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 Abstract— Electric vehicles (EVs) provide new options for 
energy balancing of power systems. One possible way to use EVs 
in energy balancing is to let each distribution system mitigate its 
forecast uncertainties through the flexibility of EVs. In 
consideration of the difficulties to directly govern a large number 
of EVs, it is more reasonable for distribution systems to dispatch 
electric vehicle aggregators (EVAs). Without influencing driving 
activities of EVs in the next day, a model is established for 
distribution systems to make use of EVAs, whose contributions are 
delaying uncertainties through their temporal flexibility and thus 
creating opportunities for uncertainties from different hours to 
offset each other. In the established model, a scheme of uncertainty 
transferring is proposed to relieve interruption to EVAs and 
distributionally robust optimization is adopted to evaluate the 
operation plans’ average performance with temporal and spatial 
uncertainty correlations considered. Comprehensive case studies 
are carried out based on charging demands of EVAs simulated 
from real traffic data to verify the effectiveness of the proposed 
model. 

Index Terms-- Distribution system, electric vehicle aggregator, 
uncertainty mitigation, day-ahead planning, temporal flexibility, 
distributionally robust optimization. 

NOMENCLATURE 

Sets, decision variables and uncertainties are printed in italics 
while others are in non-italics. Decision variables depending on 
uncertainty realizations are marked with tildes. 

A. Sets

𝒩 Set of all nodes in the distribution system 
𝒩  Set of nodes that AVRs are connected to 
𝒩  Set of nodes that EVAs are connected to 
𝑎 𝑖  Parent node of node 𝑖 
ℬ 𝑖    Set of child nodes of node 𝑖 

B. Parameters

∆t Duration of a time period, i.e. an hour 
T Number of time periods in a day 
c , , c ,   Price of reserve capacity for delayed, advanced 

charging of the EVA at node 𝑖 
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c , , c ,  Regular compensation rate to the EVA at node 
𝑖 for delayed, advanced charging 

c , , c ,  Punitive compensation rate to the EVA at node 
𝑖 for delayed, advanced charging 

c , , c ,  Penalty coefficient for positive, negative 
deviations of distribution systems’ energy 
consumptions 

v   Base voltage 
R , , X ,  Resistance, reactance of the feeder between 

node 𝑖 and 𝑗 
p , , q ,  Active, reactive load at node 𝑖 in hour 𝑡 

e ,
, Planned charging demand of the EVA at node 

𝑖 in hour 𝑡 
β  Power factor of the EVA at node 𝑖 
e ,

, , e ,
,  Dispatchable range for delayed, advanced

charging of the EVA at node 𝑖 in hour 𝑡 
q ,  Capacity of the AVR at node 𝑖

C. Uncertainties

𝜉 , Uncertain deviation of the charging demand of 
the EVA at node 𝑖 in hour 𝑡 from the forecast 

𝝃  Vector of 𝜉 ,  for all EVAs and all hours 
N𝝃 Dimension of 𝝃 
𝛍  Statistical mean of 𝝃 
𝚺  Statistical covariance matrix of 𝝃 
𝑓𝝃 Distribution of 𝝃 
D  Family of distributions that satisfies the 

statistical mean and covariance matrix of 𝝃 

D. Decision variables

𝑒  Planned energy consumption of the distribution 
system in hour 𝑡 

𝑟 , , 𝑟 ,  Reserve capacity purchased from the EVA at 
node 𝑖 for delayed, advanced charging in hour 𝑡 

𝑝 , , 𝑞 , Active and reactive charging power of the EVA 
at node 𝑖 in hour 𝑡 
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�̃� ,
,   Accumulated interruption to the charging of the 

EVA at node 𝑖 in hour 𝑡 
𝑞 , Reactive power output of the AVR at node 𝑖 in 

hour 𝑡 
𝑝 , , , 𝑞 , ,   Active, reactive power flow from node 𝑖 to node 

𝑗 in hour 𝑡 
𝑝 , 𝑞  Active, reactive power input from the main grid 

in hour 𝑡 
𝑣 ,   Voltage of node 𝑖 in hour 𝑡 

𝛼 ,
, Proportion of the uncertainty of the EVA at node 

𝑖  in hour 𝑡  allocated to the EVA at node 𝑗  in 
hour �̂� 

I. INTRODUCTION

N power systems, energy supplies and demands need to be 
balanced all the time. To maintain the balance under forecast 

uncertainties, reserve needs to be prepared, which is 
traditionally achieved through generators and hydropower 
stations [1-2]. 

Nowadays, EVs are becoming increasingly popular. A 
salient feature of EVs is that their connection times to power 
systems are usually longer than the times needed to fulfill their 
charging requirements. As a result, instead of keeping constant 
charging rates, adjusting their energy consumption patterns is 
possible. In other words, EVs are able to provide temporal 
flexibility, which can be used in maintaining the energy balance 
of power systems. In some deregulated power systems, EVs can 
participate in energy balancing through regulation markets [3-
4]. While for power systems without regulation markets, other 
mechanisms need to be designed. As EVs are connected to 
distribution systems, one possible alternative is to let each 
distribution system mitigate its forecast uncertainties [5-6]. 
Then, each distribution system becomes a balance responsible 
party and can be penalized if its actual energy consumption fails 
to match the plan [7]. With each distribution system mitigating 
its own uncertainties, the transmission system operator needs to 
prepare less reserve. 

The flexibility of EVs has been widely utilized in 
distribution system operation. For example, a receding horizon 
optimization model is established in [8] to shift  charging 
demands of EVs to off-peak hours. In [9], a scheduling scheme 
is designed to maintain the voltage profile under high EV 
penetration. [10] proposes a charging strategy to regulate 
fluctuations of wind generation. These works all achieve their 
targets by taking circumstances of specific EVs into 
consideration. However, it will be very difficult for future 
system operators to directly govern a large number of EVs 
because the computation requirement for taking every EV into 
consideration and the investment requirement for collecting all 
necessary information will be too demanding [11]. Instead, it is 
more reasonable to have EVs controlled by EVAs and then the 
system operator dispatches EVAs rather than EVs. Such 
hierarchical scheme is used in [11] to improve wind power 
utilization. In [12], EVAs are dispatched as a whole to 
maximize the hosting capacity of distribution systems for their 
charging demands.  

Because EVAs can make use of the temporal flexibility of 
EVs, EVAs also possess temporal flexibility in terms of 
accepting delayed and advanced charging to some extent. 
Besides, as a result of unpredictable behaviors of EVs, charging 
demands of EVAs may deviate from the forecast or in other 
words, there are uncertainties in charging demands of EVAs. 
Because of the large volume of charging demands of EVAs in 
the future, their potential deviations from forecast can be 
considerable although they have relatively predictable patterns. 
But in use of the temporal flexibility of EVAs, their charging 
rates can be kept as scheduled at the cost of their delayed or 
advanced charging depending on the signs of their uncertainty 
realizations and then their uncertainties are compensated by 
themselves.  

To mitigate forecast uncertainties in distribution systems, 
different facilities have been used in literature. In [13], energy 
storage (ES) is adopted. [5] resorts to both ES and distributed 
generators (DGs). However, models using ES and DGs cannot 
be directly applied to distribution systems with EVAs because 
of the following distinct features of EVAs. Firstly, as stated 
above, EVAs possess uncertainties in their charging demands, 
while ES and DGs do not. Secondly, primary tasks of EVAs are 
guaranteeing energy requirements of EVs’ driving activities, 
instead of facilitating distribution system operation as ES and 
DGs. Thirdly, costs of ES and DGs result from their operation. 
In contrast, costs of EVAs are incurred when their charging is 
interrupted. Apart from ES and DGs, load curtailment is another 
option and is used in [14], which is effective only when 
demands surpass supplies but not vice versa. While EVAs are 
applicable for both cases. In view of the particularity of EVAs, 
a tailored model is established in this paper to use temporal 
flexibility of EVAs to mitigate forecast uncertainties in 
distribution systems. Charging demands of EVAs are required 
to be fulfilled at the end of the day in order to guarantee driving 
activities of EVs in the next day. As a result, delayed and 
advanced charging of EVAs incurred from mitigating 
uncertainties should be recovered later in the day. So, 
contributions of EVAs in mitigating uncertainties are actually 
delaying uncertainties. Then, the deviation of the energy 
consumption of the distribution system from the plan in an hour 
depends on uncertainties from different hours, which may offset 
each other. 

Components of distribution systems can have intertemporal 
constraints, such as those on ramping rates of DGs, state of 
charge of ES and accumulated interruption to the charging of 
EVAs. With these constraints, earlier decisions influence later 
operation. Therefore, it is necessary to take real-time recourse 
operation into consideration when making operation plans. In 
[5], to tackle uncertainties in energy supplies, reserve capacities 
are scheduled from DGs and ES. But the real-time operation is 
not considered when scheduling reserve capacities and thus 
DGs and ES are poorly coordinated. Different from [5], [14] 
considers real-time operation in advance through a two-stage 
framework. But the second stage of the framework assumes that 
real-time decisions at all times are made simultaneously 
knowing realizations of uncertainties at all times, which 
neglects the fact that earlier decisions are made without 
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knowing realizations of later uncertainties. As a consequence, 
operational infeasibility may be encountered. To consider real-
time operation without violating temporal sequences of 
uncertainty realizations, linear decision rules (LDR) are 
adopted in this paper, which assumes that real-time decisions 
are affine functions of realizations of earlier uncertainties. 
Details about LDR will be given in Section III.B. 

As stated above, charging rates of EVAs can be kept as 
scheduled in use of their temporal flexibility, which is 
equivalent to having each EVA to mitigate its own uncertainties. 
Then, charging of different EVAs is interrupted independently. 
Without any influence on total energy consumptions of 
distribution systems, a scheme of uncertainty transferring is 
proposed based on LDR. Under this scheme, EVAs can transfer 
their uncertainties to each other. Or, in other words, an EVA 
can mitigate uncertainties of other EVAs. Then, interruption to 
the charging of an EVA depends on uncertainties of different 
EVAs and may be relieved because uncertainties of different 
EVAs may offset each other. This scheme also has other 
potential benefits, which will be further discussed in Section 
III.B.

For problems involving uncertainties, how to deal with
uncertainties is an important issue. When uncertainties cannot 
be observed directly or accurately, fuzzy theory can be used 
[15-16]. Uncertainties concerned in this paper are from energy 
demands and supplies in distribution systems and their 
historical samples can be accurately recorded. In terms of 
handling this kind of uncertainties, [17] focuses on the worst 
uncertainty realization through interval analysis and 
optimization. However, pursuing the best performance in 
mitigating forecast uncertainties in distribution systems under 
the worst uncertainty realization may lead to over-conservative 
operation plans and result in inferior performance under most 
possible uncertainty realizations. Instead, it is more reasonable 
to optimize the average performance of the operation plans. For 
this reason, distributionally robust optimization (DRO) is 
adopted in this paper, which is a newly developed approach and 
has been shown to be effective [18-19]. The statistical mean and 
covariance matrix of uncertainties can be calculated from 
historical samples. By using DRO techniques, the proposed 
model considers all possible uncertainty distributions satisfying 
the statistical mean and covariance matrix and makes decisions 
with respect to the worst possible distribution. Distributional 
information of uncertainties is thus well utilized in optimizing 
the average performance of the operation plans and risks of 
having unexpected average performance are avoided as well. 
Besides, because movements of EVs possess distinct spatial-
temporal features [20], uncertainties in charging demands of 
EVAs may have prominent temporal and spatial correlations, 
which can also be well considered by the proposed model as the 
statistical covariance matrix is used to depict uncertainty 
distributions. 

The following are the main contributions of this paper. 
(1) A model is proposed to use the temporal flexibility of

EVAs to mitigate forecast uncertainties in distribution systems 
without influencing driving activities of EVs in the next day. 
Contributions of EVAs are delaying uncertainties and thus 

making it possible for uncertainties from different hours to 
offset each other. 

(2) In consideration of the temporal sequences of uncertainty
realizations, LDR is used to model real-time operation. Based 
on LDR, a scheme of uncertainty transferring is proposed, 
which can relieve interruption to the charging of EVAs. 

(3) DRO is used to evaluate the average performance of the
operation plans with temporal and spatial uncertainty 
correlations considered through the statistical covariance 
matrix. 

(4) Real traffic data is used to simulate charging demands of
EVAs, whose spatial and temporal correlations are qualitatively 
shown. Effectiveness of the proposed model is verified through 
comprehensive case studies based on the simulated charging 
demands of EVAs. 

This paper is organized as follows. Section II presents 
settings on distribution system operation. Formulation of the 
proposed model and its deterministic transformation are given 
in Section III. In Section IV, the simulation of charging 
demands of EVAs is introduced. Case studies are conducted in 
Section V and further discussions are made in Section VI. At 
last, conclusions are drawn in Section VII. 

II. SETTINGS ON DISTRIBUTION SYSTEM OPERATION

It is assumed that energy consumptions of the distribution 
system at different hours in a day should be planned in advance. 
Similar to [13, 21], penalties are assumed to be applied on 
deviations of the distribution system’s energy consumptions 
from the plan. In terms of dispatching EVAs, the distribution 
system is assumed to purchase reserve capacities from EVAs 
ahead of time. Then during operation, the part of interruption to 
the charging of EVAs within purchased capacities is 
compensated by the distribution system at regular rates and the 
part beyond purchased capacities is compensated at punitive 
rates, which are higher than regular rates. 

The interaction mechanism between the distribution system 
and EVAs is as follows. First, EVAs plan their charging 
demands by collecting information from EV owners. Then, 
based on energy requirements of EVs, revenue from the 
distribution system and potential compensations to EVs, EVAs 
decide their dispatchable ranges for the distribution system. 
Planned charging demands and dispatchable ranges of EVAs 
are reported to the distribution system. After that, the 
distribution system decides its energy consumption plans and 
its dispatching plans for EVAs and purchases reserve capacities 
from EVAs. Knowing the reserve capacities purchased by the 
distribution system, EVAs can make plans on controlling EVs. 
At last, as uncertainties realize in real-time operation, the 
distribution system gives dispatch to EVAs within their 
dispatchable ranges, and EVAs control EVs to follow the 
dispatch of the distribution system.  

The above-discussed EVAs can be operators of EV parking 
lots or providers of smart-charging service to EVs at home. 
They can also be affiliated departments of the distribution 
system. In the latter case, it is equivalent to simplifying 
distribution system operation by adopting hierarchical 
dispatching schemes. This paper focuses on distribution system 
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operation under the above interaction mechanism between the 
distribution system and EVAs. Operation models of EVAs and 
the interaction mechanism between EVAs and EVs are beyond 
the scope of this paper. 

III. MODEL FORMULATION AND TRANSFORMATION

In this section, the formulation of the proposed model is 
given first. Then, LDR and the uncertainty transferring scheme 
are discussed. At last, the proposed model is transformed into a 
deterministic second-order conic program. 

A. Formulation of the proposed model

The proposed model optimizes the operation plans by
balancing costs of dispatching EVAs and penalties for 
deviations of the distribution system’s energy consumptions 
from the plan at the same time of guaranteeing system security. 
Its formulation is given in (1). The first item in the objective 
(1.1) is the cost of purchasing reserve capacities from EVAs. 
The second term is the worst expected sum of compensations to 
EVAs and penalties for energy deviations of the distribution 
system over all considered uncertainty distributions. (1.2) and 
(1.3) are penalties when deviations of the energy consumptions 
of the distribution system from planned values are positive and 
negative, respectively. (1.4) and (1.5) are compensations to 
EVAs when the delayed charging of EVAs is within and 
beyond purchased reserve capacities, respectively. (1.6) and 
(1.7) are compensations to EVAs when the advanced charging 
of EVAs is within and beyond purchased reserve capacities, 
respectively. (1.8) and (1.9) indicate the active and reactive 
power imported from the main grid, respectively. The node 
connecting the main grid is numbered as 0. (1.10) and (1.11) 
ensure active and reactive power balance, respectively. 
Automatic voltage regulators (AVRs) are installed at certain 
nodes to supply reactive power in order to maintain voltage 
profiles. (1.12) describes the relationship between the voltage 
of adjacent nodes. (1.13) prevents voltage profiles from 
exceeding the lower and upper boundary. (1.14) limits the 
output of AVRs. (1.15) ensures the charging power of EVAs to 
be non-negative. (1.16) is the relationship between the active 
and reactive charging power of EVAs. (1.17) describes the 
accumulated interruption to the charging of EVAs. Positive 
values indicate delayed charging and negative values indicate 
advanced charging. (1.18) avoids the dispatchable ranges of 
EVAs from being violated. (1.19) requires that charging 
demands of EVAs are fulfilled at the end of the day to guarantee 
driving activities of EVs in the next day. 

min        ∑ ∑ c , ∙ 𝑟 , c , ∙ 𝑟 ,∈𝒩,…,  

sup
𝝃∈

E ∑ max
,

𝑓 𝑝 , 𝑒,…,   

 ∑ ∑ max
, , ,

𝑔 �̃� ,
,

∈𝒩,…,       (1.1) 

s. t.
𝑓 𝑝 , 𝑒 c , ∙ 𝑝 ∙ ∆t 𝑒   (1.2) 

𝑓 𝑝 , 𝑒 c , ∙ 𝑒 𝑝 ∙ ∆t   (1.3) 

𝑔 �̃� ,
, c , ∙ �̃� ,

,  (1.4) 

𝑔 �̃� ,
, c , ∙ �̃� ,

, 𝑟 , c , ∙ 𝑟 ,

    (1.5) 

𝑔 �̃� ,
, c , ∙ �̃� ,

,        (1.6) 

𝑔 �̃� ,
, c , ∙ �̃� ,

, 𝑟 , c , ∙ 𝑟 ,   
    (1.7) 

𝑝 ∑ 𝑝 , ,∈ℬ   ∀𝝃, ∀𝑡                                                  (1.8) 

𝑞 ∑ 𝑞 , ,∈ℬ   ∀𝝃, ∀𝑡                                                  (1.9) 

  𝑝 , , p , 𝑝 , ∑ 𝑝 , ,∈ℬ    

∀𝝃, ∀𝑖 ∈ 𝒩 0⁄ , ∀𝑡     (1.10) 
  𝑞 , , q , 𝑞 , 𝑞 , ∑ 𝑞 , ,∈ℬ   

∀𝝃, ∀𝑖 ∈ 𝒩 0⁄ , ∀𝑡     (1.11) 
  𝑣 , R , ∙ 𝑝 , , X , ∙ 𝑞 , , v 𝑣 ,  

∀𝝃, ∀𝑖 ∈ 𝒩 0 , ∀𝑡    (1.12) 
0.95 ∙ v 𝑣 , 1.05 ∙ v   ∀𝝃, ∀𝑖 ∈ 𝒩, ∀𝑡          (1.13) 

0 𝑞 , q ,   ∀𝝃, ∀𝑖 ∈ 𝒩 , ∀𝑡  (1.14) 

𝑝 , 0  ∀𝝃, ∀𝑖 ∈ 𝒩 , ∀𝑡      (1.15) 

β ∙ 𝑞 , 1 β ∙ 𝑝 ,    ∀𝝃, ∀𝑖 ∈ 𝒩 , ∀𝑡     (1.16) 

  �̃� ,
, ∑ e ,

, 𝜉 ,,…, ∑ ∆t ∙ 𝑝 ,,…,   

∀𝝃, ∀𝑖 ∈ 𝒩 , ∀𝑡   (1.17) 

e ,
, �̃� ,

, e ,
,   ∀𝝃, ∀𝑖 ∈ 𝒩 , ∀𝑡       (1.18)

  ∑ 𝑝 , ∙ ∆t,…, ∑ e ,
, 𝜉 ,,…,  ∀𝝃, ∀𝑖 ∈ 𝒩  

(1.19) 

B. Linear decision rules approximation and the uncertainty
transferring scheme

In (1), optimal values of variables with tildes are influenced 
by realizations of uncertainties. As uncertainty realizations 
cannot be foreseen, uncertainty-affected variables are decided 
only with information about earlier realized uncertainties but 
not future ones. Because there are many time periods in (1) and 
the relationship between the optimal values of variables and 
realizations of earlier uncertainties can be very complicated 
[22-23], problem (1) is very difficult to solve. Therefore, to 
make problem (1) solvable, proper approximations are 
necessary. In this respect, LDR is widely used to approximate 
multi-period problems with uncertainties [22-25]. With LDR, 
instead of considering the actual relationship between the 
optimal values of variables and realizations of earlier 
uncertainties, affine relationships are assumed to hold in order 
to reduce the complexity, coinciding with the idea of automatic 
generation control [25]. This is equivalent to allocating 
uncertainties to different hours in advance through determining 
the uncertainty coefficients of LDR. Then, the charging power 
of EVAs will be as (2) if each EVA mitigates its own 
uncertainties. It should be noted that uncertainties can only be 
allocated to later hours but not earlier ones as uncertainty 
realizations cannot be foreseen. Besides, uncertainties in an 
hour can be allocated to more than one later hour. 

𝑝 , 𝑝 ,
, ∑ 𝛼 ,

, ∙ 𝜉 ,,…,   ∀𝑖 ∈ 𝒩 , ∀𝑡    (2)
As discussed in Section I, without influencing  total energy 

consumptions of the distribution system, EVAs can transfer 
their uncertainties to each other. Then, the charging power of 
EVAs will be as (3) and interruption to the charging of an EVA 
depends on uncertainties of different EVAs. Because 
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uncertainties of different EVAs may offset each other, 
interruption to the charging of EVAs may be relieved. Apart 
from this, the uncertainty transferring scheme has other 
potential benefits as well. First, uncertainties of EVAs that are 
more expensive to dispatch can be transferred to cheaper EVAs, 
which is equivalent to having uncertainties of expensive EVAs 
mitigated by cheaper EVAs. Then, the distribution system 
needs to pay less to EVAs in total. Furthermore, it is possible 
that when one EVA reaches its dispatchable ranges, the others 
do not. Then, uncertainties of this EVA can be transferred to 
other EVAs to make use of their spare dispatchable capacities 
and thus potential deviations of the distribution system’s energy 
consumptions from the plan may further decrease.  

𝑝 , 𝑝 ,
, ∑ ∑ 𝛼 ,

, ∙ 𝜉 ,,…,∈𝒩

∀𝑖 ∈ 𝒩 , ∀𝑡     (3) 
To further illustrate the idea of allocating uncertainties to 

different hours and different EVAs in advance, the implication 
of (1.19) on the uncertainty coefficients of LDR for the 
charging power of EVAs is discussed here. According to (1.19), 
the total energy that any EVA is charged with at the end of the 
day should be the sum of its uncertainties and planned demands. 
Therefore, for any uncertainty of any EVA, its allocation (LDR) 
coefficients to its EVA at all hours should sum to one, leading 
to (4). Also, (1.19) implies that the energy that any EVA is 
charged with at the end of the day should not be influenced by 
uncertainties of other EVAs. So, for any uncertainty of any 
EVA, its allocation (LDR) coefficients to any other EVA at all 
hours should sum to zero, which results in (5). 

∑ 𝛼 ,
,

,…, 1  ∀𝑖 ∈ 𝒩 , ∀𝑡                        (4)

∑ 𝛼 ,
,

,…, 0  ∀𝑗 ∈ 𝒩 𝑖⁄ , ∀𝑖 ∈ 𝒩 , ∀𝑡       (5) 

Similar to the charging power of EVAs, all other 
uncertainty-affected variables are also assumed to be affine 
functions of earlier uncertainty realizations under LDR. Then, 
different time periods in (1) can be regarded as being squeezed 
together and (1) becomes a mathematically single-period 
problem, which is easier to handle. Decision variables to be 
solved are the constants and uncertainty coefficients of LDR 
and reserve capacities purchased from EVAs. 

C. Deterministic transformation of the proposed model

To solve problem (1), it still needs to be transformed into
deterministic forms. In (1), (1.13)-(1.15) and (1.18) are linear 
inequality constraints involving uncertainties, which can be 
replaced by their deterministic counterparts through robust 
optimization [26-27]. There are linear equality constraints 
involving uncertainties in (1) as well. To ensure these 
constraints to be satisfied with respect to all considered 
uncertainty realizations, the additive coefficient for each 
uncertainty in each constraint needs to be zero, forming 
corresponding constraints on uncertainty coefficients of LDR. 
After removing these uncertainty-related terms, the original 
equality constraints in (1) become deterministic. 

To handle uncertainties in the objective, DRO is adopted. As 
shown in (6), the family of distributions satisfying the statistical 
mean and covariance matrix of uncertainties is considered and 
represented as D. The worst expectation of a specific family of 

piecewise-linear utility functions over all possible distributions 
in D can be transformed into deterministic forms as (7), where 
𝑤 , 𝑤 , 𝑤  and 𝑤  are slack variables [28]. 𝒚  represents the 
transpose of 𝒚. However, there are summations of piecewise-
linear functions within the expectation operator in the objective 
(1.1), impeding the direct application of (7). To overcome this 
difficulty, the objective (1.1) is approximated by (8), where the 
original worst expectation is replaced by its upper bound. The 
conservatism of such approximation is shown to be acceptable 
in [29]. After the manipulations stated earlier and substituting 
worst expectations in the approximated objective (8) by (7), the 
proposed model becomes a deterministic second-order conic 
program and can be solved by off-the-shelf solvers. 

At the same time of depicting uncertainty distributions by the 
statistical expectation and covariance matrix, DRO can also 
bound the range of uncertainty realizations by ellipsoidal sets 
as done in [2]. With such DRO technique, the conservatism 
level of the proposed model can be adjusted by varying the sizes 
of the ellipsoidal sets, but also, semidefinite programs will be 
resulted, which are challenging and time-consuming to solve. 
To avoid heavy computational burden, the DRO technique from 
[28] rather than that from [2] is adopted.

D 𝑓𝝃

Pr 𝝃 ∈ ℝ 𝝃 1       
E 𝝃 𝛍          
E 𝝃 𝛍 ∙ 𝝃 𝛍 𝚺

      (6) 

sup
𝝃∈

E max
,…,

𝑚 𝑦 𝒚 𝝃 𝑛     

inf   𝑤 𝑤     
s. t.  𝑤 𝑚 𝑦 𝒚 𝛍 𝑛 𝑚 𝑤 𝑚 𝑤    ∀𝑘

𝑤 𝑤 𝒚 𝚺𝐲 𝑤 𝑤 𝑤
𝑤 0     (7) 

∑ ∑ c , ∙ 𝑟 , c , ∙ 𝑟 ,∈𝒩,…,

∑ sup
𝝃∈

E max
,

𝑓 𝑝 , 𝑒,…,

∑ ∑ sup
𝝃∈

E max
, , ,

𝑔 �̃� ,
,

∈𝒩,…,     (8) 

IV. SIMULATION OF THE CHARGING DEMANDS OF EVAS

As charging demands of EVAs are greatly influenced by the
travel of EVs, a travel survey in Atlanta [30] with 119480 trip 
records is used to simulate the daily operation of EVs, which is 
then used to simulate charging demands of EVAs. Instead of 
accurate and complex analysis, simple settings are adopted 
because the charging demands simulated here are only used to 
validate the effectiveness of the proposed model. In actual 
operation, real data will be used. 

The simulation here focuses on charging at home by 
assuming that the simulated EVAs are in residential areas. From 
the 119480 trip records of the survey, 26617 home-to-home 
(h2h) trips are sorted out, each of which may be made up of 
itself or several connected non-h2h trips. The 26617 h2h trips 
further constitute 18553 records of daily operation, forming the 
database. Each simulated EV is assigned with a random daily 
operation record from the database. The energy consumption 
rate of EVs is assumed to be 0.22 kWh per mile. Charging 
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demands of EVAs are calculated by assuming that EVs are 
charged at the maximum rate once they arrive home until they 
are fully charged. The charging efficiency is assumed to be 
90%. The maximum charging rate is assumed to be 6 kW. 
Charging demands of EVAs at each hour are measured in kWh. 
As there is a relatively large number of EVs under each EVA, 
different energy consumption rates, charging efficiencies and 
maximum charging rates are not considered. 10000 sets of 
simulated daily charging demand of an EVA with 450 EVs are 
presented in Fig. 1 and used in Section V.A to Section V.C.  

Fig. 1.  10000 sets of simulated daily charging demand of an EVA with 450 
EVs. 

Traffic congestion is further considered in simulation to 
reflect spatial correlations of the charging demands of EVAs. 
Again, as the simulated data is just used for validating the 
proposed model, only the influence of traffic congestion on 
travel speeds of EVs is considered with simple settings. The 
congestion period is assumed to be the 18th to 20th hour in the 
day. As the travel routes of EVs from the same distribution 
system are generally near to each other, a random variable 𝛾  is 
generated to reflect the overall congestion level of this area in 
hour 𝑡 . For every single EV, another random variable 𝜆 ,  is 
generated to reflect the specific influence of traffic congestion 
on its travel speed. A simple assumed relationship between 
congestion levels and travel speeds of EVs is adopted as (9), 
where 𝑠 ,  and �̂� ,  are the original speed and the speed under 
congestion of EV 𝑖 in hour 𝑡, respectively. The smaller 𝛾  and 
𝜆 ,  become, the slower EVs travel. 10000 sets of simulated 
daily charging demand of an EVA with 450 EVs considering 
traffic congestion are presented in Fig. 2 and used in Section 
V.D.

�̂� , 𝛾 ∙ 𝜆 , ∙ 𝑠 ,       (9) 

Fig. 2.  10000 sets of simulated daily charging demand of an EVA with 450 
EVs considering traffic congestion. 

V. CASE STUDIES

Four sets of case studies are presented in this section. 
General performance of the proposed model is shown first. 
Then, the second set discusses the effects of the temporal 
flexibility of EVAs in mitigating forecast uncertainties in 
distribution systems. After that, benefits of the uncertainty 
transferring scheme are illustrated. At last, temporal and spatial 
correlations of the charging demands of EVAs are qualitatively 
shown and the effectiveness of the proposed model in 
considering them is verified. 

The IEEE 33-bus distribution system from [31] is adopted 
for case studies with the following base case settings. Three 
EVAs are assumed to be connected to Bus 16, 22 and 32 with 
450, 450 and 600 EVs, respectively. Dispatchable ranges for 
delayed and advanced charging of the EVA at Bus 16, 22 and 
32 at all hours are set to 450, 450 and 600 kWh, respectively. 
Power factors of all EVAs are set to 0.8. AVRs are assumed to 
be installed at Bus 6, 9, 15, 20, 23, 27 and 31. Each has a 
capacity of 500 kVar. Prices of reserve capacities of all EVAs 
for delayed and advanced charging at all hours are set to 0.2¢ 
per kWh. Regular compensation rates to all EVAs for delayed 
and advanced charging at all hours are set to 1¢ per kWh. 
Punitive compensation rates to all EVAs for delayed and 
advanced charging at all hours are set to 5¢ per kWh. Penalty 
rates for positive and negative deviations of energy 
consumptions of the distribution system from planned values at 
all hours are set to 15¢ per kWh. For all case studies, 10000 sets 
of charging demands are simulated to calculate the statistical 
mean and covariance matrix of uncertainties in charging 
demands of EVAs, based on which the operation plan of the 
distribution system is solved by the proposed model. Then, 
another 10000 sets of data are simulated independently to test 
the performance of the obtained operation plan. 

A. General performance of the proposed model

Case studies here are conducted by varying penalty rates.
Relevant results are recorded in Table I. Costs recorded in all 
subsequent tables are incurred from distribution system 
operation in the considered day. Average costs are computed 
based on actual outcomes under simulated charging demands of 
EVAs. With the increase of penalty rates, using EVAs to 
mitigate uncertainties becomes relatively cheaper and thus 
EVAs are resorted to more extensively. As a result, costs of 
reserve capacities from EVAs and average compensations to 
EVAs increase. Besides, average penalties grow with the rise of 
penalty rates. But the increased percentage of average penalties 
is less than that of penalty rates, which is also because that 
EVAs are used more extensively. To conclude, the proposed 
model can successfully give proper operation plans under a 
wide range of penalty rates. 

TABLE I 
GENERAL PERFORMANCE OF THE PROPOSED MODEL 

Penalty rates (¢/kWh) 5 10 15* 20 
Reserve costs ($/day) 2.64 4.36 4.80 5.16 

Average compensations to EVAs 
($/day) 

3.95 6.55 7.21 7.74 

Average penalties ($/day) 22.03 38.09 55.89 73.60 
Average total costs ($/day) 28.61 49.00 67.91 86.50 

* base case
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B.  Effects of EVAs in mitigating forecast uncertainties in
distribution systems

In this part, case studies are first conducted by using EVAs 
to mitigate uncertainties and not, respectively. The average 
penalty at each hour under both cases are presented in Fig. 3. 
When EVAs are not used, the curve of average penalties reflects 
the level of uncertainties in each hour and basically matches the 
trend of the charging demands of EVAs. When EVAs are used, 
average penalties at some hours are close to zero because 
uncertainties in these hours are mainly mitigated by EVAs. In 
some other hours, delayed or advanced charging of EVAs 
incurred from mitigating uncertainties are recovered, and thus 
the average penalty is high. Therefore, the dashed curve in Fig. 
3 fluctuates more severely than the solid curve. With the 
temporal flexibility of EVAs, uncertainties from different hours 
can be delayed to the same hour and thus may offset each other. 
As a result, the average penalty is lower in most hours when 
EVAs are used to mitigate uncertainties. 

Fig. 3.  Average penalty at each hour when EVAs are used to mitigate 
uncertainties and not 

Case studies are also conducted by increasing cost 
coefficients of EVAs to 2 to 4 times of the original setting and 
relevant results are recorded in Table II. When EVAs are used 
to mitigate uncertainties, there are corresponding reserve costs 
and compensations to EVAs. But at the same time, average 
penalties decrease compared with the case that EVAs are not 
used, resulting in lower average total costs. When cost 
coefficients of EVAs increase, EVAs are used less extensively 
because using them becomes less economical. As a result, 
average penalties and average total costs increase and get closer 
to the values when EVAs are not used. Reserve costs and 
average compensations to EVAs increase first because of 
higher cost coefficients but then decrease as EVAs are rarely 
used. When cost coefficients are high enough, the result will be 
the same as when EVAs are not used to mitigate uncertainties. 

TABLE II 
CASE STUDIES ON DIFFERENT COST COEFFICIENTS OF EVAS 

Using EVAs to mitigate 
uncertainties 

Yes No 

Cost coefficients of EVAs 1* 2 3 4 - 
Reserve costs ($/day) 4.80 7.72 7.91 5.43 0 

Average compensations to 
EVAs ($/day) 

7.21 11.59 11.81 8.10 0 

Average penalties ($/day) 55.89 59.11 66.09 76.10 90.65 
Average total costs ($/day) 67.91 78.42 85.84 89.65 90.65 

* base case

C. Benefits of the uncertainty transferring scheme

Three potential benefits of the uncertainty transferring
scheme are discussed in Section III.B and will be further 
illustrated here. Case studies are conducted with and without 
the uncertainty transferring scheme. As shown in Table III, with 
uncertainty transferring, savings in reserve costs and average 
compensations to EVAs are about 50% because now 
interruption to the charging of an EVA depends on uncertainties 
of several EVAs, which may offset each other. The other two 
benefits of the uncertainty transferring scheme are not 
significant under current parameters. To illustrate them more 
clearly, the above case studies are repeated with specific 
parameters modified. The original setting is represented as 
Setting 1, based on which Setting 2 and Setting 3 are created. 
In Setting 2, cost coefficients of the EVA at Bus 32 are set to 
half of their original values. In Setting 3, dispatchable ranges of 
the EVA at Bus 16 at all hours are set to 0. Setting 3 implies 
that the EVA at Bus 16 is non-dispatchable.  

Results under Setting 2 are summarized in Table IV. Apart 
from relieving interruption to the charging of EVAs, the 
uncertainty transferring scheme can make use of the low cost 
coefficients of the EVA at Bus 32 by transferring uncertainties 
of other EVAs to it. As a result, savings in reserve costs and 
average compensations to EVAs brought by the uncertainty 
transferring scheme are about 76% and are higher than those 
under Setting 1.  

Results under Setting 3 are given in Table V. Without the 
uncertainty transferring scheme, uncertainties of the EVA at 
Bus 16 cannot be mitigated as it is now non-dispatchable. In 
contrast, its uncertainties can be transferred to other EVAs to 
make use of their spare dispatchable capacities under the 
uncertainty transferring scheme and thus can be mitigated. 
Therefore, when the uncertainty transferring scheme is applied, 
reserve costs and average compensations to EVAs are higher 
but average penalties are much lower. The saving in average 
penalties increases from 3.02% under Setting 1 to 26.77% under 
Setting 3. 

TABLE III 
BENEFITS OF UNCERTAINTY TRANSFERRING IN RELIEVING INTERRUPTION TO 

THE CHARGING OF EVAS 

With uncertainty transferring No Yes* 
Savings brought 
by uncertainty 

transferring (%) 
Reserve costs ($/day) 7.20 4.80 49.77 

Average compensations to EVAs 
($/day) 

10.85 7.21 50.47 

Average penalties ($/day) 57.58 55.89 3.02 
Average total costs ($/day) 75.62 67.91 11.36 

* base case
TABLE IV 

BENEFITS OF UNCERTAINTY TRANSFERRING IN MAKING USE OF EVAS WITH 

LOWER COST COEFFICIENTS 

With uncertainty transferring No Yes 
Savings brought 
by uncertainty 

transferring (%) 
Reserve costs ($/day) 6.21 3.51 76.88 

Average compensations to EVAs 
($/day) 

9.34 5.30 76.49 

Average penalties ($/day) 56.43 55.46 1.76 
Average total costs ($/day) 71.98 64.26 12.02 

0

1

2

3

4

5

6

7

8

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

A
ve
ra
ge
 p
e
n
a
lt
y 
($
)

t (h)

Use EVAs

Do not use EVAs



8

TABLE V 
BENEFITS OF UNCERTAINTY TRANSFERRING IN RELIEVING LIMITATION FROM 

THE DISPATCHABLE RANGES OF EVAS 

With uncertainty transferring No Yes 
Savings brought 
by uncertainty 

transferring (%) 
Reserve costs ($/day) 4.02 4.54 -11.5

Average compensations to EVAs 
($/day) 

6.05 6.82 -11.3

Average penalties ($/day) 72.78 57.41 26.77 
Average total costs ($/day) 82.85 68.78 20.46 

D. Temporal and spatial correlations of the charging demands
of EVAs and effectiveness of the proposed model in considering
them

Simulated charging demands of EVAs with traffic 
congestion considered are adopted here. Instead of proving 
correlations between the charging demands of EVAs, 
simulation here is only to illustrate possible correlations. For 
space-saving purposes, temporal and spatial correlations of the 
charging demands of EVAs are illustrated through sub-matrices 
of the complete statistical covariance matrix. The statistical 
covariance matrix of charging demands of the EVA at Bus 16 
from the 18th to 20th hour is represented as 𝚺  and shown in 
(10). Significant positive temporal correlations between 
charging demands in adjacent hours can be observed, which is 
because the charging of EVs may not finish in the hour when 
EVs arrive home and may last to the following hour. The 
statistical covariance matrix of charging demands of all EVAs 
in the 19th hour is represented as 𝚺  and shown in (11). There 
are significant positive spatial correlations between charging 
demands of different EVAs because traffic conditions pose 
similar influences on the travel of EVs from different EVAs and 
thus on charging demands of different EVAs as well.  

𝚺
1031.7 𝟓𝟓𝟓. 𝟑 46.7

𝟓𝟓𝟓. 𝟑 1520.1 𝟓𝟏𝟑. 𝟗

46.7 𝟓𝟏𝟑. 𝟗 1150.3
       (10) 

𝚺
1520.1 𝟓𝟓𝟓. 𝟎 𝟕𝟑𝟓. 𝟕

𝟓𝟓𝟓. 𝟎 1554.6 𝟕𝟐𝟖. 𝟎

𝟕𝟑𝟓. 𝟕 𝟕𝟐𝟖. 𝟎 2313.4
       (11) 

Because temporal and spatial correlations of the charging 
demands of EVAs can be significant, it is crucial to consider 
them when making operation plans. Otherwise, sub-optimal 
solutions may be obtained. Case studies are conducted here to 
show the necessity of considering the correlations of charging 
demands of EVAs and the effectiveness of the proposed model 
in this aspect. A modified covariance matrix is generated by 
setting all covariance terms in the original statistical covariance 
matrix to zero. The proposed model is solved to obtain 
operation plans with the original and the modified covariance 
matrix, respectively. The average performance of obtained 
operation plans is recorded in Table VI. Under positive 
correlations, it is easier for interruption to the charging of EVAs 
to be greater than purchased reserve capacities given a fixed 
amount of purchased reserve capacities as the possibility that 
uncertainties offset each other decreases. Therefore, reserve 
capacities should be properly purchased from EVAs to avoid 
excessive compensations to them, in which regard the proposed 
model is effective. Overall, the average total cost is lower when 
uncertainty correlations are properly considered by the 

proposed model. 
TABLE VI 

CASE STUDIES WITH UNCERTAINTY CORRELATIONS CONSIDERED AND NOT 
Considering uncertainty correlations Yes No 

Reserve costs ($/day) 5.76 5.52 

Average compensations to EVAs ($/day) 8.48 14.17 

Average penalties ($/day) 58.66 60.38 

Average total costs ($/day) 72.90 80.07 

VI. FURTHER DISCUSSIONS

By setting the dispatchable ranges of EVAs to zero as shown 
in Section V.C, the proposed model can consider EVAs that 
choose to not follow the dispatch of the distribution system or 
have no flexibility. Other loads with uncertainties can also be 
considered by the proposed model as they are the same as non-
dispatchable EVAs from the perspective of the distribution 
system. Besides, the proposed model can incorporate renewable 
energy sources as well. Uncertainties of these system 
components can be mitigated by dispatchable EVAs through 
the proposed uncertainty transferring scheme. The 
methodology adopted to solve the proposed model remains 
valid with respect to such modifications. 

Although the discharging mode of EVAs is not considered in 
the current work, the proposed model can be extended to 
incorporate it. Then, EVAs may be able to provide greater 
flexibility as their dispatchable ranges may become larger. 
Power losses incurred by the discharging of EVAs can be 
evaluated through average discharging efficiencies of EVAs. 
When EVAs discharge, the influence of their uncertainties on 
energy consumptions of distribution systems are alleviated 
because of power losses caused by discharging, which will 
affect the distribution system’s scheduling for the uncertainties 
of EVAs. Besides, binary variables need to be added for EVAs 
to avoid their simultaneous charging and discharging. 

Linearized power flow equations for distribution networks 
from [14] are adopted in this paper, which neglects non-linear 
terms of power losses. As power losses are much smaller than 
power flows in distribution networks [14], neglecting them has 
tiny influences on the result but can greatly reduce the 
computational complexity. To further improve the accuracy of 
the proposed model, the linearized equations from [12] can be 
employed, which approximates the non-linear terms of power 
losses by piecewise-linear functions. 

VII. CONCLUSIONS

In this paper, a comprehensive model is established to 
mitigate forecast uncertainties in distribution systems by using 
EVAs. With their temporal flexibility, uncertainties from 
different hours can be delayed to the same hour and thus may 
offset each other. The established model solves the operation 
plans by balancing costs of dispatching EVAs and penalties for 
deviations of distribution systems’ energy consumptions from 
planned values. Therefore, as dispatching EVAs becomes 
cheaper, they will be used more extensively. Various benefits 
of the proposed uncertainty transferring scheme for the 
established model are verified through case studies. 
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Furthermore, the adopted distributionally robust optimization 
technique is shown to be effective in avoiding unnecessary 
costs by taking temporal and spatial correlations of the charging 
demands of EVAs into consideration. 
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