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Abstract 

Widespread adoption of electric vehicles (EVs) largely relies on the availability of a charging infrastructure. However, the significant installation 

costs, need for appropriate locations, congestion and lengthy queues at public fixed charging station (FCS), and the potential strain on the grid hinder 

the expansion of the charging station network, particularly in urban areas. To address these shortcomings associated with FCSs, mobile charging 

stations (MCSs) can be used as a supplementary solution. To this end, an optimization framework that incorporates FCSs and MCSs is proposed to 

meet the spatiotemporally distributed EV charging demands. A community energy storage system (CESS) is integrated into the system to enhance the 

flexibility and increase the use of renewable energy in EV charging. When the EV charging requests are received, the proposed framework determines 

the optimal charging technology and location for each charging demand by taking charging site and time preferences of EV users into account. The 

simulation studies and comparative analyses demonstrate that the proposed framework enhances benefits for both the operators and EV users, achieving 

a 90% reduction in carbon emissions and reducing waiting times at FCSs to zero. Further analyses confirm its effectiveness across various conditions, 

leading to substantial reductions in emissions and costs, particularly in larger systems. Compared to an MCS scheduling method based on EV clustering, 

the proposed framework achieves lower emissions while slightly increasing battery degradation.  

Keywords: Carbon emission minimization, community energy storage, electric vehicle charging station, mobile charging station. 
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Nomenclature 

A. Indices 

𝑒 Electric vehicles (EVs) 
𝑖, 𝑗 Nodes  
𝑚 Mobile charging stations (MCSs) 
𝑡, 𝑡𝑡 Time periods 

B. Sets 

𝐸 EVs, e	∈ 𝐸 
𝑀 MCSs, 𝑚 ∈ 𝑀 
𝑁 Nodes, 𝑖, 𝑗 ∈ 𝑁 
𝑁!,# Depot nodes, 𝑖, 𝑗 ∈ 𝑁!,# 
𝑁′ Fixed charging station (FCS) nodes, 𝑖, 𝑗 ∈ 𝑁′ 
𝑅 Routes,	(𝑖, 𝑗) ∈ 𝑅 
𝑇 Time periods, t ∈ 𝑇 
𝑇$ Time periods for minimum carbon emission period, 𝑡 ∈ 𝑇$ 

C. Parameters 

arr%,&'( Binary parameter; 1 if EV	𝑒 arrives the designated node in time period 𝑡, else 0 

𝐶)*+ Number of fixed chargers for FCS at node 𝑖 

𝐶,-./ Number of chargers on MCS 𝑚 

𝐷),0 Distance between nodes 𝑖, 𝑗 (km) 

DoD Deep discharge value of MCS and CESS batteries 

𝑁12134 Battery cycle life of CESS and MCSs 

ord& Order value of each time period 𝑡 

place),% Matrix to determine EV nodes 

SOE.'//,565, SOE.'//,78+,	 
SOE.'//,756 Initial/maximum/minimum SOE value of CESS (kWh) 

SOE%'(,565 Initial SOE value of EV 𝑒 (kWh) 
SOE-./,565, SOE-./,78+, 
SOE-./,756 Initial/maximum/minimum SOE value of MCSs (kWh) 

SOE%
94: Requested SOE for EV 𝑒 at the completion of the charging process (kWh) 

SV Salvage value of CESS and MCSs batteries 

ℑ%899 Arrival time of EV 𝑒 

𝑡;, 𝑡46< Charging service start/end time 

∆𝑇 Determined time period 

𝜂1=/<1=, 𝜂,?@ Charging/discharging efficiency of CESS and MCSs  

𝜂*+ Charging efficiency of FCS 

𝜆&.A# CO2 price in time period	𝑡 

𝜆.'//<4B	, 𝜆-./<4B Battery degradation cost of CESS and MCSs ($/kWh) 

𝜆75CC Penalty cost for each EV missed by the MCSs 

𝜆D85E Penalty cost due to waiting time 
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𝜎D82 Energy consumption of MCSs for travel (kWh/km) 

𝜋F65E Battery purchase cost of CESS and MCSs ($/kWh) 

𝔅 A large positive value 

ℛ.'// Charging/discharging rate of CESS (kW) 

ℛ)
*+ Charging rate of FCS 𝑖 (kW) 

ℛ1=,-./, ℛ<1=,-./ Charging/discharging rate of MCSs (kW) 

ℛ-./,EGE Total discharging rate of MCSs (kW)  

𝒯),0
D82 Travel time from 𝑖 to 𝑗 

D. Real Variables 

𝐸,,),0,&
D82  Energy consumed by MCS 𝑚 while traveling from 𝑖 to 𝑗 in time period 𝑡 (kWh)  

𝑃),%,&
1=,*+ Charging power of EV 𝑒 at FCS 𝑖 in time period 𝑡 (kW) 

𝑃,,),&
1=,-./ Charging power delivered by MCS 𝑚 at depot 𝑖 in time period 𝑡 (kW) 

𝑃,,),%,&
<1=,-./ Discharging power of MCS 𝑚 to charge EV 𝑒 at node 𝑖 during time period 𝑡 (kW) 

𝑃&.'//→I./ Power from CESS to FCSs at time period 𝑡 

𝑃&
1=,.'//, 𝑃&

<1=,.'// Charging/discharging power of CESS during time period 𝑡 (kW) 

𝑃&J→.'//, 𝑃&J→I./, 	
𝑃&J→-./ Powers from grid to CESS/FCSs/MCSs at time period 𝑡 (kW) 

𝑃&K95< Total power drawn from grid at time period 𝑡 (kW) 

𝑃),%,&
-./,94: Requested power from MCS operator for charging EV 𝑒 at node 𝑖 during time period 𝑡 (kW) 

SOE&.'//, SOE,,&-./, 
SOE%,&'(	 

SOE value of CESS/MCS 𝑚/EV 𝑒 in time period 𝑡 (kWh) 

ℑD85E Total waiting time of EVs 

ℑ%CE89E Charging starting time of EV	𝑒 

wt% Queue waiting time for EV 𝑒 at charging station 

𝔼,,&
D82 Total energy consumption for travel by MCS 𝑚 in time period 𝑡 (kWh) 

ℙ,,),&
<1=,-./ Total power discharged by MCS 𝑚 at node 𝑖 in time period 𝑡 (kW) 

ℙ),&
-./,94: Requested power from MCS operator for charging EVs at node 𝑖 during time period 𝑡 (kW) 

E. Binary Variables 

𝑥,,),0,& 1 if MCS 𝑚 travels using (𝑖, 𝑗) route in time period 𝑡, else 0 

𝓎),%,&, 𝓏),%,&	 1 if EV 𝑒 connects to FCS/MCS at node 𝑖, in time period 𝑡, else 0 

𝜔,,),%,& 1 if EV 𝑒 connects to MCS 𝑚 at node 𝑖, in time period 𝑡, else 0 

𝛼%,&
*+,CE89E, 𝛼%,&

71C,CE89E 1 if FCSs/MCSs start charging EV 𝑒 in time period 𝑡, else 0 

𝛼%,&
EGE,CE89E 1 if charging of EV 𝑒 starts in time period 𝑡, else 0 

𝛽%,&
*+,46<, 𝛽%,&

71C,46< 1 if FCSs/MCSs finish charging EV 𝑒 in time period 𝑡, else 0 

𝛿,,),&
71C,899, 𝜇,,),&

71C,<4M, 𝜅,,),& 1 if MCS 𝑚 arrives at/departs from/connects to node 𝑖, in time period 𝑡, else 0 

𝜚% 1 if MCSs reject to charge EV 𝑒, else 0 

𝜃& Binary variable to prevent bidirectional power flow for CESS in time period 𝑡 
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1. Introduction 

1.1 Motivation and Relevant Background 

Energy consumption stands as the primary driver of greenhouse gas emissions, with heat and electricity generation accounting 

for 31.8% of these emissions [1]. The expansion and effective utilization of renewable energy sources (RESs) can significantly 

contribute to decreasing greenhouse gas emissions; however, the electricity generated by RESs is not always predictable, and this 

issue might result in challenges in maintaining the balance between energy supply and demand. Large-capacity electrical energy 

storage systems can be effectively used for minimizing the impact of uncertain behavior of RESs and increasing their utilization 

by storing the excess energy from RESs and injecting it especially during peak hours when prices are high. 

Community energy storage systems (CESSs), consisting of shared battery storage units connected to low-voltage transformers 

that supply multiple homes or small businesses, can support RESs integration and enable flexible energy sharing among 

prosumers. CESSs are shared and utilized by the agents within a community. CESSs have been used in many studies as they are 

capable of providing a more economic option compared to individual battery energy storage systems by reducing system 

installation and maintenance costs [2]. A CESS sharing framework was proposed in [3] to reduce electricity costs and grid 

dependence of prosumers by considering both storage and power capacities. To reduce the curtailment of RES generation by 

storing the surplus energy in a CESS during the day for use during peak demand periods, the export limits for RESs were calculated 

in [4]. A power system consisting of a CESS and multiple RESs was considered in [5] with the objective of optimizing the 

operations and minimizing the total system cost. A coordination mechanism was proposed in [6] to enable collaboration between 

multiple community RES prosumers and a CESS, aiming to enhance local energy consumption and optimize renewable energy 

utilization while accounting for uncertainties in both supply and demand. The optimal operation of an energy community 

incorporating a CESS and shiftable loads was presented in [7] and costs, self-consumption and CO2 emissions of the community 

were analyzed. While these studies demonstrate the potential of CESSs to reduce electricity costs and improve RES utilization, 

they do not address their integration for energy sharing within residential communities. This limitation reduces the effectiveness 

of CESSs in balancing load demand fluctuations and RES generation, restricting their ability to enhance energy self-sufficiency 

and optimize RES integration. 

Recent research has focused on using CESSs for energy sharing in residential communities, optimizing the benefits of variable 

load demands and RES generation. The benefits of a CESS were evaluated for daily electricity cost and the self-consumption of 

photovoltaic (PV) energy for a residential community [8]. In [9], the flexibility constraints for an energy community and uncertain 

fluctuations in energy prices were considered and the level of the energy community self-sufficiency was examined with and 

without a CESS. An optimization strategy was proposed in [10] to reduce both the investment and operational expenses for CESS 

providers and prosumer operating costs, considering different energy pricing schemes and accounting for uncertainties in energy 
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consumption and PV generation. An energy cooperation approach between a CESS and several smart houses with rooftop PV 

systems and heating, cooling and air conditioning units was proposed in [11] for the purpose of minimizing energy cost and end-

user discomfort. A similar approach was presented in [12] with the same objectives, by also considering the willingness of end 

users to participate in energy-sharing community. For a community consisting of a CESS and households with flexible loads and 

PV, a quota system-based energy management strategy was proposed in [13] to increase the fairness level among the prosumers 

while maximizing the CESS utilization.  

In addition to the effective utilization of RESs, the transition to electric vehicles (EVs) also can mitigate greenhouse gas 

emissions significantly; however, none of the aforementioned studies considered the operation of CESSs with EVs. With this 

objective, a distribution substation including PVs, a 50 kWh CESS, and EVs was considered in [14] and it was shown that the 

impacts of EVs on grid, carbon emissions, and peak demand were reduced considerably with smart charging strategies. An energy 

community including household loads, PVs, shared EV chargers, and a 120 kWh CESS was considered in [15] with the objective 

of quantifying the benefits of CESS for an energy community and a distribution system operator, and minimizing the electricity 

and degradation costs for the community. However, these two studies did not examine the effect of distributed EV charging 

operations on the network and did not propose a CESS-based solution for reducing greenhouse gas emissions associated with EV 

charging. 

Considering the economic, operational, and environmental benefits of CESSs mentioned in the given studies, it can be expected 

that similar benefits could be achieved for the communities including EVs if the charging and discharging operations of CESS are 

conducted by considering the EV arrival and departure time within the community. However, since CESS locations are fixed 

while EVs and EV charging stations are distributed over the community, the benefits of a single CESS might be limited due to 

the temporal and spatial mismatch between this unit and EV charging demands. To this end, the concept of mobile charging 

stations (MCSs) has emerged in the last years to effectively use energy storage systems for EV charging. MCSs eliminate the cost 

of purchasing or leasing land for fixed charging stations (FCSs), especially in city centers with limited suitable locations for 

building FCSs. Even in the presence of FCSs, MCSs can be used as a supplementary charging method to reduce the waiting times 

of EVs in FCSs, minimize time and energy spent for some EVs to reach FCSs, and increase the renewable energy utilization in 

EV charging, which results in a significant reduction in greenhouse gas emissions. The potential national benefits and business 

value of MCSs were analyzed in [16] and it was proven that MCSs can provide economic advantages by increasing the uptake of 

EVs and thereby reducing carbon emissions.  

Several recent studies have been presented in the literature to evaluate the benefits of MCSs for EV charging. With the 

objective of reducing the charging costs, an optimization problem of scheduling and routing the MCSs was proposed in [17] by 

considering stochastic travel times of MCSs in the presence of spatio-temporal charging requests. A number of MCSs were used 
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in [18] to maximize the number of fully charged EVs, where an agent determines the route and schedule for each MCS. Instead 

of routing each EV, the MCS service strategy in [19] gathers multiple EVs in common charging places to mitigate the EV users’ 

concerns about the lack of EV charging infrastructure. An MCS service optimization problem was divided into planning and 

operation in [20] where MCS dispatch was modeled as an EV routing problem at the operational level, and the number and 

locations of depots and MCS fleet size were determined at the planning level. For a multi time-scale EV charging service, an 

optimization approach combining the allocation, charging decision, and coordinated control of the MCSs at three different time 

scales (hours, minutes and seconds) was developed in [21]. In [22], to shorten the travel time of MCSs and prevent excessive 

MCSs from moving into the same areas simultaneously, a strategy that places idle MCSs in the areas with large potential charging 

demand was proposed. An assignment scheduling strategy of MCSs was proposed in [23], [24] and [25] where the assignments 

are scheduled to decrease the EV charging costs and increase the ratio of these EVs charged effectively. Several factors for 

providing MCS service to EVs such as distance to FCSs and distance to the nearest parking lot, arrival time at FCSs, arrival time 

at the nearest parking lot, and the average capacity of parking lots were considered in [26]. 

Despite their many benefits, it is anticipated that MCSs may not completely replace the role of FCSs in the short term due to 

their limited energy capacities. Therefore, a certain number of MCSs has been used with existing FCSs to meet the given charging 

demand of EVs. An algorithm was developed in [27] to determine the minimum number of MCSs and their optimal charging and 

discharging times and amounts to satisfy the given load demand of EVs, with the objective of reducing the operating cost of MCSs 

and an FCS. In [28], an optimization method was proposed to determine the optimal charging technology and location for EVs, 

considering EV travel trajectories. The study showed that MCSs might be the optimal charging method for many EV users as they 

reduce the EV user’s overall charging cost and time. Besides, MCSs mitigate grid stress caused by EV charging at FCSs during 

peak hours. A dispatch algorithm for EVs was presented in [29] and the simulation results showed that when MCSs are used 

together with FCSs, the waiting time at FCSs reduces by 80%, and the peak demand on the network decreases by 8% for an EV 

penetration level of 25%. An energy management algorithm was introduced in [30] to investigate the benefits of MCSs in 

minimizing the number of EVs waiting for charging and improving grid operation. An economic operation of the MCSs was 

achieved by charging MCSs with RESs and the stress on grid was alleviated during high charging demand periods by charging 

some of the EVs through MCSs. 

As outlined in the literature reviewed above, various studies have explored different charging infrastructure for EVs, including 

MCSs, CESSs, and FCSs. Each of these solutions offers distinct advantages, such as increased utilization of RES, reduced energy 

costs, and shorter charging times. However, none of these approaches independently provide all these benefits simultaneously due 

to their inherent limitations—FCSs have constrained capabilities, CESSs are not directly applicable for EV charging, and MCSs 
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lack the ability to support grid stability. By integrating and strategically coordinating these components, a more efficient and 

comprehensive charging infrastructure can be developed, optimizing benefits for all stakeholders. 

1.2 Contribution 

This study introduces a novel scheduling approach for optimizing the operation of multiple MCSs, FCSs, and a CESS, 

motivated by the potential of CESS to enhance renewable energy utilization, reduce greenhouse gas emissions, and enable load 

shifting, as well as the advantages of MCSs in providing fast and less greenhouse gas-intensive EV charging. Unlike existing 

models in the literature, the proposed framework explicitly integrates route selection, considering its impact on MCS travel times 

and energy consumption. Additionally, battery degradation costs for both CESS and MCSs are incorporated, addressing a factor 

frequently neglected in prior studies. The effectiveness of the proposed approach is analyzed from the perspective of key 

stakeholders, including distribution system operators, MCS and FCS operators, and EV users. The distinguishing features of the 

present study in comparison to existing research are tabulated in Table 1.  

As seen from Table 1, most prior research focus on either FCSs or MCSs, whereas this study uniquely integrates both, in 

conjunction with a CESS, to enhance charging flexibility and accessibility. Furthermore, this study simultaneously optimizes 

multiple objectives, including minimizing carbon emissions, maximizing renewable energy utilization, facilitating load shifting, 

and minimizing EV charging times, considerations that are only partially addressed in prior research. While the previous studies 

do not account for key operational constraints, this study incorporates depot locations and battery degradation costs, ensuring a 

more realistic and economically viable optimization framework. By integrating these elements, the proposed framework presents 

a scalable and effective solution for EV charging infrastructure, effectively bridging critical research gaps. 

The key contributions of this study are outlined as follows: 

• A novel spatiotemporal scheduling algorithm is introduced to optimize EV charging in a given region, minimizing both 

carbon emissions and EV waiting times. This is the first study in the literature to address these objectives simultaneously. 

• MCSs and a CESS are jointly utilized for the first time to address the limitations of FCSs, enabling optimal EV charging 

anytime and anywhere. 

• Battery degradation costs for both MCSs and CESS, along with route constraints for MCSs, are considered, addressing 

the challenges mentioned in existing research. 

• The impact of the proposed approach is comprehensively analyzed in terms of carbon emissions, EV waiting times at 

FCSs, and power demand from the grid. The evaluation leverages real-world EV charging profiles from the DERConnect 

Testbed at the University of California San Diego, and carbon emission data from the California Independent System 

Operator. 
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Table 1. Classification of the study in comparison to related studies in the literature. 

Ref. 

Objective/Benefit 

CESS 

Charging Station 
Multiple 

Depot 
Price 
Tariff 

BDC 
Higher RES 
Utilization 

Load 
Shifting EVCM 

EVC Time 
Minimization FCS MCS 

[3] ü û û û ü û û û Dynamic ü 

[4] ü û û û ü û û û ToU û 

[5] ü û û û ü û û û Feed-in û 

[6] ü û û û ü û û û Feed-in û 

[7] ü û û û ü û û û Flat ü 

[8] ü û û û ü û û û Volumetric û 

[9] ü û û û ü û û û Dynamic û 

[10] ü û û û ü û û û Feed-in û 

[11] ü û û û ü û û û Dynamic û 

[12] ü û û û ü û û û Feed-in ü 

[13] ü ü û û ü û û û Dynamic û 

[14] ü ü ü û ü û û û Dynamic û 

[15] ü û ü û ü û û û Volumetric ü 

[16] û û ü û û û ü ü Flat û 

[17] û û ü û û û ü û - û 

[18] û û ü û û û ü û - û 

[19] û û ü ü û û ü û - û 

[20] û û ü ü û û ü ü - û 

[21] û û ü ü û û ü ü - û 

[22] û û ü ü û û ü û - û 

[23] û û ü ü û û ü û - û 

[24] û û ü ü û û ü û - û 

[25] û û ü ü û û ü û - û 

[26] ü ü ü ü û û ü û Dynamic û 

[27] ü ü ü û û ü ü û ToU ü 

[28] û ü ü ü û ü ü ü ToU û 

[29] û ü ü ü û ü ü ü ToU ü 

[30] ü ü ü ü û ü ü û Dynamic û 
This 

Study ü ü ü ü ü ü ü ü Dynamic ü 

Note: EVC: EV Charging, EVCM: EV Charging Management, BDC: Battery Degradation Cost 
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The remainder of the paper is structured as follows: Section 2 outlines the system architecture and formulates the problem for 

the proposed framework. Section 3 provides an analysis of the case studies and simulation results. Section 4 presents additional 

simulation analyses to validate the performance of the proposed algorithm across different scenarios, scales, and parameters, along 

with a comparative assessment against another optimization framework. An evaluation of the feasibility of MCSs is conducted in 

Section 5. Finally, Section 6 concludes the paper by summarizing the key findings. 

2. Methodology 

2.1 Framework Description 

An EV charging framework is proposed to address the charging demands in a given area. This framework includes FCSs 

equipped with multiple charging units, MCSs supported by dedicated depots for recharging, and a CESS, as depicted in Fig. 1. 

The distribution system operator is assumed to own the FCSs and CESS, while the MCS operator manages the MCSs. EVs charge 

at FCSs based on real charging sessions, incorporating travel trajectories and time preferences derived from actual EV FCS data. 

At FCSs, EV users must wait for an available charging unit before they can begin charging, often leading to congestion and 

prolonged waiting times, especially during peak demand periods. To mitigate this issue, MCSs provide a more flexible and 

adaptive charging solution by adding additional chargers to a FCS site, thereby reducing waiting times and alleviating congestion 

at FCSs. When EV charging demand exceeds the capacity of FCSs, MCSs are dispatched to the FCSs based on their schedules 

and locations to supplement charging services. This deployment minimizes delays for EV users, and optimizes the overall 

utilization of the charging infrastructure. 

The primary objective of the proposed framework is to reduce both carbon emissions and waiting times in EV charging 

operations. This is achieved by scheduling the charging of MCSs and CESS during periods of lower carbon emissions. 

Furthermore, the framework optimizes MCS routing based on EV user requests, minimizing MCS travel times, and reducing the 

corresponding energy consumption. 

2.2 Mathematical Model of EV Charging Framework 

The objective function for the proposed optimization problem and the mathematical models of the charging stations and CESS 

considered are described in the following subsections. The mathematical model is structured in two steps: the initial scheduling 

optimization and final validation phases in Step 1, and MCS routing optimization in Step 2. This framework facilitates the 

interaction between the distribution system operator and the MCS operator. A concise representation of these consecutive steps, 

summarizing the objective, constraints, and outputs for each, is presented in Fig. 2. 

2.2.1 First Step of Mathematical Model 

In the first optimization problem, the distribution system operator aims to minimize the carbon emissions caused by EV 

charging and the degradation of CESS and MCS batteries during charging and discharging operations. 
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Fig. 1. General schematic of the proposed system. 

 

Fig. 2. Flowchart of the proposed two-step optimization framework. 
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Furthermore, the distribution system operator aims to minimize waiting times for EVs at FCSs to mitigate the clustering effect, 

where prolonged charger occupancy might overlap with residential or commercial peak loads, causing localized peak demand on 

the distribution system. To achieve these objectives, the operator utilizes energy from the grid and CESS, and requests additional 

energy from the MCS operator. 

2.2.1.1 Objective Function 

This study seeks to minimize carbon emissions from EV charging, waiting times at FCSs, and battery degradation in both 

MCSs and CESS. To achieve this, a cost is assigned to each objective, standardizing them in a common unit to facilitate 

optimization, enhance comparability, and improve interpretability. Accordingly, the proposed framework in Step 1 is designed to 

minimize the costs associated with carbon emissions, EV waiting times, and battery degradation, as outlined in (1). 

𝑚𝑖𝑛Z𝜆&.A# ∙ 	𝑃&K95< ∙ ∆𝑇
&

+ (𝜆.'//<4B ∙ 𝑃&
.'//,<1= + 𝜆-./<4B ∙ 𝑃&

-./,94:) ∙ ∆𝑇 + 𝜆D85E ∙ 	ℑD85E (1) 

2.2.1.2 Power Exchange Constraints 

The total power drawn from distribution network in time interval 𝑡 comprises three components as shown in (2), where 𝑃&J→I./ 

defines the amount of the power supplied to FCSs, 𝑃&J→.'// is the power used to charge CESS and,	𝑃&J→NOP is the power for 

charging MCSs. The power demand of the EVs charged at the FCSs, 𝑃),%,&
1=,*+, can be supplied by the grid or the CESS or both, as 

shown in (3). The total requested power from the MCSs at node 𝑖, ℙ),&
-./,94:, is defined in (4) where 𝑃),%,&

-./,94: represents the power 

request of each EV 𝑒. Equation (5) ensures that the total charging power of MCSs, which is used to calculate the carbon emission 

contribution of MCSs in Step-1, equals the total requested power from MCSs. Equation (6) limits the charging power of MCSs in 

each time interval based on their charging rate. Constraint (7) restricts the permissible total discharging rate of MCSs at node 𝑖, 

while constraint (8) requires EV 𝑒 to be connected to an MCS for energy transfer, adhering to the discharging rate limit, ℛ<1=,-./, 

of a single MCS. 

𝑃&K95< 	= 	𝑃&J→I./+	𝑃&J→.'//+	𝑃&J→NOP, ∀𝑡 ∈ 𝑇  (2) 

𝑃&J→I./	+	𝑃&.'//→I./ = Z 𝑃),%,&
1=,*+

)∈R$,%∈S

, ∀𝑡 ∈ 𝑇 (3) 

ℙ),&
-./,94: =Z𝑃),%,&

-./,94:

%∈S

, ∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (4) 

Z	𝑃&J→NOP = Z (ℙ),&
-./,94:)/∆𝑇

)∈R!,&∈T&∈T

 (5) 

	𝑃&J→NOP ≤ ℛ1=,-./, ∀𝑡 ∈ 𝑇 (6) 



 

 

12 

ℙ),&
-./,94: ≤ ℛ-./,EGE	, ∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (7) 

𝑃),%,&
-./,94: ≤ ℛ<1=,-./ ∙ 𝓏),%,&		, 𝓏),%,& ∈ {0,1}, ∀𝑒 ∈ 𝐸, ∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (8) 

2.2.1.3 EV Charging Constraints  

The state of energy (SOE) variation of EVs is defined as the SOE of EV 𝑒 upon arrival at node 𝑖, where an FCS is located, 

plus the energy charged to EV 𝑒 in time interval 𝑡 using one of the available charging methods—either an FCS or an MCS—as 

expressed in (9). The battery SOE of EVs, SOE%,&'(, is limited by (10) between initial and requested SOE levels. Constraints (11) 

and (12) ensure that the SOE level of EV	𝑒	 is greater than or equal to the requested energy level, SOE%
94:, when charging is 

completed. Connection status constraints of the EVs are given in Appendix A. 

SOE%,&'( = SOE%,&U!'( + Z(𝑃),%,&
1=,*+ ∙ 𝜂*+ + 𝑃),%,&

-./,94: ∙ 𝜂71C) ∙ ∆𝑇,
)∈R!

∀𝑒 ∈ 𝐸, if	𝑡 ≠ 𝑡; (9) 

SOE%'(,565 ≤ SOE%,&'( ≤ SOE%
94:, ∀𝑒 ∈ 𝐸, ∀	𝑡 ∈ 𝑇 (10) 

SOE%,&'( ≥ SOE%
94: ∙ 𝛽%,&

*+,46<	, 𝛽%,&
*+,46< ∈ {0,1}, ∀𝑒 ∈ 𝐸, ∀	𝑡 ∈ 𝑇 (11) 

SOE%,&'( ≥ SOE%
94: ∙ 𝛽%,&

71C,46<, 𝛽%,&
71C,46< ∈ {0,1}, ∀𝑒 ∈ 𝐸, ∀	𝑡 ∈ 𝑇 (12) 

2.2.1.4 FCS Operation Constraints 

Equation (13) imposes a limit on the charging power of EV 𝑒, ensuring it does not exceed the charger’s power capacity. The 

binary variable 𝓎),%,& ensures that EV 𝑒 is connected to a fixed charger at node 𝑖 within time interval 𝑡. Constraint (14) limits the 

charging power of FCS to the total permissible power at node 𝑖. As indicated in (15), the number of connected EVs cannot exceed 

the number of chargers at node 𝑖. 

𝑃),%,&
1=,*+ ≤ ℛ)

*+ ∙ 𝓎),%,&		, 𝓎),%,& ∈ {0,1}	, ∀𝑒 ∈ 𝐸, ∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (13) 

Z𝑃),%,&
1=,*+

%∈S

≤ ℛ)
*+ ∙ 𝐶)*+	, ∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (14) 

Z𝓎),%,&
%∈S

≤ 𝐶)*+	, 𝓎),%,& ∈ {0,1}	, ∀𝑖 ∈ 𝑁$, ∀𝑡 ∈ 𝑇	 (15) 

2.2.1.5 CESS Operation Constraints 

The charging power of the CESS is equal to the power drawn from the grid for each time interval 𝑡 as per (16). The discharging 

power of the CESS is equal to the power transferred to FCSs as per (17). Besides, the charging and discharging power of the CESS 

are limited by the charging/discharging rating ℛ.'//, while the binary variable 𝜃& prevents simultaneous charging and discharging 

of the CESS. The SOE variation of CESS is depicted in (18) based on the charging and discharging powers, while the SOE at any 
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given time period is constrained within the minimum and maximum values in (19). Constraints (20) and (21) ensure that the SOE 

of the CESS at the start and end of the day remains equal to the initial SOE. Lastly, the battery degradation rate calculation for 

CESS and MCSs is provided in Appendix B. 

𝑃&
1=,.'// = 	𝑃&J→.'// ≤ 	ℛ.'// ∙ 𝜃& 		, 𝜃& ∈ {0,1}	, ∀𝑡 ∈ 𝑇 (16) 

𝑃&
<1=,.'// = 	𝑃&.'//→I./ 	≤ 	ℛ.'// ∙ (1 − 𝜃&)		, 𝜃& ∈ {0,1}	, ∀𝑡 ∈ 𝑇 (17) 

SOE&.'// = SOE&U!.'// + (𝑃&
1=,.'// ∙ ∆𝑇 ∙ 𝜂

1=
<1=) − (𝑃&

<1=,.'// ∙ ∆𝑇/𝜂
1=
<1=)	, if	𝑡 ≠ 𝑡; (18) 

SOE.'//,756 ≤ SOE&.'// ≤ SOE.'//,78+, ∀	𝑡 ∈ 𝑇 (19) 

SOE&.'// = SOE.'//,565, if	𝑡 = 	 𝑡; (20) 

SOE&.'// = SOE.'//,565, if	𝑡 = 	 𝑡46< (21) 

2.2.2 Second Step of the Mathematical Model 

The second optimization problem takes the perspective of the MCS operator, focusing on minimizing the energy spent by the 

MCSs while traveling and ensuring the power requested by the power system operator is delivered to the EVs.  

2.2.2.1 Objective Function 

The proposed framework in Step 2 aims to minimize the energy consumption of MCSs during transit, 𝔼,,&
D82, as well as the 

number of unserved EVs, 𝜆75CC, as indicated in (22). 

minZ𝔼,,&
D82 + 𝜆75CC ∙ 	𝜚%

,,&

	 , 𝜚% ∈ {0,1}	 (22) 

2.2.2.2 MCS Power and Energy Constraints 

Constraints (23) to (30) define the framework for the charging and discharging processes of MCSs. In (23), MCSs charging 

power, 𝑃,,),&
1=,-./, is constrained by the charging ratings of the depot chargers, and MCS charging is permitted only during hours 

with minimum carbon emissions (𝑡 ∈ 𝑇$), as defined in Step-1. The binary variable 𝜅,,),& requires that MCS 𝑚 is connected to 

node 𝑖 for self-charging. Equation (24) prevents MCSs from charging outside the depot locations. The total discharging power of 

MCSs, ℙ,,),&
<1=,-./, is defined in (25), while in (26), it is restricted by the total discharging rate of all chargers on the MCS. Since 

MCSs only serve the EVs identified in Step 1, the total MCS power is less than or equal to the power requested by the EVs as 

indicated in (27). Equation (28) specifies whether the EVs assigned to MCSs are accepted and charged or rejected, with rejected 

EVs being represented by the binary variable 𝜚%  for penalization. Constraint (29) requires that EV	𝑒 be connected to an MCS for 

power transfer ensured by the binary variable 𝜔,,),%,&. Constraint (30) prohibits the discharging of MCSs at depot locations. 
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The SOE constraints are outlined in (31) through (36). In (31), the SOE of MCSs, SOE,,&-./, is determined by the charging and 

discharging rate, as well as the energy consumption for travel by MCS 𝑚 in time period 𝑡. Equation (32) imposes limits on the 

SOE of MCSs to prevent both overcharging and deep discharging. Constraints (33) and (34) ensure that the SOE of each MCS at 

the end of the day is equal to the SOE at the beginning of the day. In (35), the energy spent in transit by MCS 𝑚 in time period 𝑡 

is given. Constraint (36) formulates the energy consumed by MCS 𝑚 while traveling between nodes as a function of distance and 

energy consumption per unit distance for MCSs. The binary variable 𝑥,,),0,& is set to 1 if MCS 𝑚 travels along route (𝑖, 𝑗) during 

time period 𝑡, and 0 otherwise. MCS operation constraints are provided in Appendix C. 

𝑃,,),&
1=,-./ ≤ ℛ1=,-./ ∙ 𝜅,,),&		, 𝜅,,),& ∈ {0,1}, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁!,#, ∀𝑡 ∈ 𝑇$ (23) 

𝑃,,),&
1=,-./ = 0	, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁$, ∀𝑡 ∈ 𝑇 (24) 

ℙ,,),&
<1=,-./ =Z𝑃,,),%,&

<1=,-./

%∈S

, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (25) 

ℙ,,),&
<1=,-./ ≤ ℛ<1=,-./ ∙ 𝐶,-./ ∙ 𝜅,,),&		, 𝜅,,),& ∈ {0,1}, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (26) 

Z 𝑃,,),%,&
<1=,-./

,∈N

≤	𝑃),%,&
-./,94:  (27) 

Z 𝑃,,),%,&
<1=,-./ ∙

,∈N,)∈R!,&∈T

∆𝑇 ∙ 𝜂71C 	≥ SOE%
94: ∙ (1 − 𝜚%)		, 𝜚% ∈ {0,1}	, ∀𝑒 ∈ 𝐸 (28) 

𝑃,,),%,&
<1=,-./ ≤ ℛ<1=,-./ ∙ 𝜔,,),%,&		, 𝜔,,),%,& ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀𝑒 ∈ 𝐸, ∀𝑖 ∈ 𝑁′, ∀𝑡 ∈ 𝑇 (29) 

ℙ,,),&
<1=,-./ = 0	, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁!,#, ∀𝑡 ∈ 𝑇 (30) 

SOE,,&-./ = SOE,,&U!-./ +Z(𝑃,,),&
1=,-./ ∙ 𝜂71C −ℙ,,),&

<1=,-./) ∙ ∆𝑇
)∈R

	− 	𝔼,,&
D82, ∀𝑚 ∈ 𝑀, if	𝑡 ≠ 𝑡; (31) 

SOE-./,756 ≤ SOE,,&-./ ≤ SOE-./,78+, ∀𝑚 ∈ 𝑀,∀	𝑡 ∈ 𝑇 (32) 

SOE,,&-./ = SOE-./,565, if	𝑡 = 	 𝑡; (33) 

SOE,,&-./ = SOE-./,565, if	𝑡 = 	 𝑡46< (34) 

𝔼,,&
D82 = 	 Z 𝐸,,),0,&

D82

)∈R,0∈R

	 , ∀𝑚 ∈ 𝑀,∀(𝑖, 𝑗) ∈ 𝑅, ∀𝑡 ∈ 𝑇 (35) 

𝐸,,),0,&
D82 = 	𝜎D82 ∙ 𝒟),0 ∙ 𝑥,,),0,&	, 𝑥,,),0,& ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀(𝑖, 𝑗) ∈ 𝑅, ∀𝑡 ∈ 𝑇 (36) 

Finally, Phase 2 of Step 1 validates the power flows in the system, based on the interactions between the distribution system 

operator and MCS operator. In this phase, Phase 1 is re-evaluated based on the results from Step 2. If the EV charging request 
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submitted to the MCS operator in Phase 1 of Step 1 is fully accepted in Step 2, no further action is needed. However, if the MCS 

operator only partially meets the charging request of the power system operator, Phase 2 of Step 1 takes the accepted portion as a 

parameter and re-solves Phase 1. 

This study considers predetermined charging demands based on real-world data, including arrival time and the initial and 

requested SOE levels of the EVs. Since reservation-based systems are commonly used in MCSs and FCSs, this assumption is 

realistic. While the proposed algorithm can be adapted for dynamic inputs, our previous research [31-32] suggests that this would 

have minimal impact on the results. However, if required, the methodology can be modified to function as a real-time algorithm 

as in [33]. For this purpose, the problem should be solved at each episode (𝑝 ∈ 𝑃), with all variables stored for the next episode. 

From this perspective, the charging demand parameters— SOE%'(,565,	SOE%
94:, and arr%,&'( —should be adapted at each episode by 

introducing an additional dimension. Consequently, in the first episode, the optimization problem will be solved using charging 

reservation data only, without knowledge of real charging demands. In subsequent episodes, the optimal solutions will 

dynamically adjust based on the charging demand history. 

3. Case Studies and Results  

3.1 Input Data 

To evaluate the effectiveness of the proposed approach, real data from the DERConnect Microgrid Testbed located within the 

University of California San Diego Campus, which is comprised of solar PV generators, battery energy storage systems, level 2 

and DC fast chargers EV charging stations, and energy efficient buildings with flexible loads, are used. The proposed Mixed-

Integer Linear Programming (MILP) optimization problem is solved using the General Algebraic Modeling System (GAMS) 

v.25.1.3, in conjunction with the CPLEX commercial solver, with a 15-minute time resolution. The locations of the CESS and 

FCSs as well as the recharging locations for the MCSs (marked with red triangles) are shown in Fig. 3. 

We used data from Tuesday, April 30, 2024, the latest available day in a dataset of FCS at University of California San Diego. 

This dataset provides the battery capacities, actual energy charged, and arrival-departure times of 126 EVs over 49 different 

models/brands as presented in Fig. 4. EV arrival and departure times are assumed to be known a priori, consistent with common 

practice in the literature [14, 16-19, 23, 25-30, 41], as accounting for unknown times would not significantly enhance our analysis 

[31-32]. To meet the daily charging demand of these EVs, 4 identical MCSs, along with 10 Level 2 and 3 DC fast chargers FCSs 

plazas located at different locations on the campus, were deployed. The Level 2 FCSs are assumed to be equipped with four 

chargers each, the DC fast chargers FCSs with three chargers each, and the MCSs with three plugs each. In addition, 600 kWh of 

a 5,000 kWh CESS was allocated for EV charging to shift grid energy consumption to periods of lower carbon emissions. The 

technical specifications of the CESS and MCSs are provided in Table 2.  



 

 

16 

 

Fig. 3. The location of the CESS, FCSs and MCS charging depots at the University of California San Diego Campus. 

 

Fig. 4. Battery capacities of EVs considered in the study. Some models have multiple variants featuring different battery 
capacities, with the range of capacities depicted by a light blue bar. 

MCS DC
Charging Stations
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The initial SOE level of the CESS and MCSs was set to 50% of their battery capacity. The SOE levels were constrained within 

a range of 10% to 90% of the total battery capacity. The 10% lower limit mitigates capacity loss, voltage instability, and premature 

degradation, while the 90% upper limit prevents overheating, chemical deterioration and capacity reduction. These thresholds 

align with EV manufacturer guidelines [34-35] and prevailing research practices [36-38]. The unit price of lithium-ion batteries 

is assumed to be $100/kWh, with a cycle life of 2,000 cycles at an 80% DoD and a salvage value of 60% of the capital cost. The 

maximum charging/discharging rates for CESS and MCS are 300 kW and 125 kW, respectively. Additionally, an activation energy 

of 40,000 J/mol, a pre-exponential factor of 2.8×106, and temperature of 45°C are considered. Based on these assumptions, the 

battery degradation costs for CESS, 𝜆.'//<4B, and MCS, 𝜆-./<4B, are calculated to be $0.00394/kWh and $0.00350/kWh, 

respectively. Carbon emission and locational marginal electricity price data from California Independent System Operator on 

April 30, 2024 are shown in Fig. 5.  

Table 2. Technical specifications of CESS and MCSs [39]. 

 
SOE 

 
[kWh] 

Charging/Discharging 
Efficiency 

[%] 

Road Energy 
Consumption 

[kWh/km] 

Max. Charging/Discharging 
rate 

[kW] 

CESS 600 0.95 - 300 

MCS 250 0.95 0.304 125 

 
Fig. 5. Electricity price, carbon emission price and rate for the considered day [40]. 
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Figure 5 also presents the carbon emission cost throughout the day, calculated based on the social cost of carbon, which is 

estimated by the U.S. government at $50 per metric ton (m.T.) [41]. It can be seen from Fig. 5 that the carbon emission cost, 

carbon emission rate, and electricity price are significantly reduced during noon and afternoon hours due to the increased power 

production from a large number of PVs in California and its vicinity at those times. 

3.2 Simulation and Results 

To assess the benefits, the proposed framework is evaluated against two cases, which are Base Case and Case 1: 

• Base Case: 13 FCSs are used for EV charging, and the CESS is not integrated into the system. 

• Case 1: 13 FCSs are used for EV charging, with the CESS integrated into the system. 

• Case 2: Both 13 FCSs and 4 MCSs are employed for EV charging, and the CESS is integrated into the system. 

In the Base Case, the charging demand of all EVs is entirely met by the FCSs, which rely on grid power throughout the day. 

It can be seen from Fig. 6 that in Case 1, where the CESS is employed, and in Case 2, where both the CESS and MCSs are utilized, 

the EV charging demand during early morning, evening, and nighttime is fully covered by the CESS and MCSs. During other 

periods, when the carbon emission cost is zero or near zero, the grid power is used to meet the charging demand in all cases. The 

power contributions from the CESS in Case 1 and Case 2 are depicted in Fig. 7. In Case 2, 47.6% of the EV charging demand is 

met by the MCSs rather than the CESS, resulting in reduced CESS power utilization. Figure 8 shows the charging and discharging 

power of the CESS for Case 1 and Case 2. When Figs. 5 and 8 are analyzed together, it is evident that the CESS charges during 

periods of low carbon emissions and discharges during periods of high-emissions to minimize the carbon footprint associated with 

EV charging. As a result of these charging and discharging cycles, the variation in the SOE of the CESS along with its upper and 

lower bounds are depicted in Fig. 9. The charging profiles of the CESS in both Case 1 and Case 2 exhibit a high degree of 

similarity. In other words, the CESS can be charged over a wide time range (10:15–17:00), when carbon emissions are zero, and 

discharged during high-emission periods to reduce the grid power consumption. 

The charging and discharging powers of the MCSs in Case 2 as well as their routes are determined based on the results of 

Phase 1 of Step 1. In this phase, 𝑃),%,&
-./,94: is calculated considering the carbon emission cost and the waiting time of EVs. The 

charging/discharging powers and routes of the MCSs are then optimized in Step 2. Figure 10 shows the SOE variation for each 

MCS and the total charging/discharging power of the MCSs. The figure shows that MCS charging is constrained to minimum 

emission periods, as per constraint (23), while MCS discharging varies depending on EV charging requests. The variation in SOE 

among the MCSs is attributed to differences in EV charging demands with respect to location, time and, requested energy. Lastly, 

to demonstrate how FCSs, MCSs, and CESS work together to satisfy the EV charging demands, Fig. 11 illustrates the individual 

power contributions from each system in Case 2. The CESS and MCSs supplied 24.7% of the EV charging demand in Case 2, 

leading to reduced CO2 emissions and eliminate waiting times. 
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Fig. 6. FCS EV charging power drawn from the grid for all cases. 
 

 

Fig. 7. FCS EV charging power drawn from the CESS for Cases 1 and 2.  
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Fig. 8. CESS charging (positive) and discharging (negative) power for Cases 1 and 2. 

 

 

Fig. 9. CESS SOE variation for Cases 1 and 2. 
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Fig. 10. MCS power and SOE variations for Case 2. The charging and discharging power is the sum of all MCSs. 

 

Fig. 11. EV charging power drawn from the FCS, CESS and MCSs for Case 2.  
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The assignment of EVs to MCSs and their corresponding FCSs is determined during the optimization process in Phase 1 of 

Step 1, taking into account the congestion levels at the FCSs, as outlined in Table 3. The FCS locations accessed by the MCSs 

and their routes in Case 2 are illustrated in Fig. 12, with each route shown in a distinct color across four subfigures. For clarity, a 

limited area of the University of California San Diego map is displayed in Fig. 12. To meet all EV charging requests and follow 

the most efficient routes, MCSs may need to recharge multiple times at depot locations.  

The total cost and its components, which are waiting time cost, battery degradation cost, and carbon emission cost, are 

illustrated in Fig. 13. In the Base Case, without the integration of MCS and CESS, EV charging leads to high carbon emissions 

and longer waiting times, which raises the total cost. When the CESS is introduced into the system, carbon emission costs decrease 

by 82%; however, a battery degradation cost of $1.8 is incurred as a trade-off. In Case 2, where both the CESS and MCS are 

implemented, carbon emission costs decrease by 44.4% compared to Case 1, and waiting times at the charging stations are reduced 

to zero. Consequently, most of the total cost for Case 2 consists of battery degradation. Table 4 presents a comparison of carbon 

emissions, EV charging time, peak electricity demand, and total electricity cost across all three cases. The first column clearly 

demonstrates the effectiveness of energy storage technologies in reducing carbon emissions, as they are primarily charged with 

emission-free energy and discharged to supply the required energy for EV charging during high-emission periods.  

Table 3. Assignment of EVs to FCSs and MCSs for Case 2. 

Charging Stations 
Charger  

Type 
Total EV 
Number 

EVs assigned to 
FCSs 

EVs assigned 
to MCSs 

P017 (Birch Aquarium) 

Level 2 

5 5 0 

Services Complex 3 3 0 

P206 (Faculty Club) 3 3 0 

Gilman PS 20 12 8 

P014 (Keck) 2 2 0 

Mesa Nueva PS 10 9 1 

Mesa Canyon PS 17 10 7 

P610 12 10 2 

P703 (ECUP) 15 13 2 

Torrey Pines Court 3 3 0 

Athena PS 
DC fast 
chargers 

22 16 6 

Mesa Canyon PS 5 3 2 

South PS 9 8 1 
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Fig. 12. The route of a) MCS-1, b) MCS-2, c) MCS-3, d) MCS-4. 

 

Fig. 13. Comparison of the costs for all cases. 
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Table 4. Comparison of carbon emissions, waiting times, peak electricity demand, and electricity costs for all cases. 

 
Carbon emission 

 [kgCO2/day] 
EV waiting time 

[mins/day] 
Peak electricity demand 

[kWh/day] 
Total electricity cost 

 [$/day] 

FCSs 100.3 150.0 176.0 22.9 

Case 1 17.7 150.0 11.9 5.5 

Case 2 10.4 0.0 0.0 3.1 

Furthermore, Table 4 highlights that MCSs can alleviate the need for EVs to wait at FCSs for charging services. The use of 

energy from storage systems results in battery degradation costs, which prevents the algorithm from achieving zero carbon 

emissions. On the other hand, electricity demand during the peak period (19:00–21:45), identified based on the demand trend for 

this day from [40], is reduced by 93.2% in Case 1 and eliminated in Case 2. Since electricity prices and carbon emissions show a 

strong correlation (Fig. 5), reducing carbon emissions helps lower the electricity costs for EV charging. As shown in Table 4, 

incorporating CESS and MCSs reduces the electricity costs by intermittently charging during low-price periods and discharging 

during high-price periods. However, since the objective function in this study does not explicitly incorporate a term to minimize 

the electricity cost for EV charging, the costs calculated for Case 1 and Case 2 may not represent the optimal values. To enable a 

comprehensive cost-based comparison, an alternative objective function accounting for the investment and operational costs of 

the CESS, MCS, and FCSs should be considered, which might be the topic of a future study.  

4. Additional Simulation Analyses 

4.1 Scenario Analysis  

In the scenario analysis, we considered a different test day—March 2, 2024—which falls in a different month and represents 

a weekend, in contrast to the previously analyzed day, April 30, 2024. This change impacts carbon emission variations throughout 

the day, EV charging demand, and the FCSs visited by EVs, based on data from April 30, 2024. For instance, the number of EVs 

requiring charging decreases from 126 to 100, while four new FCSs are visited, increasing the total number of FCSs from 13 to 

14. 

Figure 14 illustrates the variations in EV charging power sourced from the FCSs, CESS, and MCSs. The EV charging power 

supplied by FCSs increases during the day (08:00–19:00) due to reduced carbon emissions in this period, primarily driven by the 
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high number of PV installations at UC San Diego. On this day, 45.7% of the EV charging demand is met by CESS and MCSs, 

contributing to carbon emission reduction and reducing waiting times. The charging power of EVs results in 101.0 kgCO2/day 

emissions on March 2, whereas it led to zero CO₂ emissions on April 30, as grid power did not contribute to carbon emissions 

during that period. On the other hand, if MCSs and energy storage technologies (MCSs and CESS) are omitted, as in the Base 

Case and Case 1, carbon emissions increase to 141.5 kgCO2/day and 211.3 kgCO2/day, respectively, on March 2. In addition, the 

total EV waiting time is 120 minutes in the Base Case and Case 1 but is eliminated in Case 2. These findings demonstrate that the 

proposed approach effectively reduces both carbon emissions and EV waiting times under different conditions.  

4.2 Scalability Analysis  

In the scalability analysis, we have examined three different communities to assess the extended impact of the proposed 

mechanism. We assumed that the data for one of these communities remained identical to that in the main cases. For the other two 

communities, we adjusted the number of EVs by approximately ±20%, resulting in 101 and 151 EVs visiting the FCSs across 

these communities. Table 5 presents the carbon emissions, EV waiting times, peak electricity demand, and total electricity costs 

for these additional communities. As observed in the table, these values are directly proportional to the charging demand of EVs. 

Moreover, when the number of EVs exceeded the system’s capacity, as in Community-3, the FCSs struggled to accommodate the 

increased charging demand without significant delays. Even under these extreme conditions, the MCSs helped mitigate EV waiting 

times.  

If these three communities are considered part of the same region, the large-scale impact of the proposed approach becomes 

evident in terms of carbon emissions, peak electricity demand, and total electricity costs. Specifically, the carbon emissions from 

EV charging are reduced by 90% and 55% compared to Base Case and Case 1, respectively. Similarly, the peak electricity demand 

is completely eliminated in Case 2, while the total electricity cost for EV charging decrease by 87% and 61% compared to Base 

Case and Case 1, respectively. It should be also noted that in this case, as the scale of the problem increased, computational cost 

grew due to the rising number of defined binary variables. To ensure computational feasibility in even larger-scale systems, it may 

be necessary to replace binary variables with linear variables to manage the computational cost effectively.  

4.3 Comparative Analysis  

To further assess the effectiveness of the proposed framework, we compared its results with those obtained from a scheduling 

method inspired by [42-43], which employs clustering techniques to optimize MCS dispatch. To ensure a fair and consistent 

comparison across these studies and our study, we assumed that in these studies where only MCSs were employed at 

predetermined locations, these locations functionally served as FCSs. This assumption enabled us to apply the new scheduling 

approach to our dataset of 126 EVs.  
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Table 5. Comparison of carbon emissions, waiting times, peak electricity demand, and electricity costs for communities. 

 

 
Carbon emission 

 [kgCO2/day] 
EV waiting time 

[mins/day] 
Peak electricity demand 

[kWh/day] 
Total electricity cost 

 [$/day] 

Community-2 

(101 EVs) 

FCSs 73.2 30.0 113.8 15.8 

Case 1 8.8 30.0 0.0 2.5 

Case 2 8.7 0.0 0.0 2.5 

Community-3 

(151 EVs) 

FCSs 132.3 1830.0 253.2 30.6 

Case 1 41.5 1830.0 115.4 12.6 

Case 2 11.5 135.0 0.0 3.3 

 

 

Fig. 14. EV charging power drawn from the FCS, CESS, and MCSs for Case 2 on March 2. 
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We clustered the nearest FCSs into five locations, maintaining the same total number of chargers across these FCSs. 

Additionally, we ensured methodological consistency by using the same number of MCSs and adopting an identical objective 

function. This standardization allowed for a precise and objective comparison of both approaches in terms of carbon emissions 

and waiting times. 

Figure 15 compares the proposed model with the benchmark algorithm based on key parameters, including FCS utilization 

rate (the ratio of total power drawn by FCSs to total power drawn from the grid), carbon emissions, battery degradation cost, road 

consumption, and waiting time at FCSs. The figure illustrates that clustering EVs in specific locations increases energy 

consumption at FCSs. This occurs because the benchmark algorithm does not contain a CESS. Without the CESS, the MCSs have 

limited capacity to reduce energy consumption at FCSs and, consequently, carbon emissions. As a result, total carbon emissions 

are significantly higher for the clustering model, while battery degradation costs decrease slightly due to reduced battery 

utilization. The primary advantage of the benchmark algorithm is its ability to significantly lower the energy consumption of 

MCSs on the road, which aligns with the main objective of this algorithm. However, it does not affect EV waiting times. 

Consequently, the benchmark approach—where EVs charge at predetermined locations—may be beneficial in areas without FCSs. 

However, in areas with FCSs, directing EVs to specific locations may require users to deviate from their original routes, leading 

to additional time and energy losses. This could influence EV users' decisions, making them more likely to opt for nearby FCSs 

instead. Such shifts in user behavior may disrupt the coordination between FCSs and MCSs, ultimately increasing waiting times 

at FCSs. 

4.4 Parameter Analysis 

In this study, we combined multiple objectives, minimizing carbon emissions, waiting times, and battery degradation, into a 

single objective function by standardizing them as costs. To convert carbon emissions into a cost value, we used the social cost of 

carbon, estimated by the U.S. government at $50 per metric ton [41]. However, alternative values for the social cost of carbon 

have emerged in the literature, as the calculation depends on various subjective factors, including climate change projections and 

their economic impacts, such as changes in agricultural productivity, damage from sea level rise, and declines in human health.  

To assess the impact of varying social cost values on optimization results, we conducted a parameter analysis and adopted a 

social cost of $185 per metric ton from [44]. Figure 16 clearly demonstrates that as the weight of carbon emissions increases in 

the objective function, total carbon emissions decrease by 64%, while battery degradation increases by 25% due to higher 

utilization of CESS and MCSs. A comprehensive economic assessment of the trade-off between battery utilization and carbon 

emission reduction is left for future studies. 
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Fig. 15. Comparison of the proposed algorithm and the clustering algorithm based on [42-43]. 

 

Fig. 16. Comparison of the main results based on variations in the social cost of carbon. 
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 5. Discussion of MCS Opportunities 

It is anticipated that over 1.1 million EV chargers will be required in California by 2035 to meet the demand of the transportation 

sector, which necessitates a $50 billion investment in distribution grid upgrades to meet the growing electricity demand [45]. 

Besides, EV charging loads are required to be flexible and shiftable to achieve zero-carbon electricity by 2045 [46]. To achieve a 

similar carbon net zero target by 2050, a free EV charging service is provided in Korea in power grids with a renewable energy 

ratio of over 80 percent [47]. These requirements and the other requirements defined by various government policies show the 

urgent need for alternative grid-independent charging solutions that may shift charging loads to grid-supportive locations and 

times, increase the renewable energy usage ratio in EV charging, and consider distribution grid conditions for charging operations.  

MCSs can be effectively used for addressing all these targets without the constraints of location and time, particularly in densely 

populated cities, such as Los Angeles, Istanbul, Beijing, Tokyo and Delhi, where residential charging systems are not available to 

install due to parking space constraints [30]. With this objective, many companies such as Saniset Fleet [39], SparkCharge [48], 

EvoCharge [49], Blink Charging [50], and NIO Power [51], have recently developed and produced different types of MCSs. 

Among these companies, Saniset Fleet delivers up to 7.5 MWh of grid energy daily using electric trucks, offering flexible charging 

options and saving 136,000 kg of CO₂ [39]. In its first six months, SparkCharge completed over 1,500 charging deliveries, 

preventing 4.875 tons of CO₂ emissions. By May 2022, their service had provided over 100,000 miles of range, preventing more 

than 85 tons of CO₂ emissions [48]. Additionally, EvoCharge’s MCS delivers up to 50 kW of power [49], while NIO Power’s 

MCS offers up to 40 kW of power [51], enabling faster EV charging compared to standard Level 2 chargers and significantly 

reducing overall charging times. Driven by these benefits, the global MCS market is anticipated to be worth $63.2 million in 2025, 

with forecasts indicating it will expand to $388.9 million by 2035, supported by an average annual growth rate of 20.1% between 

2026 and 2035 [52]. 

The real-world implementations and recent studies on MCSs have shown that the total cost of charging EVs using MCSs, 

including both investment and operational expenses, is slightly higher than charging with FCSs [17]. However, their unique 

advantages such as eliminating the waiting times at FCSs caused by limited charger availability or temporary unavailability, 

charging EVs even during working hours or night times, and reducing peak loads due to the simultaneous charging of many EVs 

make MCSs both a promising alternative and complimentary technology to FCSs. It is anticipated that the total cost of MCSs will 

be less than that of FCSs in the near future, given advancements in the battery technology and decrease in the areas suitable for 

FCSs.   
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6. Conclusions 

This study proposes an optimal charging management strategy for EVs by coordinating a set of FCSs, MCSs, and a CESS. The 

study offers three key contributions to the current literature. First, MCSs are used together with existing FCSs to supply charging 

service for EVs with reduced carbon emissions and added user convenience. Second, a grid-connected CESS is integrated into the 

system to support EV charging with stored renewable energy and shifting of charging from the grid to low-emission times. Third, 

an optimization strategy is proposed to coordinate EV charging in a way that all the stakeholders can benefit while satisfying the 

EV operational requirements. 

The performance of the proposed optimization framework is evaluated using comparisons with two different cases where only 

FCSs, and FCSs and a CESS are considered for EV charging. The most important findings are: 

1. Compared with the two cases without the MCSs, the MCSs reduce the carbon emissions by 90% and 55%, 

respectively.   

2. MCSs can eliminate the waiting times of EVs at FCSs, enhancing EV user experience, improving traffic flow around 

FCSs, reducing additional energy consumption and associated carbon emissions from idling, and decreasing the need 

for further FCS installations. 

3. The load on the power grid is shifted to optimal times by the energy stored in the MCSs and CESS during off-peak 

periods. 

It should be noted that the initial investment costs of MCSs and FCSs and the user acceptance of MCS have not been considered 

in the proposed optimization strategy. An in-depth analysis supported by survey and questionaries is required to address these 

impacts, which will be a topic for future work. Also, the EV charging session details were assumed to be perfectly known ahead 

of time, which simplifies the routing of MCSs. In reality, there is uncertainty in the timing, magnitude, and location of EV charging 

demand and modeling this uncertainty as well as mitigation strategies are left for future work. Lastly, incorporating a more 

advanced route optimization approach that accounts for traffic conditions and environmental variables would be a valuable 

direction for future research, particularly for larger geographical areas where MCSs are required to travel longer distances. 
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Appendix A. Connection status constraints of EVs 

Connection status constraints of the EVs are given by (A1-A12). First, it is important to note that certain time-dependent 

decisions, such as the connection of MCSs or the arrival and departure of EVs, occur at specific instants rather than over a 

continuous interval. To incorporate these instantaneous events into the optimization framework, we assume they occur at the 

beginning of the corresponding 15-minute time interval and represent them using a single time step. Equation (A1) guarantees 

that EV 𝑒 can only be located at node 𝑖 and charged at this node through either an FCS or an MCS. Constraints (A2) and (A3) 

determine the connection status of the EVs for FCSs and MCSs, respectively. The binary variables 𝛼%,&
*+,CE89E and 𝛼%,&

71C,CE89E indicate 

whether charging has started within time interval 𝑡, while  𝛽%,&
*+,46< and 𝛽%,&

71C,46< show whether the charging service has finished 

within time interval 𝑡. Therefore, one of the binary variables 𝓎),%,& and 𝓏),%,&	 takes a value of 1 during the charging process, 

depending on the charging method. Equation (A4) combines the charge starting indicators of FCSs and MCSs, ensuring that EVs 

are charged using one of the selected methods. The charging service cannot start before the EVs arrive at the nodes, as indicated 

in (A5).  

Constraints (A6) and (A7) ensure that if EV 𝑒 has been accepted for charging and the charging service has started, the service 

must end at a time within the optimization period. Equations (A8) to (A10) transform the binary variable 𝛼%,&
EGE,CE89E into a positive 

variable ℑ%CE89E that records the charging start time, using the order of each time period, ord&, and a large positive number 𝔅. The 

binary operations in (A8) - (A10) are defined for linearization purposes. Equation (A11) calculates the charging start time of EV 

𝑒, ℑ%CE89E, based on arrival time, ℑ%899, and waiting time, wt%, while (A12) calculates the total waiting time.     

𝓏),%,&	 +	𝓎),%,& ≤	place),%	, 𝓏),%,& ∈ {0,1}, 𝓎),%,& ∈ {0,1}, ∀𝑖 ∈ 𝑁$, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇 (A1) 

𝛼%,&
*+,CE89E −	𝛽%,&

*+,46< 	= 	Z(𝓎),%,& −𝓎),%,&U!)
)∈R!

		 , 𝛼%,&
*+,CE89E ∈ {0,1}	, 𝛽%,&

*+,46< ∈ {0,1}, 𝓎),%,& ∈ {0,1}	, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇 (A2) 

𝛼%,&
71C,CE89E −	𝛽%,&

71C,46< 	= 	Zo𝓏),%,&	 − 𝓏),%,&U!	p
)∈R!

, 𝛼%,&
71C,CE89E ∈ {0,1}	, 𝛽%,&

71C,46< ∈ {0,1}, 𝓏),%,&	 ∈ {0,1}	, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇 (A3) 

𝛼%,&
*+,CE89E 	+	𝛼%,&

71C,CE89E 	= 	𝛼%,&
EGE,CE89E, 𝛼%,&

*+,CE89E ∈ {0,1}	, 𝛼%,&
71C,CE89E ∈ {0,1}, 𝛼%,&

EGE,CE89E ∈ {0,1}	, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇 (A4) 

𝛼%,&
EGE,CE89E ≤ arr%,&'(, 	𝛼%,&

EGE,CE89E ∈ {0,1}	, arr%,&'( ∈ {0,1}	, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇  (A5) 

Z𝛼%,&
*+,CE89E

&∈T

=Z𝛽%,&
*+,46<

&∈T

≤ 1	, 𝛼%,&
*+,CE89E ∈ {0,1}	, 𝛽%,&

*+,46< ∈ {0,1}	, ∀𝑒 ∈ 𝐸 (A6) 

Z𝛼%,&
71C,CE89E

&∈T

=Z𝛽%,&
71C,46<

&∈T

≤ 1	, 𝛼%,&
71C,CE89E ∈ {0,1}	, 𝛽%,&

71C,46< ∈ {0,1}	, ∀𝑒 ∈ 𝐸 (A7) 
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ℑ%CE89E ≤	𝔅 ∙ 𝛼%,&
EGE,CE89E	, 𝛼%,&

EGE,CE89E 	 ∈ {0,1}, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇 (A8) 

ℑ%CE89E ≤	ord&	, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇 (A9) 

ℑ%CE89E ≥	ord& −𝔅 ∙ o1 − 𝛼%,&
EGE,CE89Ep	, 𝛼%,&

EGE,CE89E 	 ∈ {0,1}, ∀𝑒 ∈ 𝐸, ∀𝑡 ∈ 𝑇	 (A10) 

ℑ%CE89E = ℑ%899 +wt%	, ∀𝑒 ∈ 𝐸 (A11) 

ℑD85E =Zwt%
%∈S

∙ ∆𝑇 (A12) 

Appendix B. Battery degradation rate  

The battery degradation rates for CESS and MCSs, 𝜆OSPP
V%W  and 𝜆NOP

V%W , are calculated using the Arrhenius equation as shown in 

(B1), which is widely used to model battery aging [53-54], particularly for estimating how temperature influences battery 

degradation over time. In this equation, 𝐴 represents the pre-exponential factor, determining how frequently degradation reactions 

occur, while 𝐸X	denotes the activation energy, representing the energy barrier for degradation. The term 𝑅 corresponds to the 

universal gas constant (8.314 J/mol·K), and 𝑇 is the absolute temperature in Kelvin, where higher temperatures accelerate 

degradation. 

𝑘 = 𝐴 ∙ 𝑒U
S"
YT (B1) 

To account for additional factors including fast charging, high discharge rates and calendar aging, the degradation rate from 

the Arrhenius equation, 𝑘, can be modified as follows: 

𝑘%ZZ = 𝑘 ∙ 𝑆𝐹 (B2) 

where 𝑘%ZZ is effective degradation rate and 𝑆𝐹 is stress factor accounting for real-world degradation effects. The total energy 

throughput over the battery's lifespan can be calculated as: 

𝐸&[&X\ = 𝐶; ∙ 𝑁?]?\% ∙ 𝐷𝑜𝐷 ∙ (1 − 𝑘%ZZ) (B3) 

where 𝐶; is initial battery capacity (kWh), 𝑁?]?\% is cycle life, and 𝐷𝑜𝐷 is depth of discharge. The total cost of battery aging 

accounts for the effective cost after considering salvage value: 

𝐶%ZZ = 𝐶^X&&%_] ∙ (1 − 𝑆𝑉) (B4) 

where 𝐶^X&&%_] is battery cost per kWh ($/kWh) and SV is salvage value. Finally, the cost per kWh cycled is: 

𝜆V%W =
𝐶%ZZ
𝐸&[&X\

 (B5) 
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Appendix C. MCS operation constraints 

Connection status constraints of the MCSs are given by (C1)-(C8). Equation (C1) establishes flow consistency, ensuring that 

the number of arrivals at node 𝑖 for MCS 𝑚 is equal to the number of departures from node 𝑖. In other words, when MCS	𝑚 visits 

a node, it must arrive at the node and then depart from it. The binary variable 𝑥,,),0,& indicates whether MCS 𝑚 travels from node	

𝑖 to node 𝑗. The spatio-temporal status of the MCSs is represented by binary variables 𝛿,,),&
71C,899, 𝜇,,),&

71C,<4M, 𝜅,,),& and 𝑥,,),0,&, which 

collectively describe the movement and connectivity of MCSs over time. The binary variable 𝛿,,),&
71C,899 is assigned a value of 1 if 

MCS 𝑚 arrives at node 𝑖 during time period 𝑡. Similarly, the binary variable 𝜇,,),&
71C,<4M takes a value of 1 if MCS 𝑚 departs from 

node 𝑖 at time 𝑡, ensuring clear tracking of its arrival and departure activities. Hence, the connection status of MCS 𝑚 at node 𝑖 in 

time period 𝑡 is captured by 𝜅,,),& which is determined based on the arrival and departure times, as formulated in Equation (C2). 

Equation (C3) enforces a fundamental constraint, ensuring that an MCS can be connected to only one node during a given time 

period. Constraint (C4) guarantees that an MCS departs from node 𝑖 at time 𝑡 and subsequently arrives at node 𝑗 at time 𝑡𝑡, 

modeling its mobility between different locations. The binary variable 𝑥,,0,),& is defined to be 1 when MCS 𝑚 reaches node 𝑗 at 

time 𝑡. Additionally, Equation (C6) prevents MCSs from arriving at and departing from the same node within the same time 

period, thereby avoiding redundant and conflicting states in the model. To optimize traffic flow and minimize congestion, 

constraints (C7) and (C8) limit each MCS to visiting FCS nodes only once per day. This restriction is particularly important in 

areas with limited infrastructure, such as university campuses and narrow urban streets, where frequent movements of large MCSs 

could lead to operational inefficiencies and logistical challenges. 

Z 𝑥,,),0,& 	= 	 Z 𝑥,,0,),&
0∈R,&∈T

	 ,
0∈R,&∈T

𝑥,,),0,& ∈ {0,1}	, ∀𝑖 ∈ 𝑁, ∀(𝑖, 𝑗) ∈ 𝑅 (C1) 

𝛿,,),&
71C,899 −	𝜇,,),&

71C,<4M 	= 	 𝜅,,),& − 𝜅,,),&U!	, 𝛿,,),&
71C,899 ∈ {0,1}	, 𝜇,,),&

71C,<4M ∈ {0,1}	, 𝜅,,),& ∈ {0,1}, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁, if	𝑡 ≠ 𝑡; (C2) 

Z𝜅,,),& ≤ 1
)∈R

	 , 𝜅,,),& ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀𝑡 ∈ 𝑇 (C3) 

𝑥,,),0,&& ≤	𝜇,,),&
71C,<4M, 𝑥,,),0,&& ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀(𝑖, 𝑗) ∈ 𝑅, ∀𝑡𝑡 ≥ 𝑡 + 𝒯),0

D82 (C4) 

𝛿,,0,&
71C,899 =	Z𝑥,,),0,&

)∈R

	 , 𝛿,,0,&
71C,899 ∈ {0,1}	, 𝑥,,),0,& ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀(𝑖, 𝑗) ∈ 𝑅, ∀𝑡 ∈ 𝑇 (C5) 

𝛿,,),&
71C,899 +	𝜇,,),&

71C,<4M ≤ 1	, 𝛿,,),&
71C,899 ∈ {0,1}		, 𝜇,,),&

71C,<4M ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁, ∀𝑡 ∈ 𝑇 (C6) 

Z𝛿,,),&
71C,899

&∈T

≤ 1	, 𝛿,,),&
71C,899 ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁′ (C7) 

Z𝜇,,),&
71C,<4M

&∈T

≤ 1	, 𝜇,,),&
71C,<4M ∈ {0,1}	, ∀𝑚 ∈ 𝑀,∀𝑖 ∈ 𝑁′ (C8) 
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