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Abstract: Prognostics and Health Management (PHM) increasingly become an indispensable component of many 
engineering systems, where embedded data-driven or model-based algorithms are used for the anomalies detection, 
faults diagnosis and Remaining Useful Lifetime (RUL) estimation. The capability of estimating the likelihood that a 
monitored industrial machine will successfully conclude a predefined workload, considering both the available 
historical data from sensors and the workload itself, may be crucial in supporting the new scheduling activities of an 
Industry 4.0 manufacturing plant. In this paper, we propose a first data-driven prognostic for the battery State-Of-
Charge (SOC) assessment concerning a predefined machine workload. After the introduction of a DC Motor 
Equivalent Circuit for the testbed, the proposed methodology exploits a machine learning model approach through 
the use of an Artificial Neural Network for the degradation assessment of the battery monitoring equipment. The 
presented work intends to be preparatory for the future integration of the State-Of-Health (SOH) information within 
the scheduling decision, without facing a particular scheduling problem. The encouraging results showed that the 
proposed approach might be useful for the strategic optimisation of the plant resource, e.g. in terms of Automated 
Guided Vehicle battery size, for their fleet management and the workload balancing among them. 

Keywords: Industry 4.0, Prognostics, Battery State-Of-Charge, Automated Guided Vehicle, Machine 
Learning, Artificial Neural Network.

1. Introduction 

The scientific field of prognostics is progressively maturing 
as an important field under health management while 
newer embedded data-driven or model-based algorithms 
are constantly being developed (Schwabacher, 2005). 
However, there is still an open discussion about the 
definition and the objective of a Prognostics and Health 
Management (PHM) system. To this extent, in literature are 
identifiable two different currents of thought about the 
prognostic definition. A first that considers the prognostics 
as an engineering discipline focused on predicting the time 
at which a system or a monitored component will no longer 
perform its intended function (i.e. able to estimate the 
Remaining Useful Life (RUL))(Vachtsevanos et al., 2006; 
Minca et al., 2009). A second one that considers the 
prognostics as a mathematical discipline focused on 
estimating the likelihood that a machine operates the next 
workload without experiencing a failure (Robertson et al., 
2009)(Zhang et al., 2017).  

Following that, it may be recognised a unique common 
vision of prognostics, which consider it as a “prediction 
process” in which a future situation must be caught. This 
prediction process should be based on assessment criteria, 
in which the limits depend on the system itself and the 
provided performance goal, divided into two different 
consequential activities. A first activity, oriented in 
predicting the health system evolution at a given time, 
responsible of monitored machine State-Of-Health (SOH); 

and a second one, based on the assessment of the predicted 
previous SOH with regards to the planned workload 
activity of the monitored machine.  

Among this consideration, the PHM system becomes an 
indispensable component of manufacturing engineering 
systems, due to its capability of estimating the future 
performance and the RUL of monitored equipment. As 
investigated in the literature by Lee et al. (Lee et al., 2006, 
2013; Lee, Bagheri and Jin, 2016), the introduction of the 
Cyber-Physical System (CPS) in an Industry 4.0 
manufacturing environment gives users the opportunity to 
proactively implement solutions to prevent performance 
loss of the manufacturing system.  

To this extent, a tailored PHM system may be developed 
on the “cyber” part of the CPS, improving the integration 
between the “physical” world, represented by the 
monitored machine, and the “digital” world, represented by 
the Digital Twin of the monitored machine [Fig. 1]. 

This PHM system, directly integrated into the CPS, is able 
to transfer the SOH and RUL information to the 
embedded system of the CPS, making possible new 
decision-making industrial scenario.  As a matter of fact, 
from an industrial operations point of view, the capability 
of estimating the likelihood that a monitored industrial 
machine will successfully conclude a predefined workload, 
considering both the available historical data from sensors 
and the workload itself, it may be crucial in supporting the 
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new scheduling activities of an Industry 4.0 manufacturing 
plant. 

 
Figure 1:  Cyber-Physical System architecture 

The motivation of this paper stems primarily from two 
sources. First, it is necessary to start the development of a 
designing process for a prognostic approach in a more 
practical and industrial application. In fact, also if the 
prognostic field is of growing interest within the scientific 
literature (Vogl, Weiss and Helu, 2019), there is still an open 
gap about the prognostic techniques which may take in 
considerations the scheduled workload assessment.  

The second source of motivation comes from the growing 
interest about technologies of the smart grid, electric 
vehicles (EVs) and the consequent industrial twin of 
Automated Guided Vehicle (AGV). Within this scenario, 
the battery is emerging as the most prominent energy 
storage device. However, also if the battery technology is 
consistently evolving to produce cells with higher energy 
and power densities while reducing production costs, the 
technology and material progress alone cannot guarantee a 
solution that may overcome all the possible concerns 
(Saxena et al., 2012). As an example, the cost efficiency and 
reliability of a battery in different applications may depend 
on the algorithms applied to perform the energy and battery 
management and, this problem is referred only to the 
internal battery management. If the aim is to extend the 
battery management in supporting the new scheduling 
activities of an Industry 4.0 manufacturing plants, a 
different kind of algorithms is needed.  

Hence, also if the problem is of interest, an accurate 
methodology of estimating battery State-Of-Charge (SOC) 
and State-Of-Health (SOH) during realistic profiles with 
variable operational workload still deserves attention.  
Therefore, the development of a batteries PHM represents 
a first practical example and a preparatory case-study for 
the future integration of the planned workload information 
in the estimation of the SOH of a monitored machine.    

Among this consideration, this paper aims to propose a 
first data-driven prognostic approach for the battery State-
Of-Charge (SOC) assessment with regard to the expected 
machine workload of a battery-equipped Automated 
Guided Vehicle (AGV). To this extent, as will be clarified 
in the following paragraphs, it has been necessary to build 
a consistent amount of data in order to start the learning 

process required from the proposed data-driven 
prognostics approach. After the introduction of a testbed 
DC Motor Equivalent Circuit, we exploited a machine 
learning approach through the use of an Artificial Neural 
Network for the degradation assessment of the battery 
monitoring equipment, able to grasp the information from 
the SOC, SOH estimation evaluating the assessment of the 
predicted evolution with regards to the planned workload.  

The presented work intends to be preparatory for the 
future integration of the State-Of-Health (SOH) 
information within the scheduling decision, without facing 
a particular scheduling problem, but providing a possible 
methodology for the estimation for the likelihood that a 
monitored machine will successfully conclude a predefined 
workload considering the planned workload itself and 
integrating the information about its historical behaviour 
and current health state.  

2. Background 

In recent year, the prediction of the End-Of-Discharge 
(EOD) times for the Li-Ion batteries has been deeply 
investigated (Saxena et al., 2012; Xu, Li and Chen, 2016; 
Vogl, Weiss and Helu, 2019). The aim was to predict the 
time when a cut-off threshold voltage (a-priori predefined) 
is reached, considering the batteries no longer available to 
continue the scheduled task. In function of the application 
type and data availability, there are identifiable numerous 
different approaches able to estimate the battery SOC: e.g., 
the traditional coulomb counting (Ah counting) (Ng et al., 
2009) which suffer of the accumulated error over time and 
from the unknown initial value of the charge; the open-
circuit voltage measure (Coleman et al., 2007) that may be 
very accurate but require a considerable amount of time 
and accuracy in the measure, resulting not appropriate for 
the online application (Rahimi-Eichi, Baronti and Chow, 
2014). Similarly, other SOC estimation methods are 
identifiable, however, even combining different methods 
among them, are not able to provide an accurate SOC 
estimation alone and are not enough to provide the 
necessary information for a complete PHM system. The 
main problem is that these approaches suffer from various 
inaccuracies mostly under realistic usage environments 
(Meissner and Richter, 2003). In the past for solving this 
problem, the use of extensive lookup tables with correlate 
the open-circuit voltage to SOC was widespread mostly in 
the electronic industries (Lee et al., 2007). These approaches 
implicitly assume that it is possible to consider a direct 
relationship between the available open-circuit voltage and 
available capacity charge from the battery. However, when 
it is not possible to have a reliable estimation of the SOC 
and SOH the use of an estimated voltage threshold may be 
preferred for an industrial critical or safety-related 
application. In (Saha and Goebel, 2011), Saha et al. showed 
an example of one such application, in which the EOD 
time is forecasted for an electric unmanned air vehicle, also 
showing how variable the loading can be during extreme 
manoeuvres and assessing the EOD prediction taking in 
account also the expected future loads and environmental 
condition.  

More recently, instead, are identifiable also model-based 
prognostics approach to Li-Ion batteries, as in (Downey et 
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al., 2019) in which the Downey et al. approach, considering 
multiple degradation mechanics, enables online prediction 
of the RUL by employing a non-linear least squares method 
with dynamic bounds able to traces the evolution of 
individual degradation parameters. However, also if the 
recent developments about the model-based prognostic 
approaches are encouraging, showing an interesting 
accuracy RUL level prediction, the development cost 
required and its strictly limited range of applicability, might 
not justify their diffusion. 

On the contrary, the data-driven prognostics approach, 
with their general architecture, allow the development of a 
more generic model, demanding the tailoring activity on the 
monitored equipment as the following activity. It is 
correctly assumed that data-driven approaches typically 
require a large amount of data, especially for the necessary 
training phase during the initial development. However, 
where possible, these approaches allow a much rapid, easy 
to implement, and computationally inexpensive 
developments with respect to model-based approaches 
(Saxena et al., 2012). The weakness, instead, is represented 
by the consistent cost required by a significant data 
processing effort upfront, without any guarantee on the 
successful implementation.  

Recent years have shown a growing interest in the diffusion 
of prognostic data-driven algorithms, with the use of 
machine learning techniques. As an example, in Cadini et al. 
(Cadini et al., 2019) presented a data-driven prognostic 
method aimed to automatically detecting deviations from 
the expected degradation dynamics of the batteries due to 
changes in the operating conditions, allowing a reliable 
estimation of RUL, in terms of SOH of the battery. Their 
approach may be effectively applied to several different 
degradation behaviours (i.e. with different model batteries), 
without the need to derive an ad hoc physics-based models. 
Moreover, it is possible to find also other works in literature 
with a similar aim (Lipu et al., 2018; Vogl, Weiss and Helu, 
2019) in which data-driven algorithms showed their 
outstanding performances for the constant load. The 
problem arises when the same data-driven model 
(developed and trained on constant load condition) are 
used when a variable load is considered (Hu, Youn and 
Chung, 2012). However, in an industrial context, the 
hypothesis of constant workload is not realistic: (e.g., for an 
AGV battery-equipped used for the transport of different 
loads).  Depending on the particular load, monitored 
equipment will show a different behaviour on the same 
battery, causing a dynamic and variable current 
consumption also depending on the battery SOC itself.  

Reassuming, in literature are identifiable four different 
prognostic approaches: physical models, knowledge-based 
model, data-driven model and the recent hybrid model 
(Peng, Dong and Zuo, 2010) [Fig. 2]. As highlighted above, 
the choice of the prognostic model is not trivial: preferring 
a Model-based approach, an increases in the accuracy of the 
prognostic model it is obtained, allowing a more reliable 
prognostic prediction process; nevertheless, the range of 
system applicability of a similar approach is limited to the 
particular monitored system and determines a consistent 
costs increase, due to the specific knowledge and theory 

required for the model development. On the other hand, 
the Data-driven approaches are of interest when the 
understanding of the system's principles is not 
comprehensive or when the development of an accurate 
physical model is too expensive. The advantage of these 
approaches is represented by their general architecture, that 
allows the development of a more generic model, 
functional for different monitored systems (this increases 
its range of applicability at the expense of the accuracy). 
These methodologies are usually based on several statistical 
and automated learning techniques, in which a considerable 
amount of data, collected under both nominal and 
degraded conditions, are combined for generating the 
desired prognostic model. Most of these data-driven 
approaches, in fact, are shown to work often on similar data 
to what they were trained. This requires the availability of 
numerous data from a real environment in order to allow a 
consistent training phase for the data-driven prognostic 
approach. 

To solve this issue, in this paper we considered a little 
battery-powered automated rover for building a testbed 
Equivalent Circuit, able to imitate the same stress effect (in 
terms of current absorption and voltage drop) that the real 
variable-loaded AGV may show in a real environment. As 
will be clear in the following section, this equivalent circuit 
has been used for the data-mining of the data-driven 
approach, allowing to test multiple different load 
configuration in a controlled environment.  

 
Figure 2: Prognostics Approaches 

3. Application Domain and Problem Statement 

This work intends to show a first data-driven prognostic 
application in a small-scale environment, able to reproduce 
on a reduced scale the behaviour of an AGV, widely used 
for the material handling tasks of the modern industrial 
plant. The aim was to estimate the likelihood that the 
monitored AGV may successfully conclude or not a 
scheduled workload, given the knowledge of the battery 
SOC, SOH. In particular, we considered an electrical 
battery-supplied automated rover and, more specifically, 
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the Elegoo Robot Car Smart [Fig. 3]. It is composed as 
follow: 

x 4 Micro 6V DC Gear Motor, with a nominal 
speed of 160 RPM and a maximum torque of 0.8 
kgcm; 

x An L298N Dual Full-Bridge Motor Driver from 
ST Microelectronics, as a motor driver. It is a 
high voltage, a high current dual full-bridge 
driver designed to accept standard TTL logic 
levels and drive inductive loads such as DC 
motors; 

x Arduino Uno R3, as logical controller system. 

 
Figure 3: The chosen automated rover 

For the power supply of the automated rover, two Samsung 
ICR18650-26F 2600mAh batteries are chosen, due to their 
diffusion, availability of detailed datasheets and for the 
ability to be sufficiently capacity-load (i.e. to a different 
level of current load absorption from the battery, it releases 
a nearly nominal amount of current) (Lyge-Info, 2018).  

As recommended in the literature (Saxena et al., 2012), these 
batteries were charged to 4.2V using an initial constant 
current of 1.5 A, followed by a constant voltage charging 
mode until the absorbed current from the battery drops to 
10mA.  It was necessary to create a load-variable scheduled 
series of workload (i.e. missions) for the automated rover, 
considering the batteries fully discharged when a threshold 
voltage of 2.7V is reached (at this value, in fact, the DC 
motor of the rover fail to overcome the starting current). 

To this extent, we planned the discharging of the 
automated rover batteries providing a schedule with a 
different artificial load. Three different loads have been 
foreseen, paying attention to obtaining a uniform inertia 
moment:  

x Soft Load: in which only the weight of the 
automated rover is considered; 

x Medium Load: consisting of two lead 
parallelepipeds for a total of 1 𝐾𝑔 Load (with a 
uniform density of 11.34  of equal size and 
positioned symmetrically to the motor axis); 

x Heavy Load: consisting of four lead 
parallelepipeds for a total of 2 𝐾𝑔 Load (with a 
uniform density of 11.34  of equal size and 
often positioned symmetrically to the motor axis). 

For the testbed, the rover has been set to the maximum 
admitted velocity from the motor driver, considering a 
fixed working time window. In consequence of this, for 
every load-configuration, a different registered 
performance in terms of speed and travelled distance has 
been obtained. The registered data are shown in [Table 1]. 

Table 1: Registered data of automated-rover experiment 

Experimented 
Load 

Covered 
Distance [𝒎] 

Average 
Speed [𝒎

𝒔
] 

Time [𝒔] 

Empty Load 1.90 0.475 4.00 

Medium Load 1.65 0.413 4.00 

Heavy Load 1.35 0.338 4.00 

 

We conducted three runs for each experiment 
configuration, recording the voltage in parallel of the 
battery source and the current absorption between the 
battery and the motor driver with a frequency of 30 𝐾𝐻𝑧 
[Fig.4]. 

As it is possible to see in [Fig. 4] the chosen Samsung 
ICR18650-26F 2600mAh batteries well tolerate (in terms 
of voltage drop) the applied load, showing a nearly load-
independent discharging curve. Instead, in terms of current 
absorption, the registered value confirms the direct 
relationship between the different mechanical load and 
current absorption value (the highest is the applied load, the 
highest is the steady-stead registered current). 

 
Figure 4: The registered data at the battery supply power 

As highlighted in the previous paragraph, the data-driven 
prognostic approaches require the availability of various 
data from a real environment for allowing a consistent 
training phase. To this extent, the registered data has been 
considered as the starting point for the design of a testbed 
Equivalent Circuit, capable of imitating the same stress 
effect of the AGV on the monitored batteries. From a 
practical point of view, the current absorption of the 
monitored rover is determined from the four DC motor 
and in literature are identifiable plenty of DC Motor 
equivalent circuit (Yildiz, 2012). The problem of these 
circuits is that they do not allow practical implementation 
in reproducing the same behaviour of a DC Motor on a 
monitored battery. In fact, their focus is to imitate the exact 
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equivalent behaviour, while in this paper it is necessary only 
to mimic the same stress effect (in terms of current 
absorption and voltage drop) that a variable-loaded-DC 
motor may show in a real case study with respect of the 
monitored battery (that represents the actual system under 
the prognostic analysis).   

With this objective in minds, we hypothesised a possible 
equivalent circuit, able to reproduce on the monitored 
batteries the same current absorption and voltage drop 
registered from the previous experiment with the 
automated rover.  We divided the circuit into two different 
logical branches: a first branch that mimics the initial 
starting current absorption (typical of DC Motor) and a 
second branch that imitates the different applied load to the 
motors. The resulting equivalent circuit is represented in 
[Fig. 5] and shows a simple resistor for the load-dependent 
branch and a typical RLC Circuit for the initial starting 
current absorption ones. 

 
Figure 5: The proposed Equivalent Circuit 

Once that the structure of the equivalent circuit has been 
defined, it has been necessary to estimate the electrical 
parameter of the system that fit the registered data. To this 
extent, using the parameter estimation of the Simscape 
SimulinkⓇ software, we determined the electrical parameter 
that adequately matches the recorded data. In [Table 2], the 
obtained values for this particularly automated rover are 
shown. 

As it is possible to observe, the Motor Resistor, Capacitor 
and Inductor parameters (which reproduces the initial 
starting current absorption) is fixed for all the 
Experimented Load, while the Load Resistor varies in 
function of the applied mechanical load to the motors. In 
particular, the highest is the mechanical load applied to the 
DC Motor; the lowest is the following resistor value (due 
to the First Ohm law). 

Table 2 - The estimated parameter of the proposed 
equivalent DC Motor circuit 

Experimented 

Load 

Load 

Resistor 

Motor 

Resistor 

Capacitor 

[𝑭] 

Inductor 

[𝑯] 

Empty Load 15 15 0.01 0.001 

Medium Load 13 15 0.01 0.001 

Heavy Load 10 15 0.01 0.001 

Following, we assembled the proposed circuits [Fig. 6] in a 
unique one controlled by Arduino, able to record the 
desired battery data (current absorption and voltage) 
controlling the load autonomously, according to certain 
scheduling. Reassuming, the proposed testbed circuit 
simplifies the training process of a battery PHM system.  As 
a matter of fact, a data-driven approach requires a very 
consistent amount of data for its training phase, as 
enhanced in the Background paragraph, and the process of 
obtaining this data from a real case-study environment is 
not trivial. To this extent, the proposed methodology for 
the testbed circuit design open to new possibilities of data 
collecting. It consents to perform a limited amount of 
experiments on the real monitored machine (reducing the 
magnitude of the experimental design) and to conduct the 
extensive part of the experiments in a controlled and static 
environment.    

 
Figure 6: The realised Testbed Circuit 

4. The Proposed Prognostic Approach 

As said in the paragraph above, we consider the prognostics 
a “prediction process” in which a future situation must be 
caught. This prediction process is based on assessment 
criteria and may be divided into two different consequential 
activities. A first activity, oriented in predicting the health 
system evolution at a given time, evaluating the SOH and 
SOC of a monitored machine; and a second one, based on 
the assessment of the predicted previous indicators with 
regards to the planned workload activity of the monitored 
machine.  

To this extent, we propose a data-driven approach, based 
on an Artificial Neural Network (ANN) model, to predict 
the future battery SOH/SOC, assessing it on the expected 
planned workload activity. From a practical point of view, 
the aim is to forecast the next idle voltage of the monitored 
batteries (i.e. the batteries open-circuit voltage) and the 
residual current capacity (i.e. a sort of improved coulomb 
counting).  

As a first step, we designed a complete experimental 
scenario, varying the combination of scheduled workload 
and the delay between the workload. The extensive 
database of acquired data represented, then, the starting 
point for the development and training of the prognostic 
model. Considering that a neural network instance is 
represented by an interconnected group of artificial 
neurons, which process computational information by 
using a connectionist approach from node to node, before 
the definition of the ANN model, it is necessary to identify 
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the input and the output expected from the model. This is 
of particular interest because they represent the required 
data for the training, validation and test phases of the 
model. An input vector of five components and output 
vector of two output have been chosen [Fig. 7]. More in 
detail, the input vector consists of two components 
representative of the current battery SOC and SOH and 
three other components representative of the next 
scheduled workload (i.e. they are the future provided 
conditions): 

x Open-Circuit Voltage (𝑉 ): representative of 
the open-circuit battery voltage registered during 
the rest period of the AGV between two 
workloads. This value is indicative of the SOC 
subsequent the load to which it was subjected; 

x Current State (𝑆 ): representative of the 
current provided from the batteries. As a matter 
of fact, assuming that the maximum available 
current of the batteries is represented by a fraction 
of its nominal capacity (2600 mAh, in this case), 
every workload generates a sort of capacity 
reduction of the available capacity (it is a sort of 
coulomb counting). Hence, registering the 
instantaneous absorbed current from every 
workload, every Current State is equal to the 
previous state 𝑆  minus the registered absorbed 
current of the previous workload: 

𝑆 = 𝑆 −
25
9

∗ 10 ∗ 𝐼 

with 𝑆 = 2600 𝑚𝐴ℎ; 

x Scheduled Delay (𝑑 ): representative of the time 
elapses between the execution of two consecutive 
jobs; 

x Scheduled Workload (𝑤 ): which indicates the 
following scheduled workload; 

x Expected Operating Time (𝑝 ): which represents 
the defined working time of the next planned 
workload. 

From the other hand, the output vector consists of two 
components: 

x Forecasted Open-Circuit Voltage  (𝑉 ): 
representative of the expected idle voltage of the 
battery, once that the next scheduled workload 
has been completed; 

x Forecasted State (𝑆 ): representative of the 
expected current state of the battery, once that the 
future planned workload has been completed. 

For our experiment, we obtained around five hounded 
observations for every battery discharging databases: 70% 
of this was used for the training phase, 15% for the 
validation phase, while the remaining 15% for the test 
phase of the ANN model. 

For the determination of the hidden neurons, the Trial and 
Error method has been used, by varying the number of 

neurons from one to twenty and between three different 
learning algorithms (Levenberg Marquardt, Bayesian 
Regularization Conjugated Scale Gradient algorithm). For 
every run, the performances have been evaluated, in order 
to determine the combination of parameters that show the 
best performance for the given problem. To this extent, we 
considered the Mean Square Error (MSE) as the 
performance index. 

𝑀𝑆𝐸 =
1
𝑛

(ŷ − 𝑦 )  

It provides information on the short-term effects of the 
network, as it is determined by the difference between the 
values expected by the network and those observe (the 
lower it is, the better the predictive capacity of the network 
will be).  

 
Figure 7: The Proposed Artificial Neural Network (ANN) 

model 

For the evaluation of the ANN model, we also took into 
account the number of epochs in which the best 
performance value was obtained in the validation phase. 

The results are showed and discussed in Appendix A. 

5. Conclusion 

In the new era of industrialisation, characterised by 
Industry 4.0 and Smart Factories concepts, machines are 
increasingly equipped with sensors and communication 
skills. There is identifiable a significant potential for 
increasing the system's awareness of its health and 
processes status, reducing the downtime and raising the 
level of automation and product quality, allowing to 
respond more dynamically to changes in consumer 
demand. In this perspective, the prognostic represents a 
key-enabling methodology, based on the data analysis, 
making the production process more efficient and allowing 
a smart maintenance scheduling. More in detail, the 
machine learning approaches provide advanced analytical 
tools capable of processing Big Data and transforming 
them into information to assist with decisions regarding 
maintenance in the industrial environment. The analysis 
carried out in this paper report shows a possible data-driven 
prognostic methodology, indicating the possibility of 
integrating the PHM system within a CPS, in a controlled 
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environment with reduced dimensions compared to the 
real ones. The data acquired by the sensors through the 
construction of the equivalent circuit aims at reproducing 
the behaviour of the chosen automated rover, obtained by 
means of variations of the parameters under examination 
that represents data easily accessible from the modern 
machine sensors. Being a single hidden layer sufficient to 
solve any complex non-linear problem, we exploited the 
result produced by the Feedword Network with a single 
layer. The encouraging results seem to be promising: by 
knowing the current open-circuit voltage, the expected 
workload and the current state of the battery as well as the 
scheduled load and future operating time, the network 
showed to be able to estimate the voltage at rest in the 
future, with a standard deviation of 0.3 on the test set and 
the future state in terms of remaining current, with a nearly-
null error. This study may represent the starting point for a 
future implementation of the proposed methodology in 
Smart Manufacturing and Industry 4.0 environment: the 
use of acquisition and implementation systems of all these 
data, may support the Neural Network in prognosticating 
the status of the monitored machine, deciding the actions 
to be taken, in according with the machine state or other 
cost functions. 
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Appendix A – ANN Result Discussion  
Comparing the results, it emerged that the Conjugate Scale 
Gradient learning algorithm shows the lowest number of 
epochs for the achievement of the best performance; 
however, by varying the number of neurons, it shows on 
average the highest MSE value. The Bayesian 
Regularization algorithm, instead, is limited (for its 
characteristic) to a high number of training epochs, while 
the Levenberg Marquardt ones showed a limited error and 
an acceptable number of epochs and low MSE, variable in 
function of the number of neurons in the hidden layer [Fig. 
8] [Fig. 9]. 

 
Figure 8: Epoch Number -Training algorithms comparisons  

 
Figure 9: MSE - Comparison training algorithms 

As it possible to observe from the [Fig. 8], the required 
computational load of an ANN with 17 hidden neural 
number requires around 100-200 epochs with the 
Levenberg Marquardt learning algorithm. Assuming that 
the number of epoch necessary for the training of the 
model is directly related to the computational time 
necessary for the model training phase, and that the MSE 
value obtained with this value is acceptable, it represents a 
good trade-off between the MSE values and the required 
computational load (representative of the complexity of the 
ANN model), it is showed that optimal hidden neural 
number is 17.  

The response provided by the ANN model with regards of 
the Forecasted Open-Circuit Voltage, if one decides to 
accept another load, is close to the real values, with a 
standard deviation on the test set of 0.03 [Fig.10]. 
Following, also the response provided by the network 

regarding the Forecasted State is nearly-equal to the values 
recorded for the test set [Fig.11]. 

 
Figure 10: Registered value vs ANN-LM network output 

 
Figure 11: Registered value vs ANN-LM network output 
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