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13 Abstract: Building cluster load management to harness energy flexibility and reduce
14 both electricity cost and carbon emissions is an important but inadequately addressed
15 issue in the context of carbon neutrality. This study develops a multi-agent system
16  (MAS) based coordinated optimal load scheduling strategy for building cluster load
17 management in response to dynamic electricity price and marginal emission factor
18  (MEF) simultaneously. The strategy effectively solves the multi-objective optimization
19  problem of conflicts, i.e., minimizing the electricity cost, carbon emissions and peak
20  load while maintaining a good level of users’ satisfaction with electricity use quantified
21 by autility function. Case study on a campus building cluster is carried out to test the
22  strategy developed. Three demand response (DR) schemes are designed for the building
23 cluster, i.e., price-based DR, MEF-based DR, and the price and MEF hybrid-based DR
24 which implements the optimal scheduling strategy developed. In addition, two real
25  scenarios with opposite correlations between dynamic electricity price and MEF, i.e.,
26  positively correlated (scenario 1) and negatively correlated (scenario 2), are extracted
27  from German electricity market. The electricity costs, carbon emissions, peak loads,

28  and utility of the three DR schemes in the two scenarios are critically compared. The
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results show that the price-based DR may result in the rise of carbon emissions, and the

MEF-based DR may lead to higher electricity cost, depending on the correlation

between dynamic electricity price and MEF. The optimal strategy developed can

achieve a compromise between the conflicting objectives in both scenarios. Under the

extremely disadvantageous situation like scenario 2, where the trends of the price and

MEF are completely opposite, the price-based DR results in an increase of carbon

emission of 2.78%, and the MEF-based DR leads to an increase of electricity cost of

2.63%. The hybrid-based DR can reduce the peak power by 5.54% without increasing

electricity cost and carbon emissions in scenario 2. This research provides an effective

optimal load scheduling strategy as well as the application guideline for building cluster

DR management towards decarbonization and economic benefit.

Keywords: building cluster, marginal emission factors, multi-objective optimization,

multi-agent system, demand response
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The load schedules of the individual building i in time slot k

The aggregated load schedules of the entire building cluster in time slot k
The electricity prices in time slot k

The marginal emission factors in time slot k

The energy imbalance in time slot k

The Lagrange’s multiplier in time slot k

The electricity cost in the time slot k

The electricity-related carbon emission in time slot k

The peak load of the building cluster

The utility function of building i for consuming electricity in time slot k
The sacrifice of utility

The load baseline of building i at time slot k

The preference for electricity use of building i to shift the power load
The upper limit of flexible load capacity of building i at time slot k

The weighting factor of the electricity cost objective function
The weighting factor of the carbon emission objective function
The weighting factor of the peak load objective function

The weighting factor of the utility function objective function
The penalty factor of Augmented Lagrange’s multiplier

The number of the iteration step

The pre-set stopping threshold

The total number of time slots in a day

The total number of individual buildings
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1. Introduction

Demand response (DR), a key demand-side management strategy adopted by smart
grids, is considered as a promising solution to harness energy flexibility[1,2], reduce
peak power demand [3], and relieve power supply-demand imbalance in power
grids[4,5]. Various DR programs such as incentive-based DR and price-based DR
programs are launched to facilitate power consumers to adjust their power uses. The
price-based DR programs usually adopt the dynamic pricing mechanism, which sets a
high price during peak periods and a low price during off-peak periods, to flat the
demand curve [6]. In such programs, power consumers are stimulated to change their
normal demand profiles to benefit from the electricity price variations, i.e., to take

advantage of lower-price periods and avoid higher-price periods [7].

As major power consumers, buildings consume over 90% of total electricity in Hong
Kong [8] and about 40% of total energy use worldwide [9]. Buildings also have a
considerable amount of flexible loads and capacities which are ideal for participating
DR. For example, the electricity load for space cooling/heating could be shifted by
taking advantage of building thermal mass [10] and active thermal storage [11].
Buildings can play a significant role in DR programs by adjusting their electrical power
demands in response to the dynamic electricity prices[12,13]. According to the review
conducted by Péan et al. [14], the great majority of published research on building DR
consider economic optimization for price-based DR, in other words, the building power
demand management strategies are commonly implemented to achieve electricity cost

saving.

With the growing concern about carbon neutrality in recent years, an increasing number
of researchers consider carbon emissions in the optimization strategies for building DR.
The annual average carbon emission factors (CEFs) of grid electricity has been
commonly adopted to evaluate the environmental effects of DR for building [15-17]
and district energy system [18]. However, using annual average CEFs to evaluate the
environmental effects of DR will lead to inaccurate estimation of carbon emissions due
to the wide variations in emission factors of different types of fuels at different time

periods [19]. The temporal granularity of CEFs should be considered for accurately
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quantifying the realistic electricity-consumption-related carbon emission [20]. In view
of this, some studies have adopted time-varying CEFs for estimating the carbon
emissions, e.g., electricity mix emission factors (XEFs) [21,22]. XEF is the average
emission factor of the mix of power generators at a given time and varies in different
time intervals, as shown in Fig. 1. Lowry [21] used the hourly XEFs of the electricity
grid in UK to implement building DR on the HVAC system for reducing overall carbon
emissions. The whole year hourly XEFs from the Danish transmission system operator
were used by Vogler-Finck et al. [22] in a model predictive controller to minimize the

carbon emissions of heating system in a single-family house.

A
>

Day-ahead Wholesale Electricity Market

7~~~
=
é Marginal Power Generator
—
]
3
&) = \ Market level
~ S Gad
Coal o demand curve

/T Gas % Coal Gas \z

5 || Coal S0t 51 | Solar Coal

o . @) .

s Wind Wind i Wind Wind

§ Nuclear Nuclear h% | Nuclear Nuclear -

1 12 16 24 Hour

Fig. 1. lllustration of power generators mix and marginal power generator [20]

However, using XEFs for evaluating the effect of DR on carbon emissions may still
lead to misleading results [23]. This is because XEFs assume all power generators react
evenly to the load variations [24]. In fact, different generators have different reaction
to the load variations. Fig. 1 illustrates the marginal power generators and the operation
order of power generators (so-called merit order) to meet the market-level load demand
in a day-ahead wholesale electricity market. The merit order is a way of ranking power
generators in power system based on marginal cost and adjustability. The power
generators with poor adjustability (e.g., nuclear power generators and coal-fired
generators) or low marginal cost (e.g., photovoltaic and wind turbines) are the first ones
to meet demand, and the generators with higher marginal cost (e.g. gas power

generators) will be operated only when the output of the plants with poor adjustability
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or low marginal cost cannot meet the loads. The marginal power generator at a given
time is the one that has the lowest marginal cost and still has adjustable capacity [24]
that can be used to respond to DR events. Thus, only the emission factors of marginal
power generator will have influence on the emission calculation in the DR event, which
means that using XEFs to evaluate the effect of DR on carbon emission is not accurate.
Instead, the carbon emission factors of the marginal power plant, which is called
marginal emission factors (MEFs) [20] should be used to estimate the carbon emission

when load varies.

The energy flexibility of buildings needs to be harnessed through a cluster of buildings
to produce a sufficient aggregated amount to make significant effects on electricity grid
[1]. A building cluster is a group of buildings that can be managed in a coordinated way
by an aggregator such as facility management company [25]. When each building
independently carries out load scheduling strategy without effective coordination, it
may cause critical safety issue for power grid, such as a sharp increase of aggregated
load (called as aggregated peak load) during the period of low electricity price.
Therefore, effective coordinated demand management of the building cluster is needed
to prevent such safety issue and achieve aggregated benefits for power grid [26]. The
multi-agent system (MAS) is one of the domains that deal with modeling multiple
autonomous decision-making agents [27]. According to the definition in [28], each
“agent” in MAS is an intelligent entity, which is placed in an environment and sense
different parameters that are used to make a decision based on its own goal. The agent
has the ability of being sociable, reactive and pro-active [29]. The efficiency of MAS
to solve complex task stems from the division of computational labor inherent in MAS
whereby a complex task is divided into multiple smaller tasks, each of which is assigned
to a distinct agent [30]. Due to its powerful ability to capture the complex interactions
between multiple agents [28] and solve complex tasks, MAS has been widely used in
the field of computer science [31] and has gain attention in the field of micro-grid[32—
35] and building energy system [36-38] for coordinated control and energy
management. Hence, MAS is used in this study to achieve the building cluster demand
management in a decentralized manner. Previous studies on MAS-based coordinated
demand management mainly focused on minimizing the electricity cost [29,32] for

price-based DR. In the context of carbon neutrality, how to achieve decarbonization



133 and guarantee economic benefit for building cluster load management should be clearly
134  addressed. However, few study considers the MEFs and dynamic electricity prices
135  simultaneously in the building cluster DR to achieve the decarbonization and economic
136  goals at the same time. Moreover, as pointed out in [20], the hourly MEFs can be
137  positively or negatively correlated with hourly dynamic electricity prices due to the
138 varying output of renewable energy and merit order of power generators. The
139  correlation between MEFs and dynamic electricity prices is a key factor when
140  conducting DR to achieve both decarbonization and economic benefit. However, up to
141 now, few studies have analyzed the impact of different correlations between MEFs and
142 dynamic electricity prices on the performance of building cluster DR in terms of
143  electricity cost, carbon emission, peak load, and users’ satisfaction with electricity use.
144
145 Table 1 Comparison of this study with recent research work on similar topics
Refs. Objectives DR scheme Scale
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146
147  Table 1 provides a comparison between the method proposed in this paper and recent
148  studies. The research gaps are summarized as followed. First, previous studies of DR
149  have solved the optimal load scheduling problem in the price-based DR scheme, but
150 none has considered the marginal emission factors and dynamic electricity prices
151  simultaneously, to the best of the authors’ knowledge. There are a few studies
152  considered carbon emissions and dynamic electricity price simultaneously; however,
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the carbon emissions were usually measured by a fix emission factor which is
unrealistic. Second, understanding of the influences of MEF and dynamic electricity
price correlation on the performance of building cluster optimal load scheduling is
limited. Third, there is little experience in formulating and solving the multi-objectives
problem for optimal load scheduling of building cluster concerning electricity cost,
carbon emission, peak load, and users’ satisfaction, particularly when the multiple
objectives are conflicting.

To fill the research gaps, this study proposes a MAS-based coordinated optimal load

scheduling strategy for building cluster load management in response to dynamic

electricity price and marginal emission factor simultaneously. A complex multi-
objective optimization problem of conflicts, i.e., minimizing the electricity cost, carbon
emissions and peak load while maintaining a good level of users’ satisfaction with
electricity use, is developed. The multi-objective function is first decomposed into
several relatively simplified objective functions and then solved locally in individual
component agents. Case study on a campus building cluster is carried out to test and
validate the proposed MAS-based load scheduling strategy. One baseline case without

DR and three DR schemes are considered in the case study, i.e., price-based DR, MEF-

based DR, and hybrid-based DR. The optimization results are systematically and

critically compared under two real scenarios with opposite correlations between
dynamic electricity price and MEF. The main contributions of this study are
summarized as followed.

(1) introduce a more realistic carbon emission factor, i.e., the marginal emission factor,
in the building cluster DR management for accurate evaluation of carbon emissions
of load scheduling strategies;

(2) develope an optimal load scheduling strategy for building cluster load management
considering the MEF and dynamic electricity price simultaneously in DR;

(3) discovere the influences of MEF and dynamic electricity price correlation on the
performance of building cluster optimal load scheduling for DR; and

(4) develop a multi-objective function decomposition method and distributed
optimization method based on the ADMM algorithm to solve the multi-objective

optimization problem of building cluster DR in a distributed manner.
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2. Methodology

This study presents a MAS-based coordinated optimal load scheduling strategy. The

performance of the proposed strategy is evaluated under different scenarios. The

methodology framework of the MAS-based coordinated optimal load scheduling

strategy is shown in Fig. 2.
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Fig. 2. Methodology framework of the proposed MAS-based coordinated optimal load

scheduling strategy

Specifically, scheme 1 is to implement load management from the perspective of

electricity cost. The dynamic electricity price will be considered in scheme 1. Price-

based DR will be conducted to minimize the electricity cost using dynamic electricity

price, but the carbon emission will be ignored in the optimization. Scheme 1 is the one

that commonly adopted in the past studies. Scheme 2 is from the perspective of carbon

emission. MEF-based DR will be conducted to minimize the carbon emission using

MEF, while the electricity cost will be ignored. Scheme 3 is from the perspective of

both electricity cost and carbon emission. Both dynamic electricity prices and MEFs

will be adopted simultaneously in scheme 3 to minimize both electricity cost and carbon

emission, which is proposed for the first time in this paper. This kind of DR is called

hybrid-based DR. Since the dynamic electricity prices may positively or negatively
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correlated with the MEFs, the performance for the three schemes of DR under the two
scenarios, i.e., scenario 1 (positively correlated) and scenario 2 (negatively correlated),
will be evaluated. Another two basic objectives in the operation of the building cluster,
i.e., peak load and utility function, are also considered to meet the basic needs of grid

safety and utility function.

The MAS approach is adopted to realize the optimal coordinated load scheduling for
building cluster DR. The complex interactions among multiple parties in a building
cluster, including the management company and individual buildings are captured, and
the complex multi-objective optimization problem is formulated. The steps for
implementing the MAS-based optimal coordinated load scheduling of building cluster
is described as follows. Firstly, the multi-objective function is decomposed into several
relatively simple objective functions using the methods of Augmented Lagrangian
Multiplier and dual decomposition (introduced in section 2.3). Secondly, the simple
objective functions are assigned to each agent in the MAS. Thirdly, the coordinated
optimizations are conducted locally in each agent. Finally, the local optimization
problems are solved using Alternating Direction Method of Multipliers (ADMM)
algorithm, and the optimal solutions, i.e., the optimal load schedules of individual
buildings and the entire building cluster, are obtained. The details of each step are
elaborated in section 2.2-2.4. The performance of the three schemes under the two
scenarios will be comprehensively and critically analyzed in terms of electricity cost,
carbon emission, peak load, and utility function in section 4.1-4.2. The sensitivity
analysis of the parameter of utility function (introduced in section 2.2) and weighting

factors of peak load are conducted in section 4.3.

2.1 Description of the MAS

The schematic and principle of the proposed MAS is shown in Fig.3. The MAS consists
of two kinds of agents, i.e., component agents and coordinator agent. Component agents
include the aggregator agent and building agents. The aggregator agent has two tasks.
First, the aggregator agent is responsible for facilitating the electricity transaction

between individual buildings and the wholesale electricity market. Second, the
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aggregator agent optimizes the day-ahead hourly aggregated load schedules ({L*}%_,)
for the building cluster DR based on the day-ahead hourly electricity prices ({Prﬁh}:ﬂ)
and hourly MEFs ({MEF*}K_,). After trading completed in the day-head wholesale
electricity market, the electricity prices and MEFs will be determined, which will then
be obtained by the aggregator agent. Each individual building i in a building cluster is
considered as a building agent. The task of the building agent is to optimize the day-
ahead hourly load schedules of the individual building ({x{‘}:zl,i € N). Here, N is the
total number of individual buildings, and K is the total number of time slots in a day

and is set to 24.
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Fig. 3. Schematic of the proposed MAS

The coordinator agent is responsible for updating and broadcasting the coordination
parameters to facilitate achieving the coordinated optimal results. If the aggregator
agent and building agents are isolated and conduct optimization individually without
effective coordination, the energy balance constraint may not be satisfied and the
optimization of multiple objectives may not be achieved. The coordinator agent will
ensure the satisfaction of the energy balance constraint and achieve multi-objective
optimization by conducting energy imbalance (x*) calculation, coordinate parameter
(A*) update and convergence criteria (g4, £,) judgement. The coordinate parameter (1%)

and the convergence criteria (&,, €,) are defined in section 2.3 and 2.4 respectively.
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2.2 Optimization objectives

Multiple objectives including electricity cost, carbon emission, peak load and utility
function on electricity usage are considered in the MAS-based optimal load scheduling
strategy for building cluster DR. The multiple objectives are decomposed into several
relatively simple sub-objectives and assigned to different component agents to perform

distributed optimization.
2.2.1 Optimization objectives

(1) Electricity cost

The electricity cost (C¥) refers to the payment of the building cluster to the day-ahead
wholesale electricity market when building cluster buy certain amount of electricity
under the wholesale electricity price at time slot k [41]. The total electricity cost is
determined by the aggregated hourly electricity load and the corresponding wholesale

electricity price [41], as shown in Eq. (1).
Ck = Prk, - I¥ (1)

where Pr¥, is the day-ahead wholesale electricity price at time slot k. L¥ is the
aggregated load schedule at time slot k..

(2) Carbon emission

The electricity-related carbon emission (CE*) refers to the emission imported from the
grid. At time slot k, the carbon emission of the building cluster is determined by the
aggregated hourly electricity load and the emission factor. This study adopts the MEFs
for more accurate calculation of carbon emission when implementing building cluster

DR. The carbon emission of building cluster is calculated by Eq. (2) [40].
CE* = MEF* - (L¥ — L¥) (2)

where MEF¥ is the marginal emission factor of the imported electricity at time slot k.

Lk is the aggregated baseline power load of building cluster without DR at time slot k.

(3) Peak load
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The peak load (PL) refers to the maximum aggregated load of the building cluster over
the K time slots [47] and is considered in this study to address the basic need of grid

safety. The peak load of aggregator agent is shown in Eq. (3).

PL = max {L*}%_, (3)

It should be noted that the max operation should be linearized before carrying out
optimization. In this study, the standard linearization procedure (Egs. (4-5)) as
recommended in [50] is adopted. First, the continuous variable z (Eq. (4)) is introduced
to substitute original PL. Second, K number of binary variables {u*}X_, and a
sufficient large variable M (set as 10000) (Eq. (5)) are introduced to constraint the
continuous variable z. It can be proved mathematically that the Eq. (3) and Egs. (4-5)

are equivalent [50].

PL =z 4)
( z<I¥k=1.K
F<z-M-(1-u,k=1.K
K
s.t. < Zuk21 (5)
k=1

\ uk € {01}, k=1...K

(4) Utility function

“Utility” is a concept that quantifies the level of users’ satisfaction for consuming a
certain amount of resources which is commonly adopted in economics [51- 54]. Utility
function (U;) expresses the utility as a function of the amount of the resource consumed
[55]. A typical resource concerned in DR applications is the electricity. To this end, this
study defines a utility function to measure the level of users’ satisfaction with electricity
use based on the difference between the baseline electric load and the load after load
shifting. Utility functions were used to solve the optimal operation problem of air
conditioning systems [56] and optimal real-time pricing problem [57]. This study
adopts a commonly used quadratic utility function [42], as shown in Eqg. (6). The utility
sacrifice (SF) is defined as the difference between the baseline load without DR and the
load after DR [42], which reflects the sacrifice of the electricity users (i.e., buildings in

this study) in adopting DR strategies, as shown in Eq. (7).
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where x§; is the baseline power load of building i at time slot k, x/ is the load of
building i at time slot k after load shifting. w; is a pre-determined constant parameter,
which represents the preference of electricity use of building i to shift the power load,
w; > 0. If a building user have higher w;, it means that the user is more reluctant to
change electricity use. The influence of the parameter of utility function w; on the
performance of building cluster load management will be discussed in Section 4. The
goal of each building agent is to minimize its utility sacrifice over the K time slots.

In this study, each building agent can change the power demand and shift load in a day
in response to the dynamic electricity prices and MEFs. It is assumed that the daily total
energy consumption of each building agent is constant before and after load shifting,

as shown in Eq. (8-a) [42]. The shifted loads are not allowed to exceed the upper limit

of flexible load capacity of each building, as shown in Eq. (8-b) [42]. B{fp,l- is the upper
limit of flexible load capacity of building i at time slot k.
K K
s.t Z X = Z X0, &9
T k=1 k=1 (8-h)
i = x| < Bip

2.2.2 Description of multiple conflicting objectives

The optimal load scheduling aims to find an optimal solution that minimizes the
electricity cost, the carbon emissions, peak load while maintaining the utility function.
In other words, the objectives are to effectively balance the multiple conflicting
objectives. The following three set of conflicting objectives are included in this study.
(1) Conflicting objective between electricity cost and carbon emissions: as mentioned

in the introduction section, when the MEFs are negatively correlated with dynamic

electricity prices, price-based load shifting will lead to increased emissions. Such a

conflicting objective issue was seldom considered in previous studies.
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(2) Conflicting objective between electricity cost/carbon emissions and peak load:
when each building independently carries out load shifting based on the electricity
prices or MEFs without effective coordination, it will cause a sharp increase of
power load during the valley periods of electricity prices or MEFs, thus significantly
rising the aggregated peak load.

(3) Conflicting objective between electricity cost/ carbon emission and utility function
on the electricity usage: the pursuit of electricity cost reduction or carbon emission
reduction will have negative impact on utility function.

Thus, to balance the multiple conflicting objectives, the overall objective function (J)

of the building cluster is adopted considering the weighting factor («, 8, vy, 8) of each

objective, as shown in Eq. (9) [47]. The overall objective function will be minimized to
obtain the optimal load schedule. The constraints of the optimization problem are

expressed in Eq. (10).

K K N K
min]=a-ZC"+,8-ZCEk+y-PL+9-ZZSik ©)
k=1 k=1 i=1 k=1
s.t. xk =Lk (10)
=1

In this study, the ADMM based distributed optimization method is adopted to obtain
the optimization solution between multiple conflicting objectives for building cluster
DR. ADMM is a computing framework especially suitable for solving distributed
convex optimization problems. ADMM decomposes the large global problem into
several smaller and easier to solve local sub-problems through the process of
decomposition and coordination, and obtains the solution of the large global problem

by coordinating the solutions of the sub-problems.

2.3 Distributed optimization method

To obtain a coordinated optimization solution for multiple objective function, the
distributed optimization and decision making is firstly conducted for each component
agent. The objective function of each component agent can be reformulated by using
the decomposition theory, which provides the mathematical method to decompose the

original problem into sub-problems [31]. The multiple objective function in Eq. (9)
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with the energy balance constraint (YV_, x¥ = L¥) can be converted into an unconstraint

problem by using the Lagrangian relaxation, as expressed in Eq. (11).

N K
min J(x;,L; ) =a - ch-i-ﬁ ZCE"+y PL+6- ZZS{‘

= i=1 k2=1 (11)

+2K:/1 (Zx{‘—L")+ZK:§<ix{‘—L">

k=1 i=1 k=1 \i=1

where J(x;, L; 1) is the Augmented Lagrangian of the original objective function. A*
is the Lagrange’s multiplier, which is the coordinate parameters of the proposed MAS.
p is a penalty factor of Augmented Lagrange’s multiplier for enhancing the robustness
when solving the distributed optimization problem. The primal problem (Eg. (11)) can
be solved by introducing the dual problem (Eq. (12)). Since the Eq. (11) is strictly
convex and the strong duality holds, the optimal values of the primal and dual problems
are the same. The primal optimal point (x;*, L**) can be recovered from the dual

optimal point (1*).

max H) = inf f{a ZC"+B ZCE"+y PL+6

{x"}’,f 1{L =

S[‘+Zxk<2x?‘—L">+ig<ix{‘—ﬂ‘)z}

k=1 i=1

(12)

i=1k=1

The terms in Eq. (12) is substituted with Egs. (1, 2, 3, 7) and the optimization variables
xf and L¥ are separated as expressed in Eq. (13). The global optimization problem can
then be decomposed into a number of sub-problems. Each sub-problem deals with the
optimization of an individual agent with a given A.

K
min a Y Prk, LK+ B-MEF*-(Lk—L¥) -2k +vy-z
k K K
(E P L M

N

9-22% (xk, = xK)? + Akx k] (13)

i= k=1

1
P k
_|_ p—
2( x L)
k=1 i=

+
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For the aggregator agent, the aggregated electricity dispatch ({L*}¥_,) is updated using
the objective function shown in Eq. (14). For each of building agent, the electricity
schedule ({x{‘}ll;l) is updated using Eq. (15). Eq.(14) and Eq. (15) are equations to

solve the primal problem. It is solved in a distributed way in different component agents.

K
{Llos*1}E_ = argmin Z - Pry, - L + B - MEF¥ - (L* — L) — 2%°L*
{Lk}lk(=1 k=1 (14)
Pk _ (s _ zks\) o4y
+ 5 (L (L X )) +y-z

{x ks“}k % —argmlnﬁz (xol—xk)2 Aksxk+ (x
e M=

= (" —x))?

(15)

The coordinator agent calculates the average energy imbalance x* and updates the
coordinate parameter A* by Eq. (16) and Eq. (17) respectively to meet the requirement
of energy balance constraint [31,43,50]. The average energy imbalance x* term is
introduced to realize the separation of the Augmented Lagrange’s multiplier term into
different distributed optimization equations [31]. The coordinator agent also updates
the coordinate parameter A*, which is the Lagrange’s multiplier, by solving the dual
problem using the dual ascent method [31] as shown in Eq. (17). The superscript s in

Eq. (14-17) represents the number of the iteration step.

ks = k,s ,S
) N+1(Z - L) (16)

Qestl. — gks 4 pfk,s (17)

Through the distributed update of the optimization variables (x and L¥), coordinate
parameter A¥, and average energy imbalance x* as well as the communication between
the different agents, the MAS gradually obtain the optimal value until the convergence

criteria is reached



404

405
406
407
408
409
410

411
412
413
414

415

2.4 Convergence criteria

The convergence criteria consist of judging the primal residual and dual residuals [31].
The primal residual is calculated by Eq. (18-a), which reflects the energy balance
constraint violation. The dual residuals reflect the difference between the current and
last values of each optimized variable and are expressed in Eq. (18-b) for aggregator

agent and Eq. (18-c) for building agents.

xS < g (18-a)
(L5 — 1512 < ¢, (18-b)
(= x"H2 < g, (18-c)

where, &; and &, are the pre-set stopping threshold, and &; = €, = 0.0001 in this study.
The flow chart of the optimal load scheduling strategy by adopting the ADMM

algorithm is presented in Fig. 4.

Initialization

s=0

X Vi € N, LK0, 10, k0
v

Distributed optimization in Agents

Aggregator agent: Eq. (13)

Building agents: Eq. (14)

A

Y

Maximum

iteration
S < Spax

Convergence
criteria
Egs. (18-a,b,c)

Parameter update
Coordinator agent:

Egs. (16,17)

Output:
Optimized load
schedule of
building cluster




416
417
418
419
420
421
422
423
424
425
426
427

428

429
430
431
432
433
434
435
436
437
438
439
440
441
442
443
444
445

Fig. 4. Flowchart for the solution identification using ADMM

For each step of iteration, each building agent optimizes the load schedule to maximize
its utility function. The aggregator agent optimizes the aggregated load schedule to
minimize the electricity cost, carbon emission and aggregated peak load. The
distributed optimizations in different component agents are conducted in parallel. The
optimization solver Gurobi [58] is adopted to solve the distributed optimization
problems. The coordinator agent updates the parameters, A* and x*, to reduce the
constraint violation, i.e. to meet the requirement of energy balance constraint. Such an
iteration process will be stopped until reaching the pre-set stop threshold (Egs. 17), or
the maximum iteration number is reached. The maximum iteration number is pre-set to
be 2000 in this study.

3. Case study

The proposed coordinated optimal load scheduling strategy is tested using the data of a
building cluster in a university campus in Hong Kong. Hong Kong is a modern city
located in the sub-tropical region with high power demand density and a heavy use of
air-conditioning systems. The campus building cluster with a total site area of 94,600
m? are equipped with building automation system for monitoring and controlling the
facilities operation in buildings. Four building blocks with different functions, such as
classrooms, laboratories, offices and library, are selected as the different building
agents. The layout and main functions of the selected buildings are presented in Fig. 5.
The electricity load profiles of these four buildings on July 3, 2015, as shown in Fig. 6,
are adopted to test the proposed strategy for building cluster demand management. In
the case study, the four buildings are considered as 4 building agents. The aggregator
agent, for example the campus building management office, buys electricity from the
day-ahead wholesale electricity market and dispatch to each building. It is assumed that
the DR of the building cluster will not influence the electricity prices of whole-sale
electricity market and MEFs of electricity grid. It should be noted that although four
buildings are selected for testing, the proposed strategy can be also used for optimal

load scheduling of building clusters with more buildings. The method proposed in this



446  paper is generic and it takes the load characteristics data as external parameters, thus it
447  is valid for buildings with different load characteristics.
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455  Since the day-ahead dynamic electricity pricing scheme is not implemented in Hong
456  Kong currently and MEFs data of Hong Kong are also not available, the electricity
457  prices and MEFs data of the Germany’s electricity market [20] are adopted. It should
458  be noted that the proposed MAS-based optimal load scheduling strategy takes the
459  electricity prices and MEFs data as external parameters. Therefore, although the data
460 of Germany’s electricity market are adopted for testing, the proposed strategy can be

461  applied in other dynamic electricity market. Due to the dynamic electricity prices may
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positive or negative correlation with the MEFs [16, 42], two scenarios, i.e. positive

scenario and negative scenario are considered in this study. The Pearson correlation

coefficient is used to quantify the correlation between electricity prices and MEFs. The
day-ahead electricity prices and MEFs data of Mar. 6, 2019, and Dec. 3, 2019, are

adopted as the two representative scenarios, as shown in Fig. 7(a) and Fig. 7(b)

respectively. The Pearson correlation coefficients between the electricity prices and

MEFs are 0.68 and -0.78 for scenario 1 (positive correlation) and scenario 2 (negative

correlation), respectively.

(1) In scenario 1 (see Fig. 7 (a)), the valley hours of electricity prices are in the early

()

morning (before 6:00), afternoon (12:00-17:00), and night (after 22:00), and the
valley hours of MEFs is basically in consistent with electricity prices, though some
fluctuations occur in afternoons. The average of MEFs and electricity prices in
scenario 1 is 0.948 kgCO2eqg/kWh and 0.035 EUR/KWHh, respectively. The standard
deviation (STD) of MEFs and electricity prices in scenario 1 is 0.179
kgCO2eqg/kWh and 0.0065 EUR/KWHh, respectively.

In scenario 2 (Fig. 7 (b)), variation patterns of MEFs and dynamic electricity prices
are reversed. The valley hours of electricity prices are still in the early morning
(before 7:00) and night (after 20:00), while these time slots are in consistent with
the peak hours of MEFs. The average of MEFs and electricity prices in scenario 2
is 0.618 kgCO2eq/kWh and 0.051 EUR/kWHh, respectively. The STD of MEFs and
electricity prices in scenario 2 is 0.207 kgCO2eqg/kWh and 0.0115 EUR/KWh,

respectively.
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(a) Scenario 1 the electricity prices and MEFs are positively correlated
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(b) Scenario 2 the electricity prices and MEFs are negatively correlated
Fig. 7. The day-ahead electricity prices and marginal emission factors of the two
scenarios [59]

The parameters of the utility function (w;) are set to be 0.001 for each building agent.

The weighting factor of peak load objective (y) is set to be 1. The impact of the w; and

y on the optimization results will be discussed in Section 4.3.1 and Section 4.3.2

respectively. The flexible load capacity is assumed to be 0.2 times of baseline load

(B{jp,l- = 0.2x(’§i ). Three schemes are considered for building cluster load management:

(1) Priced-based DR scheme: The aggregator agent will optimize the load schedule to
minimize the electricity cost but ignore the carbon emission. The weighting factor
aissetas 10and g issetas 0.

(2) MEF-based DR scheme: The aggregator agent will optimize the load schedule to
minimize the carbon emission but ignore the electricity cost. The weighting factor
aissetas0and S issetas 1.

(3) Hybrid-based DR scheme: The aggregator agent will optimize the load schedule to
minimize the carbon emission as well as electricity cost simultaneously. The

weighting factor « issetas 5 and g is set as 0.5.

4. Results and discussions

In this section we present the performance of the three DR schemes using MAS-based
optimal load scheduling strategy under two scenarios in terms of electricity cost, carbon

emission, peak load and utility function. The impacts of some key parameter, such as
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the utility function and weighting factors, on the optimization results are analyzed. The

limitations of the strategy are discussed at the end of this section.

4.1 Scenario 1: Positively correlated dynamic electricity prices and MEFs

Fig. 8 presents the optimized aggregated power demand schedule of the building cluster
under three DR schemes. As shown in the figure, the hourly aggregated power demand
is equal to the total power demands of four building agents. For the price-based DR,
compared with the baseline of the aggregated power demands, the power load is shifted
from peak-price periods (7:00-9:00 and 18:00-20:00) to the valley-price periods (before
6:00 and after 21:00). The peak power demand in the daytime is reduced from 5126
kW to 4821 kW, as the result of peak load reduction. For the MEF-based DR, compared
with the baseline, the power demand is partly shifted to the early morning (3:00 to 6:00),
afternoon (12:00-17:00), and night (after 22:00) when the MEF is in the valley period
(i.e., around 0.75 kgCO2eq/kWh). The daily peak power demand increases from 5126
kW to 5330 kW. This is because the benefits of carbon emission reduction
implementing MEF-based DR may offset the disadvantage of peak load increasement.
For the hybrid-based DR, the aggregated power demands shifting depends on the

variation of MEFs and dynamic electricity prices simultaneously.

6000

—# = Price
----- MEF
4500 | —e— Hybrid

=== Baseline

3000 -

Power[kW]

1500 -

1 11 1111 1. 1T 1T 11T 1T T 1T T 1T 1T T T 11
1 23 45 6 7 8 910111213 141516 17 18 19 20 21 22 23 24

Time[Hour]

Fig. 8. Optimized aggregated load schedule of building cluster DR under scenario 1
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Table 2 Comparison of load scheduling strategy for three DR schemes under scenario

1
Scﬁfme Utility Utility sacrifice Eleg(t)rslflty Saving
% EUR EUR %

Baseline 51740.1 0.0 - 2914.0 - -
MEF 51390.5 349.5 0.68 2876.1 37.8 1.30
Price 51575.1 165.0 0.32 2897.2 16.7 0.57
Hybrid 51555.5 184.6 0.36 2885.7 28.3 0.97
Scﬁsme e?na;rsts)?(?n Reduction Peak load Reduction

kgCO2eq kgCO2eq % kw kW %
Baseline 79608.8 - - 5126.0 - -
MEF 78268.0 1340.8 1.68 | 5330.3 -204.3 -3.99
Price 79331.6 277.2 0.35 | 48214 304.6 5.94
Hybrid 78880.5 728.3 0.91 | 4997.0 129.0 2.52

Table 2 summarizes the benefits and drawbacks of the proposed MAS-based
coordinated multi-objective optimal load scheduling strategy for three different DR
schemes under scenario 1. It can be found that implementing the proposed optimal load
scheduling strategy can achieve decarbonization and economic benefit under all the DR
schemes. The highest carbon emission and electricity cost reduction, about 1.68% and
1.30% compared with baseline respectively, can be achieved by MEF-based DR. The
reason is that the variation of MEFs (STD 0.179 kgCO2eq/kWh) is dramatically higher
than the variation of electricity prices (STD 0.0065 EUR/kWh) for the positive
correlation scenario. Therefore, MEF-based DR will shift more amount of load from
peak hours to valley hours of MEFs, resulting in higher carbon emission reduction and
electricity cost saving, but also resulting in a higher peak load (about 3.99%). Moreover,
the hybrid-based DR achieves a compromise between multi-objectives and can be

treated as a compromise solution compared with price-based DR and MEF-based DR.

Fig. 9 shows the optimized power shifting of each building agent under three DR
schemes. Four buildings show similar load shifting pattern. In general, all the four
buildings shift their loads from the higher to lower periods of prices or MEFs to reduce
the electricity costs or carbon emissions, respectively. It should be noticed that the loads

of four buildings during the price valley period (12:00-17:00) are still shifted to other
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periods. This is because that the aggregated peak load occurs in this period, and the
proposed optimal load scheduling strategy can avoid overloading, guarantee grid safety,

and achieve a coordinated optimization between multi-objectives.
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Fig. 9. Optimized power shifting schedule of four building agents under scenario 1

4.2 Scenario 2: Negatively correlated dynamic electricity prices and MEFs

Fig. 10 presents the optimized aggregated power demands schedule of the building
cluster DR under scenario 2. The results show that the power shifting pattern of the
price-based DR is basically opposite to that of the MEF-based DR due to the negative
correlation between dynamic electricity price and MEF. For hybrid-based DR,
considering the conflicting objectives of electricity cost and carbon emission, the power
load is shifted from afternoon (11:00-17:00) to morning (7:00-9:00) and night (18:00-
21:00).
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Fig. 10. Optimized aggregated load schedule of building cluster DR under scenario 2

Table 3 summarizes the benefits and drawbacks of optimal load scheduling strategy for
three different DR schemes under scenario 2. When the electricity prices and MEFs are
negatively correlated, only considering one objective (electricity cost or carbon
emission) for load scheduling will results in an opposite variation trend for another
objective. For the MEF-based DR, the carbon emission reduces by 5.75% compared
with baseline, while the electricity cost increases by 2.63%. For the price-based DR,
electricity cost reduces by 2.07%, while the carbon emission increases by 2.78%,
compared to the baseline. In this scenario, the electricity cost saving and carbon
emission reduction are not significant compared with the baseline case due to the
extremely opposite variations in the dynamic electricity prices and MEF. When the
price is lower, the MEF is higher. It is a critical challenge to the optimization problem.
The MAS-based load scheduling strategy manages to achieve a compromise between
the electricity cost saving and carbon emissions reduction, and significant peak load

reduction which lowest sacrifice in utility function.

Table 3 Comparison of load scheduling strategy for three DR schemes under scenario

2
schDeI?ne Utility Utility sacrifice Elegér;flty Saving
% EUR EUR %
Baseline 51740.1 0.0 - 4567.4 - -
MEF 50697.2 1042.9 202 | 4687.7 -120.3 -2.63
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Price 51262.4 477.7 0.92 | 44728 946  2.07
Hybrid 51604.6 135.5 0.26 4566.0 1.5 0.03
ScEeRme ecr:nairsts)?:n Reduction Peak load Reduction
kgCO2 kgCO2 % kW kW %
Baseline 47661.8 - - 5126.0 - -
MEF 44922.8 2739.0 5.75 5395.4  -269.4 -5.26
Price 48986.4 -1324.6  -2.78 | 4602.4 523.6 10.21
Hybrid 47333.9 327.9 0.69 4842.2 283.8 554

Fig. 11 shows the optimized power shifting of four building agents for the three DR

schemes under scenario 2. In general, the power shifting pattern of four buildings under

price-based DR is opposite to results of MEF-based DR. In addition, individual

buildings will make their own power shifting decision according to their local

information. Comparing the power shifting schedule between building 1 and building

2 for the MEF-based DR, it can be found that the power shifting in building 1 is larger

than that in building 2 at 8:00. This is because the morning start-up time in building 1
(7:00) is one hour earlier than that in building 2 (8:00), and both of the 7:00 and 8:00 is
the valley period for MEF. Therefore, the building 1 can make full use of the higher

load flexibility at 8:00 to shift higher amount of power to exploit the benefit of lower

MEF.
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Fig. 11. Optimized load schedule of four building agents under scenario 2.
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4.3  Impact of key parameters on load scheduling

The parameter of the user’s utility function and weighting factor of peak load objective
are the two important factors influencing the results of building cluster load schedule.

The impacts of these two parameters are evaluated in this section.
4.3.1 Impacts of parameter of user’s utility function

The utility refers to the level of satisfaction of building agents on electricity use. A
higher w; will lead to more reluctant of the users to change their electricity demand. To
investigate the impact of w; on the optimization results, this parameter of Building 1
agent is set to be 0.0003, 0.001, 0.003, 0.01 respectively (nearly triple times for each
step), while the parameters of other building agents remain unchanged, i.e. w; =
0.001,i = 2,3,4. Other global parameters also remain unchanged. Fig. 12 shows the
optimized power demands schedule of Building 1 and 2 agents under scenario 2 with
the varying parameters of Building 1 agent’s utility function. The optimized power
demands schedule of Building 3 and 4 agents show similar variation pattern with
Building 2; thus, they are not shown. As shown in the figures, this parameter of
Building 1 agent also influences the load schedule of Building 2 agent. For Building 1,
a higher w, leads to less load shifting, which makes the load curve of Building 1
gradually approach the baseline. The amount of load shifting of Building 2 becomes

higher with the increase of w,, even though w, remain unchanged.
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Fig. 12. Optimized power load schedules of Building 1 and 2 agents under scenario 2

with the varying parameters of Building 1.

The impact of w; on utility sacrifice, electricity cost, carbon emission and peak load of

the building cluster DR are shown in the Table 4. It should be noted that the baseline

utilities are different for each case, thus the value of utility in the Baseline row is not

presented, and the utility sacrifices of each case are calculated with the corresponding

baseline utilities. It can be seen from Table 4 that increasing the w; will lead to the

decrease of the utility sacrifice, carbon emission, and electricity cost. However, the

changes gradually decrease with the geometric increase of w;, which means that when

the w; are small (the users are basically not concern about the load variation), the

buildings will show a better energy flexibility.

Table 4 Impacts of parameter of utility function on the performance of building

cluster DR

Ay Utility Utility sacrifice Eleg;r;fity Saving
% EUR EUR %

Baseline - - 0.0 4567.4 - -
0.0003 29418.1 127.2 0.43  4569.3 -1.9  -0.04
0.001 51604.6 135.5 0.26  4566.0 1.5 0.03
0.003 115024.9  128.8 0.11  4565.0 2.4 0.05
0.01 336976.8  124.7 0.04  4564.9 2.5 0.05

; ecr:nai;t;,?(?n Reduction Peak load  Reduction
kgCO2 kgCO2 % kw kw %

Baseline 47661.8 - - 5126.0 - -



636

637

638
639
640
641
642
643
644
645
646
647

648

649
650
651
652
653
654
655

0.0003 47168.9 492.9 1.03 48548 2712 5.29
0.001 47333.9 327.9 0.69 48422 2838 554
0.003 47403.2 258.6 0.54 48476 2784 543

0.01 474245 237.3 0.50 48525 2735 5.33

4.3.2 Impacts of weighting factor of peak load objective

The weighting factor of peak load objective determines the relative importance of the
peak load objective among other objectives. The higher the y, the more important the
peak load. To investigate the impact of y on the optimization results, the y is set to be
0.1, 1, 10 respectively. It should be noted that different from the parameters of user’s
utility function which effect on single building (though also influence other buildings),
weighting factor of peak load y will directly influence the aggregated peak load of
building cluster. Fig. 13 presents the optimized total power demands of the building
cluster aggregator agent with the varying weighting factor of peak load objective. The
peak load significantly drops from 5126 kW to 4429.8 kW when the y increases from
0.1to 10.
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Fig. 13. Optimized aggregated load schedules of the aggregator agent with the varying

weighting factors of peak load objective.

Fig. 14 shows the optimized power load schedule of four building agents with the
varying weighting factor of peak load objective. Although the peak load of the building
cluster drops with the increase of vy, it is not the case for the peak load of each individual

building. For example, when the y is equal to 10, the peak load of Building 2 is actually
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higher than the peak load when the y is equal to 0.1. This means that each building
agent can be effectively controlled under the guidance of the coordinator agent to

achieve the common goal of aggregated peak load reduction.
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Fig. 14. Optimized load schedules of four building agents with the varying weighting

factors of peak load objective.
4.4 Discussions

The price-based DR scheme is commonly adopted to achieve economical operation.
Based on the results of the two scenarios, it can be seen that the price-based DR can
sometimes result in the increase of carbon emissions, which is inconsistent with the
goal of low-carbon operation of the future energy system. Conversely, the MEF-based
DR scheme address the decarbonization issue to achieve the maximized carbon
reduction, while this scheme may infringe the economic benefits of the aggregator agent.
The hybrid-based DR scheme considers both the dynamic electricity prices and the
MEFs to achieve decarbonization and cost saving. When the dynamic electricity prices
and the MEFs are positively correlated (scenario 1), the effects of hybrid-based DR
scheme are similar to the price-based and the MEF-based DR schemes. All the three
schemes can achieve the reduction of carbon emissions and electricity cost. Whereas,
when the dynamic electricity prices and the MEFs are negatively correlated (scenario

2), the hybrid-based DR scheme can reach a compromise between the price-based and
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MEF-based DR schemes, which can still achieve the reduction of carbon emissions and
electricity cost, though reductions are relatively low. For the future load management
of building cluster towards both decarbonization and economic objectives, the hybrid-
based DR scheme will be a better one compared with the price-based DR scheme or the
MEF-based DR scheme. It is worth mentioning that the two scenarios extracted from
German Electricity Market represent two relatively extreme correlations between
dynamic electricity prices and MEF.

Implementing the proposed MAS-based coordinated optimal energy scheduling
strategy for building cluster demand response requires good network communication
infrastructure. In the multi-agent system, a stable and reliable two-way communication
among the aggregator agent, the coordinator agent, and each building agents to
exchange data concerning load scheduling, energy imbalance and coordination
parameters is essential to successfully implement the proposed strategy. The two-way
communication is readily available with the development of communication
infrastructure for smart grids and smart cities. The influence of network condition on
the convergence of the proposed method in an unstable network environment, as well
as methods to accelerate convergence is important to the applicability of the proposed
strategy, but not addressed in this study.

The load prediction is critically important to the load scheduling strategies, which is
also a very challenging topic. Data-driven models are becoming popular in recent years
as they do not need detailed information about buildings and their energy systems,
which improve the generalization capability of the models and the model-based
strategies in different buildings. As this study focuses on formulating and solving the
multi-objective optimization problem considering both dynamic electricity prices and
marginal carbon emission factors, it is assumed that the day-ahead predicted load
profiles are given as the input of the method. The influences of load prediction

uncertainty on the strategy are not considered, which is a limitation to be addressed.

5. Conclusion

This paper presents a hybrid-based DR scheme for building cluster load management

and develops a MAS-based coordinated optimal load scheduling strategy to implement
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different DR schemes. The MEF is adopted for evaluating the realistic effect of building
cluster DR on carbon emissions. The performance of the strategy in a campus building
cluster load management under three DR schemes (i.e., price-based DR, MEF-based
DR, and hybrid-based DR) are compared in the case study. In addition, the impacts of
correlations between MEFs and dynamic electricity prices are analyzed in two scenarios.
Real German electricity market data are used to test the proposed coordinated optimal
load scheduling strategy. The results show that the price-based DR may result in the
rise of carbon emission, and the MEF-based DR can lead to higher electricity cost. The
hybrid-based DR can achieve a balance between the goals of electricity cost and carbon
emission in both two scenarios, and reduce peak load and maintain utility function at
the same time. More detailed conclusions on the performance of the strategies can be
drawn as follows.

(1) According to the results of case study, in scenario 1 (electricity price and MEF are
positively correlated), all the three DR schemes for load management can reduce
electricity cost and carbon emissions simultaneously.

(2) In scenario 2 (negatively correlated), both the price-based DR and MEF-based DR
cannot achieve the goals of decarbonization and economy at the same time. The
price-based DR can achieve the maximized electricity cost reduction (by 2.07%),
while it will result in the increase of carbon emission (by 2.78%). The MEF-based
DR can achieve the maximized carbon emission reduction (by 5.75%), but it will
lead to the increase of electricity cost (by 2.63%).

(3) In scenario 2 (negatively correlated), both the carbon emission and electricity cost
can be reduced (by 0.69% and 0.03% respectively) by implementing the optimal
strategy, while reductions are insignificant due to the extreme opposite trends of the
price and MEF. Under such a disadvantaged situation, the MAS-based optimal

strategy can still reach a compromise of decarbonization and economic benefits.

As discussed, reliable network communication and load predictions are essential to the
implementation of the proposed MAS-based optimal scheduling method for building
cluster demand response. In future work, uncertainties associated with network
communication and load predictions should be considered and addressed in the strategy

to improve its robustness against those uncertainties.
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