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Abstract

This paper presents a machine learning approach to predict the effects of installing new air intake system, thus
reducing the need for extensive flight tests. The following method is used: firstly, a machine learning model is
used to predict the characteristics of the flow entering the engine; secondly, an engine thermodynamic model
is used to predict the engine’s response to disturbance. Several models were evaluated, and the gradient
boosting model proved to be the most promising, with very good R² scores and low MAEs to introduce an error
as low as possible in the evaluation of installation effects. Validation by comparison with real flight tests shows
that the model is able to accurately predict the aerodynamic characteristics entering the engine. Finally, this
model is applied to a real case study and the installation effects computed with the method explained in this
paper are used and show a very good prediction of the installation effects with less than 1% absolute error
on the prediction. This methodology offers a new way of reducing air intake development costs and improving
overall performance by reliably estimating installation effects.

NOTATION

Symbols
N1 Corrected gas generator speed
ITT Inter-Turbine Temperature
Pu Power [kW]
PI Installation losses [%]
SFC Specific Fuel Consumption [kg/kWh]
∆P Pressure drop [%]
∆T Temperature rise [K]
DC60 Pressure distortion index
Pt60◦,min Minimal pressure on a sector of 60◦

Pt,mean Mean Total pressure
TC120 Temperature distortion index
Tt120◦,max Maximal temperature on a sector of 120◦

Tt,mean Mean total temperature
R2 Coefficient of Determination

Acronyms
MAE Mean Absolute Error
CFD Computational Fluid Dynamics
MLP Multi-Layer Perceptron
SVR Support Vector Regression
AIP Aerodynamic Interface Plane
KNN K-Nearest Neighbors

1 INTRODUCTION

The efficiency and performance of helicopters are
greatly enhanced by the integration of turboshaft en-
gines, recognized for their excellent power-to-weight
ratio. However, integrating these engines within the
airframe, i.e. interfacing with air intake and exhaust
systems, introduces aerothermal and aerodynamic
disturbances known as contributors to installation ef-
fects. These disturbances can lead to power losses
and increased fuel consumption, impacting the over-
all performance and operability Ref. 1.

In this context, many flight tests are conducted
to ensure accurate characterization of engine perfor-
mance. These tests typically include:

• Flight tests to ensure good quality air flow to the
engine, minimizing pressure drops, pressure dis-
tortions, temperature rise, and temperature dis-
tortions. These verifications are normally car-
ried out during all flight phases using special in-
struments (e.g., pressure/temperature sensors at
AIP) to demonstrate that the aircraft’s air intake
conditions meet the engine manufacturer’s com-
pressor inlet requirements, ensuring there is no
risk of engine surge.
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• Flight tests to determine installation effects from
various sources, with air intake being the main
contributor. These tests can be numerous (and
thus expensive) due to the number of flight con-
ditions that must be met to accurately deter-
mine the installation effect (altitude, temperature,
power level, speed, climb, etc.), resulting in scat-
tered results requiring an extensive test cam-
paign.

In some cases, the same helicopter with the same
engine may require different air intake configurations
(e.g., filtered air intake as an alternative to non-
filtered), offering helicopter customers multiple op-
tions depending on their usage. In such scenarios,
the above test types must be repeated for each air
intake configuration.

Currently, the conventional method for assessing
installation effects involves characterizing the engine
performance on a test bench to evaluate its perfor-
mance throughout the flight envelope. The same en-
gine is then installed on the helicopter, and dedicated
flight tests are performed to determine the installa-
tion effect as the difference between the engine power
measured in flight and on the test bench. Although
this method quantifies installation effects, achieving
a deterministic understanding remains challenging.
There is often considerable scatter in the results,
making it difficult to achieve good accuracy to ensure
maximum helicopter performance.

Previous work in Ref. 2 proposed a physical ap-
proach to predicting installation effects to reduce de-
velopment risk and cost. This method uses CFD sim-
ulations to determine the aerodynamic and aerother-
mal disturbances created by the helicopter air intake,
and a thermodynamic engine model to estimate in-
stallation effects. Although this method provides good
preliminary estimations, but it has limitations such as
imprecise predictions at a given ITT and an inabil-
ity to capture scattering. Di Marco et al. Ref. 3 ad-
dressed some ITT inaccuracies but still failed to as-
sess the scattering. They suggest that scattering is
probably due to parameters not accounted for in CFD,
such as the homogeneity of the air intake flow condi-
tions Ref. 4, which is affected by the aircraft’s attitude.
Variations in swirl patterns observed in the intake, as
shown in Ref. 5, are linked to pressure distortion, im-
plying that the aircraft’s attitude affects aerodynamic
criteria, particularly pressure distortion, introducing
scattering in flight test results. However, performing

CFD calculations for all scenarios would be highly re-
source consuming (CPU, time, ...).

To address these challenges, machine learning
techniques have become powerful tools in aerospace
engineering Ref. 6. They offer significant potential for
developing surrogate models that can predict com-
plex patterns with high accuracy. Various machine
learning models, including neural networks, support
vector machines, and ensemble methods, are able to
learn non-linear relationships from data, making them
particularly well-suited for modeling engine behav-
ior Ref. 7, aircraft performance Ref. 8, aerodynam-
ics Ref. 9, and more. Recent studies highlight the
transformative potential of machine learning across
various aeronautical applications, including perfor-
mance prediction, fault detection, and optimization.
Machine learning-based surrogate models can de-
liver high-fidelity predictions while significantly reduc-
ing the computational cost compared to traditional
CFD simulations Ref. 10.

To overcome these limitations, this paper proposes
a new approach based on machine learning methods.
The goal is to determine if machine learning can help
minimize the need of flight tests to perform, especially
by avoiding the extensive installation effects testing
campaign for another air intake configuration. This
approach uses:

• The complete results from an initial testing cam-
paign dedicated to a first air intake configuration.

• The results from a limited testing campaign that
verifies the engine’s air supply conditions.

The proposed method involves creating a surro-
gate model to determine aerodynamic and aerother-
mal disturbances, called system loss, which is gen-
erated by the new air intake system using dedicated
flight tests to ensure engine airflow quality. This sys-
tem loss is then combined with a thermodynamic en-
gine model to determine installation effects from avail-
able flight data for the original air intake, thus remov-
ing the need for dedicated flight test. This paper de-
scribes the methodology, evaluating different machine
learning models for the best results. The hyperparam-
eters and accuracy of the model are analyzed, and
the method is assessed by comparing the expected
installation effects of the intake barrier filter (IBF) with
the installation effects measured during flight tests.

In summary, this paper proposes a new machine
learning-based approach for predicting installation ef-
fects. The goal is to achieve the same accuracy
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as the current method of determining installation ef-
fects, while reducing the need for expensive flight
tests. Using the ability of machine learning algorithms
to learn complex patterns and relationships, this ap-
proach can provide a new way to evaluate facility ef-
fects, allowing a helicopter manufacturer to reduce the
number of flight tests.

2 METHOD

2.1 Installation effect definition

Air intake Installation effect on engine is the key con-
cept behind the assessment of the engine perfor-
mance installed on an helicopter and thus particular
attention shall be made for its modelisation.

Installation effects are defined as the difference be-
tween the power delivered by the engine on the bench
and the power delivered by the engine once installed
on the helicopter, when an engine limit is encoun-
tered, and the fuel flow variation for a given power.
Today, installation effects are established as follows:
The engine is characterized on an engine manufac-
turer’s test bench to assess its performance through-
out the flight envelope. The same engine is then in-
stalled in a helicopter, and its performance are mea-
sured during dedicated flight tests. The difference in
power and fuel flow between the helicopter flight and
the test bed are the installation effect. Figure 1 ex-
plains how installation effects are defined.

Therefore, according to the definition, the installa-
tion effects in terms of power are perceivable only
when the engine is limited. If an engine limit is not
reached, the engine will therefore increase the fuel
flow to reach the required power level. An additional
installation effect is defined, this time with a fixed
power level, and in this case, to compare the impact
of the installation on the specific consumption of the
engine. The installation effects are defined by the fol-
lowing two equations:

PI(%) =
PuInstalled − PuUninstalled

PuUninstalled
(1)

PISFC(%) =
SFCInstalled − SFCUninstalled

SFCUninstalled
(2)

Where PuInstalled corresponds to the installed
power, i.e., the power delivered by the engine installed
on the helicopter, PuUninstalled corresponds to the

Figure 1: Installation effect definition

uninstalled power, i.e., the power delivered by the en-
gine on the bench. The parameter SFCInstalled corre-
sponds to the specific fuel consumption installed, and
SFCUninstalled corresponds to the specific fuel con-
sumption not installed.

Therefore, throughout this paper, when referring to
the installation effect at a given N1 or ITT, which cor-
responds to the engine limit, the equation 1 will be
used to calculate the installation effect and when re-
ferring to the installation effect at a given power, the
equation 2 will be used.

2.2 System Loss definition

Helicopter engine installation effects are induced by
aerothermal and aerodynamic disturbances gener-
ated by the installation of the engine on the helicopter.
SAE 5642 Ref. 1 outlines the different sources of he-
licopter engine installation effects such as pressure
drop, charge heating, pressure and temperature dis-
tortion, swirl induced by the air intake, and pressure
drop induced by the exhaust system. This set of
parameters will be referred as ”System Loss” in the
present paper.

Among these parameters, the air intake pressure
drop (∆P ) stands out, primarily dictated by the air in-
take geometry. This drop is quantified as the disparity
between external pressure and the mean pressure at
the AIP.
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Similarly impacting is the charge heating within the
air intake (∆T ), attributed to compressibility effects in-
ducing thermal elevation. Additionally, the position of
the air intake on the helicopter can contribute to this
charge heating through heat transfer from the engine
compartment.

Pressure distortion, defined as pressure hetero-
geneity without altering the average pressure value at
the AIP, is important. Based on insights from Kurzke
Ref. 11, empirical evidence indicates a critical angle
of approximately 60◦ for pressure distortion. Hence,
in this study, we adopt the pressure distortion index
defined as follows:

DC60 =
Pt60◦,min − Pt,mean

1
2ρV

2
(3)

This equation allows us to quantify pressure distor-
tion effectively within the analysis.

Temperature distortion, analogous to pressure dis-
tortion, albeit focusing on temperature field hetero-
geneity without altering its mean value. Despite being
less explored than pressure distortion, limited stud-
ies, exist in the literature Ref. 12. AIR 5867 Ref. 13
introduces a method to quantify temperature distor-
tion, considering the intensity of temperature field het-
erogeneity. Temperature distortion is described in the
same way as pressure distortion with a critical angle
of 120°.

TC120 =
T120◦,max − Tmean

Tmean
(4)

Swirl, characterized by angular velocity at the AIP
plane, is outlined in AIR 5686 Ref. 14, along with its
impact on engine performance and operability. How-
ever, due to the challenges in measuring swirl during
flight, it is not considered in this study.

The exhaust pressure drop, comprising diffusion
disparities between helicopter and uninstalled ex-
haust, alongside static pressure differences at the
ejector outlet, directly impacts power turbine output
Ref. 15. While not a focus here, an empirical model
of the pressure drop induced by the exhaust system is
used in this study to show the capability of the method
to predict the installation effect. However, a similar
methodology will be used to create a surrogate model
of the exhaust in future investigations.

2.3 Machine learning models and train-
ing process

2.3.1 Machine learning models

In this study, we evaluate the performance of various
machine learning models in predicting aerodynamic
criteria. The analysis focuses on regression mod-
els, which are suitable for predicting continuous out-
comes. In this section, a simple explaination of all
machine learning models tested during this study are
performed.

We assessed the following machine learning mod-
els, all implemented in scikit-learn library Ref. 16:

• Linear Regression: Linear regression assumes
a linear relationship between the input variables
(predictors) and the output variable (response). It
finds the best-fitting line that minimizes the sum
of squared residuals (the vertical distance be-
tween each data point and the line). This model
is simple yet effective for understanding the re-
lationship between variables in a straightforward
manner.

• Random Forest: Random Forest is an ensemble
learning method that constructs many decision
trees during training and outputs the mode of the
classes (classification) or the average prediction
(regression) of the individual trees. Each tree in
the ensemble is built from a bootstrap sample of
the training dataset and randomly selects a sub-
set of features at each split point, providing ro-
bustness against overfitting and high predictive
accuracy Ref. 17.

• Support Vector Regression (SVR): SVR is a type
of support vector machine that is used for regres-
sion tasks. It works by mapping input variables
into a high-dimensional feature space where it
finds a hyperplane that best separates the output
variable based on the input variables. SVR bal-
ances model complexity and prediction accuracy
by using a regularization parameter that controls
the width of the margin and a kernel function that
specifies the mapping of the input variables into
the feature space Ref. 18.

• Multi-Layer Perceptron (MLP) Regressor: MLP
Regressor is a type of artificial neural network
that uses multiple layers of nodes (neurons) to
model complex relationships between inputs and
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outputs. Each neuron applies an activation func-
tion to the weighted sum of its inputs, allowing the
network to capture nonlinear patterns in the data.
Training an MLP involves adjusting the weights
through backpropagation to minimize prediction
errors, making it powerful for tasks where data
relationships are not easily linearly separable
Ref. 19.

• Gradient Boosting: Gradient Boosting is an en-
semble technique where multiple weak learners
(often decision trees) are built sequentially. Each
subsequent model corrects the errors of its pre-
decessor by focusing on the residuals (the differ-
ence between predicted and actual values). Gra-
dient Boosting combines the predictions of these
weak learners to produce a final strong learner
with improved accuracy, using the strengths of
each individual model to achieve high predictive
performance Ref. 20.

• K-Nearest Neighbors (KNN): KNN is a non-
parametric lazy learning algorithm used for both
classification and regression tasks. It predicts
the output variable based on the majority class
(for classification) or the average of the closest
k training examples in the feature space (for re-
gression). KNN is simple to implement and un-
derstand, but its computational complexity grows
with the size of the training dataset, making it
less efficient for large datasets with many fea-
tures Ref. 21.

• Bayesian Ridge Regression: Bayesian Ridge Re-
gression is a probabilistic model that combines
the principles of Bayesian inference with ridge
regression. It assumes a prior distribution over
the model parameters and updates this distri-
bution based on the observed data to provide
probabilistic predictions. This approach incorpo-
rates regularization, which helps prevent overfit-
ting by penalizing large coefficients while main-
taining flexibility in fitting the data Ref. 22.

• Lasso Regression: Lasso (Least Absolute
Shrinkage and Selection Operator) Regression
is a linear model that incorporates L1 regular-
ization. It adds a penalty equal to the absolute
value of the magnitude of coefficients to the loss
function, promoting sparsity in the model by forc-
ing insignificant coefficients to zero. Lasso re-
gression is useful for feature selection in high-

dimensional datasets where only a subset of the
features have a major impact on the output vari-
able Ref. 23.

• Ridge Regression: Ridge Regression is a linear
regression model that incorporates L2 regular-
ization. It adds a penalty equal to the square of
the magnitude of coefficients to the loss function,
which helps prevent overfitting by shrinking the
coefficients. Ridge regression is particularly ef-
fective when there is multicollinearity (high corre-
lation between predictor variables) in the dataset,
as it reduces the influence of less important vari-
ables on the model’s predictions Ref. 24.

2.3.2 Machine learning model training process

The machine learning model training process followed
these steps:

1. Data Normalization: The dataset was normalized
to ensure consistent scaling of all features, pre-
venting any variable from disproportionately influ-
encing the model.

2. Train-Test Split: The dataset was divided into
train and test sets. The train set was used to
train the model, while the test set was kept aside
to evaluate its performance on unseen data.

3. Model Training: The model was trained using the
training dataset to learn patterns and relation-
ships between input features and the target vari-
able.

4. 5-Fold Cross-Validation: To optimize model per-
formance and ensure generalizability, a 5-fold
cross-validation was employed. This involved
splitting the training data into 5 subsets. The
model was trained on 4 subsets and validated
on the remaining subset. This process was re-
peated 5 times, with each subset used once as
the validation data.

5. Grid Search for Hyperparameter Tuning: Grid
search was performed to identify the optimal
hyperparameters for the model. Hyperparam-
eters such as regularization strength or num-
ber of trees in a random forest were systemati-
cally tested. Cross-validation performance met-
rics were used to evaluate each combination of
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hyperparameters. The best combination was se-
lected based on these metrics to maximize model
performance on new, unseen data.

These steps ensured that the machine learning
models were trained effectively, validated properly,
and optimized to achieve the best possible perfor-
mance on new, unseen data, minimizing any overfit-
ting of the model.

2.4 Machine learning metrics

This paragraph introduces two commonly used met-
rics to compare and to assess the machine learning
model performances, the coefficient of determination
(R2 score) and mean absolute error (MAE). The R2

score, also known as the coefficient of determination,
quantifies the proportion of the variance in the depen-
dent variable that is predictable from the independent
variables. It ranges from 0 to 1, with 1 indicating per-
fect prediction. Mathematically, it is calculated as:

R2(yi, ŷi) = 1−
∑n

i=1(yi − ŷi)
2∑n

i=1(yi − ȳi)2
(5)

Mean Absolute Error (MAE) measures the average
magnitude of the errors in a set of predictions, without
considering their direction. It is calculated as the av-
erage of the absolute differences between predicted
and actual values:

MAE =
1

n

n∑
i=1

|yi − ŷi| (6)

The MAE is in the same unit that the predicted vari-
able, the lowest value being the better.

2.5 Surrogate model creation: Workflow

To introduce a new kind of air intake on an aircraft,
two points need to be assessed:

• The air flow characteristics: each engine comes
with air flow characteristics thresholds to respect,
in order to ensure a nominal functioning of the
engine. The respect of these criterion is demon-
strated in flight. To proceed, a dedicated instru-
mentation is needed, like pressure and temper-
ature racks in the air intake to measure the pa-
rameters described in 2.2. This instrumentation
disturbs the flow which induces modifications of
the installed performance.

• The installation effects: to assess the installation
effects, a comparison is made between the in-
flight measured performance and their equivalent
on bench. The serial engine probes are used,
without any additional disturbance of the air flow
characteristics.

As the flights to demonstrate the compliance of the
air flow characteristics remains essential, the pro-
posed methodology intends to only use those flights
to assess the installation effects via a new modeling
method instead of direct measurement. The purpose
is to make no more useful the flights dedicated to the
installation effects measurement, reducing the flight
test hours needed for the development of a new air
intake.

The proposed methodology is made of two main
steps:

• Build a surrogate model of the system loss of the
targeted air intake (the new one)

– Based on the system loss measurement
during the flights for the air flow character-
ization. Those flights will be called ”air flow
characterization flights”

– Using machine learning regression models
to learn measured parameters 2.2

• Apply the surrogate model on existing flight
records of the source air intake (the initial one).
Those flights will be called ”source flights”.

To proceed, an engine model is needed. The en-
gine model will, on one hand, ingests the N1, ITT
and power (and other contextual parameters) of the
source flight to respectively produce the power at
given N1, power at given ITT and SFC at given power
needed to compute the installation effects. It will con-
stitute the referential uninstalled set of performance.
On the other hand, the model will ingest, additionally
to the previous unchanged set of parameters, the out-
puts of the surrogate model of the system loss of the
targeted air intake. Proceeding this way, the outputs
of the engine model will be a set of installed param-
eters. The difference between the installed and the
uninstalled sets of performance, according to eq 1
and eq 2, corresponds to the prediction of the instal-
lation effects of the targeted air intake. The complete
workflow is schematized in figure 2.
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Figure 2: Installation effects prediction workflow

3 RESULTS & DISCUSSION

3.1 Air intake surrogate model

This section aims to assess the validity of the surro-
gate model used in this study. The initial database
contains multiple flights and approximately 300 stabi-
lized points. Before applying various machine learn-
ing models to build the surrogate model, we selected
all the relevant variables by analyzing their correla-
tions and checking the importance of each one. The
retained variables include external aerodynamic char-
acteristics, certain helicopter features, engine data,
and specific features related to the filtered air intake.

3.1.1 Machine learning model selection

The table 1 presents the performance results of var-
ious machine learning models used to predict three
aerodynamic criteria: DC60 (pressure distortion), DP
(pressure drop), and TC120 (temperature distortion).
The performance metrics include R2 and MAE (mean
absolute error). Below is a detailed analysis of the
results.

For the DC60 parameter, the Gradient Boosting
model stands out with an R2 of 0.88 and a notably
low MAE of 0.005. Given that the maximum value

for DC60 is around 0.2 and an classical value is ap-
proximately 0.05, the MAE is 10 times lower than the
classical value of pressure distortion. Other models
like Random Forest, SVR, and KNN also show strong
performance with R2 values of 0.83 and MAEs around
0.0055, still well below the classical value.

For the DP parameter, Gradient Boosting and MLP
Regressor again excel with R2 values of 0.88 and
MAEs of 0.23 and 0.25, respectively. Considering that
DP values are generally around 1, these MAEs are
approximately 4 times lower than the typical value..
The Random Forest model also performs well with
an R2 of 0.82 and an MAE of 0.32. SVR and KNN
models show lower predictive power with R2 values
around 0.63.

Regarding the TC120 parameter, the Gradient
Boosting model leads with an R2 of 0.90 and an MAE
of 0.00034. This MAE is pretty good as the maximum
value for TC120 is around 0.02, and a typical value
is about 0.005. This MAE is about 15 times lower
than the typical value. The Random Forest model is
a close second with an R2 of 0.85 and an MAE of
0.00039. Other models like SVR and MLP Regres-
sor show moderate performance, while linear models
have the weakest performance with R2 values below
0.58, and their MAEs are less competitive.

Overall, the Gradient Boosting model emerges as
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Table 1: Performance metrics for various machine
learning models predicting aerodynamic criteria.

Parameter Model R2 MAE

DC60

Linear regression 0.72 7.4× 10−3

Random forest 0.83 5.6× 10−3

SVR 0.83 5.4× 10−3

MLP regressor 0.78 7.0× 10−3

Gradient Boosting 0.88 5.0× 10−3

KNN 0.83 5.5× 10−3

Bayesian Ridge 0.72 7.3× 10−3

Lasso 0.72 7.4× 10−3

Ridge 0.68 7.9× 10−3

DP

Linear regression 0.70 4.0× 10−1

Random forest 0.82 3.2× 10−1

SVR 0.63 4.2× 10−1

MLP regressor 0.87 2.5× 10−1

Gradient Boosting 0.88 2.3× 10−1

KNN 0.64 4.2× 10−1

Bayesian Ridge 0.70 4.0× 10−1

Lasso 0.87 2.4× 10−1

Ridge 0.80 2.7× 10−1

TC120

Linear regression 0.48 7× 10−4

Random forest 0.85 3.9× 10−4

SVR 0.68 6.2× 10−4

MLP regressor 0.65 6.1× 10−4

Gradient Boosting 0.90 3.4× 10−4

KNN 0.53 7× 10−4

Bayesian Ridge 0.57 6.7× 10−4

Lasso 0.49 7.2× 10−4

Ridge 0.53 7× 10−4

the best overall model for predicting all three crite-
ria, with the highest R2 values and the lowest MAE.
Linear models (Linear Regression, Ridge, Lasso, and
Bayesian Ridge) tend to underperform compared to
non-linear models such as Random Forest, SVR,
MLP, and Gradient Boosting. Based on this analy-
sis, the Gradient Boosting model has been selected
for creating the surrogate model in the subsequent
sections of this paper. This choice is justified by its
consistently superior performance across all three cri-
teria.

3.1.2 Overfitting and Residual Analysis

In this section, we analyze the performance of the
gradient boosting model in recalculating three aerody-

namic criteria: TC120, DC60, and DP. We utilize the
Mean Absolute Error (MAE) as the evaluation met-
ric, plotting it against the number of iterations (n esti-
mators) to visualize how the model’s prediction accu-
racy evolves. They allow us to observe how quickly
the model reduces errors on the training data and
whether it converges to a stable solution. they can
also help to detect overfitting by comparing train and
test MAE curves.

(a) Pressure drop prediction overfitting analysis

The pressure drop plot (figure 3a) shows a more
gradual decline in both training and test MAE com-
pared to the other two criteria. The training MAE
steadily decreases over the first 200 iterations be-
fore leveling off, indicating continuous learning and
improvement. The test MAE also decreases initially
but starts to level off around 150 iterations and sta-
bilizes at a higher value than the training MAE. This
suggests that the model improves its predictions on
both training and test data, but there remains a con-
sistent gap between the two, indicating some degree
of overfitting.

For the DC60 criterion (figure 3b), the training MAE
decreases dramatically within the first 50 iterations,
after which it flattens, indicating that the model quickly
reaches a low error rate on the training data. The
test MAE also shows a steep decline initially but then
stabilizes at a higher value compared to the training
MAE, suggesting a potential overfitting issue. The
gap between the training and test MAE after the ini-
tial iterations indicates that while the model performs
very well on the training data, its performance on un-
seen data is slightly worse, pointing to an overfitting
tendency.
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(b) Pressure distortion overfitting analysis

(c) Temperature distortion overfitting analysis

Figure 3: Gradient boosting model: overfitting analy-
sis

In the TC120 plot (figure 3c) , the training MAE
starts relatively high and decreases significantly over
the first 100 iterations, showing a rapid improvement
in model performance. Beyond 100 iterations, the de-
crease in training MAE becomes more gradual, indi-
cating the model is fine-tuning its predictions. The
test MAE follows a similar pattern, initially decreasing
rapidly and then stabilizing, but it consistently stays
below the training MAE after around 50 iterations.
This suggests that the model generalizes well to the
test data without overfitting.

To evaluate the performance of the machine learn-
ing models, we analyzed the residuals using Q-Q
(Quantile-Quantile) plots. The Q-Q plots compare the

quantiles of the residuals to the quantiles of a theoreti-
cal normal distribution. If the points follow the red line,
it indicates that the residuals are normally distributed.
Deviation from this line suggests potential issues with
the model.

Figure 4: Q-Q Plot of Residuals for pressure drop gra-
dient boosting model

The Q-Q plot of residuals for Model DP shows a
slight deviation from the red line at both the lower and
upper ends. This suggests that the residuals do not
perfectly follow a normal distribution, especially for ex-
treme values. This could indicate the presence of out-
liers or underfitting of the data at the extremes.

Figure 5: Q-Q Plot of Residuals for pressure distortion
gradient boosting model

The Q-Q plot of residuals for Model DC60 presents
better conformity to the red line compared to Model
DP. However, slight deviations are still observed at the
extremities, though they are less pronounced. This
indicates that while the residuals are closer to a nor-
mal distribution, there are still areas where the model
could be improved.

The Q-Q plot of residuals for Model TC120 shows
very good agreement with the red line, suggesting
that the residuals follow a normal distribution. The
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Figure 6: Q-Q Plot of Residuals for temperature dis-
tortion gradient boosting model

deviations at the extremities are minimal, indicating
that this model captures the characteristics of the data
well and produces well-distributed residuals.

These results indicate that the models are well-
generalized except for pressure distortion which has a
risk of slight overfitting, however Q-Q plots don’t point
overfitting for pressure distortion. in conclusion, the
analysis shows that Gradient Boosting is a suitable
choice for developing surrogate models for predict-
ing the aerodynamic criteria. The convergence points
and the steady performance of the test MAE confirm
that the models are robust and reliable for practical
applications.

3.1.3 Surrogate model validation

This section aims to compare results from the surro-
gate model with real flight test data to assess its suit-
ability for predicting installation effects. It analyzes
three aerodynamic criteria by examining the errors
made and their impact on installation effect predic-
tions. Finally, a comparison with actual inlet data from
other previously unlearned flights verifies the accu-
racy of the aerodynamic criteria predictions.

Pressure drop
Figure 7 illustrates the deviation between the sur-

rogate model’s predictions and the measured values
from the test dataset. In Figure 7a, the predicted
pressure drop values are plotted against the theoret-
ical values. It is observed that the predictions remain
within a ±20% relative deviation range of the pres-
sure drop value. To assess the impact of this error
on the installation effect prediction, we analyze the
distribution of the absolute deviation between the pre-
dicted and theoretical values (see Figure 7b). The

results show that 95% of the prediction errors lie be-
tween −0.5% and +0.5%, with a mean absolute error
of approximately 0.2%. This corresponds to a model-
generated dispersion of about 0.4% on the installation
effect, which is low given the other sources of uncer-
tainty. Therefore, the surrogate model’s accuracy is
deemed sufficient.

A further validation step ensures that the model ac-
counts for the specific characteristics of the filtered
air intake. the surrogate model is applied to test

(a) Pressure drop prediction accuracy

(b) Pressure drop deviation distribution

Figure 7: Comparison of pressure drop prediction ac-
curacy and deviation distribution.
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points from the installation effects campaign in a non-
filter configuration, recalculating the pressure drop for
each point assuming a configuration change to a fil-
tered air intake. These recalculated values were then
compared with actual tests in the filtered configura-
tion. Figure 8 plots the pressure drop against the true
airspeed (TAS), with the green points representing the
surrogate model predictions and the blue points rep-
resenting flight test results in the filtered configuration.
The predicted values align well with the flight tests.
An evolution corresponding to the helicopter’s speed
is clearly visible, linked to the formula involving the
squared speed of the flow. Additionally, two distinct
rows of points are observed for the same helicopter
speed, indicating varying pressure drops. These vari-
ations correspond to the position of the filtered air in-
take by-pass. In fact, one of the characteristics of the
filtered air intake is that it is necessary to have a by-
pass in order to be able to open the by-pass in case
of a excessive clogging of the filter, thus maintaining
the air supply to the engine. It is evident that the sur-
rogate model takes the bypass into account for the
prediction. The pressure drop generated by the fil-
tered air intake is accurately predicted by the surro-
gate model.

Figure 8: Pressure drop prediction of the surrogate
model validation by comparison with flight test result
for IBF config using gradient Boosting based model

Pressure distortion (DC60)
Thereafter, the same analysis is performed for the

pressure distortion. We can see from the figure that
most of the points are within 20% of the measured
value of the pressure distortion. However, some
points are still overestimated relative to this 20% devi-
ation. If we look at figure 9, we notice that most of the
time the error is included between 0.0075 which corre-
sponds to an uncertainty generated by the model on

the installation effect of the order of ±0.1% at constant
ITT, which is sufficient. However, a much larger devi-
ation up to 0.02 can generate a maximum uncertainty
of ±0.25% at constant ITT. We consider the model to
be valid for the prediction of the pressure distortion.

The second step of validation consists of the use
of a surrogate model on test points resulting from the
installation effect campaign in non-filtered air intake,

(a) Pressure distortion prediction accuracy

(b) Pressure distortion deviation distribution

Figure 9: Comparison of pressure distortion predic-
tion accuracy and deviation distribution.
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and we recalculated the pressure distortion associ-
ated with each point in the case that the configuration
changed, i.e., that these same flight points were per-
formed with a filtered air intake. Afterwards, we com-
pared the measurements with real flight test measure-
ments in filtered configuration. The figure 10 plots the
pressure distortion according to the TAS, the green
points correspond to the pressure distortion predicted
by the surrogate model and the blue points to the
point resulting from flight tests in filtered configura-
tion. To begin the analysis, we can see that the DC60
seems to be well predicted compared to the flight
tests. We can also observe several things. Indeed,
in the case of the DC60 with filtered air intake, we no-
tice that it does not depend on the TAS. Moreover, we
can separate the graph into two parts, the upper part,
where the DC60 corresponds to the left air intake, and
the bottom than which corresponds to the right air in-
take. We also notice on each side a separation of the
values, which corresponds to the opening and closing
states of the bypass. Taking into account the accu-
racy of the measurement in flight, we consider that the
surrogate model well represents the filtered air intake
in the different flight phases and can thus be used to
find the associated values of DC60.

Figure 10: Pressure distortion prediction of the sur-
rogate model validation by comparison with flight test
result for IBF config using gradient Boosting based
model

Temperature distortion (TC120)
The last parameter calculated by the surrogate

model of the system loss is the temperature distor-
tion. As for the pressure distortion and the pressure
drop generated by the air intake, an analysis of the
accuracy of the prediction is carried out, followed by a
comparison with the flight tests as well as an analysis
of the influence parameters. The figure 11a illustrates
the deviation between the predicted value and the

theoretical value. We notice that most of the points
are included between the red line and the blue line,
which corresponds to a relative deviation of 20% on
the predicted value. If we examine the deviation, the
figure 11b represents the distribution of the error com-
mitted in relation to the measured temperature distor-
tion. We can see that 95% of the error is between
0.001 and -0.001 which corresponds to an impact on
the installation effect of about ±0.15%. Therefore, we

(a) Temperature distortion prediction accuracy

(b) Temperature distortion deviation distribution

Figure 11: Comparison of temperature distortion pre-
diction accuracy and deviation distribution.
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consider the accuracy of the prediction sufficient.
The next step for the validation of the surrogate

model is to compare it with the flight tests. The fig-
ure 12 presents the evolution of the TC120 with the
TAS and allows to compare the prediction from the
surrogate model with the flight tests. We can see that
the prediction seems to fit well with the flight test val-
ues.

Figure 12: Temperature distortion prediction of the
surrogate model validation by comparison with flight
test result for IBF config using gradient Boosting
based model

3.2 Installation effect prediction

This part aims to validate the method proposed in the
part 2.5 for the prediction of installation effects. For
this purpose, the installation effects of a filtered con-
figuration are calculated using the surrogate model
previously created and applied on flight points from
a real non-filtered air intake installation effects cam-
paign. Then a thermodynamic model is used to as-
sess the impact of this system loss on the engine and
therefore the installation effect. Firstly, for each point
of the installation effects campaign in non-filtered air
intake, a system loss associated to the filtered air in-
take is generated. Moreover, in order to be able to
compare the installation effects measured in flight, the
impact of the nozzle on the installation effects is taken
into account with the theoretical pressure drop gener-
ated by the nozzle. Afterwards, for each point, the
power delivered by the engine is calculated using the
thermodynamic engine model created in Ref. 2 and
the filtered air intake system loss. Finally, using the
thermodynamic engine model, the same points are
simulated without system loss in order to calculate
the uninstalled power and so the installation effects.

The figure 13a plots the installation effects as a func-
tion of the corrected power at N1 fixed. The green
points correspond to the installation effects calculated
using the method explained in this paper. The blue
points correspond to the installation effects obtained
from an installation effect campaign with a filtered air
intake in order to validate the method. The light col-
ors correspond the the open bypass door configura-
tion, while dark colors correspond to the closed by-
pass door configuration. We notice that the installa-
tion effects are well predicted by the method proposed
in this chapter. Indeed, we observe the effect of the
installation side of the engine as well as the impact of
the opening and closing of the bypass. Moreover, we
can see that the light blue and light green points are
well superposed, as well as the dark points. However,
we notice that some points, where the installation ef-
fects are important (large negative values), are at the
bottom of the scatter plot. This can be explained by
the fact that these points may be subject to errors
on the torque measurement. Furthermore, the shape
seems to be well captured by the model.

Figure 13b shows the installation effects as a func-
tion of the corrected power at a given ITT. In this case,
we also observe a good prediction of the installation
effects, with a slight overestimation of less than 1%
between the installation effects calculated in the case
of the closed bypass and the installation effects re-
sulting from the flight tests in the case of the closed
bypass. Moreover, the shape of the installation effect
seems to be well captured by the model.

To conclude, the figure 13c shows the impact of
the installation of the engine on the consumption at
a given power as a function of the corrected power. It
can be seen that, once again, the installation effects
are well predicted. Nevertheless, some deviation can
be observed that can be explained by the accuracy
of the fuel flow measurement sensor, which is subject
to strong uncertainties. Indeed, by looking at the val-
ues of these extreme points, it is highly probable that
these points are outliers. Concerning the shape of the
installation effects, they are well represented.

4 CONCLUSION

In conclusion, this paper introduces an advanced ma-
chine learning method for predicting installation ef-
fects on air intake configurations, offering enough ac-
curacy to reduce the number of flight tests during de-
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(a) Installation effect prediction with air intake surrogate model at given N1

(b) Installation effect prediction with air intake surrogate model at given ITT

(c) Installation effect prediction with air intake surrogate model at given Pu

Figure 13: Installation effect prediction with air intake surrogate model under different conditions: (a) at given
N1, (b) at given ITT, (c) at given Pu.
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velopment. The key findings of this methods are:

• Evaluation of several machine learning models,
with Non-linear models that outperform linear
models in predicting aerodynamic criteria (DC60,
DP, TC120). Especially, the Gradient Boosting
model consistently demonstrates the best perfor-
mance with the highest R² and the lowest MAE
across all criteria.

• The overfitting analysis shows that the Gradient
Boosting model effectively learns the patterns in
the data for DP, DC60, and TC120 without overfit-
ting, as evidenced by the convergence of the test
MAE and the continuous decrease of the train-
ing MAE, indicating robust generalization capa-
bilities. The Q-Q plots reveal that while the resid-
uals for DP shows some deviation from normal-
ity, DC60 and TC120 exhibit better conformity, in-
dicating well-distributed residuals and confirming
the reliability of the models.

• Surrogate model validation shows good perfor-
mances in predicting aerodynamic and aerother-
mal criteria

– The surrogate model for pressure drop ac-
curately predicts values within a ±20% rel-
ative deviation range, with 95% of errors
between -0.5% and +0.5%, demonstrating
sufficient accuracy and minimal impact from
other uncertainties. Validation against flight
test data confirms the model’s reliability in
predicting pressure drops.

– The surrogate model for pressure distortion
predictions generally falls within a 20% de-
viation from measured values, with most er-
rors within ±0.1% leading to an estimation of
±0.25% on the installation effect prediction.
Comparison with flight test data shows good
agreement.

– The surrogate model for temperature distor-
tion maintains a high level of accuracy, with
95% of errors within ±0.001, correspond-
ing to an installation effect impact on in-
stallation effect prediction of about ±0.15%.
Validation against flight test results shows
the model’s predictions align well with actual
measurements.

• Installation effect prediction with the workflow
proposed is well predicted, the shapes of the

installation effects are well reproduced and the
maximum estimated error is of the order of 1%
a given ITT, less at given power and given N1.
This accuracy is sufficient for estimating installa-
tion effects.

To conclude, this study opens up new perspec-
tives by easing the development of new air in-
take configurations and exploring the use of
reduced-order models. These models could en-
able rapid computation of aerodynamic criteria
in flight, faster than traditional CFD simulations,
making it possible to estimate installation effects
under different flight conditions. This approach
could enable installation effects to be computed
continuously during flight. In addition, this ap-
proach could pave the way for the creation of a
digital twin for air intakes, enabling proactive de-
tection of anomalies.
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