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Abstract

Rotorcraft engines are highly complex, nonlinear thermodynamic systems operating under varying environmental
and flight conditions. Simulating their dynamics is crucial for design, fault diagnostics and deterioration control,
requiring robust control systems to estimate performance throughout the flight envelope. Numerical simulations
provide accurate assessments in both steady and unsteady scenarios through physics-based and mathematical mod-
els, although their development is challenging due to the engine’s complex physics and strong dependencies on
environmental conditions. In this context, data-driven machine-learning techniques have gained significant interest
for their ability to capture nonlinear dynamics and enable online performance estimation with competitive accuracy.
This work explores different neural network architectures to model the turboshaft engine of Leonardo’s AW189P4
prototype, aiming to predict engine torque. The models are trained on a large database of real flight tests, covering
a variety of operational manoeuvers under different conditions, thus offering a comprehensive performance repre-
sentation. Additionally, sparse identification of nonlinear dynamics (SINDy) is applied to derive a low-dimensional
model from the available data, capturing the relationship between fuel flow and engine torque. The resulting model
highlights SINDy’s ability to recover underlying engine physics and suggests its potential for further investigations
into engine complexity. The paper details the development and prediction results of each model, demonstrating that
data-driven approaches can exploit a broader range of parameters compared to standard transfer function-based
methods, enabling the use of trained schemes to simulate nonlinear effects in different engines and helicopters.

Nomenclature

Al Artificial Intelligence

ML Machine Learning

DMD Dynamic Mode Decomposition

MTOW Maximum TakeOff Weight
MISO Multi-Input Single-Output

SISO Single-Input Single-Output
TRQ Engine Torque

WF Fuel Flow

COL Collective Pitch

T, Intake air temperature

T, Oil temperature

P, Qil pressure

P, Intake pressure

'Now at: Weather Research, Danish Meteorological Institute, Sankt Kjelds Plads 11, 2100 Copenhagen Denmark

© Leonardo S.p.A., 2025. Published by Cambridge University Press on behalf of Royal Aeronautical Society.

https://doi.org/10.1017/aer.2025.10024 Published online by Cambridge University Press


https://doi.org/10.1017/aer.2025.10024
https://orcid.org/0000-0002-1154-2783
https://orcid.org/0000-0002-4536-6255
mailto:damiano.paniccia@leonardo.com
http://crossmark.crossref.org/dialog?doi=https://doi.org/10.1017/aer.2025.10024&domain=pdf
https://doi.org/10.1017/aer.2025.10024

2778 Paniccia et al.

NR Main rotor speed

TAT True air temperature

NP Power turbine speed

NG Gas turbine speed

NGR Corrected gas turbine speed
AIRSPEED Air speed

FFNN Feed-Forward Neural Network
RNN Recurrent Neural Network
LSTM Long Short-Term Memory
MSE Mean Squared Error

MAE Mean Absolute Error

rMAE Relative Mean Absolute Error
SINDy Sparse Identification of Nonlinear Dynamics

SINDyc SINDy with control
PySINDy  Python library for Sparse Identification of Nonlinear Dynamics

D,uin Training dataset (162 flights)
D,, Validation dataset (18 flights)
D, Test dataset (16 flights with high-frequency sweep maneuvers)

1.0 Introduction

Real-time control of helicopter turboshaft engines has always been a complex challenge due to the
stringent requirements of robust engine models capable of accounting for the strong coupling between
the engine and the helicopter drivetrain. In fact, the effective implementation of control systems has
always been recognised as essential for enhancing helicopter performance, monitoring and handling,
as well as minimising fuel supply oscillations and rotor speed fluctuations [1, 2]. High-fidelity aero-
thermodynamic simulations, while invaluable for detailed analysis, are often unfeasible for real-time
applications due to their computational complexity and iterative nature, significantly increasing exe-
cution time. Simplified aero-thermodynamic models based on reduced-order modeling approach have
been proposed as possible alternatives to allow for the real-time applications, still exhibiting many
differences in results compared to full transient high-fidelity simulations [3]. Although often built upon
static maps and linear approximations with corrections to account for environmental conditions [4],
these physics-based models, dating back to the 1980s [5], are grounded in thermodynamic principles
and rely on a detailed physical description of engine components that enhances their robustness and
reliability. Recent studies (see e.g. [6—8]) have focused on simulating engine behaviour for control
applications. As mentioned above, the execution of real-time simulation of physically driven mod-
els is challenging, and many compromises are therefore necessary to develop engine models that can
easily be exploited for system control, fault detection and diagnostics. By sacrificing some aspects
of the engine’s physical representation, two of the most straightforward approaches involve simpli-
fied real-time engine simulations based on piecewise linear state-space perturbation models or transfer
function models. These methods enable coverage of the entire operating range while supporting oper-
ational requirements [9-13]. Both rely on tabulated steady-state engine performance at key operating
points, with engine dynamics evaluated either through partial derivative approximations around these
points (state-space perturbation) or via transfer functions such as lead-lag compensators. Although these
models are less accurate than full transient high-fidelity simulations, they strike a practical balance
between computational efficiency and fidelity, making them widely applicable in real-world opera-
tional scenarios. Still, developing and fine-tuning these models requires a significant effort, as they
rely on extensive and costly flight campaigns involving specific manoeuvers and tests. Additionally, a
major challenge arises from the inevitable variations in engine performance over time, as well as new
flight conditions and transient manoeuvers that were not accounted for during development or devi-
ate significantly from tabulated points. These limitations can gradually degrade even a well-calibrated
model, requiring continuous data collection and additional flight tests to maintain and update existing
models.
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Over the past decade, turbomachinery and aircraft engine communities have begun to reconsider
their design, manufacturing and operational processes in response to the exponential growth in the use of
smart technologies [ 14]. For instance, artificial intelligence (AI) and machine-learning (ML) algorithms
have started to be integrated into several engineering applications, leading to a shift from either empirical
or purely theoretical approaches to increasingly accurate solutions capable of capturing and extracting
complex nonlinear connections directly from data, albeit at the expense of a physical description and
understanding. The modeling of turbomachinery is no exception. Considerable efforts and significant
progress have already been made to harness ML algorithms for several applications in this field [15—
20], from the design and control of the air and fuel flow [21-23], to deterioration modeling and fault
prediction [24, 25]. At the same time, despite the great potential, this shift towards purely data-driven
models is still viewed with a certain degree of skepticism by industries such as aerospace [26], due to the
high-stakes and safety-critical nature of these environments. To address this issue, data-driven control
methods like dynamic mode decomposition (DMD) [27, 28] and Koopman analysis [29] enable a struc-
tured understanding of system dynamics by extracting dominant patterns from data while preserving
some interpretability. Among others, the recently introduced sparse identification of nonlinear dynamics
(SINDy) [30] has been attracting increasing attention due to its low-computational cost and its accuracy
in modeling non-linear systems, an area where DMD struggles due to its inherent focus on linear patterns
[31]. Up to now, the SINDy algorithm has been widely adopted across various domains, demonstrating
strong potential in both accuracy and interpretability. Applications span optics [32], plasma dynam-
ics [33], chemical processes [34, 35], structural systems [36] and fluid dynamics [37], leading to very
promising results in terms of accuracy and interpretability. Recently, SINDy has been also applied to
aircraft dynamics [31, 38], aircraft pressure control [39], collision avoidance for multirotor UAVs [40]
and predictive control for diesel engine systems [41], further expanding its relevance in engineering and
control applications.

Building on these developments, this paper explores the application of machine learning techniques to
helicopter engine modeling, flight mechanics simulation, and performance prediction. Particular atten-
tion is given to both fully data-driven methods, which emphasise predictive accuracy and can incorporate
external information such as environmental and operational data, and more interpretable approaches that
aim to retain physical insight. This study is characterised by at least two key specificities. First, it focuses
on a unique type of helicopter turboshaft and its associated drivetrain. Second, it leverages large-scale
datasets of actual flight data acquired from extensive flight test campaigns of a modern rotorcraft, includ-
ing arich set of manoeuvers and actual engine flight conditions. The dataset was generated by a prototype
of Leonardo’s AW189', an 8-ton maximum takeoff weight (MTOW) twin-engine helicopter (Fig. 1).

To illustrate the complexity of the engine’s operation, Fig. 2 presents a typical Leonardo helicopter
turboshaft drivetrain and a simple sketch of the engine components. The engine first scoops air through
the inlet and increases its pressure within the compressor before it enters the combustion chamber,
where fuel is sprayed. The resulting air-fuel mixture then expands in the first turbine, which drives the
compressor and is mechanically linked to the same shaft. Before exiting through the exhaust nozzle, the
hot gases impinge on a second turbine stage, known as the power turbine. This turbine is mechanically
decoupled from the first but is connected to the helicopter rotor through a reduction gearbox. As a result,
the two turbines can rotate at different speeds, a key feature of helicopter drivetrain design that allows
the rotor to maintain a constant RPM independently of the engine regime. The engine power is thus
transferred to the helicopter rotor through a transmission gearbox whose reduction ratio is typically in
the order of 100 (achieved in successive stages), from around 30,000 rpm in the power turbine to around
300 rpm in the main rotor.

Due to the intricacies of the drivetrain and the engine’s dynamics, accurate helicopter engine sim-
ulations play a crucial role in understanding flight mechanics and control. In this context, a realistic
engine model is influenced by both pilot control inputs and other critical variables that are of paramount
importance for the correct estimation of the helicopter’s handling qualities. Specifically, the engine can

Uhttps://helicopters.leonardo.com/it/products/aw 189-1
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Figure 1. Leonardo’s AWI89 twin-engine helicopter. Copyright on the images is held by the contribu-
tors. Apart from Fair Use, permission must be sought for any other purpose.

be simulated as a multi-input single-output (MISO) model where the output variable is torque (TRQ)
(directly linked to delivered power) which is closely correlated with fuel flow (or weight of fuel, abbre-
viated as WF). In fact, WF is an internal variable of the system, not easily monitorable but under the
pilot’s control by means of the cyclic, pedals and collective setting (COL), regulating the power deliv-
ered to the rotor. In addition, the main rotor speed (NR) governor ensures that rotor rpm remain stable
with minimal fluctuations.

The supervised MISO models developed in this study are trained to take as input a specific set
of engine and environment variables, known to influence engine behaviour but not easily included
in physics-based models (either for a specific time-step or for a specific time window). The models
return the desired TRQ variable as a final output, demonstrating that data-driven engine models can
exploit a wider range of parameters than standard transfer function-based approaches. Specifically, we
explore two different neural networks (NN) architectures: feed-forward neural network (FFNN) [42]
and long-short-term memory (LSTM) recurrent network [43, 44]. The rationale of the work lies in the
expectation that data-driven models, being capable of describing the dynamic behaviour of nonlinear
systems [16, 17], can expand the scope of the currently employed transfer function-based approaches
by leveraging a broader set of inputs, identifying all those variables that correlate well with the desired
output, the engine torque TRQ. Therefore, since data-driven engine models can exploit a wide range of
parameters describing the turbomachinery, trained schemes can be used to effectively simulate nonlin-
ear effects among different engines, operating regimes and helicopter models. This may allow for an
accurate dynamic simulation over the entire flight envelope of helicopter turboshaft performance and
may also significantly improve their design, optimisation and maintenance processes [18].

To complement the study on purely data-driven methods, this paper also presents the application
of the SINDy algorithm to derive a low-dimensional dynamical model from the available data, try-
ing to capture the relationship between WF and TRQ, i.e. a single-input single-output (SISO) model.
The SINDy methodology identifies the smallest number of terms needed to explain the data without
detailed prior physical knowledge, still leading to interpretable governing equations, which may enrich
the understanding of this complex system. Unlike other data-driven machine-learning approaches, sparse
identification leverages a unique balance in model complexity and descriptive ability, an essential qual-
ity in the aviation engine field to meet the highest level of model robustness and validation. The goal
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Figure 2. Helicopter engine installation. Copyright on the images is held by the contributors. Apart
from Fair Use, permission must be sought for any other purpose.

of this investigation is to assess the advantages and limitations of this methodology when applied to
real-world flight data, collected during routine helicopter operations throughout its life cycle.

The paper is structured as follows. Section 2 describes the characteristics of the machine learning
methods used in the study, while Section 3 contains results of the experiments and related discussion.
Section 4 concludes the paper, and the appendix documents further details on hyperparameter tuning
and training setup.

2.0 Methodology

This section provides a brief description of the adopted NN architectures for the MISO model, followed
by some theoretical background of SINDy. The last subsection provides some details on the Leonardo’s
AW 189 dataset and on the training setup.

2.1 Neural network architectures

For the MISO models, we implemented two distinct NN architectures using the PyTorch library [45] to
assess their respective advantages and limitations for modelling the engine dynamics.

The first architecture is a FENN [42, 46], which establishes direct correlations between the input fea-
tures of a specific time step and the output feature at the same time step. FFNNs are structured with one
or more hidden layers between the input and output layers, where each hidden layer consists of neurons
that are fully connected to the neurons in the previous layer. Information flows through these connec-
tions, processed by weights, biases and nonlinear activation functions. During training, the network
parameters are optimised through backpropagation and gradient descent, with the aim of minimising
the loss function. FFNNs are generally efficient in capturing non-linear relationships between input and
output variables, but they usually lack the ability to model temporal dependencies, making them less
suitable for time series data. In this work, the FFNN is applied to each time step independently. Each

https://doi.org/10.1017/aer.2025.10024 Published online by Cambridge University Press


https://doi.org/10.1017/aer.2025.10024

2782 Paniccia et al.

hiddenlayer1

~ hiddenlayer2
- O
Input features time histories O Target time history
[ 6 [ 6 [ 6 [ | f] 5 y [t |
Time O o output Time
o O
¢ o © e 3
i-1
<| g | e | e x yL" 2
R 3

Figure 3. A simple sketch of the FFNN architecture for the torque time-history prediction.
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Figure 4. A simple sketch of the LSTM architecture for the torque time-history prediction.

time step of the input time series is treated as a separate input sample, and the network predicts the cor-
responding output for that time step. The full-time series output is reconstructed by sequentially placing
the predicted outputs in order (see Fig. 3 for an illustration of the architecture).

To address the FFNN’s limitation in modeling temporal relationships, we also implemented a more
sophisticated architecture based on LSTM networks. LSTMs are a specialised form of recurrent neu-
ral networks (RNNs) and are designed to capture long-term dependencies in sequential data, making
them particularly effective for time series. Unlike FFNNs, which process each input independently,
LSTMs incorporate memory cells and gating mechanisms that allow the network to retain infor-
mation across multiple time steps. In our implementation, the network receives as input the input
features sequences of n time steps, referred to as a lookback window, and outputs a single predic-
tion corresponding to the final time step in that window (see Fig. 4). As the model moves through
the dataset, it generates one prediction per window by shifting the window forward one time step
at a time, starting from the n th row. By passing information from one time step to the next, the
LSTM can learn temporal patterns and dependencies within the time series. However, this comes
at the cost of increased complexity and longer training times compared to more standard FFNN
architectures.

In our implementations, we used the mean squared error (MSE) between the predicted and actual
output as the loss metric for both architectures. Details on the input and output features and on the
dataset are provided in the following sections.

https://doi.org/10.1017/aer.2025.10024 Published online by Cambridge University Press


https://doi.org/10.1017/aer.2025.10024

The Aeronautical Journal 2783

2.2 Sparse identification of non-linear dynamics

The SINDy approach uses sparse regression to find the smallest number of terms required to model
the dynamics of a given system from a library of prescribed candidate functions. In the present work,
we employ PySINDy [47, 48], a comprehensive Python package for sparse identification of nonlinear
dynamics, to assess the SINDy approach with our AW 189 engine database. The goal is to understand
the advantages and limitations of this methodology when applied to real data from extensive flight cam-
paigns. However, as a first step, we restrict the analysis to a SISO model, focusing specifically on the
relationship between fuel flow (WF) and engine torque (TRQ), where WF is a control variable that
directly influences TRQ. This makes the WF-TRQ relationship a natural candidate for benchmarking
the ‘SINDy with control’ (SINDyc) algorithm [49], as this empirical relationship governing WF and
TRQ is well documented in the field of engine modeling. The SINDy with control algorithm, hereafter
referred to simply as SINDy, is briefly described below.
Consider a nonlinear dynamical system like

dax _ !
T =f(x,u) (1

where X is the state vector collecting all the state variables and u is the input vector collecting all the
control variables. Suppose we have m snapshots of both the state and input vectors arranged in two data
matrices X and U, as

X=| x x ... x, 2)

We may define a library of nonlinear arbitrary candidate functions ® of the state and the input
including nonlinear cross terms

X
X2

U
U2
XU

XU “)
XU?

@T

sin X
sin U
sinX sinU
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and finally solve for the sparse regression coefficients matrix = the equations

X _ ¢
i EO° (X,U) 4)
by assuming that the input U corresponds to an external forcing.

Note that the sparsity of the coefficients matrix E is key to obtaining an easily readable and inter-
pretable form of the original system and is assured by the assumption of a threshold parameter ¢, so
that each coefficient lower than ¢ is automatically set to zero. The threshold should be treated as a
hyperparameter of the SINDy algorithm and its correct tuning is essential for each specific case.

The SINDy algorithm has been previously presented in its general form, assuming a continuous-time
framework. However, the practical implementation of SINDy necessitates a discrete representation of
the time signals and their corresponding derivatives. Therefore, a dataset of measurements sampled at
discrete time instances ¢, 1,1, .. ., t, is required. If the time derivatives of the state vector and any
external forcing terms (input vector) are not directly available in the dataset, they can be estimated
numerically. This can be done either through custom numerical differentiation or automatically via the
PySINDy package, which uses the total variation regularised derivative under the hood. It is worth
noting that several differentiation techniques were tested, ranging from finite difference methods to the
Savitzky-Golay filter. However, no significant influence was observed on the results, likely due to the
pre-processing applied to our dataset, which will be briefly described in the following paragraph.

As anticipated, our goal is to describe the relationship between the fuel flow WF and the engine
torque 7RQ. In this case, we may express the state vector as

Xi= (TRQn TRQ» TRQs ... TRQ[m;) (6)
and the input vector as
Ui - (WF,'] WF,'Z WF,'3 PP WFim,.) (7)

where the subscript i refers to the specific manoeuver of each flight in the dataset.

2.3 Dataset and training setup

For the development and training of the data-driven MISO and SISO models, we utilised an extensive
AW 189 engine dataset consisting of time series data for key features of interest, as outlined in Table 1.
Due to the specific configuration of the AW 189 data acquisition system, all signal sampling frequencies
are exact multiples of 8 Hz. This property allows for efficient decimation while preserving the origi-
nal dynamic characteristics of the signals. To prevent aliasing effects during the resampling process, a
20th-order low-pass finite impulse response (FIR) anti-aliasing filter is applied to continuous signals,
preserving a bandwidth of up to 3.2 Hz before uniformly downsampling all signals to 8 Hz. The filter-
ing process effectively smooths the signals, reducing high-frequency noise and enabling more stable and
accurate numerical differentiation, a crucial requirement for the subsequent application of the SINDy
algorithm.

The dataset covers 196 individual flights and spans more than 35 hours of recorded flight time. Out
of the 196 available flights in the dataset, 180 are used for the models’ development. These are further
divided into a training dataset (D,,;,) and a validation dataset (D,,), consisting of 162 and 18 flights,
respectively. These flights are never involved in the training phase and include a variety of standard
manoeuvers listed and briefly described in Table 2. However, for the purpose of this analysis, some of
the manoeuvers present in the original dataset, such as autorotations, normal shutdown, and taxiing,
have little or no significance and were therefore excluded.

The remaining 16 flights form the test dataset (D) used for the final evaluation of all models. These
flights were not randomly selected. They specifically include high-frequency sweep manoeuvers, such
as very fast collective and pedal inputs, which exhibit significantly more complex dynamic behaviour
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Parameter Description

TRQ Engine torque [Nm]

COL Collective [%0]

T, Intake air temperature [°C]
Tis Gas turbine temperature [°C]
Toi Oil temperature [°C]

Poi Oil pressure [psi]

P, Intake pressure [psi]

NR Main rotor speed [%]

TAT True air temperature [°C]
NP Power turbine speed [%]

NG Gas turbine speed [%]

NGR Corrected gas turbine speed [%]
WF Fuel flow [Ib/h]

AIRSPEED Air speed [kts]

Table 2. List of manoeuvers in the training and validation datasets

Manoeuver Description
Cruise Forward flight at constant speed and altitude
Hover Steady manoeuver, where the rotorcraft has constant altitude and is

Take-off/Landing
Bank turn

Climb/descent

Reversal

Pull-up

Transition
Acceleration/deceleration
Azimuth forward
Sideway

Rearward movements

Spot turn
Sideslip

Approach
Quarter manoeuver

fixed with respect to the ground, can be in-ground effect (HIGE) or
out of ground effect (HOGE)

Initial/final flight phase

A change of heading manoeuver where the rotorcraft tilts around the
roll axis to balance centrifugal force with lift

Altitude variation due to a combination of collective and cyclic
control input

An abrupt flight control input (pedal, cyclic) applied in opposite
directions over a 2 sec timespan

Application of cyclic control input to achieve a positive pitch change
from steady level flight

The transition between two different manoeuvers e.g. hover and cruise

Change in forward flight speed

From in-ground effect (HIGE) condition, establish a steady ground
speed then recover hover

Flight along the transversal axis

Flight along the backwards direction

360° rotation around the yaw axis during hover executed in 12 sec

Level flight condition where the rotorcraft velocity vector briefly
maintains both a longitudinal and a transversal component with no
change in heading

Descent and alignment phase of the aircraft

Manoeuvers involving partial changes in attitude or direction (of
approximately 90 degrees)
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Table 3. List of manoeuvers in the test dataset

ManOeuver Description

Collective sweep A rapid cycling of the collective pitch performed at increasing frequency,
designed to excite the dynamic response of the rotorcraft and typically used
for system identification

Yaw sweep A rapid cycling of the pedals performed at increasing frequency, designed to
excite the dynamic response of the rotorcraft to changes in directional control
Doublet A quick change in control input (e.g., yaw, pitch, or roll) followed by an

opposite input, testing the rotorcraft’s dynamic response

Table 4. MISO models input-output features set

Input Features Target Feature
COL, T,,Py, NR, AIRSPEED TRQ

than those present in the training and validation datasets. As for the training and validation datasets, we
present in Table 3 a list of the sweep manoeuvers, along with a brief description of each.

Identical training and cross-validation phases are carried out for the MISO models and for SISO
SINDy models by exploiting davinci-1?, Leonardo S.P.A.’s High Performance Computing Facility and
one of the most powerful supercomputers in the aerospace, defence and security sector.

As ML models rely on statistical analysis and are strongly influenced by the distribution and qual-
ity of the data, we performed a correlation analysis to identify highly and poorly correlated variables
to be included and/or excluded from the training database (Fig. 5). The correlation between two
features ranges between —1 and +1. Features with a correlation coefficient of 1 are directly cor-
related, while those with a correlation coefficient of —1 are inversely correlated. Features that are
uncorrelated have values close to zero. Since datasets typically contain a large number of features
describing each sample, analysing their correlations may help in selecting the most relevant features
and discarding those that are not needed to build an effective predictive model. For instance, highly
or poorly correlated features can cause multicollinearity in prediction models, a situation in which
predictors are linearly dependent, potentially leading to bias in the results. In such cases, highly or
poorly correlated features should be removed from the model’s input to reduce information redun-
dancy in the data and potentially improving the model performance. In our case, for example, T}s
has a strong correlation (0.86) with TRQ, and is also closely related to the collective COL (0.87),
which in turn shows a significant correlation with the torque (0.79) as well. One approach would
be to remove COL from the list of inputs and consider only Tys so to reduce the problem dimen-
sionality. However, many of the variables that, as shown in Fig. 5, would be the best candidates, are
not typically available for engine monitoring because they are internal to the engine itself. From a
practical perspective, the aim of this work is to train a model for engine control using only informa-
tion that is always accessible. In most cases, the engine manufacturer does not permit such detailed
monitoring of the system, for obvious reasons related to intellectual property protection. This is why,
despite the high correlation, variables like T,s, NG, Ty, and P,; cannot and should not be considered
for model training, even though it is highly probable that some of these could lead to more accurate
models.

Table 4 summarises the final set of variables included into the MISO input-output feature set after
the analysis of Fig. 5.

The accuracy of all developed models is evaluated using the relative mean absolute error (rMAE)
index, where a lower value indicates better performance. This score is calculated for each manoeuver of

Zhttps://www.leonardo.com/en/innovation-technology/davinci-1
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TRQ
coL

T1 0,22 0,00
PO 0,04 -0,43 0,64
NR -0,07 -0,04 -0,01

-0,04
TOlL 0,18 0,11 -0,02 0,24
POIL 0,30 0,49 -0,04 0,47
NGR_ -0,13 -0,42 -0,10- -0,01 0,63

NP -0,01 0,01 -0,01 -0,01- 0,01 -0,02 0,03 -0,01
0,37 0,33

0,33 -0,11 -0,10 -0,01

0,33 0,18 -0,09 0,25 0,20 -0,04
AIRSPEED -0,01 0,42 -0,29 -0,48 0,03 0,13 -0,33 0,39 0,17 0,04 0,03 -0,10

TAT 0,13 -0,14-{‘__'” -0,02 0,07_-0,22 -0,02 0,22 0,25 -0,42
-
o F
Q

o = 0 = = '3 o ) w
E 2 it [9 2 G} F 2 2

N
AIRSPEED
TAT

Figure 5. Features correlation matrix for the engine variables used in the models in this paper.

interest in each flight using the following formula:
MAE;
TRQ;

rMAE, = ®)

where MAE; is the mean absolute error of the i — th manoeuver of the j — th flight and WQ] is
the average TRQ of that specific flight. Then, to provide an overall index to compare the accuracy
of the training phases of each developed model, we first calculate the rMAE,, i.e., the average of
the rMAE; scores for the j — th flight and next global ¥MAE score is obtained by averaging all the
rMAE;.

3.0 Results and Discussion

To evaluate the capabilities of the developed data-driven models in describing the engine’s dynamic
behaviour, the following sections compare the results obtained during the testing phase on the D,
dataset, consisting of 16 flights. The best and worst results are presented by plotting the model pre-
dictions against the actual TRQ values for these flights, each of which is uniquely identified by an ID
(e.g., ID1, ID2, up to ID16). All the data in the figures are scaled in the range [0, 1] with a Min-Max
scaler.

3.1 MISO neural network results

In this section, we present and analyse the performance of the MISO data-driven models by high-
lighting both the best and worst results obtained from the prediction of flight manoeuvers. Table 5
details the training setup of the two MISO data-driven models tuned through an extensive campaign
of training and tests to determine the most suitable network structures, while Table 6 summarises the
overall rMAE indices for the training phase of each model. The best FFNN model consists of four
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Table 5. MISO models training setup

Hyperparameter FFNN Model LSTM Model
Activation function RelLU RelLU
Optimiser RMSprop ADAM

Loss Function MSE MSE
Weights initialisation Xavier Init -

Batch size 64 64

N° epochs 500 100

Learning rate 1x107* 5x107*
Lookback - 20

Table 6. Overall Training mean relative
MAE per model on the Validation set

Model Overall Mean rMAE
MISO FFNN 0.0361
MISO LSTM 0.0335

"\’\ }‘JN
— FFNN
—— Normalized TRQ

, ,“ ‘ ﬁ | e e N
1) \ \1 “ \) i

—— LSTM
—— Normalized TRQ

0 250 500 750 1000 1250 1500 1750 2000
SignalSamples

Figure 6. Comparison of FFNN and LSTM predictions of normalised TRQ for a manoeuver of Flight
ID1 in the D, dataset.

hidden layers of 24 neurons each and the best LSTM model encodes three recurrent layers and a hid-
den size equal to 6. More details on the hyperparameter and network structure choices are given in
Appendix 4.

Figures 6 and 7 present results obtained for two different manoeuvers of two different flights from
the test set. In particular, Fig. 6 refers to flight ID1 and compares the TRQ predictions of FFNN
(rMAE ey = 3.75%) and LSTM (rMAE; g1 = 2.34%) with the normalised actual TRQ. Although in
terms of ¥MAE per manoeuver the results obtained by the two MISO models may seem comparable,
it is evident from the graph that FFNN is unable to capture the engine dynamics. In fact, its weakness
emerges especially for manoeuvers (such as the collective sweep) in which the dynamic response of the
engine is intentionally excited. A second problem is the lack of smoothness of the reconstructed TRQ
time series, which has a general ‘noisy’ and ‘spiky’ behaviour. The lack of smoothness is a direct con-
sequence of network structure and architecture, where each time instant is treated in isolation without
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Figure 7. Comparison of FFNN and LSTM predictions of normalised TRQ for a manoeuver of Flight
ID6 in the D, dataset.
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Figure 8. Comparison of FFNN and LSTM predictions of normalised TRQ for a manoeuver of Flight
IDI11 in the D,,, dataset.

taking into account the time history of the input variables. On the contrary, the predictions of LSTMs fit
the original signal better; their feedback connections allow them to handle the sequential nature of time
series data, capturing long-term patterns and dependencies, which makes them ideal for predicting time
series data.

Figure 7 is a second example of a comparison between the prediction results of MISO models and
the normaliased real TRQ. Again, it is evident that the LSTM network (rMAE;sn, = 1.82%) provides a
better prediction of the dynamic behaviour of the TRQ with respect to the FFNN (rMAE vy = 2.21%),
which continues to produce a very noisy result and, more importantly, fails to capture sudden spikes in
the measured TRQ.

Figures 8 and 9 show additional results for two different manoeuvers in the test set. The dynamic
component appears to be well predicted, at least by the LSTM model, but in this case the predicted
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Figure 9. Comparison of FFNN and LSTM predictions of normalised TRQ for a manoeuver of Flight
ID10 in the D, dataset.
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Figure 10. MISO models rMAE score per single test flight.

values seem to be consistently shifted by a constant. This suggests that the static component of the
dynamics is not accurately captured.

An analysis of the rMAE scores per single test flight (Fig. 10) shows that, while for flights between
ID1 and ID9 the rMAE; is acceptable and comparable to the training and testing scores, for the remaining
flights (ID10 to ID15) the rMAE; is significantly larger, with rMAE; scores as high as 42.42%, because
of a static offset of the predicted TRQ.

The causes of this behaviour can be related to errors and uncertainties in the collected flight data.

The data from flights ID1 to ID9 pertains to flight tests conducted in 2016, while flights ID10 to
ID15 correspond to tests carried out in 2018. This two-year gap introduces potential changes in both
the measurement system and the engine’s performance, which could affect the accuracy and gen-
eralisability of the machine learning model trained exclusively on the 2016 data. Over this period,
it is possible that onboard sensors, including those used to measure torque or some input vari-
ables, may have undergone maintenance, recalibration, or even replacement, which could result in
discrepancies in the data collected in 2018 compared to 2016. Furthermore, the engine may have
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Figure 11. Scatter plot of average COL and TRQ values for training/validation and test datasets. Red
labels highlight the ID-FLIGHTS in the test set with hight rMAE score.

experienced wear and tear, leading to alterations in its performance characteristics, including its torque
response.

As components age and accumulate flight hours, their ability to perform at peak efficiency can
degrade, leading to subtle but significant changes in the engine’s behaviour during flight tests. Moreover,
not only the engine, but also the helicopter’s overall setup and other components, such as the rotor blades
or transmission system, could have been replaced or modified over time. These changes in the airframe
or mechanical systems could further affect the torque output and the overall performance of the heli-
copter. Unfortunately, we are unaware of the specific details regarding any replacements or modifications
to the helicopter’s components between 2016 and 2018. This uncertainty complicates the model’s abil-
ity to account for all potential variations in the system, further emphasising the need for caution when
applying the model to newer data. As a result, the machine learning model, which has been trained on
data from a less-worn engine and potentially different components, might struggle to accurately predict
torque values from a more aged system or modified helicopter. This issue highlights the importance
of considering the evolving nature of the system when developing predictive models, as the model’s
performance may degrade if it fails to account for changes in the instrumentation and the engine’s oper-
ational characteristics over time. Therefore, regular updates to the model, incorporating new data that
reflects the current state of the engine and its components, are crucial to maintaining its accuracy and
robustness.

Another potential cause for reduced prediction accuracy could be the absence of essential variables
that are not included in the input feature set. For instance, the helicopter’s climb rate is a critical feature
that directly impacts the torque response. Even at the same Collective Pitch (COL), a higher climb rate
generally results in a higher torque requirement due to the increased engine power demand on the engine
as the helicopter ascends. The torque response can vary significantly depending on the rate of climb,
as different flight profiles (such as steady, climbing or descending flights) impose distinct aerodynamic
and mechanical stresses on the engine and rotor system.

All these hypotheses are supported by the relationship between the average COL and average TRQ
per flight (Fig. 11): a discrepancy may be observed between the distribution of the training dataset
and one of the test dataset. In fact, the majority of flights with the highest relative MAEs do not
fall within the distribution of training flights. Hence, neural networks struggle to accurately predict
TRQ because the training data do not cover these behaviours. To achieve greater accuracy in TRQ
prediction on D, flights, a new training phase of MISO models is performed by including 11 D,
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Figure 12. Comparison of FFNN and LSTM predictions of normalised TRQ for a manoeuver of Flight
ID10 in the D, dataset after MISO models re-training.

flights in D,,;,. The 11 test flights added to D,,;, include both flights with ID1 to ID9 (for which the
MISO models already work quite well) and flights with ID10 to ID15, which are not part of the initial
training set.

By incorporating the test flights into the training set, MISO model performance improves; in fact,
the scores obtained in the test phase after models re-training phase go from a rMAEryy = 13.50% to a
rMAE gy = 5.78% and from a rMAE, ¢y = 8.32% to a rMAE g1y = 4.06%.

The performance improvements of the two MISO models are even more evident when looking at
Fig. 12, which shows the same ID10 flight manoeuver as in Fig. 9. Even though the predictions are
now mostly superimposed to the normalised real TRQ, the FFNN model still fails in properly predicting
high-frequency and small amplitude TRQ oscillations for sweep flights.

3.2 SINDy Results

In this section, we present the results of the SINDy model training, which aims to identify the underlying
dynamic relationships from the dataset. The following relation was obtained after selecting a polynomial
candidate functions library:

TRQ (1) = —a — b TRQ (t) + ¢ WF (?) 9)

where a, b and c are all positive coefficients and t is time. In fact, this result is not unexpected. In
standard transfer-function modeling approaches, the WF-TRQ relation is modeled by a transfer function
as follows:

TRQ(s) _ n
WF (s) 1471s

(10)

which may be easily reconducted to a first-order ODE in time domain. Even though this result
shows how SINDy is able to correctly recover the system dynamics from data without previous
knowledge of the underlying physics, the first order Equation (9) is not so useful in terms of accu-
racy, as intuitively shown by the overall mean rMAE, reported in Table 5. The simulations are
obtained for each manoeuver in D, by using as initial conditions the value of TRQ at the begin-
ning of the manoeuver itself, and then integrating in time via the time integration algorithm provided
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Table 7. Overall Training mean relative MAE per

SINDy model

Model Overall Mean rMAE
SISO SINDy first-order 0.137

SISO SINDy second-order 0.016

by PySINDy package. A step further is obtained by forcing a second-order model for SINDy pre-
diction. The strategy is to modify the state and input vectors by including the time derivatives of
TRQ and WF:

TRQ,‘] TRQ12 TRQ,‘} . TRQ;m[
i=1 . . . . 1D
TRQO:y TRQ, TRQs ... TRQ,,
WF, WF, WF; ... WF,,
U=]| . . . . (12)
WF, WF, WF; ... WF,,

so as to look for a system of equations instead.
In this case, the time-derivatives of the state and input signals are evaluated by numerical differenti-
ation and are used to train SINDy model, leading to the following result

{ TRQ (t)=d'TRQ

. . . (13)
TRO (t) = V'TRQ () + ¢ WF (1)

where the first is clearly a dummy equation with ' =1, which emerges naturally from the SINDy
algorithm, while »" and ¢’ are positive coeflicients. It is interesting to point out that the dummy
equation involving the coefficient a’=1 results directly from the algorithm, as the second-order
model expands the state space by including the derivative of TRQ. Nevertheless, since this is
a dummy equation, the value of a' produced by the algorithm serves as a meaningful indica-
tor of the quality of the regression. If it differs from the expected value of 1, it would sug-
gest that the model fails to accurately represent the system—even when reconstructing a simple
identity.

By using the second-order SINDy model given by system 13 to simulate the TRQ time-histories of
the test dataset, a significant improvement is obtained. As reported in Table 7, we obtain a reduction
of one order of magnitude with respect to the first-order model in terms of overall mean relative MAE.
In this case, an additional initial condition is required on the TRQ, while the new input variable is the
time-derivative of WF.

At first glance, the very large difference between the two SINDy models may appear counterintuitive
since the second equation of system 13 is easily traced back to a first-order model by integrating in time.
Actually, we obtain

[ TRQ (1) = [ —b'TRQ (1) dt + [ ¢ WF (¢) dt (14)
leading to
TRQ (t) = —b'TRQ (f) + ¢ WF() + const (15)

which is the same expression as Equation (9). However, the coefficients resulting from the two different
training processes are quite different, and the results provided by the second-order SINDy model are
sufficiently accurate even for D,,.
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Figure 13. SINDy second-order prediction of normalised TRQ for a manoeuver of Flight ID1 in the
D, dataset.
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Figure 14. SINDy second-order prediction of normalised TRQ for a manoeuver of Flight ID6 in the
D, dataset.

Before proceeding with the discussion of the result for the validation dataset, it should be noted that
the SINDy model differs in a very important aspect from the FFNN and LSTM models presented in
the previous paragraphs. The SINDy model takes only an internal variable of the system as input, while
ignoring the real pilot control variables, namely collective (COL) and main rotor speed (NR). It follows
that a direct comparison of SINDy 2" order scores with those of FFNN and LSTM may be misleading,
as Equation (15) pertains only to a single engine component, providing a direct relation between WF
and TRQ. Still, it is interesting to discuss the following results to demonstrate SINDy’s potential to
extrapolate accurate physical models from normal flight data.

Figures 13 through 16 present the same flight manoeuvers discussed in subsection 3.1 for the MISO
neural networks. It is clear that the simulation results obtained from Equation (13) are highly accurate,
reproducing TRQ dynamics very well with only slight under/overestimations of some oscillation peaks.
Again, an estimate of the total error is given by the rMAE score per test flight, which in this case
is always lower than 3%. As anticipated above, these results demonstrate the potential of the SINDy
approach in extrapolating a simple and interpretable dynamic model even without a deep understand-
ing of the underlying physics of the system. However, in this case, the transition to the second order
is crucial to achieve more than satisfactory accuracy. This behaviour, in our experience, is not eas-
ily predictable, as WF-TRQ relationship is typically modeled using transfer functions associated to
firstorder ODE (see Equation (10)). It is likely that the information carried by the temporal deriva-
tive of fuel flow, the new control variable for the system of Equation (13), together with the additional
initial condition on TRQ, may constitute the key for the improvement achieved in terms of model
performance.
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Figure 15. SINDy second=order prediction of normalised TRQ for a manoeuver of Flight ID11 in the
D, dataset.
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Figure 16. SINDy second-order prediction of normalsed TRQ for a manoeuver of Flight ID10 in the
D, dataset.

4.0 Conclusions

In this paper, three different supervised data-driven approaches have been presented with the goal of
developing a dynamic turboshaft engine model to extend the scope of commonly used transfer function-
based and state-space perturbation models. The developed data-driven engine models have been trained,
validated and tested on a database of real-flight tests of Leonardo’s AW 189 prototypes and accurately
predict the engine torque over the entire flight envelope of the helicopter, demonstrating that neural
networks may effectively be used to simulate nonlinear behaviours of a helicopter engine. Specifically,
two different MISO neural network architectures have been developed, namely a FFNN and a LSTM
network, which take as input the time-histories of engine and environmental variables to predict the
desired engine torque. The results show that the FFNN’s predictions lack accuracy and feature strong
oscillations that are unacceptable for engine control. On the other hand, the LSTM, being a recurrent
network, yields better predictions of TRQ dynamic behaviour since its output is based on a time window
that improves performance in terms of signal smoothness. The LSTM results are promising, but as shown
by the analysis on the test dataset, which includes flights conducted long after the original training
flights, the trained model lacks sufficient flexibility and fails to maintain satisfactory performance. As a
consequence, a new training phase is necessary to update the model in response to the aircraft’s aging
process. As future work, it would be of interest to further expand the dataset by including different
aircraft types and flight campaigns, in order to evaluate whether more complex network architectures
could generalise more effectively, thus leveraging the predictive capability demonstrated on the training
and validation sets.
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The predictive capability of purely data-driven neural network models, however, comes at a cost.
Unlike physics-based approaches, they often act as ‘black boxes’, making it difficult to understand the
underlying decision-making processes. This lack of transparency complicates diagnostics and compro-
mises reliability, especially in safety-critical contexts. As a result, the trade-off between accuracy and
interpretability remains a key issue in the adoption of such models, particularly in aerospace where
explainability is essential for certification and trustworthiness. For this reason, with the intent of devel-
oping an interpretable ML dynamical model, we have used the SINDy approach to derive an accurate
interpretable representation of the system dynamics directly from flight data even in the absence of a
prior deep understanding of the underlying physics of the system. The obtained results, although prelim-
inary as they focus on a specific engine component, show that the SISO SINDy model can effectively
reproduce the TRQ dynamics, but only when a second-order model is explicitly enforced within the
SINDy algorithm. In this configuration, the SINDy model proves to be significantly more flexible than
the purely data-driven neural network models analysed in this study, and the results demonstrate that its
predictions remain highly accurate even on the test dataset, including sweep manoeuvers. Considering
the encouraging results obtained with the SINDy model, future developments of this work will aim at
extending the methodology to derive a complete engine model capable of predicting torque directly
from real pilot control inputs.
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Appendix
Hyperparameter Tuning and Training Setup

To determine the most suitable hyperparameters for the MISO data-driven models (e.g. number of layers,
number of neurons, learning rate and batch size), we compared different network structures and training
setups. Tables 8 and 9 present the hyperparameter grids for the FFNN and LSTM models, respectively.
The best training setup parameters identified during training are highlighted in bold.

With the aim of illustrating the performance of the investigated FFNN structures and providing
insights into the selection of the best architecture, Fig. 17 shows a table reporting the values of the
mean absolute error (MAE) and the relative mean absolute error (tMAE) for both the Training and
Validation datasets, along with the training time of each model, where the best architectures with the
same number of nodes are highlighted with different colors. As expected, smaller networks show worse

Table 8. FFNN hyperparameter grid

Training setup
Optimiser RMSprop, ADAM
Loss function MSE (Mean Square Error)

Weights init. None, Xavier Init.
Batch size 32,64, 128
N° epochs 100, 500

Learning Rate 1-1073,1.107%,5.10°*
Network Structure

Activation function ReLU (Rectified Linear Unit)
Hidden layers 2,4,6,8, 10

N. of nodes 8, 16, 24, 32

Table 9. LSTM hyperparameter grid

Training setup

Optimiser

Loss function
Weights init.

Batch size

N° epochs
Learning rate
Network Structure
Activation function
Recurrent layers
Hidden size
Lookback

RMSprop, ADAM

MSE (mean square error)
None, Xavier Init.

32, 64, 128

100, 500
1-1073,1-10%,5.107

ReLU (Rectified Linear Unit)
1,2,3,4

2,4,6,8, 10

20, 40, 60, 80
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FFNN Structure TRAIN VALIDATION
hidden nodes  MAE rMAE MAE rMAE Training
layers Time

2 8 1460 | 4.47% 13.16 | 3.99% 01:00

4 8 1458 | 4.47% 13.76 | 4.16% 01:30
1366 | 4.19% 13.15 3.98% 01:32

1294 | 3.97% 1222 | 3.70% 01:49

1275 | 3.91% 12.57 3.80% 02:07

2 16 1311 | 4.02% 13.01 | 3.94% 01:05

16 12.06 | 3.70% 1218 | 3.69% 01:18

6 16 1178 | 3.61% 12.17 3.68% 01:39
8 16 | 1138 [ 349% | 1213 [ 367% | o153
10 16 1143 | 3.50% 1218 | 3.69% 02:18

2 24 1261 | 3.87% 12.15 3.68% 01:04
N EAEGT 11.93 3.61% 01:35
6 24 1056 | 3.24% 12.90 3.91% 01:35

8 24 1020 | 3.13% 1217 | 3.68% 02:03

10 24 954 | 2.92% 1254 | 3.80% 02:11

2 32 11.87 | 3.64% 1218 | 3.69% 01:02

4 32 11.09 | 3.40% 1290 | 3.90% 01:39

6 32 993 | 3.04% 1253 | 3.79% 01:36

8 32 954 | 292% 1295 | 3.92% 01:57

10 32 879 | 2.69% 1299 | 3.93% 02:15

Figure 17. Performance and training time of different FFNN structures. Training time is expressed in
hours and minutes (hh:mm).

21
20
19 @38 nodes
18 o @16 nodes
§ @24 nodes
)
p 17 32 nodes
Re]
3 16
2 02 layers
15 04 layers
14 © 6 layers
A8 layers
13 + 10 layers
12

12 13 14 15 16 17 18 19 20 21

Training Loss

Figure 18. Validation loss vs training loss for different FFNN structures.
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LSTM Structure TRAIN VALIDATION

recurrent | hidden MAE rMAE MAE rMAE Training

layers state Time

1 2 14.88 4.56% 13.56 4.11% 01:34

1 4 12.79 3.91% 12.11 3.66% 01:36

11.43 3.50% 11.61 3.51% 01:41

10.94 3.35% 11.32 3.43% 01:47

10.62 3.25% 11.40 3.45% 01:55

14.10 4.32% 13.20 4.00% 02:47

11.52 3.53% 11.14 3.37% 02:51

Z 11.08 3.39% 11.65 3.53% 02:59

2 8 9.98 3.06% 11.17 3.38% 03:11

2 10 9.30 2.85% 10.85 3.28% 03:20

3 2 13.40 4.10% 12.47 3.77% 04:03

3 4 11.71 3.59% 11.58 3.50% 04:09

10.37 3.18% 11.07 3.35% 04:18

3 8 9.46 2.90% 11.02 3.33% 04:35

3 10 8.86 2.71% 10.86 3.29% 04:43

4 2 13.35 4.09% 12.47 3.77% 05:11

a 4 11.31 3.46% 10.74 3.25% 05:30

4 6 10.17 3.11% 10.92 3.30% 05:38

4 8 9.20 2.82% 10.58 3.20% 05:56

4 10 8.41 2.58% 11.24 3.40% 06:14

Figure 19. Performance and training time of different LSTM structures. Training time is expressed in
hours and minutes (hh:mm).

performance in terms of rMAE. For instance, the first two structures, namely 2 and 4 hidden layers with
8 nodes each, achieved an rMAE of 4.47% on the training set, which is significantly higher compared
to larger networks. On the other hand, the largest model (10 hidden layers with 32 nodes each) is clearly
affected by overfitting. In fact, although the smallest rMAE was obtained on the training set (2.69%),
this was not the case for the validation set, where the model performed poorly with an rMAE of 3.93%.
Again, this is an expected behaviour, as it is well known that larger machine learning models are often
prone to overfitting issues. Figure 18 depicts this behaviour more clearly, reporting on the x and y axes
the values of the loss function for the training set and the validation set, respectively. The best mod-
els should be the ones lying on the diagonal of the plane. The same analysis was done for the LSTM
model. Figure 19 shows the performances of the different networks structure. First of all, looking at the
last column, we notice that LSTM networks take much longer to train than feed-forward NN networks
(Fig. 17). Second, in general LSTM networks obtain greater accuracy: in fact, while the relative MAE
of feed-forward networks is on average around 3.8%, here the relative MAE of LSTM networks is on
average equal to 3.5%. The best performing networks are the ones highlighted in colors, which have a
relative MAE of about 3.3% for the training set around and about 3.4% for the test set. The scatter plot of
the loss functions in Fig. 20 also confirms that LSTM models have greater accuracy than feed-forward
networks. In fact, the points of the different networks in the chart are more aligned along the diagonal,
showing less tendency of overfitting and lower loss values. The network that has the highest accuracy
is the one characterised by four recurrent layers and a hidden size equal to six, with an rMAE equal to
3.30% on the validation set. However, the performance increase of this network structure compared to
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18 @2 layers
@3 layers

17 4 layers
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A 8 hidden size
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Training Loss
Figure 20. Validation loss vs training loss for different LSTM structures.
the one with three recurrent layers and six as hidden size is only 1.5%, while the computational cost

increases by more than 30%. For this reason, the latter architecture was considered the optimal one for
the study presented in this work.

Cite this article: Paniccia D., Tucci F.A., Guerrero J., Capone L., Sanguini N., Benacchio T. and Bottasso L. (2025). A supervised
machine-learning approach for turboshaft engine dynamic modeling under real flight conditions. The Aeronautical Journal, 129,
2777-2801. https://doi.org/10.1017/aer.2025.10024

https://doi.org/10.1017/aer.2025.10024 Published online by Cambridge University Press


https://doi.org/10.1017/aer.2025.10024
https://doi.org/10.1017/aer.2025.10024

	Nomenclature
	Introduction
	Methodology
	Neural network architectures
	Sparse identification of non-linear dynamics
	Dataset and training setup

	Results and Discussion
	MISO neural network results
	SINDy Results

	Conclusions
	Hyperparameter Tuning and Training Setup


