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Abstract: With the accelerating transportation electrification, increasing numbers of electric vehicles
(EVs) are connected to distribution networks via electric vehicle charging stations (EVCSs). Due to the
uncertain charging behaviors of EV users, concentrated high-power EV charging during peak hours
can result in significant undervoltage issues, affecting the regular operation of distribution networks
and having detrimental effects on regular EV charging. Conventional EV charging scheduling
methods are conducted in a centralized way, requiring extensive investment in communication
infrastructure and intensive computing power. Accordingly, this paper proposes a novel decentralized
voltage control scheme with the participation of EVs and EVCSs. The proposed control scheme first
divides the distribution network into clusters based on a modified modularity index. Then, it applies
the rolling optimization-based control of the EVs and EVCSs within each cluster to solve the regional
voltage problems. The optimization window length is self-adapted based on the monitored states
of the grid-connected EVs and EVCSs. Case studies show that the proposed decentralized voltage
control strategy could effectively address the undervoltage violation issues and alleviate the pressure
on peak shaving during peak hours, while satisfying the charging requirements of EV users.

Keywords: electric vehicle; electric vehicle charging station; decentralized voltage control;
rolling optimization

1. Introduction

With the increasingly severe problems of environmental pollution and energy scarcity,
it is urgent to take adequate measures to reduce energy consumption and accelerate the
exploitation of non-renewable resources. As the electrification of transportation is of vital
importance to the path to net-zero carbon, an explosive growth of electrical vehicles (EVs)
and their charging stations (EVCSs) has been seen in the last decade [1]. On the one hand,
although the fast adoption of EVs is beneficial to the decarbonization of transportation,
the significant load demand due to system-wide EV charging can be superimposed on the
grid peak load, which may further enlarge the existing difference between the peak and
valley loads of the electric power system and increase the difficulty of peak modulation [2].
On the other hand, acting as the grid interaction between EVs and the power grid, EVCSs
are made up of fully controllable AC/DC and DC/DC converters capable of dynamically
controlling their active and reactive power outputs at their grid integration points. This
feature provides EVs and EVCSs with the potential to participate in flexible grid regulation
and grid-balancing services [3]. Accordingly, the large-scale access to EVs will inevitably
affect the normal operation of the grid, which, if not guided and controlled, will lead to
voltage quality degradation, excessive network loss, harmonics, etc., seriously affecting
the voltage stability of the system and bringing new challenges to the safe, high-quality
and economic operation of the power system [4-7]. To mitigate the adverse impacts of EV
charging on the voltage profiles of power grids, both the device-level adaptation of the local
controllers of EVCSs and system-level EV charging scheduling schemes are required [8],
which have been widely investigated by global scholars.
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Conventionally, the control of distribution networks is conducted by the distribution
system operator (DSO) in a centralized approach, in which all controllable devices are
directly managed by the DSO. The common controllable devices in distribution networks
include on-load tap changers (OLTCs), switchable capacitor banks (SCBs), voltage regu-
lators, etc., which feature limited quantities and control cycles. After the control objects
are extended to widely distributed resources, like EVs and PVs, the application of cen-
tralized control requires extensive investment in communication infrastructures and an
exponentially growing demand for computing power. In contrast, decentralized control
has become a promising approach to regulating distributed resources due to its inherent
advantages of flexibility and robustness. When decentralized control is applied, the dis-
tribution network is first partitioned into different areas, and each area is equipped with
a local controller. The local controller is capable of regulating the distributed resources
within its belonging area in a centralized way. The communication between different areas
is achieved via the information exchange between their local controllers, implying that only
a sparse communication infrastructure is required.

Decentralized control has been widely applied in distribution network management.
For example, Ref. [9] proposes a hierarchical decentralized control framework for managing
the multi-energy microgrids integrated with EVs, PVs, gas turbines, etc. However, the
EV charging uncertainties and the multi-time-step operations (due to the SoC constraint)
were not considered in the analysis. Ref. [10] proposes reinforcement learning-based
decentralized voltage control for the active distribution network, for which the optimal op-
erating settings of the PVs within each cluster are achieved by implementing the Federated
Multi-agent Actor—Critic Learning technique. Similarly, Ref. [11] integrated multi-agent
reinforcement learning for the decentralized voltage control of an ADN. It divided the
ADN into several sub-systems, and each sub-system was modeled as an agent, for which its
action strategy was determined via a well-trained deep neutral network. However, none of
these studies exploited the distribution network clustering/ partitioning method, which has
a direct impact on the system-wide control performance. Ref. [12] proposes a decentralized
control method for PV inverters in which their unused capacity can be utilized in the form
of droop-based reactive power compensation. However, the droop-based local controller
cannot ensure optimal coordination among different PV inverters. In summary, the existing
literature on decentralized distribution network control mostly considers distributed PV
systems, while the applicability and implementation approach of decentralized control
to the fast-growing EVs and EVCSs still remain unclear. Moreover, the current literature
normally applied the decentralized distribution network control in a snapshot mode. When
decentralized control is applied to EVs and EVCSs, a multiple-time-step operation has to
be conducted to meet the desired departure SoCs of all EVs. Finally, the participation of
EVs in decentralized distribution network control can be achieved either via reactive power
compensation or active charging/discharging power scheduling, but the comparative
analysis of these two approaches is rarely seen in the current literature.

Concerning the research on distribution voltage control with the participation of
EVs, existing approaches can generally be divided into the centralized approach and the
decentralized approach. For example, Ref. [13] proposed a centralized distribution voltage
control method based on the active charging power scheduling of EVs. It assumes that
the EV-charging demands of all participants are known in advance, which is unrealistic
in practical EV scheduling. Ref. [14] introduced a centralized distribution voltage control
strategy based on the model protective control of EVCSs’ reactive power. The strategy was
evaluated on a modified IEEE 33-bus distribution system, but its scalability to large-scale
distribution networks remains a crucial challenge. Ref. [15] proposed a cooperative control
strategy of EVs, PVs and OLTCs which is realized in a centralized approach. However, the
uncertainties of EV charging demands were not exploited in the analysis.

Regarding the decentralized distribution voltage control, Ref. [16] proposed a random-
access framework to coordinate the EV charging behaviors, to mitigate voltage violations.
The proposed control scheme is for each EV, which relies on dedicated communication
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infrastructures. Ref. [17] introduced a decentralized optimization-based EV charging
scheduling approach to address the voltage violation issues. It is based on the snapshot
analysis without considering the SoC constraints of EV batteries. Ref. [18] proposed a
decentralized EV charging control method to ensure the voltage does not drop below the
minimum allowable value. The controller is integrated into each EVBC and can auto-
matically adjust the EV charging power with respect to the monitored grid-side voltage.
Accordingly, no communication is required between different controllers, and the coor-
dinated operation of EVBCs is ignored. Similarly, Ref. [19] integrated an MPC controller
into the EVBC, making EVBC capable of adjusting its reactive power according to all bus
voltages. Although the voltage controller is implemented in a decentralized approach,
communication among EVBCs is still required to receive information on the system-wide
bus voltages.

To summarize, the main limitations of the existing literature on the research of EV-
based grid voltage regulation are as follows:

1.  Existing voltage control schemes are mainly based on the active charging power
scheduling of EVs without fully exploiting the reactive power compensation capability
of EVCSs;

2. The EV-battery-SoC constraints and the uncertainties of EV charging demands indicate
that the EV charging scheduling has to be conducted at multiple time steps, whereas
current studies consider snapshot operations only;

3. The distribution network partitioning method is not integrated into the current decen-
tralized distribution voltage schemes.

To cover the research deficiencies in this topic, this paper proposes a novel decentral-
ized voltage control scheme of distribution networks using the states of EVs and EVCSs,
with the main contributions summarized below: (1) a dynamic grid partitioning method is
integrated into the decentralized control scheme based on the modified modularity index;
(2) the EV charging scheduling is conducted at multiple time steps based on the recorded
states of EVCSs and the connected EVs; and (3) to alleviate the computation burden and
avoid the extensive investment on communication infrastructures, each network cluster
is managed by its local controller which only schedules the EVs and EVCSs within its
belonging area. The merits and demerits of the proposed decentralized distribution voltage
control scheme and those control schemes in the existing literature are tabulated in Table 1.
This paper is structured as below: it begins with investigating the grid support mechanism
of EVs and EVCSs, followed by proposing a modified modularity index-based partitioning
method for distribution networks rich in EVs and EVCSs. Afterward, the conventional
distribution voltage regulation method via the cooperative control of OLTC transformers
and capacitor banks (SCBs) is reviewed, followed by the proposal of a novel decentralized
voltage control scheme. The proposed voltage control method is validated through case
studies on the modified IEEE 123-node test feeder.

Table 1. Attributes of the distribution voltage control strategies in the current literature and the
one proposed.

Types of the Voltage Controllers

Advantages

Disadvantages

Centralized control [13-15]

Decentralized control [16-19]

Proposed decentralized control

Proven robustness;
straight-forward decision-making process;
enhanced control capability due to single authority.

Work well with a sparse communication infrastructure;
good scalability for large-scale distribution networks with
complex operation conditions;
low computational burdens;
preserved privacy of EV users.

Advantages of conventional decentralized control;
dynamic partitioning
good scalability for large-scale distribution networks with
complex operation conditions;
low computational burdens;
preserved privacy of EV users.

Computational expensive for large systems;
require extensive investment in
communication infrastructures;

potential privacy issue due to data transparency.

Complex decision-making process;
may suffer from convergence issues;
performance is determined by the structure design of
the controller.

Complex decision-making process;
applicable to the radial network topology only.
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2. Materials and Methods
2.1. The Grid Voltage Support Mechanism of EVs and EVCSs

The grid voltage support capability of EVBC is derived from its four-quadrant power
flow control. By taking a simplified five-bus feeder with EVCSs connected as an example
(as in Figure 1), the voltage difference between bus 0 and bus 1 can be represented by
(1), while the corresponding branch power flow P; and Q; are represented by (2) and (3),
respectively. The voltage difference between bus 0 and bus 1 can be influenced by the
aggregate active power and reactive power demands of bus 1 and its downstream buses.
As EVCSs are made up of fully controllable power electronic (PE) converters, it is possible
to provide active control of bus voltages through the bidirectional active and reactive power
control of EVCSs and the coordinated charging schemes among different EVCSs.
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where Uy and U; are the terminal voltages of bus 0 and bus 1, respectively; the line
impedance between bus 0 and bus 1 is represented by Ry + jX;, with its corresponding
branch power flow represented by P; + jQ;; for bus 1, its power consumption of the
preliminary load is represented by Pjyz41 + jQjoaq1; and the active and reactive power
demands of EVCS connected at bus 1 are represented by Pry 1 and Qgy 1, respectively.
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Figure 1. Illustration of a simplified five-bus feeder with EVCSs connected.

To provide the bidirectional active and reactive power exchange between the distribu-
tion network and the EVs, bidirectional AC/DC and DC/DC converters with dedicated
control systems are required. The general circuit topology supporting V2G technology is
illustrated in Figure 2, which comprises a three-phase H-bridge AC/DC converter and
a dual active bridge (DAB) DC/DC converter [20]. Specifically, the H-bridge converter
provides a real-time shaping of the grid-side feed-in current while maintaining a relatively
constant DC-link voltage. The DAB converter scales the DC-link voltage to a value suitable
for the EV battery while providing electric isolation between the grid and battery sides. At
the AC/DC conversion stage, it is evident that the H-bridge converter is responsible for the
four-quadrant power flow control of EVCS. To facilitate the grid-side current control for a
three-phase system, the grid-side voltage and current waveforms, vy and ig, and the con-
verter output AC voltage, v;, are transformed from abc framework into dg framework, with
their correlations represented by (4) and (5) [20]. It can be observed from (4) and (5) that
the grid-side current of EVBC at dq axis (i; and i;) has a direct impact on the corresponding
converter output voltage (vss and vs;). The related grid-side active and reactive powers, pq
and g, are represented by (6) and (7), which indicates that the active and reactive power
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exchange between EVs and the power grid can be controlled by real-time monitoring and
regulating the AC voltage and current outputs of the H-bridge converter, as in (8).
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where v; and v, are the grid supply voltage under the dg framework, the dq components
of the AC voltage output of the converter are represented by v,; and vsg, L and w refer to
the value of the series-connected inductor and the angular frequency of the power grid,
Aig /At and Aig/ At are close to zero for a stable system and, hence, can be ignored.
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Figure 2. The general circuit diagram of an EVCS supporting V2G technology.

In addition, the involvement of EVs and EVCSs in the voltage regulation of distri-
bution networks has to satisfy the operational constraints of EVs and EVCSs. During
the EV charging process, the EV charging and discharging powers have to be kept below
the threshold values while the desired departure battery state-of-charge (SoC) has to be
met. Specifically, EVCSs participating in the grid voltage regulation are featured by four-
quadrant operation, as illustrated in Figure 3a. For EVCS operating under either charging
mode (i.e., p > 0) or discharging mode (p < 0), it is capable of producing bidirectional
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reactive power. For any time instance, t, the active power of EVCS, P; should be kept
within the operation boundary [Pyjs axs Peha max], While the corresponding reactive power

Q; has to be within the range of [— \/ Sz —P?, \/ S2 — Ptz} (Sy is the rated power of EVCS).

Apart from the operational constraints of EVCSs, the desired EV battery SoC has to be met
once the EV gets disconnected from EVBC. As illustrated in Figure 3b, assuming an EV
arrives at the EVCS with the battery SoC equaling SoCy, and SoCg, is within the range of
[S0Cpyin, S0Ciax], the EV can participate in either the charging scheduling or the discharging
scheduling. It should be noted that the slope of the SoC curve in Figure 3b equals the EV
charging/discharging power. Moreover, only when the time required for the uncontrolled
EV charging is less than the expected EV departure time, ¢4, the EV is capable of partic-
ipating in the charging scheduling (i.e., tarr + (S0Cyep — S0Carr)Cp/ P g max < taep)- To form
the upper boundary of the operation region of battery SoC, EV is first charged to SoCyax
at a power of P, 10 and then maintained at SoCyqy for a certain time, followed by being
discharged to the required departure battery SoC, SoCyy, at a rate of Pyjs yuax, as represented
by the red curve in Figure 3b. The lower boundary of the operation region of battery SoC
can be defined oppositely and is represented by the blue curve. No matter what kind of
control scheme is applied to EVs and EVCSs, their safe operation regions (i.e., the colored
areas in Figure 3a,b) must always be satisfied. The corresponding mathematical modeling
of the complete EV charging cycle can be represented by (9)—(15).

Pdis,mux < Pl‘ < Pcha,max (9)
—\/S}—P2< Q1 < \/S?—P? (10)

Py
SoCiinr = SoCi 4+ — At (11)

Cp

taep P

S0Cgep = S0Carr + t; C—bAt (12)
S0Cj, < S0Ct < S0Cyp (13)

P f—t Py ’ tgep — £
SoCyp = min{SoCm + M,SOCMLSOCL{W __® maxg °p ) } (14)
b b

P tgep — £

S0C;, = max{SoCW 4 Paismax(t = tarr) g0 goc Ch“’m”x( i ) } (15)
Cp P Cp

where C;, refers to the EV battery capacity, SoCqr and SoCy, are the arrival time battery
SoC and the departure time battery SoC, while SoC,;;, and SoC;s¢ are the minimum and
maximum allowed battery SoC; the arrival time and departure time of EV to EVBC are
represented by tar and t4,p, respectively; P oy and Pyis pax refer to the maximum allowed

charging and discharging powers, respectively; At is the control time interval.
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Figure 3. Illustration of the operational constraints of EVCSs and EVs having the grid voltage
support capability: (a) the four-quadrant operation region of EVCSs; (b) the operation region of EV
battery SoC.

2.2. The Partitioning Method and Index for Distribution Networks Integrated with EVs
2.2.1. Principles of the Distribution Network Partitioning Method

As EVs typically get charged at low voltage distribution, which is rich in grid integra-
tion points, it is hard to coordinate the EV charging behaviors across the whole network
simultaneously. Moreover, the active- and reactive-power-based voltage sensitivity for
nodes at different electrical distances from the substation can be diversified. Specifically,
according to the classic power flow equations in (16), the variation of active power and
reactive powers (AP and AQ) injected into a specific node has a direct impact on its voltage
phase angle and magnitude difference (A6 and AU) [21]. Ref. (16) can be rewritten as (17)
and (18) where Spy; and Sgy refer to the active-power-based voltage sensitivity and the
reactive-power-based voltage sensitivity. The voltage magnitude at any given node i, U;,
can be represented by (19), indicating that U; is not only affected by active and reactive
powers injected into different nodes, but also determined by the power-dependent voltage
sensitives of those nodes. Therefore, grouping the nodes with similar power voltage sensi-
tives into one cluster is possible. In this way, the voltage regulation of the formed cluster
can achieve improved performance with minimum impact on the voltage profiles of the
adjacent clusters.

AP of of {AG} [Af)}
=] (16)
[AQ} [gg %% AU AU
AB AP Spe Sge ||AP
[Au} : { o] =slacl =[5 58 J[acl &
Z Spu,i AP + ZSQU,]AQ] (18)

j=1

where ] is the Jacobian matrix, Spy; and Sgy; refer to the active-power-based voltage sen-
sitivity matrix and the reactive-power-based voltage sensitivity matrix, while their cor-
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responding matrix element is represented by Spy;; and Sgu,;;; N is the total number of
nodes from the feeder source node to node i.

Conventionally, the Louvain algorithm can achieve network partitioning, which is
a type of community detection algorithm [22]. It is based on a performance evaluation
index of distribution portioning named the modularity index, as defined by (19)—(21). The
modularity index reflects the nodes’ physical coupling conditions, mainly determined by
the network structure. A higher modularity index indicates stronger couplings of nodes
within the same cluster and weaker couplings among different clusters. The original
modularity index does not consider the electrical characteristics of power distribution
networks with EVs connected. To address this issue, a modified modularity index is
proposed by integrating the power-based voltage sensitivity into the original modularity
index. Specifically, the index A; j in the original modularity definition formulation in (19)
is replaced by index Ay, defined in (22), which is the weighted sum of the active- and
reactive-power-based voltage sensitivity indices. By taking Ay, ; ; into (18), the modified
modularity index, pps, can be obtained, as in (23). As the power-based voltage sensitivities
of nodes are determined by both the line impedances and the physical interconnection
conditions among those nodes, the replacement of A; ; with A M,i,j can ensure the electrical
coupling conditions and the physical interconnection conditions among different nodes are
simultaneously considered during the process of distribution network partitioning.

):Z[ } (i,]) (19)

ki=) A (20)
i
1
_E;ki 1)
Seuij + Seui Souij + Soui
AM'ij:“M—i_(l_a)w (22)
kn,ikm,j
2mMZZ Mij = 5= 8(i,]) (23)

where A; ; 1s an index to describe the connection condition between node i and node j;
Ajj equals 1 when there exits edge/edges between node i and node j, and A;; equals 0
when there is no edge between the two nodes; k; is the sum of A; ; for all edges connected
to node 7; m is the weighted sum of k;; 5(i, j) is an index to describe if node i and node j
belong to same cluster; (i, j) equals 1 if node i and node j are within the same cluster and
equals 0 if not; « is an index to determine if the distribution network partitioning is based
on the active-power-based-voltage sensitivity (« = 1) or the reactive-power-based voltage
sensitivity (a = 0); ky,; and pp are the corresponding updated values of k; and p when A;
is replaced by A, ;-

2.2.2. The Distribution Network Partitioning Method

With the modified modularity index, the partitioning method for distribution networks
with EVs connected is proposed, with its implementation process summarized by the
following steps.

(1) Initiate the distribution network partitioning by making each node an individual cluster;
(2)  Apply the preliminary node clustering based on the radial topology of the distribution
network. Specifically, if a feeder branch has an EVCS connected and it is not located
at the feeder end, the grid-integration point of EVCS and its downstream nodes are
assigned into one cluster (named an EV cluster). If a feeder branch has no EVCSs
connected, the feeder branch source node and all its downstream nodes are assigned
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to one cluster (named a load cluster). The preliminary node-clustering process is
illustrated in Figure 4;

(3) Apply the preliminary distribution network partitioning based on pys. For any EV
cluster, find its adjacent isolated nodes and temporarily assign each of them to the clus-
ter. Assign the isolated node with the highest pjs to the EV cluster to form the updated
cluster. Repeat the process until there is no isolated node in the distribution network;

(4) Merge the clusters based on the objective function (24) until p s reaches its maximum value.

maxf = pm (24)

The whole procedure of the distribution network partitioning is illustrated in Figure 5
and will be applied to the decentralized voltage control introduced in Section 2.3. Moreover,
as the active and reactive power regulation of an EVCS is closely related to the charging
status of the connected EVs which are featured by spatiotemporal uncertainties, a dynamic
distribution network partitioning method is adopted, with its update frequency determined
by the control timer interval of the decentralized voltage control.

an EV cluster

Feeder source @ | teeececcccccccaenn

|_‘

Figure 4. Illustration of the preliminary node-clustering process for the distribution network with
EVCSs connected.

(1) Initiate the distribution-network
partition by assigning each node to an [ AN
separate cluster

v

(2) Apply the preliminary node clustering W,
based on the radial topology of the Ty

distribution network connected with EVCSs Kl
* (2) preliminary node clustering

(3) Apply the preliminary distribution-
network partitioning based on £ s

' |+ oy

(4) Merge the partitions until o, reaches
its maximum value

n

end (3) preliminary network partitioning (4) optimal network partitioning

(a) (b)

Figure 5. The procedure of distribution network partitioning with EVCSs connected (a) the flowchart

of implementation procedure; (b) an example of the network partitioning process.
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2.3. Decentralized Distribution Voltage Control with the Involvement of EV's and EVCSs
2.3.1. Principles of the Decentralized Voltage Control Scheme

In general, the distribution voltage control framework with the involvement of diversi-
fied voltage support resources can be represented by Figure 6, which is made of three layers,
including the physical system layer, the power prediction layer and the decision-making
layer. Specifically, the power prediction layer performs the short-term or long-term power
consumption predictions of EVs and primary loads. The physical system layer includes
the regional distribution network under voltage regulation, the traditional voltage regu-
lation resources and the distributed PE-based voltage support resources like EVCSs. The
optimal operational conditions of the diversified voltage regulation resources are defined
from the decision-making layer where the multi-objective optimization is conducted. As
the control time scales and the grid interaction mechanisms for the conventional voltage
regulation resources, EVs and EVCSs are differentiated, the analytical equations of their
control strategies are also diversified, which will be analyzed in the following.

Power-prediction layer Decision-making layer

Physical-system layer '

! EVCS ]!/o

Multiple & < & < | Residential g® . Objectives:  Constraints:
EVs Apl hs loads ﬂ o ﬂ £i(x) ax;th;=c,
. ¢ L Problem
Charging M L/\ Load fomulation  /2(%) ax;thr=c;
Power |demands profiles H :
predication A % A A Sux) axs+h;< c¢;

aAmalqO

[4

Subs tation

Multi-objective
optimisation

Distributi on network

Objective |

Figure 6. The general distribution voltage control framework with the involvement of diversified
voltage support resources.

Conventionally, distribution network operators (DNOs) rely on voltage support re-
sources like OLTC transformers, SCBs and voltage regulators for the grid voltage control.
Those equipment are generally equipped with local controllers that automatically adjust
their operation settings based on the monitored terminal voltage. As those devices change
their operation settings via mechanical switching, a type of discrete control action, frequent
mechanical switching, may reduce the device’s lifetime. To solve this issue, their day-ahead
operation schedules can be directly received from DNO with their local controllers being
disabled. Specifically, with the day-ahead prediction of all power consumptions and gener-
ations, DNO first evaluates the initial state of the distribution network by executing the
power flow analysis. For the cases of a potential violation of voltage emergence limits,
optimal power flow is conducted to pursue the feasible operation schedules of conventional
voltage regulation resources. Once the day-ahead operation settings are allocated to those
devices, they will operate as scheduled during the day without reacting to the variation
of their terminal voltage. Due to the limited voltage regulation capability of discrete
voltage regulators, they cannot effectively address voltage issues like voltage violation
and fluctuation.

In contrast, EVCSs can dynamically adjust their active and reactive powers via the fully
controllable AC/DC converters integrated into EVCSs. The continuous power-adjusting
capability of EVCSs makes them desirable grid voltage regulation resources. To get involved
in the grid voltage control, EVs under the same charging time slot are grouped with their
charging and discharging powers optimized during the decision-making stage. Due to the
diversity and uncertainty of EV and EVCS types, EV charging behaviors and the EV-battery
SoC, the EVs and EVCSs’ grid voltage support capability is time-varying and hard to predict.
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To address this issue, a rolling optimization-based control framework of EVs and EVCSs is
proposed, which can adaptatively adjust the control time slots depending on the current
states of EVs and EVCSs, as illustrated in Figure 7. For example, assuming four EVs are
connected to EVCSs with diversified arrival times and departure times (the colored arrows
represent the corresponding charging time durations in Figure 8), the rolling window length
at any instance t, LRW;, equals the longest remaining charging duration of all available
grid-integrated EVs at time instance ¢, as in (25). Under each rolling window, the active and
reactive powers of EVCSs are optimized to achieve maximum voltage support capability,
and only the optimal solutions achieved for the first time slot of the rolling window are
utilized. The moving step between two successive rolling windows is a single time slot
which the DNO predefines.

LRW; = U (tdep,k - t) k€ N& (25)
where LRW; represents the rolling window length at time instance ¢, the expected departure

of kth EV is represented by {4, x, while the total number of grid-connected EVs at time
instance t is represented by N;°.
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Figure 7. Illustration of the rolling optimization-based control framework of EVs and EVCSs.
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Figure 8. The architecture and the generalized implementation procedure of the proposed decentral-

ized voltage control scheme.
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In addition, with the large-scale EVs and EVCS deployment, the conventional cen-
tralized control of all EVs and EVCSs is computationally intensive and hard to implement
practically. Therefore, the distribution network is first partitioned into optimal numbers
of subareas by applying the partitioning method introduced in Section 2.2. Then, for each
cluster, its bus voltages will be regulated via the four-quadrant power flow control of
EVs and EVCSs within the cluster. The architecture and the implementation procedure
of the proposed decentralized voltage control scheme are illustrated in Figures 8 and 9.
Specifically, the target distribution network nodes (with EVs and EVCSs connected) are first
optimally divided into clusters (via the network partitioning method in Section 2.2). Each
cluster is equipped with a local controller responsible for the charging scheduling of EVs
and EVCSs within the cluster. The action strategies of each controller are only determined
by the EV availability and the bus voltages within the cluster. Once the network partition-
ing is done, select the root cluster and apply the rolling optimization-based control of EVs
and EVCSs within the cluster. The optimization objective is to avoid voltage violations
and alleviate the voltage deviation and fluctuation within the cluster. It is achieved by
optimally scheduling the active or reactive power of EVCSs while satisfying the EV users’
charging. Once the optimal charging schemes for EVs connected within the root cluster are
acquired, the next step is to regulate the EV charging behaviors within the downstream
clusters similarly. If any of the adjacent downstream clusters have voltage violations occur,
merge those clusters into the root cluster and rerun the rolling optimization-based EV and
EVCS control for the root cluster. Repeat the above process until the last cluster at the feeder
branch’s end has been covered. The final outputs are the optimal EV charging schemes for
all clusters. It should be noted that the network partitioning is continuously updated with
the moving of the control window (as illustrated in Figure 7).

Op!ectlve: - \ Select the root cluster
mitigate the voltage violations

and alleviate the voltage

deviation and fluctuation within

the cluster Apply the rolling-optimization-based

Contr(fl variablef ] control of EVs and EVCSs <
the active or reactive power of

EVCSs within the cluster

Constraint: v

meet the charging requirements
of all EVs within the cluster /

Find the adjacent
downstream clusters

Apply the rolling- Apply the rolling- Apply the rolling- Merge s elimstene
A L I having voltage
optimization-based control optimization-based control eeoeo optimization-based control violations to the
of EVs and EVCSs of EVs and EVCSs of EVs and EVCSs i clilster

A A A
(XX ]

if voltage violation exists

if voltage violation exists ?

if voltage violation exists ?.

Y Yy

Regard cluster 1 as the root Regard cluster 2 as the root Regard cluster n as the root
cluster and repeat the cluster and repeat the cluster and repeat the
above process until the last above process until the last coo above process until the last
cluster of the feeder branch cluster of the feeder branch cluster of the feeder branch
has been covered has been covered has been covered

Y

Output the optimal EV charging schemes for all clusters

Figure 9. The flowchart of the decentralized voltage control scheme for the participation of EVs
and EVCSs.
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2.3.2. Modeling of Distribution Voltage Control with Conventional Voltage-Support Resources

For the distribution voltage regulation with conventional voltage support resources
like SCBs and OLTC transformers, their optimal daily operation curves have to be defined a
day ahead to avoid frequent mechanical switching. Due to the limited number of set points
and the action costs of OLTC transformers and SCBs, distribution voltage control with
conventional voltage support resources aims to mitigate potential undervoltage violations
while minimizing overall system operating cost, as in (26) and (27). The considered opera-
tional constraints are the minimum and maximum tap positions of OLTC transformers, the
maximum allowed daily action times of OLTC transformers, and the number of switchable
CBs within SCBs, as represented by (28)-(31). The input information required for solving
the formed optimization problem is the network topology of the target distribution network
and the day-ahead prediction of the power consumption at all buses.

) 24 Norrc r r Nep . ,
minf; = AyCy + Z(Aa,tPl,t + Ap Z [tapy — tapy_q| + Ac Z |scb{ — scbi_1|) (26)
t=1 k=1 j=1
24 Nbus
Cy = 2 Z {‘min(Vmin, an,t) — Vmin| + |mﬂx(vmaaw an,t) - Vmax|} (27)
t=1nb=1
mpﬁdin S mplt( S mplr(nax (28)
24
0< Y tapf < tapl ., (29)
t=1
0 S SCb{ S SCb{nax (30)
Ay > max(/\a,t,/\h, Ac) (31)

where the bus voltage violations are denoted as Cy, with its penalty factor represented
by Ay; the operation costs of OLTC taps and capacitor banks are denoted as Aj, and A,
respectively; the lower and upper boundaries of allowed bus voltages are denoted as V,,;;,
and Vj,qx; the nbth bus voltage at time ¢ is represented as V1, while the total number of
buses is denoted as Ny,; P ; refers to the power losses at time ¢ with its marginal price
represented by A, ¢; for the kth OLTC transformer, its tap position at time ¢ is represented by

while for jth SCB, the number of switched-on capacitor banks at time # is denoted as scb}; the
minimum and maximum allowed tap positions of kth OLTC transformer are represented by
tapﬁ1 i and tapk,,, while the maximum allowed daily action times is symbolized by'tap';l/ max

for the jth SCB, its total number of switchable capacitor banks is expressed as Sl pay.

2.3.3. Modeling of Distribution Voltage Regulation with the Four-Quadrant Power Control
of EVs and EVCSs

Due to the spatiotemporal uncertainties of EV charging patterns and the resultant
time-varying voltage support capabilities of EVs and EVCSs, a rolling optimization-based
control scheme of EVs and EVCSs is applied, with its sliding control window adaptatively
modified according to the charging states of EVs and EVCSs, as discussed in Section 2.3.1.
As analyzed in Section 2.1, the distribution voltage support with EVs and EVCSs can be
achieved by dynamically adjusting the bidirectional active or reactive power exchange
between the EVCSs and the distribution network, resulting in a different formulation of the
optimization problem. Specifically, for the distribution voltage regulation with the active
power support of EVs and EVCS, the control variables are the active powers of EVCSs
while the reactive power outputs from EVCSs are set to zero (assuming all EVCSs are
operating at unity power factor). All control variables must meet the power and energy
constraints of EVs and EVCSs as represented by (9)—(15). The optimization target for each
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sliding control window is to minimize the bus voltage deviations and alleviate the bus
voltage fluctuations, as represented by (32).

ts+LRWis Npys

mian,t = Z 2 (Bl Ian,t - Vrefl + [52|an,1‘ - an,t71|) (32)
t=ts nb=1

where LRWjs is the sliding window length at time £;, Vs refers to the reference per-unit
bus voltage (set at 1 pu), and (3| are 3, are the weighting factors for the mitigation of bus
voltage deviation and the alleviation of bus voltage fluctuation (31 + 3, = 1).

Suppose the distribution voltage support participation of EVs and EVCs is achieved
through adjusting the reactive power output of EVCSs. In that case, the control variables
become the reactive powers of EVCSs. In contrast, the remaining active power delivering
capability of EVCSs should still be capable of completing the EV charging task, as repre-
sented by (33) and (34). For the reactive-power-based distribution voltage regulation, its
control objective is the same as that of the active-power-based distribution voltage support,
as in (32).

_SrS Qt S Sr (33)
/52— Q2
SoCarr + Y TAtZ S0Ceep (34)

t=tarr

3. Case Studies

To evaluate the performance of the proposed decentralized voltage control scheme
based on the active or reactive power support of EVs and EVCSs, case studies will be
performed on the modified IEEE 123-node test feeder. As shown in Figure 10, the modified
IEEE 123-node test feeder has 11 EVCSs. All EVCSs are equipped with V2G controllers
and can provide four-quadrant power control at the grid integration point. As shown in
Figure 11, the daily load profiles utilized on the target grid are taken from the database
disclosed by a UK DNO, which exhibits increased power demand from 6 p.m. to 10 p.m. [23].
The distribution network also has six OLTC transformers and four SCBs connected, with
their basic information provided in [24]. The lower and upper boundaries of allowed per-
unit bus voltages are 0.95 pu and 1.05 pu, respectively. The analysis is conducted via the
co-simulation between OpenDSS and MATLAB while the self-adaptive multi-population-
based JAYA algorithm (SDMP-JAYA) is applied as the solver for the optimization models
introduced in Section 2.3 [25]. As the SDMP-JAYA algorithm may have slight variations
of simulation results between different executions, each optimization model is repeatedly
solved 50 times, with the best solution taken as the final output. The simulation is performed
on an Intel Core i7-8850H with a 2.6 GHz CPU, 32 GB RAM, and 64-bit operating system PC.

To emulate the charging uncertainties of EVs, the varieties of EV type, EV charging
period, battery capacity, rated power of the EVBC, and the arrival time and departure
time battery SoC are considered in the case studies. Specifically, the considered EV type
includes private cars, buses, taxis and exclusively used cars (refers to company vehicles
here). According to the data from the national household travel survey (conducted by the
US Department of Transportation), EVs of different transport types can be characterized by
unique charging patterns as indicated in Table 2 [26,27]. As the EV arrival time to the EVCS
and the arrival time battery SoC are the key uncertain factors affecting the EV charging
demand, different distribution functions represent them. It is assumed that all four EV
transport types have their arrival time battery SoC normally distributed. Regarding the EV
arrival time to the EVCS, taxis, private cars and exclusively used cars have their EV arrival
time to the EVCS following a normal distribution (as represented by (35)), while EVs of the
bus type have their arrival time to the EVCS evenly distributed. To intuitively illustrate the
impact of the EV charging type on the aggregate EV charging demand, 700 EVs are allocated
to each EV type with their aggregate EV charging demand achieved through Monte Carlo
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simulation, as shown in Figure 12. It indicates that the EV compositions directly affect
the aggregate EV charging demand. According to the current market penetration level of
different EV transport types, it is assumed that the EV-type composition applied in the case
studies is 85% private cars, 2% buses, 5% taxis and 8% exclusively used cars, with the daily
number of EVs charged at the 11 EVCSs equaling 700. Moreover, the EV charging locations
are randomly selected among the 11 EVCSs. Before the distribution voltage regulation is
activated, the bus voltages of the test feeder with disordered EV charging behaviors are
illustrated in Figure 12. It is noticed that most nodes experienced undervoltage violation
issues during 8 p.m.~12 p.m., with the minimum bus voltage as low as 0.92 pu. This is
attributed to the fact that most EVs get charged during peak hours when the pressure on
the distribution network is highest. In addition, it is noticed from Figure 13 that the bus
voltage drop becomes more severe with the increasing distance from the substation, which
is due to the significant voltage drop across the distribution cables.

1 _ (tarr—uy) _

f(tarr) = a2 eXp[ ’ 2;_7,224 }')(ut 12) < tar <24
arr —U

U’t\}ﬁ exp [_7ti|,0 < tor < (ut — 12)

20}2

(35)

where ¢, and u; are the EV arrival time to EVCS and its expected value, respectively; the
standard deviation is represented by o7.
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Figure 10. The IEEE 123-node test feeder having EVs and EVCSs integrated.
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Figure 11. The daily load profiles utilized on the target distribution network.

Table 2. Characterization of the unique EV charging patterns of different EV transport types.

EV Type Expected Charging Arrival Time Battery Capacity Rated Power of EV Arrival Time to
M Period Battery SoC (kWh) EVBC (kW) the EVCS
7:00 a.m.~5:00 p.m. 5 N*(11.3,3.12)
*
EVIL 6:00 p.m.~7:00 a.m. N(069,0.1% 35 7 N *(20.9,1.72)
EVT2* 11:00 p.m.~5:30 a.m. N(0.5, 0.1%) 100 7 Uu*
4:00 a.m.~7:00 a.m. N*(5.6,1.22)
* 2
EVI3 4:30 pm~7:00 p.m. N(03,0.1% 80 30 N*(17.1,1.22)
EVT4* 5:00 p.m.~8:00 a.m. N(0.48, 0.22) 50 7 N *(18.3,3.92)

* EVTs 1~4 refer to private cars, buses, taxis and exclusively used cars, respectively; N and U stand for nor-
mal distribution and uniform distribution, respectively; for N(a, b), a and b refer to the mean value and
variance, respectively.
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Figure 12. Illustration of the EV charging demands with different transport types.
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Figure 13. Bus voltages of the IEEE 123-node test feeder without voltage regulation.

For the case with the OLTC transformer and SCB-based distribution voltage regulation,
the control scheme is modeled by following the procedure presented in Section 2.3.1, and
the optimal daily operating settings of OLTC transformers and SCBs are achieved by solving
the formed optimization problem, as in Figure 14. The expected bus voltages achieved from
the OLTC transformer and SCB-based distribution voltage regulation are given in Figure 15.
It turns out that OLTC transformers and SCBs have to adjust their operation settings during
the peak hours (7 p.m.~11 p.m.), to mitigate the undervoltage violations brought out by
excessive EV charging. Although the undervoltage violation issue is significantly alleviated
compared to the bus voltages without voltage regulation (i.e., Figure 13), apparent voltage
deviation and voltage fluctuation still exist during peak hours due to the limited number
of setting points of OLTC transformers and SCBs [28].
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Figure 14. The optimized operating settings for all OLTC transformers and SCBs: (a) settings for
OLTC taps; (b) settings for SCBs.

To further relieve the voltage fluctuation and deviation issue, EVs and EVCSs are
utilized as distributed voltage support resources, with decentralized voltage control being
applied (i.e., Figure 8). The decentralized voltage control is further divided into two steps:
(1) perform the distribution network partitioning based on the modified modularity index,
oM (2) perform rolling optimization-based control for EVs and EVCSs within each cluster.
Due to the uncertain charging behaviors of EV users, dynamic network partitioning is re-
quired, with its update frequency determined by the control time interval. Moreover, as the
modified modularity index, pp, is calculated from the power-dependent voltage sensitives,
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pm can exhibit different values by using the active-power-based voltage sensitivity index
and by using the reactive-power-based voltage sensitivity index (corresponds to pp py and
pMm,Qv, respectively), resulting in different network partitioning results. For example, the
optimal network partitioning results (at 8 p.m.) based on pp; py and py gv are illustrated
in Figure 16, with the corresponding p; values shown in Figure 17. It is observed that
the optimal number of clusters under pj1,py and under pj1 oy are 10 and 8, respectively.
Meanwhile, as the voltage support of EVs and EVCSs can be achieved via active or reactive
power scheduling, the network partitioning and the subsequent decentralized voltage
control should also be conducted based on either active or reactive power scheduling.
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Figure 15. Bus voltages of the target distribution network with the OLTC transformer and SCB-based
distribution voltage regulation.
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Figure 16. The optimal network partitioning results based on the power-dependent voltage sensitives
(at 8 p.m.): (a) the optimal network partitioning results based on pys py (at 8 p.m.); (b) the optimal
network partitioning results based on py oy (at 8 p.m.).
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Figure 17. The obtained modularity index, pjs, corresponding to Figure 16: (a) pps,py with respect to
Figure 16a; (b) ppr,ov With respect to Figure 16b.

Based on the optimal distribution network partitioning results, the next step is to
perform the decentralized voltage control to all the clusters. The final obtained optimal
EV charging schemes are illustrated in Figure 18, with the scheduled active and reactive
powers of EVCSs shown in Figure 19. The bus voltages achieved under the two types of
decentralized voltage control schemes are illustrated in Figure 20. For both the APS-based
decentralized voltage control and the RPS-based decentralized voltage control, almost
all buses get improved voltage profiles with respect to the bus voltages (i.e., Figure 15)
achieved by the OLTC transformer and SCB-based distribution voltage control, as indicated
by Figure 20. It is mainly attributed to the dynamical active- or reactive-power scheduling
of EVCSs during the peak hours, as indicated in Figure 19. Specifically, when the APS-based
decentralized voltage control is activated, an EVCS transits the role from a consumer to a
prosumer via its bidirectional active power control capability. In this way, the EVCSs turn
into distributed generators when the undervoltage issue becomes severe, as indicated in
Figure 19a. Similarly, after the RPS-based decentralized voltage control is applied, EVCSs
start to provide reactive power support during peak hours (11 a.m.~2 p.m., 8 p.m.~11 p.m.)
to avoid the significant voltage drop due to peak EV charging demands, as indicated in
Figure 19b. A comparison of the aggregate EV charging demand between uncontrolled
charging and APS-based scheduled charging is illustrated in Figure 21. The aggregate EV
charging demand during peak hours is significantly alleviated with a maximum of 81%
power reduction achieved. The daily energy demand due to EV charging is reduced from
13.3 MWh to 4.0 MWh, achieving a 70% energy reduction.

In the end, a comparison of the minimum and average bus voltages under differ-
ent voltage regulation schemes is provided in Figure 22. The APS-based decentralized
voltage control performs similarly to the RPS-based decentralized voltage control, and
both can somewhat alleviate the voltage deviation and fluctuation issues. After applying
the proposed decentralized voltage, the minimum and average voltage drops are 0.04 pu
and 0.02 pu, respectively. Moreover, no undervoltage violation issue occurs with the ap-
plication of the OLTC transformer and SCB-based distribution voltage control combined
with the APS-based or RPS-based decentralized voltage control. With the aid of the four-
quadrant control capability of EVCSs, the proposed decentralized voltage control schemes
can effectively address voltage violation issues during peak charging hours.
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Figure 18. The optimal charging schemes for EVs participating in decentralized voltage control:
(a) the optimal charging schemes for EVs participating in APS-based decentralized voltage control;
(b) the optimal charging schemes for EVs participating in RPS-based decentralized voltage control.
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Figure 19. The scheduled active and reactive powers of EVCSs under the decentralized voltage
control: (a) the scheduled active power, P, under the APS-based decentralized voltage control; (b) the
scheduled reactive power, Q, under the RPS-based decentralized voltage control.
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Figure 20. Bus voltages achieved from the decentralized voltage control with the participation of
EVs and EVCSs: (a) bus voltages achieved from the APS-based decentralized voltage control; (b) bus
voltages achieved from the RPS-based decentralized voltage control.
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Figure 21. A comparison of the aggregate EV charging demand between uncontrolled charging and

APS-based scheduled charging.
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Figure 22. Comparison of the minimum and average bus voltages under different voltage regulation
schemes (‘M1’ refers to the OLTC transformer and SCB-based distribution voltage regulation; ‘M2’
and ‘M3’ refer to the APS-based and RPS-based decentralized voltage control schemes, respectively):
(a) the minimum bus voltages under different voltage regulation schemes; (b) the average bus
voltages under different voltage regulation schemes.
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4. Conclusions

According to the case studies in Section 3, it can be concluded that the OLTC trans-
former and SCB-based conventional distribution voltage control scheme cannot effectively
solve the voltage issues due to their limited operation setting points and lifetime-affected
switching actions. Accordingly, the distribution voltage regulation via the conventional
voltage support resources should be applied day-ahead according to the day-ahead predic-
tion of the grid load profiles and the EV charging demands. Unlike OLTC transformers
and SCBs, EVCSs are made up of fully controllable AC/DC and DC/DC power convert-
ers capable of providing the four-quadrant power control at the grid integration point.
Therefore, EVs and EVCSs become ideal distributed voltage support resources for intraday
distribution voltage regulation. In this context, a decentralized voltage control scheme is
proposed to exploit the voltage support capability of EVs and EVCSs fully. It comprises
the distribution network partitioning and the rolling optimization-based control of EVs
and EVCSs within each cluster. The dynamic distribution network partitioning ensures the
regional voltage regulation will not interfere with the voltage profiles of the other clusters,
while the rolling optimization-based control of EVs and EVCSs deals with the spatiotem-
poral uncertainties of EV charging behaviors. As the decentralized voltage control can be
achieved either by APS or RPS of EVs and EVCSs, a comparative analysis is conducted in
Section 3, and both of them can contribute to effectively alleviating bus voltage deviation
and fluctuation. The selected case studies demonstrate that the proposed decentralized
voltage control scheme achieves an average voltage drop as low as 0.02 pu. Moreover, a
maximum of 81% power reduction can be achieved during peak hours, greatly alleviating
the pressure on peak shaving. Compared to the conventional centralized voltage control
scheme, the proposed decentralized voltage control offers several advantages, including
fewer requirements of communication systems, lower computational burdens, higher
reliability and enhanced effectiveness.

It is also noticed that the decentralized voltage control via the four-quadrant power
control of EVs and EVCSs cannot fully address the voltage issues, mainly due to the
constraint of satisfying the EV charging requirements of all EV users. In this case, the
installation of battery energy storage systems (BESSs) at EVCSs can be a potential solution
to further enhance the grid voltage support capability of EVs and EVCSs, due to a mild
decoupling achieved between the EV charging behaviors and the grid voltage support of
EVCSs. With the newly added BESSs, EVs and BESSs can provide active- or reactive-power
support to the power grid via dedicated EVCSs. Therefore, future work will incorporate
BESSs into the proposed decentralized voltage control scheme.
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