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Abstract- The mobility of electric vehicles arise important issues related to the performances and the effective range of electric 
vehicles especially in case of the urban traffic conditions. The transition from classical ICE energized vehicles to plug-in electric 

vehicles (PHEV) and to electric vehicles (EV) raises many hurdles that have to be solved. This paper discusses the most critical sub-
system of PHEV and EVs, respectively the energy storage system. The proposed solution that hybridizes the energy source allows 
dynamic performance and also increases the life span of hybrid energy storage system (HESS). The system consists of a combination 

between batteries and supercapacitors. Problems of optimization that appear in case of PHEV and EV are analyzed: architecture 
and organization of HESS; modeling of the main system' elements; life cycling assessment (LCA) of PHEV and EV batteries; design 
flow that takes into account the ageing characteristics of HESS components and HESS control system. The analysis "as a whole" of 

the electric vehicle allows highlighting the permanent exchange of energy between HESS and the vehicle kinematics and dynamics. 
Sankey diagram used in the paper describes the behavioral model of the energy and the power exchange between different forms 
and the afferent losses. HESS proposed vehicle's architecture and organization allows recovering a greater degree of braking energy 

and harnessing energy reserves with minimal damage to its reliability. The experimental parts describe the test bench and also the 
measurements done to find out the aging characteristic for NiMH and Li-Ion batteries that are included as parameter in proposed 
iterative design flow. The experimental results are correlated with the literature reports. In the future works, the ageing 

characteristics will be included into the proposed electric car model and its simulation software in order to get more realistic data.  

 

I. INTRODUCTION 

The mobility of electric vehicles raise a very important problem related the performance and also the effective range that 

should satisfy in an urban traffic conditions. In the last twenty years a lot of research was done related the "driving style” and 

"standard tests" and also the Hybrid Pulse Power Characterization Test (HPPC) [1].  There are many studies that characterize 

the traffic conditions. One of the most complete studies is the ARTEMIS European driving cycles [2]. This study allows the 

researchers to know which are the stop rate, the deceleration, etc. in function of the traffic conditions. These things are very 

important to optimize the energy recovery process. 

An analysis of a large palette of storage elements illustrate that it not exists a "ideal" available, reliable and affordable 

storage element that satisfy the complex requirements of applications such as electric vehicles. Many reasons made this 

difficult or even impossible to be happening. Starting form energy density, power density, and continuing with the requested 

thermal behavior necessary to be strictly controlled as well as the domain of variation of voltage, instantaneously current, and 

as consequence the shape of aging characteristics of every known storage elements. In such conditions, the rational thinking 

way is to try to look at different kind of "combination" of specific storage elements that at system level must be combined in 

order to try to offer a close from an optimal solution. Many trials were done even trying to reduce the granularity of the 

problem at element level speculating the two main phenomena that could be revealed. The non-Faradic and also Faradic, or 

pseudo-capacitance phenomena are described into literature [3, 4]. This approach suffers from two points of view: doesn't offer 

an explicit controllability from the supervisor system, and the life span of devices are significantly reduce as result of usage of 

both non-Faradic and Faradic phenomena. 

Of course, the increasing of granularity at level of specific storage devices will raise other difficulties and these are also 

significant: architectural system design for finding out the optimal size, position on vehicle and splitting of functionalities 

between the hybrid elements of the storage system. Aspects related to the design of afferent and necessary power electronics 

and control for active and dynamic combination of different storage devices in order to offer the best possible performance for 

the system and also a higher reliability, availability and of course a rational cost for assembly. 
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The paper will focus on proposing a specific organization and architecture for the hybrid storage system dedicated for 

electric vehicles, analysis of potential solutions and estimation of performances obtained from several parameters that was 

taken in consideration 

II. REVIEW OF THE STATE OF THE ART  OF STORAGE ELEMENTS 

Electrical Energy Storage (EES) is not a new technology, but a renewed interest in it is regained because of the objective to 
produce “greener” electrical energy which would automatically mean the reduction in the greenhouse gases emissions. So far 
hydro EES is the most widely used type of EES because of its simplicity and relatively high efficiency. Many other EES 
methods have been developed up till now, but many of them still have to be tested and proven in the practice. Today, among 
many EES technologies available, we can single out three categories (as shown in Table I) which are the most widely used and 
will be considered in this paper: mechanical, chemical and magnetic energy storage. 

TABLE I 
ENERGY STORAGE SYSTEMS 

Mechanical Energy Storage Chemical Energy Storage Electro-Magnetic Energy Storage 

Hydro storage (pumped storage) 

Compressed air storage 

Flywheels 

Electrochemical  batteries 

 

Superconducting inductors 

Superconductors 

 

Along with its original purpose to serve as storage of material and energy, energy storage has to meet environmental and 

economic demands. In that sense, ES has to be efficient, environmentally friendly and cost-effective. Up till now only few 

energy storage technologies of above mentioned have been deployed at the large scale, installed capacity exceeds 100 MW 

[5,6]:  

 Sodium-sulfur batteries  

 Pumped Hydro Storage - PHS 

 Compressed Air-Energy Storage - CAES 

One of the fields where the EES have the growing impact is automotive industry, particularly EES for electric cars. The base 

element of electric cars is the battery system. Today, there are a lot of different battery types on the market, each one with its 

advantages and drawbacks, depending on the particular purpose. Table II gives the short review of the battery technologies (2). 

TABLE II 
BATTERY SYSTEMS OVERVIEW  

 

  Electrode material   Uoa Specific Energy 

Wh/kg 

 Battery system  Positive  Negative Electrolyte Cell reaction Volt Theoretical Practice 

Primary batteries 

1 Leclanche MnO2 Zn Slightly 

acidic 
Zn+2MnO2+2NH4Cl⟹ 

ZnNH3Cl2+Mn2O3 

1.5 222 ≈120 

2 Manganese alkaline MnO2 Zn Diluted KOH Zn+2MnO2+2H2O⟹ 

ZnO+Mn2O3 

1.5 272 ≈170 

3 Silver Oxide/Zink Ag2O Zn Diluted KOH Zn+Ag2O+H2O⟹ 

Zn(OH)2+2Ag 

1.6 350 ≈250 

4 Air/Zink (alkaline) O2 Zn Diluted KOH Zn+1/2O2⟹ ZnO 1.45 1086 ≈350 

5 Lithium/manganese 

dioxide 

MnO2 Li Organ. Li+Mn(+4) ⟹ Mn(+3)O2(Li+) 3.5 1005 ≈300 

6 Thionyl chloride SOCl2
d Li SOCl2 4Li+2SOCl2⟹ 

4LiCl+S+SO2 

3.9 1470 ≈450 

Secondary Batteries 

7 Lead-acid PbO2 Pb Diluted 

H2SO4 
Pb+PbO2+2H2SO4⟺ 

2PbSO4+2H2O 

2b 161 20-50 

8 Nickel/cadmium NiOOH Cd KOH Cd+2NiOOH+2H2O⟺ 

2Ni(OH)2+Cd(OH)2 

1.3e 240e 20-55 

9 Nickel/metal hydride NiOOH H2
f KOH H2+2NiOOH⟺ 2Ni(OH)2 1.3e ≈300 50-80 

10 Lithium-ion Li(1-x)MnO2 LixC Organ. LixC6+Li(1-

x)Mn2O4⟺C6+LixMn2O4 

3.6g >450 ≈100 

Special battery systems 

11 Sodium/sulfur h S Na Solid 2Na+3S⟺Na2S3 2.1 795 90-120 

12 Sodium/nickel 

chloride h 

NiCl2 Na Solid 2Na+NiCl2⟺2NaCl+Ni 2.6 719 90-100 

13 Zink/bromine Br2 Zn ZnBr2 Zn+Br2⟺Zn/Br2 1.4 435 ≈70i 



Lithium ion batteries have become the most important storage technology in the areas of portable and mobile applications 

(e.g.  laptop, cell phone, electric bicycle, electric car) since  around  2000. 

High  cell  voltage  levels  of up to 3.7 nominal Volts mean that the number of cells in series with the associated connections 

and  electronics  can  be  reduced  to  obtain  the target voltage. For example, one lithium ion cell can  replace  three  NiCd  or  

NiMH  cells  which have  a  cell  voltage  of  only  1.2  Volts.  Another advantage of Li-ion batteries is their high gravimetric 

energy density, and the prospect of large cost reductions through mass production. A comparison of the rated power, the 

energy content and the discharge time of the EES technologies is given in Eroare! Fără sursă de referință.Fig. 1 and the 

comparison of power density and energy density (in relation to volume) of EES technologies is given in the Eroare! Fără 

sursă de referință.Fig. 2. 

.  

 

 

Fig 1 Comparison of rated power, energy content and discharge time 

 

 

 

Fig 2 Comparison of power density and energy density (in relation to volume) of EES technologies.  

 

 

III. ARCHITECTURAL SOLUTIONS AND DESIGN FLOW OF HYBRID STORAGE SYSTEMS 

None of the types of standalone storage devices satisfies the requirements of applications. The most sensitive elements are: 

batteries and fuel cells that as result of their interfaces solid-liquid phase and chemical reactivity that have place on its generate 



in time the "usage" of solid templates that are the host of substance result of chemical partial reversible reactions. This problem 

generate a relatively stability of chemical interfaces reflected by the partial reversibility of chemical reactions. An essential 

role in such devices is played by temperature or over temperature and overvoltage that could appear in functioning as result of 

ohmic conduction (first or second order). From one side the overvoltage can degraded the interface by allowing the 

"penetration" of interface by charge carriers, this happens not only on batteries but also in case of supercapacitors. The 

introducing of "disordered charge carriers" at electrolyte-electrode interface, is mainly responsible for the device degradation. 

A similar effect is produced by the over-temperature that can appear at the same level of interface. In this case, the energized 

ions (anions or cations) will be able to cross interface generating the same kind of effects. 

It became essential to strictly control the phenomena that happen at interface level, or this in case of engineered application 

put very difficult problems when we try to solve it only by using control functions, because these are not able to anticipate all 

potential dangerous situations that could appear during system functioning in real conditions. Besides, when we use the 

"standard" procedures to aging and testing devices, these are only partially relevant for the real evolution of storage and more 

irrelevant for hybrid solutions where these are strongly dependent of control strategies. 

On the other side, there are many driving cycles performed in different conditions, in order to determine the parameters that 

can characterize the driving cycles [2]. In this sense the trip classes was thought in 8 classes. Between these the most 

interesting for EVs are the urban cycles that suppose a large variation of accelerations and deceleration processes. As can be 

seen in Fig. 3 a and b the urban cycles present a large variation of parameters from speed and acceleration till duration of stops. 

In case of EV these aspects are very important because these can affect the reliability and availability of on car electric power 

supply. 

 

Fig 3 Driving profile for hybrid vehicles in urban cycle [2]. 

Several problems have to be solved by taking in account some structural and organizational measures through initial system 

design . Some of these are mentioned in the followings:  

• Using the hybrid storage systems as combination of different storage elements that are topological linked and functional 

aggregated:   

 batteries and supercapacitors that as result of combination can increase the reliability and energy efficiency. Also 

these devices realize a better laying of response during the time constants of whole system. In this way we can 

find out control solutions for a flat response in time. 

 batteries, fuel cells and supercapacitors that can improve the maximum storage capacitance of vehicles providing 

as conjunction of these three elementary storage devices, a better time response and more that a higher 

capacitance for storage  



 batteries, supercapacitors and a mechanical storage device such as: fly wheel, hydraulic or pneumatic storage 

system that in conjunction with the energy storage reservoir and the energetic converter (mechanic to/from 

electric form) can extend the robustness and range of vehicles  

 batteries or/and supercapacitors and ICE small engines that can provide a real optimal actual compromise 

between the energy efficiency and the maximum range of vehicle, especially in urban traffic conditions. This 

represents a form of Plug in Hybrid Electric Vehicle (PHVE). Also this solution involve some supplementary 

elements mechanical that combine the movement and torque and provide the summation of parameters or provide 

the possibility to recuperate part of inertia energy of vehicles in his dynamics. 

• The architectural measures may consist in modification of storage system structure and organization that should offer 

improved capabilities in that means the vehicle's dynamics and energy efficiency. The solution that allows increasing of 

capacity to sink and provide energy function of dynamic load provided by vehicle in traffic is a good example. This solution 

can improve the recuperation factor for kinetic energy. Two classes of functions will be implemented, one referring the shell of 

hybrid storage system and the second referring the shell of whole storage embarked on vehicle. On top of this will be defined 

the system able to control from navigation and traffic adaptation control system. 

• The "location" of storage elements plays an important role too. Thus, the design should respect the rule of minimization 

of power excursion inside vehicles in almost encountered traffic stages of vehicle. In respect of this rule, the supercapacitors 

elements should be placed very close from power converters, respectively electronic (power inverters) and mechanical (electric 

machines). 

The above enumeration is not an exhaustive one, but this is in accordance with the biological paradigms revealed by 

heterogeneity of living systems. This improves also the capacity of such systems to respond a more large variety of 

solicitations, fact that by applying to technical system will generate similar potentialities.  

The diagram of the proposed electrical vehicle architecture including Sankey flow arrows is given below in Fig. 4. 

 

 

Fig 4 Proposed electrical vehicle architecture including Sankey flow arrows 

 

 

IV. DESIGN FLOW WITH LCA ANALYSIS AND OPTIMIZATION PARAMETERS  FOR LITHIUM ION BATTERIES (LIB) 

The design flow for LIB has been achieved with Life Cycle Assessment (LCA) methodology in OpenLCA platform 

(OpenLCA, 2015), see Fig 5. The main objective was the evaluation of energy and material flows for all stages in LIB lifetime 

and the associated wastes and emissions released to the environment, in order to optimise the design flow of lithium-ion 

batteries for plug-in hybrid electric vehicles. 

LCA analyses were done in a functional unit.  The functional unit was defined as a 16 kWh battery for a plug-in hybrid 

electric vehicle capable of sustaining 3000 charge cycles at 80% maximum discharge giving at least a 200 000 km operation 

during the vehicle design life time. This means that all figures for resource use, emissions and environmental impact are 

related to one such battery weighing 107 kg, i.e. the energy density is 93 Wh/kg [7]. 

The model was a LiMn2O4 battery, since in the near future manganese will substitute nickel and cobalt, commonly used in 

many of today’s batteries, due to much lower price, and better availability of manganese. Thus, it was decided to study 

LiMn2O4 chemistry.  

 



 

Fig 5 LCA flow for LIB lifetime 

 

Battery packs are made up of cell modules, containing several cells. Chemistry, performance, cost and safety characteristics 

vary across LIB types. Lithium manganese oxide batteries offer lower energy density, but longer lives and inherent safety. The 

modeling was based on a conceptual 16 kWh battery consisting of 100 cells in series giving 400 V. The mass of the cell 

materials was modeled based on literature [8]. 

Resources and production phase consist of various calculations related to materials, energy, infrastructure and to 

manufacturing elements. 

Calculations were done on lithium manganese oxide cathode. Binder was  LHB-108P (styrene butadiene) with the solvent 

water. Collector foil was considered aluminum, pretreated with NaOH. The collector foil was coated on 1 side with the slurry 

(active material, binder, solvent and conductive carbon). Then, the coated foil was dried in a "dry channel" and then coiled up. 

The same procedure was done for the second side of the collector foil. 

The active material used for the anode production was graphite, binder was LHB-108P (styrene butadiene) with the solvent 

water. Collector foil was copper, pretreated with H2SO4. The collector foil was coated on 1 side with the slurry (active 

material, binder, solvent and conductive carbon). Then, the coated foil was dried in a "dry channel" and then coiled up. The 

same procedure was done for the second side of the collector foil. 

All parameters that were considered in the design flow are presented in Table III: 

 
Table III  

LCA parameters for anode and cathode production 

 

 
 

The separator was assumed to be made of equal proportions of polypropylene and polyethylene [9] LCA data for these 

materials were found in the Ecoinvent database [10].  



Further on, the flow modeled other manufacturing elements, such as: cell packaging (polypropylene and aluminum foil), 

electrolyte (lithium salt in propylene carbonate solvent), cell electronics (semiconductor), module assembly and battery 

assembly units (10 cells were packed in one module and 10 modules in one 10 kWh battery), transports (long transports from 

raw material producers to cell manufacturers, and long transports between cell manufacturers and battery manufacturers but 

relatively short transports between battery manufacturers and with planning ahead so that the electric engine is used for car 

assembly plants), energy (requested by cell manufacturing and module and battery assembly was calculated from Saft’s annual 

report 2008) [11]. The total use of energy was divided by total sales and multiplied with the current price level of a high 

quality lithium-ion battery. This resulted in a total energy corresponding to 11.7 kWh electricity and 8.8 kWh natural gas per 

kg lithium-ion battery [12]. 

Use phase of the LCA flow assumed that electricity losses in the battery during the lifetime use of the battery in the car and 

the extra electricity/fuel needed to carry the weight of the battery. Also the transport of the battery from the car manufacturer to 

the user was included in the use phase. The influence of the battery weight of 107.2 kg was modeled using the following 

assumptions: i). 30% of vehicle energy consumption can be related to car weight [13]; ii) mid-size car weighing 1600 kg3, 

running 200000 km during design life time; iii). car consuming 0.5 l petrol per 10 km in petrol mode [14] or 0.15 kWh 

electricity (battery-to-wheel) per km in electric mode [15]; iv). a PHEV runs on electricity half the time or distance and on fuel 

the other half according to Zackrisson [12] v). 90% charging efficiency was assumed [16] and, vi). the internal energy 

efficiency for lithium-ion batteries was assumed to be 90% [7,16]. 

The recycling phase was represented by a 500 km transportation of the used battery to a recycling scrap yard. Environmental 

burdens and benefits of using recycled materials should be booked on the next product life cycle. This is in line with the 

principle of separating product systems at the point where the material/scrap has its lowest value. At present, not much is 

invested into recycling Li-ion batteries due to costs, complexities and low yield. 

Environmental Impact Assessment supposes to address environmental burdens such as global warming potential (GWP) 

applying a time frame of 100 years or ozone depletion, photochemical smog, etc. Some results obtain by LCA modelling are 

presented in Fig. 6 and 7.  

 
Fig 6 Global warming, photochemical smog, eutrophication, acidification and ozone depletion of a 16 kWh PHEV battery life cycle 

. 

 

Fig 7 Global warming, photochemical smog, acidification, ozone depletion of a 16 kW h PHEV battery use phase 



 
Other elements disclosed from the LCA methodology are levels of manganese and lithium modelled as elementary flow in 

electricity production considered in the area of Romania. These are presented in Fig 8Fig 8 and Fig 9Fig 9. 

 

 

Fig 8 Manganese emissions in various industries 

 

Fig 9 Lithium ion pollution in various production processes 

 

 

V. CONTROL OF HYBRID STORAGE BASED SOLUTION FOR ELECTRIC VEHICLES 

The hybrid storage system can be classified in two classes [17]:  

 passive 

 passive parallel – the hybridization is realized without any power electronic converters or inverters, but the 

supercapacitor is not use at full capability [17] 

 passive parallel with bidirection DC/DC converter 

 active  

 supercapacitor-battery – in this case the energy generated by regenerative braking cannot be controlled to 

provide majority to supercapacitor [17] 

 battery-supercapacitor – this configuration allows for regenerative braking current to be fully utilized [7]. 

 multiple converter 

The control of hybrid storage based solutions should respond at some constraints Eroare! Fără sursă de referință.[18] that 

were reviewed by different technical documents. The influence about functionality and also to the efficiency of the whole 

system in case of energizing of vehicles with hybrid storage systems will need to respond at more other constraints. Between 

these are mentioned the followings: 

 the necessity to minimize in almost dynamic regimes the bidirectional transit of power flow between battery to/from 

power inverter and electric machine. 
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 the minimization of maximum current that will be provided by battery during acceleration of vehicle, even when the 

driver act forcing the acceleration.  

 the maintaining in any exploitation conditions of the temperature domain for batteries and also supercapacitors. 

 the avoidance of simultaneously accumulation of more than one overpass of domain variation for the functional 

parameters in any exploitation situation for vehicle. 

An image that can help us on optimization pathway in design is related to the calculation of a comparative factor consisting 

the ration between density energy provided by hybrid power supply existing on vehicle and the energy. The key of solving of 

control consists in the evaluation of the variety of the load demands for vehicle in any conditions.   

VI. EXPERIMENTAL DATA REFERRING AGING CHARACTERISTICS   

The testing system developed for the battery aging is shown in Fig.10. 

For charging/discharging cycle was used a Hameg HM8143 programmable power supply. The power supply has two 0-

30V/2A output channels that can be connected in series or in parallel. The resolution on each channel for setting and readback 

is 10 mV, 1 mA.  Each channel can work in I and IV quadrants this allow to have all time positive voltage, but the current can 

be positive (current source - battery charging) or negative (current sink - battery discharging). For our test we connect the two 

output channels in parallel, for increasing the available current.  

The measurements were done using two Picotest M3500A 6.5 Digital Multimeters. One was used as voltmeter for measuring 

the voltage across battery and the second was used as ammeter for measuring the battery charging/discharging current. 

 

 

Fig 10 The battery aging test system schemata 

 

The three instruments are connected to a PC through USB port. The system control software application was developed in NI 

LabVIEW. All instruments are coming with NI LabVIEW drivers. The developed software application has two parts. The first 

part is dedicated for initialization the communication with all instruments and also for configuring the instrument for 

measuring: function, range, initial state (Fig. 11.a). In the List table control, from the List configure group, the steps for 

battery testing cycle can be configured: the voltage and current generated by the power supply and the time interval allocated 

for these step. The status column are dedicated for knowing if the step is for charging (status=1), for relaxing period (status-0) 

or for discharging (status=-1). In function of the used battery the Capacity control value must be updated.  

 In function of the Capacity, maximum voltage (Vmax) and current (Imax)  that can be applied to the battery, and the time 

(Time) for every step using the Generate List button a preconfigured testing recipe can be generated. Also here the name of 

the file used for saving the measured data can be chosen. 

In the second part the measured data can be viewed (Fig. 11.b). On the two waveform charts the battery voltage and the 

current which cross the battery can be monitored. Also, in the List step and Slide indicators can be observed the actual step 

from the defined cycle. In the # of cycle indicator is show how many cycles were performed from the beginning of the testing 

process. 



 
 a. b. 

Fig 11  a. Setup part of the application; b. The monitoring part of the application 

 

The saved data was analyzed based on other application that allows calculating the amount of the energy injected/extracted 

from the battery. The resulted data are presented in the Fig. 12 is show the graph of the charging and discharging energy during 

the testing cycles. 

 

 

Fig 12 The charging and discharging energy during the testing cycles 

VII. A GENERATIVE PROBABILISTIC MODEL FOR DETERMINING THE OPTIMAL RATIO SC/B IN VARIOUS DRIVING CYCLES 

Art.kinema utility [19] selects the parameters of driving cycle. The driving cycle should permit to rationally choose the ratio 

capacity of SC/B in almost the majority of dynamic variations (modifications of speed and acceleration). These modifications 

should be undertaken by the SC. Driving cycles are different from country to country, from rural to urban roads, highways or 

common roads, thus, it is critical to define those parameters that lead to the best ratio SC/B  in order to minimally load the 

battery. Linear multi-parametric optimizations do not envisage all aspects e.g. the drivers driving style and the working regime. 

One method could be the correlation between the structural design of the SC/B ratio with the regulator for vehicle’s transient 

regimes. Some other variables that have to be taken into consideration are: vehicle load, temperature, environment, cooling 

system, temperature of the electric engine, invertors, battery and the supercapacitor.   



In order to model the optimal ratio SC/B we propose a probabilistic generative model based on a non-linear deterministic 

function. The ration SC/B may be seen as a latent factor that is the result of complex relations between the measurable 

(observed) variables.  

Generative models range from conventional statistical models (e.g. factor and cluster analysis) to those applying Bayesian 

inference and learning [20]. The goal of generative models is “to learn representations that are economical to describe but 

allow the input to be reconstructed accurately” [20]. Representational learning is framed in terms of estimating probability 

densities of the features, hereby the parameters set forth through art.kinema utility [19]. Such parameters are categorized as: 

distance related, time related, speed related, acceleration related, stop related, dynamics related).  A generative model is 

referred to as posterior density analysis in the estimation literature and posterior mode analysis if the inference is restricted to 

estimating the most likely feature (depicted from art.kinema utility [19]. The mode of a distribution is the location of its 

maximum.  

Let us frame the problem of representing features from the problem space (observed variables that are distance related, time 

related, speed related, acceleration related, stop related, dynamics related) in terms of a deterministic non-linear generative 

function. 

 

),( vFi     (1) 

 

Where, v is a vector of features (matrix X) of underlying ratio sc/b  and i  represents observed inputs such as: distance 

related, time related, speed related, acceleration related, stop related, dynamics related variables . F(v,θ) is a function that 

generates inputs from the art.kinema utility (Art.kinema). θ are the parameters of the generative model. Unlike the features 

extracted from art.kinema variables, θ are fixed quantities that have to be learned. Non-linearities in Eq. (1) represent 

interactions among the distance related, time related, speed related, acceleration related, stop related, dynamics related 

variables. Second-order interactions are formally identical to interaction terms in conventional statistical models of observed 

data. These can often be viewed as contextual effects, where the expression of a particular feature depends on the context 

established by another. These contextual effects are profound and must be discounted before the representations of the 

underlying variables can be considered true. In probabilistic learning, one allows for stochastic (i.e. random) components in the 

generation of inputs and recognizing a particular feature becomes probabilistic. Here the issue of deterministic invertibility is 

replaced by the existence of an inverse conditional probability (i.e. recognition) density that can be parameterized. We will 

show that one needs separate (approximate) recognition and generative models that induces the need for both forward and 

backward influences. Separate recognition and generative models resolve the problem caused by generating processes that are 

difficult to invert [21].  

Eq. (1) relates the unknown space of ratio sc/b,  v and some unknown parameters θ  to observed inputs i. The objective is to 

make inferences about the features and to learn the parameters. Inference may be simply estimating the most likely features 

and it is based on the products of learning.  

The goal of learning is to acquire a recognition model for inference that is effectively the inverse of a generative model. The 

generative model creates data from features and the inverse model recognizes features from data [21,22]. 

Learning a generative model corresponds to making the density of inputs, implied by a generative model p(i;θ) as close as 

possible to those observed p(i). The generative model is specified in terms of a prior distribution over the features p(v;θ) and 

the generative distribution or likelihood of the inputs given the features p(i/v;θ).  Together, these define the marginal 

distribution that has to be matched to the input distribution. 

 

     dvvpvipip   ;;/;    (2) 

 

Once the parameters of the generative model have been learned, through this matching, the posterior density of the features, 

given the inputs is given by the recognition model, which is defined in terms of the recognition distribution. 
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The final goal of learning is the acquisition of a useful recognition model that can be applied to observed inputs i. One 

solution is to posit an approximate recognition distribution q(v/i;θ) that is consistent with the generative model and that can be 

learned at the same time. The approximate recognition distribution is represented by some parameters φ.   

 

Expectation Maximization 



The objective is to estimate the parameters of an approximate recognition density q(v/i;θ) for the generative model. This 

objective can be split into two steps. Firstly, the scope is to ensure that the recognition density is consistent with the generative 

model, observing that one is the inverse of the other’s. Secondly, the aim is to adjust the parameters of the generative model to 

fully account for the data. These two steps correspond to the expectation and maximization steps, respectively. The objective 

function is the function of the parameters and specifies how ‘good’ such parameters are. The objective function embodies both 

the internal consistency of the recognition and generative models and the likelihood of the data given the generative model. In 

density learning, representational learning has two components that are framed in terms of expectation maximization [23]. 
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 Iterations of an E-step ensure the recognition approximates the inverse of the generative model and the M-step ensures that 

the generative model can predict the observed inputs. 

Probabilistic recognition uses q(v/i;θ)  to determine the probability that v featured the observed inputs. EM provides a useful 

procedure for density estimation that helps relate many different models within a framework that has direct connections with 

statistical mechanics. Both steps of the EM algorithm involve maximizing a function of the densities that corresponds to the 

negative free energy in physics [22]. 

This objective function comprises two terms. The first is the expected log likelihood of the inputs under the generative 

model. The second term is the Kullback–Leibler (KL) divergence between the approximating and true recognition densities. 

The KL term is always positive, rendering D a lower bound on the expected log likelihood of the inputs. Maximizing D 

encompasses two components of representational learning: (i) it increases the likelihood of the inputs produced by the 

generative model and (ii) minimizes the discrepancy between the approximate recognition model and that implied by the 

generative model. 

The E-step increases D with respect to the recognition parameters φ; ensuring a veridical approximation to the recognition 

distribution implied by the generative parameters θ. The M-step changes θ enabling the generative model to reproduce the 

inputs E  φ=max D ,      M     θ =max D. There is a number of ways of motivating the free energy formulation in Eq. (4). A 

useful one, in this context, rests upon the problem posed by non-invertible models. This problem is finessed by assuming it is 

sufficient to match the joint probability of inputs and causes under the generative model p(i,v;θ)= p(i/v;θ) p(v;θ)   with that 

implied by recognizing the causes of inputs encountered p(i,v;φ)= q(v;i,φ) p(i). Both these distributions are well defined even 

when p(v/i;θ) is not easily parameterized. This matching minimizes s the divergence. 
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This is equivalent to maximizing D because the entropy of the inputs H (i) is fixed. The E-step adjusts the recognition 

parameters to match the two joint distributions, while the M-step does exactly the same thing but by changing the generative 

parameters. The dependency of the generative parameters, on the input distribution, is imediated vicariously in the M-step 

through the recognition. 

In the setting of invertibility, where q(v;i,φ)  the divergence in Eq. (5) reduces to KL{p(i),p(i;θ)}. 

As above, the M-step then finds parameters that allow the model to simply match the observed input distribution (i.e. 

maximize the expected likelihood). 

Implementation can be done with Restricted Bolzmann Machine in supervised learning manner.  Supervised learning refers 

to the simplest problem in which the parameters of the generative model are known, allowing one to generate simulated 

sensory inputs from features with a known prior distribution. This is because their supervised aspect means the generative 

model is already known. From the point of view of expectation maximization, only the first step is required to find the 

parameters of the recognition density. In supervised schemes the generative model is pre-specified and only the recognition 

parameters need to be learned. The generative model is known in the sense that any feature determines the input, either 

deterministically or stochastically. In this case only the E-step is required in which the parameters φ that specify q(v;i,φ) 

change to maximize D. The only term in Eq. (4) that depends on φ is the divergence term, such that learning reduces to 

minimizing the expected difference between the approximate recognition density and that required by the generative model. 
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Supervised learning, of this sort, is equivalent to non-linear function approximation, a perspective that can be adopted on all 

supervised learning of deterministic mappings with neural nets.  

 

VIII. CONCLUSIONS 

This paper presents a brief review about the types of the storage devices, proving that the lithium ion batteries is very 

suitable for mobile applications.  

There are several architectural solutions presented for the hybrid storage systems in function of the driving profile for the 

hybrid vehicles. The diagram of the proposed electrical vehicle architecture including Sankey flow arrows is given. 

The design flow for the lithium ion batteries using the life cycle assessment methodology is also presented for the LiMn2O4 

battery, taking in to account all parameters.  

There are two classes for the hybrid storage system of the electric vehicles. 

The ageing analyzing was made using the standalone testing system which consists of Hameg HM8143 and two Picotest 

M3500A. The program to control this system was made in graphical programming LabVIEW.  

The model for determining the optimal ratio SC/B in various driving cycles was developed using a generative probabilistic 

model. 
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