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Abstract: One of the most used techniques for reducing drag on blunt bodies when they move at
speeds above the speed of sound are spikes. An important number of numerical works based on
CFD have highlighted the fluid dynamics behind its use, as well as its advantages. However, most
of documentation focuses mainly on modified spike physical properties, while keeping constant
supersonic or hypersonic flow conditions. In this sense, it is necessary to resort to current numerical
techniques as machine learning, which can be obtain the most appropriate technical solution in
compared to the costly iterative simulations that can delay the rapid development and testing of
new aerodynamic configurations. This investigation postulates a specific hypothesis: that the K-
Nearest Neighbours algorithm, renowned for its simplicity and effectiveness in classification
problems, can be extrapolated as a robust tool for predicting drag reduction on spike blunt bodies.
A wide range of Mach number and aspect ratios between blunt body diameter, spike length, and
spike diameter are used for the algorithm dataset. The algorithm presents good predictions of the
coefficient with errors of less than 5% percent, applying a multivariable regression method. Even,
in the vicinity of the hypersonic speed zone, with a minimum of 3 neighbour nodes. The above
validates the flexibility of the method and shows a new area of opportunity for the calculation of
aerodynamic properties in a body moving near or above the speed of sound.

Keywords: K nearest neighbours; aerodynamic drag coefficient; computational fluid dynamics;
spike blunt body

1. Introduction

Topics such as aerodynamic forces easily appear in external flows. Then drag, lift, and lateral
forces can emerge [1]. When a fluid flow moves over a body at speeds higher than the speed of sound,
another issue can be presented, shock waves [2]. This sharp change of pressure can generate high
drag and heat into the front of anybody which moves at supersonic or hypersonic speeds. Many of
the geometries associated with these serious conditions are blunt bodies, e.g., missiles, space shuttles,
and rockets [3-5]. While it is true that streamlined bodies present better performance (i.e., a blunt
body with a rounded or flat front end creates a stronger shock wave than a streamlined body, which
has a pointed front end) blunt bodies are used due to questions of space [6].

Supersonic flow over a blunt body is characterized by shock waves that form on the surface of
the body and propagate downstream from it. In addition to the drag (pressures difference and
viscous effect) and heat (compression of the gas in front of the shock wave) flow separation is
observed. Flow separation occurs when the high-speed gas flowing over an object separates from the
surface of the object, creating a region of low pressure behind it, which deflects the supersonic flow.
The existence of such phenomena damages the body's surface and leads to a loss in aerodynamic
performance [7]. In this sense, several techniques have been developed to reduce the drag in
supersonic flow, including geometric modifications on the object. One of these techniques consists of
an extended body called a spike. A geometric spike is a pointed protrusion that extends from the
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nose of an object and commonly is aligned to the direction of flow [8]. This aerodynamic body allows
control of the flow and prevents separation. The spike creates an oblique shock wave (primary shock
wave) that reduces the strength of the shock wave that originally would be formed on the surface of
the blunt object (secondary shock wave). This primary shock wave reduces the strength of the
secondary shock wave, which in turn reduces the amount of drag generated by the object [9]. The
effectiveness of a spike in reducing drag depends on several factors, including the angle and length
of the spike, the Mach number of the flow, and the shape of the object [10-12] In general, the spike
should be long enough to generate a strong secondary shock wave, but not so long that it creates
excessive drag on its own. It is important to note that the sharp leading edge of the spike also should
be optimized to create the desired shock wave pattern, decrease the heating due to the concentration
of shock waves, and maintain the stability at high speeds. At the same time, the shape of the blunt
object should be designed to minimize the drag generated by the remaining shock wave [8].

Major advances in the understanding of the use of the drag reduction mechanism by spikes have
been produced through experimental and numerical studies, particularly through the CFD [13-16].
However, the fidelity of these works requires high computational resources and time, mainly when
complex geometries or configurations are introduced. In aerospace engineering, rapid innovation is
key and there lies a compelling need for more efficient methods without costly iterative simulations
that may delay the rapid development and testing of novel aerodynamic configurations. In this sense,
it is evident to explore alternative approaches to streamline and accelerate the design process.

In recent years, machine learning (ML) emerges as a promising complementary avenue with its
capacity to learn from and make predictions on data. By harnessing versatile ML algorithms,
attenuating the reliance on continuous CFD simulations is possible, thereby advancing a more
efficient predictive framework for fluid flow phenomena and their effects, including aerodynamic
properties. There are several articles that recognize the advantages and possibilities of machine
learning [17,18]. Research areas of aeronautics [19,20], aeroacoustics [21-23], combustion, resistance
of materials [24,25] and manufacturing have benefited from the application of unsupervised learning.
Particularly on the prediction of aerodynamic coefficients, using Neuronal Networks [26-28] there is
the work of Linse and Stengel [26] applied to aircraft transport, with good results validated with
flight tested data in the early 90's. The dynamic stall effect was performed by Suresh et al. [27] at high
angle of attack again with experimental data. Secco and Mattos [28] studied the aerodynamic
response of transport airplanes. Using a broad dataset generated by CFD simulations they trained a
model and reduce by 4000 times the prediction of drag and lift coefficients. Recently, Ghoteyshi et al.
[29], Wang et al. [30], and Hou et al. [31], successfully tested the viability of these tools.

Despite of these promising methods, their implementation is often difficult due to the inherent
complexities such as the need for extensive hyperparameter tuning, large training datasets, and
advanced understanding of both the fluid mechanics and machine learning domains. In other words,
accurate and accessible models to CFD practitioners without deep ML expertise are scarce. This gap
beckons for a method that strikes a balance between predictive performance and ease of deployment.
Among the many remarkable machine learning strategies, the K-Nearest neighbours (k-NN)
algorithm emerges as a robust predicting tool renowned for its simplicity and effectiveness [32]. The
fidelity of this model is evidenced by its adaptability and scalability, with minimal need for retraining
or extensive parameter adjustments.

The relevance of this work lies in the fact that after the literature review and despite of previous
works have used CFD in combination with k-NN as prediction mechanism, it is not deeply explored
way in supersonic flow ranges or applied to spike blunt bodies. Thereby, this work is aimed to drag
coefficient prediction of a spike blunt body based the k-NN algorithm at velocities above the speed
of sound (Mach numbers).

The rest of the paper is presented as follows: methodology, prototype geometry, numerical
simulation, validation and dataset generation, results and discussion and conclusions.
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2. Method

This section describes the necessary steps to test the effectiveness of the algorithm to calculate
the drag coefficient of a spike blunt body, as well as the implementation of the calculation technique.
A reliable and complete dataset is essential to provide information to the ML Algorithm. RANS
simulations are performed in SolidWorks Software to obtain this dataset at different geometric and
flow conditions. The simulated prototype geometry is the simplest spike blunt bodies. This proposal
is to save computational resources and short generate-up times of data. Once the dataset is
determined, the k-NN algorithm of Machine Learning Technique is implemented and applied.

2.1. Numerical Simulation and Validation

SolidWorks Flow Simulation Software is used to analyse this external compressible flow. To
validate the effectiveness of the compressible flow code embodied in the software another simple
geometry es selected, a sphere. The sphere is selected due there are several works reporting drag
coefficients performance under sub to supersonic conditions [33,34].

Different mesh grids to ensure mesh independence are probed prior to validation. First, two grid
meshes with distinct refinement levels, fine (553776 cells) and coarse ( 144952 cells) are used, and an
adaptive mesh (2 refinement levels).

The main assumptions are homogeneous and isotropic material, adiabatic surface sphere and
without heat transfer interaction. The external flow of the sphere is considered the baseline case for the
validation of the code. Sphere and blunt body are analysed at the same thermal conditions, see Table 1.

Table 1. Thermal and transport properties.

Pressure Temperature Viscosity Density Gas Constant Speed of
(P, atm) (T, K) (u, Pas)  (p, kg/m3)  (Rg, kJ/kg'K)  Sound (c, m/s)
1.0 290 1.8x10-5 0.816 0.287 340

The validation is performed with a smooth sphere for different Mach numbers ranging from 0.9
to 6.0. The variances between results obtained with the fine and coarse grids are less than 5%, but
with relative errors slightly higher than 10% regard to the experimental and numerical results of drag
coefficient of a sphere. Adaptative mesh of 2 levels shows a slightly better performance in compare
with other mesh grids. All of them show relative errors below 9% in the whole range of Mach number.
However, adaptative mesh time simulation is considerably higher than fine refinement, therefore this
one was selected for validation and dataset creation, see Figure 2. Overall, results show good
agreement with the experimental data.
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Figure 1. Mach number vs. aerodynamics drag coefficient. Adaptative and non-adaptative meshes
showed very similar results. In comparison with experimental data, both simulations.

2.2. Spike Blunt Body Protoype

The proposed model analysed is a flat-face spike blunt body with a diameter (d) and a length (L)
and a blunt body diameter (D) of 1 inch, see Figure 2. These parameters are treated as dimensionless,
as shown in the next section.

Figure 2. Blunt body scheme with main dimensions.

Once the numerical model has been validated and the geometry of interest is defined, it is
possible to perform the simulations that supplies dataset of Machine Learning algorithm.

2.3. Dataset

As mentioned earlier, a reliable and complete dataset is essential to provide information to the
ML Algorithm. The predictions were developed over a wide range of Mach numbers, aspect ratios,
and Reynolds. The dataset needed to feed selected machine learning model was generated through
sets of simulations based on Table 1 using SolidWorks Flow simulation. Overall, 239 simulations
were considered. The dataset used in this work is built with simulation results of geometry
dimensions described previously. Variables considered are force over x direction, velocity, density,
viscosity, speed of sound, spike diameter, and spike length.

E=fV.D,p,ucd,L), M

Input variables are converted into dimensionless parameters decreasing the number of input
variables in consequence dataset size. The dataset includes drag coefficient Cs, Reynolds number Re,
Mach number Ma, d/D dimensionless spike diameter ratio and L/D dimensionless spike length ratio.

C, = f(Ma,Re,d/D,L/D), @)
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The predictions were developed over a wide range of Mach number, Reynolds number, and
aspect ratios. The spike diameter ratio ranged from 0.06 to 0.18 times blunt body diameter at intervals
of 0.02, while spike length ratio ranged from 0.15 to 2.15 times blunt body diameter at intervals of 0.5.
Subsequently, these relations are named aspect ratios. The dataset needed to feed selected machine
learning model was generated through sets of simulations based on Table 1 using SolidWorks Flow
simulation. Overall, 239 simulations were considered.

Table 2. Each aspect ratio of diameter (4/D) and length (L/D) is tested for each Ma number.

Ma Re

1.2 4.7x105
1.6 6.2x10°
2.0 7.8x105
2.4 9.3x105
2.8 1.0x10¢
3.2 1.2x106

Some of the postprocessed data obtained from the numerical simulations are presented in the
results section. This is because one of the objectives of the simulations is to obtain the value of the
drag coefficient for dataset of the algorithm, but it is also to capture the physical phenomenon of
shock waves as part of the validation. Results are presented in section 3.

2.4. k-NN Model

K-Nearest neighbours is one of the most versatile, intuitive, easy to understand and implement,
making accesible for practioners and reserchers. This is supervised model, which based its
effectiveness in the power of proximity. K-Nearest neighbours do not make any assumptions about
data distribution, which make it suitable for wide range of datasets, even those with non-linear or
complex relationships among variables.

Unlike some other machine learning algorithms that require a large amount of data to work
properly, k-NN regression can still produce proper results with small datasets, as long as the data is
representative of the problem space. k-NN is suitable for recomentation systems, customer
segmentation, medical diagnosis and quality control.

k-NN present some disadvantages, one of them is that it uses the entire dataset to train “each
point” and therefore requires the use of a lot of memory and processing resources (CPU). For these
reasons k-NN tends to work better on small datasets and without a huge number of features
(columns). k-NN also presents high sensitivity to irrelevant features, due to they can hace large
impact on the distance metric selected to identify the nearest neighbours, than can result in a poor
performace if the features are not processed properly.

Considering information previously mentioned, k-NN as regression has been selected as a
method to predict drag performace.

Dimensionless Target variable . Dataset Split
CFD dataset dataset I independent and

. definition N
reduction target variable to
train

Y

Predlctl.ve Fitted model KNN regression
target variable model

A

Testing
independent
variable

Figure 3. k-NN and CFD implementation.
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The k-NN is calibrated by two parameters, "k" and "distance metric", where "k" represents the
number of neighbours considered and the "distance metric' measures the similarity between data
points. By considering the k nearest neighbours and using a distance metric to measure similarity,
the k-NN algorithm in regression can make predictions for new datapoints based on the patterns
observed in the training data. The Euclidian distance is calculated as:

dy = \/(x,- —x) +(zi-2)’
The accuracy of predicted values is compared with simulations results using determination
coefficient (R?) values and the selection of "k" neighbours is based of model accuracy:
Ly —p)*
2iyi —¥y)?
For experiments, 70% of the dataset is considered for training while 30% is used for testing.
Several k close neighbours are used, and prediction is computed based on Euclidean distance.

R>=1-

3. Results and Discussion

In order to show simulation performance and verify that simulations are capturing the
phenomenon, Figure 4 presents the shock wave formation system by using the numerical Schlieren
technique for four different Mach (Ma) numbers with the same geometrical relationship. This is done
by visualizing the contours of absolute density gradient (1Vol) [35]. The images presented expose the
overall flow behavior, demonstrating how the strong oblique shock wave found in blunt bodies is
broken down into a group of lower-intensity shock waves. In Figure 4 (b), (c) and (d), the
characteristic recirculation and reattachment zones are observed, along with the reattachment shock
wave seen in spiked blunt bodies under high Mach conditions [36]. However, for the Ma = 1.2, it is
possible to see that the bow shock wave only is moved upstream in front of the spike, reason why a
significant reduction in drag is not achieved under transonic flow conditions. Therefore, numerical
software is capable of adequately reproducing most of the physics involved in spike blunt bodies
subjected to transonic and supersonic flow conditions. Thus, the capture of these flow characteristics,
make a well suited drag prediction by using the CFD Tool.

(a)Ma=1.2 (b) Ma=2.0
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(c)Ma=238 (d Ma=3.6

Figure 4. Shock wave formation: Numerical Schilieren for four different Mach numbers with same
geometrical relationship (L/D = 1.05 and d/D = 0.12). The strong oblique shock wave found in blunt
bodies is broken down into a series of lower-intensity shock waves.

On the other hand, to show the effectiveness of the spike on the blunt body, and the quality and
relevance of the dataset used by the k-NN model numerical simulations results of drag coefficient
are presented. The effectiveness of the spike is reflected in the aerodynamic drag reduction. Surface
plots of Ca are shown in the upper part of Figure 5.

Ma=1.6 Ma=24 Ma =34

0.34
0.32
0.30
028 C d
0.26
0.24
0.22

05 10 15 05 10 15 05 10 15
L/D L/D L/D

Figure 5. Drag coefficient surface and contours at different. The Ca surfaces move to lower levels as
the Ma increases. On average, the lowest coefficients have a general tendency, they are obtained for
spike diameter around 0.17 times the blunt body diameter, and spike length 1.4 times the blunt body
diameter.

The surface in the upper part of Figure 5 might seem like each other, regardless of the aspect
ratio of the spike (d/D or L/D), but the surfaces show lower values as the Ma increases. A first increase
in the Ma (1.6—2.4) reduces the average drag coefficient (Ciaverage) by 5.1%, and a second increase
(2.4—3.2) reduces the coefficient by another 7.5%, as shown in Table 3.
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Table 3. Aerodynamics drag coefficient at different Ma.

M a Cd,averuge Cd,min Cd,max

1.6 0.306 0.253 0.358
24 0.282 0.240 0.332
3.2 0.263 0.221 0.299

As shown in the lower part of Figure 5, the general tendency of the Ca is to reduce its value as
the spike length increases, which is consistent with several works [10-16]. Within our range of spike
length ratios values above 1 time the blunt body diameter presents the best performance. For short
spike length ratios (lower than 0.5), this extruded geometry from the blunt body is ineffective to
reduce the drag force. The primary shock wave formed by the spike does not affect the secondary
shock wave of the blunt body and it occurs at any spike diameter ratio.

Until this point, the study has provided insights which explain drag coefficient performance for
a flat spike blunt body with respect to Mach number, Reynolds number, dimensionless spike
diameter ratio and dimensionless spike length ratio. As mentioned in previous sections, to identify
that phenomenon was captured correctly, Schlieren technique (fig.4) is used to identify shockwave
formations and drag reduction (fig.5) is observed. All simulations were performed at the same
computer (Dell precision 7530 wkst intel core xeon e-2176m / memory 16 gb). In average simulation
takes 10 minutes per case. Python sklearn library is used to implement k-NN model. To train it 70%
of total dataset was used for training while 30% for testing. The k-NN model was tested for different
neighbours to identify proper numbers.

Figure 6 presents results of k-NN model and test error for different neighbours’ numbers. Figure
6 (a) shows a comparison of tested data against model predicted values. It can be observed that for
drag coefficient prediction, 209 out of 239 data points are lying within the +5% error range, around
87% of total data. Which is consistent with previous studies that combined computational fluid
dynamics and k-NN model [37].

0.40
OMa=1.2 AaMa=1.6
oMa=2.0 oMa=24
035 ' xMa=28 xMa=32
=3
g +Ma=3.6
2
2 030
=
a
(&)
0.25
0.20
0.20 0.25 0.30 0.35 0.40
CD,computed

(a)
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Figure 6. Computed drag coefficient vs Predicted drag coefficient (a) and Determination coefficient

vs k-neighbours (b).

Different k neighbours were tested and recorded. Figure 6 (b) shows that k=3 is predicting the
highest accuracy for drag reduction, R2 value for drag reduction is 0.90. The k-NN regression
algorithm demonstrates impressive accuracy, making it an excellent tool for engineers to predict
outputs without the need for computationally solving the drag reduction system.

Figure 7 shows the error difference between C; computed and C; predicted for 100% of data
simulation and random sample of 70% of dataset. In this case is possible to observe that despite of
accuracy decreases for 70% sample, there is still a significant amount of data lying in 10% of error.

abS[CdComputed - CdPredicted]

%Error =

CdComputed
20.0
©0100% Data
o
o 70% Data
150 | ° o %
o © ©
S [e] o Ooo o © [e] %
= | oo o)
E 100 o0 o O © o 0°9° 0© o OOC
o L ) ° @ ° ° o o o
> ° 0o © 00% o ) 0?°
o g ° oo
Q
S

0.0 60.0 120.0 180.0 240.0
Number of points

Figure 7. Error percentage per predicted point.

Due time is critical for CFD practitioners and dataset creation can be substantial time consuming
a set of similar tests were performed reducing the amount of data in 70% and 50% generating aleatory
datasets samples respectively, to test average amount of data predicted lying +10% of error. Table 4

presents average errors considering different samples.
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Table 4. Aleatory sample accuracy.

# of points < 10%

Sample size % Accuracy
error
168 150 89%
120 103 85%

According to Table 4, datasets with 70% of total dataset present that in average 89% of data lying
in an error under 10%, while dataset 50% of total dataset did it at approximately 85%. This result
presents similar performances as work presented by Krishnayatra [37], where almost same amount
of data presents similar results.

4. Conclusions

This study provides insights over the physical variations overall drag coefficient reduction of a
flat spike blunt, with respect to force over x direction, velocity, density, viscosity, speed of sound,
spike diameter, and spike length. Parameters were reduced to their non-dimensional form. Therefore,
Mach number Ma variates from 1.2 to 3.6, d/D dimensionless spike diameter ratio and L/D spike
length ratio ranged from 0.06 to 0.18 and from 0.15 to 2.15 times blunt body diameter, respectively.

According to the results presented in this research, solid works flow simulation with selected
mesh have been able to capture shock wave performance. Observing the recirculation and
reattachment zone at supersonic flow conditions Ma= 2.0, 2.8 and 3.6. While for Ma=1.2, the bow
shock wave only is moved upstream in front of the spike, reason why a significant reduction in drag
is not achieved. On the other hand, it is observed that as soon as Ma number increases, drag
coefficient reduces between 5% to 7.5 %.

Despite machine learning emerging as a valuable tool, its implementation can be privative when
there is a lack computational sources or of expertise in machine learning. In this sense, k-NN has
shown that it can be a suitable model, not just for accuracy or its easy implementation, the use of a
small data set makes it appropriate to create in a small period of time enough data to predict
performance. According to the methodology used, the reduction of data through dimensionless
parameters in conjunction with k-NN model have presented an accuracy close to 95% and even
reducing data set, good performance can be obtained.

Future research will focus on applied current methodology for parameters such as heat transfer
as well as other physical characteristics like angle attack or shapes.
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Cd Cd Cd Cd Cd Cd Cd
d/D| L/D comp comp comp comp comp comp comp
Ma=1.2 | Ma=1.6 | Ma=2.0 | Ma=2.4 | Ma=2.8 | Ma=3.2 | Ma=3.6
0.06 0.15  0.3304 0.353 0.348 03312 03459 03032 0.3229
0.06 0.45 03268 0.3442 0333 03145 0.2887  0.2645 0.321
0.06 075 03217 03291 0.3088 0.2834 0.2828  0.2738 0.322
0.06 1.05 0.3165 0.3197 0.3133 0.2891 0.2749 0.2728  0.3027
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0.06 1.35 03117 0.3213 0.3016 0.274 028 02719 0.3139
0.06 1.65 03122 03053 0.3028 0.2783 0299 0.2973 0.3084
0.06 1.95 02971  0.2863 033 02711 02861 0.2993 0.3162
0.09 0.15 03307 03533 0.3483 0.3321 0.2992 0.2976 0.329
0.09 045 03236 0.3358 0.3213 0313 03322 0.2569 0.3198
0.09 0.75 0313 03152 0.2941 0.283 0.2714 0.2621  0.3133
0.09 1.05 03016 0.3007 0.2827 0.2744 0.2593 0.2658  0.2831
0.09 1.35 0.298 0.2898  0.2752  0.2554 0267 0.2495 0.3072
0.09 1.65 03005 0.2913 0.2818 0279 02862 0.2638  0.2898
0.09 195 02915 02925 03229 0.2961 0.2783 0.2772  0.3098
0.12 0.15 03322 0.3541 0.3479 0.331 0.297 0.295 0.3311
0.12 045 0.3161 0.321 0.3077 0.287  0.2791 0.25 0.3162
0.12 0.75 0.307 03042 0.2821 0285 0.2632 0.2617  0.2996
0.12 1.05 02969 0.2895  0.2851 0266 0.2478 0.2469  0.2824
0.12 135 02883 0.2828 0.2683 0.2422  0.2546 0.257  0.2367
0.12 1.65 0.2861 0.2902 02535 0.2455 0.2743 0.2673  0.2617
0.12 195 0.2821 02881 03087 02874 0.2776  0.2718  0.3012
0.15 0.15 03337 03549 03464 0.3294 0.2938 0.2927 0.33
0.15 045 03122 03166  0.3017 0291 02703 0.2614 0.3122
0.15 0.75 03007 02995 0.289% 02823 02478 0.2474 0.2964
0.15 1.05 02975 02864 02785 0.2541 0.2349 0.2309 0.2774
0.15 1.35 0.2813 0275  0.2643 0249 02406 02373 0.2414
0.15 1.65 0.2854 02843 0.2737 0255 02569 0.2584  0.2731
0.15 195 02734 0.2785 0299 02771 0.2678 0.2669  0.2746
0.18 0.15 03393 03578 0.3454 0.3306 02926 0.2994  0.3227
0.18 0.45 0311 03139 03012 0.2869 0.2671  0.2623

0.18 075 02958 0.2941 0.2881 0.2705 0.2392  0.2356

0.18 1.05 02938 0.2851  0.2843 0259 02233 0.2211

0.18 1.35 0.2798 0.27  0.2617 024 0.2289 0.2244

0.18 1.65 02779 02733 02436 0.2516 0.242  0.2421

0.18 195 02702 02528 02931 0.2714 02522 0.2314
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