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Future Hybrid and Electric Propulsion Systems: An Advanced Tool Integrated in a Complete Workflow to Study Electric Devices Développement et optimisation des futurs systèmes de propulsion hybride et électrique

un outil avancé et intégré dans une chaîne complète dédiée à l'étude des composants électriques

INTRODUCTION

In recent years, environmental issues such as energy saving and reduction of CO 2 emission are emphasized. In particular, the energy consumption of automobiles accounts for a substantial amount of all transportation sectors. There are various approaches to reduce the fuel consumption of automobiles. For this purpose, high efficient powertrain and lightweight automobiles are being developed. On the other hand, the so-called "eco-driving'' can also reduce the fuel consumption.

Eco-driving is now considered to be a major way of reducing the energy consumption linked to the transport of people or goods. However, the meaning of this expression is not very clear and encompasses different concepts. Generally, the idea is that there are different ways of driving a specific journey that are not equivalent from an energy point of view. Eventually, the objective is to find the optimal one. More generally, for personal cars, many features are proposed or will be proposed in the near future by car manufacturers. Most of the time, they consist of advising the driver

D o s s i e r

Electronic Intelligence in Vehicles Intelligence électronique dans les véhicules to change gear or to adopt a moderate velocity [START_REF] Sato | Analysis of the Effect of Eco-driving with Early Shift-up on Real-world Emission[END_REF], through an interface integrated in the dash boards of vehicles. In this case, the approach is mainly static: only the choice of the engine operating point is considered and the speed trajectory is neglected. In effect, the energy (or fuel) consumption is reduced but there is no guarantee that the driving behavior is optimal. The assessment of this kind of features is not addressed (to the authors knowledge).

In this context, several studies that investigate the problem of optimization of the speed trajectory of the vehicle have been reported [START_REF] Luu | Dynamic programming for fuel consumption optimization on light vehicle[END_REF][START_REF] Sciarretta | Fuel-Optimal Control of Rendez-vous Maneuvers for Passenger Cars[END_REF][START_REF] Stoicescu | On Fuel-Optimal Velocity Control of a Motor Vehicle[END_REF]. The goal of vehicle trajectory control is to determine which is the vehicle speed profile that minimizes the fuel consumption over a given time horizon, usually with various constraints that depend on the particular route [START_REF] Petit | Optimal drive of electric vehicles using an inversion-based trajectory generation approach[END_REF]. Therefore, for heavy trucks or for trains, control strategies have been proposed to optimize the vehicle speed trajectory on motorways [START_REF] Hellstrom | Lookahead control for heavy trucks to minimize trip time and fuelconsumption[END_REF] and have already shown that the fuel consumption can be significantly reduced.

In this paper, we propose an approach to evaluate the energy efficiency of a travel of a vehicle. This approach provides metrics that can be used to evaluate the potential of improvement achievable via eco-driving techniques and the performance actually achieved by any of them. It can be the basis for an evaluation of a fleet of vehicles and of a whole city for which an energy efficiency map could be derived, depending for instance of traffic management strategy. Experimental data are provided to illustrate the approach for a fleet of electric vehicles in an urban environment. The methods proposed are intended to be the basis of a driver-assistance system oriented to optimal eco-driving.

The structure of the paper is as follows. Section 1 presents the mathematical model of the vehicle system and its identification using experimental data. Then, the optimization problem is formulated in Section 2. In Section 3, we show the experimental illustration. Finally, we wrap up the paper with some concluding remarks.

SYSTEM MODELING

The vehicle is a small electric car propelled by a AC traction motor, connected to the rear wheels by a fixed reduction gear. A battery pack provides power to the motor through a DC/AC converter. The vehicle can be modeled as a standard drive-train as seen in the schematic in Figure 1, including the battery, auxiliary losses, DC/ AC converter and the electric motor.

The vehicle model used here is a basic longitudinal model that captures the inertial dynamics of the vehicle and the efficiency of the powertrain components, to be able to predict energy consumption. The foundation for the modeling work can be found in [START_REF] Guzzella | Vehicle propulsion systems. Introduction to modelling and optimization[END_REF]. This section illustrates how the model is built and validated using the information provided by some external measurements on the vehicle. Different experimental tests have been done on the vehicle for this purpose. Note that the information given by the vehicle manufacturer does not include any detailed characterization of the components of the vehicle (F-CITY). These data are shown in Table 1. 

Vehicle Model

The motion of the vehicle is governed by the usual longitudinal dynamics model:

M dv dt = F t -F res -F slope -F brk ( 1 
)
where M is the total mass of the vehicle, v is the speed of the vehicle, F t is the traction force, F res is the resistive force that summarizes the aerodynamic friction and the rolling friction, F slope is the force caused by gravity, and F brk is the mechanical brake force, respectively. F res can be expressed as:

F res = a + bv + cv 2 (2)
where a, b and c are parameters to be identified. Finally F slope can be modeled as:

F slope = Mgsin(α) ( 3 
)
where α is the road slope and g is the gravitational acceleration.

Electrical Components

AC Motor

The traction motor is a AC motor. The data provided does not include a steady-state map of the electric power nor an efficiency map but only few measurements of armature voltage, current, speed and power on some steady state operating points. Therefore, in order to identify the following steady state map:

P elec = φ elec (T mot , ω mot ) ( 4 ) 
we use a dynamical model of the motor and we develop a control law to track the requested torque. Thus, the voltage equations are given by: [START_REF] Petit | Optimal drive of electric vehicles using an inversion-based trajectory generation approach[END_REF] where the stator and rotor flux linkages are defined using their respective self leakage inductances and mutual inductance as given below: The stator and rotor resistance (R s , R r ), the stator and rotor inductance (L s , L r ), as the mutual inductance M are parameters to be identified. The motor speed is computed as:

V ds =
φ
ω mot = ω s -ω r (7)
Finally the electromagnetic torque and the power consumed by the motor are given by:

T mot = p M L r (φ dr I qs -φ qr I ds ) ( 8 ) 
P elec = V ds I ds + V qs I qs + V dr I dr + V qr I qr [START_REF] Holtz | Identification of the machine parameters in a vector-controlled induction motor drive[END_REF] To track the torque of this machine, we have developed a model based control law where the control actions are the voltages and the frequency of the machine. This control law can be summarized by:

(V ds , V qs , ω s ) = ψ(T mot , ω mot ) ( 1 0 ) 
Due to space limitations, we have omitted the mathematical proof and the development of this controller. See [START_REF] Maes | Speed-sensorless direct torque control of induction motors using an adaptive flux observer[END_REF] for more details.

Battery Model

The battery is described by a simple equivalent circuit: [START_REF] Sundstrom | A generic dynamic & programming matlab function[END_REF] which explicitly relates the battery voltage U bat to its current I bat . The voltage source E and the resistance R are varying with the state of charge ξ. Assuming that the auxiliary power consumed is zero then the net electrochemical power (i.e. the one that corresponds to the actual battery charge or discharge) can be expressed as: [START_REF] Dib | Optimal Control to Minimize Trip Time and Energy Consumption in Electric Vehicles, Vehicle Power and Propulsion Conference (VPPC)[END_REF] where:

U bat = E(ξ) -R(ξ)I bat
P bat = EI bat
I bat = E 2R - E 2 -4P elec R 4R 2 (13)

Use of the Model and Input Variable

This model is used in either forward or backward mode. The forward mode reproduces the physical causality of the system, i.e. the model is used to compute the vehicle acceleration given the control inputs (position of the acceleration and brake pedals). The backward mode instead is used to compute the power consumption of a given speed profile which is the principal input of the model. In this case, the resulting torque demand T pwt,sp can be positive (traction) or negative (braking). The requested motor torque T mot is then determined as:

T pwt,sp = F t R tyre = T mot R 1 η trans (14)
where R 1 is the constant motor-to-wheels transmission ratio, R tyre is the radius of the wheel and η trans is the transmission efficiency. This application of the model in the backward mode allows to process the experimental data available in order to obtain the corresponding estimate of power and energy consumption. The forward model, on the other hand, is used for the simulations to predict the vehicle speed given T pwt and F brk . Both these quantities are determined by the single control variable u, a non dimensional quantity varying in the interval [-1, 1]. Values of u smaller than u mech,brk correspond to the use of mechanical brakes (F brk > 0) while values larger than u mech,brk modulate the electric motor between its minimum and maximum current. In formulas:

T pwt (u) = T pwt,min + u + T pwt,max -T pwt,min (15) 
F brk (u) = u -F brk,max (16) 
where:

u + = u if u ≥ u mech,brk 0 if u < u mech,brk and u -= 0 if u ≥ u mech,brk -u if u < u mech,brk -1.0 -0.5 0 0.5 1.0 -1 0 1 u (-) T pwt / T pwt,max -1.0 -0.5 0 0.5 1.0 0 0.5 1.0 u (-) F brk / F brk,max Figure 2
Representation of T pwt (u) and F brk (u).

See Figure 2 for a graphical representation of these formulas.

The value u = u mech,brk corresponds to the minimum motor torque, which is negative and generates the maximum regenerative braking T pwt,min . The latter and u mech,brk are also identified due to some experimental tests. Note that T pwt,max corresponds to the maximum motor torque applied on the powertrain and F brk,max to the maximum braking force, respectively.

Model Identification

Based on the model defined above, the following parameters are identified using experimental measurements: the parameters related to the longitudinal vehicle, a,b,c; the parameters of the electric motor, R s , R r , L s , L r , M; the voltage source of the battery function of the state of charge, E(ξ) and its internal resistance R(ξ); and the values of u mech,brk and T pwt,min . The identification of these parameters can be done separately with the measurements provided on the vehicle.

Vehicle Parameters

The vehicle parameters a, b and c in Equations ( 1) and ( 2) are obtained by minimizing the error:

v = l∈decel Mdv dt (l) -a -bv(l) -cv 2 (l) (17) 
during deceleration phase (F t = 0) and on a flat road (F slope = 0). The index l represents the discretization step of the measurements. The results of the fitting are shown in Figure 3. By doing this, we get a = 137.4773 N, b = 6.4275 N m/s and c = 0.4763 N (m/s) 2 . Figure 4 shows the resistive power computed from the vehicle model identified above with the maximum motor power given by the vehicle manufacturer function of the speed. As we can see, the maximum speed (the intersection between the two curves) is around 63 km/h which is compatible with the one given in the datasheet of the vehicle.

Motor Parameters

By means of the measurements provided from the vehicle, we identify the following information concerning the motor: the motor should ensure more than 8 kW for a motor speed 6 200 rpm in a static phase; and more than 60 Nm and 15 kW as mechanical power transiently. 

Steady state map of the electric power of the motor.

Based on these constraints combined with the datasheet of the motor given by the vehicle manufacturer, we identify the different parameters of the motor using the dynamical model defined above. Therefore we get R s = 0.00431 Ω, R r = 0.00431 Ω, L s = 0.017 H, L r = 0.017 H, M = 0.016869 H. See [START_REF] Holtz | Identification of the machine parameters in a vector-controlled induction motor drive[END_REF] for more details. Therefore, combining the dynamical motor model identified with its model based controller, we identify the steady state map of the electric power and the efficiency as depicted in Figure 5.

Battery Parameters

Using Equations ( 11) and ( 13), the battery parameters can be found minimizing:

b = l |U bat (l) -Ûbat (l)| = l |U bat (l) -(E(ξ) -R(ξ)I bat (l))| (18)
where (•) defines the estimated value. To do that and due to the lack of experimental measurement, we proceed by two steps. First, we identify E(ξ) in the relaxation phase where I bat = 0, then we identify R(ξ). Figures 6 and7 show the identified variables versus the state of charge of the battery (ξ).

Identification of u mech,brk and T pwt,min

As shown is Figure 2, u = u mech,brk corresponds to the minimum motor torque, which is negative and generates the maximum regenerative braking T pwt,min . Moreover for u = 0, the motor torque is also not zero. To identify T pwt,min let us first define the mechanical brake power as:

P brake (v) = min(a brk + b brk v(t), P max brake ) (19) 
Minimizing: Battery state of charge (%) Battery resistance (ohm)

brk = l∈decel M dv dt (l) -M dv dt (l) (20) 
Battery resistance versus the state of charge.

with:

M dv dt = P brake (v(l)) v(l) -a -bv(l) -cv 2 (l) (21) 
during the deceleration and braking phase, we can observe the following features (Fig. 8):

below a given speed threshold ω mot = 3 700 rpm the maximum regenerative motor torque is constant and is equal to 16.8 Nm; above ω mot > ω mot , the motor has a mechanical power limitation defined by P max brake = 6.6 kW. Therefore using Equation ( 14), we can easily compute T pwt,min . Following the same procedure, we can identify the motor torque for u = 0. This leads to u mech,brk = -0.2. Validation of the complete vehicle model.

Overall Model Validation

Using the vehicle model identified above in the backward mode, we compute the power and the energy of the battery for a given vehicle speed acquisition. On the other hand, we compute the measured battery energy, as calculated from the experimental data:

E bat = k 1 (U bat (l) • I bat (l)) ∆t
and we compare to the model output. See Figure 9.

Conclusion on validation. On the basis of the results

shown, the model proposed is deemed sufficiently accurate to represent the vehicle behavior from a system-level point of view, where the model overall error is less than 1.7% over 10 km of traveled distance. This error is basicaly due to the lack of an accurate measurement of the road slope, the fact that we use a simple model for the losses in the electrical motor and finaly, due to wind force.

METRICS FOR ECO-DRIVING EVALUATION

Eco-Driving Indicator

The objective of this section is to propose an indicator to evaluate the potential of improvement achievable via ecodriving techniques and the performance actually achieved by any of these techniques.

To do that, we propose to compare the overall energy consumption of the vehicle during a road trip in a real-life driving conditions, with the minimum energy consumption that is necessary to complete the trip. The latter is calculated by means of the speed profile optimization that will be discussed in the next section. The 'eco-driving' indicator can be explicitly defined as:

ECO Energy = E bat,opt E bat,nom (22) 
where E bat,nom is the energy consumption of the battery for the nominal case, i.e. under real-life driving conditions and E bat,opt for the optimal case, respectively. The energy consumption of the battery for the nominal case is given by experimental acquisitions, as described in Section 3. If E bat,opt = E bat,nom , the eco-driving indicator will be ECO Energy = 1. This implies that the driver achieves the minimum energy consumption possible on that particular trip.

In the sequel of this section, we will describe the evaluation of E bat,opt for any given vehicle trip.

Optimization Problem Formulation

The objective of the optimal control is to minimize the overall energy consumption of the vehicle, intended as battery discharge. The optimization horizon, or segment, is defined as the distance between two breakpoints, i.e. two geographical points separated by a known distance, at both of which the speed is imposed. In practice, the optimization horizon corresponds usually to the distance between two successive stops (i.e. imposed speed equal to zero). The degree of freedom that can be used to achieve the optimization objective is the vehicle speed. Therefore, the output of the optimal control is the sequence of speed values that would generate the lowest energy consumption, while moving the vehicle between the two breakpoints in a prescribed time T . Experimental acquisitions on non-controlled vehicles, collected in a database, give this prescribed time as the one corresponding to real-life driving conditions. The same experiments generate a nominal speed profile for each segment.

The formalization of this problem can be done using the following system description and constraints:

                             ḋ(t) = v v(t) = f (v, u, d) d(T k ) = D k v(0) = v i,k v(D k ) = v f,k v(d) ∈ X(d) ⊂ R u(d) ∈ U(d) ⊂ R (23) 
where v(d) is the vehicle speed, d is the distance traveled and u(d) is the control variable defined in Equations ( 15) and ( 16). The function f (v, u, d) is given by Equation (1).

T k is the time duration of the segment k, D k its length, v i and v f are the initial and the final speed of each segment, respectively. The sets:

X(d) = {v min (d) < v(d) < v max (d)} (24) 
and

U(d) = {-1 < u(d) < 1} (25)
represent the constraints on the state and the control input, where v min (d), v max (d) are the minimum and maximum speed limits. This formulation makes use of reference profiles, which are assumed to be known. Dynamic programming [START_REF] Bellman | Applied dynamic programming[END_REF] is used to obtain the optimal solution to the 1-state problem. The implementation makes use of the open-source function DPM, developed at ETH-Zurich [START_REF] Sundstrom | A generic dynamic & programming matlab function[END_REF]. This approach is similar to what was proposed in [START_REF] Dib | Optimal Control to Minimize Trip Time and Energy Consumption in Electric Vehicles, Vehicle Power and Propulsion Conference (VPPC)[END_REF] where we use only the speed as a state, and consider the distance as the independent variable: in this case, the distance constraint is automatic (horizon length), while the time constraint is to be enforced separately. To do so, a tunable coefficient β is used to treat the time constraint as an additional contribution to the optimization criterion [START_REF] Hellstrom | Lookahead control for heavy trucks to minimize trip time and fuelconsumption[END_REF].

Energy Minimization for a Simple Travel

The objective of the simulations shown in this paper is to demonstrate the potentiality of the approach proposing a method that will serve as the basis for future online implementation.

To illustrate the characteristics of the solutions found, two baseline cases are first considered. For a given time duration T = 25 s, first a relatively short distance D = 100 m (case A), then a relatively long distance D = 200 m (case B) are considered. In both cases, v i = v f = 0, that is, the segment considered is between two vehicle stops.

The optimal solution for the case A is shown in Figure 10. The trace of the control variable, the motor torque, clearly shows that the optimal trajectories are made of four different phases. In the first phase, the torque decreases from a maximum value (that is lower than the maximum motor torque in the case A) to the zero value. Correspondingly, the vehicle speed increases and reaches its maximum (lower than the maximum vehicle speed in the case A). In the second phase, the motor torque is around zero and the vehicle speed decreases due to the drag forces. In a short third phase, the motor torque decreases to negative values (regenerative braking), until a minimum value is reached, corresponding to the limits of the machine in generator mode. In the fourth phase, the motor torque is constant at its minimum value and the vehicle keeps decelerating. A fifth phase is barely visible at the very end of the mission, where the friction brakes are activated and the vehicle decelerates to its complete stop. The battery energy consumed amounts to 23.54 kJ.

In the case B, see Figure 11, the optimal trajectories are characterized by an additional initial phase, with the motor torque saturated to its maximum value. Then a decreasing torque phase, although less linear than in the case A is observed, followed by a null torque phase, a decreasing torque phase, a minimum torque phase and, finally, Optimal energy with different mass vehicle. a friction braking phase. The vehicle speed varies accordingly, still remaining below its maximum admissible value.

Robustness

In this section, we study the robustness of the optimal solution presented above with respect to the different parameters changes of the vehicle model. As we already shown, the solution of the DP is based on a mathematical model representing the system. Therefore, any perturbation of the physical parameters of the system may impact the optimal solution. We are particularly interested by: the mass of the vehicle M; and the parameters a, b, and c of the vehicle model.

Therefore, we study the impact of these parameter's variations on the optimal speed trajectory and on the energy consumption. To do that, we define the following constraints of the optimization problem: the time duration of the segment is 25 s; the length of the segment is 100 m; the initial and final speed are zeros.

Figure 12 shows the optimal speed profile and the energy consumed for different values of M. We can observe that the optimal speed has the same behavior for the four cases and the energy consumed is proportional to the mass of the vehicle M. For a 25% increase in the vehicle mass, the consumption is increased by 5.5%. In this case, the estimated value of the mass vehicle used in the controller is equal to the real one. In Figure 13, we present the energy consumed by the vehicle to realise different speed optimal profiles for different mass values. These profiles are obtained with different estimated values of M. This will indicate the impact of overestimating or underestimating the value of the vehicle mass while solving the optimization problem on the energy consumed. The y-axis of the right side of Figure 13 is defined as the norm of the energy with respect to the optimal one. Therefore, we can observe that the optimal solution i.e.; that corresponds to minimum energy consumption is obtained when the estimated value of the mass is equal to the real vehicle mass.

For example, we can observe that, if the real vehicle mass is equal to 1 050 kg the minimal energy consumed is obtained of course if we use this value while solving the optimization problem. However, if we underestimate this value (M = 840 kg) while generating the optimal speed profile, the loss in energy is only 1.45% with respect to the optimal profile computed while using the correct value of the mass. Even lower erros are obtained for differents values of the mass.

Figures 14 and15 show the same simulation tests while varying the value of the parameter a of the vehicle model. We recall that this parameter represent the mechanical friction on the wheel. As we can observe, increasing the friction on the wheel implies more energy consumption. By varying the value of a by ±50%, we have ±33% in energy consumption, approximately. However, even large errors in the estimated values of a induce differences lower than 5% with respect to the optimal energy profile.

Finally, the same simulations are done while varying the value of b and c of the vehicle model. See Figures 16171819. These parameters correspond to the rolling and the aerodynamic frictions, respectively. However, in this case, we increase the traveled distance to D k = 200 m while maintaining the same time travel. This is because, these parameters are multiplied by the vehicle speed in the model and in order to see clearly their impact on the speed profile and the energy, we increase the average speed. By varying the value of b and c by ±50%, we have ±8% and ±6%, respectively. Optimal energy with variation of the parameter b of the vehicle model. Optimal trajectory compared to the nominal case. 

Optimal trajectory for the segments number #12 and 13 (shaded area in Fig. 20), compared to the nominal case.

The optimal speed profiles have the same behaviors in both cases. Large errors on the estimated values of b and c induce less than 1% difference with respect to the optimal case.

EXPERIMENTAL ILLUSTRATION

In this section, the optimal speed profiles obtained as described in Section 2.3 are compared to nominal trips, i.e. real-world experimental data, measured by driving the vehicle in urban driving conditions. Some of these data, i.e. those not directly available, have been post processed using the backward model of Section 1. The terminal conditions and speed limits of the optimal trajectory match the nominal data. A total of 828 trips have been recorded, for a total distance of 1 540 km. The average speed is of 17 km/h, which is typical of urban driving conditions. The total amount of energy consumed is 311 kWh, which corresponds to the complete discharge of 21 batteries. An example trajectory is shown in Figure 20. The figure refers to a 4.57 km trip, subdivided into 28 segments, identified as sections between two minima in the speed profile. Vehicle speed and battery energy (cumulative discharge) are shown as a function of time. The distance traveled and the total time to complete the trip are identical between the reference and the optimal trajectory, thanks to the constraints introduced in the problem formulation. However, the optimal trajectory allows to reduce the overall energy consumption by a sensible amount, thanks to a better choice of the speed value at each instant. In order to better show the behavior of the optimal profile in comparison with the nominal, the segments #12 and 13 (shaded in Fig. 20) are magnified in Figure 21, where the same quantities are plotted.

The optimal trajectory consists in a smoother acceleration and lower peak speed, which reduces the peak power demand and therefore, the overall energy consumption.

The overall eco-driving indicator (22) of the whole trip is ECO Energy = 69.03% where E bat,nom = 1 945.9 kJ and E bat,opt = 1 343.4 kJ. Table 2 shows the indicator ECO Energy for the different segments of the trip. As the table clearly shows, the values of ECO Energy are always lower than 85% and often lower than 70%. This means that the potential energy saving that could be achieved with appropriate ecodriving techniques is substantial for this trip. The results obtained for other trips confirm this assertion. 

CONCLUSIONS

The potentiality for saving energy by optimizing the speed trajectory is demonstrated in this paper. A relatively small change in the driver's behavior (which could be suggested by an appropriate interface) could lead to significant energy savings. This potential has been evaluated with respect to optimal speed trajectories. The optimization procedure that is presented is only suitable for an offline use. The next steps of this work will include the development of a driver-assistance system oriented to optimal eco-driving. To do so, the same optimal control problem formulation described in this paper will be used, however, different solving techniques will be necessary in order to allow for an online implementation.
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 1 Figure 1 F-CITY drive train schematic.
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 4 Figure 3Curve-fitting of the vehicle parameters.
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 6 Figure 6Battery voltage source versus the state of charge.

  Figure 8Validation of the complete vehicle model.
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 10 Figure 10Optimal solution with T k = 25 s and D k = 100 m (case A).
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 11 Figure 11 Optimal solution with T k = 25 s and D k = 200 m (case B).
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  Figure 13Optimal energy with different mass vehicle.

  Figure 14Optimal energy with variation of the parameter a of the vehicle model.

  Figure 15Optimal energy with variation of the parameter a of the vehicle model.

  Figure 17Optimal energy with variation of the parameter b of the vehicle model.

  Figure 19Optimal energy with variation of the parameter c of the vehicle model.
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TABLE 1 F

 1 -CITY datasheet

	Performance		
	Maximum speed	65 km/h	
	Range	80 to 100 km	
	Acceleration from 0 to 30 km/h	5 .5 s	
	Electrical components	Type	Power
	Motor	AC	8 kW /11 hp
	Battery	Ni-MH	14.4 kWh
	Maximum weight	1 140 kg	

  R s I dsω s φ qs +

		dφ ds
		dt
	V qs = R s I qs + ω s φ ds +	dφ qs dt
	0 = R r I dr -ω r φ qr +	dφ dr dt
	0 = R r I qr + ω r φ dr +	dφ qr dt

TABLE 2

 2 Eco-driving indicator of the optimal trajectory compared to the nominal case for the first 13th segments

	Seg. #	ECO Energy (%)	Distance (m)	Average speed (m/s)
	1	6 9 . 7 0	2 3 4 . 0 4	3 0 . 0 9
	2	6 7 . 6	1 4 6 . 5 2	3 1 . 0 2
	3	7 1 . 6	3 6 4 . 4 7	3 2 . 0 0
	4	6 6 . 7	1 5 3 . 5 4	2 6 . 3 2
	5	6 6 . 7	2 8 3 . 9 7	3 0 . 0 6
	6	8 2 . 7	3 7 3 . 4 5	3 5 . 3 8
	7	8 0 . 0	2 5 9 . 1 8	3 5 . 8 8
	8	6 7 . 6	8 1 . 5 0	2 2 . 5 6
	9	7 0 . 6	2 0 7 . 8 8	2 9 . 9 3
	10	69.7	100.73	25.90
	11	69.1	38.65	13.91
	12	71.4	146.01	22.85
	13	62.9	112.26	20.20
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