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Accurate prediction of surface pressure distributions is critical for the 

aerodynamic analysis and design of high-speed axisymmetric bodies, 

particularly for configurations such as sphere-cone and flares. 

Traditional computational fluid dynamics (CFD) provides reliable 

results but is computationally expensive, especially when evaluating 

numerous geometrical variations. To address this challenge, we 

propose a Bidirectional Long Short-Term Memory (BiLSTM) 

network as a data-driven surrogate model for predicting the pressure 

coefficient (Cp) along axisymmetric surfaces. The BiLSTM leverages 

the sequential nature of surface geometry to learn both local and global 

flow features from a compact dataset of high-fidelity CFD 

simulations. Eighty geometries, each defined by seven key 

parameters, were simulated at Mach 2 using two-dimensional 

axisymmetric CFD under laminar flow assumptions. Comparative 

studies with feedforward neural networks (FNN) and unidirectional 

LSTM architectures demonstrate the superiority of the BiLSTM, 

achieving R² = 0.985 and a mean absolute error of 0.045. The results 

show that the bidirectional structure effectively captures forward and 

backward spatial correlations, yielding smooth and physically 

consistent Cp predictions, particularly near stagnation and flare 

compression zones. This framework provides a computationally 

efficient, high-fidelity, and generalizable approach for aerodynamic 

prediction, offering significant potential for rapid conceptual design 

and parametric studies of complex axisymmetric bodies. 
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NOMENCLATURE 

CFD Computational fluid dynamics 

FNN Feedforward neural networks 

RNN Recurrent neural networks 

R² Coefficient of determination 

BiLSTM Bidirectional long short-term memory 

Cp Pressure coefficient 

1. INTRODUCTION 

Accurate prediction of aerodynamic parameters 

is essential for the analysis and design of 

aerodynamic bodies. One of the most fundamental 

of these parameters is the pressure coefficient (Cp), 

which quantifies the surface pressure distribution in 

response to external flow conditions. It plays a key 

role in determining both local pressure loads and 

overall aerodynamic behavior and is often used as a 

basis for computing other critical coefficients such 

as drag, lift, and moment. Consequently, precise 

knowledge of Cp  is vital for evaluating stability, 

control, and thermal protection performance. 

Aerodynamic designs, such as sphere-cone 

/flare configurations, are commonly favored due to 

their aerodynamic stability and favorable heat-

shielding characteristics. However, evaluating their 

performance across a wide range of geometrical 

variations is computationally intensive. Generally, 

aerodynamic behavior is governed by systems of 

ordinary or partial differential equations (ODEs or 

PDEs), which define the relationship between input 

variables (e.g., geometry, flow conditions) and 

output responses (e.g., Cp , forces, heat flux). 

Computational Fluid Dynamics (CFD) [1] 

approximates these governing equations to simulate 

flow behavior under specific conditions. Despite its 

reliability, CFD has several limitations: (a) its 

accuracy is sensitive to mesh quality; (b) it is 

computationally expensive, especially in 3D high-

speed flows; and (c) certain complex flows may not 

yield numerical solutions due to the nature of the 

governing equations [2]. Researchers have 

increasingly turned to machine learning approaches, 

particularly deep neural networks. Many studies 

have highlighted the growing capabilities and 

advantages of machine-learning methods [3, 4]. 

These techniques have been successfully applied 

across a wide range of fields, including combustion 

[5], materials property prediction [6] and 

aeronautics [7, 8], where they have demonstrated 

significant improvements in modeling efficiency 

and accuracy. Aerodynamic data modeling refers to 

the approximation of the mapping function between 

input and output data using appropriate models [9], 

and neural networks—being data-driven—have 

shown strong potential in this area. Unlike 

traditional CFD, neural networks do not require 

explicit knowledge of the physical governing 

equations. Instead, they learn complex mappings 

directly from data, enabling efficient and scalable 

prediction pipelines. They have achieved 

remarkable success across domains such as 

computer vision and are now being explored for 

their ability to model high-dimensional, multiscale, 

and nonlinear systems. The advantages of applying 

neural networks to aerodynamic data modeling are 

particularly evident when dealing with the 

complexities of fluid flow. Flow fields often exhibit 

both spatial and temporal variations, and their 

distribution is highly nonuniform. As a result, 

aerodynamic modeling presents several challenges 

for neural networks: (a) capturing the underlying 

physical mechanisms of unsteady or nonlinear 

flows; (b) addressing phenomena such as turbulence 

that are difficult to resolve using conventional CFD; 

and (c) extracting meaningful representations from 

limited datasets [10]. These challenges call for 

neural architectures capable of expressing long-

range dependencies and learning rich feature 

representations from limited structured data. 

Recent advances in aerodynamic prediction 

have increasingly leveraged machine-learning and 

deep-learning methodologies as efficient surrogates 

to CFD, particularly in the domain of pressure-

coefficient and flow-field estimation. For instance, 

surrogate regression models have been applied 

successfully to aerodynamic-coefficient prediction 

using support-vector machines and neural networks 

[11]. Teimourian et al. [12] evaluated multiple 

algorithms, including Random Forest and Gradient 

Boosting, for predicting airfoil lift-to-drag ratios, 

highlighting the trade-offs between accuracy and 

computational speed in surrogate applications. 
Similarly, Zhang and Zhao [13] proposed a 

dimensionality reduction-based approach using 

neural networks to model flow fields around 

distributed structures like wind turbines, achieving 

scalable predictions with reduced data requirements. 
Negoita and Hothazaie [14] developed a deep neural 
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network model trained on CFD-generated data to 

forecast aerodynamic coefficients, emphasizing its 

utility for rapid airfoil assessments. More recently, 

deep-learning frameworks have extended toward 

full flow-field reconstruction (e.g., velocity/pressure 

distributions) on airfoils and wings by treating the 

geometry and flow field as images or tensors[15, 

16]. Catalani et al. [17] advanced scalable neural 

field models for large-scale aerodynamics, 

demonstrating order-of-magnitude accuracy 

improvements for 2D airfoils and 3D aircraft. Sterpu 

et al. [16] investigated neural network ensembles for 

airfoil performance prediction, revealing the impact 

of random seed initialization on error variability and 

proposing ensembles for enhanced reliability in lift 

and drag estimates. Beyond 2D airfoils, studies have 

begun applying point-cloud and graph-neural-

network methods to three-dimensional vehicle 

configurations, enabling prediction of distributed 

surface pressure on complex shapes [18]. 

Convolutional neural network (CNN) approaches 

have demonstrated strong performance in mapping 

high-dimensional geometry and flow-field data to 

pressures and loads in subsonic and transonic 

regimes [19]. These studies collectively underscore 

the shift toward data-efficient, transferable 

surrogates that address high-fidelity CFD challenges 

in pressure prediction, paving the way for sequence-

based models like BiLSTM to fill gaps in 

axisymmetric and multi-Mach applications. 

Recent works have explored the use of deep 

learning—especially recurrent architectures—for 

such modeling tasks. Li et al. [20] employed LSTM 

networks to predict aerodynamic and aeroelastic 

responses of a transonic NACA64A010 airfoil using 

flow parameters such as Mach number, pitch angle, 

and plunging displacement as inputs, and lift and 

moment coefficients as outputs. Other studies have 

combined Long Short-Term Memory (LSTM) 

networks with Proper Orthogonal Decomposition 

(POD) to construct reduced-order models that 

capture the temporal dynamics of turbulent flows 

[21], and to reconstruct time-resolved flow fields 

from sparse, discrete measurements [22]. Modular 

deep learning frameworks have also been introduced 

to build non-intrusive reduced-order models based 

solely on state snapshots, without requiring 

knowledge of the governing equations [23]. Wang 

et  al [24] used geometric points in order to represent 

shape effects on the flow field. These works 

highlight the versatility and power of deep learning 

for aerodynamic and fluid dynamic modeling, 

particularly in complex, data-limited regimes.  

Despite this progress, existing machine-

learning-assisted aerodynamic models remain limited 

in scope. For example, k-Nearest Neighbors (k-NN) 

methods [25] have been applied to spike–blunt bodies 

to predict global drag characteristics over varying 

Mach numbers [26], but such approaches focus solely 

on integral aerodynamic quantities and do not address 

the more demanding problem of predicting full 

surface pressure distributions. Moreover, many 

studies employ simplified geometric descriptors or 

low-dimensional parameterizations, restricting their 

ability to generalize to arbitrary blunt-nose shapes. In 

contrast, predicting the complete Cp  distribution 

along continuously varying axisymmetric surfaces 

requires the model to resolve both global 

aerodynamic trends and localized flow phenomena, 

including stagnation regions, compression zones, and 

expansion waves—features that cannot be captured 

by point-based or low-dimensional models. 

In addition, deep learning has been extended to 

full three-dimensional aerodynamic prediction. A 

notable example is a PointNet [27] based framework 

trained on approximately 2000 shuttle-like 

geometries to predict entire pressure distributions 

under hypersonic conditions [28]. Although the 

model demonstrates impressive accuracy, its 

methodology differs fundamentally from the present 

study: it treats geometry as an unordered point cloud 

rather than an ordered sequence, does not exploit the 

intrinsic one-dimensional spatial continuity of 

axisymmetric surfaces, and requires expensive 3D 

Euler simulations at a single Mach number. These 

limitations underscore the need for lightweight, 

sequence-aware models capable of learning detailed 

pressure distributions from modest datasets. 

The present study addresses these gaps by 

developing a Bidirectional Long Short-Term 

Memory (BiLSTM) model that treats axisymmetric 

surface geometries as ordered sequences, enabling 

high-resolution Cp  predictions using compact 

descriptors and limited CFD data. This sequence-

aware approach captures local phenomena like 

stagnation peaks, compressions, and expansions, 

offering a lightweight, data-efficient alternative to 

complex 3D methods. 

In this study, a BiLSTM-based architecture is 

developed to predict Cp  distributions from 

geometric inputs. Although primarily associated 

with temporal sequence modeling, BiLSTMs are 
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well suited to geometric sequences in which the 

pressure at any location depends on both upstream 

and downstream surface features. The dataset 

consists of 80 axisymmetric geometries defined by 

seven key parameters (including nose diameter, 

spherical-cap radius, cone angles, and body length), 

simulated at Mach 2 under laminar flow conditions 

using two-dimensional axisymmetric CFD in 

COMSOL Multiphysics. The proposed model 

achieves a coefficient of determination of R2=0.985 

with a mean absolute error of 0.045, demonstrating 

its potential as a highly efficient and accurate 

surrogate for high-fidelity CFD. 

The remainder of this paper is organized as 

follows. Section 2 describes the CFD methodology 

and dataset generation. Section 3 outlines the 

BiLSTM architecture and training procedures. 

Section 4 presents prediction results and 

comparative analyses. Section 5 summarizes key 

conclusions and discusses directions for future 

work. 

2. CFD METHODOLOGY AND 

DATASET GENERATION 

To generate the training data for the neural 

network, a series of axisymmetric CFD simulations 

were conducted for a range of geometries. The flow 

was assumed to be steady and laminar, appropriate 

for the selected flow conditions, and all simulations 

were performed using the COMSOL 6.3 

Multiphysics software. 

2.1 Geometry Parameterization 

The geometric configuration of the bodies used 

in this study is based on a sphere-cone with a rear 

flare, a well-established design different application. 

The geometry is fully described using six 

independent shape parameters, as illustrated in Fig. 

1. These include the spherical nose radius R, the 

half-angle of the forebody cone α, the half-angle of 

the flare section β, the overall length of the body 

L,The maximum body diameter D, and the axial 

length of the cylindrical extension X. To account for 

spatial variation in pressure distribution along the 

body surface, a seventh input variable is incorporated: 

the normalized surface distance from the stagnation 

point, expressed as s/D, where s is the distance 

measured along the surface from the stagnation point 

and D is the maximum diameter. This non-

dimensional parameter enables the model to predict 

local pressure coefficients at arbitrary positions along 

the body, independent of the body scale. 

 

Fig. 1. Parametric definition of the sphere-cone geometry. 

2.2 CFD Dataset Generation 

The aerodynamic data used in this study was 

generated via high-fidelity numerical simulations of 

steady, compressible, laminar flow over 

aerodynamic geometries. We used the finite element 

method in a two-dimensional axisymmetric domain 

to solve the steady-state compressible Navier–

Stokes equations, together with the continuity and 

energy equations.  

In axisymmetric cylindrical coordinates (r, z), 

the steady continuity equation for compressible flow 

takes the form: 

𝜕(𝜌𝑢)

𝜕𝑧
+

1

𝑟

𝜕(𝑟𝜌𝑣)

𝜕𝑟
= 0 (1) 

where ρ is the density, u is the axial velocity, and v is 

the radial velocity component. The momentum 

equations in axial and radial directions are given by: 

𝜌𝑢
𝜕𝑣

𝜕𝑧
+ 𝜌𝑣

𝜕𝑣

𝜕𝑟
= −

𝜕𝑝

𝜕𝑟
+ 𝜙 (2) 

𝜌𝑢
𝜕𝑢

𝜕𝑧
+ 𝜌𝑣

𝜕𝑢

𝜕𝑟
= −

𝜕𝑝

𝜕𝑧
+ 𝜙 (3) 

where p denotes static pressure. 𝜙 is Viscous terms 

which account for molecular viscosity μ. μ is 

calculated using Sutherland’s law, a temperature-

dependent model expressed as: 

𝜇(𝑇) = 𝜇0 (
𝑇

𝑇0
)

3/2 𝑇0 + 𝑐

𝑇 + 𝑐
 (4) 

with constants μ0, T0, and c, empirically determined 

for air. The energy equation, also steady-state and 

axisymmetric, includes conduction and viscous 
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dissipation terms and is closed using the ideal gas 

law: 

𝑝 = 𝜌𝑅𝑇 (5) 

where R is the specific gas constant for air. A 

constant value of γ=1.4 was assumed for the ratio of 

specific heats. 

The computational domain replicates an 

axisymmetric shape placed in a supersonic 

freestream. Freestream boundary conditions were 

set as: pressure p∞=2891 Pa, temperature T∞=219 

K, and velocity v∞=596 m/s, corresponding to a 

freestream Mach number of approximately 2.0. 

The inflow boundary enforces all flow variables 

based on these freestream values. Along the body 

wall, no-slip conditions were applied for velocity, 

and an adiabatic thermal condition was imposed to 

neglect heat transfer. At the outflow boundary, a 

supersonic outlet condition allows for natural 

extrapolation of variables. Along the symmetry 

axis, axisymmetric boundary conditions are 

enforced to reduce the three-dimensional problem 

to a 2D representation. 

The pressure coefficient, cp, was calculated at 

multiple surface locations and serves as the primary 

aerodynamic output. It is defined by: 

𝑐𝑝 =
2

𝛾𝑀∞

(
𝑝

𝑝∞

− 1) (6) 

where p is the local pressure on the body surface, p∞ 

is the freestream pressure, γ is the ratio of specific 

heats, and M∞ is the freestream Mach number. 

Pressure values were extracted along the body’s 

surface and mapped against the s/D. 

A total of 80 different geometries were 

simulated, varying in nose diameter, spherical cap 

radius, cone half-angles, overall length, and flare 

parameters. The resulting dataset forms the basis for 

the training and evaluation of the BiLSTM model 

described in Section 3. A representative mesh used 

in the simulations is shown in Fig. 2, illustrating the 

adaptive refinement applied near regions of high 

gradient, such as the stagnation zone and the flare 

junction. 

Figure 3 illustrates the velocity magnitude 

distribution surrounding the blunt-body 

aerodynamic shape as obtained from the CFD 

simulation. The velocity approaches zero at the 

stagnation region, where the incoming flow 

encounters the front surface of the body, resulting in 

a strong deceleration due to normal shock 

compression. Downstream, the velocity increases 

rapidly as the flow is deflected and accelerates along 

the body contour. The high-speed region behind the 

body shows velocity magnitudes exceeding 600 m/s, 

indicating strong expansion and flow acceleration. 

This distribution clearly captures the aerodynamic 

effects of flow deceleration and reacceleration 

around blunt geometries, which are critical in 

pressure and thermal load assessments. 

 

Fig.2 . Adaptive triangular mesh used for the 2D 

axisymmetric CFD simulation. The mesh is refined near 

the stagnation point and flare region to ensure accurate 

resolution of flow gradients in high Mach number 

conditions. 

 

Fig.3. Velocity magnitude contour around the shape, 

illustrating the deceleration at the stagnation point and 

acceleration of the flow along the body surface. 

2.3 CFD Data Preprocessing 

Each data point included a seven-dimensional 

input vector comprising the nose diameter, spherical 
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cap radius, two cone half-angles, overall length of 

the body, rear curvature and the normalized surface 

location, expressed as s / D. 

the corresponding output value for each input 

vector was the local coefficient of pressure cp, 

obtained through high-fidelity computational fluid 

dynamics simulations as described in Section 2.2. In 

the construction of the dataset, each surface point 

was treated as an independent sample. This 

approach allows the network to learn the underlying 

aerodynamic mapping without relying on sequential 

information or time-based dependencies.  

The dataset was randomly divided into two 

parts: 70% of the data was used for training the 

network, 30% was allocated for validation during 

model development. Standardization of the input 

features and output was performed after the data 

split, based on the mean and standard deviation of 

the training set. This ensured consistent feature 

scaling while preventing data leakage from the 

test and validation subsets. Table 1 shows the 

parameters along their respected units used for 

model training. 

Table 1. Geometric input features used for BiLSTM 

training. 

2.4 Mesh Independence Study 

To verify the accuracy and stability of the CFD 

simulations, a mesh independence study was 

performed by progressively refining the computational 

grid through adaptive mesh iterations. The evaluation 

focused on two key aerodynamic quantities: the 

maximum surface pressure coefficient 𝐶𝑝 𝑚𝑎𝑥
 and the 

mean surface pressure coefficient 𝐶𝑝 𝑚𝑒𝑎𝑛
. Mesh 

convergence was considered achieved when further 

refinement produced negligible changes (typically less 

than 1%) in these metrics. 

The initial coarse grid (0 adaptations) 

contained 1,205 elements. Subsequent mesh 

adaptations were guided by COMSOL’s built-in 

error estimators, which concentrate refinement in 

regions of high velocity and pressure gradients, 

such as the stagnation zone, shock layer, and the 

cone–flare junction. Table 2 presents the mesh 

refinement history for a representative geometry at 

Mach 2.0. 

As seen in Table 2, 𝐶𝑝 𝑚𝑎𝑥
 stabilizes at 

approximately 1.606 beyond adaptation level 3, 

with only a 0.06% difference between levels 4 and 

5. The mean pressure coefficient shows similar 

behavior, converging to about 0.366–0.367 after 

level 3, with variations below 0.5% thereafter. 

These small differences confirm that the solution 

becomes effectively mesh-independent at 

adaptation level 4. 

Accordingly, all CFD cases in the final dataset 

were computed using meshes refined to at least 

adaptation level 4 (typically 30,000–36,000 elements 

per geometry). This ensures that the resulting 

pressure distributions are sufficiently accurate for use 

in training the BiLSTM surrogate model while 

maintaining reasonable computational cost. 

Table 2. Mesh independence study for a representative 

geometry (Mach 2.0). 

Adaptation 

Level 

Number 

of 

Elements 

𝐂𝐩 𝐦𝐚𝐱
 𝐂𝐩 𝐦𝐞𝐚𝐧

 

0 1205 1.623 0.354 

1 2749 1.576 0.378 

2 6528 1.594 0.361 

3 15338 1.605 0.365 

4 34507 1.606 0.367 

5 78262 1.606 0.366 

2.5 CFD Model Validation 

To ensure the accuracy and reliability of the CFD 

simulations used in this study, a validation step was 

performed by comparing the Cp distribution against 

results from a reference. The geometry for the 

simulation was designed to closely replicate the 

aerodynamic configuration in the work by Mehta [29] 

which includes both geometrical parameters and flow 

conditions.  

Figure 4 shows the comparison between the Cp 

values computed in this work and those reported in 

the reference study. Both datasets are plotted as a 

function of the normalized surface distance (s/D). 

Feature 

No. 
Parameters Unit 

1 R m 

2 L m 

3 α degrees 

4 β degrees 

5 D m 

6 x m 

7 s/D dimensionless 
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The results demonstrate strong overall agreement in 

the trend and shape of the distribution. Minor 

discrepancies are observed, particularly near the rear 

of the body, which can be attributed to differences 

in mesh resolution, numerical schemes, or slight 

geometric deviations. This validation supports the 

use of the simulation setup for generating training 

data for the neural network model in subsequent 

sections. 

 

Fig. 4. Comparison of surface pressure coefficient (Cp) 

distribution along the normalized surface coordinate 

(s/D) between the present CFD modeling and the 

reference data from Mehta [19].  

3.  NEURAL NETWORK MODEL 

To develop a robust surrogate model for 

predicting the pressure coefficient (cp) from 

geometric parameters of aerodynamic body, a Bi-

directional Long Short-Term Memory (BiLSTM) 

neural network was employed. This architecture 

effectively captures the underlying spatial 

dependencies across the normalized surface distance 

s/D by interpreting it as a one-dimensional sequence 

for each geometric configuration. 

Recurrent Neural Networks (RNNs), unlike  

feedforward neural networks, incorporate a 

recurrent structure via feedback loops that allow 

hidden neurons to retain information from previous 

inputs. This temporal memory enables RNNs to 

model sequential data such as time-series or 

spatially distributed quantities [30, 31]. 

Despite their ability to model sequential data, 

traditional RNNs suffer from the vanishing 

gradient problem during training, which limits their 

ability to learn long-term dependencies [32, 33]. To 

overcome this, Long Short-Term Memory (LSTM) 

networks were proposed. Fig. 5 illustrates a typical 

LSTM cell. The cell consists of three different 

gates, namely, the forget gate f , input gate i and 

output gate o [34]. 

 

Fig. 5. The structure of the classic LSTM. 

A forget gate determines what information 

should be discarded by an LSTM. The function of a 

forget gate can be formulated as in Equation 7, 

where ht-1 denotes the output of this cell at time t - 1, 

xt denotes the input data of this cell at time t, and Wf 

and bf denote the weights and biases of the forget 

gate, respectively. The activation function σ maps 

the input data to a specific range between 0 and 1. 

Consequently, some part of the input value will be 

discarded by the forget gate. 

𝑓𝑡 = 𝜎(𝑊𝑓 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑓) (7) 

An input gate determines what information 

should be updated to the cell state. The function of 

an input gate can be formulated as in Equation 8 and 

9, where 𝐶́𝑡 represents the provisional cell state 

calculated by the input gate, and it determines which 

parts of 𝐶́𝑡 should be added to the final state Ct. 

Equation 10 describes how the input gate updates 

the cell state Ct [34]. 

𝑖𝑡 = 𝜎(𝑊𝑖 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑖) (8) 

𝐶́𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑐 . [ℎ𝑡−1, 𝑥𝑡] + 𝑏𝑐) (9) 

𝐶𝑡 = 𝑓𝑡 × 𝐶𝑡−1 + 𝑖𝑡 × 𝐶́𝑡 (10) 

The BiLSTM architecture was specifically 

selected because it can process input sequences in 

both forward and backward directions, allowing it to 

capture the interdependencies among geometric 
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parameters along the normalized surface distance 

(s/D). This bidirectional context improves the 

model’s ability to represent spatial correlations and 

localized variations in Cp that arise from the 

geometric continuity of the blunt-body 

configuration. Compared with conventional LSTM 

or feedforward networks, BiLSTM provides 

enhanced feature extraction and smoother Cp 

predictions, especially in regions with strong 

gradient transitions such as the stagnation and flare 

zones. 

The architecture consists of two BiLSTM layers 

with 128 and 64 units, respectively, followed by two 

dense layers with 64 and 32 neurons using ReLU 

activation. A final dense layer outputs the predicted 

Cp value. The model can be expressed as a nonlinear 

mapping: 

𝐶̂𝑝 = 𝑓𝑁𝑁(𝑋; 𝜃) (11) 

where x∈R7 represents the geometric feature vector 

, θ denotes the network’s trainable parameters and 

NN denotes neural networks. The network was 

trained using the Adam optimizer with a learning 

rate of 0.001 and the Mean Squared Error (MSE) as 

the loss function: 

𝑀𝑆𝐸 =
1

𝑁
∑(𝐶𝑝,𝑖 − 𝐶̂𝑝,𝑖)

2

𝑁

𝑖=1

 (12) 

In this study, each CFD sample corresponds to 

a single surface point and is represented by a seven-

dimensional input vector containing the geometric 

descriptors listed in Table 1. The dataset for each 

geometry was sorted according to s/D so that the 

progression of points reflects the physical order 

along the body surface. When the data are provided 

to the BiLSTM in this sorted form, the model can 

naturally interpret the input as an ordered traversal 

from the stagnation region toward the aft section. In 

this way, the BiLSTM is able to learn smooth spatial 

trends in the pressure coefficient and capture 

upstream–downstream correlations driven by 

geometric continuity, even though each point is 

stored as an individual sample rather than as a 

predefined multi-step sequence. 

All machine-learning models were implemented 

in Python using TensorFlow. The entire workflow—

including preprocessing, normalization, training, and 

evaluation—was executed through fully scripted 

procedures to ensure reproducibility. Random seeds 

were fixed across all experiments, guaranteeing that 

identical model configurations yield consistent and 

unified results. 

4. RESULTS AND DISCUSSION 

In this section achieved results would be 

discussed. 

4.1 Influence of Geometric Variation on 

Surface Pressure Distribution 

To illustrate how geometric differences 

influence the aerodynamic response across the 

dataset, Fig. 6 presents four representative body 

configurations (left) together with their 

corresponding surface pressure coefficient (Cₚ) 

distributions as a function of normalized surface 

distance s/D (right). These examples highlight the 

diversity of shapes included in the dataset and 

demonstrate the range of surface-pressure behaviors 

that the BiLSTM model must learn to reproduce. 

All four distributions show a characteristic 

stagnation-region pressure peak near s/D=0, 

consistent with the strong compression that forms 

ahead of forebodies in supersonic flow. The height 

and sharpness of this peak differ among the 

geometries due to variations in nose curvature: 

configurations with more abrupt leading-edge 

curvature produce a steeper rise in Cₚ, while 

smoother or more gradual curvature generates a 

broader, more diffuse peak. 

Further downstream, the decaying portions of 

the Cₚ curves reflect how each geometry shapes the 

surrounding flowfield. For instance, some 

configurations exhibit a near-monotonic pressure 

decrease along the surface, typical of gently tapered 

bodies where the flow undergoes sustained 

expansion. Others show regions of local 

recompression or secondary rises in Cₚ, indicating 

the presence of geometric deflections—such as 

flares or slope breaks—that generate weak 

compression waves or oblique shocks. 

 In particular, the red geometry displays a 

pronounced mid-body drop in Cₚ followed by a rapid 

decline, characteristic of sharper aft-slopes that 

induce strong expansion. The green geometry, in 

contrast, shows a more gradual early decay but a 

noticeable increase in Cₚ nearer to the trailing 

region, suggesting a flare-like feature that reorients 

the flow and produces localized compression. The 

blue and orange geometries follow more moderate 

trends, with smoother transitions and less dramatic 
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pressure variation, indicative of more continuous 

shaping. 

These examples collectively demonstrate the 

aerodynamic breadth of the dataset. Small changes 

in nose curvature, slope angle, or flare magnitude 

produce distinctly different pressure distributions 

that would influence integrated loads, heating 

trends, and shock-structure behavior. The variety 

of responses shown in Fig. 5 underscores why a 

sequence-learning model such as a BiLSTM is 

well-suited for this problem: the network must 

capture not only the global decay trends but also 

localized shape-driven features that appear at 

different positions along the surface. 

 

Fig. 6 . four representative configurations (left) together with their corresponding surface pressure coefficient (Cₚ) 

distributions as a function of normalized surface distance.

4.2 Model prediction 

Figure 7 presents the temperature distribution 

around the shape. A significant rise in temperature 

is observed near the stagnation point, where the 

flow decelerates abruptly due to the nature of 

geometry. This region exhibits maximum thermal 

loading, with temperatures reaching 

approximately 377 K. Downstream of the 

stagnation region, the temperature gradually 

decreases as the flow expands and moves along 

the surface. These thermal effects are crucial in 

understanding the heat transfer behavior and 

justify the application of Sutherland’s law to 

model temperature-dependent viscosity in the 

simulation. The temperature contour 

complements the pressure field analysis and offers 

valuable insight into the aerodynamic heating 

mechanisms relevant to high-speed flows. 

Figure 8 presents the Mach number contour 

generated from CFD simulations around. The 

incoming supersonic flow undergoes a strong 

deceleration near the stagnation point, where the 

Mach number drops to nearly zero due to the 

formation of a detached bow shock. As the flow 

progresses along the surface, the Mach number 

increases downstream due to flow expansion and 

acceleration. The highest Mach numbers are 

observed away from the body, indicating areas 

where the flow remains largely undisturbed. This 

distribution is crucial in identifying regions of 

compressibility effects, which directly influence the 

pressure coefficient and heat flux behavior over the 

body. 

The performance of the BiLSTM model was 

evaluated by comparing the predicted pressure 

coefficient (Cp) values with those obtained from 

CFD simulations. Fig. 9a presents the predicted and 

actual Cp values along the normalized surface 
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distance (s/D) for a representative geometry. As 

illustrated, the Bi-LSTM model successfully 

captures the overall trend of the pressure 

distribution, with high accuracy across most of the 

surface. Notably, minor discrepancies appear in the 

aft body region where Cp becomes negative, which 

may be attributed to reduced data density or 

increased flow complexity in that region. 

 

Fig.7. Temperature contour around the body, showing 

thermal gradients resulting from shock compression and 

viscous effects. The highest temperatures appear near the 

stagnation region due to strong flow deceleration and 

compress. 

 

Fig. 8. Mach number distribution around the body, 

highlighting compressibility effects and shock 

formation. 

 

 

Fig. 9. a) the predicted pressure coefficient (Cp) values 

with those obtained from CFD simulations for the 

represented geometry b) Surface pressure distribution 

(Pa) from CFD simulation for a random geometry 

(R=1.3m, L=1.2, α=52°, β=52°, D=1.6m, x=0.2m). 

To quantify the predictive performance, 

statistical metrics such as the coefficient of 

determination (𝑅2) and the mean absolute error 

(MAE) were used. The model achieved an 𝑅2 score 

of 0.985 and an MAE of 0.045, indicating strong 

agreement between predicted and reference values. 

The coefficient of determination is defined as: 

𝑅2 = 1 −
∑ (𝐶𝑝,𝑖 − 𝐶̂𝑝,𝑖)

2𝑁
𝑖=1

∑ (𝐶𝑝,𝑖 − 𝐶𝑝̅,𝑖)
2𝑁

𝑖=1 ⬚

 (13) 
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where 𝐶𝑝,𝑖 are the true CFD values, 𝐶̂𝑝,𝑖 are the 

predicted values, and 𝐶𝑝̅,𝑖 is the mean of the true 

values. 

Figure 10 shows the training and validation loss 

curves over the course of 54 epochs. The loss 

steadily decreased during the initial stages of 

training and eventually stabilized at a low value for 

both training and validation sets. This trend 

indicates that the BiLSTM model successfully 

learned the underlying patterns in the data without 

overfitting. The close alignment between the two 

curves further confirms the generalization capability 

of the model. The final loss values remained 

consistent, demonstrating convergence and reliable 

performance across unseen data. 

 

Fig. 10. Training and validation loss curves of the 

BiLSTM model over 55 epochs.  

Figure 11a provides a scatter plot of the 

predicted versus true Cp values for another 

geometry, further confirming the model's 

robustness. Fig. 11b illustrates the pressure 

distribution over the surface of the blunt body 

obtained from CFD simulations. As expected, a 

strong bow shock forms ahead of the body, 

generating a high-pressure region near the 

stagnation point, which then gradually decreases 

along the body’s surface. The pressure field captures 

key flow features such as the shock layer and the 

expansion downstream, validating the robustness of 

the numerical solution. 

 

 

Fig. 11. a) the predicted pressure coefficient (Cp) values 

with those obtained from CFD simulations for the 

represented geometry b) Surface pressure distribution 

(Pa) from CFD simulation for a random geometry 

(R=0.93m, L=1.5, α=36°, β=35°, D=1.5m, x=0.2m). 

4.3 Comparison with Other Neural 

Architectures 

To evaluate the effectiveness of the proposed 

BiLSTM architecture, comparative experiments 

were conducted using two baseline models: a 

conventional feedforward neural network (FNN) 

and a unidirectional LSTM. All models were trained 

under identical conditions, using the Adam 

optimizer (learning rate 0.001), mean-squared error 

(MSE) loss, and the same dataset split to ensure a 

fair comparison. 
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The FNN consisted of three hidden layers with 

128, 64, and 32 neurons. The unidirectional LSTM 

model employed two stacked LSTM layers with 128 

and 64 units, followed by the same fully connected 

layers used in the BiLSTM. Table 1 summarizes the 

quantitative results. 

The BiLSTM achieved the highest overall 

accuracy, with an R2 score of 0.985 and a mean 

absolute error (MAE) of 0.045, outperforming both 

the LSTM (R2=0.953, MAE = 0.067) and the FNN 

(R2=0.962, MAE = 0.101). Despite having a higher 

parameter count (307,841 parameters, compared to 

122,241 for the LSTM and 15,681 for the FNN), the 

bidirectional structure enables the model to capture 

correlations along the normalized surface distance in 

both forward and backward directions. This 

capability leads to smoother and more physically 

consistent Cp predictions, particularly near the 

stagnation region and across flare-induced 

compression zones, where flow gradients are 

strongest. 

These results indicate that although simpler 

architectures can approximate the general trend of 

the surface pressure distribution, they lack the 

robustness and spatial awareness provided by the 

BiLSTM. Additional evaluations on unseen 

geometries further demonstrated the BiLSTM’s 

superior generalization capability, maintaining high 

prediction accuracy even for shapes excluded from 

the training phase. 

Table 3. Performance comparison of neural network 

architectures. 

Model Parameters R2 𝑀𝐴𝐸 

FNN 15681 0.962 0.101 

LSTM 122241 0.953 0.067 

Bi-LSTM 307841 0.985 0.045 

4.4 Multi-Mach Validation of the BiLSTM 

Surrogate Model 

For validation under additional flow conditions, 

the BiLSTM model was retrained by including new 

CFD data at Mach 1.5 and Mach 2.5, each 

containing ten additional geometries not present in 

the original training set. This expanded dataset 

improves the model’s ability to generalize across a 

broader range of compressible–flow conditions and 

enables assessment of Mach-dependent 

aerodynamic behavior. 

Figure 12 compares the BiLSTM-predicted 

pressure coefficient distributions with high-fidelity 

CFD results for a representative geometry at Mach 

1.5, Mach 2.0, and Mach 2.5. The model 

successfully captures the overall Cp decay trend 

along the normalized surface distance s/D, including 

the stagnation-region peak and the subsequent 

pressure relaxation toward the aft body. The relative 

ordering of the curves with respect to Mach number 

is correctly learned: higher Mach numbers lead to 

increased compression near the nose and lower 

pressure recovery downstream, which agrees with 

established compressible-flow theory. 

 

Fig. 12. Comparison of BiLSTM-predicted and CFD-

computed pressure coefficient distributions for a 

representative geometry at Mach 1.5, Mach 2.0, and 

Mach 2.5 for a random geometry (R=1.3m, L=1.2, α=18°, 

β=18°, D=1 m, x=0.2m). 

However, the pointwise accuracy decreases as 

the Mach number deviates from the dominant 

region of the training distribution (initially 

concentrated around Mach 2). Predictions at Mach 

1.5 and Mach 2.5 show small but noticeable 

differences from the CFD curves, particularly near 

regions where shock curvature, surface deflection 

angle, or local expansion effects become more 

sensitive to Mach number. This behavior is 

expected because a BiLSTM model trained on 

limited data cannot fully capture the complex 

nonlinear dependence of Cp on Mach number, 

especially in flow regimes involving strong 

gradients or local shock interactions. 
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Despite this, the model reproduces the global 

aerodynamic behavior reliably and demonstrates its 

capability as a trend-accurate surrogate model 

across multiple Mach numbers. Increasing the 

amount of training data at off-design Mach levels, or 

adopting Mach-conditional architectures such as 

physics-informed recurrent networks or attention-

based encoder–decoder models, would further 

improve prediction accuracy.  

5. CONCLUSION 

In this study, a Bidirectional Long Short-Term 

Memory (BiLSTM) neural network was developed 

to predict surface pressure coefficient distributions 

for a wide range of parametrically defined 

supersonic geometries. A high-fidelity CFD dataset 

comprising 80 geometries was generated, with 

solution accuracy ensured through a mesh-

independence study. These steps provided a 

reliable foundation for training the surrogate 

model. 

The BiLSTM architecture was chosen for its 

ability to capture forward and backward spatial 

dependencies along the normalized surface 

coordinate, enabling it to represent the smooth 

aerodynamic variation more effectively than 

conventional feedforward networks or unidirectional 

LSTMs. Comparative evaluations confirmed this 

advantage: while all models performed reasonably 

well, the BiLSTM achieved the most accurate and 

physically consistent predictions, particularly in 

regions with steep pressure gradients such as the 

stagnation and flare zones. Overall model 

performance, with an R2=0.985 and a mean absolute 

error of 0.045, demonstrates its strong predictive 

capability. 

The surrogate model closely matched CFD results 

across the dataset and maintained good accuracy when 

tested on unseen Mach numbers, highlighting its 

robustness and generalization potential. By reducing 

the computational cost associated with repeated CFD 

evaluations while preserving high fidelity, the 

proposed BiLSTM framework provides a powerful 

tool for rapid aerodynamic assessment and early-stage 

design exploration. 

Future work may extend this approach to three-

dimensional geometries, incorporate broader flow 

conditions, or integrate attention-based architectures 

to further enhance predictive performance and 

physical interpretability. 
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