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Fig. 1 Illustration of airport-city bus transport electrification and e-hub establishment planning framework 

The overall e-bus transport and e-hub system becomes quite complex and requires proper software 
solution for optimized planning to minimize the investment (e.g., e-buses, charging stations) and 
operational costs (e.g., electric energy). Typical questions which such an electrification planning study 
should generally address include: 

(i) what type of e-bus (HEV, PHEV, BEV) and with what size of battery are recommended (the 
emphasis is on BEV, i.e. fully electric vehicle); 

(ii) what type of chargers and with what rated power are recommended (e.g., slow/night charging 
only, fast charging from grid, fast charging from a stationary battery); 

(iii) where should the chargers be located (city or airport) and how the airport building power grid 
(including RES, stationary battery and similar) should be configured for minimum cost and CO2 
emissions; 

(iv) how should the e-hub system be configured in support of charging other e-vehicles;  

(v) how should the e-bus fleet and e-hub scheduling and charging management system be 
implemented; and  
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(vi) what would be proper ICT solutions in support of overall vehicle-grid integration including 
interoperability? 

As far as the bus transport electrification planning is concerned, the software solution/tool developed 
by the FME team through the Interreg CE project SOLEZ [1] may be used to provide answers to the 
above questions, based on a virtual simulation of the targeted electrified transport system using 
recorded driving cycles and faithful physical e-bus models. However, to address the e-hub design 
needs and provide automated charging configuration and bus scheduling optimization, the SOLEZ 
tool should be significantly extended. The tool is described in Subsection 2.2, its limitations are 
discussed in Subsections 2.3, and its modifications and extension made through this project are 
outlined in Subsection 2.4. 

2.2 Description of existing software solution developed through SOLEZ project 

Fig. 2 illustrates the structure of the city bus transport planning software tool developed through 
SOLEZ project [1]. The tool is driven by recorded driving cycle data, and as the main output it delivers 
the Total Cost of Ownership (TCO) over the projected fleet operational period (e.g., 12 years). The 
Data Post-Processing Module (DPPM) transforms the recorded driving data into individual driving 
cycles, and it also calculates various statistical features characterizing the conventional city bus 
transport behaviours. The Electric Bus Simulation Module (EBSM) provides computer simulations of 
different types of city buses (CONV, HEV, PHEV, BEV) over the driving cycles extracted by the DPPM. 
The module outputs include the individual bus energy consumption (fuel and/or electricity) and 
various features of powertrain response (e.g., engine/e-motor operating points, gear ratio trajectories, 
etc.). The Charging Optimization Module (COM) utilizes the outputs of DPPM and EBSM to virtually 
simulate the overall city bus fleet over the recorded driving cycles and optimise the PHEV- and BEV-
type bus charging configuration and management. This module provides the number, location, and 
type of chargers, the bus battery capacity, and the number of reserve buses in the BEV case, which 
are required to fulfil the driving routes with sufficient battery charge. The COM also outputs the total 
fuel and/or electricity consumption over the considered period of operation. The Techno-Economic 
Analysis Module (TEAM) uses the output data from the COM module, as well as the data on bus 
transport investment and exploitation/maintenance cost, in order to calculate the TCO. 
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following characteristic phases: a) preparation of training and validation/testing datasets, b) 
selection of relevant driving cycle features, c) model parameterization and validation, and d) 
model assessment. The HVAC system model is developed separately, and the energy 
consumptions predicted by the two models are summed up. 

2) Charging configuration optimization (Section 4). A multi-objective genetic algorithm (GA) is 
used to optimize the charging configuration given by the locations of charging stations and the 
number of chargers per each charging station. The optimization is conducted for the e-bus 
transport system represented by a computationally efficient trip-based model. The 
optimization results in a Pareto frontier in the following three objectives: the number of 
charging stations, the total number of chargers, and the total (cumulative) e-bus fleet delay 
caused by charging restrictions. A special attention is given to designing an algorithm that finds 
a set of configurations with the minimum number of charging stations, whose results are used 
to reduce the search space of the GA. The designer picks a point from the Pareto frontier 
which provides a good trade-off of investment cost (number of charging stations and chargers) 
and operational delay cost, and at the same time provides a reserve (i.e., robustness) against 
the transport system modelling errors. 

3) E-bus scheduling optimization (Section 6). For the given transport system (defined by e-bus 
type, lines, and timetables) and (pre-optimized) charging configuration, e-bus scheduling is 
optimized in terms of which bus takes which service trip, including the possibility to move 
buses between lines to fulfil the timetables and/or take the opportunity to recharge. The 
optimization problem is defined as a MILP problem, considering various charging constraints 
including the charge sustaining condition (all the buses should have the same initial and final 
state of charge conditions and allowing for a wide system specification flexibility (e.g. in terms 
of specifying individual charger maximum power, the number of chargers per stations, the bus 
battery capacity etc.). The optimization problem is solved by a MILP algorithm and a GA, where 
the former provides optimal solution but is impractical for large-scale systems due to 
computational inefficiency, while the latter is computationally efficient but only nearly optimal. 
The optimization results in a Pareto frontier in two objectives being minimized: the total 
number of buses and the deadhead distance. The Pareto frontiers have been obtained for both 
e-bus and conventional bus fleets, and they are comparatively analysed. 

4) Model predictive charging management (Section 5). A model predictive control (MPC) 
strategy, run over a receding horizon or a single-day shrinking horizon, is designed to handle 
online charging management in an optimal and predictive manner. The optimality is formulated 
in minimizing the total charging electricity cost, while the predictive feature relates to 
anticipating varying electricity prices, RES production, and transport demand. In order to make 
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Fig. 11 Response of recorded e-bus model variables for dataset used in model training and corresponding 
simulation responses of SoC, energy consumption and HVAC power  
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3.2.6 E-bus model validation 

For an unbiased assessment of modelling accuracy, the overall e-bus model has also been validated 
against a couple of other datasets (corresponding to different days of operation of the same bus on 
the same route during the same summer month). The results of the first validation, shown in Fig. 12a, 
confirm the very good modelling accuracy. 

 

Fig. 12 E-bus model validation for first (a) and second validation dataset (b), as well as for second 
validation dataset but with simulated A/C system switched of from 7 am and to 10 am 

However, the model performance degrades for the second validation (Fig. 12b) in terms of occurrence 
of SoC and energy consumption offsets during a relatively long bus pause (dwell time) at the end 
station after the second driving mission (i.e., after 8 am; see also the velocity profile in Fig. 11). It has 
been hypothesised that, unlike in the previous two datasets, the HVAC system was shut down during 
the morning hours since the ambient temperature was around the room temperature. Because the 
model presumed that the HVAC was active during the whole operation period, its SoC and energy 
consumption predictions persistently changed, thus accumulating the offset during the morning 
pause. In order to check the above hypothesis, the HVAC submodel is shut down in the period from 
7 am to 10 am. The corresponding results shown in Fig. 12c indicate that the modelling accuracy is 
significantly improved when compared to the original response in Fig. 12b. A small offset is, though, 
still present in the SoC and energy consumption results around 10 am. 
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3.3 Physical model-based sensitivity analysis of e-bus energy consumption 

Once the e-bus model is successfully validated, it can be used as a basis for energy consumption 
sensitivity analysis for a wide range of scenarios and operating conditions. Only the SoC trajectory 
results are presented below since the energy consumption responses directly correlate with the SoC 
ones (see Fig. 12). 

3.3.1 Sensitivity analysis with respect to A/C state and ridership 

The sensitivity analysis of battery SoC trajectory is first conducted with respect to different A/C 
states (on | off | full) and bus ridership (zero | medium (40) | full (80) | varying), in order to reveal the 
impact of these operating parameters on the e-bus range. The results shown in Fig. 13 indicate that 
the ambient conditions (i.e., A/C load) and ridership (i.e., the bus load) significantly affect the energy 
consumption, as the final battery SoC can be anywhere between 20% and 70% after approximately 
9.5 h of operation. Accordingly, the e-bus range reduces from the extrapolated maximum value of 
255 km to 87.5 km, which is the reduction of around 65%. When expressed per kilometre of ride, the 
energy consumption reduces from 2.41 kWh/km to 0.87 kWh/km (Table 2). 

 

Fig. 13 SoC trajectories obtained for different levels of A/C and ridership load 
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Table 2 Specific energy consumptions for different levels of A/C and ridership load 

A/C state 
Passengers load 

Zero Medium Full Varying 
On 0.87 kWh/km 1.24 kWh/km 1.59 kWh/km 1.06 kWh/km 
Off 1.31 kWh/km 1.77 kWh/km 2.24 kWh/km 1.56 kWh/km 

 Full* 1.74 kWh/km 2.09 kWh/km 2.41 kWh/km 1.95 kWh/km 
 

3.3.2 Sensitivity analysis with respect to period of daily operation 

In order to gain insight into daily variation of the e-bus specific energy consumption, the simulation 
has been conducted over each individual trip along the day and separately for each driving direction. 
The model is reset to its nominal setting corresponding to actual (varying) A/C and ridership loads (as 
in Fig. 11). The obtained simulation and related recorded values of specific energy consumptions are 
shown in Fig. 14 for individual and combined driving directions. The same figure shows the 
corresponding average vehicle velocity data. The summarised results are plotted in Fig. 15. The results 
correspond only to actual driving missions, i.e. the dwelling periods at the end stations (and resulted 
A/C load) are disregarded. 

 

Fig. 14 Specific energy consumption values calculated per trip (and per direction) based on simulation 
results (a) and recorded data (b), and corresponding average values of recorded vehicle velocity (c) 
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Fig. 15 Simulated vs. recorded values of specific energy consumption (a) and simulated specific energy 
consumption vs. average vehicle velocity (b) 

The specific energy consumption varies significantly due to the effect of road slope (the consumption 
is lower for mostly downhill driving in Direction A, Fig. 14). The consumption variation is significant 
even for combined (two-way) trips (light green bar in Fig. 14a), which is due to due to the varying 
ambient, ridership and traffic conditions (cf. Fig. 3 and Fig. 14). The traffic condition influence is 
substantiated by clear correlation between the specific energy consumption and the average vehicle 
velocity, as shown in Fig. 14 and more clearly in Fig. 15b. The individual direction specific 
consumptions vary in the range from around 0.9 to 2.4 kWh/km, while for the two-way trips they fall 
in the range from 1.2 to 1.8 kWh/km. The good modelling accuracy is confirmed by fine agreement 
between the simulation-obtained and recorded value plots in Figs. 14a and 14b. This is better 
illustrated in Fig. 15a in terms of good alignment of simulation vs. recorded values with the ideal 1:1 
line. Quantitatively, the plot in Fig. 15a is represented by the Pearson's correlation coefficient of 0.95 
and the coefficient of determination is R2 = 0.85, which are quite close to the ideal value of 1. 

3.4 Data collection for data-driven e-bus modelling 

3.4.1 Data collection framework 

In the absence of a wide set of recorded e-bus energy consumption data, the framework depicted in 
Fig. 16 has been employed to generate the data needed for data-driven modelling. Initially, high-
sampling-rate (1 Hz) data were acquired for a 12m electric city e-bus operating across a day on several 
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routes in the City of Jerusalem. The acquired data were employed for parametrization and validation 
of a physical e-bus model running on the same 1 Hz sampling rate (Subsections 3.2 and 3.3). 

At the same time, low-sampling-rate (approx. around 0.25 Hz) data were collected from a fleet of 
around 300 conventional buses operating on 29 routes in Jerusalem over the period of one month. 
The recorded low-sampling-rate data were then transformed into the corresponding set of 
representative high-sampling-rate driving cycles corresponding to trips between two end stations. 
Those driving cycles were then fed to the developed physical e-bus model to obtain the energy 
consumption data. The transformation was based on the Markov chain synthesis method proposed 
in [7]. 

Finally, a wide set of trip-based statistical features (e.g., mean velocity, number of bus station stops, 
average ridership, trip duration, initial SoC, etc.) have been extracted from the synthetic driving cycles. 
They are paired with the physical model-based simulation data on energy consumption to form a 
dataset employed for the development of data-driven model in Subsections 3.5 and 3.6. 

 

Fig. 16 Illustration of data collection framework 
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Fig. 23 Powertrain model residuals plotted vs. predicted values (a) and model predicted vs. true value plot 
(b) 

The normality of residuals is another model assessment criterion. Fig. 24a demonstrates that, despite 
the p-value being lower than the normality threshold, the residuals exhibit an unbiased, symmetric 
distribution resembling the normal distribution. The distribution of relative residuals, shown in Fig. 
24b, indicate that a great majority of relative residuals (actually 90% of them, see Table 6) fall below 
the margin of 8%. The Q-Q plot in Fig. 24c provides further illustration of the residual distribution 
normality by plotting the residuals in a manner that should form a straight line if they are normally 
distributed. Fig. 24d shows a heat plot of the residual versus true value. It reveals that the higher 
relative residuals are associated with lower predicted values, which is apparently due to the nature of 
relative residual calculation that tends to be more sensitive to smaller values. Table 6 provides a 
summarized residual statistic. 

Table 6 Characterization of absolute and relative residual distributions of powertrain model 

 Mean Std. 1% 5% 10% 15% 25% 50% 75% 85% 90% 95% 99% 

Absolute [kWh] -0.06 0.85 -2.31 -1.43 -1.02 -0.78 -0.47 -0.06 0.31 0.62 0.87 1.35 2.56 

Relative [%] -0.50 6.93 -18.70 -11.51 -8.52 -6.75 -4.43 -0.45 3.46 5.87 7.65 10.72 17.83 
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Fig. 24 Characteristic powertrain model residual plots 

HVAC model. Fig. 25 shows the main residual plots of the HVAC model given by Eqs. (3.13) and 
(3.14), while the corresponding statistics is given in Table 7. The 90% of residuals fall below the 
absolute and relative margins of 0.16 kWh or 3.74%, respectively, which confirms the good modelling 
accuracy. 

 

Fig. 25 HVAC model predicted vs. true value plot (a) and corresponding relative residual distribution plot 
(b) 
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Fig. 28 Flowchart of macro-simulation model 

 

 

Fig. 29 Flowchart of heuristic charging management algorithm 
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Table 8 Charging candidate optimization results obtained by expert knowledge (i.e, 'manually') and 
application of modified greedy set-cover algorithm 

 

4.5 Optimization of overall charging system configuration 

This subsection presents details of the overall, multi-objective optimization framework built around 
modeFRONTIER genetic algorithm pilOPT. Fig. 31 shows the modeFRONTIER optimization scheme, 
which includes inputs that represent charging configuration (marked green), and outputs that are used 
in constraints and objective functions evaluation (marked red). The next subsections explain in detail 
each component of the optimization scheme. 

 

Fig. 31 modeFRONTIER scheme of overall charging configuration optimization 
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Greedy combination 2 involves the charging terminal s15, which has lower dwell time as opposed to 
s12 of Greedy combination 4. 

Table 10 Overview of the charging configuration combinations found in each scenario, both according to 
all feasible and Pareto solutions 

 
 

 

Fig. 32 Terminal dwell time statistics 
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characteristic charging configurations marked by black circles in Fig. 33c will be analysed in detail in 
Subsection 4.6.3. 

 

Fig. 33 Pareto frontiers obtained for different optimization scenarios from Table 10: a) Autonomous 
complete space, b) Autonomous reduced space, c) Self-initialized reduced space, and d) Self-initialized 

reduced space II 

4.6.2 Optimization procedure 

Based on the results from the previous subsection, this subsection formalises the optimization steps, 
as shown in Fig. 34 and elaborated as follows: (i) Autonomous complete space scenario is run first in 
order to give the number of iterations for step (iii), (ii) Set of charging terminal candidates is generated 
by using the modified greedy set-cover algorithm, as explained Subsection 4.4, (iii) Self-initialized 
reduced space scenario is run with the number of iterations taken from step (i) and charging terminal 
candidates from step (ii), (iv) Pareto frontier obtained in step (iii) is used to obtain configurations with 
the minimum number of chargers and charging terminals. 
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horizon is denoted as MPC-REC, while the one related to diminishing horizon is referred to as MPC-
DIM. The offline DP and the baseline (dumb) charging strategy relying on Eq. (5.33) are denoted as 
DP-OFF and DUMB, respectively. 

As MPC-REC does not have requirement on SoE at the end of prediction horizon, it is switched to 
MPC-DIM when its prediction horizon reaches the end of simulation time (i.e., when reaching the last 
day of a week), to force SoE to reach the same final target value of 0.95 as in the case of other 
charging optimization/strategies, and thus facilitate comparative analyses. 
 

 

Fig. 44 Online MPC applied to aggregate EV fleet simulation model 

Figs. 45 and 46 show the obtained aggregate SoE and charging power profiles, which reveal that 
MPC-REC profiles closely align with those of the DP-OFF benchmark. MPC-DIM provides somewhat 
different profiles, which is because its formulation includes the constraint on final SoE at the end of 
each day to be equal to 0.95, which is not present in MPC-REC and DP-OFF. However, those 
differences in time profiles do not cause any notable difference in charging costs of DP-OFF, MPC-
REC, and MPC-DIM, as evidenced in Table 13. Note also that all approaches provide the same fuel 
consumption calculated according to the map from Fig. 40b, which is dictated by the same SoE time 
profiles, SoCin,avg and SoCout,avg, used in the aggregate model. 

The DUMB charging approach brings the SoE very close to its upper limit, which is due to charging 
with the maximum power possible (see Subsection 5.4). Unawareness of electricity price is reflected 
in relatively high charging power levels in the periods of high electricity cost, which results in 
approximately 20% higher charging cost when compared to other approaches (Table 13). 
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Fig. 45 Aggregate SoE obtained by different charging approaches applied to aggregate battery model, 
with lower plot representing a zoom-in section of upper plot related to first day profiles 

Table 13 Optimization and simulation results obtained for case of aggregate model and no RES 
considered 

Aggregate 
model, one 

week 

Initial 
SoC [-] 

Final 
SoC [-] 

Fuel 
consumption [L] 

Total charging 
energy [kWh] 

Total cost of 
charging [EUR] 

DP-OFF 0.95 0.95 

4259.8 

6935.0 (0.0%) 515.4 (0.0%) 

DUMB 0.95 0.95 6935.0 (0.0%) 617.6 (+19.8%) 

MPC-REC 0.95 0.95 6935.0 (0.0%) 515.4 (0.0%) 

MPC-DIM 0.95 0.95 6935.0 (0.0%) 515.4 (0.0%) 
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Fig. 46 Aggregate charging power obtained by different charging approaches applied to aggregate battery 
model, with lower plot representing a zoom-in section of upper plot related to first day profiles 

Furthermore, the considered charging approaches have been tested on the distributed vehicle fleet 
model (5.8)-(5.11). The DP-OFF aggregate charging power profile is distributed over individual EVs 
by using the distribution algorithm (Algorithm 3 in Subsection 5.4), while DUMB charging is applied 
directly on the distributed model based on charging power values calculated by Eq. (5.34). Both MPC-
REC and MPC-DIM are applied in an online manner while simulating the fleet distributed model, i.e., 
in each time step the DP optimization is conducted on the prediction horizon by using the aggregate 
model and the obtained aggregate charging power in the actual time step is distributed over individual 
EVs by the distribution algorithm (see Fig. 47). 

Fig. 48 shows the aggregate SoE and charging power time profiles obtained by DP-OFF prior and 
after performing distribution, where it can be observed that the distribution does not perturb the 
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aggregate charging power profile significantly. This is confirmed by a relatively high correlation index 
of the two power profiles equal to 0.78 (correlation index of SoE profiles is equal to 0.91; its ideal 
value is 1 on the range [0,1]). 
 

 

Fig. 47 Online MPC applied to distributed EV fleet simulation model 
 

 

Fig. 48 Comparative plots of aggregate SoE and charging power profiles obtained directly by DP-OFF 
(blue) and after applying distribution algorithm and aggregating resulting profiles (red) 
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departing from DC around 40th hour). It should be recalled that the upper limit on the aggregate 
charging power, given by Eq. (5.4b), is not included here to make the distributed system optimization 
feasible (see Subsection 5.4), and the obtained results may be somewhat overoptimistic for that 
reason (due to less constraints involved). However, the aggregate charging power profile obtained 
from individual profiles by using Eq. (5.13) and shown in Fig. 50 reveals that this violation turns out 
to occur only in several time steps (out of 672). For that reason, these results may be considered as 
the (nearly) globally optimal benchmark on the distributed level in the selected settings of the 
maximum aggregate charging power. 

 
Fig. 49 DP optimized time profiles of SoE and charging power for EV #1 (upper constraint corresponds to 

ncb from Eq. (5.6)) 
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Fig. 50 Aggregate charging power obtained by DP optimization of individual vehicle profiles and 
aggregating them by using (5.13) (no RES considered; red circles denote points where aggregate charging 

power exceeds imposed maximum grid power of 150 kW) 

Table 15 provides the DP results for each EV separately and the corresponding lump sum results. The 
lump sum results from Table 15 are included in Table 16 along with the results related to other 
charging approaches. All methods have very similar fuel consumptions and cumulative charging 
energies, thus making their charging costs directly comparable. The charging costs of DP-OFF and 
MPC-REC turns out to be only up to 2% higher than the DP-IND costs, while that of MPC-DIM is 
even 0.8% lower, confirming that they are all close to the feasible global optimum, despite the fact 
that they significantly lag the charging costs obtained when applied at the aggregate battery model 
level (Table 14). On the other hand, when applying DUMB charging, the charging cost becomes higher 
than the DP-IND cost by 9%. The fact that MPC-DIM provides even lower cost than DP-IND indicates 
that there is still some room for improvement of DP-IND charging results via using finer quantization 
of SoE and charging power within DP optimization. 
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5.5.3 Results for case of RES consideration 

When including the power production from RES, the DP-OFF optimization tends to shift charging 
closer to solar noon where the RES production is around its peak (see Fig. 51). It is interesting to note 
that the (aggregate) battery is not fully charged at 5 a.m. unlike the case when no RES production is 
included. This can be explained by the fact that the optimizer leaves the battery at lower SoE value 
to charge it when RES power is available (note that the local-RES power price is set to zero). 

Table 17 gives the charging results for the case of aggregate model (see Fig. 44), where it can be 
observed that the cost of DUMB approach, and even MPC-DIM, is now multiple times higher than 
that of DP-OFF. MPC-DIM performs much worse than in the case when no RES was included (cf. 
Table 13) because of the requirement on the SoE to be equal 0.95 at 5 a.m. of each day, which 
significantly limits the optimisation freedom in the presence of RES charging potential later in the day. 
Since MPC-REC does not involve this constraint, its performance does not degrade; in fact, it provides 
(almost) the same results as DP-OFF. 

Table 18 gives comparative results obtained by applying different charging methods for the cases of 
using aggregate (AGG) and distributed model (DISTR). The fuel consumptions and charging energies 
are similar in all cases, while the increase in the charging cost when the distributed model is used is 
more pronounced than in the case of no RES considered (cf. Tables 18 and 14). The only exception is 
DUMB strategy, whose charging cost is very similar in the case of both scenarios, but it is very high 
when compared to other charging methods (see also Table 20). These results can be explained by the 
fact that the relatively narrow RES power production peaks mostly occur around the hours of elevated 
EVs activity (cf. Figs. 38 and 43), i.e., when EVs are typically less available for charging. For this reason, 
perturbation of charging power profiles, caused by aggregate charging power distribution to 
individual EVs, results in decrease of employed RES energy and leads to significantly increased costs. 

Table 17 Optimization and simulation results obtained for case of aggregate model and RES considered 

Aggregate model,  
one week 

Initial 
SoC [-] 

Final 
SoC [-] 

Fuel 
consumption [L] 

Total charging 
energy [kWh] 

Total cost of 
charging [EUR] 

DP-OFF 0.95 0.95 

4259.8 

6935.0 (0.0%) 99.0 (0.0%) 

DUMB 0.95 0.95 6935.0 (0.0%) 324.4 (+228) 

MPC-REC 0.95 0.95 6935.0 (0.0%) 99.0 (0.0%) 

MPC-DIM 0.95 0.95 6935.0 (0.0%) 244.5 (+147%) 
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Fig. 51 Comparative DP-OFF optimization results for the cases with and without RES production 
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Table 18 Comparative performance metrics related to results obtained by using aggregate model and 
distributed model (RES is considered) 

One week 
period 

EV fleet 
model 

Initial 
SoC [-] 

Final 
SoC [-] 

Total fuel 
consumption [L] 

Total charging 
energy [kWh] 

Total cost of 
charging [EUR] 

DP-OFF 
AGG 0.95 0.95 4259.8 (0.0%) 6935.0 (0.0%) 99.0 (0.0%) 

DISTR 0.95 0.85 4262.4 (+0.1%) 6845.5 (-1.3%) 193.2 (+95.2%) 

DUMB 
AGG 0.95 0.95 4259.8 (0.0%) 6935.0 (0.0%) 324.4 (0.0%) 

DISTR 0.95 0.96 4273.4 (+0.3%) 6894.0 (-0.6%) 321.1 (-1.0%) 

MPC-REC 
AGG 0.95 0.95 4259.8 (0.0%) 6935.0 (0.0%) 99.0 (0.0%) 

DISTR 0.95 0.95 4262.4 (+0.06%) 6925.6 (-0.1%) 176.1 (+77.9%) 

MPC-DIM 
AGG 0.95 0.95 4259.8 (0.0%) 6935.0 (0.0%) 244.5 (0.0%) 

DISTR 0.95 0.95 4262.4 (+0.1%) 6925.6 (-0.1%) 276.8 (+13.2%) 

 

Similarly, as in the case of not using RES, the charging optimization of individual EVs is performed by 
DP and the distributed model (5.5) (again, denoted as DP-IND), to establish a kind of direct 
benchmark. The results are presented in Table 19. Implications of not using joint constraint (5.4b) on 
the aggregate charging power become more pronounced in the no-RES case due to neglecting RES 
power profile as a shared resource of all EVs (i.e., each EV is set to have the whole RES power profile 
at its disposal, which is not realistic). The aggregate charging power (Fig. 52), obtained through 
aggregation of the individual DP-IND profiles, indicates that the aggregate charging power limit (5.4b) 
is now violated in more time steps than in the case of not using RES (cf. Fig. 50). Nevertheless, the 
DP-IND results still provide certain orientation on the globally optimal charging cost, and they are, 
thus, further used in the comparative analyses. 
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The aggregated DP-IND results from Table 19 are used in Table 20 as the benchmark for other 
charging methods applied on the same distributed model (the results taken from Table 18). The DP-
OFF approach gives around 6% higher charging cost than the DP-IND one, which may be attributed 
to the more constrained optimization in the case of DP-OFF and the suboptimality of the distribution 
algorithm. MPC-DIM and DUMB methods have again very high charging costs, which is due to the 
requirement on the final SoE set for each day in the former case, and the algorithm insufficiency (in 
terms of not reflecting the RES potential) in the latter case. The MPC-REC strategy does not involve 
the final SoE condition and, thus, significantly outperforms the MPC-DIM method. Furthermore, by 
incorporating feedback via its online execution, it mitigates the aggregate model deficiencies and, 
thus, achieves lower cost when compared to DP-OFF method, whose aggregate charging power 
distribution is performed offline. The fact that MPC-REC, actually, provides 5% lower charging cost 
when compared to DP-IND again indicates certain room for improvement of DP-IND results via finer 
quantization of SoE and charging power. Indeed, reducing the quantization step of charging power 
Pc,i from 500 W to 100 W turns out to result in 4.7% cost reduction (from 184.0 to 175.3 EUR), which 
is now slightly lower than MPC-REC cost. 

Table 20 Comparative performance metrics related to results obtained by applying different approaches 
to distributed model (RES is included) 

One week period, 
DISTR model 

Total fuel 
consumption [L] 

Total charging 
energy [kWh] 

Total cost of 
charging [EUR] 

Specific cost of 
charging [EUR/kWh] 

DP-IND 4260.0 (+0.0%) 6884.9 (+0.0%) 184.0 (+0.0%) 0.0267 (+0.0%) 

DP-OFF 4262.4 (+0.1%) 6845.5 (-0.6%) 193.2 (+5.0%) 0.0282 (+5.6%) 

DUMB 4273.4 (+0.3%) 6894.0 (+0.1%) 321.1 (+74.5%) 0.0466 (+74.5%) 

MPC-REC 4262.4 (+0.1%) 6925.6 (+0.6%) 176.1 (-4.3%) 0.0254 (-4.9%) 

MPC-DIM 4262.4 (+0.1%) 6925.6 (+0.6%) 276.8 (+50.4%) 0.0400 (+49.8%) 

 

5.6 Short conclusion 

An offline optimization tool for EV fleet charging has been first developed based on the dynamic 
programming (DP) algorithm to set a performance benchmark. An online hierarchical EV charging 
management method has then been proposed to optimize the aggregate charging power profile by 
means of a model predictive control (MPC) algorithm and distribute this profile over individual EVs 
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by using a heuristic allocation algorithm based on charging priorities. The main benefit of the proposed 
method is that it can be applied to large-size EV fleets, while providing a nearly optimal solution. 

The effectiveness of the proposed charging method has been demonstrated through a delivery 
electric vehicle fleet study, where a Extended Range Electric Vehicle (EREV) is concerned, as it can 
cover all driving missions involved (short- and long-distance ones). It has been demonstrated that 
both MPC strategies considered (with receding horizon and shrinking horizon) provide almost the 
same results on the aggregate battery level when compared to the offline DP benchmark for the case 
of no power production from renewable energy sources (RES), while the cost is around 17% lower 
when compared to the baseline (dumb) strategy involving charging EV fleet with a maximum power 
when possible. When used in combination with the heuristic allocation algorithm within the more 
realistic distributed vehicle fleet model, both MPC strategies result in charging costs that are close to 
the DP benchmark obtained on the distributed EV fleet model. At the same time, unlike the offline-
applied (open-loop) distribution algorithm, the MPC strategies satisfy the target aggregate battery 
state-of-energy (SoE) owing to its feedback control character. When including the production from 
RES, the MPC variant based on receding horizon optimization overperforms its shrinking-horizon 
counterpart by the large margin. This is because the latter is overly restricted by the battery SoE 
constraint at the end of diminishing horizon for each operating day, thus not allowing for full 
exploitation of the RES potential. 

In the remaining course of WP2.1 activity, the developed receding horizon-based MPC strategy will 
be accommodated and demonstrated within the airport e-hub planning case study. 

6 E-bus scheduling optimization 

6.1 Introduction 

Solving an electric bus scheduling problem yields optimal scheduling of electric buses to minimize the 
fleet size (i.e., the total number of e-buses), while satisfying the predetermined service trips and 
timetables, and accounting for the e-bus range and charging restrictions. The scheduling involves 
optimal allocation of electric buses to service trips and the determination of when and where each 
bus should be charged. 

This section presents a thorough approach to e-bus scheduling optimization, which results in a Pareto 
frontier in two conflicting criteria being minimized: (i) the total number of buses required to serve the 
predetermined routes and (ii) the excess of distance travelled (so-called deadhead distance). These 
criteria reflect the city bus fleet investment and operational costs, respectively. The optimization 
strategy is executed in two phases: 1) finding the minimal number of buses, and 2) gradually 






































