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ABSTRACT--- A hypersonic flight vehicle, viewed as an 

engineering system, must have a real-time monitoring and 

control of its performance, in order for it to be safe and practical 

for operation. The scramjet engine is the most suitable for 

hypersonic flow regime and its performance depends mostly on 

its inlet. There are multiple strategies to measure the 

performance of a scramjet inlet but they are limited to on-ground 

operations only. A number of empirical relations exist to easily 

calculate the scramjet inlet performance using only its internal 

throat Mach number but they are somewhat hit-and-miss. Using 

Artificial Neural Network (ANN) algorithm and data from the 

literature, we investigated the optimum ANN structures that can 

be used to model scramjet inlet performance. The optimum ANN 

model is then tested and validated against our own experimental 

measurement of our generic scramjet inlet. The optimum ANN 

model with 10-nodes in a single hidden layer was able to match 

perfectly with our experimental data.  

Index Terms— Artificial neural network, hypersonic, SBLI, 

scramjet, shockwave. 

 INTRODUCTION I.

Hypersonic flight has been the ultimate dream of aviation. 

It has been envisioned since the early days of aviation and 

researched upon since the 50s but practical flight has never 

materialized resulting in waning interest from the aerospace 

community. However, Boeing’s X-51A success in flight 

demonstration has revitalized the awareness in hypersonic 

flight. In recent years, hypersonic arms race has reached 

fever pitch with the coming of a new player, China, in 

addition to the old aerospace superpowers of USA and 

Russia. Lately, the United States has been teasing the 

aviation enthusiast with new concepts from Boeing and 

Lockheed, which are capable of hypersonic flight, to be the 

successor for the infamous SR-71. The key enabler for 

hypersonic flight is the scramjet engine, which can operate 

in flow speed of more than Mach 5 [1].  

As scramjet engine operates without a mechanical 

compressor to compress the air for combustion, its overall 

performance is heavily influenced by the performance of its 

inlet [2]. Many studies have been done to understand the 

flow passing through the inlet [3]-[8], but its performance 

was still hard to measure with too many parameters to be 

considered. Using the concept of ‘stream-thrust’, the 
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performance of a scramjet inlet can be modelled by using 

the input of mass flow rate, drag and heat transfer from 

experimental measurement [9]-[12]. Although deemed the 

most comprehensive method, the ‘stream-thrust’ method has 

too many uncertainties contained inherently in the three 

measurements of inputs required. Another method relies on 

a set of pitot rake to measure the stagnation pressure of the 

flow exiting the scramjet inlet [3], [13]-[16]. This value will 

be combined with the static pressure of the exit area to 

predict the overall performance of the inlet. Both the stream-

thrust and pitot rake techniques are limited as on-ground 

measurement of scramjet performance, thus making them 

unsuitable for real-time monitoring and control of a scramjet 

engine.  

In order to create an effective control system, the onboard 

computer on a hypersonic aircraft needs to monitor in real-

time the performance of the scramjet. Thus, the computer 

needs a simplified mathematical model of the scramjet 

performance. In [17] were the first to introduce a simple 

equation that relates the kinetic energy efficiency of a 

scramjet inlet to a single parameter of throat Mach number 

ratio. The equation has been modified later by [18], [19]. In 

recent years, Smart suggested that instead of relying only on 

a single parameter, the equation should also consider the 

freestream Mach number of the scramjet [20].  
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The listed equations gave a simplified strategy for 

scramjet inlet performance monitoring and control due to 

the fact that its internal flow Mach number at throat can be 

measured easily using laser absorption spectroscopy [21], 

[22]. However, we found that none of the equation listed 

above can fully fit against published scramjet inlet 

performance data. This is due to each equation originated 

from small empirical data or experimental testing done in 

isolation of each other. This is also due to the complex 

shock-boundary layer interactions (SWBLI) that can occur 

inside the inlet-isolator [2]; and each scramjet inlet in the 

published data are somewhat unique in their internal flow  
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structures. Thus, to be able to create a unified mathematical 

model that is robust enough to be used across large segment 

of scramjet inlet design and shape is the holy grail of 

scramjet inlet monitoring and control.  

The aim of this current work is to investigate the suitability 

of using ANN technique to build a mathematical model that 

can fit most of published scramjet inlet performance data [16], 

[23]-[29]. Variations of ANN technique has been used to 

model scramjet nozzle [30], combustor [31], [32] and inlet 

geometry [33]. However, there is yet an attempt in the 

hypersonic community to utilize ANN to model the complex 

aerothermodynamics phenomena inherent in measuring the 

performance of a scramjet inlet. This technique has not been 

widely utilized in the hypersonic community and we want to 

promote its usefulness. 

 ARTIFICIAL NEURAL NETWORK (ANN) II.

THEORY 

Artificial Neural Networks (ANN) is the latest addition to 

the vast library of tools in the Machine Learning concept, 

that can be used to model multivariate phenomena that are 

too complex to be modelled using basic statistics [34]-[37]. 

The idea behind ANN is to recreate the neurological process 

of a thinking brain in processing and storing information 

[38], [39].  

A good ANN algorithm that is available commercially or 

in open-source should be able to build a random network of 

nodes connected to each other in order to process the input 

signal (the input parameters). The input signal (  ) will be 

fed forward by multiplying it with weights (   ) before 

being summed together at summing junction. The summed 

value   will be fed through a transfer function  ( ). The 

ANN software should then train the model by ‘back-

propagation’ process where the value of weights and bias 

will be adjusted in order to match the output with the 

available target data (see Fig. 1). 
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Fig. 1: Diagram of ANN concept where every input 

signal, a, will be amplified by its junction weight, w, 

before being summed together with bias, b, at a summing 

junction. The summed value will be manipulated using 

activation function, F(X), before being transferred to 

output layer 

 DEVELOPMENT OF ANN MODEL III.

In this study, 36 data points of scramjet inlet performance 

has been utilized to train suitable ANN models. The input 

and output are normalized to -1 and 1 by using (7) and (8). 

The number of hidden layers connecting the input and 

output are varied between 1 and 3. As for the input, we 

derive three different cases, each with different type of 

input. In Case 1, the inputs are the Mach number ratio (  ) 
and freestream Mach number (  ) similar to 4 (see Fig. 2). 

For Case 2, the inputs are the throat Mach number (   ) and 

freestream Mach number (  ). In Case 3, the input is only a 

single input of Mach number ratio (  ), similar to (1) – (3).  

All ANN models will calculate only one output, namely 

the kinetic energy efficiency (   ) as the main indicator of 

the scramjet inlet performance. Each ANN model will be 

judged based on minimum root mean square error (RMSE in 

(9)) and maximum correlation coefficient (R in (10)). The 

best model will be selected and validated against current 

experimental data done in this study. The details of the ANN 

parameters are listed in the Table 1. 
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Fig. 2: Diagram of the ANN model used in this study. 

The inputs are varied depending on case. Number of 

hidden layers are varied between 1 and 3 with each 

layers set at default 10 nodes 

Table 1: Network parameters used to train our ANN 

model 

Neural Network Parameters Value 

Network type Feed-forward with back-

propagation 

Number of hidden layers Between 1 to 3 layers 

Number of input Between 1 to 2 nodes 

Number of nodes in the 

hidden layer 

10 

Learning algorithm Levenberg-Marquardt 

Transfer function (input-

hidden) 

Tangent-Sigmoid function 

Transfer function (hidden-

output) 

Linear function 

Learning rate 0.01 
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 METHODOLOGY IV.

In our previous work, we introduced the concept of the 

‘final shock’ exiting the scramjet inlet-isolator as the main 

indicator for its performance [8]. We can measure the 

pressure rise across this final shock using pressure sensitive 

paint (PSP) signal from the inner sidewall. By inserting 

pressure rise and shock angle, both the stagnation pressure, 

   , and total temperature,    , at the throat area can be 

calculated. Finally, the kinetic energy efficiency can be 

calculated using the relation below [10]: 
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The experiments were conducted in the High Super Sonic 

Tunnel (HSST) capable of Mach number up to 6 depending 

on the nozzle dimension. The stagnation pressure and the 

stagnation temperature were set to be 6.5bar and 375K 

respectively, and the Mach 5 nozzle was selected for this 

current study. The setup of the PSP measurement system is 

depicted such as in Fig. 3. The specialized PSP formulation 

capable of hypersonic flow measurement has been mixed in-

house. The software used to process the raw PSP images is 

the Davis 7.0 software. A generic scramjet inlet with 

modular cowl section is utilized in this study (see Fig. 4). 

The cowl length, height and deflection angle can be changed 

independently in order to control the throat Mach number. 

 
Fig. 3: Diagram of the experimental setup from the plan 

view. The camera used to capture PSP signal was placed 

on the side of test section 

 
Fig. 4: Simplified sketch of the modular scramjet inlet 

model used in this experiment. The cowl component of 

the inlet can be changed in order to modify its height, 

length and cowl tip deflection angle 

 RESULTS AND DISCUSSION V.

A. ANN Model Evaluation 

This study tested different ANN architectures with 

varying input types and number of hidden layers. However, 

for every layer, the number of nodes are kept constant at 10. 

For each ANN model, the weights and biases were adjusted 

in more than 50 epoch. The models are compared to each 

other in Table 2. It can be observed that Case 1 with 1 

hidden layer has the lowest RMSE which means it has the 

lowest error between the produced output and the target data 

obtained from published literature. It also has the highest R 

value with the closest fit to the target data. The regression 

plot between targets and output is shown in Fig. 5 below. In 

the figure, we plotted the fitness of the best ANN model 

from each case. We could make an inference that the Case 1, 

where the inputs are the Mach number ratio (  ) and 

freestream Mach number (  ), is the best since it 

consistently outperforms Case 2 and Case 3 regardless of 

number of hidden layers. From here, it is decided that Case 

1 with 1 hidden layers will be validated against data from 

our own experimental measurement. 

Table 2: Comparison of training results of ANN models 

with different number of hidden layers 

Case RMSE R 

Case 1: 1 layer 0.3335 0.9746 

Case 1: 2 layers 0.6130 0.9624 

Case 1: 3 layers 0.7149 0.9602 

Case 2: 1 layer 0.4075 0.9623 

Case 2: 2 layers 0.4815 0.9592 

Case 2: 3 layers 0.7179 0.9564 

Case 3: 1 layer 1.0669 0.7669 

Case 3: 2 layers 0.7536 0.8915 

Case 3: 3 layers 0.7293 0.9467 
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Fig. 5: Fitness of (a) Case 1:1, (b) Case 2:1, (c) Case 3:3 

 
Fig. 6: Comparison of scramjet inlet internal pressure

A. Results 

The geometry of the scramjet inlet was varied by 

deflecting the cowl inwards by 3 and 5 degrees. The cowl 

length was also modified by 2mm forward and backward. 

Generally, the inward deflection of cowl tip reduces the 

cowl tip shock strength thus reducing the total pressure 

loss. This in turn improve the performance of the scramjet 

inlet. This can be observed by the pressure map produced 

using PSP signal in Fig. 6. 

The cowl tip shock was intensified in the case of cowl 

with forward extension. The shock from the external 

compressive ramp impinged directly on the inside surface 

of the cowl thus creating a massive separation (see Fig. 

6). This will results in performance deterioration in 

comparison to the baseline case where the compression 

shock impinge exactly at cowl tip. By missing the shock 

completely, such as in the case where the cowl length was 

reduced by 2mm, the inlet achieved better internal flow 

uniformity, thus resulting in better performance.  

The performance for all cases were calculated using the 

‘final shock’ concept and were plotted against the curve 

of in 1 – 4 (see Fig. 7). Generally, our data lies between 

the curve of [18], [19]. The data from other researchers 

were also plotted together and they are more scattered 

although none ventured too far away from the area 

bounded by the curves from [17], [19]. 

 
Fig. 7: Comparison of our experimental data and data 

found from literatures plotted together with 

performance curves of in (1) to (4) 

B. Validation of ANN Model against Experimental Data 

The ANN model of Case 1 with 1 hidden layer was 

tested against our experimental measurement. The RMSE 

between our experimental data and the output from the 

ANN model was found to be 0.9513. This value is larger 

than the RMSE of the same ANN model tested against 

the published performance data. However, this is still less 

than 1% error and proves that this ANN model is robust  
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enough to be used with wide range of scramjet geometry 

and operating conditions. The fit of the ANN output 

against our experimental data is plotted in Fig. 8. It can 

be observed that only two experimental data points can be 

predicted exactly by the ANN model. Nevertheless, all 

other data points lies very closely to the 45-degree line in 

the graph. Ideally, a perfect fit would see that all data 

points lie on this line, but if further optimization of the 

ANN is performed, we are wary of an overfit of the 

model that would render the ANN model to become 

useless against future experimental measurement. 

 
Fig. 8: Comparison of our experimental data with 

output predicted using the optimum ANN model. 

Perfect fit is indicated on the 45-degree line between 

the horizontal and vertical axis of the plot 

 CONCLUSION VI.

Researchers of scramjet engine technology has been 

debating on the most effective way of measuring and 

quantifying the performance of the scramjet inlet. All of 

the suggested empirical relations that relate the scramjet 

inlet performance to the throat Mach number has been 

shown to be not robust enough for a wide range of 

scramjet geometry and operating conditions. The work 

done in this article utilized ANN technique to create a 

mathematical model that could fit the published data. The 

analysis found that the inlet performance is dependent on 

both the throat Mach number and freestream Mach 

number explicitly and not implicitly (as a ratio) as 

suggested by prior works. The ANN model has been 

validated against our own measurement of performance 

of a generic scramjet model. The ANN model was not 

overfitted by the training data and agree with out 

experimental data with very low error margin.  
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