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A B S T R A C T

The study introduces a proof-of-concept self-adaptive neural network model predictive control 
(SA-NNMPC) system, which uses a neural network as main component of the prediction model, 
for the anti-jerk control of electric vehicles. Through the adaptation mechanism of the network 
and cost function weights during vehicle operation, which is activated when the plant behaves 
significantly differently from its digital twin, the SA-NNMPC architecture adjusts to the pro
gressive vehicle aging, or to the replacement of hardware parts, which is expected to be an 
important feature of next-generation vehicles. Validation tests and simulations show that the 
neural network accurately replicates the drivetrain dynamics of the considered electric vehicle, 
and, for nominal conditions, already leads to a performance improvement of the NNMPC 
implementation – which can run in real-time on a rapid control prototyping unit – with respect to 
a benchmarking nonlinear model predictive anti-jerk controller. Moreover, the preliminary 
simulation results confirm the potential of the proposed architecture in terms of: i) adaptability to 
operating conditions not covered in the original training, and variations of vehicle parameters; 
and ii) auto-tuning of the algorithm when applied to different vehicles.

1. Introduction

The last 15 years have seen major academic and industrial research efforts on innovative technologies to continuously improve the 
performance of electric vehicles (EVs), which experience increasing market penetration. The electrification trend has brought a variety 
of architectural solutions for electric powertrains, which can have an on-board or in-wheel layout, depending on whether the electric 
machine/s (EM/s) is/are located in the sprung or unsprung mass. In the former case [1], each electric powertrain is connected to the 
wheels through a mechanical transmission system, half-shafts, and constant-velocity joints.

In the on-board configurations, the presence of half-shafts implies non-negligible torsional dynamics during the powertrain torque 
transients, which result in corresponding wheel torque and longitudinal acceleration oscillations, with negative impact on component 
durability and the passenger comfort domain commonly referred to as drivability. The most influential vehicle hardware parameters 
on drivability performance are the mass moments of inertia of the rotating parts of the powertrain, as well as the torsional compliances 
[2] and mechanical plays (i.e., the backlash) [3,4] of the driveline components. Tip-in and tip-out manoeuvres, involving fast positive 
and negative variations of the torque demand, are typically used to assess the relevant dynamics during simulations or experiments. 
Although these aspects have been traditionally evaluated at the vehicle level through the subjective feedback of professional test 
drivers, the recent trend is to use objective key performance indicators (KPIs), e.g., the root mean square (RMS) value and vibration 
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dose value (VDV) [5] of the frequency-weighted longitudinal acceleration ax, or other indicators based on the time profiles of ax and 
further relevant variables during tip-ins and tip-outs [6]. For example, the KPIs of the latter category include the rise time and 
overshoot magnitude of ax, and the maximum magnitude of the jerk, i.e., the time derivative of ax [7].

Despite being well-known in internal combustion engine (ICE) driven vehicles, the torsional drivetrain dynamics are significant 
also in EVs, which are characterised by the absence of dedicated mechanical components, such as clutch dampers and flywheels. To 
achieve desirable drivability, both ICE driven vehicles and EVs are equipped with anti-jerk controllers, which modify the human or 
automated driver torque demand, and attenuate the oscillations. Anti-jerk controllers address the first torsional mode [8] of the 
drivetrain, corresponding to a natural frequency in the 1÷15 Hz range [9,10]. Electric powertrains are generally easier to control than 
their ICE counterparts, because of the more accurate torque generation capability [11,12] and the higher EM bandwidth with respect 
to (w.r.t.) ICEs [13]. The recent literature review on anti-jerk control in [14], with coverage until 2020, categorises the control for
mulations according to their feedforward or feedback nature, and in the latter case based on the considered anti-jerk error variable, 
which must be representative of the level of drivetrain oscillations or vehicle discomfort.

The most recent literature has broadened the anti-jerk control functionality. For example, reference [15] presents nonlinear model 
predictive controllers (NMPCs) that integrate the traction control and anti-jerk control functions, for EVs with centralised powertrains, 
benefitting from the preview of the tyre-road friction level, e.g., deriving from vehicle-to-everything (V2X) connectivity. Kock et al. 
[16] propose a controller that considers and attenuates the driveline oscillations during brake blending operation. The NMPCs in [17,
18] use the information on the road profile ahead to compensate for the longitudinal acceleration oscillations induced by road ir
regularities, through the modulation of the torque demand of in-wheel and on-board electric powertrains. Ahmad et al. call anti-jerk 
controllers algorithms that attenuate the sprung mass motions caused by road irregularities, through the actuation of a semi-active 
suspension system [19], or aerodynamic surfaces installed on the vehicle body [20,21].

In the classical anti-jerk control definition, targeting the compensation of the torsional driveline dynamics, the main challenges are: 
i) to achieve desirable and consistent performance with the typical sampling times and time-varying delays of the on-board vehicle 
communication network [22]; and ii) to provide robustness during the vehicle lifecycle, w.r.t. the variation of the most relevant 
parameters, such as the drivetrain backlash and torque response delays of the powertrain [23]. Indeed, Figel’s review [24] states that 
backlash is almost always considered in some form, during the design of drivability controllers based on the rotational drivetrain 
dynamics. In most applications, the effective half-shaft stiffness and backlash are identified at the beginning of the vehicle lifetime, see 
[25,26], and then are used for torque estimation and driveline oscillation control. Nevertheless, the literature includes examples of 
real-time driveline backlash estimation algorithms, e.g., see [3] and [27,28]. The algorithm in [29] for real-time backlash estimation 
and update is integrated into a clunk noise controller using a soft-landing reference governor [30]. In [31], a backlash estimator is 
integrated into an oscillation control strategy for a hybrid driveline, which is evaluated through simulations.

Thanks to the progressive enhancement of the computational capability of the available automotive control hardware as well as the 
introduction of computationally efficient solvers [32], the last years have experienced the growing application of model predictive 
control (MPC) algorithms to vehicle control functions, including anti-jerk control [33]. Moreover, recent automotive research – not 
applied to the driveline dynamics control problem yet – has proposed the integration of machine learning and artificial intelligence 
(AI) functionalities in MPCs, as discussed by Norouzi et al. [34]. In this field, one of the options is to partially or completely replace the 
physics-based prediction model of the MPC with a neural network (NN), to reduce computational cost [35] and improve prediction 
accuracy through multi-layer NN arrangements. The result is represented by neural network MPCs (NNMPCs), which have been 
applied to the path tracking control problem of automated vehicles [36–39], and the control of diesel engine emissions [40,41]. The 
recent literature has proposed physics-informed neural networks for the effective emulation of system dynamics [42,43], which in 
some cases have been used as prediction models in NNMPC implementations applied to various non-automotive systems, e.g., see the 
case studies in [44,45].

Another trend is represented by the continuous update of the control algorithms to adapt to the current condition or operating 
environment of the vehicle, which is a timely topic in the context of software-defined vehicles [46], collateral to this research. The 
literature includes examples of learning MPCs [47] for autonomous racing, which are used to progressively reduce the lap time of a 
vehicle on a track, based on the data from previous laps. In [48], an adaptive MPC strategy is proposed for a hybrid energy storage 
system, based on the real-time variation of the cost function weights via fuzzy logic rules. A fuzzy adaptation scheme is employed in 
[49] for the energy-efficient torque-vectoring control of an EV with multiple powertrains. Abtahi et al. [50] use an NN algorithm to 
vary the weights of an MPC strategy for energy-efficient adaptive cruise control, benefitting from the road grade preview. Porsche [51] 
has recently proposed a reinforcement learning approach for accelerated anti-jerk control calibration.

In summary, the analysis of the literature highlights that: i) only a limited number of research papers address the automotive 
application of NNMPC, without investigating the online adaptation of the NN prediction model, and related controller cost function 
weights; ii) there is no available NNMPC-based anti-jerk algorithm; and iii) when MPC is employed for anti-jerk control [33], the 
controller calibration is conducted only offline.

To address the identified gap, this study provides the following novel contributions to the subject area of the control of the torsional 
drivetrain dynamics: 

• An NNMPC implementation of an anti-jerk controller for an EV with on-board powertrains, which outperforms – already for 
nominal conditions of the vehicle, simulated with an experimentally validated model – two considered benchmarking anti-jerk 
controllers, respectively using a physics-based nonlinear model predictive control approach and a tachometric approach.

• The preliminary proof-of-concept analysis of the potential drivetrain dynamics benefit of the online update, i.e., performed during 
vehicle operation, of the NN prediction model and cost function weights, to address: i) different operating conditions w.r.t those of 
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the initial offline training; ii) variations of vehicle parameters, e.g., transmission backlash, powertrain torque time constant, and 
tyre characteristics; and iii) controller auto-tuning, i.e., the direct application of a controller originally calibrated for a specific EV 
to a different one.

• The demonstration of the real-time implementability of the NNMPC anti-jerk approach, with the trade-off analysis between 
computational effort and performance, which highlights its potential practical feasibility for real-vehicle implementation.

The remainder is organised as follows: Section 2 describes the simulation and control environment, and the case study vehicle; 
Section 3 presents the proposed NNMPC and NMPC formulations; Section 4 discusses the online self-adaptive control architecture; 
Section 5 presents the simulation results, obtained on an experimentally validated vehicle model; finally, Section 6 summarises the 
main conclusions.

2. Experimentally validated simulation environment and case study electric vehicle

2.1. Simulation and control architecture

The simulation and control environment, reported in Fig. 1, includes: 

• The human or automated driver model, defining the reference powertrain torque, Tref .
• The NNMPC anti-jerk algorithms, which represent a novelty of the study, embedding an internal (or prediction) model charac

terised by the combination of NN-based and physics-based formulations, and generating the corrective anti-jerk control torque, 
Tcorr, through the online solution of an optimal control problem (OCP), starting from Tref and the relevant measured or estimated 
variables. The proposed distributed architecture has an independent anti-jerk controller for each electric powertrain. Here and in 
the remainder, for simplicity, the notations omit the reference to any specific EV corner. As an alternative to the NNMPCs, the 
control block also includes a state-of-the-art NMPC anti-jerk strategy, used as benchmark for the NNMPC implementations.

• The open-loop NN block, which generates the predicted system outputs, ŷk,i, used to assess the NN match with the plant, where the 
generic subscript k indicates a considered scalar variable within the respective vector, and the subscript i is the data sample index.

• The data buffer generator, storing a pre-defined number n of data samples of the relevant measured or estimated outputs from the 
vehicle, yk,i, and those from the open-loop prediction model, ŷk,i.

• The online training and weight optimization block, which is another novel item of this research, managing the update of the 
controller by: i) opening and closing the parallel pool dedicated to the controller auto-training task, while the controlled vehicle 
simulation is running; ii) activating and deactivating the online training of the NN to be used as prediction model, and, once this is 
completed, the optimization of the NNMPC cost function weights with the retrained network. The process in ii) is kicked off when 
the root mean square errors (RMSE) between yk,i and ŷk,i, computed along n, exceed pre-defined thresholds, RMSEth.

• The plant, i.e., the experimentally validated vehicle simulation model for control system assessment, developed in the Matlab/ 
Simulink environment and parametrized according to [33].

Fig. 1. Simplified schematic of the simulation and anti-jerk control architecture.
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2.2. Case study electric vehicle and model validation

The case study EV is the Range Rover Evoque prototype that was implemented as the demonstrator of the European projects E- 
VECTOORC and iCOMPOSE [52–54], see Fig. 2(a). The vehicle is equipped with four on-board EMs, based on switched reluctance 
technology, each of them connected to its respective wheel through a single-speed transmission, constant-velocity joints, and a 
half-shaft, see Fig. 2(b). The main vehicle and drivetrain parameters are reported in Table 1.

The simulation model for control system assessment is the one from [33], which includes: i) the longitudinal vehicle body dy
namics; ii) the EM torque dynamics, expressed through a transfer function; iii) the rotational drivetrain dynamics, with consideration 
of the torsional behaviour of the half-shafts and the equivalent drivetrain backlash (amounting to 2 deg at the wheels, in the nominal 
vehicle set-up), which is modelled through a piecewise formulation, with stiffness and damping contributions; iv) the dynamics of each 
driving wheel; v) the longitudinal load transfers; and vi) the nonlinear tyre slip behaviour, considered through version ’94 of the Magic 
Formula model [55], with the variation of the relaxation length as a function of the longitudinal tyre slip, kx, and vertical load, Fz, and a 
dedicated slip ratio formulation for ensuring tyre model stability in low-speed conditions [56,57]. Fig. 3 reports the longitudinal tyre 
force (Fx) characteristics of the considered tyres for different values of kx and Fz, where Tyre 1 is the nominal tyre of the considered EV, 
while Tyre 2 is an alternative tyre, which – where explicitly indicated – has been used in the simulations to highlight the adaptability of 
the proposed anti-jerk controller.

The plant model has been validated through experimental tip-in manoeuvres carried out at the Lommel Proving Ground (Belgium), 
involving swift positive variations of Tref (which is then kept constant), from different initial speeds and with multiple torque demands, 
see the examples in Fig. 4, indicating a good agreement between experiments and simulations. Hence, the nonlinear model can be 
considered a valid tool for control system assessment.

3. Controller formulations

3.1. Neural network prediction model

The NNMPC internal model, i.e., the digital twin used by the NNMPC for predicting the system response along the prediction 
horizon th, is implemented through a feedforward artificial neural network (FF-ANN), supported by physics-based formulations, see 
the schematic in Fig. 5.

The FF-ANN input vector, h, with h ∈ Rnh , where nh = 6 is also the number of neurons in the input layer, is defined as: 

h =
[
ϑ̇1, ϑ̇2,Δϑ̇,Δϑ,Tplant ,Tem

]T (1) 

where θ̇1 is the rotational EM speed referred to the wheel, i.e., ϑ̇1 = ϑ̇em/ig, with ϑ̇em being the angular speed of the EM rotor; θ̇2 is the 
angular wheel speed; Δϑ̇ and Δϑ are the torsion rate and torsion angle of the half-shaft; Tplant is the reference EM torque sent to the 
inverter; and Tem is the actual EM torque, which is usually estimated by the inverter. All the components of h can be available – through 
appropriate sensors and estimators – in production EVs, to be used as initial conditions for the NNMPC prediction at each time step. The 
FF-ANN output vector, y, includes the motor acceleration at the wheel, and the wheel acceleration: 

y =

[

ϑ̈¨1, ϑ̈¨2
]T

(2) 

In the selected configuration, the FF-ANN consists of two feedforward hidden layers, each with nn = 16 neurons. Such network 
architecture was the result of a trade-off analysis between prediction accuracy and computational efficiency of the resulting NNMPC, 
see the discussion in Section 5.6. Each output component of the first hidden layer, a1,p, is given by: 

Fig. 2. (a) The considered EV prototype; and (b) Simplified layout of an individual drivetrain.
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⎨
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y1,p =
∑nh

j=1
w1,pjhj + b1,p

a1,p = f1

(
y1,p

)
(3) 

where the index p, with p = 1,..,16, refers to the considered neuron; w1,pj is the weight connecting the input hj, with j = 1,.., 6, to the 
p-th neuron in the first hidden layer; b1,p is the bias associated with the p-th neuron in the first layer; and f1 is the activation function 
applied to the output of each neuron. In vectorial form, (3) can be expressed as: 

{
y1 = WT

1h + b1

a1 = f1(y1)
(4) 

where y1 is the output vector of the first hidden layer; W1 ∈ Rnh×nn is the weight matrix of the same layer; b1 ∈ Rnn is the bias vector; 
and a1 ∈ Rnn is the vector of the activated outputs from the first hidden layer. Similarly, the vectorial input/output formulation for 
the second hidden layer is: 

{
y2 = WT

2a1 + b2

a2 = f2(y2)
(5) 

Table 1 
Main vehicle and drivetrain parameters.

Parameter Symbol Value Unit

Vehicle mass Mv 2350 [kg]
Wheelbase l 2.66 [m]
Aerodynamic drag coefficient Cd 0.33 [-]
Frontal vehicle area Av 2.2 [m2]
Peak power of the individual electric powertrain Pem,max 88 [kW]
Transmission gear ratio ig 10.5 [-]
Torsion stiffness of the half-shafts Khs 7000 [Nm/rad]
Wheel mass moment of inertia Jw 1.5 [kgm2]
Wheel radius Rw 0.37 [m]

Fig. 3. Longitudinal tyre force characteristic as a function of the slip ratio, for three vertical tyre loads – expressed as a function of a nominal load 
value Fnom = Mvg/4 – and two tyre model parametrisations (Tyre 1, based on the model parameters from the European projects E-VECTOORC and 
iCOMPOSE, see also [33], and Tyre 2, based on parameters from the European project EVC1000, see [17]).
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Fig. 4. Model validation along tip-in tests, with final (a) 30 Nm and (b) 60 Nm Tref values, from an initial EV speed of ~90 km/h. Comparison of 
experimental results (‘Experimental’), and simulation results from the model for control system assessment (‘Plant’), the nominal NN-based model 
(‘Neural network’) generating the NNMPC prediction, and the physics-based model (‘Internal’) providing the NMPC prediction.

Fig. 5. Schematic of the FF-ANN architecture for the prediction model.
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where y2, W2, b2, f2, and a2 are the respective output vector, weight matrix, bias vector, activation function, and vector of the 
activated outputs. Finally, the FF-ANN output is given by: 

y = WT
3a2 + b3 (6) 

where W3 and b3 are the weight matrix and bias vector of the output layer.
In summary, (1)-(6) can be re-arranged as: 

ϑ̈¨1 =
∑nn

l=1
w3,ϑ̈̈1 ,l

{

f2

[
∑nn

m=1
w2,mf1

(
∑nh

j=1
w1,jhj + b1

)

+ b2

]}

+ b3,ϑ̈̈1
(7) 

ϑ̈¨2 =
∑nn

l=1

w3,ϑ̈̈2 ,l

{

f2

[
∑nn

m=1
w2,mf1

(
∑nh

j=1
w1,jhj + b1

)

+ b2

]}

+ b3,ϑ̈̈2
(8) 

where w1,j and w2,m are the relevant weight vectors within W1 and W2; w3,ϑ̈̈1 ,l and w3,ϑ̈̈2 ,l are the weights of the output layer; and b3,ϑ̈̈1 

and b3,ϑ̈̈2 
are the corresponding biases.

In the prediction model, θ̇1 and θ̇2 are computed through the numerical integration of the respective accelerations along time; Δϑ̇ is 
obtained from its kinematic definition, i.e., Δϑ̇ = ϑ̇1 − ϑ̇2, which, through integration along time, brings Δϑ.

In parallel to the NN, the inverter and EM dynamics are considered through a first order formulation: 

Tem = Tplant − τemṪem (9) 

where τem is the torque time constant of the powertrain, and Tplant in (9) is calculated as: 

Tplant = Tref − Tcorr (10) 

The integration of Ṫ em enables the computation of all the inputs to the FF-ANN, which can thus be used as core component of the 

Fig. 6. Schematic of the simulation architecture for the offline training process.
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NNMPC prediction.

3.2. Offline training of the neural network

The initial training of the FF-ANN, based on data from the nominal plant, is referred to as offline as it is carried out in the controller 
design stage, outside the online simulation environment in Section 2.1, although the plant model was used to generate the training 
data, covering both the front-wheel-drive and four-wheel-drive operation of the considered EV, in its passive (i.e., without anti-jerk 
control) and active (i.e., with the baseline NMPC-based anti-jerk controller in Section 3.5) set-ups. The NN development dataset, 
see Fig. 6, was generated by simulating multiple scenarios: i) tip-in tests from different initial speeds, as well as several initial/final 
torque demand values, torque gradients, and time instants for the torque demand increase; ii) tip-out tests, with negative swift torque 
demand variations, with similar variety of conditions as for i); and iii) standardised driving cycles [58]. The resulting dataset was 
divided into training, validation, and testing sets, corresponding to 85%, 10%, and 5% of the total data.

The loss function for network training is the mean squared error (MSE), computed across the two relevant accelerations ϑ̈¨1 and ϑ̈¨2, 
which reflects the fitting accuracy between the NN model and training data: 

MSE =
1
n
∑2

k=1

∑nd

i=1

[
yk,i − ŷk,i

]2
(11) 

where nd is the total number of values for the considered dataset. During the offline FF-ANN design phase, three activation functions 
were evaluated, see Fig. 7(a), i.e., the hyperbolic tangent (‘Tanh’ in the plot), rectified linear unit (‘ReLU’), and swish functions [59]. 
For emulating the output data, i.e., the angular accelerations, which can take both positive and negative values in the context of the 
specific highly nonlinear system, the swish function provided superior performance, and was selected for the NNMPC implementation. 
Hence, f(y) in (4) and (5) are expressed as: 

f(y) = yσ(y) = y
1

1 + e− y (12) 

where σ(y) is the sigmoid function. The offline training process was carried out through the Deep Learning Toolbox of Matlab, with the 
hyperparameter settings in Table 2. Fig. 7(b) is an example of training process results, expressed in terms of loss over the training and 
validation datasets. Because of the large size of the training dataset, the validation loss is already stabilized by the second training 
iteration. As shown in Fig. 4, the resulting FF-ANN model closely replicates the experimental EV behaviour, with similar level of match 
as the nonlinear model for control system assessment (i.e., the ‘Plant’ in the plot), and outperforms the simplified physics-based model 
of the benchmarking NMPC algorithm.

Fig. 7. (a): Shape of the tested activation functions; and (b): Example of MSE trends resulting from the neural network training and valida
tion process.
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3.3. Nonlinear optimal control problem formulation

At each iteration, the NNMPC algorithm computes the online solution of the following OCP, to minimize a cost function J subject to 
(s.t.) an appropriate set of constraints: 

J = min
x(⋅),u(⋅),p(⋅)

∑N− 1

q=0

[
‖ xq − xq,ref‖

2
Q +‖ uq − uq,ref ‖

2
R

]
+ ‖ xN − xN,ref ‖

2
QN

(13) 

s.t. (13a) 

x0 = xc (13b) 

x(1,2)
q+1 = gnn

(
xq, uq, pq

)
(13c) 

x(3,..,5)
q+1 = g

(
xq, uq, pq

)
(13d) 

x ≤ xq ≤ x (13e) 

where x = [ϑ̇1 , ϑ̇2 ,Δϑ,Δϑ̇,Tem]
T is the state vector; u = [Tcorr] is the control action vector; p =

[
Tref ,Tplant

]T is the parameter vector; xc is 
the current value of the state vector, i.e., at the beginning of the prediction; the subscript q refers to a generic prediction step; N is the 
number of prediction steps, which is coincident with the number of control steps; gnn and g refer to the FF-ANN-based and physics- 
based components of the prediction model in (1)-(10); the notations x(1,2) and x(3,…,5) indicate the relevant components of x; x and 
x are the lower and upper bounds on the states, formulated as hard constraints on the EM torque; and Q ∈ R5 × 5, R ∈ R1 × 1, and 
QN ∈ R5 × 5 are positive diagonal weight matrices: 

Q = diag([0,0, 0,WΔϑ̇ , WTem ]) (14) 

Table 2 
Neural network hyperparameter settings (offline training).

Hyperparameter group Hyperparameter Value

Neural network architecture Hidden layers 2
Neurons in first layer 16
Neurons in second layer 16
Activation function Swish

Training process Mini batch size 13000
Initial learning rate 0.001
Maximum epochs 500
Optimization algorithm Adam
Loss function MSE

Algorithm 1 
Activation and deactivation algorithm of the anti-jerk controller.

Initialize the activation gain γ, the anti-jerk corrective torque threshold Tcorr,tr, the anti-jerk corrective torque rate threshold Ṫcorr,tr, and the time counter threshold 
tcount,tr .

1: if 
(
|Tcorr| ≥Tcorr,tr

)
|| 
(
|Ṫ corr | ≥Ṫcorr,tr

)

2: γ = 1
3: tcount = 0
4: while tcount ≤ tcount,tr

5: γ = 1
6: tcount = tcount + Δt
7: if 

(
|Tcorr| ≥Tcorr,tr

)
|| 
(
|Ṫcorr | ≥Ṫcorr,tr

)

8: tcount = 0
9: end
10: end
11: while 

(
tcount ≤ tcount,tr +Δtlin

)
&& 

(
|Tcorr| <Tcorr,tr

)
&& 

(
|Ṫcorr | <Ṫ corr,tr

)

12: γ = 1 − [1 /Δtlin]
[
tcount − tcount,tr

]

13: tcount = tcount + Δt
14: end
15: else
16: γ = 0
17: tcount = 0
18: end
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R = WTcorr (15) 

QN = Q (16) 

Based on (13)-(16), J incorporates a term targeting the reduction of the drivetrain oscillations through the minimization of Δϑ̇; a 
term related to the tracking of the driver torque demand, Tref ; and a term to reduce the control effort expressed by Tcorr.

3.4. Controller activation and deactivation

Similarly to other anti-jerk control implementations from the literature [33], the NNMPC algorithm is activated only when this is 
beneficial to the vehicle response. The activation and deactivation are managed through a variable gain γ, with 0 ≤ γ ≤ 1, which is 
multiplied by Tcorr. According to the pseudo-code in Algorithm 1 and Fig. 8, the anti-jerk function is activated when the magnitude of 
its corrective torque and/or the one of the respective time derivative are larger than defined thresholds, referred to as Tcorr,tr and Ṫ corr,tr . 
Vice versa, if the magnitudes of Tcorr and its time derivative are both lower than the same thresholds, a counter is activated, which 
outputs the time tcount in which the anti-jerk control input remains low. Once tcount exceeds the threshold tcount,tr, if the low-intensity 
condition of the anti-jerk intervention persists, γ is linearly reduced and saturated to zero, condition in which the control function 
is deactivated. In the pseudo-code, Δt refers to the controller implementation step, while Δtlin is the time taken by γ to transition from 1 
to 0.

3.5. Benchmarking nonlinear model predictive controller

The internal model formulation of the benchmarking NMPC anti-jerk algorithm is based on the one in [33] and [56], which 
consider a model with two mass moments of inertia, the first one, J1, representing the rotating parts of the EM and drivetrain, and the 
second one, J2, corresponding to the equivalent inertia of the wheel and the vehicle. J1 and J2 are connected by a torsional spring with 
a 2α backlash magnitude, and a torsional damper, see Fig. 9, where Khs,s and Chs,s indicate the respective stiffness and damping co
efficient. Such model, which is shown to provide good anti-jerk control performance in several studies [60–63], is described, on top of 
the first order EM dynamics formulation in (9), by the following torque balance equations: 

ϑ̈1
¨=

1
J1

[
ηgTemig − Ths

]
(17) 

ϑ̈2
¨=

1
J2

[Ths − 0.5Taero − 0.5Troll] (18) 

where ηg is the gearbox efficiency; and Ths is the half-shaft torque, which is given by: 

Ths = 0.5Khs,s[Δϑ − α]{tanh(K1[Δϑ − K2]) +1} + 0.5Khs,s(Δϑ+α){tanh[ − K1[Δϑ+K2]] +1} + Chs,sΔϑ̇ (19) 

where K1 and K2 are tuning parameters, which approximate the piecewise linear behaviour corresponding to the mechanical play. In 

Fig. 8. Simplified flow chart of the activation and deactivation algorithm of the anti-jerk controller.
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(18), Taero and Troll are the equivalent moments caused by the aerodynamic drag and rolling resistance effects: 

Taero = 0.5RwρAvCxv2 (20) 

Troll = Rw
[
f0Mvg+ f1Mvgv2

x

]
(21) 

where ρ is the air density; g is the gravitational acceleration; and f0 and f1 are the rolling resistance coefficients.
Given the significant simplification of the system dynamics intrinsic to the model, which, for example, neglects the damping effect 

of the longitudinal tyre slip, Khs,s and Chs,s were selected to provide a reasonable match with the plant model for control system 
assessment and the experiments, see the open-loop model comparison in Fig. 4, rather than being chosen directly from the half-shaft 
properties. Nevertheless, while such simplified physics-based prediction model provides similar level of accuracy to the FF-ANN of the 
NNMPC in terms of motor speed emulation, it is by far inferior to the network in terms of wheel speed dynamics. The OCP of the NMPC 
algorithm is the same as for the NNMPC, see (13)-(16).

Fig. 9. Schematic of the internal model of the benchmarking NMPC strategy.

Fig. 10. Simplified schematic of the adaptation architecture.
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3.6. Controller implementation

The acados toolkit [64], providing a robust platform for embedded optimizations, is adopted for the online solution of the nonlinear 
OCPs associated with the proposed NMPC and NNMPC implementations. The solver was configured to use the sequential quadratic 
programming method, with the partial condensing option, and the fourth order implicit Runge Kutta integrator. For simplicity, unless 
otherwise specified, in the proof-of-concept simulations of this study, similarly to the set-up in [33], the controller sampling time Ts 
and the number N of prediction steps are set to 1 ms and 4, while the maximum number of iterations is 4. The implications of the main 
control parametrisations will be analysed in the following Section 5.7.

4. On-line controller adaptation

The online adaptation of both the NN prediction model and NNMPC cost function weights is managed through a Stateflow chart in 
Matlab-Simulink. The dual adaptation process enables the controller self-calibration, essential for maintaining optimal performance 
under operational conditions not considered during the offline training process. The building blocks, outlined in Fig. 1 and detailed in 
Fig. 10 and the pseudocode of Algorithm 2, are: 

• The main pool, which covers: i) the online operation of the controller, with the latest version of the prediction model calibration, 
which is kept constant between subsequent adaptations. Hence, the pool includes both the predictive anti-jerk controller and the 
high-fidelity simulation model of the plant, where the latter would be absent in case of experimental vehicle deployment; and ii) the 
condition check block, which determines whether a prediction model update must be initiated. In this respect, for the current 
calibration of the FF-ANN and control weights, the condition check periodically computes the root mean squared error, RMSEy, 
between the relevant angular accelerations from the plant, obtained from the sensor measurements, yk,i, and those, ŷk,i, predicted 
by the FF-ANN calibration currently used by the predictive controller, which is run in open-loop outside the controller (see the 
‘Open-loop Neural Network’ block in Fig. 10): 

RMSEy =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
n
∑2

k=1

∑nd.ol

i=1

[
yk,i − ŷk,i

]2

√
√
√
√ (22) 

where nd.ol is the number of data points for the RMSEy computation. The yk,i terms are the time derivatives of the measurements of the 
EM and wheel speeds, in the specific application coming from the simulation model of the plant. Once RMSEy exceeds a threshold 
RMSEth, a flag variable is generated to start the parallel update of the network, and the relevant buffer of sampled data, Aon, is sent to 
the parallel pool for online training. Aon has the following matrix form: 

Algorithm 2 
Simplified online re-training of the FF-ANN, and NNMPC cost function weights optimization.

Initialise the online variables: 
[
W(1,2,3),b(1,2,3),W(Δϑ̇ ,Tem ,Tcorr)

]
=
[
W(1,2,3),off ,b(1,2,3),off ,W(Δϑ̇ ,Tem ,Tcorr),off

]
; 

Initialise: RMSEy = 0; Trstate = 0; Optstate = 0;
Open parallel pool; Start simulation scenario
1: if t/Δt is integer
2: Evaluate RMSEy

3: if RMSEy < RMSEth

4: Trstate = 0; Optstate = 0;
5: elseif RMSEy ≥ RMSEth

6: Start neural network online training in a parallel pool
7: if Trstate = = 0
8: Optstate = 0
9: 

[
W(1,2,3) ,b(1,2,3)

]
=
[
W(1,2,3),off ,b(1,2,3),off

]

10: elseif Trstate = = 1
11: 

[
W(1,2,3),b(1,2,3)

]
=
[
W(1,2,3),on,b(1,2,3),on

]

12: Start NNMPC cost function weights optimization in the same parallel pool
13: end
14: if Trstate == 1 && Optstate = = 0
15: 

[
W(Δϑ̇ ,Tem ,Tcorr)

]
=
[
W(Δϑ̇ ,Tem ,Tcorr),off

]

16: elseif Trstate == 1 && Optstate = = 1
17: 

[
W(Δϑ̇ ,Tem ,Tcorr)

]
=
[
W(Δϑ̇ ,Tem ,Tcorr),on

]

18: end
19: end
20: end
End simulation scenario; close parallel pool

G. Frison et al.                                                                                                                                                                                                          Mechanism and Machine Theory 214 (2025) 106082 

12 



Aon =

[ h1,on h2,on ⋯ hn,on

y1,on y2,on ⋯ yn,on

]T

(23) 

where the hi,on components are the neural network input vectors according to (1), which are collected along an appropriate time 
interval Δt; and yi,on are the target FF-ANN output vectors. The buffer dataset size, n, depends on the time duration Δt corresponding to 
the buffer itself, and the time step Δts between each sample: 

n = Δt/Δts (24) 

• A parallel pool w.r.t. the simulation scenario running in the main pool, for FF-ANN re-training followed by the NNMPC cost 
function weight adaptation, based on real-time operational data. The parallel pool operates through the parallel computing toolbox 
of Matlab, and includes:

i. The online FF-ANN re-training block, which adjusts all the FF-ANN weights and biases (W1, W2, W3, b1, b2, and b3) to reflect the 
updated plant dynamics, where the training process is conducted and completed based on the loss function in (11), see Section 3.2. 
The mini batch size, initial learning rate, and maximum number of training epochs, see Table 3, are selected to perform 100 it
erations at each epoch, and accelerate the training process w.r.t the offline training case. The training status is indicated by the flag 
variable Trstate, which is 0 during online training, and 1 at the training completion. Trstate is used to activate the NNMPC cost 
function weight optimization, see Fig. 10. Hence, the neural network model becomes a digital twin of the system, receiving data 
from the real plant, and transmitting its updated parametrisation to the control system.
ii. The NNMPC cost function weight optimization block, where the updated FF-ANN serves as an updated plant model for opti
mizing WΔϑ̇ , WTem , and WTcorr of (14) and (15). The FF-ANN is used to this purpose, since during real-world controller operation the 
high-fidelity model of the main pool is obviously not available. The optimization is carried out for a representative set of tip-in tests, 
and is based on a dedicated auxiliary cost function Jopt , different from the one of the model predictive controller to directly consider 
the relevant indicators in their typical form, and an iterative numerical routine using the surrogateopt algorithm, according to the 
following formulation: 

Jopt = min
WNNMPC

(
Wopt,1VDVa∗x +Wopt,2RMSa∗x +Wopt,3Δvx +Wopt,4IACA+Wopt,5Δt,ax

)
(25) 

s.t.

WNNMPC,min ≤ WNNMPC ≤ WNNMPC,max (25b) 

where WNNMPC is the vector of the NNMPC cost function weights; WNNMPC,min and WNNMPC,max are the vectors including the weight 
bounds; and the terms in (25), defined according to [33] and [65,66], include: 

a. The fourth power vibration dose value, VDVa∗
x , which is related to the resulting comfort level: 

VDVa∗x =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∫T2

T1

a∗
x

4dt
4

√
√
√
√
√ (26) 

where a∗
x is the zero-mean value of ax, obtained by high-pass filtering the longitudinal acceleration; and T1 and T2 are the initial and 

final time instants of the relevant section of the manoeuvre. 

b. The root-mean square value of a∗
x, which is another comfort indicator: 

Table 3 
Parameters of the online FF-ANN re-training process.

Hyperparameter Value

Mini batch size n/100
Initial learning rate 0.005
Maximum number of epochs 400
Optimization algorithm Adam
Loss function MSE
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RMSa∗x =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

1
T2 − T1

∫T2

T1

a∗
x

2dt

√
√
√
√
√ (27) 

c. The anti-jerk control induced reduction, Δvx, of the longitudinal vehicle speed: 

Δvx = vx,passive(T2) − vx,active(T2) (28) 

where vx,passive(T2) and vx,active(T2) are the longitudinal speed values of the passive and controlled vehicles at the end of the manoeuvre. 

d. The time delay, Δt,ax , between the application of a step input in terms of EM torque request, and the subsequent achievement of a 
longitudinal vehicle acceleration level, ax,ref , arbitrarily set to 50% of the steady-state ax value for the passive vehicle. Δt,ax is a 
vehicle responsiveness indicator.
e. The integral of the absolute value of the control action, IACA, averaged with the relevant manoeuvre duration, which is a control 
effort indicator: 

IACA =
1

T2 − T1

∫T2

T1

|Tcorr|dt (29) 

The flag variable Optstate in Fig. 10 is 0 during the update process of the NN and control weights, and becomes 1 at the completion of 
the weight optimization. At the end of the process, within the NNMPC algorithm running in the main pool, the current NN parameters 
and weights are replaced with the respective updated values, and the routine is repeated every time RMSEy exceeds RMSEth.

5. Preliminary proof-of-concept results

5.1. Considered simulation use cases

To preliminarily assess the potential of the proposed proof-of-concept self-adaptive control architecture, the anti-jerk algorithms 
are evaluated along the following use cases, which are simulated with the experimentally validated model in Section 2.2: 

• Use case 1: performance comparison of the NNMPC, NMPC, and passive configurations, operating on the nominal plant, along a tip- 
in test with Tref raising from -3 to 60 Nm in 10 ms, from an initial vehicle speed of 30 km/h. In this analysis, the FF-ANN of the 
NNMPC implementation has already been trained for a comprehensive set of manoeuvres, and does not need any adaptation, while 
the controller cost function weights have been optimised offline, with a routine similar to the one in Section 4.

• Use case 2: analysis of the NNMPC adaptation capability to different operating conditions, represented by a tip-in from -3 to 120 
Nm, w.r.t. those in which the internal model has been initially trained offline, i.e., the nominal tip-in of use case 1, followed by a tip- 
out from 60 to -3 Nm, from approximately the same initial speed. Although such a very limited offline training – different from the 
comprehensive one of use case 1 – is sufficient for desirable NNMPC performance along the two considered manoeuvres used in the 
network training phase, the initial calibration of the algorithm cannot provide desirable results in the new testing conditions, which 
– instead – can be addressed through FF-ANN re-training. In this use case, to evaluate the potential benefit of the NNMPC adap
tation, the update is firstly implemented offline, i.e., by retraining the FF-ANN and optimizing the weights separately from the 
simulations, without the accelerated re-training parametrization in Table 3 w.r.t. the one in Table 2. The offline update is followed 
by simulations of the NNMPC using the initial and updated calibrations. Secondly, for preliminarily demonstrating the imple
mentation of the online update, i.e., during controller operation, use case 2 includes a manoeuvre consisting of a sequence of 
alternated tip-ins and tip-outs to/from the new torque value, i.e., 120 Nm. During the ongoing simulation, the parallel pool executes 
the concurrent online re-training of the network and the control weight optimization, according to the routine in Section 4. Once 
the parallel pool has transferred the new calibration parameters to the online NNMPC algorithm, the control system performance 
varies accordingly. At this stage, the tip-in simulation from -3 to 120 Nm is repeated, to compare the adaptation benefit brought by 
the online update w.r.t. the one of the offline routine, which should be the set-up providing the ideal update results.

• Use case 3: assessment of the NNMPC adaptation capability to varying vehicle parameters. The initial controller is based on an 
offline network calibration for the nominal EV configuration, along a portion (i.e., the initial 190 s) of the urban dynamometer 
driving schedule (UDDS, [58]). The assessment is carried out along the same driving cycle, while individually varying the following 
EV parameters: i) driveline backlash, i.e., α is incremented from 1 (nominal backlash parameter value referred to the wheel) to 2 
deg; ii) EM torque time constant, i.e., τem is increased from 2.2 to 30 ms; and iii) tyre parameters, i.e., the Pacejka tyre model 
parametrisation is switched from the nominal Tyre 1 to Tyre 2 in Fig. 3. This use case directly implements the online NNMPC 
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adaptation in the initial phase of the driving cycle simulation. The UDDS simulation for the updated controller is then repeated at 
the end of the process, to evaluate the resulting performance.

• Use case 4: evaluation of the controller auto-tuning capability for different vehicle application and operating conditions. In this 
case, the initial FF-ANN has received the same very limited training as in use case 2, i.e., the offline network training has been 
carried out for the same tip-in / tip-out to / from 60 Nm, and the nominal EV plant (a D-segment sports utility vehicle, SUV) in 
Section 2.2. The NNMPC is then simulated on a higher category EV (an E-segment SUV), with different geometric, inertial, 
aerodynamic, tyre, powertrain and driveline parameters, and the online adaptation process is implemented along the sequence of 
tip-ins and tip-outs of use case 2. At the end of the process, the -3 to 120 Nm tip-in from 30 km/h is carried out again, to highlight 
the adaptation benefits.

It must be pointed out that the proposed anti-jerk control architecture is based on the update of the same neural network 
throughout the vehicle life time, which is initiated based on the magnitude of the appropriately selected error variables, see Section 4. 
The adoption of different initial trainings of the neural network within the NNMPC algorithms of the considered use cases was only 
implemented with the purpose of highlighting the potential benefit of the proposed adaptation architecture through a limited set of 
preliminary simulations, and ensuring ease of readability.

Some of the following analyses also include the comparison of the proposed model predictive anti-jerk algorithms with a bench
marking tachometric anti-jerk controller, according to the formulation in [33], which is beyond – in terms of complexity and per
formance – the implementations normally adopted in production passenger cars.

5.2. Use case 1: controller comparison in nominal conditions

Fig. 11 reports the time profiles of the actual EM torque, Tem, and longitudinal vehicle acceleration, ax, for the passive EV, and the 
same EV controlled by the proposed NNMPC and the benchmarking NMPC and tachometric algorithms, while Table 4 includes the 
relevant KPIs, as well as the Jopt values. All controllers enhance comfort through the reduction of the longitudinal acceleration os
cillations, while limiting the Tref correction. W.r.t. the passive vehicle, NNMPC reduces VDVa∗

x and RMSa∗x by 41% and 60%. More 
importantly, compared to the NMPC case, the NNMPC algorithm brings 4% and 9% VDVa∗

x and RMSa∗
x reductions. Also, NNMPC re

duces Jopt by 45% w.r.t. the passive vehicle, and 4% and 6% w.r.t the NMPC and tachometric implementations. The better performance 
of the NNMPC implementation is caused by the more accurate prediction model w.r.t the simplified physics-based formulation of the 
NMPC algorithm, see Fig. 4.

During the analysis, it was observed that the NNMPC calibration of this use case, being based on a comprehensively tuned FF-ANN, 
tends to be more or equally robust w.r.t. the benchmarking tachometric controller and NMPC, in case of reasonable variations of the 

Fig. 11. Time domain results for use case 1, for the nominal EV parametrisation along the considered tip-in test: comparison of the passive EV with 
the same vehicle with the proposed NNMPC strategy, the benchmarking tachometric controller and NMPC anti-jerk algorithm.
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plant parameters, which confirms the potential of the proposed NNMPC algorithm. In this respect, dedicated simulations were carried 
out by including the effect of a motor torque ripple of significant magnitude, according to the formulation in [15], as well as high and 
purposely unfiltered signal noise on the wheel speed measurements, see the results in Fig. 12 and the KPIs in the bottom section of 
Table 4.

5.3. Use case 2: adaptation to different operating conditions

Fig. 13 presents the offline analysis conducted on the considered 120 Nm tip-in test, showing the potential effects of the NNMPC 
adaptation process. Subplots (a) report the ax profiles for each adaptation step, while the spider chart in Fig. 13(b) includes the 
respective KPIs. Although being substantially better than the passive configuration, which confirms the robustness of the baseline 
version of the controller, the EV with the nominal NNMPC is characterized by an evident overshoot following the swift torque increase. 
Such peak is significantly attenuated by the configuration with the updated neural network, and is absent once also the cost function 
weights are updated. Such observations are confirmed by the KPIs in Fig. 13(b), in which the fully updated configuration provides a 
remarkable improvement in Jopt , VDVa∗

x , and RMSa∗
x , without losing in terms of longitudinal acceleration performance, see the absence 

of degradation of Δvx and Δt,ax .

Table 4 
Use case 1: comparison of the relevant KPIs, where the bold fonts are used to indicate the configuration providing the best overall performance, 
measured by Jopt .

Controller VDVa∗
x [m/s1.75] RMSa∗

x 

[m/s2]
Δvx 

[km/h]
Δt,a 

[s]
IACA 
[Nm]

Jopt 

[-]

Without torque ripple and sensor signal noise
Passive vehicle 0.536 0.397 - 0.035 - 66.15
Tachometric 0.307 0.163 0.043 0.044 4.260 38.39
NMPC 0.322 0.167 0.021 0.038 2.851 37.33
NNMPC 0.308 0.152 0.042 0.038 3.238 35.97
With torque ripple and sensor signal noise
Passive vehicle 0.523 0.389 - 0.035 - 67.59
Tachometric 0.302 0.159 0.041 0.043 4.595 37.98
NMPC 0.301 0.159 0.025 0.041 3.528 36.73
NNMPC 0.300 0.148 0.042 0.042 3.772 35.88

Fig. 12. Time domain results for use case 1 in presence of torque ripple and wheel speed sensor noise, for the nominal EV parametrisation along the 
considered tip-in test: comparison of the passive EV with the same vehicle with the proposed NNMPC strategy, the benchmarking tachometric 
controller, and the benchmarking NMPC anti-jerk algorithm.
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Fig. 14(a), referring to the online NNMPC update, reports the EV speed profile during the considered sequence of tip-ins / tip-outs, 
with indication of the time values at which: i) the FF-ANN re-training is initiated by the ‘Condition check’ block in Fig. 1 and Fig. 10
(‘FF-ANN online training (start)’ in the plot); ii) the new network calibration is available (‘FF-ANN online training (end)’); and iii) the 
weight optimization is completed (‘Online weights optimization (end)’). For the selected tip-in test, Fig. 14(b) reports the KPI per
centage difference, Δind, associated with the online adaptation w.r.t the offline case, which is defined as: 

Δind =
indoff − indon

indoff
100 (31) 

where the notation ind, with ind = VDVa∗x , RMSa∗x , Δt,ax , IACA, and Jopt , refers to the considered indicator; and the subscripts ‘on’ and 
‘off’ refer to the KPI values after the online and offline adaptations. Interestingly, although the online updated FF-ANN presents a good 
match in terms of predicted accelerations w.r.t. the simulated plant, the NNMPC with the sole online adaptation of the network ex
periences ~5% and ~20% increments of VDVa∗x and RMSa∗

x w.r.t. the corresponding offline case. Actually, the resulting controller with 
the initial weights and online updated network provides worse performance than the nominal NNMPC in Fig. 11. However, once also 
the cost function weights are updated, the online adaptation provides excellent KPIs, which are summarized by the positive ~5% ΔJopt 

value, i.e., an improvement w.r.t. to the offline configuration. The different behaviour of the online and offline update cases is caused 
by the accelerated learning parametrisation of the online set-up, as well as the inevitable variability of the operating conditions of the 
EV, e.g., in terms of vehicle speed, during the online update process. Hence, the important preliminary conclusions from this use case 
are that: i) the online NNMPC update process is feasible and impactful; ii) to be effective, the online update must involve both the 
network and cost function weights.

5.4. Use case 3: adaptation to varying vehicle parameters

To identify the sensitivity of the vehicle response to the variation of the individual drivetrain and EV parameters, for the tip-in test 
of use case 1, Fig. 15 plots the ax profile for the passive EV, and the same vehicle controlled by the non-adaptive NNMPC with the 
network trained along the UDDS. For example, in the increased backlash case of Fig. 15(b), the initial tip-in response of both the 
passive and active cases exhibits a marginal delay w.r.t the nominal plant. The delay occurs because the larger backlash requires 
increased rotation of the transmission shaft before the mechanical contact and torque transmission occur, leading to a higher relative 
angular velocity at the gear tooth contact instant, and a higher initial ax peak.

Nonetheless, the active vehicle response with modified backlash remains rather aligned to that of the nominal plant, which is also 
the case for the modified tyre parametrization in Fig. 15(c), where the passive EV exhibits a lower initial ax peak and higher damping. 
The most significant controller performance degradation is observed for increased τem, see Fig. 15(d), in which – unlike the other cases 
– the nominal NNMPC fails to attenuate the initial ax oscillations. Therefore, the time profiles in Fig. 16 focus on the increased motor 
time constant scenario, while the KPI comparison, reported in Fig. 17, is shown for the individual variation of the three parameters, 

Fig. 13. Offline controller update of Use case 2. Comparison of the: (a) time domain results; and (b) KPIs, for the passive EV, and the same EV with: 
the NNMPC algorithm with the initial prediction model training (‘Nominal’); the NNMPC algorithm with the offline updated FF-ANN and nominal 
cost function weights (‘Neural network’); and the NNMPC with the offline updated FF-ANN and cost function weights (‘Neural network & weights’).
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with the KPIs being computed across the entire driving cycle.
In the example in Fig. 16, the online verification and training process is based on an RMSEy condition check that is carried out every 

60 s, by using data collected along the same time interval. Therefore, in Fig. 16(b), at t = 60 s, because of the internal model mismatch, 
RMSEy exceeds RMSEth, and the FF-ANN retraining starts by using the first 60 s of data samples. The network re-training is completed 
at ~115 s, see the flag variable Trstate in Fig. 16(c), while the subsequent weight optimization process ends at ~140 s, see the Optstate 
commutation in the same subplot. Hence, in the check at 180 s in Fig. 16(b), RMSEy, which is not re-calculated during the update 
process and thus is kept constant in the figure in the re-training and optimization phases, becomes lower than RMSEth, which confirms 
the successful FF-ANN adaptation. As shown by the ax profiles in Fig. 16(d) and the KPI comparison in Fig. 17, also in this use case the 
optimization of the NNMPC cost function weights is essential for exploiting the benefit of the adaptation process.

5.5. Use case 4: controller auto-tuning for different vehicle application and operating conditions

Fig. 18 illustrates the pulsating torque profile of the considered sequence of tip-ins / tip-outs along which the proof-of-concept 
online auto-tuning of the controller for the new vehicle application is preliminarily demonstrated. In this example, the RMSEy 
value is computed every 3 s, and, since it already exceeds RMSEth following the first tip-in and tip-out application, the FF-ANN update is 
initiated at 3 s, by using the new training dataset collected up to that point, see Fig. 18(a)-(b). The online training process is then 
completed at ~40 s, see the commutation of Trstate in Fig. 18(c), while the weight optimization finishes at ~80 s, as confirmed by the 
Optstate profile. As, following the re-training process, RMSEy remains below the threshold for the remainder of the simulation, indi
cating the successful adaptation to the new vehicle configuration, no further online training is requested to the parallel pool. The 
marginal variation in the loss function towards the end of the simulation can be attributed to the different vehicle conditions, e.g., in 
terms of vehicle speed, w.r.t. those of the online training. The longitudinal acceleration profiles in Fig. 18(d), referring to the three 
stages of the adaptation process, confirm that major benefits are achievable through the double adaptation routine.

Fig. 14. (a) Longitudinal speed profile along the online adaptation process; and (b) KPI percentage difference between the offline and online 
adaptations. ‘NN’: update of the sole neural network prediction model; ‘NN & w’: update of the neural network prediction model and optimization of 
the NNMPC cost function weights.
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5.6. Robust stability verification

An important feature of any controller is the capability of providing robust stability, which is usually referred to as the stability in 
presence of plant parameter variations. In case of a self-adaptive implementation like the one of this research, such property is even 
more relevant and complex to verify, since not only the plant, but also the controller itself, are characterised by parametric variations. 
In fact, in the specific architecture, both the NN parameters (i.e., the weights and biases) and controller cost function weights are 
subject to automated adaptations, when significant mismatches are detected by the online algorithm in Fig. 10. Moreover, to increase 
the challenge, for NMPC and NNMPC implementations, there is not an available theoretical methodology to formally verify control 
system stability in the design phase, e.g., see the stability discussion in [67].

As a consequence, in this proof-of-concept analysis, control system stability is verified through Monte Carlo simulations. Each 
Monte Carlo analysis includes 500 test scenarios, defined by a combination of parameter values randomly drawn from the respective 
distributions in Fig. 19, covering α, τem, Ckx (the reported values refer to the nominal vertical tyre load Fnom), and the initial vehicle 
speed vx,0 of the selected manoeuvre, i.e., a tip-in test with a final 60 Nm motor torque request. Two Monte Carlo analyses were 
implemented, for: i) the NNMPC calibration optimised for the nominal plant; and ii) an updated NNMPC calibration, resulting from the 
controller adaptation – in terms of its NN prediction model and cost function weights – to radically varied plant parameters, according 
to the Fig. 10 architecture. For example, for obtaining the controller setting in ii), the vehicle mass is increased by over 500 kg; the front 
and rear semi-wheelbases are varied by >10 cm, and the centre of gravity height is varied by ~30%, together with the aerodynamic 
drag coefficient and the vehicle frontal area; the drivetrain backlash size is doubled, and the torsional stiffness is increased by 10%; the 
torque time constant of the electric powertrain is increased by an order of magnitude, while the mass moment of inertia of the motor 
rotor is incremented by a factor 3, concurrently with a ~6% variation of the wheel mass moment of inertia; and the longitudinal tyre 
force characteristics are varied from those of Tyre 1 to those of Tyre 2 in Fig. 3. Within each of the two Monte Carlo analyses, neither 
the NN prediction model nor the controller settings are varied, while the plant model parametrisation is changed according to the 
Monte Carlo parameter distribution. The results were also generated for the Passive case, i.e., without anti-jerk controller, with the 
same parameter distributions.

The Monte Carlo results show that in both cases – with the nominal and updated controllers – the control system provides reliably 
stable behaviour, with swift drivetrain oscillation damping, and average VDVa∗x and RMSa∗

x values that are at least halved w.r.t. those of 
the corresponding passive EV configuration, and with a significantly reduced spread of the KPIs across the individual simulations, 
which is a sign of intrinsic control system robustness. The stability properties are also confirmed by the time profiles of the controller 
cost function during the Monte Carlo simulations, showing consistent convergence to zero according to the Lyapunov theory. The 

Fig 15. Time domain results along the tip-in test of use case 1, for the passive EV (‘Passive plant’), and the controlled EV with the non-adaptive 
NNMPC (‘Active plant’) for: (a) Nominal plant model; (b) Increased drivetrain backlash; (c) Different tyre parameters; and (d) Increased motor 
time constant.
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Fig 16. Use case 3 results: (a) Reference (vx,ref ) and actual (vx,act) EV speeds – the latter reported for the ‘NN & w’ configuration – along the UDDS, 
with the stars indicating the beginning of the FF-ANN re-training, the end of the network re-training, and the completion of the control weight 
optimization; (b) RMSEy and RMSEth profiles; (c) Trstate and Optstate profiles; and (d) ax profiles for the passive plant, and the same EV including the 
NNMPCs without adaptations (‘Nominal’), with the only FF-ANN adaptation (‘NN’), and with both the FF-ANN and cost function weight adaptation 
(‘NN & w’), for three UDDS sections.

Fig 17. VDVa∗x and RMSa∗x comparison for the parameter variations and online updates of use case 3 along the whole UDDS, where the subscript τem 

refers to the increased motor torque time constant, α to the increased backlash, and tyre to the different tyre characteristics. ‘Nominal’: NNMPCs 
without adaptations; ‘NN’: NNMPCs with the only FF-ANN adaptation; and ‘NN & w’: NNMPCs with both the FF-ANN and cost function weight 
adaptations.
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controller activates itself when the torsional drivetrain oscillations are initiated, and deactivates when these are appropriately damped. 
In conclusion, the Monte Carlo results confirm the robust stability of the self-adaptive controller, also in case of extreme adaptations. 
Future developments will target the integration of the verification of the stability aspects in the online adaptation architecture in 
Fig. 10.

5.7. Sensitivity to control parameters and proof-of-concept real-time implementability

Table 5 reports the sensitivity results to the size of the FF-ANN prediction model used by the NNMPC, i.e., the number of hidden 
layers and neurons are varied to identify the trade-off between resulting control system performance and complexity / computational 
load. The selected manoeuvres are the tip-in and tip-out to/from 60 Nm, with an initial vehicle speed of 30 km/h. The following FF- 
ANN architectures are considered: i) a configuration with two hidden layers with 16 neurons each, referred to as ‘16-16’ in the table; ii) 
a configuration with two hidden layers with 32 neurons each, indicated as ‘32-32’; and iii) a configuration, ‘32-64-32’, with three 
hidden layers with 32, 64, and 32 neurons. The offline learning set-up is the same for all network architectures. Each controller was 
individually calibrated with the cost function weight optimization routine in Section 4, applied to the tip-in test. For both manoeuvres 
and all controllers, including the benchmarking NMPC, the results are shown for: a) the simulated version of the algorithms (the so- 
called ‘controller simulation set-up’), with Ts = 1 ms; and b) the respective proof-of-concept real-time implementation (‘controller real- 
time set-up’) on a dSPACE MicroAutoBox III unit (1.4 GHz, 64 Mb flash memory, see Fig. 20). For the control configurations in b), Ts 
was selected to be the minimum possible to provide real-time capability also in the worst-case scenario (i.e., the one requiring the 
longest time to output the control action) in terms of turn-around time, which is the time required by the specific rapid control 
prototyping unit to generate the control input.

The following conclusions can be derived: 

• In the simulation set-up, the NNMPC implementations provide consistently better performance than the benchmarking NMPC 
operating at the same Ts (1 ms), with Jopt reductions exceeding 6.5% during the tip-in, and 7.5% during the tip-out.

• For a fixed and sufficiently low Ts, increasing the FF-ANN size tends to improve the results up to some extent, as confirmed by the 
16.5% and 6.4% Jopt reductions for the simulation set-up of ‘32-32’ w.r.t. the one of ‘16-16’, during the selected tip-in and tip-out. 

Fig. 18. Use case 4 results: (a) Tref profile along the sequence of tip-ins / tip-outs; (b) RMSEy and RMSEth profiles; (c) Trstate and Optstate profiles; and 
(d) Performance comparison of the passive plant, and the same EV including the NNMPCs before the adaptations (left), after the FF-ANN re-training 
(centre), and after the weight optimization (right).
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However, for Ts = 1 ms, the ‘32-64-32’ configuration provides slightly worse performance during the tip-in test, w.r.t. the ‘32-32’ 
case, while it manages to marginally improve the tip-out results, with a 2.1% Jopt reduction.

• In comparison with the simulation set-up, the real-time controller implementation requires an increase of Ts to ensure that this 
always exceeds the turn-around time. Since on the specific plant with very fast powertrain torque dynamics the performance is 
subject to an evident degradation with increasing Ts for all configurations, the selection of the complexity level of the FF-ANN 
architecture becomes more critical than in the simulation case. In fact, on the specific dSPACE unit, the NMPC anti-jerk 

Fig. 19. Parameter distributions of the implemented Monte Carlo analyses.

Table 5 
Sensitivity analysis to the variation of the FF-ANN size, along the nominal tip-in and tip-out tests from 30 km/h, where – within each section of the 
table – the bold fonts are used to indicate the configuration providing the best overall performance, measured by Jopt .

Controller FF-ANN set-up Ts [ms] VDVa∗
x [m/s1.75] RMSa∗

x [m/s2] Δvx [km/h] Δt,ax [s] IACA [Nm] Jopt [-] [WΔϑ̇ ,WTem ,WTcorr ]

Tip-in test; controller simulation set-up
Passive plant - 1 0.523 0.389 0 0.035 0 65.23 -
NMPC - 1 0.313 0.162 -5.3e-5 0.048 3.866 32.49 [1004.4, 0.4, 35]
NNMPC 16-16 1 0.292 0.151 0.041 0.052 2.440 30.41 [1075.8, 86.1, 130.3]
NNMPC 32-32 1 0.264 0.116 0.072 0.089 5.254 26.10 [564.3, 33.9, 0.001]
NNMPC 32-64-32 1 0.261 0.120 0.084 0.078 4.130 26.22 [1034.2, 25, 71.1]
Tip-in test; controller real-time set-up
NMPC - 2 0.384 0.237 -0.009 0.039 2.121 43.237 [632.2, 0.001, 205.5]
NNMPC 16-16 6 0.282 0.141 0.052 0.059 2.817 29.069 [919, 80.8, 27.8]
NNMPC 32-32 18 0.435 0.276 0.014 0.035 3.192 49.943 [1075.8, 24.8, 96.5]
NNMPC 32-64-32 66 0.551 0.427 -0.0014 0.036 1.063 70.509 [527.3, 61.8, 111.7]
Tip-out test; controller simulation set-up
Passive plant - 1 0.526 0.349 0 0.027 0 61.404 -
NMPC - 1 0.310 0.145 0.029 0.05 3.669 30.802 [1004.4, 0.4, 35]
NNMPC 16-16 1 0.289 0.136 0.009 0.054 2.350 28.658 [1075.8, 86.1, 130.3]
NNMPC 32-32 1 0.266 0.111 -0.243 0.485 13.015 26.934 [564.3, 33.9, 0.001]
NNMPC 32-64-32 1 0.271 0.121 0.014 0.08 2.858 26.381 [1034.2, 25, 71.1]
Tip-out test; controller real-time set-up
NMPC - 2 0.372 0.196 0.012 0.036 2.206 38.668 [632.2, 0.001, 205.5]
NNMPC 16-16 6 0.310 0.144 0.078 0.047 4.888 30.986 [919, 80.8, 27.8]
NNMPC 32-32 18 0.293 0.225 -0.003 0.036 8.842 38.214 [1075.8, 24.8, 96.5]
NNMPC 32-64-32 66 0.859 0.606 0.028 0.03 0.686 103.970 [527.3, 61.8, 111.7]

G. Frison et al.                                                                                                                                                                                                          Mechanism and Machine Theory 214 (2025) 106082 

22 



algorithm can run at 2 ms, while the NNMPCs corresponding to ‘16-16’, ‘32-32’, and ‘32-64-32’ respectively need time steps of 6, 
18, and 66 ms. Hence, the NNMPC with the network structure with 2 hidden layers of 16 neurons each provides the best per
formance, with 11.8% and 48.7% Jopt reductions in the tip-in w.r.t. to the simulation and real-time set-ups of the benchmarking 
NMPC, and 0.6% and 24.8% in the tip-out. This is the ultimate confirmation of the NNMPC potential for advanced driveline control.

In terms of the practical implementation of the online self-adaptations, in use cases 2-4, the update was carried out in a parallel pool 
w.r.t. the one running the main simulation, to highlight that the update process could be swiftly carried out on the same multi-core 
hardware as the one computing the real-time control inputs. In this respect, the idea could be to carry out a main comprehensive 
offline network training, like the one of use case 1, and then frequent online network mini-re-trainings, such as those of use cases 2-4, to 
keep the system up-to-date. Alternatively, more realistically for a short-term real EV implementation, the NNMPC algorithm and the 
FF-ANN adaptation / cost function weight optimization can be implemented on separate control units: i) a system dedicated to the real- 
time solution of the NNMPC OCP, and represented by the dSPACE unit in the proof-of-concept implementation of this section; and ii) 
an in-vehicle personal computer (PC), responsible for the periodic learning update of the relevant neural networks, and control weight 
optimization, independent from the online operation of the control algorithms. W.r.t. ii), in the preliminary assessment of this study, it 
was verified that by using the discussed Matlab/Simulink toolchain on a computer with 32 GB RAM, a 2.2 GHz Intel Core i9 processor, 
and a 1 TB solid-state drive, the tip-in based FF-ANN re-training and weight optimization of use case 2 take respectively 188 s and 157 
s, with the online parametrization of the learning process in Table 3. The same network re-training takes 1054 s if carried out with the 
offline learning parametrization in Table 2, while a comprehensive re-training based on the very broad data set of use case 1 takes 
11272 s, e.g., the controller could be updated while the vehicle is at rest. Such durations are all compatible with the proposed 
functionality, aiming to perform periodic updates, rather than continuous dynamic variations of the NNMPC set-up. The analysis of the 
practical vehicle implementation of the individualized anti-jerk control updates on a real vehicle platform will be a future development 
topic.

6. Conclusions

This proof-of-concept study introduced a novel self-adaptive neural network model predictive control (SA-NNMPC) algorithm for 
the anti-jerk control of electric vehicles with on-board electric powertrains. During vehicle operation, the strategy integrates a real- 
time update mechanism of both the neural network prediction model and cost function weights.

The preliminary simulations along tip-in / tip-out manoeuvres and driving cycles show that in nominal conditions, in absence of 
any adaptation, the neural network model more accurately replicates the nonlinear plant behaviour than the typical physics-based 
drivetrain dynamics formulation of the considered benchmarking NMPC implementation, leading to better controller performance, 
as confirmed by the lower values of the relevant key performance indicators. Also in absence of any adaptation, the NNMPC algorithm 
is able to manage reasonable parameter variations of the vehicle plant, still providing a benefit w.r.t. the NMPC configuration as well as 
a classical tachometric anti-jerk control implementation. The online self-adaptive architecture is effective in handling changes of 
different nature, as confirmed by the considered use cases, dealing with the variation of: i) the operating conditions w.r.t. those of the 
initial network training; ii) the main drivetrain and vehicle parameters; and iii) the whole vehicle altogether. An appropriately par
ameterised version of the NNMPC algorithm could run in real-time on the considered rapid control prototyping unit, still providing 
clear benefits w.r.t. both the simulation and real-time set-ups of the benchmarking NMPC strategy.

Future developments will focus on: i) the experimental implementation and assessment of the proposed NNMPC architecture, 

Fig. 20. Real-time implementation and operation of the proposed controllers on a dSPACE MicroAutoBox III unit.
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including its self-adaptation mechanism, on an electric vehicle demonstrator, along a wider range of conditions; and ii) the further 
development of the control structure, by using physics-informed neural network approaches in the prediction model, and including 
formal methodologies and online routines to ensure the robust stability of the adapted controller.
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