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There is a trade-off for electric bus depots between ensuring a reliable daily schedule and 

minimizing energy cost under time-varying electricity prices. This thesis explores such 

trade-off through a simulated case study of an electric bus depot with 20 electric buses 

running on three real routes in the city of Lappeenranta in Finland, with spot prices from the 

Nord pool, and energy consumption dependent on temperature. A comparison of three depot 

scheduling approaches with the same bus routes is given: a price-aware depot with charging 

scheduling, a bidirectional depot with 200 kW V2G charger cabinets, and a bidirectional 

depot with larger 300 kW V2G charger cabinets. All three approaches must follow the same 

operational constraint, that each bus must leave with a full charge. Chargers have dynamic 

charging enabled with charging limits set by the buses and chargers. 

Findings indicate that the smart scheduling contribution alone is the biggest marginal gain, 

which translates to 47% annual energy cost savings from approximately 70 000 € to 37 000 € 

with no significant new hardware investment. V2G is an additional positive contribution that 

is significantly reliant on profit margins and idle periods. Using the 200 kW cabinets, the 

depot supplied around 500 MWh annually with an annual profit of 2000 €, yielding an 11.87-



year payback period for the incremental CAPEX of 24 000 €. Raising the power of the 

cabinets to 300 kW boosted supplied energy to approximately 600 MWh with a better 

payback of 8.75 years for the incremental CAPEX of 36 000 €. However, adding a further 

premium of 20 000€ for each cabinet upgrade, pushes the payback to about 33 years. It is 

clear from the analysis that scheduling is a low-cost, high-impact solution, whereas V2G 

economics are more dependent on compensation schemes than just export capability.  



ABBREVIATIONS  
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1  Introduction 

 

Electric vehicles (EVs) are becoming increasingly common, and this trend can also be seen 

within public transportation. Electric buses offer innumerable advantages; they reduce the 

level of noise in the urban environment while improving passenger experience and, most 

importantly, they reduce local emissions. Several studies have shown that these buses can 

reduce greenhouse gas emissions, especially when powered by cleaner electricity sources 

(Zhou et al., 2024). Electrification of bus fleets has therefore assumed great significance as 

a way for national and local governments to pursue their set climate targets while pursuing 

a reduction in the environmental impact of public transport (A European Strategy for Low-

Emission Mobility, 2016; Färm, 2021). 

The efficient control of their charging is becoming increasingly important with the 

increasing number of electric buses being introduced. In the case of electric bus depots, 

where there are large numbers of buses that need to be charged on a daily basis, it is of great 

advantage to identify ways of optimizing the charging of these buses. Strategies for 

optimizing the charging of the buses, using off-peak electricity prices and charger 

availability, have been discussed in various studies (Zhang et al., 2021; Zhou et al., 2022). 

Building on this idea is a concept that gained more interest lately, known as Vehicle-to-Grid 

(V2G) technology. This technology allows buses not only to draw electricity from the grid 

but also to feed it back when it is beneficial.  

 

1.1  Research Objectives 

This thesis is a case study simulating an electric bus depot, which has 20 battery-electric 

buses, and compares three cases. A scheduling-only strategy that charges in low-price 

periods, a Vehicle-to-Grid (V2G) strategy added on top of scheduling, and a V2G strategy 

with higher-rated cabinets.  
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The aim of this thesis is to explore how Vehicle-to-Grid (V2G) technology and optimal 

scheduling of charging can increase the economic value of electric bus fleet operations. 

Specifically, this thesis seeks to examine whether a pricing-aware algorithm reduces energy 

costs, how much value V2G can add on top of that, and how much value upgrading cabinets 

adds beyond that by extending export windows and increasing flexibility in scheduling. 

In current literature, charge scheduling for electric bus transport is often formulated as an 

optimization problem where charge scheduling is linked with the timetable, and even the 

non-linear charging characteristic in more complex models is taken into account (Zhou et 

al., 2022). V2G integration for bus transport is also explored, in most cases by expanding 

the scheduling issue into coordinated charging and discharging with grid trading, including 

the costs of battery degradation as well as the maximum charging power of the depot 

(Manzolli et al., 2022). 

 

1.2  Scope and limitations 

 

This thesis covers fleet charging scheduling and V2G implementation in the context of an 

electric bus depot simulation conducted in MATLAB. The analysis considers factors such 

as dynamic electricity prices, ambient temperature, charger characteristics, bus operational 

requirements, bus battery characteristics and degradation. However, the study considers 

battery degradation only in a simplified form, as well as the calculations related to revenue 

generation and investment costs. Moreover, revenue from V2G services is not analysed 

within the reserve market context, instead it is estimated as a percentage of the hourly price. 
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2  Charging Infrastructure and Strategy of Electric Buses 

 

The successful integration of electric buses in public transportation depends upon the 

availability and usage of sufficient charging infrastructure. An efficient charging 

infrastructure has to align with the needs of public transport. It should also be cost-effective 

and reduce disruptions to the existing electricity grid (Zhou et al., 2024).   

An effective charging system must consider bus schedules, energy demand peaks, battery 

capacity, and local grid limitations. Managing these factors affects both operational 

efficiency and long-term economic sustainability (Zhou et al., 2022). Many cities still 

struggle with the extra power loads from large-scale electric bus fleets, which makes grid 

integration a growing concern. Poorly planned charging can lead to significant stress on the 

power grid, especially during peak hours (Zhou et al., 2024). 

To avoid these issues, energy providers and transport operators are looking into smart 

charging systems. These systems help spread charging more evenly throughout the day or 

shift it to times when electricity is cheaper or more available from renewable sources (Liu 

et al., 2021). Dynamic pricing and time-of-use tariffs are useful tools in this area. Charging 

infrastructure must also be carefully located to meet the fleet’s actual needs, considering 

route lengths, depot locations, and available space for charger installations (Harnischmacher 

et al., 2023).  

Charging strategies of buses are typically divided into two main types: depot charging and 

opportunity charging. Depot charging usually occurs overnight and uses slower, low-cost 

chargers. This approach is easier on the grid and often fits well with the natural downtime 

of buses (Ke et al., 2020). In contrast, opportunity charging employs faster chargers located 

at terminals or key stops, allowing buses to recharge during the day. This method can lessen 

the needed battery size but requires more expensive infrastructure and careful schedule 

planning (Hu et al., 2022). 
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With buses already plugged in at night, depot infrastructure can move beyond one-way 

energy flow. Buses with V2G capabilities can send stored energy back to the grid, especially 

during times of high demand. This two-way energy flow can help stabilize the grid and may 

create new revenue opportunities for operators (Ke et al., 2020). However, the success of 

V2G relies on several factors, including charger capacity, access to energy markets, and 

battery cycling limits. Investing in faster chargers could lead to more flexible charging and 

V2G options, but the cost-benefit balance must be assessed on a case-by-case basis. 

Battery life is another issue to consider. Frequent fast charging and discharging can reduce 

battery lifespan, which affects long-term cost of both opportunity charging and V2G 

operations (Manzolli et al., 2022). In addition, colder climates, such as in Northern Europe, 

show differences in efficiency and energy use (Vehviläinen et al., 2022). This makes it 

important to include ambient temperature as a factor in infrastructure planning. 

 

2.1  Electric Buses in Sustainable Transportation 

 

Electric buses have become a major part of sustainable transportation. They help reduce air 

pollution and greenhouse gas emissions in cities. Road transport plays a large role in urban 

environmental problems. Therefore, switching to electric buses is a smart move for cities 

looking to improve sustainability and public health (IEA, 2024). Unlike traditional diesel 

buses, electric buses emit no local pollutants. This helps improve air quality and lowers noise 

levels in crowded urban areas (Vehviläinen et al., 2022).  

In addition, electric buses offer higher energy efficiency compared to traditional buses 

because they employ regenerative braking systems, which produce additional energy that 

can be put back into use for propelling. Moreover, they not only offer eco-compatibility but 

are also efficient compared to traditional buses. The shift from fossil fuel energy sources to 

electric energy decreases the emission of carbon dioxide (CO2), which is even more extreme 

when the buses use renewable energy sources, which help address global and regional goals 

effectively (Zhou et al., 2024). Despite various advantages associated with these buses, there 

are challenges related to adopting them. 
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While battery prices have dropped significantly, recent changes in raw material markets have 

complicated this trend. After steady decrease in prices, lithium-ion battery packs saw an 

increase of about 7% in 2022 due to market instability. However, in 2023 battery pack prices 

declined again by nearly 14% year-on-year as metal markets stabilized. Lithium-iron-

phosphate (LFP) batteries became a particularly affordable option. In fact, LFP batteries, 

which are much cheaper than nickel-manganese-cobalt (NMC) chemistries, made up over 

40% of global electric vehicle battery sales by capacity in 2023- more than double their share 

in 2020 (IEA, 2024). Even with these reductions, battery packs still account for a significant 

portion of electric bus prices, making up to 50% of the total vehicle cost (McGrath et al., 

2022). As a result, the upfront investment needed for battery-electric buses (BEBs) remain 

much higher than for traditional diesel buses (McGrath et al., 2022). 

Operational constraints also impact the integration of electric buses into public transport 

systems. One major challenge is battery degradation, which affects vehicle range and overall 

fleet efficiency over time. Frequent charging and discharging cycles gradually reduce battery 

capacity, influencing the lifetime operating costs of electric buses. (Manzolli et al., 2022). 

Moreover, factors like ambient temperature also impact battery performance. Studies in 

harsh winter conditions show that energy use for electric buses can rise significantly due to 

heating needs and poor road conditions. For instance, research in Nordic winter 

environments found that electric bus energy consumption jumped from an average of about 

1.2 kWh/km during warmer times to about 2.1 kWh/km during cold winter months. In 

extreme cold with slush and ice on the road, energy peaked at nearly 2.5 kWh/km, more than 

double the best-case summer usage. Even when auxiliary diesel heaters were used, 

consumption was still fairly high at around 1.35 kWh/km, highlighting how much colder 

weather affects battery performance.  Figure 1 shows the relationship between energy 

consumption and ambient temperature. The red trend line indicates a sharp rise in energy 

use as temperature drops below 0°C, reaching 2.5 kWh/km at approximately -20°C 

(Vehviläinen et al., 2022). 
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Figure 1. Energy consumption as a function of temperature (blue dots-samples; red line-

polynomial curve fit. (Vehviläinen et al., 2022) 

 

2.2  Charging Infrastructure and Strategies 

 

Effective charging infrastructure and well-chosen strategies are essential for successfully 

running electric bus fleets. The way charging facilities are designed and built directly affects 

how efficiently operations run, how reliable bus services are, and their long-term economic 

sustainability (Doulgeris et al., 2024). Fleet operators must balance the costs of infrastructure 

investment, choose the right type of charger, consider grid limitations, and meet the 

operational demands of the buses when implementing electric bus services (Abdelouahed et 

al., 2024).  
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2.2.1  Electric Bus Charging Methods 

 

One of the main challenges in building effective charging infrastructure is finding the best 

locations and types of chargers. For urban bus operations, two main methods are often 

considered: depot charging and opportunity charging (Hu et al., 2022). Depot charging 

usually takes place overnight with slower chargers at central facilities. In contrast, 

opportunity charging happens at important spots along bus routes or terminals, using higher-

power chargers for brief periods. Choosing the best balance between these methods depends 

on route lengths, schedule flexibility, bus battery capacity, and electricity rates (Hu et al., 

2022). 

According to Wang et al., (2024), opportunity charging provides several economic and 

operational benefits that make it appealing for certain fleet setups. One key benefit is the 

ability to run with smaller battery capacities. Buses can recharge multiple times a day, so the 

battery size needed to keep service over a route can be greatly reduced. Smaller batteries are 

cheaper and lighter, which can improve energy efficiency and lessen wear on the vehicle. 

This decrease in battery size is especially significant since battery packs still make up a large 

part of the total cost of a BEV (Wang et al., 2024). 

In opportunity charging systems the bottleneck is dynamic, it varies depending on which 

constraint is more severe in a fixed time horizon. If the bus stops for only brief periods of 

time at stops or terminals, then the effective bottleneck is charging power, since only so 

much power can be transferred before it must depart again. That is exactly what explains the 

presence of pantograph systems in various opportunity charging stations. When multiple 

buses roll in simultaneously, the bottleneck then tends to shift back from the vehicle to the 

infrastructure boundary, depending on the number of charging units deployed at the terminal 

or, more pragmatically, what the local network connection allows. Deciding how many buses 

can charge concurrently. Then there are instances where the vehicle is itself the constraint, 

battery energy is limited by capacity, and operational constraints to ensure it does not 

demand more than the battery can safely deliver. These interactions are captured by models 
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of opportunity charging systems at a system level, where charging power, charging unit 

availability, or battery energy are explicitly shown as constraints. Finally, a sensitivity study 

indicates that upgrading charging power from, for example, 200 kW to 400 kW can 

significantly reduce the aggregate system cost by more than 10% annually, relaxing the time-

coupling of charging events (Wang et al., 2024).  

Opportunity charging can also lower lifecycle costs by decreasing the depth of discharge for 

each battery cycle. Since the bus does not need to deplete its battery as much as it would 

with only depot charging, the strain on the battery is lessened. This could extend its lifespan 

and reduce replacement costs over time. Furthermore, this charging method can allow for 

more flexible scheduling of charging sessions to take advantage of lower electricity rates at 

specific times of the day, especially when combined with smart charging systems. From a 

planning point (Wang et al., 2024) point out that placing opportunity charging infrastructure 

can be optimized alongside route planning to minimize disruptions. For instance, charging 

could be scheduled during natural layovers or driver breaks to ensure minimal impact on 

service frequency. The research also mentions that when designed effectively, opportunity 

charging networks can lessen the need for large, centralized charging stations, which could 

decrease infrastructure investment needs.  

However, adopting opportunity charging has its own challenges. Installing high-power 

chargers at multiple sites makes infrastructure deployment more complex, and working with 

local grid operators is often necessary to manage the peak power demands of fast chargers. 

Additionally, operational planning needs close attention to ensure that buses have enough 

time to charge without causing delays in the schedule. 

Figure 2. shows how opportunity charging works during a service trip. The diagram 

illustrates a bus making scheduled stops along its route. Some of these stops have fast 

chargers. The battery icons indicate that the bus’s SoC drops during travel and gets 

replenished at these specific charging points.  

While opportunity charging offers many potential benefits, this thesis focuses on depot 

charging as the main strategy. Depot charging is better suited for simulation framework 

created here, allows for clearer cost analysis without the variability from multiple charging 

locations, and reflects the current infrastructure of many existing bus depots.  
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Figure 2.  Illustration of opportunity charging during a service trip. (Hu et al., 2022) 

 

Integrating an energy storage system (ESS) with fast charging stations has become an 

effective way to handle the heavy load demands on the local electricity grid. ESS can lower 

peak power needs and reduce negative impacts on the grid, especially when many buses are 

charging at the same time (Chen et al., 2018). This method can significantly cut peak demand 

charges and ease grid congestion. Additionally, energy storage systems that work with 

renewable sources, like solar photovoltaic (PV) installations, boost sustainability and cost-

effectiveness. This creates a more reliable electric bus charging system (Chen et al., 2018). 

Recent studies have highlighted personalized charging strategies that adjust charging 

parameters based on real-time factors like remaining battery capacity, allowable charging 

times, and route energy use patterns (Zhao et al., 2023). One study applied these personalised 

strategies to electric bus fleets. It showed that tailored charging plans significantly extend 

battery life and improved operational efficiency. Charging parameters, including charging 

rate, capacity limits, and charge duration can be individually adjusted to optimise battery 

lifespan and reduce operational disruptions (Zhao et al., 2023). This personalised approach 

may become more important as fleets become more complex and operational demands 

increase. 
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2.2.2  V2G Technology Principles 

 

V2G allows for two-way power and information exchange between electric vehicles and the 

electricity system. This means a bus connects through a bidirectional charger, sends control 

signals to an operator or aggregator, and can either absorb energy by charging or inject 

energy by discharging based on grid needs or market prices. The concept expands to vehicle-

grid integration, where communication and control are just as important as the flow of 

power. A recent review describes V2G as transforming vehicles into mobile, self-contained 

energy resources. When plugged in, they function like storage, then switch back to 

transportation when on the road (Sovacool et al., 2020). 

Figure 3 illustrates how V2G works in a depot setting. When an electric bus connects to a 

bidirectional charger, power and control signals can flow both ways between the grid, the 

depot and the vehicle. A depot controller decides whether each parked bus should charge by 

taking in low-cost or surplus renewable energy or discharge by sending power back during 

peak times or for fast-response services like frequency regulation. Four elements are 

important at once: the bus battery, the bidirectional EVSE at the depot,  the market or 

interface layer, which creates aggregated bids and prices, and the grid connection, which has 

transformer limits. Since buses are grouped and idle during predictable periods, the 

controller can schedule some vehicles to provide services while others are ready to leave. 

Practical policies enforce SoC windows and site limits to account for extra cycling and 

round-trip losses, which is between 70-85% (Sovacool et al., 2020). In return, fleets can 

shave peaks, provide ancillary services, and lower energy costs without affecting service 

reliability.  
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Figure 3. Illustration of V2G in a bus depot. 

 

2.2.3  Economic and Grid-Support Benefits of V2G 

 

For a bus depot, V2G offers two main benefits: it can reduce the total cost of ownership, and 

it can provide fast-response flexibility to the power system. In the Nordic context, the best 

fit is frequency containment reserves (FCR). Fingrid purchases Frequency Containment 

Reserves for Disturbances (FCR-D) and for Normal Operations (FCR-N) through yearly and 

hourly markets (Fingrid a, 2025). The minimum bid for FCR-D is 1 MW, and resources must 

pass a pre-qualification test before participating. In practice, fleets meet this threshold by 

combining several vehicles. Prices and volumes are available for both yearly and hourly 

services, and procurement takes place through competitive auctions with capacity payments. 

These services are designed to stabilize frequency after sudden events (FCR-D) or maintain 

it within 49.9-50.1 Hz during normal operation (FCR-N) (Fingrid b, 2025). 

At the fleet level, a recent study suggests that V2G works best when combined with 

frequency services instead of just energy arbitrage. A year-long optimization in Eastern 

Denmark found that “V2G + FCR-D” cuts costs for a heavy-duty fleet by around 330 000€ 
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compared to one-way charging. The payback period varies from about 3 to 17 years based 

on equipment prices and usage. V2G arbitrage by itself was usually not profitable. The same 

study highlights that realistic business cases need to consider battery wear and site 

limitations. (Menchaca Santos et al., 2025) 

The cost to implement bidirectional capability varies by power level and application. There 

is no public information about the cost of fast bidirectional chargers, but two references 

provide a general range. For residential and light-commercial sites, a recent case study lists 

unidirectional chargers at about 1400 USD per unit, with a 15-year service life, and 

bidirectional chargers at about 2800 USD per unit, with a 12-year service life. The same 

study notes that bidirectional units require more maintenance due to additional cycling (Al-

Amayreh et al., 2025). For heavy-duty pilots, a classic school bus analysis priced a V2G-

capable electric bus and a 70 kW bidirectional inverter package at about 260,000 USD 

compared to 110,000 USD for a diesel bus. The study also showed that regulation revenue 

increases significantly with charger capacity. For example, moving from 70 to around 105 

kW nearly doubled the per-seat NPV in sensitivity tests (Noel & McCormack, 2014). While 

the latter combines vehicle and charger costs, it illustrates the scale involved and explains 

why power capability is important for capacity-paid services. 

Grid support benefits include more than just monetary advantages. A study that optimizes 

bus dispatch along with charge and discharge options show better grid efficiency and 

flexibility when depots serve as controllable storage. This works well, as long as departure 

SoC and site limits are kept in check. In these cases, V2G helps take in extra energy and 

quickly provide power when the system is under pressure, while maintaining service 

reliability. (Son et al., 2025) 

There are some caveats. Round-trip losses mean that not all the energy charged comes back. 

Several fleet and V2G studies focus on power-oriented products, like FCR, because the 

efficiency penalties are smaller in the revenue equation. Extra cycling can speed up battery 

wear if not managed properly. Most economic models include costs for degradation or limit 

SoC windows and daily V2G throughput. When this happens, the loss of state of health 

(SoH) during bidirectional operation can be kept close to the baseline for unidirectional 

operation. (Menchaca Santos et al., 2025; Noel & McCormack, 2014; Shirazi et al., 2015) 
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In this thesis, to keep the simulation depot clear and comparable across scenarios, V2G 

income is shown simply as a fraction of the current energy price, when buses are able to 

discharge, not as a specific bid into FCR-N or FCR-D. 
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3  Methodology 

This study uses a discrete-time depot simulator written in MATLAB. The model progresses 

hour by hour throughout the study period, which is usually a year or multiple years. It reads 

bus timetables, hourly electricity prices, and daily ambient temperature. Each hour, the 

simulator updates the vehicle’s SoC, allocates stalls, and determines power flow for each 

connected charger using a straightforward buy, sell, hold rule. All decisions follow charger 

and bus limits, SoC bounds, and upcoming departures. 

 

3.1  Simulation Framework 

 

Figure 4 summarizes the workflow of the depot simulation. The run begins by setting global 

parameters such as the number and power of chargers, the count of parking stalls, the SoC 

limits, charger efficiency, buy and sell prices, and temperature options. Next, the model 

loads the daily inputs for the entire study period. This includes route schedules for each bus, 

the hourly electricity price vector, and the daily ambient temperature. The initial state 

includes each bus’s starting SoC, all stalls being empty, and data arrays to save hour-by-hour 

history. 

The engine then loops through each day. At the start of each day, the model applies the day’s 

temperature to a consumption factor that adjusts the energy usage of the buses, following 

the cold-weather relationship explained earlier. It builds a 24-hour timetable that shows 

which buses are on the road and which are at the depot for each hour. Throughout the day, 

the simulator progresses hour by hour. First, it frees any stalls occupied by buses scheduled 

to depart that hour.  

The simulator then deducts route energy from the SoC of buses that are away from the depot. 

The deduction uses the distance travelled that hour, multiplied by the temperature factor and 

drivetrain efficiency. For every charger connected to a bus, the model decides the energy 

flow for that hour based on three options: 



22 

 

Sell now (V2G) if the price is high and the bus can buy back the required energy at a lower 

price before its next departure. When selling, the SoC decreases, power is recorded as 

negative at that stall, and the battery limits are respected. 

Buy now (charge) if the bus needs to be full soon, the current price is low, or the price is 

medium but there is no cheaper option before departure. Charging increases SoC up to the 

limits and records positive stall power. 

Hold if neither condition is met. This avoids unnecessary cycling and usually happens when 

a bus can wait for a cheaper hour when it can be charged, or it is not yet worth discharging 

back to the grid.  

After each decision, the simulator logs the hour’s details: SoC per bus, stall occupancy, 

energy bought and sold. When the hour counter reaches 24, the model moves to the next day 

and repeats the process until the end of the study period. 

At the end, the code aggregates totals, including energy purchased from the grid, V2G energy 

sold, costs and revenue under the specified tariffs, peak and average depot power. These 

results are used later to compare strategies and calculate the economics of standard depot 

charging versus V2G and high-power charger investments. 
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Figure 4. Flowchart of the algorithm used for decision-making. 

 



24 

 

3.2  Data Collection and Model Parameters 

 

This section describes the operational inputs that drive the depot model and the limits that 

turn schedules into charging actions. The simulation period lasts a year, broken down into 

15-minute intervals. The fleet consists of 20 buses. Each bus is assigned fixed route blocks 

with set start and end times and distances. Buses stay at the depot overnight. The requirement 

for departure is strict: every bus must be fully charged before it leaves the depot. Energy per 

kilometer is adjusted for temperature based on the empirical fit already shown (Vehviläinen 

et al., 2022).  

 

3.2.1  Bus Schedules and Fleet Requirements 

 

In this section, the explanation of fleet requirements, as well as bus schedules, is described. 

The fleet consists of 20 buses, each having fixed timetables for every day. The schedule 

comes from three real-world bus lines. Distance, start, and end times are calculated from the 

planned routes. All of the buses come back to the depot after their shift, having a long night 

layover. Smaller charging stops are not included in this simulation. Therefore, the departure 

rule is strict: every bus must leave the depot with 100% SOC. Used energy per kilometer is 

adjusted for the day's average temperature, following the Tampere winter study, where 

consumption increased noticeably below 0 °C (Vehviläinen et al., 2022). Buses have the 

same battery capacity of 330 kWh. Other vehicle parameters, including base consumption 

and charging speed, are taken from the Scania citywide bus technical datasheet (Scania CV 

AB, 2020). The model assumes that buses can always be charged with the maximum 

available power when connected, subject to the stall and cabinet limits. The chargers and 

stall parameters come from Kempower (Kempower, 2023, 2024). 

The parameter table, presented in a four column format, is the source for all runs. It is 

grouped into Time and indexing, Depot and electrical limits, Fleet and battery, prices and 

V2G.  
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Table 1.  Simulation parameters. 

 

Time & Indexing 

Parameter Unit Default Controls 

Simulation step min 15 Time discretization of scheduling. 

Hour price changes h 1 Price varies hourly. 

 

Depot & Electrical Limits 

Parameter Unit Default Controls 

Number of stalls count 20 Simultaneous bus parking/charging points. 

    

Number of chargers count 5 Bidirectional charger cabinets. 

 

Stalls per charger count 4 Dispensers per cabinet. 

 

Stall max power 

 

MW 0.150 Per‑stall power ceiling. 

 

Charger max power (1) MW 0.200 Per‑cabinet power rating. 

 

Charger max power (2) MW 0.300 Per‑cabinet power rating. 

 

Charging efficiency – 0.90 AC/DC and cable losses when charging. 

    

Discharging efficiency – 0.90 AC/DC and cable losses when exporting 

(V2G). 

Round‑trip efficiency – 0.81 Charging × discharging efficiency. 

 

Fleet & Battery 

Parameter Unit Default Controls 

Number of buses count 20 Fleet size in the depot model. 

 

Battery capacity (per bus) kWh 320 Usable energy per bus. 

 

Initial state of charge % 95 Start SoC at t=0. 

 

Target SoC at departure % 100 Required before each pull‑out. 

 

Base energy per km kWh/km 1.0 Route energy at mild temps. 

 

Energy per km <10°C kWh/km 1.2 Route energy at colder temps. 

 

Energy per km <0°C kWh/km 1.4 Route energy at negative temps. 
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Energy per km < -10°C kWh/km 1.8 Route energy at extreme cold temps. 

 

Base energy per km kWh/km 1.2 Route energy at hotter temps.  

 

Regenerative braking efficiency – 1 Fraction of braking energy 

recovered. 

    

 

Prices & V2G 

Parameter Unit Default Controls 

Energy price series €/MWh vector Day‑ahead prices. 

Sell‑price factor – 0.5 Accounts for spreads/fees on export. 

Cost of V2G charger €/kWh 256 Derived equipment cost 

    

 

 

The prices for chargers are not publicly available, which necessitated a simple calculation 

for cost inputs within the simulation. The cost base level for high-power charging station is 

approximated from publicly available Finnish infrastructure support material, where 

approved projects are listed with their total eligible investment costs, alongside the power 

requirement categories for the heavy-duty charging sites (Energiavirasto, 2025). The 

approximation applies the totals from example project sizes, such as 1.5 MW and 2.6 MW, 

with a total of 700 000 € and 1.2 million €. These costs include equipment costs as well as 

non-equipment costs. 

In order to isolate the cost of hardware from others, a simplifying assumption is that around 

fifty percent of the eligible cost is for planning, installation, design, permit, site works, and 

so on. The other half of the cost would be for the charging equipment. This breakdown gives 

a rough cost of a one-way charger amounting to 230 €/kW for a normal non-V2G depot 

charging hardware. 

In the case with V2G functionality, an offer received by LUT University for a Laitinki 11 

Pro AD bidirectional DC charger with a peak power of 11kW for 7500 € is taken as a 

reference. With the same share of overall costs going towards planning and installation, 

ensuring that the approach is consistent with the site-based estimate. In order to prevent cost 

overestimation when upscaling from a small unit to a depot-level power size, a simple 

scaling factor of 0.75 is introduced. On this basis, the cost level of the bidirectional charger 
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is approximated as a cost of around 256 €/kW, reflecting a nearly 10% premium from the 

baseline estimate for a one-way solution. This premium is introduced as the V2G CAPEX 

in the simulation, although it is recognized that actual projects can vary significantly from 

this reference point. 

 

Table 2 shows the daily schedule and duty profile of each bus in the fleet, including the 

driven distance, uptime, number of trips, departure, and arrival times. These parameters are 

used in the simulation for each day. 

 

Table 2. Daily depot schedule and distance by bus. 

 

Bus Depot 

departure  

Depot 

arrival  

Trips (n) Uptime  Distance 

(km) 

Bus 1 06:45 14:45 7 08:00 164 
Bus 2 07:45 16:45 6 09:00 142 

Bus 3 16:45 23:45 6 07:00 142 

Bus 4 15:45 22:45 6 07:00 142 

Bus 5 07:30 14:45 8 07:15 162 
Bus 6 09:30 16:45 7 07:15 143 

Bus 7 13:45 22:00 7 08:15 143 

Bus 8 05:15 13:45 14 08:30 157 

Bus 9 05:40 14:20 14 08:40 157 

Bus 10 05:55 14:30 14 08:35 157 
Bus 11 06:30 15:10 14 08:40 157 

Bus 12 07:05 14:45 12 07:40 136 

Bus 13 12:50 19:05 9 06:15 104.5 

Bus 14 13:15 18:15 7 05:00 83.5 
Bus 15 13:25 18:25 7 05:00 83.5 

Bus 16 13:35 18:35 7 05:00 83.5 

Bus 17 13:50 18:50 7 05:00 83.5 

Bus 18 14:15 21:40 10 07:25 115 

Bus 19 18:35 00:30 8 05:55 94 
Bus 20 10:45 20:30 7 09:45 168 
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The total of 20 buses is allocated among bus lines 1,2 and 5, each of which represents real-

world public transport routes in Lappeenranta, as shown in Figure 5. Route 1 lies between 

LUT-Yliopisto and Kiiskinmäki with a total distance of 22.7 km, representing the longest 

daily cycle in the case study, while route 2 lies between Kivisalmi and Hovinpelto with a 

total distance of 18.8 km, and route 5 lies between LUT-Yliopisto and Matkakeskus with a 

total distance of 10.6 km. These distances are then taken into account with the temperature-

compensated consumption characteristic to obtain the energy demand for each trip, besides 

defining the form of the feasible depot windows, since larger routes return with a lower SOC, 

meaning charging is more time-consuming. 

 

 

Figure 5. Map of bus lines (Google Maps, 2025; Reittiopas.Lappeenranta.Fi, 2025). 

 

3.2.2  Electricity Pricing Model 

 

In the model, the price of each hour comes from Nordpool spot prices. Deciding whether 

electricity is cheap or expensive, the code labels the hours as low, medium, or high compared 

to other hours’ prices in a 24 hour window.  
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Prices are read at hourly resolution and expanded to the 15 minute simulation step by 

repeating each hourly value four times. For every day, the code computes the low and high 

thresholds of the prices. The hour (t) price is considered low if it is below 2/3 of the other 

values on the day, and it is considered high if it is in the upper 1/3 of the prices. In between 

them are medium prices, which are higher than the lowest hourly prices in the day but lower 

than the highest hourly prices. 

Charging and discharging decisions use these bands as soft guidance. When a bus is plugged 

in and needs energy for the next departure, the allocator prefers low hours first, then medium. 

High hours are avoided unless there is no other way to reach full capacity before pull out. 

The opposite logic applies to export. If a bus has surplus energy and time before it leaves, 

the controller looks to discharge during medium and high hours first, as these slots pay more. 

Cash flows are directly linked to the same price series. Imported energy is charged at the 

step price. Exported energy is credited at half the price by design. This 0.5 factor combines 

market spreads, taxes, transport, and other costs into one conservative number, keeping the 

revenue side simple. Conversion losses are included equally in both directions with the same 

efficiency. Charging and discharging use 0.9 efficiency, leading to an implied round trip of 

0.81. 

Results reflect energy arbitrage only, as in this model the frequency reserve market is not 

modelled explicitly and are likely to be conservative since FCR-type revenues could raise 

profitability. There is a profitability rule that further constrains discharging: the controller 

schedules export only if the bus can still recharge to 100% before its next pull-out and the 

full cycle yields a positive margin after all losses and wear. The check uses the forecast price 

path for the required recharge energy and includes the extra kWh needed to make up 

conversion losses. If the expected buy-back cost plus degradation cost exceeds the sale 

revenue, the discharge is skipped.  

 

There is no minimum SoC level enforced by the pricing logic. The only binding rule in the 

controller is that every bus must leave at 100 percent. If being ready is in conflict with a 

price signal, then readiness wins. In this way, the system remains reliable even when the 

daily price shape does not align with the timetable. 
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Figure 6. shows the price bands and the charge decisions of bus 5 over the first seven days. 

The graph uses background colors to indicate where the price range for a given hour is. 

Green indicates low prices, yellow marks medium price ranges, while red indicates high 

price ranges. This labelling results from the daily percentile split. Upward-pointing blue 

triangles represent data points for Bus 5 while charging. Red downward-pointing triangles 

represent data points for discharging energy. 

 

 

Figure 6. Price bands and Bus 5 actions January 1-7. 

 

Almost all the blue markers are within the green cells, indicating that Bus 5 is primarily 

charged during low-cost hours. A good example is on January 3, where the low-cost hour 

window is completely utilized for charging, with the blue markers overlaying the green area. 

If low-cost hours are not available but charging is still required in order for the bus to remain 

on schedule for a departure, charging is done in the medium-priced hours instead of charging 

in the most expensive hours. This is visible on January 7, where Bus 5 is charged through 

yellow (medium) hours, while there is no marker in the red (high) hours, despite these hours 

being right between the charging markers.  

Nevertheless, not all expensive hours are discharge hours. It is only possible to discharge in 

hours where it is feasible to recharge it back before departure and still be profitable. It is for 

this reason that, in spite of the presence of numerous red hours in the heat map, there were 

discharges only in two hours for Bus 5 in the first week.  
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Figure 7. is the same 7-day price band heatmap but for Bus 17. Again, the background colors 

represent the hourly price band. Charging hours are denoted by blue triangles, and discharge 

hours by red triangles.  

Most charging instances remain in the green bands, but for Bus 17, charging usually takes 

fewer charging hours compared with Bus 5. This is for the following reasons in the 

implementation of the model. Some of the buses run for shorter or less power-hungry routes, 

such that they return to the depot with higher SOC levels, requiring less charging, since they 

do not need that amount of energy. Additionally, it is assumed that charging power is shared 

on a cabinet basis, such that if other buses do not require charging power at the same time, 

then the bus can charge with its maximum stall power of 150 kW. This charging pattern of 

shorter but higher power is observed in relation to certain dates, such as January 4, where 

charging is observed in less discrete hours compared with other days. 

 

 

Figure 7. Price bands and Bus 17 actions January 1-7. 

 

This graph reveals the importance of timing with regard to V2G opportunities. Meanwhile, 

since Bus 17 gets four discharge opportunities for the week, whereas Bus 5 gets just two. It 

is simply due to the schedule of Bus 17, which allows it to be connected with enough 

headroom for more high-priced windows, but it still gets low or medium hours later to fill 

back up before setting off. Therefore, the opportunity schedule of Bus 17 allows it to make 

more exports for the same week.  
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3.2.3  Technical Characteristics 

 

The topology of the depot is cabinet based, having 5 chargers and 4 stalls per charger. The 

stall power limit is 150 kW. The charger's upper limit is scenario dependent, 200 kW with 

the normal V2G case and 300 kW with the higher capability case. The sum of power for the 

4 stalls at any time cannot exceed the rated cabinet power. Site limits are maximised for the 

charger capability, meaning all 5 chargers can use full power at the same time, since the 

maximum in any case power would be 1,5 MW. 

Figure 8. shows when each tall is occupied over time. Each bus has been assigned to a stall, 

so one row represents one bus. Dark or filled segments indicate that the bus is plugged in 

and holding the stall. Gaps represent route time or deadheading when the bus is away from 

the depot. A clear day-to-day pattern appears. Overnight, the occupancy rises to full since 

all buses return to the depot and stay connected. Just before the morning pull-outs, the 

occupancy drops in a wave as buses leave on schedule. No bus breaks their day to come back 

to the depot. However, some have shorter schedules than others. In the late evening, 

occupancy ramps up once again as vehicles finish their last rides and re-enter the depot. This 

is when buses can charge back and possibly be used for V2G runs. 
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Figure 8. Charging stall occupancy. 

 

Power allocation is based on the current SoC and the time to the next departure. Reliability 

is the number one priority. Even if it means that the bus has to charge during a high price 

period. There is no discharge floor for V2G, so the model can benefit from the total bus 

battery capacity. 

Degradation is not simulated chemically in this model because its physical effects are small. 

Instead, it was quantified as a cost using the following simplified formula.  

 

𝐶𝑑 =
𝐸𝑡𝑜𝑡

𝐶𝐸𝑂𝐿
× 𝐶𝑏𝑎𝑡   (1) 

 

where Cd  is the degradation cost, Etot is the total energy used, CEOL is the Cycles to end of 

life, and Cbat is the ratio price of the battery in kilowatt-hours. 
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3.3  Simulation Scenarios 

 

To determine what can be accomplished with control alone and what additional benefit there 

might be from hardware, three scenarios were created on the same input, same fleet and 

blocks, same ambient profile, same prices, and same site constraints. 

In the first case, the chargers remain unidirectional and perform pricing-aware scheduling 

only. A controller is utilized and designates time slots as low, medium, and high on a day as 

introduced earlier. It attempts to schedule charging during the low time slot first, and then 

the medium time slot, and finally the high time slot if necessary to be ready for the next 

departure. In this case, there is no export; this aims at merely reducing the average energy 

cost while providing equal services. 

In the second scenario, the tone is on the use of V2G with the rate based on the 200 kW 

charger capacity while employing the four-stall share and constraints. The battery is charged 

only under the two conditions: the bus can be fully charged prior to its departure and the full 

cycle satisfies the margin above the model’s sell factor, conversion efficiencies, and the 

economic cost for the loss of capacity. This method ensures that the export is made during 

the more favourably priced time and skips it when it would only shift cost from one hour to 

another. 

In the third case, all the constraints remain unchanged while the rating of the cabinet is 

increased to 300 kW. However, this increased rating does not increase the capacity per stall 

from 150 kW. Increases instead relate to the charging rate for a bus during cheap hours when 

multiple buses are connected to the same charger. Also, it relates to the available export 

power, depending on the constraints of exports. It may increase the number of idle minutes 

after a bus is sufficiently charged. 
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3.3.1  Scheduling Scenario 

 

In this scenario, only unidirectional charging is employed. The task for the controller is 

simple but strict: ensure all buses depart from the depot at full SOC, and when possible, do 

all energy pulls during the more affordable periods. The electricity prices for every hourly 

interval are condensed to bands with a breakup for the defined percentile for high and the 

remainder for medium and low bands. These bands function as soft priorities. The controller 

linearly orders the connected buses by the time to the next scheduled departure and SOC at 

the time and dispenses power under the known constraints. If a bus were to miss its next 

pull-out time, regardless of conditions and prices, the controller charges it regardless. Grid-

to-battery efficiency for charging is accounted for within the system parameters. 

In effect, this means that intake is driven mostly to low-priced night periods, with some 

periods at medium prices, and minimal contact with high-priced periods except for readiness. 

This is observed in all the full year scenarios. 

In the following presentation, the first two days of selected months are used to illustrate the 

behaviour of the SOC during different seasons. Figure 9 plots the state of charge of all 20 

buses over four representative 48-hour windows: January 1-2, April 1-2, July 1-2, and 

October 1-2. Each coloured line is one bus. The scheduling controller here is charge-only, 

so it tries to buy energy in low-price hours while making sure every bus leaves the depot at 

100% SOC.  
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Figure 9. Bus seasonal SOC for scheduling only scenario. 

 

In each season, a repeating “V” shape occurs daily. SOC declines during service hours as 

buses perform their route blocks and then recovers toward 1 while replenishing in the depot 

overnight. The sharp increase represents most of the charging being concentrated in cheap 

nighttime hours. 

Winter (Jan 1-2). The valleys are noticeably deeper, and some buses begin to charge earlier 

in the evening. A few traces go down to near operational floor with about 0.2 SOC left before 

refilling. The deltas between buses are larger too. Traces include a few of the longest route 

buses going down to near 0.1 SOC levels by hour 18 on day one. Buses with shorter routes 

go down only to 0.35-0.4 levels. Every bus refills to 1 during the night cycle, before a new 

morning pick-up. 

Shoulder seasons (Apr1-2 and Oct 1-2). The values for the two valleys sits between those of 

winter and summer. There are also more peaks in the middle of the day compared to July. 
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This can be attributed to varying energy prices. The late-night peaks are still in the first half 

of the night.  

Summer (Jul 1-2). Valley depths are much shallower. Most buses drain out to 0.5-0.6 SOC, 

and the overnight charging starts later due to more available margin. A few buses are 

operating around 1 for longer periods, showing extended peak dwell time.  

This figure illustrates how the controller tends to pack most of its charge requirements into 

a smaller and more economical window once energy requirements reduce. There is another 

pattern that should be pointed out for comparison later. The time of evening peak changes 

seasonally, sooner in winter, later in summer. This occurs due to price ranges and the amount 

of energy that needs to be recovered to satisfy the 100% rule. 

Figure 10 shows the depot net energy with a time interval of 15 minutes for four example 

periods of 48 hours, the same days as Figure 9. Here, data is always non-negative because 

only imports are possible. Otherwise, any peak above 0 means total energy charges at site 

level based on scheduled hourly bands.  
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Figure 10. Depot seasonal net power for scheduling only scenario. 

 

The winter panels (January and October) have large blocks of continuous nights with energy 

peaking to similar levels for both days and then dropping back down to zero once buses had 

been replenished. This represents a number of buses recharging together in their target night 

window. The spring panel (April) holds a number of smaller pulses towards midterm, 

represented by short recharges. The summer panel (July) holds shorter segments of energy 

due to lower energy per kilometer values, hence smaller refills. 

Together with the seasonal SOC figure, a consistent pattern emerges, deeper winter SOC 

valleys correspond to larger nighttime energy chunks and shallower peak charges during 

daylight hours, while more gentle summer dips correspond to smaller nighttime intakes with 

little to no daylight charge.  

Figure 11 breaks down the depot loads to a cabinet level. A panel represents a charger 

cabinet. Coloured lines represent a stall for a charger cabinet.  
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Figure 11. Charger-Stall powers for scheduling only January 1-2. 

 

The most power occurs around hours 22-28 and again around hour 44. This corresponds with 

peak hours for a preferred night window. Charger 1 Stall 1 reaches 0.15 MW around hour 

19, and after that, the cabinet runs several stalls at 0.05 MW, sharing power after hour 24. 

This cycle continues with slight differences for chargers 2 through 5 with short pulses in the 

first evening and again toward the end of the 48-hour period.  

Notice that no stall exceeds 150 kW (0.15 MW) of power. Also, when several stalls on a 

cabinet charge together, those stalls average about 0.05 MW each, with the total power not 

exceeding the cabinet rating of 200 kW. Read this figure in conjunction with the energy 

figure for the depot level. This graph verifies that the constraint order of stall cap and charger 

cap is being respected.  
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3.3.2  V2G Integration Scenario 

 

In this case, the schedules and constraints of the depot remain the same, but the chargers are 

bidirectional, and the controller can discharge to the grid when it is worth it. Hardware is 

200 kW cabinet with 4 stalls per cabinet and the same 150 kW stall limit. Other constraints 

remain the same. The buses must still depart with a SOC of 100%, with no additional 

minimum SOC constraint. This means that the controller is authorized to discharge a bus if 

it is able to charge it back to 100% before pulling out. 

The price signal is extracted from the spot prices and normalized into low, medium, or high 

levels over a day, the same way as before. Their charging remains dependent on these levels. 

Hence, the model tries to charge into low-price hours first, then into medium hours if 

necessary. However, the discharging takes a more careful approach. The discharging only 

occurs for cycles that are viable financially. Revenue is set to 0.5 times the spot price, charge 

and discharge efficiencies are 0.9, and battery degradation is taken into consideration as it is 

involved as a cost per throughput. It should be noted that, owing to the losses involved, not 

all high-price hours become discharging hours. It is also taken into account that sufficient 

time must remain later, in lower-priced hours, to recharge the discharged energy in order to 

meet the 100% departure rule. 

Figure 12. illustrates the SOC pattern for the same periods as before but with V2G enabled. 

It can be seen that the difference between the SOC pattern with V2G and that with scheduling 

only is that there are some notches. These notches are because of some discharge periods 

followed by recharging. This means that instead of charging completely to 1.0 and then 

staying there, the vehicle can charge partially with enough time left to discharge partially 

during a high-cost hour and later recharge before departure. This does not look dramatic for 

each bus since the controller discharges only if it can do so while still being net positive, 

with also enough time for recharging. Therefore, the SOC profiles look clean  with the 

readiness constraint satisfied.  
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Figure 12. Bus seasonal SOC for scheduling 200kW V2G scenario. 

 

This is easiest to observe for the shoulder months (April and October). During these periods, 

there is enough idle time for the bus fleet around the depot and less peak energy demand, 

like in the depths of winter, so there is more flexibility for the use of some of the high-price 

times for export with subsequent recharging. This leads to SOC profiles that are slightly 

more stepped than in the no-V2G scenario. In January, the dips remain considerable since 

energy consumption is higher, with more buses returning with low SOC values, meaning 

less flexibility for the energy export by the model. This leads the winter graph to appear 

closer to the scheduling-only plot with fewer export notches visible. In July, the SOC 

remains higher, so more flexibility is available, but it is used in line with pricing levels and 

the profitability check. Showing that more flexibility does not always translate to more 

discharge. 

Overall, Figure 12 verifies that the control logic indeed works as intended, and V2G does 

not modify the service profile, except for slight adjustments in SOC management. Notably, 
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the discharge phenomenon will be more visible in the following figures, through which V2G 

is denoted by negative net energy. 

Figure 13. shows net energy for the depot for the same seasonal two-day periods, but with 

V2G enabled. The principal difference between this plot and its counterpart without V2G 

support is that the curve goes below zero. These indicate negative energy, which mean that 

energy is being supplied back to the grid. All positive areas indicate import, so charging the 

buses. 

Overall, in the four plots, charging remains dominated by the large night-time blocks, but 

these are now broken up or followed by noticeable export dips. In January, there is a long 

import plateau around hours 23-27, followed by a drop below zero around hours 29-31 and 

again towards the end of the window. This is, of course, the classic pattern, charging when 

it is cheap, and the bus is available, then discharging for a high-priced hour. In April, the 

export events become more numerous and sometimes more substantial, with noticeable 

negative dips around hours 5-6 and again around 41-43. This is consistent with the idea that 

shoulder periods provide more margin for V2G, since the buses return with higher SOC 

compared to winter periods. In July, there are prolonged periods of near-zero energy 

exchange through the day, meaning electricity prices did not have the needed arbitrage for 

discharging for a profit. With export visible as strong negative spike just before the end of 

the window, meaning most of the buses were already fairly full and were ready to discharge. 

Finally, in October, the graph displays multiple export events, with a negative dip at hour 

18, followed later by a large import block through the night, so in the early hours it can still 

discharge, charging back just before departures. 
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Figure 13.  Depot seasonal net power for 200kW V2G scenario. 

 

In summary, this graph reveals the energy arbitrage pattern at the depot level, the process 

both buys energy in the preferred windows and sells it back in some of the more valuable 

hours. Not all high-priced hours are utilised for export, that can be seen when the graph is 

flat at zero many times.  

Figure 14. zooms into the January 1-2. Period, at the charger and stall levels. The subplots 

show each individual charger cabinet with its four stalls being represented in different 

colours. In this figure also positive power represents the charger supplying power to the 

vehicle, and negative power represents the charger discharging power back to the grid. 

Looking at the stall power plots, the primary difference between the plot without V2G and 

with V2G is the appearance of short spikes of negative power.  

This represents export activity for each bus, and it is performed in short, usually 1-hour 

bursts and not a constant and extended discharge. The pulses of export appear on a sporadic 

basis. For example, at approximately hour 32 (8:00 AM on the second day) for Charger 1 it 
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has a visible discharge pulse with 0.1 MW from stall 16, while the other stalls are showing 

zero amount of power output. This indicates that the V2G controller prefers to discharge 

power from 1 stall, especially in the early hours since Bus 16 only leaves at 13:35, so it has 

time to recharge. Charger 3 and Charger 5 have also similar behaviour where, towards the 

end of the two-day time period at hour 42, Charger 5 showed another significantly deeper 

discharge pulse reaching 0.15 MW, meaning that the total stall power was being used. 

Evidently, there appears to be a correlation between the negative discharge pulses observed 

in Figure 13 and those occurring in Figure 14. However, Figure 14 shows which stall and 

bus actually delivered them. 

 

 

Figure 14. Charger-Stall powers for 200kW V2G January 1-2. 
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3.3.3  V2G Integration with Higher Charger Capability 

 

This case uses the same depot, schedules, and rules as the previous V2G case but bumps up 

the cabinet rating from 200 kW to 300 kW. The charging stalls stay the same with four stalls 

per cabinet and a 150 kW limit per stall. The controller works the same way, charging when 

prices are low, discharging when prices are high. It only sends energy back to the grid if it 

can still recharge the bus before leaving the depot, and it is net positive economically.  

The main thing that changes with the higher cabinet power is that power sharing gets easier 

when several buses use the same cabinet. At 200 kW, if two or three stalls are being used, 

each only gets about 50-70 kW. But at 300 kW, the same cabinet can charge more stalls at a 

higher power. This means buses can get close to full charge sooner. Getting them recharged 

earlier makes for longer free times, where a bus can potentially send energy back and still 

get its charge back before heading out. So, the 300 kW helps when cabinets are busy and 

lots of buses are returning. 

Figure 15. shows how the charge level changes over the same two-day periods for each 

season with V2G and the 300 kW cabinets. Like the 200 kW V2G SOC graph, the daily 

pattern is still visible, going down while working and charging back up at the depot. 

However, the charging parts are usually faster and end sooner, mainly in April, July and 

October. Many lines go back up to 1.0 sooner after hitting their low point. Being sooner at 

full is key, because it is when they can discharge without missing the departure. 

In April and October, some buses get to a high charge level sooner and the show a more 

stair-step pattern near the top. These steps are from sending energy, then recharging. 

Comparing it with the 200 kW cabinet, similarity is visible, but way more discharging is 

happening at the 300 kW scenario. 
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Figure 15. Bus seasonal SOC for scheduling 300kW V2G scenario. 

 

The low points in winter are still deep for many buses because the energy consumption did 

not change, and they come to the depot at a low SOC level. What is more, there are more 

instances where buses hit 0%, discharging completely, unlike in the slower charging cabinet 

scenario, where the cabinet did not always have the power to bring back the buses from 0% 

to full. 

Figure 16. shows how much power the depot uses with the 300 kW cabinets over the same 

time periods as previously. Positive power means charging the buses, while negative power 

means discharging them. 

The pattern is much like what is visible with the 200 kW V2G setup (Figure 13), but the 

changes are happening more intensely and quickly. This makes sense, since the stronger 

cabinets let the depot transfer energy faster. This means the same amount of charging or 

exporting can be done in less time.  
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Figure 16. Depot seasonal net power for 300kW V2G scenario. 

 

In January, a long stretch of importing is visible at nighttime at around hours 23-27. After 

that, the export dip is bigger than with the 200 kW setup. The line drops to about 1.0 MW 

discharging, while at the slower cabinets, it was only 0.75 MW. Then importing picks up 

again briefly to top off the charge, and the second day ends with another strong import period 

near hour 48.  

In April, the graph has several ups and downs as the depot imports and exports energy. The 

negative dips at hours 5-6 and 40-43 are noticeably larger than in Figure 13. In July, the 

same long no energy exchange is visible. Showing that low arbitrage cannot be solved with 

higher charging power. The biggest difference from the 200 kW setup is the size of the late-

window export. The power drops to 1.5 MW discharging, at around hour 45. This means 

that the depot can concentrate exporting into fewer hours instead of spreading it out. 
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In October, the same thing happens. The main night charging period is large, reaching 1.5 

MW, followed by a drop for export around hour 30. Compared to the 200 kW setup, both 

the positive and negative changes are bigger. 

Figure 17. shows the zoomed-in version of the charger stalls for the 300 kW cabinet during 

the January two-day period. Each subplot shows a charger, and the four lines represent stall 

powers. Now the stations can run more stalls at once without cutting the power to each one 

too much. 

When charging happens between hours 23-27. Almost all chargers have all of their stalls 

delivering power. The charging times are closer together. The system can get the energy to 

the buses faster because the chargers do not max out as fast when many buses are plugged 

in. 

 

 

Figure 17. Charger-Stall powers for 300kW V2G January 1-2. 

 

Also, when power is discharged to the grid, it shows up as quick large dips on the graphs for 

single stalls, while other stalls stay at zero. Looking at Charger 1, the purple line (Stall 16) 

has a large drop around hour 32, going down to 0.15 MW discharging. On Charger 5, the 
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blue line drops similarly around hour 42. These drops look more significant since the station 

has enough power to let a stall use its max rate and charge them back after. This shows that 

the power boost adds more options and faster action to the chargers.  

 

3.4  Performance Metrics 

 

The scenarios are compared using a set of criteria consistent for both technical data and 

economic factors, so that the differences between scenarios are solely dependent on the 

control scheme and charging capability, and not on any differences in fleet utilization. Fleet 

utilization is then monitored by means of depot energy import and export. Service feasibility 

was guaranteed by the rule that every bus must leave the depot at 100% SOC. Seasonal 

influences are inherited indirectly via temperature-adjusted energy consumption patterns.  

These influence how often profitable export windows appear, as well as how much charging 

is required overnight. 

Economic performance metrics are determined through annual electricity cost, V2G-

generated profit, and a degradation cost that is accumulated during V2G energy transit. 

These cash flows are then used to derive incremental CAPEX, which refers to the additional 

investment that would be involved in upgrading a one-way system to one that is V2G-

capable, as well as additional investment for an upgraded cabinet rating if relevant. The 

critical investment metric is the payback period, which is calculated by dividing incremental 

CAPEX by the annual economic advantage of the scenario. This allows easier interpretation 

of the analysis and is consistent with the type of indicators that are employed by depots for 

charging strategy selection. 
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4  Results 

This section reports on the delivery under the three build options of the depot model when 

the same fleet, schedules, site limits, and Nord Pool prices are used. First, the scheduling 

only case shows how price-aware timing with the reliability rule that every bus must depart 

full reshapes load and lowers energy cost without exporting. Second, V2G integration with 

200 kW cabinets adds bidirectional operation and applies the profitability check that a 

discharge is taken only when it can recharge to full with a positive margin after efficiency 

and degradation costs. Third, V2G with a higher charger capability of 300 kW cabinets 

checks whether faster chargers create more usable exporting windows and increase V2G 

profit.  In all cases, tracking the same metrics, net energy cost, exported energy, degradation 

cost, profit, or savings and finally comparing payback periods. Table 3. Shows the summary 

of the case results. 

 

Table 3. Summary of case results. 

 

Metric Scheduling only V2G 200 kW V2G 300 kW 

Annual used energy (MWh) 1300 1900 2050 

Annual energy cost (€) 37 000 52 500 54 000 

Exported energy (MWh) 0 500 600 

V2G revenue (€) 0 19000 23 000 

Degradation cost from V2G (€) 0 1400 1700 

Net annual benefit (€) - 2022 4112 

Incremental CAPEX (€) 0 24 000 36 000 

Payback (years) - 11.87 8.75 

Payback incl. +20k€ per cabinet 

premium 

- - 33 
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4.1  Simulation Results of Scheduling Scenario 

 

Without scheduling, the total depot energy cost for one year is around 70 000 € for 1,3 GWh, 

averaging 53 €/MWh. With the scheduling logic turned on, this cost is reduced to 37 000 €, 

so an average of 28,2 €/MWh. The absolute saving is around 33 000 €, which is a 47% 

reduction in energy cost. The drop comes from shifting most charging into low-priced hours, 

using medium hours only when needed to stay on track for the next departure, and touching 

into high-priced hours rarely. 

 

4.2  Simulation Results of V2G Integration Scenario 

 

The depot exported 494.5 MWh per year without missing any scheduled departure with the 

200 kW per charging cabinet scenario. Most of the export windows were done in medium 

and high price bands mainly in the morning and evening shoulders, when enough buses were 

already charged almost fully. The annual profit reached 2022 € meaning an additional 5% 

savings on top of scheduling, with a conservative 0.5 selling factor and taking into account 

round-trip losses and degradation costs. With an incremental CAPEX of 24 000 €, the 

payback period is 11.87 years. Power sharing between four stalls limited some export 

capabilities. However, sharing helped with doing most of the charging in the low-priced 

hours. The winter season showed fewer eligible V2G discharging possibilities. Mainly due 

to buses coming back to the depot on low SOC levels. Although it was sufficient to bring 

the payback below 12 years.  
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4.3  Simulation Results of V2G Integration with Higher Charger Capability 

 

The higher cabinet power rating shortened charging times in low-price periods, which 

opened more and longer export windows later in the day. As a result, the depot delivered 

607 MWh of V2G energy over the year, meaning about 23% more than the 200 kW system. 

The annual V2G credits reached 5809€, meaning a net income of 4112€ after degradation 

costs of 1697€. Saving an additional 10% over scheduling. With an incremental CAPEX of 

36 000€, not including the higher cabinet cost only the V2G implementation, the payback is 

8,75 years. However, including the higher cabinet cost of an extra 20 000€ per cabinet and 

also adding the V2G implementation, making it an additional CAPEX of 136000€ it would 

give a 33-year payback period. 

 

4.4  Economic Viability 

 

In this section, the three scenarios are compared on cost and return using the simulation and 

the same fleet, schedules, and limits. The values below reflect the price banding method 

introduced earlier, with the buy and sell pricing, conversion losses, and degradation costs 

included.  

The scheduling-only scenario has already reduced the costs by about 47% from 69 000 € to 

37 000 €. Indicating the importance of how much value comes from smart charging, utilising 

low-cost hours. These gains can be achieved with control logic and data already in the depot, 

so they can be realised with software and operating rules rather than new hardware and large 

capital investments.  

The bidirectional scenario with 200 kW cabinets reduced the total yearly costs by an 

additional 5.5% compared to the scheduling-only scenario, reducing the costs to around 
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35000 €. With an incremental CAPEX of 24000 €, the payback comes just under 12 years, 

which is not ideal, but profitable and stays within the typical charger warranties of 12 to 15 

years. Therefore, keeping the payback period under it is important. 

The bidirectional scenario with 300 kW cabinets mainly improves timing. Faster refills in 

low price periods open more and longer export slots later in the day, further reducing total 

yearly costs by 11.1% compared to the scheduling-only scenario. Higher power cabinets 

generate almost double the income, lowering costs to around 32600 €. With an incremental 

CAPEX of 36000 € for V2G implementation and no extra cabinet premium added it gives 

an 8,75 year payback. However, if the sole reason to upgrade the cabinet size is to generate 

more V2G profit it gives a 33-year payback period, making it not viable. 
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5  Discussion 

The overall message from these scenarios is the following. Smart charging already provides 

the greatest benefit in terms of the largest share of the overall cost savings of around 47% 

per year, without requiring new hardware in most cases. Including the effect of V2G in 

combination with the former helps to further reduce costs. These gains vary based on how 

much additional idle time there may be beyond the point when the buses arrive in their full 

charge configuration, the real sell price of the additional energy supplied back to the grid, 

and the true cost of the bidirectional hardware. With the assumptions applied in the given 

scenario analysis in mind, the additional benefit of V2G cannot be considered a reason for 

the need to change the current 200 kW cabinets to higher-power 300 kW cabinets for the 

purpose of realizing additional revenues from the extra overall V2G revenue stream. The 

scenario analysis considering the 200 kW case of V2G provides a positive effect, but the 

profit is modest.  

For both the V2G builds, compensation turns out to be the bottleneck and not ability or the 

number of available export hours. A substantial amount of power is handled by the depot, 

the amount exported for the 200 kW system was around 500 MWh a year, and for the 

300 kW system exports were above 600 MWh. Without V2G the total demand was around 

1300 MWh for the year. Meaning the buses delivered half of their normal yearly energy 

consumption in addition to the grid, if the efficiencies are included. However, with energy 

bonuses at 0.5 times the spot price and efficiency and throughput wear charges included, 

many hours export a slender margin and thus volumes generate small profits. 

Real depots, on the other hand, make their returns in more complex ways than simple energy 

arbitrage. There may be capacity products in the reserve markets that can afford the costs of 

having to be ready, not merely the costs of the supplied energy. That is to say, a fleet may 

make money simply by existing and being controllable, even if it seldom delivers. This 

analysis did not involve the additional details of reserve products, pre-qualification schemes, 

telemetry services, or aggregation contracts. A site that takes part in frequency containment 

services would therefore probably have higher earnings than the analysis suggests. These 

payments may carry small cycle costs but could perhaps turn the scales in the 200 kW case 

to be clearly positive. They may also improve the 300 kW case, but would require a sensible 
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cabinet cost for the site to have enough aggregated supply to have a positive effect. There 

are also limits to generalization. Many of the significant inputs are site-specific and not 

publicly available information. Hardware costs in the real world depend on the supplier, the 

quantity purchased, and the region. Even the cost of civil works, switchgear, metering and 

communications can vary significantly between depots. A number of factors specifically 

related to the tariff regime of the region and terms of market access exist. Moreover, the cost 

of aggregation charges for reserves may not always be known. Finally, in terms of modelling 

specifics, the simulation did not account for possible downtimes of the charger, 

communication delays, and errors in SOC computation. A positive throughput cost for 

degradation was used instead of a simulation of the chemical processes. 
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Conclusions 

The objectives of this study were to investigate, how far software-based scheduling can 

lower energy costs and determine the potential additional benefit from vehicle-to-grid 

system for an electric bus fleet under one depot model. The goals were achieved. A baseline 

result was produced from the scheduling-only simulation and then enhanced with the 

addition of V2G with two charging rates to distinguish between which areas of the 

economics were advancing and which were stagnant. The critical rule for the operations was 

that all bus departures were at full state of charge. 

The key insight is that smart charging is doing the main work. Simply doing pricing-sensitive 

timing reduced the energy spend by around 47% per year on the dataset with no additional 

hardware required. This is significant from a real-world implementation point of view and 

can be accomplished with already existing logic and data on the depot management system. 

The benefit is additive from V2G on top, and this is highly contingent on three factors that 

may not be within the operator’s discretion: the number of available idle time once all buses 

are charged sufficiently, the buy-sell margin, and the actual marginal cost of bidirectional 

chargers. On these assumptions, the benefits for the 200 kW option were modest and 

positive. Upgrading to 300 kW cabinets improved export avenues, but it would be unable to 

justify the additional cost for the cabinets on their own for revenue from V2G alone.  

Compared to previous research, these findings are mostly consistent. Previous studies often 

find larger gains from simple load shifting and more mixed evidence for V2G results, with 

better results involving reserve markets. The simulation confirms this, energy arbitrage is a 

benefit, but availability products would be more significant for buses that must be ready on 

short notice and can supply power for limited periods. In this research, frequency reserves 

were not modelled directly, and the profits calculated would be more conservative compared 

to a depot ready to participate and perform on capacity paid services.  

On the application side, having a clear MATLAB-based process that transforms real-world 

inputs to operational and economic outputs that can be driven by the operator is one 

important application contribution. However, if a city bus fleet can find a means to capitalize 

on all possible savings from scheduling and then layer on the benefits from V2G where 

feasible, then the shift to electric-powered buses would be made more feasible and less risky. 
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This is satisfactory for the overall goals for cities on the subject of climate change, without 

requiring companies to overemphasize investments in the actual system that might not be 

economically viable under limited capacity and pricing frameworks.  

Overall, the research indicates that charge scheduling is a near-term, low-risk win, and that 

V2G can be helpful with its business case depending on market access, potential downtime, 

and the cost of the hardware. Also, with reserve products and local conditions taken into 

consideration, decisions can be made for the expansion of cabinet sizes.  
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