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Abstract

The sideslip angle is crucial for vehicle stability, especially for single-track vehicles. As it
is difficult to measure this quantity directly, the use of virtual sensors (observers) is com-
mon practice in this field.Neural network-based virtual sensors are becoming increasingly
popular due to their ability to handle nonlinear conditions and noise. This paper presents
a rigorous methodological approach to selecting measured quantities and determining
the appropriate sampling frequency for stable sideslip reconstruction using a nonlinear
autoregressive neural network with exogenous inputs (NARX-NN) model. A literature
review suggests that most studies on sideslip angle estimation focus solely on achieving
superior accuracy, with little extensive discussion of the selected quantities or sampling
conditions required for effective estimation. This paper uses an information theory ap-
proach combined with a qualitative approach to select suitable model input quantities, the
optimal number of look-ahead steps (‘embedding’), and the optimal sampling frequency to
maximise the ratio between the latent information provided to the model for state recon-
struction and the reduced computational burden on the electronic control unit (ECU). The
results show that the sampling and computing frequency can be reduced by up to 20 times
compared to the common baseline. This enables the use of less powerful hardware for the
same model, resulting in better resource utilisation.

Keywords: sideslip angle estimation; NARX-NN; neural network; Takens” embedding;
mutual information; state estimation; single-track vehicle dynamics; powered two-wheelers

1. Introduction

The sideslip angle is a key indicator of vehicle dynamic stability and is also critical for
the operation of modern traction and stability control systems [1]. It is also crucial for the
development of modern advanced driver/rider-assistance systems (ADAS/ARAS).The
vehicle body sideslip angle 8 can be defined as [1]:

_>

B = arctan(%) (1)

where 7y, is the longitudinal speed and ﬁ is the lateral speed of the vehicle. The definition
of the sideslip angle B is illustrated in Figure 1. Ij is the ideal instantaneous centre of
rotation, 9, is the ideal longitudinal speed vector and ZF; is the lateral speed component at
the reference point (F). The vector v_g describes the real longitudinal speed vector, and the
corresponding sideslip angle § is the angle between the ideal and real longitudinal speed
vectors. When we draw the Ackermann steering geometry diagram, we can clearly observe
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that the real instantaneous centre of rotation Ir has shifted, resulting in the respective
sideslip angles Br and Bg.

14
lo
Figure 1. Sideslip angle illustration (own illustration, based on [2]).

However, sensors that can directly measure the sideslip angle are expensive and not
suitable for everyday driving conditions. Consequently, various estimation techniques
have been developed for this purpose [3]. These methods can be divided into three main
categories [1]:

. Kinematics-based methods (suitable for high velocities);
*  Dynamics-based methods (suitable for low velocities, linear region);

*  Neural network-based methods (perform well for all manoeuvres if dataset properly
selected).

Neural network-based methods are a promising way of estimating sideslip angle,
especially because of their universality. Various studies have been conducted for four-
wheel vehicles [1], such as [4-8]. The majority of these studies use feedforward neural
networks, but time-delay [7], recurrent-type (GRU—gated recurrent unit) [8], and NARX-
NN [1] solutions have also been proposed.

The estimation of the sideslip angle in the case of powered two-wheelers (PTWs) is
a much less discussed topic [3]. Several observer-based methods have been presented,
such as those in references [9,10]. The work in [11] is also worth mentioning. This work
presents an alternative, model-free method for estimating the sideslip angle of PTWs using
a combination of inertial measurement unit (IMU) and monocular camera data. However,
only one piece of work has been found by the author of this paper so far in the area of
black-box/neural network-based approaches.

Ref. [3] presents a black-box, neural network-based estimation of the sideslip angle
for PTWs. This study introduces three neural networks with different inputs: the ‘baseline’
network u1 has an input vector, defined as [ay, ay, Az, Wy, Wy, Wz, UR, Uhody], where a,, is the
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acceleration vectors in the respective axes, w;, is the angular rotations around the respective
axes, R is the rear wheel velocity, and v,4, is the motorcycle’s velocity.

Furthermore, network u2 has an input vector [u1, ¢], where ¢ is the roll angle; and
network u3 has an input vector [u1, §], where ¢ is the steering angle. The network u3
achieved the lowest root mean square error (RMSE). The study also included a sensitivity
analysis, which showed that performance varied most when the neural network input
tensor did not include the w, and w, data.

All of the above work on vehicle sideslip estimators using neural network-based
observers lacks a rigorous approach to computational and hardware resource utilisation
and only states the sampling frequency of the acquired signal (without further explanation).
The study in [6] proposes the use of the principal component analysis (PCA) technique for
dimensionality reduction, and the study in [3] presents a sensitivity analysis of the model
used. However, overall, the optimisation of signal selection, sampling, and embedding has
not been rigorously studied in this particular area, as far as the author is aware.

However, this is a key factor in the adoption of neural network-based observers,
since they are usually more computationally demanding than other regression methods.
According to a comparative study [1], neural network-based estimators unfortunately
remain far from being widely applicable to ECUs due to their computational requirements.

The aim of this work is to present a methodology for designing the optimal NARX-NN
model, utilising an information theory and dynamic system reconstruction approach to
optimise the selection and utilisation of hardware and computational power.

The purpose of this work is not to design a critical-response solution, given that
motorcycle cornering ABS (anti-lock brake system) must respond much more quickly, at
a frequency of around 100 Hz [12]. Instead, the goal is to design a ‘baseline provider’
system that can provide a high-accuracy, low-frequency state estimate in order to correct a
high-frequency /lower-precision solution, which is only effective during brief and critical
moments. A similar ‘two-stage’ solution for estimating motorcycle lean angle is presented
in [13], for example.

2. Materials and Methods
The methodology section is divided into four main parts, as illustrated in Figure 2:
¢  Data acquisition;
e  Feature selection;
¢ NARX-NN model design;
*  Verification.

The first part presents the use of high-fidelity simulation software for training and test
dataset acquisition. Other important details regarding the simulation scenario, test track,
manoeuvre description, and data acquisition process are provided.

The second part describes a feature selection process, where the main metric for feature
selection is the mutual information between the observed quantity and the candidate input
quantities. The final quantities are then selected based on the simplicity of the measurement
(i.e., installed on-board sensors).

The third part presents an optimal embedding dimension for ensuring dynamics re-
construction, based on the Takens’ embedding theorem. Furthermore, the optimal sampling
frequency is determined by calculating the mutual information/time-delay ratio.

The final section presents an evaluation of the trained model. The trained model is
assessed using a validation dataset and is compared to an alternative observer solution,
while the control metrics root mean squared error (RMSE), mean squared error (MSE), and
mean absolute error (MAE) are calculated.
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Figure 2. Overview of the used methodology.

2.1. Data Acquisition

A high-fidelity motorcycle simulator (IPG MotorcycleMaker, Karlsruhe, Germany,
version 14.0.1) was used for data acquisition [14]. This simulation software is an industrial-
standard solution for modelling and simulating two-wheelers, and has been used in a
variety of studies, including those related to stability issues [15]. An example of the
graphical output from this simulation software is shown in the Figure 3.

Figure 3. Virtual simulation scene in IPG MotorcycleMaker.

Two generic scenarios were used for the study. A ‘Hockenheim’scenario was used to
acquire the training dataset. The testing dataset was obtained using the ‘Albacete’ scenario.
Circuits used to create the training and test datasets are shown in the Figure 4.

Figure 4. Hockenheim (left) and Albacete (right) circuit scenarios.
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For both experiments, the same generic motorcycle model ‘DemoMC_Honda” was
used during the study. This model uses typical but unvalidated values for a generic sports
motorcycle, serving as a good generic baseline multibody model for data analysis. The
reference point F is presented in Figure 5.

Figure 5. Motorcycle and reference point of the measurement.

All available simulation data were collected with a sampling frequency of 100 Hz
(sampling period: 0.01 s). Output values for the sideslip angle in the Hockenheim scenario
(training dataset) are presented in Figure 6.

Sideslip Angle [rad]
o
S
8
B

-0.014

=0.021

0 100 200 300 400 500
Time [s]

Figure 6. Sideslip values for Hockenheim scenario.

The basic data for the training dataset (with respect to the quantities discussed in the
next section) are listed in Table 1.

Table 1. Key characteristics of the training dataset.

Quantity Min Max
Velocity [km/h] 0 162.0740
Sideslip angle [rad] —0.0198 0.0218
Centripetal acc [m/s] —9.2756 1 9.3646
Roll angle [rad] —0.8321 0.7643
Yaw rate [rad/s] —0.4721 0.5050

! In the reference frame.
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2.2. Calculation of Mutual Information Between Time-Series Data

Mutual information (MI) is a metric used in nonlinear system identification. It is crucial
in determining whether the measured variable has contributed to the value estimated by
the virtual sensor (i.e., the observer). In other words, it shows how much information about
the target variable can be obtained from the observed variable [16].

The mutual information between two variables, X and Y, can be described as
follows [16]: y)

P(x,y
I(X,Y) x;{ y;y P(X,Y) logp(x) W 2)
for marginal distributions of P(X) and P(Y).

The mutual information between two Gaussian distributions can be demonstrated by
the following equation, which describes the relationship between mutual information and
Pearson’s product-moment correlation [17,18]:

1
Logy = —5° In(1-— r2) 3)

where g,y is the mutual information in nats for the given Gaussian distributions, and r is
the Pearson product-moment correlation coefficient for the sample. However, this equation
only works for time series with a Gaussian distribution and linear correlation [18,19].
Therefore, the equation only provides a virtual representation of the correlation that
would be observed if the time series had the aforementioned characteristics. To calcu-
late the mutual information between two general time series, we need to use Equation (2).
From Equation (3), we can derive the equivalent of Pearson’s product-moment correlation

r= ‘\/ 1 — e 2l 4)

In this paper, mutual information estimation was performed using the scikit-learn

as follows:

library and the ‘mutual_info_regression’ function [20], based on [17]. This paper presents
an alternative, more robust approach to estimating mutual information based on k-nearest
neighbour distances for entropy estimation. Details of the implementation can be found
in the paper. The calculated mutual information between the sideslip angle and all the
measured quantities (in nats) is provided in the Supplementary Materials.

2.3. Selection of Model Input Quantities

The suitable input quantities were selected based on the calculated mutual information
using the predicted sideslip angle mentioned above. Since it is impossible to calculate the
joint mutual information (JMI) for all sensor combinations due to the curse of dimensional-
ity, it was necessary to reduce both the number of input variables and the size of the sensor
set. This was achieved using the following procedure:

1. Selection of the top 100 variables based on mutual information (excluding self-mutual
information);

2. Removing duplicate signals;

3.  Removing signals that are not scenario-agnostic (such as the motorcycle’s position
within the simulation, or wind direction);

4.  The final sensor set is selected using qualitative assessment.

The output of step 3 consists of the candidate variables shown in Table 2.
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Table 2. Overview of candidate quantities.
Quantity Mutual{ll\lli(;mation Measurement Difficulty Sensor Used
The rider’s roll angle 4478 Difficult Iﬁi}l?éz[]z/l;{_gsesﬁ::};g]
Steering torque 4433 Medium Strain gauges [22]
Velocity in y direction 4.363 Difficult Optical [3]
Velocity in x direction 4314 Easy Encoders
Gyroscopic moment of the rear wheel 4.239 Difficult Multisensor
Camber angle of the front wheel 4.281 Fairly easy Dedicated IMU
Steering angle 4.281 Medium Angular sensor [22]
Gyroscopic moment of the front wheel 4.265 Difficult Multisensor
Centripetal acceleration in horizontal plane 4.260 Fairly easy MU
Lateral reaction force at front wheel 4.260 Difficult Strain gauges [23]
Motorcycle roll angle 4.239 Fairly easy IMU (calculated)
Yaw rate 4.235 Easy IMU (raw output)

Yaw Rate [rad/s]

Yaw Rate [rad/s]

Based on this table, the most sensible option is to use the built-in IMU installed for
cornering ABS, which is becoming increasingly popular in the motorcycle industry due to
its safety benefits [24].
Conducting a full verification solely of ‘clean simulator data” was inconclusive. To this
end, the data from various tests was corrupted with different signal-to-noise ratios (SNRs).
Figure 7 shows an example of the variable with different levels of noise.

SNR =40 dB SNR = 30 dB
0.6 0.6 1
0.4 0.4 4
0.2 _ 0.2
w
5
o
0.0 o 0.0
y
©
o
z
—0.24 8 -02
—0.4 —0.44
—0.6 —0.6 1
0 100 200 300 400 500 0 100 200 300 500
Time [s] Time [s]
SNR =20 dB SNR =10 dB
06 0.8
0.6
0.4
0.4
0.2 —
2 021
el
s
0.0+ ‘s 0.0
@
©
o
—-0.21 E -0.2
—0.44
—-0.44
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Figure 7. Signal with varying levels of noise.
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As part of the experiment, the joint mutual information was calculated for clean
data from the simulator and for data with noise at SNRs of 40 and 10 dB. The results are
summarised in Table 3.

Table 3. JMI for various combinations of candidate quantities.

Quantity JMI for Original Data JMI for Data with JMI for Data with

[Nats] SNR =40 dB [Nats] SNR =10 dB [Nats]
Yaw rate 4.2350 2.2774 0.6544
Centripetal acc 4.2599 2.2861 0.6343
Roll angle 4.2395 2.2469 0.6364
Yaw rate + centripetal acc 4.2350 22774 0.6544
Yaw rate + roll angle 4.2350 22774 0.6544
Roll angle + centripetal acc 4.2395 2.2469 0.6364
Combined 4.2350 2.2774 0.6544

Based on this finding, it is clear that merging the IMU measurements does not provide
any additional information, even for highly noisy data. Since including more inputs would
increase the number of parameters in the resulting NARX-NN model, only one variable
was selected. Although centripetal acceleration provides slightly more information, yaw
rate was chosen for the experiment because it is a directly measured quantity, so there is no
cumulative error caused by an additional observer. This finding also correlates with the
results of the study in [3], which considers roll rate and yaw rate to be the quantities that
contribute most to the proposed estimator, based on a sensitivity analysis.

2.4. Identification of Optimal Sampling Frequency

The simulation data in the dataset were sampled at a frequency of 100 Hz, meaning
the time interval between measured values is 0.01 s. Since neural network-based models
are computationally demanding, running them at this frequency can be challenging for
low-power ECUs. The aim is to find the optimal delayed mutual information in order to
correctly reconstruct the dynamics of the system by estimating the time delay between state
estimations. In practice, the most commonly used method is to find the first minimum of
the so-called delayed mutual information [25].

The NoLiTSA (Non-Linear Time Series Analysis) library [26] was used for the delayed
mutual information. The local minimum was then found in the smoothed delayed mutual
information graph, which was filtered using a Savitzky-Golay filter [27] with a window
length of 10 and a polyorder of 2.

As shown in Figure 8, the original output of the simulation is greatly oversampled.
The first local minimum for the smoothed, delayed mutual information 7 lies at 141, which
is much higher than the recommended value. According to [28], good control system
performance is achieved by sampling at a rate between 10 and 30 times the sampled
system’s bandwidth.

As can be seen in Figure 9, when we down-sample 20 times at a sampling frequency
of 5 Hz (At = 0.2 s), we find the first local minimum in the filtered signal at T = 22, and the
global minimum on the interval [T < 50] lies at a delay of 31. As these values are close to
the optimal interval, the sampling frequency is set to 5 Hz.

The location of the first local minimum was calculated for a signal with varying noise
levels, ranging from pure noise (SNR = 0 dB) to an SNR of 40 dB. The location of the first
local minimum of the delayed mutual information for various noise levels is shown in
Figure 10.
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Figure 8. First local minima for t/MI dependence.
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Figure 9. T/ MI dependence for down-sampled signal.

3019

254

1st local minima [-]
=
]

5 10 15 20 25 30 35 40
SNR [dB]

Figure 10. Location of the first minimum of MI based on the signal-to-noise ratio.
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2.5. Calculation of Embedding Dimension

Let us assume that the motorcycle dynamics system under study has the Markov
property, meaning that the system is memoryless. Based on this assumption, the system’s
next state depends solely on its current state and the current external input [29,30]. We can
describe the Markov property as follows:

P(Xtyn = x|Xt, Xi—1, .., Xi—k) = P(Xpn = x|X3) 5)

The Markovian property is crucial for approximating dynamics using feedforward
neural networks. However, determining the full system state using only sensors can lead
to redundancy and be affected by noise, for example. An alternative way to determine the
system state is to use a model with memory. The above-mentioned literature discusses three
possible approaches for determining the sideslip angle (but these are not an exhaustive list
of possibilities):

e Recurrent neural networks with hidden states (in this case GRU, but can also be LSTM

or simple RNN) [8];

*  Time-delay neural networks [7];
e NARX-NN models [1].

This work uses a NARX-NN model. The advantage of using a feedforward neural
network instead of a recurrent network with hidden states is that it generally has lower
computational demands, making it suitable for low-power ECUs. This topic is discussed
in more detail in Appendix A. However, since it does not have an internal hidden state
(‘memory’), it is necessary to provide information about previous states and inputs in order
to reconstruct the underlying dynamics of the modelled system. The general architecture
of the NARX-NN model is presented in Figure 11.

Input_n(t-1)...Input_n(t-n)

Input_n(t-1)...Input_n(t-n) Feedforward Neural Network ~—————————————>

presee > y(t=1)...y(t-n) —

Figure 11. General NARX-NN architecture.

To optimally reconstruct the dynamics of a partially observable system, it is necessary
to determine the optimal embedding dimension n, which indicates the number of steps
backwards (also known as ‘look-ahead” or ‘embedding’) required to obtain sufficient
information for state-space reconstruction. According to Takens’ theorem, the embedding
dimension n is defined as follows [31]:

n>2-m+1 (6)

where m is the system’s attractor phase-space dimension (embedding dimension) [32]. One
of the most commonly used methods for determining the dimension m is the so-called
‘false nearest neighbour’ (FNN) method. We assume that, in lower dimensions, two points
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in embedding dimension m appear closer together. If the distance between these points
does not change as the dimension increases, they are not false nearest neighbours [25].
The false nearest neighbours were calculated using the NoLiTSA library [26], which
utilises Kennel’s algorithm [33]. Our general aim is to achieve a false nearest neighbour
percentage of zero; however, for noisy data, our aim is to reach the dimension at which the
rapid decrease stops (where the knee-point appears) [25]. Figure 12 shows how the number
of false nearest neighbours drops significantly at the knee-point at m = 3 and then stops.
Based on this graph, we determined the embedding dimensiontoben =2-3+1=7.

1.0 —-==- m=3

I o o
kS o ®
L L |

False Nearest Neighbours

o
N

0.0+

1
I
]
]
I
I
]
I
|
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]
|
I
]
|
]
]
|
I
]
|
I
]
]
I
I
]
I
|
]
]
|
;
3

T T T T T T
4 5 6 7 8 9
Attractor Dimension

T T
1 2

Figure 12. Number of false nearest neighbours based on dimension m (the green line represents the
optimal attractor dimension for embedding).

2.6. Final Design of NARX-NN Observer

The NARX-NN observer was derived based on the above-mentioned experiments.
The observer was created using the Keras library [34] with the Sequential API (application
programming interface). The general architecture of the observer is presented in Figure 13.
The dimension 7 in the last layer represents the number of forward passes (horizon). In
this experiment, n = 7 was chosen to increase the stability of model training on noisy data.

Dense Layer
Size = 128
Activation = 'tanh’

Output Layer
Size = (1,n)
Activation = 'linear'

Input Layer
Size = (7,2)

Dropout Layer
Rate = 0.2

Figure 13. Proposed NARX-NN model architecture.

The testing model was trained in so-called ‘series—parallel’ mode. This means that the
neural network was trained solely on measured data, and the loss function calculated does
not assess performance using its own feedback loop. Although “parallel training’, where
the feedback loop is used during training, can provide better results in some circumstances
(e.g., noisy environments), the series—parallel approach is currently still considered the
best practice in the field due to its simplicity, higher degree of parallelisation, and reduced
risk of becoming stuck in a non-optimal local solution [35]. The training parameters are
presented in Table 4.
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Table 4. Training options of the observer.

Quantity Type/Value
Optimiser Adam
Loss Huber loss (with delta = 0.3)
Learning rate 104
Clipnorm 1.0

2.7. Disclaimer on GenAl Use

During the preparation of this study, the author used Google Gemini (3, 3.1 Pro,
3.1 Flash-Lite and 3.5 Flash) for the purposes of assistance with coding tasks. After using
this tool, the author thoroughly reviewed, executed, and validated all generated code to
ensure its accuracy. The author has reviewed the output and takes full responsibility for
its validity.

3. Results

The observer was tested on the evaluation dataset (Albacete) with the same sampling.
In this case the observer was run in parallel mode (with feedback). However, testing of the
virtual sensor on noise-free data from a simulator did not provide sufficiently convincing
evidence of performance under real-world operating conditions. The proposed virtual
sensor was therefore tested on a noisy signal with an SNR of 10 dB. The results are shown
in Figure 14.

-=- Predicted
Actual

Sideslip Angle [rad]
o
o
8

-0.01

-0.024

—0.031

Time [s]

Figure 14. A comparison of the prediction of the NARX-NN model with the actual data.

The model was also compared on the same test dataset with SNR = 10 dB against an
observer published in [10]. Figure 15 shows a comparison of the sideslip angle estimates
for the proposed model and the alternative observer with the same SNR of input signals.

The difference between reality and the prediction was tested using the MSE [36],
RMSE [37], and MAE [38] metrics. The results are presented in Table 5.

Table 5. Validation metrics for simulation data.

Evaluation Metric Value
Mean squared error 6.67-107°
Root mean squared error 2581073
Mean absolute error 1.95-1073
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-~ Proposed observer
Alternative observer

Sideslip Angle [rad]

-0.024

-0.044

0 100 200 300 400 500
Time [s]

Figure 15. A comparison of the prediction of the NARX-NN model with an alternative observer.

4. Discussion

The use of information theory in the synthesis of a virtual sensor for sideslip angle
reconstruction has demonstrated its ability to reduce the computational burden on ECUs in
neural network-based observer applications. Based on time-delayed mutual information,
the sampling frequency can be reduced by up to 20 times while still providing a sufficient
prediction approximation for non-critical tasks. Mutual information between the target
quantity and the candidate input quantities was utilised to easily select an input channel
with the most non-redundant information.

An interesting finding of this study is that, even though the sideslip angle depends
directly on the longitudinal vy and lateral v, speed, and longitudinal speed is used as the
input quantity in the majority (if not all) of estimation models, the model can still work
robustly without direct information about the PTW speed. This can be explained by the
following assumption: centripetal force is defined as [3]

2
M- vy

@)

centripetal force =

where M is mass, 7y is the longitudinal speed, and R is the turning radius. An alternative
formula for calculating the centripetal force with the yaw rate is given in [39]:

centripetal force = M- R - w? ®)

where M is mass, R is the turning radius, and w is the yaw rate. Therefore, we can write

2
M-R-w2=MRUx €)

and =
& = ? (10)

Therefore, the yaw rate carries more information than just the longitudinal speed
itself for estimating motorcycle sideslip. Of course, we must take into account that the
motorcycle is leaning into curves, so the yaw rate changes during manoeuvres. The roll
angle of the centre of mass of the motorcycle-rider system (if bike’s roll angle = rider’s roll
angle) is defined as follows [40]:

2
X

) - 180

arctan (centripetal acceleration) - 180| B |arctan(v

Il angle = X 11
roll angle = | - = | (11)
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arctan(w - vy) - 180
T

roll angle = | | (12)

This shows that the roll angle carries information that differs only slightly from the
yaw rate information that is already known. When provided with a reference to its previous
state (using embedding), a neural network can use this latent information to reconstruct
the dynamics of a known motorcycle.

It is important to note that although the embedding chosen in the presented architec-
ture has been validated using FNN analysis, other potential factors must also be taken into
account. The first of these is the effect of noise, which can influence the required length of
the embedding window. An analysis of the effect of noise on the autoregressive component
is presented in Figure 16.

1.0 —— SNR=40dB
SNR = 30 dB

—— SNR =20dB

0.8 —— SNR=10dB

0.6

0.4

False Nearest Neighbours

0.2

0.0

T T T T T T T T T
1 2 3 4 5 6 7 8 9
Attractor Dimension

Figure 16. FNN analysis based on various noise levels.

Although the increased noise level in this component may require a longer embedding,
analysis of the autoregressive component shows an SNR of 20.7 dB, even for a heavily noisy
signal from the IMU with an SNR of 10 dB. This is due to the fact that the NARX-NN model
behaves as a nonlinear filter (it depends on the values in the previous n steps), so even for
a significantly noisy input signal from the sensor, its output (and consequently the model’s
autoregressive component) will exhibit lower noise [41]. Even with such a noisy signal, the
model achieves very good results with the selected seven-step tapped delay window. For
practical use with most modern sensors, this embedding should be sufficient.

Another limitation is that this is a black-box model that has been tested on only one
test dataset. However, the original assumption (that the system is Markovian), combined
with the FNN and DMI analyses performed (to determine the required sampling frequency
and embedding), may not be universally valid. In certain cases, unobserved dynamic
dependencies (which were not included in the training dataset) could lead to the need for a
longer embedding window to fully reconstruct the motorcycle’s dynamics.

5. Conclusions

This paper proposes an alternative approach to synthesising a NARX-NN-based vir-
tual sensor for estimating sideslip angles in PTW applications. This approach is based
on information theory and aims to utilise the ECU’s computational resources optimally
while providing the virtual sensor with enough information to robustly reconstruct mo-
torcycle dynamics. Predictions on the test dataset demonstrate robust performance, with
MSE = 6.67-107%, RMSE = 2.58-103,and MAE = 1.95- 102 for data with SNR = 10 dB.
The proposed approach also has economic potential, since it enables the installation of a
less powerful (and usually cheaper) ECU to obtain the same results.
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The limitations of the study lie in the absence of real-world measurements and the
fact that it relies solely on a simulation study. However, a high-fidelity, industrial-grade
simulator with added noise was used. Future work will focus on testing the NARX-NN
model using highly noisy or sparse/incomplete datasets. Future work will also focus on
validating the hypothesis regarding the embedding window length across a wide range
of driving scenarios and situations, in order to confirm the practical applicability of the
embedding window presented in this paper.
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FLOP Floating Point Operation
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GRU Gated Recurrent Unit
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JMI Joint Mutual Information
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MAC Multiply-Accumulate

MAE Mean Absolute Error

MATLAB Matrix Laboratory
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MLP Multilayer Perceptron
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NARX Nonlinear Autoregressive Model with Exogenous Inputs

NARX-NN  Nonlinear Autoregressive Neural Network with Exogenous Inputs
NoLiTSA Nonlinear Time Series Analysis

PCA Principal Component Analysis
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RMSE Root Mean Square Error

RNN Recurrent Neural Network
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Appendix A. Discussion on Computation Efficiency

The purpose of this appendix is to compare the proposed feedforward neural network
with recurrent alternatives (in this case, “vanilla” RNNs, GRUs, and LSTMs). This discus-
sion is crucial for identifying the optimal variant in terms of hardware resource utilisation.

From the perspective of computational complexity, the fundamental arithmetic op-
eration in the field of neural networks is the multiply—accumulate (MAC) operation. It is
defined as adding the dot product of b and c to the base variable (a). This operation can be
written as follows [42]:

a<a+(b-c) (A1)

An alternative method is to use floating-point operations (FLOPs), where 1MAC =2 2FLOPs.
To calculate the number of MAC operations required for a given layer of a neural network,

one can refer to [43]. The computational complexity for each layer is summarised in
Table A1, where

* 1, is the number of neurons;

*  n;is the number of features in the input vector;
*  1sis the input sequence size;

® 1y is the number of hidden units.

Table A1. MAC calculation for given layers [43].

Layer Type MAC Calculation
MLP Ny - N

Vanilla RNN ns - ny - (n; + ny)
GRU ns-ny - (3-n;+3-n,+3)
LSTM ns-ny-(4-n;j+4-n,+3)

For the overall calculation, it is therefore necessary to consider not only the neurons in
the hidden layer, but also the neurons in the output layer. The NARX-NN model has (as
mentioned earlier) seven output neurons, while recurrent models always have only one
neuron in the output layer. At the same time, the MLP model has fourteen inputs (seven
exogenous and seven autoregressive), while the recurrent models have only seven inputs.

For the purposes of this study, we compared how large individual recurrent models
could be in order to be computationally comparable to the proposed NARX-NN model.
The respective model specifications are shown in Table A2.

Table A2. Specifications of compared networks.

Number of Neurons Number of Input

Network in Hidden Layer Quantities Sequence Length Total Inputs
FNN 128 2 7 14
RNN 19 1 7 7
GRU 10 1 7 7
LSTM 9 1 7 7

A comparison of the number of MACs for each of the networks under comparison is
shown in Table A3. This is a partially simplified calculation—this simplified analysis does
not take into account the computational overhead of activation function calculation. These
calculations vary depending on whether the functions are linear or nonlinear (e.g., tanh)
and vary significantly based on the target hardware and final implementation.
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Table A3. MAC count for compared networks.

Network Hidden-Layer MACs Output-Layer MACs Sum of MACs
FNN 1792 896 2688
RNN 2660 19 2679
GRU 2520 10 2530
LSTM 2709 9 2718

The number of parameters was also calculated for these networks. The formulas for
calculating the number of parameters for each layer are shown in Table A4. The equation
for calculating the MLP was taken from [44], and the equation for recurrent architectures
from [45].

Table A4. Parameter calculation for given layers [44,45].

Layer Type Number of Parameters
MLP My - 1 + Npigs

Vanilla RNN ny, - (ns +ny,) + ny,
GRU 3 (ny, - (ns +mny) +ny)
LSTM 4 (ny, - (ns +np) +ny)

The total number of parameters for each type of network is listed in Table A5.

Table A5. Parameter count for compared networks.

Network Hidden-Layer Parameters = Output-Layer Parameters Sum of Parameters
FNN 1920 897 2817
RNN 513 20 533
GRU 540 11 551
LSTM 612 10 622

Given the number of parameters and the number of FLOPs/MAC:s, it is possible to
calculate the arithmetic intensity of the network. This is defined by the formula [46]

_ FLOPs
~ Bytes Transferred to/from Memory

Al (A2)

Since recurrent networks process data sequentially, the sum of the number of parame-
ters for these networks must be multiplied not only by the number of bytes per parameter,
but also by the length of the sequence to obtain the denominator. The results for each type
of network (considering 4 bytes per parameter) are shown in Table A6.

Table A6. Arithmetic intensity of compared networks.

Network MACs/Byte FLOPs/Byte
MLP 0.2385 0.4771
RNN 0.1795 0.3590
GRU 0.1640 0.3280

LSTM 0.1561 0.3121

The data in Table A6 show that the proposed NARX-NN multilayer perceptron model
offers higher arithmetic intensity than comparable networks (from a MACs/FLOPs point
of view) based on recurrent architectures.
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