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Stochastic and Distributed Optimal Energy
Management of Active Distribution Networks

Within Integrated Office Buildings
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Qifang Chen, Member, IEEE, and Koji Yamashita, Member, IEEE

Abstract—This paper proposes a stochastic and distributed
optimal energy management approach for active distribution
networks (ADNs) within office buildings. The proposed approach
aims at scheduling office buildings fitted with heating ventilation
and air conditioning (HVAC) systems, and electric vehicle (EV)
charging piles, to participate in the ADN optimization. First,
an energy management approach for the ADN with aggregated
office buildings is proposed. And the ADN optimization model is
formulated considering the detailed building thermal dynamics
and the mobile behaviors of workers. Then, to consider un-
certainties of photovoltaic (PV) power, scenario-based stochastic
programming is integrated into the ADN optimization model. To
further realize the stochastic energy management of the ADN
within office buildings in a distributed manner, the alternating
direction method of multipliers (ADMM) is used to solve the ADN
optimization model. The original ADN optimization problem is
divided into the network-side and the building-side sub-problems
to effectively protect the privacy of the ADN and the office
buildings. Finally, the ADN optimization model incorporating
office buildings is validated in the winter by numerical studies. In
addition, the impacts of comfort temperature range and expected
state of charge (SOC) at departure are analyzed.

Index Terms—ADN, EV, HVAC system, Office building,
Stochastic and distributed energy management.

NOMENCLATURE

A. Sets

h EV index.
k Working zone index.
n Node index.
t Time slot index.
w Scenario index.
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B. Parameters

Awall,ij Wall area (m2).
Awin,ij Window area (m2).
cp Specific heat capacity of air [J/(kg·◦C)].
Ccop Coefficient of performance.
Cwall,ij Wall heat capacity (J/K).
Croom,k Room heat capacity (J/K).
dh Daily driving distance of the EV (km).
EB EV battery capacity (kW·h).
Imn,max Maximum current (p.u.).
l Child node of nth node.
mroom,k,t Mass air flow (kg/s).
Nn Number of nodes connected to office build-

ings.
Nw Number of scenarios.
Nh Number of EVs.
Nt Number of scheduling periods.
Nk Number of working zones.
pw Probability of scenario w.
Pstatic Static pressure diffierence (Pa).
P c

max, P c
min Maximum and minimum values for charging

power (kW).
P d

max, P d
min Maximum and minimum values for discharg-

ing power (kW).
Ppv,w,n,t Distributed PV power of node n (kW).
Pel,t Power consumption of other electric equip-

ment (kW).
Pload,n,t Active power of node n (kW).
Pmn,w,t Active power of the node m side (kW).
Qload,n,t Reactive power of node n (kvar).
Qmn,w,t Reactive power of node m side (kvar).
Qint,k,t Internal heat gain (W).
Qrad,k,t Radiant heat flow density on the window

(W/m2).
Qrad,ij,t Radiant heat flow density on the wall

(W/m2).
qij Sunlit wall identifier.
rmn Resistance (Ω).
Rwall,ij Wall thermal resistance (K/W).
Rwin,ij Window thermal resistance (K/W).
SOCmin Upper limits of the SOC.
SOCmax Lower limits of the SOC.
SOCh,home Expected SOC for EVs when leaving home.
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SOCh,dep Expected SOC for EVs at the departure.
∆t Scheduling interval.
Troom,max Upper limits of indoor setpoint temperature

(◦C).
Troom,min Lower limits of indoor setpoint temperature

(◦C).
Tsupply,max Maximum airflow temperature (◦C).
Tsupply,min Minimum airflow temperature (◦C).
δTsupply,max Maximum change rate for airflow tempera-

ture (◦C/h).
δTsupply,min Lower limits of change rate for airflow tem-

perature (◦C/h).
th,arr, th,dep Scheduled start/end time.
v Wind speed (m/s).
Vm,max Maximum voltage of the node (p.u.).
Vm,min Minimum voltage of the node (p.u.).
υij Absorption coefficient of the wall.
W Energy consumption per kilometer (kWh·

km−1).
wij Window transmittance coefficient.
xmn Reactance (Ω).
ηfan Fan coefficient of airflow device.
ηmotor Motor coefficient of airflow device.
ηc, ηd Charging/Discharging efficiency of the EV.
ρ Penalty parameters.
τ Self-loss coefficient.
µm, σm Position/Scale parameters.
εpri, εdual Terminating thresholds.
πij Sunlit window identifier.

C. Variables

imn,w,t Square of line current amplitude (p.u.).
Pbld,n,t Power consumption of office buildings of node

n at period t (kW).
Pthermal,t Heating power (kW).
Pfan,t Fan power (kW).
PHVAC,t Power consumption of HVAC system (kW).
PEV,t EV power consumption (kW).
Pw,n,t Injected active power of node n (kW).
Pex,w,n,t Power exchange with external grid of node n

(kW).
Ploss,t Losses of distribution network (kW).
P c
h,t EV charging power (kW).
P d
h,t EV discharging power (kW).
pw,n,t Dummy variable of Pw,n,t (kW).
Qw,n,t Injected reactive power of node n (kvar).
Qex,w,n,t Reactive power exchange with external grid of

node n (kvar).
qw,n,t Dummy variable of Qw,n,t (kvar).
rkw Primal residuals at scenario w.
skw Dual residuals at scenario w.
SOCh,arr SOC when arriving working zone.
SOCh,t SOC of the EV.
Tj,t temperature of jth node (◦C).
Troom,k,t Indoor temperature (◦C).
Tsupply,k,t Airflow temperature (◦C).
Twall,ij,t Wall temperature (◦C).
vm,w,t Square of node voltage amplitude (p.u.).

xnet,w,n,t Local variables of network-side in node n.
xbld,w,n,t Local variables of building-side in node n.
znet,w,n,t Global variables of network-side in node n.
zbld,w,n,t Global variables of building-side in node n.
αc
h,t, α

d
h,t Boolean variables about the EV.

I. INTRODUCTION

W ITH the rapid development of global urbanization,
the proportion of building energy consumption within

total energy consumption has steadily increased [1]. Therefore,
energy management methods, aiming at energy consumption
decreases and energy efficiency increases in buildings, have
gained the attention of power engineers. The active distribution
network (ADN) can integrate a large number of buildings
and enable them to take part in the optimal dispatch of
the ADN. In this context, the ADN can provide efficient
energy management solutions for buildings. However, the
large-scale access of buildings also brings a challenge for
the optimal ADN operation [2]. Therefore, the optimal energy
management methods for the ADN within integrated buildings
are of great significance.

Based on the building thermal dynamics, and the vehicle-to-
grid and vehicle-to-building technologies, significant progress
has been made in flexible energy management of buildings
fitted with heating ventilation and air conditioning (HVAC)
systems and electric vehicle (EV) charging piles. A linearized
and economic model predictive controller according to the
feedback linearization technique was provided to minimize
the HVAC energy consumption in buildings [3]. A real-time
algorithm according to the Lyapunov optimization framework
was proposed [4]. The total cost of HVAC systems could
be reduced, dynamically adjusting the average fluctuation
value of interior temperatures. An energy management method
for buildings incorporating HAVC systems was proposed to
improve the load factor of aggregated buildings by pre-heating
during the off-peak energy consumption periods [5]. To reduce
the annual electricity bill, a co-optimization method for the
HVAC system and the battery energy storage system was
proposed without causing thermal discomfort to the resi-
dents [6]. In [3]–[6], based on building thermal dynamics,
the energy consumption of HVAC systems was reduced by
flexibly adjusting the indoor temperature. In addition, the
EV charging piles distributed in buildings and their charging
load were studied [7], [8]. A hierarchic energy management
approach to office buildings was proposed using vehicle-
to-grid and vehicle-to-building technologies [7]. The power
exchange at the point of the common coupling was smoothed
by combined scheduling HVAC systems and EVs. A four-stage
intelligent smart optimal control algorithm for the bidirectional
EV charging station integrated with a commercial building
was proposed [8]. The algorithm reduced operational costs
and provided a higher tolerance for uncertainties.

In the above research, the buildings equipped with HVAC
systems and EV charging piles have great demand response
potential as flexible resources, positively impacting the ADN.
However, the interaction between buildings and ADN was not
thoroughly studied in [3]–[8]. Moreover, the ADN’s operations



506 CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 10, NO. 2, MARCH 2024

were ignored or only treated as constraints, rather than opti-
mized as objectives in the studies mentioned above, e.g., the
maximum network loss and maximum voltage deviations were
limited to a particular range. Consequently, the optimal ADN’s
operation cannot be ensured. To further investigate the impact
of building demand response potential on the ADN, in-depth
explorations were conducted in [9]–[13]. A hierarchic schedul-
ing strategy for ADN was developed, considering building
thermal dynamics [9]. First, the building power consump-
tion decreases. Then, the action number of the on-load tap
changer can be reduced. A novel building-to-grid framework
was proposed to achieved the load penetration increment,
improving the load factor in the distribution system [10].
An energy management method for the ADN integrated with
wind power and HVAC systems was developed within the
customers’ comfort temperature ranges [11]. The integrated
ADN model with non-convex constraints was reformulated as
a convex model to guarantee the feasibility of the solution.
A Stackelberg game approach aimed at solving the mismatch
between the renewable power generation and demand was pro-
posed utilizing scenario-based stochastic programming [12].
A stochastic energy management strategy for a load-serving
entity with HVAC systems and energy storage was proposed
based on bi-level and stochastic programming [13].

Although the above studies have made outstanding contribu-
tions, centralized optimization requires collecting the private
data of all entities, and it is challenging to protect each
entity’s privacy. Therefore, a distributed optimization strategy
is needed to deal with the ADN optimal scheduling problem.
The ADN optimal power flow model was established to reduce
the photovoltaic (PV) power curtailment of customers and
the loss in the distribution network [14]. The alternating
direction method of multipliers (ADMMs) was also utilized
to realize the distributed optimization of different interests
between customers and the distribution network. A distributed
economic dispatch model of the ADN with integrated dis-
tributed generations was established to reduce the losses by
utilizing the second-order cone relaxation, based on the frame-
work of multi-district coordination optimization [15]. A self-
governing optimization model for the ADN integrated with
multi-microgrids based on the analytical objective cascade
theory was proposed to improve their operation and economic
benefits [16]. The distributed energy management method
of the ADN was studied in [14]–[16]. However, as a large
and common collection of flexible resources, the flexibility
of buildings was not integrated into the ADN. Furthermore,
the impact of the distributed renewable resource’s uncertainty
on the ADN’s optimal scheduling should also be considered.
An adaptive stochastic approach was proposed to obtain the
optimal multi-energy microgrid’s operation decisions, utilizing
distinct energy properties [17]. The proposed approach can
ensure system security with minimal operating costs and risks.
A flexible management method was proposed based on the
information-gap decision-making theory for an ADN with
integrated distributed energy resources, considering the reserve
uncertainty [18]. A stochastic optimal operation problem of
the ADN according to active management strategies was
presented, considering the uncertainties associated with dis-

tributed generation output and load fluctuation [19]. In [17]–
[19], the uncertainties of renewable energy were fully consid-
ered, and the demand response potential of multiple distributed
resources in the ADN was further explored. However, as
mentioned above, the flexibility of buildings was not integrated
into the ADN as a large and common collection of flexible
resources. To further investigate the interaction of buildings
and the ADN under uncertainties, a risk-averse approach to
heterogenous energy storage arrangement in residential multi-
energy microgrids was proposed to increase the multi-energy
systems’ holistic energy utilization efficiency [20]. Ref. [20]
capitalized on the building demand response potential in
the ADN under uncertainties. However, each entity’s privacy
cannot be protected because a centralized energy management
method rather than a distributed method was used. Table I cu-
rates the differences of studies between the existing literature
and this paper.

TABLE I
OVERVIEW OF TECHNICAL STATUS

References
Building
Thermal
Dynamics

Vehicle-to-
Building

Interaction
between
buildings
and ADN

Uncertainty
considered

Privacy
protected

[3]
√

[4]
√ √

[5]
√

[6]
[7]

√ √

[8]
√ √

[9]
√ √

[10]
√ √

[11]
√ √

[12]
√ √

[13]
√ √

[14]
√ √ √

[15]
√ √

[16]
√ √

[17]
√ √

[18]
√ √

[19]
√ √

[20]
√ √ √

This paper
√ √ √ √ √

In view of the above, an ADMM-based distributed optimal
energy management approach for the ADN with aggregated
office buildings considering PV power uncertainties, is pro-
posed. The main contributions are as follows:

1) An energy management framework for the ADN with
aggregated office buildings equipped with HVAC systems
and EV charging piles is proposed. The interaction between
buildings and the ADN, detailed building thermal dynamics,
and the mobile behaviors of workers are considered in this
framework. The proposed energy management approach can
provide benefits to both the ADN and office buildings.

2) The aggregated office buildings equipped with HVAC
systems and EV charging piles are leveraged as flexible
resources for optimal energy management of the ADN. The
proposed energy management approach can sufficiently capi-
talize on the demand response capacity of office buildings, and
further realize the flexible operation of ADNs while ensuring
the comfort temperature and travel demands of workers.

3) To further protect the privacy of the ADN and the office
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buildings in the ADN energy management, the ADMM is
exploited to solve the ADN optimization model in a distributed
manner. The original ADN optimization problem is divided
into the network-side and building-side sub-problems, which
can not only respect all the operational constraints of the ADN
and office buildings, but also enable intelligent dispatch of
HVAC systems and EVs.

The remainder of this paper is organized as follows: Sec-
tion II presents the framework and mathematical model for
the ADN with aggregated office buildings. In Section III,
a scenario-based stochastic energy management system is
formulated. Section IV further elaborates on an ADMM-based
distributed optimization solution for the stochastic energy
management model. In Section V, case studies are showcased
to corroborate the proposed approach. Section VI concludes
this paper.

II. SYSTEM MODELS

A. Energy Management Framework

This section presents a framework for ADN energy man-
agement system considering buildings, as shown in Fig. 1.
This framework considers incentive-based demand response,
and the distribution system pays the response subsidy to the
staff in one payment [21].

Buildings link flexible resources to the ADN to meet the
customer’s electricity demand, and to interact with the ADN.
By responding to the excitation signals of the distribution
system operator (DSO) and uploading the feedback signals, the
building energy management systems (BEMSs) distribute the
dispatching signals to the flexible resources (i.e., HVACs and
EVs) in buildings. Then, the flexible resources are dispatched
by BEMS to locally accommodate the PV power. On the other
hand, the DSO sends the excitation signal to the buildings
and receives the feedback signal uploaded by BEMSs under
the condition of the system’s secure operation. The purpose is
to decrease network losses and improve the ADN’s economic
operations.

It can be seen that BEMSs and DSO are different entities
with different dispatch objectives. The electric power over tie-
lines couple the BEMSs and DSO, enabling the interaction
between BEMSs and the DSO in energy management. Based

on the above framework, the global energy coordination man-
agement of the ADN with buildings can be realized. Detailed
dynamic scheduling models of the building and network sides
are given below.

B. Building-side Model

1) Thermal Dynamic Model of Working Zones in Office Build-
ings

A thermal dynamic model of working zones in office build-
ings is developed to capitalize on the HVAC system’s flexible
power according to the resister-capacity network model.

The resister-capacity network model of a working zone has
five nodes, four wall nodes and one room node. There is one
window in the working zone. The model transfers heat through
the thermal resistance and stores heat through the thermal
capacity. The heating requirements of the staff in the work
zone are provided by HVAC systems of the office buildings.
The parameters are the same for all work zones in the office
building. Therefore, the total heating loads of the aggregated
building can be obtained by summing up the heating loads of
each working zone. According to our previous study [9], the
mathematical model of the work zone with the HVAC system
is described as follows:

Cwall,ij(Twall,ij,t+1 − Twall,ij,t)

= ∆t

( ∑
j∈Nwall

Tj,t − Twall,ij,t

Rwall,ij
+ qijυijAwall,ijQrad,ij,t

)
(1)

Croom,k(Troom,k,t+1 − Troom,k,t)

= ∆t

[ ∑
j∈Nroom

Twall,ij,t − Troom,k,t

R wall,ij
+Qint,k,t

+ πij
∑

j∈Nroom

Tj,t − Troom,k,t

Rwin,ij
+ πijwijAwin,ijQrad,k,t

+mroom,k,tcp(Tsupply,k,t − Troom,k,t)

]
(2)

Using the example of a single working zone in the diagram
above, (1) and (2) can be translated into the following form:

Cwall,12(Twall,12,t+1 − Twall,12,t)

Distribution System

Operator

Building Energy

Management System A

Building Energy

Management System B

Building Energy

Management System Z

EVs, HVACs,

PV generations,

General electrical loads

EVs, HVACs,

PV generations,

General electrical loads

EVs, HVACs,

PV generations,

General electrical loads

Network-side

Building-side

Fig. 1. Diagrammatic sketch of the ADN considering buildings.
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= ∆t

(
Troom,1,t − Twall,12,t

Rwall,12
+
T2,t − Twall,12,t

Rwall,12

+ q12v12Awall,12Qrad,12,t

)
(3)

Cwall,13(Twall,13,t+1 − Twall,13,t)

= ∆t

(
Troom,1,t − Twall,13,t

Rwall,13
+
T3,t − Twall,13,t

Rwall,13

+ q13v13Awall,13Qrad,13,t

)
(4)

Cwall,14(Twall,14,t+1 − Twall,14,t)

= ∆t

(
Troom,1,t − Twall,14,t

Rwall,14
+
T4,t − Twall,14,t

Rwall,14

+ q14v14Awall,14Qrad,14,t

)
(5)

Cwall,15(Twall,15,t+1 − Twall,15,t)

= ∆t

(
Troom,1,t − Twall,15,t

Rwall,15
+
T5,t − Twall,15,t

Rwall,15

+ q15v15Awall,15Qrad,15,t

)
(6)

Croom,1(Troom,1,t+1 − Troom,1,t)

= ∆t

[
4∑

j=1

Twall,1j,t − Troom,1,t

Rwall,1j
+
T5,t − Troom,1,t

Rwin,15

+ w15Awin,15Qrad,1,t +Qint,1,t

+mroom,1,tcp(Tsupply,1,t − Troom,1,t)

]
(7)

According to the thermal dynamic model of a single work-
ing zone shown above, the HVAC system’s heating power in
the working zone can be determined.
2) EV Model

In the bi-directional vehicle-to-grid context, the ADN can
enable the bi-directional energy transmission between EVs
and the grid. EVs can be used as temporary and mobile
fast-acting generators/loads. Proper management makes this
bidirectional exchange suitable for the peaker replacement or
ancillary services in the grid [22]. In this paper, the parking lot
of office buildings is fitted with charging piles to satisfy the
travel demand of EV commuters. The EV charging/discharging
model is established to capitalize on the flexible charging/
discharging capability of EV batteries used in the parking lot.
The linearized EV model can be expressed as follows [23]:

SOCh,t − (1− κ)SOCh,t−1 =

(
ηc · P c

h,t −
P d
h,t

ηd

)
∆t

EB
(8)

0 ≤ P c
h,t ≤ P c

max · αc
h,t (9)

0 ≤ P d
h,t ≤ P d

max · αd
h,t (10)

αc
h,t + αd

h,t ≤ 1 (11)

Each EV should reach the required state of charge (SOC)
value when it departs. On arrival at the parking lot of the office
building, the EV is charged/discharged for proper manage-
ment. According to the U.S. Department of Transportation’s
travel survey, the daily total distance distribution of EVs is

expressed as follows [24]:

f(dh) =
1√

2πσmdh
exp

(
− (ln dh − µm)2

2σ2
m

)
µm = 2.98,

σm = 1.14 (12)

According to the information provided by EV battery prop-
erties and mobile behaviors, the total daily driving distance of
each EV is generated by the Monte-Carlo simulation method.
Suppose that the driving distance of each EV from home to
the office building is half of the driving distance for the whole
day [25]. When each worker arrives at the office building, the
SOC value of each EV can be obtained from the following
equation:

SOCh,arr = SOCh,home − (0.5dh ·W )/EB (13)

3) Office Buildings Model
The office building’s energy consumption is determined by

the external power network and distributed PVs under multiple
stochastic scenarios, as follows:

Pbld,n.t = Pex,w,n,t + Ppv,w,n,t, n ∈ Nk (14)

When the staff reaches the building (or departs from the
building), the HVAC system is switched on (or off), and
the EV is parked at the parking lot for charging/discharging
management. Therefore, the total building’s power consump-
tion consists of electric energy to meet the daily heating and
travel demands for workers, as well as the general electrical
loads (such as lightings and electrical appliances). The energy
consumption at the office buildings is described as follows:

Pbld,n,t = PHVAC,t + PEV,t + Pel,t (15)

For the non-working time, the EV does not participate in
the energy scheduling of the office building, and the HVAC
system is the same, illustrated as follows;

PEV,h,t = 0, t /∈ [th,arr, th,dep] (16)
PHVAC,k,t = 0, t /∈ [th,arr, th,dep] (17)

C. Network-side Model

The network-side model is constructed according to the
branch flow model (BFM) [26], and the mathematical model
under multiple stochastic scenarios is demonstrated as follows:

vm,w,t − vn,w,t = 2(rmnPmn,w,t + xmnQmn,w,t)

− (r2
mn + x2

mn)imn,w,t (18)

Pw,n,t =
∑
l:n→l

Pnl,w,t − (Pmn,w,t − imn,w,trmn) (19)

Qw,n,t =
∑
l:n→l

Qnl,w,t − (Qmn,w,t − imn,w,txmn) (20)

imn,w,tvm,w,t = P 2
mn,w,t +Q2

mn,w,t (21)

Since (21) contains non-convex and nonlinear terms, it is
converted through second-order cone relaxation (SOCR) into
the following form:

‖[2Pmn,w,t 2Qmn,w,t imn,w,t − vm,w,t]
T‖2

≤ imn,w,t + vm,w,t (22)
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Reference [27] has demonstrated that the BFM after SOCR
can meet all the constraints of the original problem and ensure
the correctness of the result.

III. STOCHASTIC ENERGY MANAGEMENT METHOD

Since uncertainties of the PV power will impact the ADN,
the Monte-Carlo simulation is leveraged to produce an appro-
priate number of scenarios that can simulate these uncertainties
of the PVs. It is necessary to utilize scenario reduction to re-
duce the computational burden for the numerous scenarios. In
this paper, the SCENRED toolbox in the GAMS is employed
for scenario reduction. Before reduction, the probabilities of
all scenarios are considered to be equivalent, and the sum is
equivalent to 1. Note that, a day-ahead single-stage stochastic
optimization approach is used in this study [28]. The two-stage
stochastic optimization method will be studied in the future.
According to the above mathematical model, the stochastic
energy management approach for the ADN considering office
buildings is formulated.

A. Objective function

The objective function is provided as shown in (23).

min

Nw∑
w

pw

Nt∑
t

(
Nn∑
n

|Pbld,n,t − Ppv,w,n,t|+ Ploss,w,t

)
(23)

The former is the tracking item of the difference between
the office building energy consumption and the PV power.
The second term is the power loss in the ADN. The energy
consumption at the office building is shown in (15); where the
HVAC system’s energy consumption is as follows:

PHVAC,t =
∑
k∈Nk

(Pthermal,k,t + Pfan,k,t) (24)

The heating and fan power consumptions of the HVAC
system is calculated as follows:

Pthermal,k,t = [mroom,k,t · cp(Tsupply,k,t − Troom,k,t)]/Ccop

(25)

Pfan,k,t =

[
mroom,k,t

(
Pstatic + ρ

v2

2

)]
/(ηfan · ηmotor)

(26)

The power of the EV charging/discharging is expressed as
follows:

PEV,t =
∑
h∈Nh

(P c
h,t − P d

h,t) (27)

where Nh is the dispatchable EV number.
The ADN’s power loss is defined as follows:

Ploss,w,t =
∑

mn∈E
imn,w,trmn (28)

B. Constraints

1) Office Building Constraints
Building-side constraints include the thermal balance con-

straints, the office worker demand constraints, and the HVAC
system and EV battery operational constraints.

Thermal balance constraints of the office buildings have
already been presented in (1) and (2).

Constraints of the comfortable temperature demand and
travel demand for workers are expressed as follows:

Troom,min ≤ Troom,k,t ≤ Troom,max (29)
SOCh,t ≥ SOCh,dep, t = th,dep (30)

Operational constraints of HVAC systems are expressed as
follows:

Tsupply,min ≤ Tsupply,k,t ≤ Tsupply,max (31)
δTsupply,min ≤ Tsupply,k,t+1 − Tsupply,k,t ≤ δTsupply,max

(32)

Charging/discharging limits and SOC limits of EV batteries
are expressed as follows:

SOCmin ≤ SOCh,t ≤ SOCmax (33)

2) Network Distribution Constraints
Network-side constraints consist of power flow and secure

operational constraints.
The ADN’s power flow constraints are shown in (18)–(20),

and (22).
The ADN’s secure operational constraints are expressed as

follows:

(Vm,min)2 ≤ vm,w,t ≤ (Vm,max)2 (34)

0 ≤ imn,w,t ≤ (Imn,max)2 (35)

In summary, the stochastic energy management approach to
the ADN with office buildings is depicted as follows:

min

Nw∑
w

pw

Nt∑
t

(
Nn∑
n

|Pbld,n,t − Ppv,w,n,t|+ Ploss,w,t

)
s.t. (1), (2), (8)–(20), (22), (29)–(35) (36)

Based on the integrated modeling of the building and ADN,
the ADN optimization problem with integrated aggregated
office buildings can be developed as a mixed-integer second-
order cone programming (MISOCP) problem.

IV. THE ADMM-BASED DISTRIBUTED SOLUTION

Since the ADN system with buildings generally has multiple
entities, the privacy of all entities and the different interests
of the building and network sides cannot be fully guaranteed
in the centralized optimization. To this end, the ADN opti-
mization problem with office buildings is decomposed into
sub-problems on the network-side and building-side, according
to the ADMM [29]. The ADMM-based distributed energy
management approach to the ADN with integrated office
buildings in light of PV power uncertainties is then presented
in this section.

The injection power to the node n connected to the building
is taken as the coupling variable to establish the coupling
constraint to achieve the distributed optimization. Use scenario
w, as an example, relative to the node injection power Pw,n,t,
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Qw,n,t to the network, a set of dummy variables pw,n,t, qw,n,t,
indicating the nodal injection power to the building is added
at node n connected to the buildings.

The nodal injection power to the network is shown in (19)
and (20). The dummy variables for the nodal injection power
to the building are shown as follows:

pw,n,t = Pex,w,n,t − Pload,n,t (37)

qw,n,t = Qex,w,n,t −Qload,n,t (38)

Coupling constraints between the network and building are
given as follows:

Pw,n,t = pw,n,t, Qw,n,t = qw,n,t, n ∈ Nk (39)

The ADN model with office buildings can be decoupled
with the decomposition mechanism illustrated in Fig. 2. The
centralized optimal model of the ADN is transformed into a
decentralized optimization model that consists of the network
and the building sides. The injection power, Pw,n,t and Qw,n,t,
to node n connecting the buildings are solved using the
network-side model, while the corresponding dummy injection
power, pw,n,t and qw,n,t, are solved using the building-side
model. After solving both optimization models, the boundary
information Pw,n,t, Qw,n,t, pw,n,t, and qw,n,t, is transferred
to each other as parameters to enter the next optimization.

ADN
Flexible 

Resources

ADN Pw,n,t+jQw,n,t pw,n,t+jqw,n,t
Flexible 
Resources

Noden
Network-side Building-side

Fig. 2. Decoupling mechanism of the network-side and building-side.

From the above, in the ADMM-based distributed energy
management approach to the ADN with office buildings in
consideration of PV power uncertainties, local and global vari-
ables for the network and building are expressed respectively,
as follows:

xnet,w,n,t = {Pw,n,t, Qw,n,t}, xbld,w,n,t = {pw,n,t, qw,n,t}

(40)
znet,w,n,t = zbld,w,n,t

=

{
(Pw,n,t + pw,n,t)

2
,

(Qw,n,t + qw,n,t)

2

}
(41)

It is obvious that (36) is able to be decomposed into opti-
mization sub-problems solved separately at the building and
network sides. ADMM is used to solve (36) in a distributed
manner. The coordination between the injection power to the
network and building is reflected, adding the Lagrange penalty
function into the objective function.
1) Building-side Sub-problem

The building-side sub-optimization model is able to be

transformed into a mixed-integer linear programming (MILP)
problem that can be efficiently solved, as follows:

min

Nw∑
w

pw

Nt∑
t=1

[ ∑
n∈Nk

|Pbld,n,t − Ppv,w,n,t|

+
∑
n∈Nk

(λbld,w,n,t)
T(xbld,w,n,t − z̃bld,w,n,t)

+
∑
n∈Nk

(ρ/2)‖xbld,w,n,t − z̃bld,w,n,t‖22
]

s.t. (1), (2), (8)–(17), (29)–(33), (37), (38) (42)

2) Network-side Sub-problem
The network-side sub-optimization model is able to be

transformed into a second-order cone programming (SOCP)
problem that can also be efficiently solved, as follows:

min

Nw∑
w

pw

Nt∑
t=1

[
Ploss,w,t +

∑
n∈Nk

(λnet,w,n,t)
T

· (xnet,w,n,t − z̃net,w,n,t)

+
∑
n∈Nk

(ρ/2)‖xnet,w,n,t − z̃net,w,n,t‖22
]

s.t. (18)–(20), (22), (34), (35) (43)

The aforementioned two sub-optimization models are solved
separately, and the boundary information of each side is
exchanged.
3) Update of Local/Global Variables and Lagrangian Multi-
pliers

Constraints (44)–(48) are the alternate iteration process of
ADMM variables on building and network sides. The local
variables are updated as follows:

xk+1
bld,w,n,t

= arg minx

{ Nw∑
w

pw

Nt∑
t=1

[ ∑
n∈Nk

|Pbld,n,t − Ppv,w,n,t|

+
∑
n∈Nk

(λbld,w,n,t)
T(xbld,w,n,t − z̃bld,w,n,t)

+
∑
n∈Nk

(ρ/2)‖xbld,w,n,t − z̃bld,w,n,t‖22
]}

(44)

xk+1
net,w,n,t = arg minx

{ Nw∑
w

pw

Nt∑
t=1

[
Ploss,w,t

+
∑
n∈Nk

(λnet,w,n,t)
T(xnet,w,n,t − z̃net,w,n,t)

+
∑
n∈Nk

(ρ/2)‖xnet,w,n,t − z̃net,w,n,t‖22
]}

(45)

where k is the iteration number.
The global variables are updated as follows:

zk+1
bld,w,n,t = zk+1

net,w,n,t =
xk+1

bld,w,n,t + xk+1
net,w,n,t

2
(46)

The Lagrangian multipliers are updated as follows:

λk+1
bld,w,n,t = λkbld,w,n,t + ρ(xk+1

bld,w,n,t − z
k+1
bld,w,n,t) (47)

λk+1
net,w,n,t = λknet,w,n,t + ρ(xk+1

net,w,n,t − zk+1
net,w,n,t) (48)



LI et al.: STOCHASTIC AND DISTRIBUTED OPTIMAL ENERGY MANAGEMENT OF ACTIVE DISTRIBUTION NETWORKS WITHIN INTEGRATED OFFICE BUILDINGS 511

4) Convergence Criteria
Constraints (49) and (50) are the termination condition of

iterations:

‖rk+1‖22 = max(‖xk+1
bld,1,n,t − z

k+1
net,1,n,t‖22, ‖x

k+1
bld,2,n,t

− zk+1
net,2,n,t‖22, · · · , ‖x

k+1
bld,w,n,t − z

k+1
net,w,n,t‖22)

≤ εpri (49)

‖sk+1‖22 = max(‖(−ρ)(zk+1
net,1,n,t − zknet,1,n,t)‖22,

‖(−ρ)(zk+1
net,2,n,t − zknet,2,n,t)‖22, · · · ,

‖(−ρ)(zk+1
net,w,n,t − zknet,w,n,t)‖22) ≤ εdual (50)

If the primal and dual residuals are less than the threshold,
the iteration ceases, and scheduling results are output; other-

wise, the local/global variables and Lagrangian multipliers of
ADMM are updated until the ADMM converges.

Based on the stochastic and distributed energy management
approach to the ADN with integrated aggregated office build-
ings, the solution flow is given, as shown in Fig. 3.

Step 1: Establish the thermal dynamic model and EV model,
considering the demands of office workers for heating and
traveling.

Step 2: Construct an office building model with HVACs and
EV charging piles, integrating the thermal dynamic model and
EV model.

Step 3: Build a stochastic ADN optimization model with
office buildings and PV generations, considering the aggre-

Constructing the office building model 

Initializing Lagrangian multipliers, 

local variables, and global variables 

in building side and network side

Integrating thermal dynamic model 

and EV model

 Establishing thermal dynamic model 

and EV model

Considering the demands of office 

workers for heating and travelling

Start

Building a stochastic ADN 

optimization model with integrated 

office buildings and PV units

Transforming the model
Linearization and

second order conic relaxation 

Considering aggregated office building  

loads and the uncertainties of PV units 

Updating global variables and 

sending them to both sides

Transferring information between 

building side and network side

Optimizing building side and 

network side independently

The calculation result satisfies 

the termination condition?

Updating Lagrange multipliers 

Yes

No

End

Outputting the optimal schemes for 

the ADN with office buildings

Outputting the updated 

local variables and global variables 

Fig. 3. Flowchart of stochastic and distributed energy management method for ADN with integrated office buildings.
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gated office building loads and the PV output uncertainties.
Also, the ADN optimization model is converted according to
the linearization and SOCR.

Step 4: Initialize the Lagrangian multipliers, local variables,
and global variables in the building and network sides.

Step 5: Update global variables to exchange messages
between both sides after building and network sides are
separately optimized.

Step 6: Stop the iteration process if the primal and dual
residuals are smaller than a threshold; otherwise, update
Lagrange multipliers and skip to step 5 until the ADMM
converges.

Step 7: Export the optimal results according to the stochastic
and distributed energy management approach to the ADN with
integrated office buildings.

V. CASE STUDIES

This section examines a stochastic and distributed optimal
energy management approach to the ADN with integrated
office buildings. All sub-problems are solved by GUROBI in
the MATLAB on a PC with Intel® Core™ i7 2.60 GHz CPU
and 8 GB RAM. The calculation time of this optimization
model is around 1438 seconds.

The PV output prediction errors are presented as the normal
distribution function [30]. 1000 uncertain scenarios for PV
power are produced utilizing the Monte-Carlo simulation and
reduced to 5 through GAMS using the SCENRED toolbox.
The geographic locations of the connected PVs are considered
to be relatively close. Therefore, the power outputs of the
PVs are almost the same and the interdependency of PVs is
not considered in this paper. The predicted PV outputs are
derived from the PJM history information in December 2020,
as illustrated in Fig. 4.
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Fig. 4. Original and reduced scenarios of PV power.

Slow thermal dynamic characteristics of buildings means
that it often takes a certain amount of time for the building
temperature to rise or fall when the building is heated or
cooled. Therefore, the slow thermal dynamics of buildings
causes them to be at thermal inertia [31]. The room tem-
peratures are able to be regulated within a specific scope

while maintaining the consumers’ comfort levels. The analysis
is performed for a 24-hour scheduling horizon with a one-
hour time resolution because of the slow building thermal
dynamics [11]. The iteration step is set to be one. The
convergence threshold of residuals is set to be 10−3. The
working hours of the buildings are between 08:00 to 19:00.
The thermal comfort degree for people is decided by multiple
environmental elements, such as temperature, metabolic rate,
etc. [32]. Therefore, the acceptable comfort temperature range
for human habitation in buildings can vary depending on the
situation. For humans, the thermoneutral temperature scope is
from 17◦C to 33◦C [33]. Thus, the comfortable temperature
in this work environment is able to be set differently. The
comfort indoor temperature range for office workers is set as
20◦C–26◦C. The expected SOC for EVs at departure is set
as 0.8. Table II summarizes the parameters of office build-
ings, HVAC systems, and EVs [9], [34]. The solar radiation
intensity of different directions, the outdoor temperature, the
general power load (not including HVACs and EVs) of an
office building, and the building interior heat are displayed in
Fig. 5 [11], [35].
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Fig. 5. Solar irradiance, outside temperature, power load, and interior heat
in an office building.

Nodes 6, 18, 25, and 33 in the IEEE-33 system connect
the collection of PV units and office buildings, respectively,
and the schematic diagram of the ADN is illustrated in
Fig. 6. Each node connects a building group (containing five
office buildings). The distribution system connects twenty
office buildings in all. Each building contains twenty working
areas and ten EVs. Because the ADMM method is used to
decompose the original problem, the scale of the whole model
decreases. In addition, the SOCR method is used to relax the
model, which can further reduce the calculation cost. Thus, the
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TABLE II
PARAMETERS OF BUILDINGS, HVAC SYSTEMS, AND EVS

Buildings HVAC systems EVs
PARM Value PARM Value PARM Value
Rwall(win) 0.08 K/W ρ 1.29 kg/m3 SOChome 0.40
Rwall 0.06 K/W Pstatic 135 Pa SOCmax/SOCmin 0.90/0.10
Rwin 0.02 K/W v 4 m/s P c

max/P
d
max 4 kW

Cwall(win) 2.6e+7 J/K Ccop 3.0 EB 24 kW·h

Cwall 7.9e+5 J/K cp 1005 J/kg·◦C κ 0.001
ηc/ηd 0.95

Croom 2.5e+5 J/K ηfanηmotor 0.15 W 0.149 kWh·km−1

  
2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17

19 20 21 22

23 24 25

26 27 28 29 30 31 32 33

1

Ă
Ă

 

Ă
Ă

 Ă
Ă

 

Ă
Ă

 

Fig. 6. Diagrammatic sketch of the ADN.

proposed method should have good scalability for the larger-
scale problem. The testing of the method for a larger system
will be investigated in a future study.

A. Energy Scheduling Results of Buildings and ADN

Under the given parameters, the stochastic and distributed
optimal energy management of the ADN with office buildings
is solved. The results of indoor temperatures and total HVAC
system power of an office building cluster at different periods
are depicted in Fig. 7. The HVAC systems are switched on
after the office workers enter the office building. After a while,
the indoor temperature of office buildings has been signifi-
cantly increased and has reached the office workers’ demands
for a comfortable temperature (e.g., during 8:00–9:00). In
parallel with the increase in the outdoor temperature and the
PV power towards noon, the indoor temperature will continue
to increase until it reaches the upper limit of office workers’
comfort temperature, and the power of HVAC systems has a
good tracking effect for PV power (e.g., during 11:00–14:00).
However, as the outdoor temperature and PV power during the
evening hour decreases, the indoor temperature will continue
to decrease until it reaches the lower limit of the office
workers’ comfort temperature (e.g., during 16:00–18:00). To
maintain employees’ comfortable temperature demands, the
power of HVAC systems continues to supply heat without
tracking the PV power that eventually reduces to zero.

The SOC values and net EV charging power in an office
building cluster at different periods are illustrated in Fig. 8.
The EVs maintain a high total net charging power at 10:00–
14:00. This is due to the higher PV power during the midday
period, which causes an increase in SOC values of EVs
dispatched in the parking lot up to the charging limit of EV
batteries. However, as the expected SOC value of the workers
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Fig. 7. Indoor temperature and HVAC system power of buildings.
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Fig. 8. SOC values and net charging power of EVs.

and the continuous reduction of the PV power during the
evening hour, the total net charging power of the EVs becomes
negative, and EV batteries are discharged until they reach
the expected SOC value when the office workers leave (e.g.,
during 17:00–19:00).

Based on the stochastic and distributed energy management
method of the ADN, the uncertainty of PV power is consid-
ered, and flexible resources in the office building are fully
utilized. Hourly-based results of the operational power at an
office building cluster and the network loss in the ADN are
exhibited in Fig. 9. The office building’s energy consumption
possesses a good tracing performance on PV output. This
promotes the local accommodation of PV power and improves
the penetration of PVs in the system. Moreover, the ADN’s
economic operation can be further improved through reducing
the network loss.

B. Impact of the Comfort Temperature Range

For HVAC systems, the intervals of the comfort temperature
determine whether the building’s thermal storage capacity can
be fully utilized, and affect the tracking effect and the network
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Fig. 9. Results of office building power and network loss.
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Fig. 10. Comparison of RMSE and network loss with various comfort
temperature intervals.

loss. The interval of the comfort temperature changes from
2◦C to 6◦C. The contrast result of the root mean square
error (RMSE) and network loss with different comfortable
temperature intervals is shown in Fig. 10.

As shown in the figure, while the temperature interval turns
from 2◦C into 6◦C, the RMSE decreases by 0.98%. The reason
is that the heating power of the HVAC system can be used
to track PV power without violating the comfort temperature
constraints of workers when the comfort temperature interval
increases. Similarly, while the temperature interval turns from
2◦C into 6◦C, the network loss of the ADN increases by
0.70%. The reason is that the heating power of the HVAC sys-
tem will also increase accordingly when the upper limit of the
comfort temperature increases. This increases the operational
power of office buildings and thus increasing the network loss
of the ADN.

C. Impact of Expected SOC for Departing EVs

For workers’ EVs, the expected SOC for departing EVs
determines the net charge of EV batteries, and affects the
tracking effect and network loss. Let the expected SOC values
of EVs change from 0.70 to 0.90. The comparison of RMSE
and network loss with various SOC at departure is shown in
Fig. 11.

0.70 0.75 0.80 0.85 0.90

The SOC at Departure

160

170

180

190

200

R
M

S
E

 (
k
W

)

0.70 0.75 0.80 0.85 0.90

The SOC at Departure

1400

1420

1440

1460

1480

N
et

w
o
rk

 L
o
ss

 (
k
W

)

Fig. 11. Comparison of RMSE and network loss with various SOC at the
departure.

As shown in the figure, when the expected SOC at departure
changes from 0.70 to 0.90, the RMSE increases by 16.73%.
The reason is that when the workers are off duty, the PV power
has been reduced to zero, and the expected SOC at departure
increases. This will lead to continuous EV charging to satisfy
the travel demands of workers, and the PV power cannot be
tracked by EV discharging. Therefore, the RMSE will increase
as the expected SOC at departure increases. Similarly, when
the expected SOC at departure changes from 0.70 to 0.90, the
network loss of the ADN increases by 3.27%. The reason is
that with the rising expected SOC at departure, the total net
EV charging power increases accordingly. This increases the
operational power of the office building and thus increases the
network loss of the ADN.

D. Energy Management Results in Summer

In this section, case studies for the cooling scenario during
summer time are carried out. The outdoor temperature in
summer is referred to in [13]. The indoor temperature, HVAC
system power, SOC values, and net charging power of EVs in
the summer time case are shown below. As can be observed,
the room temperature meets the temperature requirement of
all the staff, and EV batteries can also reach the expected
SOC value when the workers leave during the summer. In
addition, through the coordinated scheduling of HVACs and
EVs, the power of HVAC systems and EVs has a good tracing
performance on PV output.

To verify the efficacy of the presented method during
summer, the office building cluster load and ADN’s network
loss in the summer case are shown below. As can be observed,
the profiles of the office building load and network loss are
almost the same as in the winter case. Therefore, it further
illustrates that the office building’s flexible load also has a
good tracking effect on PV power, and the network losses can
be reduced in the summer case.
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Fig. 12. Indoor temperature, HVAC system power of buildings, SOC values,
and net charging power of EVs in the summer case.
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Fig. 13. Results of office building power and network loss in the summer
case.

E. Accuracy Analysis of the SOCR

To further validate the SOCR correctness in this model, an
error index ∆diff = |P 2

mn+Q2
mn−imnvm| is defined [36]. The

expected error scatters of each branch are shown in Fig. 14.
Obviously, all deviations after SOCR are below 10−6 order
magnitude, and the model accuracy for this study is able to
satisfy the actual project demand.
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Fig. 14. Error scatter of each branch.

F. Convergence of the Optimization Model

To validate the accuracy of the presented distributed ap-
proach, the total target values obtained through the presented
distributed approach and the centralized approach are com-
pared, as shown in Fig. 15. As can be observed, the total
objective value converges to a steady value after about 20
iterations, which is equal to the value of the centralized model.
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Fig. 15. Comparison of the total objective value obtained by the distributed
and centralized methods.

The convergence curves of the primal and dual residuals
of the stochastic and distributed optimal energy management
approach to the ADN with office buildings are shown in
Fig. 16. The feasibility tolerance of the stochastic and dis-
tributed optimization model is set to 10−3. The convergence
curves for both primal and dual residuals tend to decrease and
eventually reach convergence accuracy. This further indicates
that the solution of the algorithm can satisfy the constraints
set by the ADN system with office buildings.
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Fig. 16. Primal and dual residual versus iteration.

VI. CONCLUSION

This paper proposes a novel stochastic and distributed
optimal energy management approach for the ADN with office
buildings. According to the stochastic and distributed optimal
model of the ADN, the flexible resources of office buildings
can be dispatched in the optimal ADN operation with a
distributed approach under stochastic scenarios.

During the optimal scheduling process, the BEMSs dis-
tribute the dispatching signals to the flexible resources in office
buildings responding to the excitation signals of the DSO and
uploading the feedback signals. On the other hand, the DSO
sends the excitation signal to the buildings and receives the
feedback signal uploaded by BEMSs. Therefore, the sub-goals
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in the building and network can be achieved while respecting
all the operational constraints of the ADN under multiple
stochastic scenarios, and the office buildings cannot reveal
their parameters to each other.

The main conclusions are the following:
1) According to the building thermal dynamics and the

behavioral habits of workers, the loads of office buildings
with integrated HVAC systems and EV charging piles are able
to be leveraged to accommodate PV output to improve the
PV generation penetration and decrease the ADN loss while
meeting workers’ heating and travel demands.

2) With increasing the comfortable temperature interval,
the RMSE tends to decrease, and the network loss tends to
increase. With increasing the SOC at departure, the RMSE
tends to increase, and the network loss also tends to increase.

3) The global optimal energy management of the ADN with
aggregated office buildings can be realized, and the privacy of
the ADN and the office buildings is protected through the
distributed optimization solution

This paper also shows some limitations, and these are
considered as future studies to be conducted. First, the two-
stage stochastic optimization approach for distributed optimal
energy management in ADN with integrated office buildings
will be studied. In addition, there are still binary variables in
the optimization model. To provide an efficient solution for
the ADMM, the method of removing binary variables will
be further investigated [37]. Moreover, the proposed method
considers incentive-based demand response. The energy man-
agement method can be further improved by studying the
response subsidy policy in the future.
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