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a b s t r a c t
Hybrid electric vehicles (HEV) are nowadays proving to be one of the most promising technologies for the improvement of the fuel economy of several transportation segments. As far as the on-road category is concerned,
a wise selection of the powertrain design is needed to exploit the best energetic performance achievable by
a HEV. Amongst the methodologies developed for comparing diﬀerent hybrid architectures, global optimizers
have demonstrated the capability of leading to optimal design solutions at the expense of a relevant computational burden. In the present paper, an innovative deep neural networks-based model for the prediction of
tank-to-wheel carbon dioxide emissions as estimated by a Dynamic Programming (DP) algorithm is presented.
The model consists of a pipeline of neural networks aimed at catching the correlations lying between the design parameters of a HEV architecture and the main outcomes of the DP, namely powertrain feasibility and tail
pipe CO2 emissions. Moreover, an automatic search tool (AST) has been developed for tuning the main hyperparameters of the networks. Interesting results have been registered by applying the pipeline to three databases
related to three diﬀerent HEV parallel architectures. The capability of the pipeline has been proved through an
extensive testing campaign made up by multiple experiments. Classiﬁcation performances above 91% as well as
average regression errors below 1% have been achieved during an extensive set of simulations. The presented
model could hence be considered as an eﬀective tool for supporting HEV design optimization phases.
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1. Introduction

A typical macro-discrimination is made between classiﬁcation and
regression-aimed ML algorithms [17]. Brieﬂy, classiﬁcation algorithms
are employed to predict a class the processed inputs belong to, whereas
regression algorithms are used to predict numerical values. Beyond their
capability of predicting a class or a ﬁgure, ML algorithms can be further
divided into two sub-branches: supervised learning and unsupervised
learning [18] algorithms. As far as supervised learning algorithms are
concerned, “labelled data” have to be available within the input dataset:
labelled data consist of data for which the class/value to be predicted
is a priori known. In fact, the algorithm is trained to understand the
connections between the inputs and the outputs so as to replicate them
for new and unknown data. On the other hand, unsupervised learning
algorithms use “unlabelled data” as they are trained to catch the patterns
underneath the data and use them to intercept the trend inputs.
Regarding the CO2 prediction task for HEVs, the choice of a global
optimizer would guarantee the estimation of optimal outputs for each
of the tested layouts. Labelled data would be available, resulting in a
supervised approach problem.
Since the numerical correlations between the layouts’ speciﬁcations
(i.e. the inputs) and the global optimizer’s results (i.e. the outputs) are
expected to be highly non-linear [19], Neural Networks (NNs) have been
selected as the most promising solution for the considered prediction
task. NNs are a sub-family of ML algorithms and are considered as particularly advantageous when complex prediction problems are targeted
[20]. Common features are the layered structure, a variable number of
nodes for each computational layer and a recursive approach that is of
paramount importance in the learning process [21]. Concerning the NNs
algorithm, the authors chose to resort to Deep-NNs algorithm (DNNs) as
the latter proved to possess a greater learning potential due to their deep
layered structure [22,23,24]. In fact, the term “Deep” refers to the wide
number of layers in the net itself.
An innovative exploitation of DNN is proposed in the present paper.
The latter mainly diﬀers from the literature solutions where neural networks are basically used to monitor real-time vehicle performances and
to dictate a proper control strategy. As a matter of fact, the potentials
of a learning DNNs-based Predictive Model (DNNs-PM) when applied to
the optimization task of HEVs design parameters through the prediction
of tank-to-wheel CO2 emissions are presented in the paper. More specifically, the developed method could be easily implemented within the
design operations of HEV ﬂeets and could represent a fast and reliable
way to identify possible optimal design parameters combinations with
respect to a foreseen driving mission.
A single VL (i.e. only one MS is performed) is generated by means
of a Design of Experiment (DoE) approach [25] for three diﬀerent HEV
parallel architectures and processed by a DP algorithm. Once the simulations are completed, a dataset comprising the layout speciﬁcations is
generated for each architecture and fed into the DNNs-PM. At this stage,
two steps are performed by the model: ﬁrst, the discrimination between
feasible/unfeasible layouts (i.e. a classiﬁcation task) is carried out; then,
the prediction of the tank-to-wheel CO2 emissions of the admissible layouts (i.e. regression task) is performed. In order to obtain a dual nature
prediction, a two-DNN pipeline has been developed.

The increasing need for reducing pollutants and greenhouse gases
emissions from road transportation systems has tailored the research
of the last few years towards new technologies, such as battery electric vehicles (BEVs), fuel-cells electric vehicles (FCEVs) and hybrid electric vehicles (HEVs) [1]. Even though BEVs and FCEVs show promising results in terms of fuel economy, few but critical limitations arise:
BEVs are still not capable of guaranteeing an electric range comparable
with the driving range of a fuel-propelled vehicle due to battery limitations [2] and are typically characterized by higher initial costs caused
by the current components’ markets prices [3]; FCEVs are still in the
early development stages, at least in the transportation ﬁeld [4] and
consistent improvements are needed regarding safe on-board hydrogen
storage systems and recharging infrastructures [5]. On the other hand,
HEVs have demonstrated their capabilities in eﬀectively reducing fuel
consumption-related CO2 and pollutant emissions [6], while providing
reliable driving ranges. Moreover, the HEVs penetration in the market
is increasing through time thanks to a good compromise between retail
prices, total cost of ownership [7], independency from an incomplete
recharging infrastructure and on-board safety [8].
Diﬀerent HEV architectures have been studied and discussed in the
literature, such as series, parallel and complex series/parallel architectures [9,10]. Brieﬂy, any architecture is characterized by a given position of the electric machine/s in the powertrain and a customized connection between the electric and thermal energy sources. Furthermore,
any HEV architecture is also characterized by diﬀerent design speciﬁcations (e.g., engine sizing, electric motors’ power and battery capacity,
etc.). For the sake of clarity, the term “HEV layout” (or simply “layout”)
is hereafter used to address to any HEV conﬁguration for which the main
components’ sizes have been deﬁned.
The necessity of deﬁning a proper methodology for the comparison of very diﬀerent HEV layouts hence arises. A widely used ﬁrst step
is that of discriminating between the three above-mentioned HEV architectures in order to reduce the design domain. Therefore, assumptions have to be made about the HEV Energy Management System
(EMS), i.e. the algorithm (or set of algorithms) that coordinates and
controls the propellers operation during the vehicle use [11,12]. Several methodologies have been developed in the last years and can be
classiﬁed in three main categories: heuristic algorithms, static optimizers and global optimizers [13]. The performance of the diﬀerent EMSs
can be compared by means of two parameters: computational burden
(CB) and results accuracy (RA). Heuristic controllers (i.e. rule-based
strategies and fuzzy logics) are characterized by the lowest CB and
RA [14]. Static optimizers, such as the Equivalent Consumption Minimization Strategy (ECMS) [15], show intermediate CB and RA. Finally,
global optimizers, such as Dynamic Programming (DP) [16] and Pontryagin’s Minimum Principle (PMP) [6], achieve the highest possible RA
by identifying the optimal control strategy at the expense of the most
expensive CB.
From an optimal design perspective, once the HEV architecture is deﬁned, a global optimizer is typically selected as the most promising EMS
thanks to its capability of exploiting the optimal energetic performance
achievable by a HEV layout. Such an algorithm allows for properly comparing diﬀerent HEV layouts at their best and would have to be run
through a wide range of design parameters. Given the high CB of such
massive set of simulations (MS), a learning algorithm could therefore be
trained to grasp the correlations between the layout speciﬁcations (i.e.
design parameters) and the global optimizer’s outputs. Thanks to this
approach, fewer simulations could be performed, drastically reducing
the CB still preserving the RA.
A promising family of algorithms with the capability of learning from
a data set is classiﬁed as Machine Learning (ML). ML algorithms are
a branch of the Artiﬁcial Intelligence (AI) framework as they usually
encompass automatic computing procedures that learn a task from a set
of samples without being explicitly programmed [16].

2. Vehicle model and control logic
In the current section, the low-throughput models adopted for reproducing the three HEVs parallel architectures are presented together
with the formulation of the EMS. Finally, a thorough description of the
datasets is provided.
2.1. HEV model
In the present paper, three HEV parallel architectures featuring only
one electric machine have been analysed, namely P2, P3 and P4. The
just mentioned architectures, and their related design parameters, are
derived from a reference heavy-duty vehicle for which an experimental
3
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Fig. 1. P2, P3 and P4 parallel hybrid architectures.

campaign was conducted in the context of an industrial partnership. It
is worth noticing that this choice has been driven by the amount of experimental data that were otherwise not possible to retrieve. Still, the
versatility of the method allows for a simple transfer to other HEV design
optimizations, such as those related to passenger-cars. A schematic view
of the diﬀerent hybrid conﬁgurations is proposed in Fig. 1. For the sake
of clarity, the electric machines involved in the present study are considered capable of providing traction to the vehicle as well as of allowing
for the battery recharging during regenerative braking phases. Hence,
the electric machines will be referred as motors/generators (MGs).
In the P2 conﬁguration, the MG is placed in between the Internal
Combustion Engine (ICE) and the gearbox; the connection between the
MG and the ICE shaft is achieved considering a Torque Coupling device (TC). The disengagement of both the ICE and the MG is realized
thanks to the use of two clutches (c1 and c2): during pure electric operating modes, c1 is engaged and c2 is disengaged whereas the inverse
engagement is used during pure thermal operating modes. In the P3
conﬁguration, the MG is connected to the main shaft through a TC positioned on the gearbox output shaft; the same system of clutches of the
P2 conﬁguration is used to disengage the ICE or the MG in the P3 architecture. Diﬀerently from the P2 and P3 conﬁgurations, in the P4 one, the
MG drives a separate axle with respect to the one powered by the ICE.
Finally, a Front Final Drive (FDf) is deﬁned for the three architectures
whereas a Rear Final Drive (FDr) is considered in the P4 conﬁguration.
The operating modes of each above-mentioned parallel architecture
can be classiﬁed as follows [6]:
•

•

•

•

The mathematical formulation of the HEV model is derived from a
quasi-static backward-facing modelling approach: the power to be delivered by the on-board energy sources is derived from the total power
demand imposed by the driving mission considering the selected powersplit levels [7]. The choice of such a simpliﬁed HEV model has been
forced by the necessity of running multiple simulations embedding a
computationally-heavy HEV control strategy (i.e. DP, see Section 2.3).
Anyhow, no inﬂuence on the consistency of the proposed method for
the prediction of CO2 emissions through DNNs arises by the level of the
HEV model complexity.
Once the power required to the vehicle is estimated, the torque to be
exerted by the transmission 𝑇𝑜𝑢𝑡 is computed, resulting in the following
formulation:
(
)
𝑇𝑜𝑢𝑡 = 𝐹𝑟𝑜𝑙𝑙 + 𝐹𝑟𝑜𝑎𝑑 + 𝐹𝑎𝑒𝑟𝑜 + 𝑚𝑣𝑒ℎ ⋅ 𝑎 ⋅ 𝑟𝑤ℎ𝑒𝑒𝑙
(1)
where 𝐹𝑟𝑜𝑙𝑙 , 𝐹𝑟𝑜𝑎𝑑 and 𝐹𝑎𝑒𝑟𝑜 contribute to the resistive load and are the
rolling resistance, the resistive force coming from the road slope, and
the aerodynamic drag, respectively, 𝑚𝑣𝑒ℎ represents the vehicle mass, 𝑎
represents the acceleration imposed to the vehicle and ﬁnally 𝑟𝑤ℎ𝑒𝑒𝑙 is
the wheel eﬀective radius.
For a given GN, the angular speeds of both ICE and MG can be computed as they are directly linked to the vehicle velocity [6]. Therefore,
the output torque 𝑇𝑜𝑢𝑡 of the two power components can be computed
ensuring the torque balance:
𝑇𝑜𝑢𝑡 = 𝑇𝐼𝐶𝐸 ⋅ 𝛼𝐼𝐶𝐸 ⋅ 𝜏𝐼𝐶𝐸 ⋅ 𝜂𝜏𝐼𝐶𝐸 + 𝑇𝑀𝐺 ⋅ 𝛼𝑀𝐺 ⋅ 𝜏𝑀𝐺 ⋅ 𝜂𝜏𝑀𝐺

(2)

where 𝜏 and 𝜂 are the gear ratios and the relative gear eﬃciencies, respectively; 𝛼𝑀𝐺 represents the fraction of the torque outputted by the
MG (𝑇𝑀𝐺 ) with respect to the total torque required by the vehicle 𝑇𝑜𝑢𝑡 ,
and ﬁnally 𝛼𝐼𝐶𝐸 represents the fraction of the torque outputted by the
ICE (𝑇𝐼𝐶𝐸 ) with respect to 𝑇𝑜𝑢𝑡 .
So as to simulate the response of the HEV propulsion systems (i.e.
ICE, MG and battery) to the torque and speeds requirements, three main
sub-models are built. The ICE is modelled by means of an empirically
derived 2D look-up table which relates the fuel consumption to the
ICE speed and torque. The maximum load curves, which are function
of the ICE speed, are intrinsically embedded in the just mentioned 2D
look-up table. The details about the reference ICE are protected by non-

Pure Electric (PE) mode: the driver’s power demand is met by the
MG alone (the ICE is oﬀ); regenerative breaking is included in the
category.
Pure Thermal (PT) mode: the driver’s power demand is met by the
ICE alone (the MG is oﬀ).
Power Split (PS) mode: the driver’s power demand is met synergically by the ICE and the MG.
Battery Charging (BC) mode: the ICE output power is higher than
the power required to move the vehicle so that the exceeding power
could be used to recharge the battery as the MG is employed as generator during a traction a phase.
4

C. Maino, D. Misul, A. Di Mauro et al.

Energy and AI 5 (2021) 100073

Where 𝐼𝑑𝑖𝑠,𝑚𝑎𝑥 is the maximum current admitted in discharge (measured
in 𝐴) and 𝐶𝑏𝑎𝑡𝑡 is the battery capacity (measured in 𝐴ℎ).

disclosure agreements and could therefore not be presented. Anyhow,
the validity of the proposed method is not compromised since the reference data are only employed to properly scale the look-up tables when
variations in ICE design occur.
At the end of the simulation, the tank-to-wheel CO2 emissions in
𝑔∕𝑘𝑚 can be obtained through:
CO2 =

𝑘 ⋅ 𝐹𝐶
𝑑

•

𝐶𝑟𝑎𝑡𝑒,𝑐ℎ𝑎𝑟 =

where 𝑑 represents the total distance covered in 𝑘𝑚, FC is the cumulative
fuel consumption in 𝑔 and 𝑘 is a conversion factor [26].
Regarding the MG, the energy losses occurring during the power
conversion from the electric to the mechanical form (and vice versa)
are modelled by means of an empirically derived 2D eﬃciency map
function of the MG speed and torque in traction. As for the ICE, the
maximum torque curve admitted is intrinsically embedded in the 2D
eﬃciency map. For regeneration, the MG eﬃciency map and full load
curve are considered to be symmetrical. About the battery sub-model,
an equivalent open circuit model is employed considering experimentally derived open circuit voltage and internal resistance as functions of
the battery State of Charge (SoC) [27]. The battery power output 𝑃𝑏𝑎𝑡𝑡
can be computed adopting the following formulation:
𝜂𝑀𝐺

1
𝑠𝑖𝑔𝑛(𝛼𝑀𝐺 ⋅𝑇𝑀𝐺 )

𝐼𝑏𝑎𝑡
⋅ 𝑑𝑡
𝐶𝑏𝑎𝑡

A hybrid powertrain requires an EMS to manage the operations of
the on-board multiple power sources (i.e. battery, MG and ICE). The DP
has been selected as the most promising global optimizer for the present
research as it proved to be the most eﬀective algorithm to be adopted
when a fair comparison of the best energetic performances is required
for diﬀerent HEVs.
Once the driving mission is chosen and discretized by means of a
given time step (in this paper, 1 second has been selected), the DP is
used to assess for the optimal control trajectory based on a user-deﬁned
objective function (also called cost function) [19,30]. According to the
algorithmic procedure, the cost function is computed for any possible
combination of discretized control and state variables at each discrete
time instant, starting from the last one and going backwardly to the ﬁrst
one. The control variables coordinate the actions that could be realized
by the controller, whereas the state variables completely describe the
state of the vehicle.
Three inputs have to be deﬁned so that the DP could perform the
desired computations: the state variables space 𝑋 (i.e. the set of state
variables), the control variables space 𝑈 (i.e. the set of control variables), and the objective function 𝐽 . In the present research, they have
been deﬁned as follows:
}
{
}
{
𝑆𝑜𝐶
#𝑔𝑒𝑎𝑟
𝑋=
,𝑈 =
(8)
𝐸𝑆
𝛼
(
)
𝐽 = min 𝐶 𝑂2 ∝ min(𝐹 𝐶 )

(5)

2.2. Database deﬁnition
The learning algorithm that is presented in the next sections relies
upon an input set of features that are thought to be meaningful and
informative about the phenomenon to be predicted (i.e. the CO2 emissions).
Considering the HEV model presented in Section 2.1, eight design
parameters have been chosen as the most informative features about
the CO2 estimates resulting from the simulation of a HEV layout for a
given driving mission:
•
•

•

•

•

•

Engine displacement (EngDispl): displacement of the ICE in 𝑙.
Motor/generator peak power (MGPower): power of the MG in 𝑘𝑊 .
Power-to-energy ratio (PEratio): ratio between the MG peak power
and the maximum energy storable in the battery pack measured in
𝑊 ∕𝑊 ℎ.
Front ﬁnal drive speed ratio (FDfSpRatio): transmission ratio at the
front ﬁnal drive.
Rear ﬁnal drive speed ratio (FDrSpRatio): transmission ratio at the
rear ﬁnal drive. It assumes positive values only for the P4 architecture since the MG is connected on the rear axle. Therefore, it is null
for P2 and P3 architectures.
Motor/generator speed ratio (MGSpRatio): transmission ratio at the
TC level. It assumes positive values for both P2 and P3 architectures
since the MG is coupled to the ICE shaft through the TC. It is null for
P4 architectures.
Discharge C-rate (CrateDis): it is deﬁned as:
𝐶𝑟𝑎𝑡𝑒,𝑑𝑖𝑠 =

𝐼𝑑𝑖𝑠,𝑚𝑎𝑥
𝐶𝑏𝑎𝑡𝑡

(7)

2.3. Dynamic programming

Where 𝑆𝑜𝐶𝑡 is the battery SoC at time 𝑡, 𝑆𝑜𝐶𝑡−1 is the battery SoC for
the previous time instant, 𝐼𝑏𝑎𝑡 is the current intensity delivered by the
battery pack, and, ﬁnally, 𝐶𝑏𝑎𝑡 is the battery capacity.

•

𝐶𝑏𝑎𝑡𝑡

(4)

where 𝜔𝑀𝐺 is the speed of the MG, 𝑇𝑀𝐺 is the MG output torque and
𝜂𝑀𝐺 is the eﬃciency of the MG. If the MG is used as motor 𝛼𝑀𝐺 is positive so 𝜂𝑀𝐺 divides the right-hand side, vice versa the latter is multiplied
by 𝜂𝑀𝐺 if the MG is employed as motor (i.e. negative 𝛼𝑀𝐺 values). The
variation of the battery SoC is also evaluated using the aforementioned
equivalent open circuit model.
𝑆 𝑜𝐶𝑡 = 𝑆 𝑜𝐶𝑡−1 − ∫

𝐼𝑐ℎ𝑎𝑟,𝑚𝑎𝑥

Where 𝐼𝑑𝑖𝑠,𝑚𝑎𝑥 is the maximum current admitted during charge mode
(measured in 𝐴).
Even if the values assumed by each design parameter have to be consistent with real HEV applications, a spread range of values can be exploited within a design optimization operation. In the present research
activity, the values of the design parameters related to each layout in the
VL have been generated by means of a DoE technique, namely the Sobol
sequence [28]. Thanks to the latter, once the lower and upper threshold of the existing range are deﬁned along with the desired amount of
points (i.e. the number of layouts to be produced), the VL is automatically built through a space ﬁlling approach based on the generation of a
quasi-random sequence using primitive polynomials [29]. In the present
research, 1500 samples (i.e. diﬀerent HEV layouts) have been generated
for each HEV architecture presented in Section 2.1.

(3)

𝑃𝑏𝑎𝑡𝑡 = 𝜔𝑀𝐺 ⋅ 𝑇𝑀𝐺 ⋅

Charge C-rate (CrateChar): it is deﬁned as:

where the battery SoC and the Engine State (ES) are representative of the
state variables whereas the gear numbers #𝑔𝑒𝑎𝑟 and the power-split levels 𝛼 are representative of the control variables; the objective function
has been set as the 𝐶 𝑂2 , which is a direct function of the fuel consumed
during the driving mission. According to the necessity of creating a grid
of values to be managed by the DP, the battery SoC is deﬁned by means
of a set of discretized SoC levels whereas the ES is considered as a binary
variable (i.e. ICE on/oﬀ). Similarly, #𝑔𝑒𝑎𝑟 represents the set of possible
gear numbers and is composed by integer values in [1, 𝑁𝐺𝑁 ] range,
where 𝑁𝐺𝑁 is the total number of gears admissible. Contrarily, despite
the power split levels 𝛼 should correctly be represented by any real number (i.e. theoretically inﬁnite ICE-MG power combination), only a ﬁnite
amount of levels have been evaluated in order to restrain the CB.
Moreover, two additional constraints are imposed to the optimization algorithm:
𝑣𝑣𝑒ℎ = 𝑣𝑡𝑎𝑟𝑔𝑒𝑡
{
𝑆 𝑜𝐶𝑒𝑛𝑑 = 𝑆 𝑜𝐶𝑠𝑡𝑎𝑟𝑡 ± 𝑡𝑜𝑙𝑒𝑟𝑎𝑛𝑐𝑒
0.4 ≤ 𝑆𝑜𝐶 ≤ 0.8

(6)
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Table 1
Extract of the P4 dataset.
Example[#]

EngDispl[l]

MGPower[kW]

PERatio[W/Wh]

FDfSpRatio[-]

FDrSpRatio[-]

CrateDis[1/h]

CrateCh[1/h]

CO2 [g/km]

1
2
…
1500

2.62
3.92
…
3.94

106
113
…
52

5.1
5.1
…
29.3

4.14
4.58
…
4.69

14.80
10.48
…
10.44

8.8
8.0
…
6.3

9.3
8.0
…
11.5

377.1
389.4
…
10000.0

where 𝑆𝑜𝐶𝑒𝑛𝑑 and 𝑆𝑜𝐶𝑠𝑡𝑎𝑟𝑡 are the SoC at the battery SoC at the end
and at the start of the driving mission, respectively, 𝑣𝑣𝑒ℎ represents the
real vehicle velocity whereas 𝑣𝑡𝑎𝑟𝑔𝑒𝑡 represents the cycle-imposed velocity. It is worth noticing that a tolerance (1e-5) around the ﬁnal SoC
value has been taken into account so that numerical approximation operations could not aﬀect the feasibility of a given control trajectory.
Anyhow, the ﬁnal SoC constraint has been imposed so that a satisfying battery charge sustaining strategy could be guaranteed throughout the driving missions [13]. Finally, the velocity constraint ensures a
complete match between the considered cycle-imposed velocity and the
vehicle one.
If any of the constraints described by Eq. (9) is not fulﬁlled, the simulation is stopped and the corresponding HEV conﬁguration is deﬁned
as non-acceptable (i.e. unfeasible). Such an event can occur at two moments: in a pre-simulation phase [6] or during the DP backward run. In
the pre-simulation phase, the entire set of calculations about the power
and speed required at any stage of the driveline for any combination
of GN and 𝛼 is performed. At this step, the impossibility of satisfying
the road requirements in one or more time steps could be discovered.
Such a condition is deﬁned “pre-simulation unfeasibility”. Within a presimulation feasibility check, the maximum power levels demanded by
the driving mission at each discretized time step are checked upon.
Such a process would diﬀer from the ‘unfeasibility’ deriving from tailored and user-deﬁned maximum power requests to the vehicle. In order to comply with such diﬀerent constraints, an index for the vehicle
performance request should be better deﬁned and the whole procedure
presented in the paper could be hence repeated assigning the analysed
HEV layouts with a score corresponding to the performance index. If
no pre-simulation unfeasibility is detected (i.e. the velocity required by
the road can be fully matched), the ﬁrst constraint of Eq. (9) is fulﬁlled and the DP simulation can begin. At this stage, the backward set
of calculation begins and the optimal control trajectory is progressively
built. The second constraint of Eq. (9) (i.e. the battery SoC constraints)
is veriﬁed during the DP computations at each time step. Before reaching the initial time step, the battery SoC could have dropped below or
risen above the imposed SoC window (i.e. 40% at minimum and 80%
at maximum); moreover, once the initial time step has been reached,
the speciﬁed tolerance could be exceeded. If one of the two SoC checks
is failed, the simulation is stopped and a “SoC unfeasibility” is found.
Any HEV layout leading to an unfeasibility is stored as an unfeasible
layout. Such layouts will be considered as the opposite to the “feasible”
one, which represent those HEV conﬁgurations leading to a successful
simulation.
In Table 1, as an example, an extract of the database obtained at the
end of the MS and used for the prediction of the P4-related emissions
is reported. It is constituted by 1500 entries (number of rows) and 8
features (number of columns), the latter comprising 7 features for the
design parameters (columns 2nd to 8th of Table 1) and 1 feature for
the CO2 emissions related to the DP-based optimal control strategy (9th
column of Table 1). It is worth observing that the same structure layout
applies for the datasets of the P2 and P3 architectures. As from the last
row of Table 1, a CO2 emission value equal to 10000.0 𝑔∕𝑘𝑚 might
arises: such a value is assigned by the DP to the unfeasible layouts as a
warning. It represents a purely numeric value, and it has been chosen
by the authors to avoid misleading results that could aﬀect the training
process of the DNNs-PM. In fact, the expected results are far below this
value, thus the unfeasible layouts can be easily spotted.

3. Deep neural networks for CO2 prediction
The approach used for the prediction of the DP-based CO2 emissions
is made up of a couple of steps: ﬁrst, the feasibility/unfeasibility of a
speciﬁc HEV layout, and then the CO2 estimate for the only layouts
considered as feasible. For such a reason, both macro-implementations
of a ML algorithm have been involved in the study, namely classiﬁcation
and regression.
After the description of the model overall logic, a set of preprocessing operations aimed at preparing a suitable dataset for the algorithms training is presented. Particularly, two steps are examined: targets deﬁnition and dataset normalization; ﬁnally, the dataset should be
split into smaller sets, distinguishing from training, validation and test
samples.
3.1. From the database deﬁnition to the CO2 regression
Once the general dataset has been successfully extracted, the preprocessing set of operations begins followed by the model training
phase; then, the model validation occurs in order to verify the eﬀectiveness of the neural networks; ﬁnally, the model is considered as ready to
be test on unknown data. The dual nature prediction task is performed
under a two-steps procedure:
1 Assessment of the HEV layout feasibility: a Classiﬁcation Deep Neural Network (cDNN) is used to predict whether a speciﬁc layout is
capable of completing the cycle or not (feasible/unfeasible layout).
2 Prediction of the CO2 emissions: a Regression Deep Neural Network
(rDNN) is used to predict the CO2 emitted by the feasible layouts.
The formulation of the DNNs-PM can be written as:
(
)
𝐹 = 𝑓 𝐷𝑒𝑠𝑃 𝑎𝑟𝑠, 𝜃𝑐
(
)
{
𝐶 = 𝑓 𝐷𝑒𝑠𝑃 𝑎𝑟𝑠(𝐹 ), 𝜃𝑟

(10)

Where 𝐹 represent the set of feasible HEV layouts to be considered for
the regression task, 𝐷𝑒𝑠𝑃 𝑎𝑟𝑠 represents the layouts’ set of design parameters, 𝐶 are the CO2 emissions predicted by the model while 𝜃𝑐 and
𝜃𝑟 represent the set of network structural and algorithmic parameters
for the cDNN and rDNN, respectively.
The workﬂow of the DNNs-PM is summarized in Fig. 2. After a preprocessing operation aimed at manipulating the data so as to make them
interpretable by the DNNs, the ﬁrst network to be trained is the cDNN.
During the learning process, an Automatic Search Tool (AST) is employed to select the most eﬀective combination of network’s parameters.
Once the feasible layouts are identiﬁed and the unfeasible ones are discarded (i.e. ﬁltering procedure), the database is ready to be employed in
rDNN’s development. The rDNN learning process can ﬁnally take place
with the support of the AST and the CO2 prediction can occur.
3.2. Data management and normalization techniques
A ﬁrst distinction is to be made when referring to the target’s nature
of the cDNN and rDNN. In the regression task performed by the rDNN, no
action has been performed on the values of the CO2 column of Table 1 as
the rDNN is asked to predict the exact CO2 estimates. Contrarily, given
that the cDNN is supposed to perform a classiﬁcation, categorical targets
are needed instead of numerical targets, both for training and prediction
6
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•
•

𝑥̄ is the average of the considered feature.
𝑠𝑡𝑑(𝑥) is the standard deviation of the considered feature.

Thanks to the standardization of the input dataset, the entire set of
descriptive features of the dataset vary in the same order of magnitude.
The input dataset can actually be split into smaller datasets, namely
training-set, validation-set, and test-set. The larger share of data is
selected as training-set and processed during the training phase by
the DNNs to catch the inputs/outputs correlations. Then, two smaller
sets are generated: the former is employed to validate the DNNs (i.e.
validation-set) during validation procedures aimed at deﬁning the best
possible networks’ parameters combination; the latter (i.e. test-set) is
employed to test the network on new and unknown data.
Within the present research, the training, validation, and test sets
have been selected in a stochastic manner so that any DNN behaviour
would not be biased by speciﬁc data splits. Particularly, the numerosity
of the whole training and validation set has been deﬁned as a consequence of a tuneable network parameter, namely Train-to-Test (t/t) ratio. The latter is typically considered too strongly aﬀect the model performance as it modiﬁes the number of data available during the training,
validation and test phases [23].
3.3. Multi-stage deep neural network model
A distinction is to be made regarding the parameters of the neural networks considered in the present study: weights, ﬁxed-parameters
and hyper-parameters. The weights have been considered as the parameters involved in the computation of the activation functions and are
autonomously tuned during the training process (speciﬁcally during the
back-propagation phase [18]). The ﬁxed-parameters have been considered as the features or the numeric parameters to be a priori deﬁned by
the user before the training process of the networks begins: in the present
work, the values of the ﬁxed parameters have been chosen after several
attempts in ﬁnding the optimum time/accuracy trade-oﬀ [35] and kept
unchanged for the entire set of analyses (the description and investigation of these parameters is beyond the scope of this study and the
related investigations are not presented in this paper). The list of ﬁxedparameters is presented in Table 2. Finally, the hyper-parameters have
been considered as the networks’ features to be tuned during the training
process by means of a dedicated tool (AST); given the diﬀerent nature
of the DNNs involved in the pipeline, diﬀerent sets of hyper-parameters
have been considered for the cDNN and rDNN and will be detailed in
the following sections. For the sake of completeness, the simulations
presented in the paper have been performed on a 2.4GHz CPU-12GB
RAM personal computer.

Fig. 2. Workﬂow of the DNNs-PM.

purposes. To this end, the CO2 column is replaced by another one, featured by the same amount of points and deﬁned as:
𝐿𝑎𝑏𝑒𝑙𝑠 = {

1 𝑖𝑓 CO2 ≠ 10000
0 𝑖𝑓 CO2 = 10000

(11)

Once again, the value “10000” is an intentionally out-of-scale ﬁctitious value assigned to the unfeasible layouts to clearly distinguish them
from the feasible ones.
Another important consideration has been made about the values
assumed by the design parameters. The seven descriptive features, as
it can be noticed in Table 1, show diﬀerent order of magnitudes since
they represent diﬀerent physical quantities. From a numerical perspective, such a condition can lead to ineﬃcient training processes as the
network predictions could be learnt only through the features characterized by larger values [31,32]. An eﬀective and fast solution is the
normalization the of whole dataset. This procedure is usually accomplished by substituting each entry of the dataset with an equivalent one
using a relation which is able to enforce the same range of variation for
all the features, preserving simultaneously their informative potential
[33,34]. To avoid unbalanced distributions of data in the normalized
dataset, “standardization” is chosen as normalization technique. All the
dataset features are then modiﬁed as follows:
𝑥 − 𝑥̄
𝑥̃ 𝑖 = 𝑖
, 𝑖 = 1…𝑁
(12)
𝑠𝑡𝑑 (𝑥)

3.4. Performance index of the cDNN
As far as the classiﬁcation task of the cDNN is concerned, a binary
classiﬁcation (i.e. each example belongs to one of the two available
classes) has to be performed. In the present work, the classiﬁcation network index used to evaluate the cDNN performance is the Matthews
Correlation Coeﬃcient (MCC). The latter is considered as one of the
best “single-number” performance indexes, deriving directly from the
associated Confusion Matrix (CM) [36]. The MCC can be computed as:
𝑀𝐶𝐶 = √

•

(13)

Where:
•
•
•

where:
•

𝑇𝑃 ∗ 𝑇𝑁 − 𝐹𝑃 ∗ 𝐹𝑁
(𝑇 𝑃 + 𝐹 𝑃 )(𝑇 𝑃 + 𝐹 𝑁 )(𝑇 𝑁 + 𝐹 𝑃 )(𝑇 𝑁 + 𝐹 𝑁 )

•

𝑥̃ 𝑖 is the i-th layout’s feature after normalization.
𝑥𝑖 is the i-th layout’s feature before normalization.

TP are the true positives.
TN are the true negatives.
FP are the false positives.
FN are the false negatives.

The MCC ranges from -1 (the model is in complete opposition with
respect to the observations) to 1 (perfect classiﬁcation); in the case of
7
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Table 2
Fixed-parameters for the cDNN and the rDNN.
Fixed-parameter

cDNN

rDNN

Number of epochs
Activation function (internal layers)
Activation function (output layer)
Learning algorithm
Standardization method

250
ReLU
Sigmoid
Adam
Batch-Normalization

100
ReLU
Linear
Adam
Batch-Normalization & Drop-Out

•

null MCC, the model is considered to produce random predictions. Along
with the MCC, the associated Confusion-Matrix is also considered for an
even more complete evaluation.

•
•
•

3.5. Performance index of the rDNN

The number of neurons featuring the hidden layers should also be
considered as an additional hyper-parameter to be tuned. Nevertheless,
such a value has been computed through the following equation in order
to bound the hyperparameters’ space:

Since the rDNN is intended to replicate the results of the DP algorithm, the widely used Coeﬃcient of Determination (CoD) R2 is selected
to monitor the ﬁtting goodness of the DNNs-PM predictions with respect
to DP-based targets [37]. The CoD is calculated through:
𝑆 𝑆𝑟𝑒𝑠
𝑅2 = 1 −
𝑆 𝑆𝑡𝑜𝑡

𝐿1
(16)
2(𝑖−1)
where 𝐿𝑖 is the i-th hidden layer’s number of neurons, and 𝐿1 is the number of neurons of the ﬁrst hidden layer. The resulting hyper-parameters’
space is therefore a 5-dimensional one. Notice that the range in which
each hyper-parameter varies is user-deﬁned. Moreover, even though
some of them (e.g. learning rate and L2 regularizing parameter) could
theoretically exhibit a continuous distribution (i.e. inﬁnite number of
points in the variation range) a ﬁxed number of points is considered in
this study. Each axis of the space, namely each hyper-parameter range
of variation, is divided into 3 equal sectors. Such a procedure generates
35 (243) sub-spaces. The logic is characterized by 4 steps:
𝐿𝑖 =

(14)

With:
•
•
•
•
•

∑
𝑆 𝑆𝑡𝑜𝑡 = 𝑖 (𝑦𝑖 − ȳ )2
∑
𝑆 𝑆𝑟𝑒𝑠 = (𝑦𝑖 − 𝑓𝑖 )2
𝑖

ȳ : target values average
𝑦𝑖 : true value
𝑓𝑖 : predicted value

The CoD ranges from inﬁnitely negative number to 1: a baseline
model predicting the average value of the distribution exhibits a null
R2 ; a perfect ﬁt of the model scores an R2 equal to 1, while negative
values typically account for models worse than the baseline one [38].
Moreover, the Root Mean Squared Error (RMSE) is also monitored
throughout the simulations as it is selected to be the loss-function of the
rDNN. The RMSE is calculated through:
√
)2
∑ (
2
𝑖 𝑓𝑖 − 𝑦𝑖
𝑅𝑀𝑆𝐸 =
(15)
𝑛

1 A Random-Search in the whole hyper-parameters’ space with a userdeﬁned number of trials.
2 An 8-fold Cross-Validation (Section 3.6) of each trials. Whenever a
trial is found to exhibit an MCC higher than a threshold value of 0.95,
the sub-space in which the related hyper-parameters’ combination is
located is selected for the second step. If less than three sub-spaces
are selected, the best three are chosen.
3 A Random-Search (same number of trials as the ﬁrst step) in each
selected sub-space.
4 An 8-fold Cross-Validation of each trials. The trial showing the
higher MCC is considered as the best hyper-parameters’ combination and chosen as the ﬁnal one.

where 𝑛 is the number of total predictions. Notice that the RMSE is expressed in 𝑔∕𝑘𝑚 since these latter are the units of both target and predicted values. The RMSE values range from 0 (perfect predictions) to
inﬁnitely large values (predictions inﬁnitely distant from target values).

3.6.2. Selection of the rDNN hyper-parameters
A slightly diﬀerent set of hyper-parameters has been considered for
the tuning operation of the rDNN:

3.6. Automatic search tool
It is now possible to introduce the AST procedure employed to select
the best hyper-parameters’ combination. Each tested hyper-parameters’
combination is referred hereafter as “trial”. Particularly, several combinations of hyper-parameters are randomly selected (i.e. Random-Search)
and their performance are assessed for using an 8-fold Cross-Validation.
Brieﬂy, the dataset resulting from the merging between the training
and validation sets is split into 8 sub-sets, alternatively treated as the
validation-set. The task-speciﬁc performance index resulting from the
average of the 8 validation splits is considered as the desired performance for the entire trial. In this manner, the same importance is given
to each validation split, leading to a more robust estimation of the real
performances of a given trial. The performances are then compared
using a task-speciﬁc algorithm and the most promising set of hyperparameters is selected.

•
•
•
•
•

Learning rate: logarithmic distribution with base 10.
Number of hidden layers.
Neurons at ﬁrst layer.
Batch size: logarithmic distribution with base 2.
Type of weights initialization: choosing between Glorot uniform,
Glorot normal, Random uniform, Random normal and truncated normal.

Once again, the number of neurons involved in the hidden layers
is computed through Eq. (16). The tuning procedure of the AST is performed beginning with a Random-Search during which the R2 value
is monitored. The R2 value is the result of the 8-fold Cross-Validation
(Section 3.6). Whenever a trial shows an R2 higher than a threshold
value of 0.75, a second veriﬁcation step is activated:
1 If any hyper-parameters combination has still been selected, the
value of the loss function (RMSE, Section 3.5) obtained at the end
of the Cross-Validation is stored and the combination is temporarily
selected as the best one.

3.6.1. Selection of the cDNN hyper-parameters
The cDNN hyper-parameters considered for the tuning operation are:
•

Number of hidden layers.
Neurons at ﬁrst layer.
L2 regularizer parameter: logarithmic distribution with base 10.
Batch size: logarithmic distribution with base 2.

Learning rate: logarithmic variation with base 10.
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Fig. 3. World Harmonized Vehicle Cycle
(WHVC) velocity proﬁle.

Table 3
Main speciﬁcations of the baseline vehicle and its main
components.

the comparison on diﬀerent datasets is mandatory to highlight the real
generalization capability of the model when tested under various conditions.
The outcomes of 46 independent simulations (28 simulations for the
cDNN and 18 for the pipeline) have been post-processed in order to
evaluate the realistic potentials of the DNNs-PM and are presented in the
next sections. First, the assessment of the cDNN performance is achieved
by a preliminary simulation with a ﬁxed t/t split so as to verify the network consistency of the learning process. Then, the results obtained by
24 simulations are presented in order to thoroughly analyse the performance variation of the model when changes into the training-set’s numerosity are introduced: multiple tests (6) are performed so as to evaluate the generalization performance of the model under several random
training, validation and test sets (Section 3.2) for 4 t/t ratios (60-40, 7030, 80-20 and 90-10). Consistently, no bias in the model learning process
is introduced. Once the evaluation of the model robustness is completed
for a single HEV architecture, a comparison of the results produced by
the model when applied to the three architectures’ datasets (i.e. P2, P3
and P4 alternatively) is carried out under slightly diﬀerent conditions. In
fact, for such comparison the hyper-parameters’ space has been enlarged
and the number of trials (i.e. the number of tested hyper-parameters’
combinations) has been increased. In this manner, the cDNN is allowed
to deeply search in a wider numerical space increasing the probability
of detecting an optimal hyper-parameters setup. The latter operation is
made possible by the automatic search tool presented in Section 3.6.
A single trial has been performed with a ﬁxed t/t ratio comparing the
MCC over the three architectures. As far as the performance of the entire pipeline are concerned, the assessment of its prediction capability
is presented through the results of 18 simulations carried out over the
P2, P3 and P4 datasets alternatively (i.e. 6 tests for each architecture).
As a ﬁnal step, a detailed analysis of cDNN misclassiﬁed false positive
layouts has been performed and presented to the reader.

Vehicle
Vehicle class
Vehicle weight [kg]
Number of wheels [#]

Heavy-duty
7500
6

ICE
Displacement [L]
Rated Power [kW]
Maximum Torque [Nm]

4.5
150
800 @ 1400 RPM

MG
Rated Power [kW]
Maximum Torque in traction [Nm]
Maximum Torque in braking [Nm]

125
300
-300

2 If a hyper-parameters combination has already been selected, a new
combination can force the already selected combination out only in
case of a lower value of the loss function.
Through the AST procedure for the rDNN, a combination is not selected unless the threshold R2 value is reached; it is therefore possible
that no combination is selected at the end of the tuning process. For
such conditions, the AST procedure is repeated searching for a suitable
combination of hyper-parameters: a new random-search is started and
hence followed by steps 1 and 2.
4. Results
The DNNs-PM pipeline has been applied to the prediction of both
HEV layout feasibility (classiﬁcation task) and tank-to-wheel CO2 emissions (regression task) identiﬁed by the DP for a heavy-duty vehicle. The
main speciﬁcations of the baseline vehicle used for modelling the HEV
parallel architectures are reported in Table 3 whereas the driving cycle
velocity proﬁle of the World Harmonized Vehicle Cycle considered for
the DP optimization is illustrated in Fig. 3. For the sake of clarity, additional information about the ICE and the MG were not presented for
both for conﬁdentiality reasons and because not relevant for the target
of the present research.
The performance of the DNNs-PM has been evaluated following two
steps: the evaluation of the eﬀective model learning capability over the
dataset of the P4 architecture, namely P4-dataset, and the comparison
of the model generalization capability when tested to diﬀerent HEV architectures (i.e. P2 and P3). Such an evaluation approach has been ﬁrst
applied to the cDNN stand-alone, then it has been extended to the entire pipeline. The study of the results produced on a single dataset is
thought to be useful for understanding the DNNs operation, whereas

4.1. Investigation on the cDNN performance
As a ﬁrst step, the consistency of the cDNN’s learning process is assessed. Particularly, the learning curves (i.e. the trend of the performance index during the training phase) are analysed so as to ensure the
absence of overﬁtting or biased behaviours.
Recalling Section 3.2, a random selection of the training, validation
and test sets is asked to the DNN before entering the training process,
in order to avoid a biased network operation caused by a ﬁxed split.
Consistently, a diversiﬁcation of the simulation setup is ensured to the
DNNs-PM and an unbiased behaviour is promoted.
Within this section, the results produced by one simulation performed with the cDNN on the P4-dataset is presented as a qualitative
example of the cDNN achievable outcomes. Twenty hyper-parameters’
combinations are included for each random search and cross validation
9
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Table 4
Setup of the investigation on the cDNN performance.
Hyper-parameter
Learning rate
Hidden Layers
Neurons ﬁrst hidden layer
L2 regularizer
Batch size

Table 5
Speciﬁcations of the experiments with the cDNN.
# of
simulations

Number of samples [#]

t/t ratio [%]

Training-set

Validation-set

Test-set

60/40
70/30
80/20
90/10

6
6
6
6

788
919
1050
1181

112
131
150
169

600
450
300
150

Range of variation [-]
0.0002 – 0.02
1–4
130 – 230
0.003 – 0.3
16 – 128

Dataset split

Number of samples [#]

Training
Validation
Testing

1050
150
300

split, namely the one that is found to achieve the highest MCC at the
last training epoch. Promising results are highlighted by cDNN as the
MCC increases along with the training epochs. The increasing trend of
the learning curves is considered as a symptom of an healthy learning
process, not aﬀected by overﬁtting [39]. On the other hand, no warnings are shown by the curves noise, which can be considered as a direct consequence of the stochastic learning algorithm and of the batchnormalization technique (Section 3.3). From the noise perspective, the
blue curve is clearly the most aﬀected one: such a condition can be directly linked to the restricted number of layouts used for the model validation (i.e. validation-set of the best performing split). Consistently, the
noise is smoothed-out by averaging the MCC on any split (green curve).
In addition, the complete CM for the P4 test-set is shown in Fig. 4(b),
which reports the exact number of true positives, true negatives, false
positives and false negatives. Given 1500 layouts in the P4-dataset and
a 80-20 t/t ratio, 300 units are involved in the test-set. As a matter of
fact, the sum of the CM outputs is equal to the test set size. An additional
check of the robust performance of the cDNN is given by the test-set MCC
computation through Eq. 13 (Section 3.4), resulting in 82.92%. Such a
value is aligned with the ﬁnal value of the average MCC trend (Fig. 4(a),
green curve) proving the validity of the cross-validation performance
prediction with respect to new and unknown data.
At this stage, the model generalization capability is evaluated based
on the results obtained by 24 simulations in which changes into the
training-set’s numerosity are introduced by considering 4 t/t ratios (6040, 70-30, 80-20 and 90-10). Multiple tests (6) are performed for each
t/t ratio. In Table 5, a description of the datasets numerosity for the different t/t ratios is reported. The hyper-parameters’ space and the number of examined hyper-parameters’ combinations are kept the same as
for the previous simulation, as well as the number of training epochs.
The main results obtained at the end of the 24 simulations are presented in Table 6. The actual MCC index resulting for each t/t ratio is
reported for each trial along with the MCC average value (avg) and the
standard deviation (std). A direct proportionality between classiﬁcation
performances and training-set’s size arises: the MCC average value increases as the training-set is enlarged. Such a result can be considered
as the most coherent outcome of a robust learning process. Consistently
with the stochastic nature of the training set selection performed by the
cDNN, not a ﬁxed MCC is found for each trial, but a restrained standard
value is highlighted. It is worth noticing that the 80/20 and 90/10 t/t
ratios produce larger ﬂuctuations with respect to the 60/40 and 70/30
ratios. This can be mainly linked to the reduced numerosity of the testset: as the latter lowers, the relative inﬂuence of the single test prediction
with respect to the overall prediction process increases; this ﬁnally results in more evident performance deﬁciencies/peaks throughout simulations in case strong discrepancies between training-set and test-set are
found

Fig. 4. MCC trend (a) and test-set’s CM (b) for the P4-dataset simulation.

step of the abovementioned automatic search tool; 250 epochs are employed for the training phase and the t/t ratio is set to 80-20 (i.e. the
fraction of training and validation samples with respect to the entire
dataset numerosity is 80%). Notice that, due to the presence of the 8-fold
cross-validation, the Train-to-Validation (t/v) ratio is 7-1. The complete
set-up for the simulation is resumed in Table 4.
Two indices have been accounted for to monitor the cDNN performances through diﬀerent trials: the MCC (see Section 3.4) and the testset CM, which are presented in Fig. 4. The MCC (Fig. 4(a)) is monitored
throughout the training phase (i.e. red curve) and for each split considered in the cross-validation procedure. Then, the average MCC trend
is calculated for the cross-validation splits (i.e. green curve) and compared with the MCC trend of the best performing split (i.e. blue curve).
For the sake of clarity, notice that the latter is tracing the cDNN’s performance throuhgout the training process over one of the 8 validation

4.2. Application of cDNN to diﬀerent HEV architectures
Within this section, the results obtained by a diﬀerent analysis aimed
at highlighting the cDNN capability of producing accurate predictions
when tested over diﬀerent architectures’ (i.e. P2, P3 and P4 alternatively) are presented.
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Table 6
Main results of the cDNN on the P4-dataset.
t/t ratio [%]

I [%]

II [%]

III [%]

IV [%]

V [%]

VI [%]

avg [%]

std [%]

60/40
70/30
80/20
90/10

81.88
82.08
82.92
85.79

82.13
86.34
82.22
78.79

76.46
81.59
87.22
80.36

82.21
76.82
85.09
84.50

79.69
81.63
84.39
88.79

76.45
81.62
75.01
85.80

79.80
81.68
82.81
84.01

2.33
2.55
3.55
3.16

Table 7
Setup for the comparison of the cDNN performance over
diﬀerent HEV architectures.
Hyper-parameter

Range of variation [-]

Learning rate
Hidden Layers
Neurons ﬁrst hidden layer
L2 regularizer
Batch size

0.00001 – 0.1
1 – 15
20 – 300
0.0001 – 0.09
16 – 516

Dataset portion

Number of samples [#]

Training
Validation
Testing

1181
169
150

Table 9
Setup of the investigation on the pipeline performance.
Hyper-parameter

Range of variation [-]

Learning rate
Hidden Layers
Neurons ﬁrst hidden layer
Batch size
Drop-out
Weights initialization

0.002 – 0.1
1–6
30 – 80
8 – 64
0 – 0.5
Xavier, random, truncated normal

Table 8
Comparison of the MCC
obtained by the cDNN
for the three compared
datasets.
Architecture

MCC [%]

P2
P3
P4

96.98
92.40
91.51

Recalling Section 4, the authors chose to increase the number of
trials and enlarge the hyper-parameters’ space. Given that no a priori
assumptions can be made about the eﬀectiveness of the optimal hyperparameters’ combination found for the P4 architecture on diﬀerent architectures, extending the number of realizable hyper-parameters’ combinations to a larger extent can be considered so as to increase the probability of spotting an optimal (or near optimal) hyper-parameters’ combination for each architecture. For the just mentioned reasons, an increase
in the overall performance is expected.
For the present analysis, the t/t ratio has been set to 90/10 since
it was found to be beneﬁcial from the cDNN outcomes discussed in
Section 4.1. The complete setup for the analysis is described in Table 7.
The results of the comparison between the three architectures are resumed in Table 8. Notice these latter are the result of one simulation for
each dataset (i.e. P2, P3 and P4 alternatively). The expected increase in
the classiﬁcation performance is clearly conﬁrmed. Particularly to the
P4-dataset, the obtained MCC is 91.51%, showing an increase of more
than 2.7% with respect to the maximum MCC registered in Table 6 for
the same t/t ratio. Anyhow, the cDNN performances on the classiﬁcation of feasible P2 and P3 layouts are found to outperform the best performances found for the P4 dataset. In fact, the MCC obtained for the
P2 and P3 datasets are roughly 97% and 92%, respectively. This phenomenon however has not been deepened in this study and could be
grounds for future research. It is anyway believed to be related to the
stochastic nature of the NNs.

Fig. 5. Regression task performance indeces trend: R-square for the trainingset (red line); R-square for the validation-set (green line); loss function for the
training-set (blue line); loss function for the validation-set (orange line). The
black arrows indicate the reference axis. (For interpretation of the colors in this
ﬁgure legend, the reader is referred to the web version of this article.)

P4-datasets is performed. The generalization capability is hence evaluated comparing the outcomes on the P2, P3 and P4 datasets.
The rDNN is thought to be responsible for predicting the CO2 of
the only HEV layouts positively passing through the cDNN classiﬁcation ﬁlter. Therefore, it is worth observing that the numerosity of the
datasets inputted into the rDNN and the cDNN can diﬀer. In fact, the
amount of data read by the rDNN is equal to the amount of feasible
samples outputted by the cDNN. However, the DNNs-PM is required to
control the number of samples used to train and test the rDNN in order
to avoid heavy discrepancies on the regression task between multiple
tests. Therefore, preserving the feasible-to-unfeasible layouts proportion
is required to the rDNN. For the present investigation, a two-to-one proportion has been guaranteed for each HEV dataset.
As for the cDNN, 6 tests are performed keeping the t/t ratio ﬁxed
at 90/10 over the P4-dataset; the hyper-parameters’ setup used for the
rDNN is resumed in Table 9.
Once again, two indices are monitored throughout the analysis,
namely the RMSE (i.e. the loss function of the regression task) and the
R2 value (Section 3.6.2). The trend of the two performance indicators
through increasing number of epochs are referred to as rDNN’s learning
curves; these latter are reported in Fig. 5 for one of the 6 simulations as
an example case.

4.3. Investigation of the pipeline performance
Once the robustness of the cDNN has been assessed for, the performance of the entire pipeline can be veriﬁed. Particularly, a ﬁrst in-depth
analysis of the results produced by the DNNs-PM when applied to the
11
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Table 10
Main results of the rDNN on the P4-dataset.
Ê

I
II
III
IV
V
VI
avg
std

Max E

min E

Abs[g∕km]

Rel[%]

Abs[g∕km]

Rel[%]

Abs[g∕km]

Rel[%]

2.11
0.92
1.49
4.12
1.28
0.78
1.78
1.13

1
<1
<1
1
<1
<1
<1
<1

9.39
4.67
7.43
11.48
7.88
3.13
7.33
2.78

2
1
2
3
2
1
2
1

0.03
0.01
0.03
0.15
0.00
0.01
0.04
0.05

<1
<1
<1
<1
<1
<1
<1
<1

The same considerations made for the classiﬁcation task-related
learning curves (Section 4.1) can be fortunately applied to the regression ones: the increasing trend of the R2 index, both for training (red
curve) and for validation sets (green curve), as well as the decreasing
trend of loss function (blue and orange curves), are a promising sign of
an eﬀective, overﬁtting-free, learning process [39].
The CO2 emissions predictions and target values (i.e. the DP-labelled
outputs of the test-set) are reported in Fig. 6 for all simulations. The
regression Average Errors (Ê), Maximum Errors (Max E) and Minimum
Errors (min E) obtained are summarized in Table 10; it is worth noticing
that relative errors of “<1” are referring to relative errors below 0.5%. As
for the cDNN, the performance indexes are reported for each simulation
along with the average value and the standard deviation.
The CO2 emissions predicted by the pipeline are considered as comparable with respect to the target ones as an overall average relative
error under 0.5% (Table 10) arises. Interestingly, the worst prediction
(4th simulation) leads to a restrained average relative error, equal to 1%.
Finally, the relative errors of the CO2 predictions are shown in Fig. 7
for each test case. Few relevant outliers are found through the six simulations, a symptom of the rDNN robustness when several tests are considered. Particularly, the overall maximum absolute error is 3% (4th simulation). Notice ﬁnally that no particular trend is found concerning the
relative error dimensions. This can be considered proof of the absence
of biased behaviour towards speciﬁc category of layouts.
As ﬁnal step, a further test is conducted by applying the entire
pipeline to the P2 and P3 datasets using the same t/t ratio (i.e. 90/10):
12 simulations (6 for each dataset) have been performed and their relative R2 value and RMSE are reported in Table 11 together with the
average, maximum and minimum errors. It is worth highlighting that
the results concerning the P4-dataset are the same as those presented in
Table 10. The relative errors falling very close to zero are reported as
“<1”. Robust performances can be observed for each of the tested HEV
architecture. As far as the ∆ is concerned, very small errors arise regardless of the HEV architecture as the maximum relative discrepancy
is detected at 1 %. On the other hand, despite the ﬂuctuations of the
Max E are more pronounced, the maximum relative discrepancy never
exceeds 4% (P2 and P3 datasets). At the same time, the min E are also
very close to zero as quasi-perfect predictions are attained.
The highest R2 is achieved when the DNNs-PM is applied to the P4dataset; nevertheless, the indexes ∆, Max E and min E show larger values
than the corresponding ones featuring the P2 and the P3 datasets. Given
that the RMSE is considered as a more reliable index to assess for the
real discrepancies between the predictions and target values, the performance of the entire pipeline can be evaluated as consistent with those
produced by the cDNN on the P2 and P3 datasets.

R2 [-]

RMSE[g∕km]

0.923
0.988
0.972
0.672
0.963
0.989
0.918
0.112

2.50
1.25
1.77
4.61
1.93
1.06
2.19
1.18

rectly classiﬁed as feasible) or false negatives (i.e. feasible layouts that
are incorrectly classiﬁed as unfeasible). Regarding the latter, the only
consequence for the present application would be the avoidance of the
CO2 prediction for few layouts. Such a scenario would not be dramatic
from a design perspective since no misleading results could be produced
and post-processed. Contrarily, a false positive layout could aﬀect the
data post-processing: if an unfeasible layout is classiﬁed as feasible, a
completely unrealistic CO2 prediction would occur.
This said, a ﬁnal analysis has been carried out in order to evaluate
the rDNN behavior in case of a cDNN misclassiﬁcation which leads to
a given amount of false positive layouts. The cDNN false positive classiﬁcations resulting from the 18 simulations of Section 4.3 have been
extracted and fed to the rDNN; the CO2 emissions values predicted by
the rDNN for those layouts are reported in Table 12 in increasing order.
The minimum predicted CO2 values related to the true positive layouts
are reported in the table for convenience: given that the minimum emissions are considered as a guidance for a design optimization procedure,
monitoring that the predicted CO2 values of the false positive layouts
do not fall below the minimum of the true positive ones is mandatory.
The results show that 86 unfeasible layouts out of 2700 total layouts
(of which roughly 900 are unfeasible) are incorrectly marked as feasible,
that is 3.1% (roughly 9.6% of the unfeasible layouts); moreover, only
2 layouts out of the 86 misclassiﬁed unfeasible layouts (2.3%) show a
predicted CO2 value under the minimum predicted one. In Table 12,
they are denoted with an asterisk. Overall, the false positive layouts
for which a CO2 value is lower than the minimum true positive-related
CO2 value amount to the 0.07% of the total analysed layouts (roughly
the 0.22% of the total unfeasible layouts). Since the identiﬁcation of the
minimum emissions region is typically preferred to the actual minimum
emission value, the behaviour of the DNNs-PM in case of false positive
layouts is considered as a promising outcome for the present application.
4.5. DNNs-PM for HEV design optimizations
As a last step, the discussion of the DNNs-PM integration within a
possible design operation for HEV ﬂeets is presented. Speciﬁcally, the
tool capability of spotting realistic regions within the design space featured by low CO2 emissions is assessed for with respect to the results
achieved by the DP algorithm. Assessing for a good response of the
DNNs-PM would turn into the conﬁrmation of the possibility to involve
the model within a real-world energy-oriented design optimization for
HEVs.
For the sake of conciseness, the main outcomes produced by the
DNNs-PM when applied to the P3 architecture alone are accounted for.
In Fig. 8, the CO2 emissions levels obtained for the layouts from the
testing set (see Table 7) are depicted both for estimation through DP
and DNNs-PM. More speciﬁcally, the CO2 emissions of Fig. 8-a(1) and
Fig. 8-a(2) are referring to the design domain of EngDispl and MGPower
whereas EngDispl and PEratio are employed to represent the CO2 surfaces
in Fig. 8-b(1) and Fig. 8-b(2). It is worth highlighting that the authors’
choice of representing the CO2 emissions with respect to EngDispl, MGPower, PEratio is arbitrary and is meant to exemplify the logic. Hence,

4.4. False positives
Even if a perfect prediction is considered as the ideal scenario, a
restrained error has to be assumed even for very performing neural networks. Within a classiﬁcation task, the prediction error can turn into
the generation of false positives (i.e. unfeasible layouts that are incor12
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Fig. 6. Predicted emissions (in orange) and DP-computed emissions (in blue) for the six simulations. (For interpretation of the colors in this ﬁgure legend, the reader
is referred to the web version of this article.)
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Table 11
Comparison of the main results obtained by the entire pipeline for the three datasets.
R2 value [-]
Dataset
P2
P3
P4

I

II

III

IV

V

VI

avg

std

0.911
0.937
0.923

0.536
0.947
0.988

0.788
0.719
0.972

0.806
0.955
0.672

0.879
0.879
0.963

0.716
0.953
0.989

0.773
0.899
0.918

0.114
0.078
0.112

RMSE [g/km]
Dataset
P2
P3
P4

I

II

III

IV

V

VI

avg

std

0.81
0.84
2.50

1.36
0.93
1.25

1.17
1.33
1.77

1.00
0.75
4.61

1.14
1.11
1.93

1.45
0.77
1.06

1.16
0.95
2.19

0.21
0.21
1.18

Ê [g/km - %]
Dataset
P2
P3
P4

I

II

III

IV

V

VI

avg

std

0.55 - <1
0.59 - <1
2.11 - 1

1.05 - <1
0.64 - <1
0.92 - <1

0.77 / <1
0.99 / <1
1.49 / <1

0.68 / <1
0.56 / <1
4.12 / 1

0.72 / <1
0.92 / <1
1.28 / <1

1.13 / <1
0.54 / <1
0.78 / <1

0.82 / <1
0.71 / <1
1.78 / <1

0.19 / <1
0.17 / <1
1.05 / <1

Max E [g/km - %]
Dataset
P2
P3
P4

I

II

III

IV

V

VI

avg

std

4.36 - 1
2.83 - 1
9.39 - 2

15.14 - 4
4.72 - 1
4.67 - 1

12.60 - 4
13.79 - 4
7.43 - 2

5.47 - 2
2.83 - 1
11.48 - 3

5.55 - 2
2.38 - 1
7.88 - 2

7.31 - 2
3.20 - 1
3.13 - 1

8.41 - 3
4.96 - 2
7.33 - 2

3.73 - 1
3.72 - 1
2.58 - 1

min E [g/km - %]
Dataset
P2
P3
P4

I

II

III

IV

V

VI

avg

std

0.00 - <1
0.01 - <1
0.03 - <1

0.01 - <1
0.03 - <1
0.01 - <1

0.00 - <1
0.01 - <1
0.03 - <1

0.01 - <1
0.00 - <1
0.15 - <1

0.01 - <1
0.06 - <1
0.00 - <1

0.00 - <1
0.00 - <1
0.01 - <1

0.01 - <1
0.02 - <1
0.04 - <1

0.01 - <1
0.02 - <1
0.05 - <1

Table 12
CO2 prediction related to the false positive layouts for the three datasets.
P2-dataset
CO2,min [g/km]
CO2
[g/km]

I

II

III

IV

V

VI

331.62
338.93
365.86
-

331.53
-

331.97
338.28
-

332.19
346.66
362.53
441.07
-

331.52
345.11
349.64
377.57
400.52
-

330.13
342.37
343.44
349.68
351.10
357.13
369.83
396.27

I

II

III

IV

V

VI

333.81
340.30
343.99
358.06
387.31

334.09
338.83
355.30
362.79
-

332.89
341.00
344.03
-

333.38
347.10
347.47
352.92
-

334.91
336.12
338.42
339.19
342.44

333.57
347.86
-

I

II

III

IV

V

VI

364.07
363.15∗
367.19
368.06
372.25
375.38
377.73
379.25
380.48
381.08
381.30
381.77

365.14
369.63
382.43
389.17
-

362.41
367.24
373.92
379.15
382.74
383.56
385.94
388.03
-

366.93
367.26
367.37
372.64
377.32
379.55
379.98
380.59
382.85
391.06
393.05
395.80

366.32
363.03∗
367.97
368.08
368.20
368.36
369.30
370.53
372.37
383.40
-

364.30
368.32
369.95
372.43
374.76
376.72
379.11
380.38
380.98
382.41
388.21
390.32

P3-dataset
CO2,min [g/km]
CO2
[g/km]

P4-dataset
CO2,min [g/km]
CO2
[g/km]
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Fig. 7. Relative errors obtained for the six simulations.

the same analysis could be easily carried out for any other design parameter considered in the paper.
Two main considerations arise from the results of Fig. 8: the DNNsPM is eﬀectively capable of reproducing the shape of the CO2 surfaces
independently from the considered design variables; the minimum CO2

emissions region can be deﬁned by means of the DNNs-PM and corresponds to the same region obtained by DP. Even though the CO2 surfaces
are fragmented due to the sparse nature of the test-set (i.e. only a portion
of the entire dataset is considered), the engine downsizing appears to be
the more inﬂuencing design parameter to achieve CO2 reductions with
15
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Fig. 8. Low CO2 emission regions analysis; a: CO2 vs EngDispl/MGPower; b: CO2 vs EngDispl/PEratio; (1): DP results; (2): DNNs-PM predictions.

the HEV P3 architecture. In fact, layouts represented by engine displacements between 3.2 and 4.0 liters lead to lower CO2 emissions regardless
of the motor/generator and battery sizing. Moreover, higher MG peak
powers relate to low emission zones. Such a result is consistent with the
physics behind the optimal control trajectories to be found by the DP.
As a matter of fact, once the feasibility of a given set of HEV layouts
on a speciﬁc driving mission is assessed for during a preliminary analysis, the layouts with the higher degrees of hybridization should lead
lower CO2 emissions. In fact, the controller would reduce the share of
exploitation of the thermal engine in favor of an increase into the share
of pure electric and power-split modes.

•

•

•

5. Conclusions
•

In the present paper, the capability of a pipeline made up of two
deep neural networks is assessed for. The latter has been considered as
an innovative solution for drastically reducing the computational time
required during a design optimization procedure of several hybrid electric vehicles architectures. In fact, the pipeline has been conceived as a
tool for predicting the feasibility of hybrid layouts as well as the tankto-wheel CO2 emissions.
The main outcomes of the study are:
•

of diﬀerent hybrid electric vehicles and predicting both the feasibility of the layouts (classiﬁcation task) and the tank-to-wheel CO2
emissions (regression task).
The performance of the classiﬁcation deep neural network increased
together with the number of layouts employed in the training procedure; the best results have been found for the P2-dataset.
The regression deep neural network showed CO2 predictions comparable to the target values with average error lower than 0.5% for any
feasible layout outputted by the classiﬁcation deep neural network.
The capability of the model to limit the generation of false positive
layouts. In fact, only the 0.22% of the total unfeasible layouts are
misclassiﬁed as false positive layouts, hence not aﬀecting the design
optimization procedure.
The presented model can be embedded into a design optimization
operation for hybrid electric vehicles ﬂeets since it showed the capability of identifying low CO2 emissions regions comparable with
those obtained by a global optimization algorithm.

Considering the abovementioned results, further research steps will
involve the prediction of indicators about vehicle drivability and total
cost of ownership. Furthermore, new hybrid architectures will be tested
in order to enlarge the prediction possibility over a wider design domain
and diﬀerent driving missions will be integrated so that cycle-depending
indexes could be analysed.

The deep neural networks proved to be capable of catching the
strongly non-linear correlations between components’ speciﬁcations
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