstrate the usage of KBL method. One is of sphere heat transfer, and the other is of a
double ellipsoid configuration.

Formulas learned for sphere heat transfer

The data set consists 530 measurement points distributed on the windward side of a sphere of
radius 0.1 meters. The data are collected under the test conditions of two wind tunnels of
different freestream flows, JF-10 for real-gas flow and JF-12 for ideal-gas flow. The original

data set {(qw(‘);TO“’,PO(‘), M(‘))}j) is parameterized, localized, and standardized using inviscid

CFD simulations, and extended using expert knowledge of high temperature gas dynamics.
The enhanced data set is as follows.

(qw, Cq, St, St,; P, T, v, Cp, Entropy, gamma, h, k, Levis, mu, nu, pr, rou, Schmidt, o
¢, thermalDiff, M, Re, Re, )"

The specialized Al algorithm is then applied to automatically search the best formula to fit the

data, and balance the fitting error, formula complexity and stability. Mean Absolute Error

(MAE), Pearson's correlation coefficient r and the coefficient 1—R? are applied to measure

the goodness of a fitting formula, where 1—-R? = ﬁ. SSE is the Error Sum of Squares of

i=1

observed and predicted values (Z(q?— g”)?), and SST is the Total Sum of Squares of

observed and average values (Z(qf’ -q)%).

Table 1. Aerodynamic Heating Formulas of sphere with boundary layer parameters

Complexity formula MAE r 1-R?
3 q,=k-P, 1.4E5 0.99 0.04
9 q, =k-T,-/P, 5.3E4 0.997 0.006
17 q,=k-(T,)' /P,  3.9E4 0.997 0.006

From Table 1, we can see that the pressure at the edge of boundary layer P, is a key
parameters for aerodynamic heating, and the heat flux is almost linear to the square root of the
pressure, i.e., q, : \/Fe The results indicate that the thickness of boundary layer is also

linear to the square root of the pressure, i.e., J: \/Ee This result might be helpful to study
the development of boundary layer.
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Figure 2. Comparison of observed and predicted heat flux of the sphere under the
conditions of two wind tunnels (with g, =k-(T, )% -\/E), JF-10 and JF-12. The left figure

shows the overall results, and the right figure is the local zoom of the left, results of JF-12
with smaller heat flux

Preliminary results of a double ellipsoid configuration

The data set consists 1044 measurement points distributed on both windward and leeward
side of a double ellipsoid model of length 0.215 meters (see Fig. 3(a)). The data are collected
from two wind tunnels, FD-14A and FD-20, of several tests [12]. For model and experimental
parameter details, please refer to reference [12]. Similarly, the original data set is
parameterized, localized, and standardized using CFD simulations (Fig. 3(a)), and extended
using expert knowledge of high temperature gas dynamics. An enhanced data set is obtained.
Then the specialized Al algorithm is applied to search the best formula automatically to fit the
data, and balance the fitting error, formula complexity and stability. The study shows that the
heat flux could be quantitatively determined by the air’s temperature, pressure, speed at the

outer edge of boundary layers, i.e., q, = f(T,,P,,v,). The learning results are shown in Fig.

3(b). The Pearson's correlation coefficient r is 0.98 and the coefficient 1— R*=0.03. The
explicit expression is omitted here since it is very complicated at this stage due to the
limitations of current Al algorithm. The improvement of Al algorithm and the simplification
of the expression are left for future research.
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Figure 3. KBL of a double ellipsoid configuration




Conclusions

An intelligent optimization method, knowledge based learning (KBL), has been presented to
extract formulas of aerodynamic heating. In KBL, the wind-tunnel data to be learned are
regarded as a small data with strong correlation characteristics. They are preconditioned and
enriched with expert knowledge and numerical simulations. Then the enhanced data are used
to train and validate the candidate formulas in the guide of a special artificial intelligence (Al)
algorithm, which is adapted from general Al algorithm to fit the characteristics of
aerodynamic heating data. The proposed KBL method has been applied to two data sets of
aerodynamic heating from different wind tunnels of different models. The study indicate that
the KBL method is promising for detecting more universal laws of aerodynamic heating.

The basic idea of KBL is using specialized Al algorithm to replace conventional analytical
method of manual deduction. This does make sense, and will be an inevitable trend in the near
future. However, current Al algorithm still needs improving, and the data sets are not merged
together. Furthermore, to get a formula that really matters, the training data set needs more
data from more wind tunnels of more test models. These tasks are left for future studies.
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