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Abstract: Currently, there are three major barriers toward a greener energy landscape in the future:
(a) Curtailed grid integration of energy from renewable sources like wind and solar; (b) The low
investment attractiveness of large-scale battery energy storage systems; and, (c) Constraints from
the existing electric infrastructure on the development of charging station networks to meet the
increasing electrical transportation demands. A new conceptual design of mobile battery energy
storage systems has been proposed in recent studies to reduce the curtailment of renewable energy
while limiting the public costs of battery energy storage systems. This work designs a logistics system
in which electric semi-trucks ship batteries between the battery energy storage system and electric
vehicle charging stations, enabling the planning and operation of power grid independent electric
vehicle charging station networks. This solution could be viable in many regions in the United States
(e.g., Texas) where there are plenty of renewable resources and little congestion pressure on the road
networks. With Corpus Christi, Texas and the neighboring Chapman Ranch wind farm as the test
case, this work implement such a design and analyze its performance based on the simulation of its
operational processes. Further, we formulate an optimization problem to find design parameters that
minimize the total costs. The main design parameters include the number of trucks and batteries.
The results in this work, although preliminary, will be instrumental for potential stakeholders to
make investment or policy decisions.
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1. Introduction

It is anticipated that Electric Vehicles (EV) penetration will meet an extensive growth in the
near future [1] due to their highly promising performance and negligible production of Greenhouse
Gas (GHG) emissions [2–4]. However, EV charging still faces issues arising from infrastructure and
technology, for instance, the inadequacy of appropriate charging facilities [5] and the long durations of
charging activities [6], in contrast to the fast refueling process of conventional Internal Combustion
Engine (ICE) vehicles. In addition to these issues, the constraint from the power grid to meet the
demands of the Electric Vehicle Charging Stations (EVCSs) has also been a main challenge to the EV
industry and it might be responsible for negatively impacting EVs’ social acceptance [7,8]. To address
this, we introduced and have been exploring the idea of developing grid independent EVCS networks
in previous works [7,9–12]. Essentially, mobile Battery Energy Storage Systems (BESSs) that absorb
extra (i.e., would be curtailed otherwise) energy from renewable sources (e.g., a wind farm) and are
shipped by Electric Semi-Trucks (ESTs) to the EVCSs power the EVCS networks. Designing and
managing a logistics system that minimizes the annualized cost for such network became a necessity,
which in return promotes the development of EVs industry and penetration. Handling the logistics
system of any operational supply and demand environment is in great importance in most fields.
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Hence, its significance in the case of EVCSs is not different, since its need stems from the dynamic
interaction between the supply side of energy (the energy producer represented by the wind farm in
this study) and the demand side (the energy consumer, EVs in this case). The logistics system in this
study involves employing ESTs that deliver BESSs between the two sides, as introduced in [7].

Related Works

The planning of diverse types of logistics systems has been extensively studied [13–15]. In an old
study that was performed by Powell [16], the author described a heuristic approach that manages a
real time dispatching problem for truckload motor carriers (loaded or empty) from one location to
the next, the author stated that the most difficult part is to forecast for the future demand because
of its uncertainty. From this point, we can sense that the uncertainty of the future demand makes it
hard to accurately plan for the operational process and guarantee its convergence, which easily leads
to introduce uncertain errors. Recently, numerous studies, including those conducted by Vasilakos
et al. [17] and Fanti et al. [18], focus on the Decision Support System (DSS) applications in shipping
systems to mitigate uncertain demand problem. The decision support systems are judged to be essential
backers of making crucial operational logistics decisions. Giusti et al. [19] introduced a new system for
freight logistics planning for the Synchromodal supply chain eco-network, SYNCHRO-NET, which
is an optimization toolset that offers tactical level decision support in terms of routes and schedules
for synchro-modal freight transportation. The SYNCHRO-NET is projected to achieve notable results
regarding the distances travelled, fuel emissions, and costs. In [20], it was reported that the very fast
urban growth forms a serious logistics challenge for decision makers, especially when dealing with
the social, economic, and environmental issues. It is necessary to plan for it in advance and, as stated
in [21], logistic decision-making can precisely define the distribution pattern of shipments within the
product’s supply chain.

Plant location and its associated services, transportation infrastructure, and demand profiles are
important factors shaping the evolution of logistics systems’ structure. For the sake of examining the
geography of logistics firms, the authors of [22] shed some light over the importance of the location
patterns of logistics corporations, and utilized what is called “geo-referenced firm level data” side by
side with an updated data system of transportation infrastructure. They concluded that the logistics
sector is extremely urbanized, and its firms, as compared to other sectors, are located near highways
and other transport infrastructure. The findings of [22] are in agreement with those in [23], where
Kumar et al. summarized that maintaining the transportation infrastructure leads to optimistic effects
on transportation and logistics clusters. The expansion of the current century’s development demands
necessitates similar expansions regarding the logistics schemes. Developing a modernized logistics
system that reflects the visions for a new future in which the development is sustainable and efficient
is an essential requirement.

When dealing with the shipping actions, most of the previous studies consider the scenario of
delivering supplies in one direction (i.e., going in one way from the source to the destination as a fully
loaded carriers and returning back to the source as an empty load) [24–26]. While other studies tried to
enhance the previously described case by finding other applications for the empty loads to gain more
profits by reducing the shipping costs, and obtain improved usage, such as the sequence of deliveries
scenario, for example [27–30]. In this paper, we deal with a different structure of logistics where we
anticipated that the ESTs are equipped to carry only one unit of the mobile BESS; this unit will be
fully charged when transferred from the BESS plant to the targeted EVCS while being swapped by the
empty one back to the plant. Furthermore, and for the authors knowledge, combining some of the
main components that form the conventional logistics structure configuration, as specified in [31], in
one component can be a beneficial way for costs reductions. Therefore, we combine the plant and the
storage at the same spot and exclude the retailer part, which is almost like the case of Direct to Store
Delivery (DSD) [32].
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In this study, a model of logistics system for a grid independent EVCSs network is developed.
The design can supply a population of ten thousand EVs with their energy charging demands.
The optimum design configured employing ten ESTs and 126 mobile BESS units. The principal
objective function of the design was to provide every EV with its charging demands at the 27 ECVSs
while aiming for minimizing the annual costs. Such design can be implemented by decision makers
and planners for future sustainable communities to accomplish greener transportation systems in
which the GHG emissions are the lowest levels.

The rest of the paper is organized as follows: In Section 2, we describe the methodology where the
optimization problem is introduced along with the objective functions and the constraints. Section 3
provides the main results of the optimization process and their evaluations; the section is further
supported by some findings and discussions. The conclusions of the paper and suggestions of further
work in this field could be found in Section 4.

2. Methodology

The objective of this study is to design a logistics system model for mobile BESSs powered EVCS
network, and then examine its performance when applied into a scenario of supply side, energy
produced by renewable energy source (wind energy in this case), and demand side, energy consumed
by EVs at the EVCSs. The scheme of EVCSs we study in this paper includes 27 charging stations spread
in the city of Corpus Christi, Texas, and their locations are known as obtained from our previous
study [9]. These EVCSs are projected to serve a population of about ten thousand EVs. Securing
the supply of energy at the EVCSs is maintained by deliveries of mobile BESS units shipped by
ESTs. The configuration of the best number of ESTs and mobile BESS units will be optimized while
minimizing the annualized costs. The design considers placing a BESS plant, that stores the fully
charged BESS, close to the supply side (wind farm). In this study, we assume the availability of
boundless energy produced by the wind farm, so, the charging of the mobile BESS units at the BESS
plant is conducted without any constraints at any time.

In the simulations, we consider a possible future scenario in which the interaction between the
main components (BESS plant, ESTs, mobile BESSs units, EVCSs, and the enormous number of EV
arrivals) is described as following. To begin with, this scenario maintains (NEV) as the total number
of EVs (10,000 EVs), (NEVCS) as the total number of EVCSs (27 EVCSs), (NBESS) as the number of
mobile BESS units (to be optimized) and (NEST) as the number of ESTs (to be optimized). At time
step t = 0, which represents the beginning of the simulation and by referring to each time step by
one hour, the capacity of each EV’s battery ranges from [60 kWh–120 kWh] and the initial State
of Charge (SoC) ranges randomly between [0%–100%]. Also, each charging station is considered
fully charged by having specific number of mobile BESS units (the capacity of each unit is 5 MWh).
For instance, if EVCSi configures 3 units of mobile BESS, then, it is fully charged at the capacity of 15
MWh initially. The EVCSs are divided into two categories, 15 commercial (COM) EVCSs serving the
offices and shopping centers areas, and 12 residential (RES) EVCSs serving the homes and suburban
areas. Therefore, each type of EVCSs receives a different trend of EV arrivals during the day [33–35].
As a result, the energy demand profile at each ECVS is changing over time and peaks multiple times
during the day. Each EV arrives to an EVCS will be likely to spend specific time while waiting for the
charging process, that time is dependent on the type of the EVCS. Figure 1 shows the probabilities for
EV arrivals to both commercial and residential EVCSs during the day, while Figure 2 represents the
probabilities for the hours spent at each type of the EVCSs at any time.
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Figure 1. The probability for a commercial or residential EVCS to be chosen by an EV that needs to be
charged during the day. The COM EVCS’s probability is divided randomly between the 15 stations
around their average, while the RES EVCS’s probability is divided randomly between the 12 stations
around their average.
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Figure 2. The probability of the time that each EV will spend as the waiting/parking time to get charged
at each type of the EVCSs.

To simulate such network of EVCSs that provides service to a population of EVs in a region, the
initialization process is as follows: (i) set the number of fully charged mobile BESS units at each EVCS;
in this case, the state of charge of each station is at 100% and each EVCS has an initial label of (1)
that represents its fully charged status. Later and based on the energy consumption, the label will be
switched to (−1) which represents the EVCS’s need to be charged (at least one unit of BESS is empty),
and a signal to the BESS plant will be sent requesting the mobile BESS unit swapping; (ii) set a number
of mobile BESS that is equal to the overall number of BESS units at all EVCSs at the plant as fully
charged as well, and ready to secure the shipping process when requested. Each mobile BESS has its
own ID and label that represents its status (1; if fully charged, and -1; if needs to be charged). (iii) set
the whole fleet of ESTs stationed at the BESS plant and ready to be dispatched to the target EVCS when
a request is received. Each EST has a label that represents its availability; (1; if available at the plant,
and -1; if not available and on a trip).

After the initialization process is over, the simulation runs for one year (~8760 h or time steps).
During each time step, the algorithm updates the followings: (1) the SoC of each EV. (2) the SoC of each
EVCS. (3) the label that represents each EVCS’s need to be charged or not. (4) the label that represents
each mobile BESS status if full and ready to be shipped or needs charging. (5) the label that represents
the availability of each EST. Figure 3 shows the flowchart of the simulation process.
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Loading the input data is the first step of the simulation process; the input data includes but not
limited to the 27 EVCSs along with the state of charge status of each station, the population of the EVs
along with the state of charge status of each vehicle, and the population of the ESTs along with the
availability status of each truck. At each time step of the total simulation time, the number of EVs
need to be charged is estimated by comparing each EV’s SoC to the minimum allowed SoC which
is (EV_SoCmin ≤ 20%) in this case. Then, the total number of EVs that need charging will be spread
between the available EVCSs, so each station will receive a portion of the EV arrivals (represented
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by j in the flowchart in Figure 3). To obtain the number of EVs arrive at each station, the simulation
process scans each EVCS through a loop that first of all checks the need of that station to be charged
itself (has at least one empty BESS unit) or not, if yes, then a request will be sent to the BESS plant
asking to ship and swap that unit by a fully charged one. To find each EVCS’s portion of EV arrivals,
the whole population of EVs will be checked to get the corresponding j. Two counters (i and k) are
initialized at zero value and change while looping through the total number of EVs; i represents the
accumulative number of EVs satisfies the conditions demanding its charging process and will reset to
zero when it is equal to j, while k represents the number of scanned EVs and will reset to zero at the
head of each time step.

During the process of scanning all EVs at each time step, each EV that has a SoC less than or equal
to (EV_SoCmin) will be checked upon to validate its presence at an EVCS from the previous hour and
does not need to be placed at another station, or yet to be placed at a station and an occurrence of i
is recorded. In that case, the arrived EV will choose an EV charging facility at the EVCS based on
the empty capacity of its battery that can be charged which can be estimated by (Capi(1− SoCi)), and
the parking time duration (Tdur

i ). We consider three types of charging facilities at each EVCS: slow
charging facility with a power rating of (PSCF = 10 kW), medium charging facility with a power rating
of (PMCF = 30 kW), and fast charging facility with a power rating of (PFCF = 120 kW).

Equation (1) as formulated in [33] can be used to obtain the type of the charging facility chosen by
that EV at that hour.

PEVi =


PSCF, i f Capi(1− SoCi) ≤ PSCFTdur

i
PMCF, i f PSCFTdur

i < Capi(1− SoCi) ≤ PMCFTdur
i

PMCF, i f PSCFTdur
i < Capi(1− SoCi) ≤ PMCFTdur

i

(1)

Since the economic feasibility of this design is considered as a very important factor, this study’s
concern is expanded to optimize for the optimum total number of mobile BESSs units and ESTs required
in this design (the control variables) while minimizing the annual total costs as described in Equation
(2) and set as the objective function. The optimization process follows those in [10].

min Cost = CI + CO&M (2)

where CI is the annualized investment cost, where its detailed factors are represented in (3), and CO&M

is the annualized operation and maintenance costs as represented in (5). The investment cost includes
the costs of the ESTs (CEST = µNEST) where µ is the price of each EST, and the mobile BESS units (CBESS

= δNBESS) where δ is the price of each mobile BESS unit.

CI = αCEST + βCBESS (3)

where α and β are two annuity factors associated with the costs of the ESTs and the mobile BESS units
respectively to annualize their capital investment costs. They can be obtained by (4) where d is the
economical discount rate and y is the corresponding economic lifetime of each element.

α, β =
d(1 + d)yEST, BESS

(1 + d)yEST, BESS − 1
(4)

CO&M = σDtot + ϕCEST + ωCBESS + ψNEST (5)

where σ represents the expense of energy consumed by each EST’s trip per mile (estimated to be around
$0.165/mile by [36–38]). ϕ and ω are constants represent the percentages of the investment costs to get
the annual maintenance costs for the ESTs and the mobile BESS units respectively (they are chosen to
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be 5%). ψ characterizes the annual income for each EST operator. The annually total distance (Dtot)
that ESTs drive while delivering the mobile BESS units is estimated by:

Dtot =

NEVCS∑
i =1

l(i)NTrips(i) (6)

where l(i) represents the distance between the BESS plant and the ith EVCS which is estimated in
Corpus Christi, Texas to be between [10–25 miles], and NTrips(i) is the number of shipments or trips
that the ith EVCS requires annually.

3. Results

In this section and by following the model explained above, we present the simulation results.
As stated before, each EVCS will receive a unique number EV arrivals during the day. The criteria
of choosing the type of the charging facility by each arrived EV is described in Equation (1). It is
important to notice that the number of charging facilities at each station is not a point of interest in this
study. Therefore, the charging facilities are considered to be available at all times for all EVCSs. In
Figure 4a. we present the EV arrivals at one of the RES EVCSs, EVCS #17, to demonstrate the diversity
of EV arrivals and their charging facility choices during the day at that station. While in Figure 4b. we
show the change over the state of charge of EVCS #17 during the day as the supplying the charging
demands of the EVs arrived is taking place. In this case, EVCS #17 maintains two mobile BESS units as
its asset. Whenever any of these two units is empty, then the station sends a request to the plant for
a BESS unit swap. It can be noticed that EVCS #17 has required to recharge its BESS units for seven
times during that day (characterized by the red bars).Energies 2020, 13, x FOR PEER REVIEW 7 of 13 
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Figure 4. The charging demands and the SoC of EVCS #17. (a) Illustrates the number of EV arrivals
at EVCS #17 in one day, where the total number is represented by arrivals at the three types of the
charging facilities. (b) Shows the SoC of EVCS #17 in the same day, where the availability of energy at
the station is represented by the green color and the station’s requirement to request a BESS unit swap
from the BESS plant is represented by the red color.

To oversee the status of ESTs that serve the logistics system which configures 136 mobile BESS
units at the operation mode, a case of employing nine ESTs as the transporters of the BESS units was
modeled. Figure 5 presents the availability of these nine ESTs for two days. It is apparent that the ESTs
are not available at most of the time because of the high demand at the EVCSs to swap and charge
their own batteries.
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To see the change over the annualized costs, the effect of both the economic discount rate and the
project’s lifetime is shown in Figure 6. This case considers deploying 10 ESTs and 140 mobile BESS
units. From the economy’s point of view, the more discount rate applied, the more annualized costs
are required. The opposite is applied to the project’s lifetime case, where the longer the lifetime of the
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Obtaining the optimum number of ESTs and mobile BESS units at each station is an optimization
problem. The optimization problem is subjected to achieve a scenario of logistics system that supplies
the energy demands at all EVCSs, where each EVCS is not allowed to reject any EV by securing its
energy demands. Particle Swarm Optimization (PSO) algorithm is used to find the optimal set of the
control variables to minimize the fitness function, defined before as the annualized cost in Equations
(2)–(6). The simulation model and the optimization process are implemented in MATLAB. The lower
bound for the number of ESTs is one, and the upper bound is 27 which is equal to the number of EVCSs.
The bounds for the number of mobile BESS units at each station ranges between 1 and 10. We use a
typical PSO settings. Figure 7 shows a sample of convergence plot. Usually, the best fitness value is
reached within 130 iterations when the average change in the fitness value is almost zero.
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Now, we present the optimization results of the control variables in three comparable scenarios
of different economic discount rates: 5%, 10% and 15% respectively. In each scenario, we obtain the
results under two cases of project’s lifetime, 15 and 25 years, while fixing the cost of each EST at $150 k
and the cost of each mobile BESS unit at $100 k. The optimum control variables are summarized in
Table 1 and illustrated in Figure 8.

Table 1. Summary table of the optimization results under varying discount rates and project’s lifetime.

Discount Rate Lifetime of ESTs and
Mobile BESS Units (years)

Optimum Number of
Mobile BESS Units

Optimum
Number of EST

Minimum
Annualized Cost ($M)

5%
15 150 9 3.06907
25 126 10 2.45391

10%
15 142 9 3.49829
25 136 9 3.07089

15%
15 128 10 3.90900
25 126 10 3.63470
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units. In this study, the cost of each EST is $150 k while the cost of each mobile BESS unit is $100 k.
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For further investigations over the effect of both control variables costs, we present the optimization
results in three other comparable scenarios for the cost of an individual EST: $100 k, $150 k and $200
k respectively. In each scenario, we obtain the results under two cases for the cost of an individual
mobile BESS unit, $100 k and $150 k years, while fixing the economic discount rate at 5% and the
project’s lifetime at 25 years. The optimum control variables are summarized in Table 2 and illustrated
in Figure 9.

Table 2. Summary table of the optimization results under varying costs of EST and mobile BESS unit.

Cost of One EST
($)

Cost of Mobile BESS
Unit ($/Each)

Optimum Number of
Mobile BESS Units

Optimum
Number of EST

Minimum
Annualized Cost ($M)

100 k
100 k 134 9 2.40547
150 k 124 12 3.28334

150 k
100 k 126 10 2.45391
150 k 132 9 3.23504

200 k
100 k 134 10 2.61062
150 k 124 10 3.23957Energies 2020, 13, x FOR PEER REVIEW 10 of 13 
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Finally, we deliberate the case of 5% for the economic discount rate, 25 years for the project’s
lifetime, $150 k for the cost of each EST and $100 k for the cost of each mobile BESS unit as the most
anticipated promising case for the future. By using these values, the optimization results lead to a
combination of 2.45391 million dollars annually as the minimum cost, 10 ESTs and 126 mobile BESS
units, as the optimum values of the control variables.

4. Conclusions

In summary, this study aims to maximize the utilization of the Renewable Energy Sources (RES)
while increasing the profitability of BESS by offering a new conceptual design of mobilizing the BESSs
which has emerged from previous studies. This design would be able to tackle three major barriers
toward a greener energy landscape in the future: (a) Curtailed grid integration of energy from RES
such as wind and solar; (b) Low investment attractiveness of large-scale BESSs; and (c) Constraints
from the existing electric infrastructure on the development of charging station networks to meet the
increasing electrical transportation demands.

This work develops a logistics system design for mobile BESS implemented within a grid
independent EVCSs network. The design achieved supplying a population of ten thousand EVs with
their energy charging demands. The optimum attained design configured employing ten ESTs and
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126 mobile BESS units while minimizing the annual costs at almost 2.5 million dollars. The principal
objective function of the design was to provide every electric vehicle with its charging demands at
the 27 ECVSs network. Such design can be implemented by decision makers and planners for future
sustainable communities to accomplish greener transportation systems in which the greenhouse gas
emissions are at the lowest levels.

The logistics system in which ESTs transport the batteries between the BESS and EVCSs was
designed, which facilitates the planning and operation of EVCS networks without constraints from the
grid. The design of the logistics system was tested under various scenarios anticipated for the future.
These scenarios include executing different values for the economic discount rates, project lifetime,
costs of ESTs and costs of mobile BESS units. In this design, a promising case of 5% for the economic
discount rate, 25 years for the project’s lifetime, $150 k for the cost of each EST and $100 k for the cost
of each mobile BESS unit was considered at the optimum setup.

In many regions in the United States (e.g., Texas) where there are plenty of renewable resources
and little congestion pressure on the road networks, this solution could be viable. The city of Corpus
Christi, Texas and the neighboring Chapman Ranch wind farm were used as the test case, this work
implement such a design and analyze its performance based on the simulation of its operational
processes. Further, we formulated an optimization problem to find design parameters that minimize
the total costs. The main design parameters include the number of trucks and batteries. The results in
this work, although preliminary, will be instrumental for potential stakeholders to make investment or
policy decisions. Improvements can be made in the future work to (i) consider actual demand profiles
of the mobile BESS units at the EVCSs. (ii) include real time travel times to the design model as well as
consider a predictable and time-dependent supply profile.

Author Contributions: Conceptualization, H.S.H. and X.Z.; methodology, X.Z.; software, H.S.H.; validation,
H.S.H. and X.Z.; manuscript preparation, H.S.H. and X.Z.; project administration, X.Z. All authors have read and
agreed to the published version of the manuscript.

Funding: This research received no external funding.

Conflicts of Interest: The authors declare no conflict of interest.

Nomenclature and Parameter Values

NEV The total number of EVs = 10,000 EVs
NEVCS The total number of EVCSs = 27 EVCSs
NBESS The total number of mobile BESS units
NEST The total number of ESTs
Capi The battery’s capacity of the ith EV
SoCi The battery’s SoC of the ith EV
EV_SoCmin The minimum SoC of an EV to require charging = 20%
j The number of EV arrivals at an EVCS
i A counter for EVs that satisfy the charging requirements and it resets to zero at each EVCS
k A counter for scanned EVs among NEV and it resets to zero at each hour
Tdur

i The parking time duration of the ith EV
PSCF The power rating of the slow charging facility
PMCF The power rating of the medium charging facility
PFCF The power rating of the fast charging facility
PEVi The power rating of the charging facility chosen by the ith EV
CI The annualized investment costs of the logistics system
CO&M The annualized operations and maintenance costs of the logistics system
CEST The total costs of the ESTs
µ The cost of each EST = $150 K
CBESS The total costs of the mobile BESS units
δ The cost of each mobile BESS unit = $100 K
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α, β Two economical annuity factors
d The economical discount rate or the cost of capital = 5%
yEST The economic life of ESTs = 25 years
yBESS The economic life of mobile BESS units = 25 years
σ The cost of energy per mile = $0.165/mile
Dtot The annual total distance driven by ESTs to deliver mobile BESS units
ϕ The annual maintenance cost of ESTs = 5% of CEST

ω The annual maintenance cost of mobile BESS units = 5% of CB

ψ The average annual salary of an EST operator = $70 K
l (i) The distance between the BESS plant and the ith EVCS
NTrips(i) The number of shipments or trips that the ith EVCS requires annually
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