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Abstract: Building cluster load management to harness energy flexibility and reduce 13 

both electricity cost and carbon emissions is an important but inadequately addressed 14 

issue in the context of carbon neutrality. This study develops a multi-agent system 15 

(MAS) based coordinated optimal load scheduling strategy for building cluster load 16 

management in response to dynamic electricity price and marginal emission factor 17 

(MEF) simultaneously. The strategy effectively solves the multi-objective optimization 18 

problem of conflicts, i.e., minimizing the electricity cost, carbon emissions and peak 19 

load while maintaining a good level of users’ satisfaction with electricity use quantified 20 

by a utility function.  Case study on a campus building cluster is carried out to test the 21 

strategy developed. Three demand response (DR) schemes are designed for the building 22 

cluster, i.e., price-based DR, MEF-based DR, and the price and MEF hybrid-based DR 23 

which implements the optimal scheduling strategy developed. In addition, two real 24 

scenarios with opposite correlations between dynamic electricity price and MEF, i.e., 25 

positively correlated (scenario 1) and negatively correlated (scenario 2), are extracted 26 

from German electricity market. The electricity costs, carbon emissions, peak loads, 27 

and utility of the three DR schemes in the two scenarios are critically compared. The 28 
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results show that the price-based DR may result in the rise of carbon emissions, and the 29 

MEF-based DR may lead to higher electricity cost, depending on the correlation 30 

between dynamic electricity price and MEF. The optimal strategy developed can 31 

achieve a compromise between the conflicting objectives in both scenarios. Under the 32 

extremely disadvantageous situation like scenario 2, where the trends of the price and 33 

MEF are completely opposite, the price-based DR results in an increase of carbon 34 

emission of 2.78%, and the MEF-based DR leads to an increase of electricity cost of 35 

2.63%. The hybrid-based DR can reduce the peak power by 5.54% without increasing 36 

electricity cost and carbon emissions in scenario 2. This research provides an effective 37 

optimal load scheduling strategy as well as the application guideline for building cluster 38 

DR management towards decarbonization and economic benefit. 39 

Keywords: building cluster, marginal emission factors, multi-objective optimization, 40 

multi-agent system, demand response 41 

 42 

Nomenclature 

 

𝑥𝑖
𝑘 The load schedules of the individual building 𝑖 in time slot 𝑘 

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

𝑃𝑟𝑤ℎ
𝑘  The electricity prices in time slot 𝑘 

𝑀𝐸𝐹𝑘 The marginal emission factors in time slot 𝑘 

𝑥̅𝑘 The energy imbalance in time slot 𝑘 

𝜆𝑘 The Lagrange’s multiplier in time slot 𝑘 

𝐶𝑘 The electricity cost in the time slot 𝑘 

𝐶𝐸𝑘 The electricity-related carbon emission in time slot 𝑘 

𝑃𝐿 The peak load of the building cluster 

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

𝑆𝑖
𝑘 The sacrifice of utility  

𝑥0,𝑖
𝑘  The load baseline of building 𝑖 at time slot 𝑘 

𝜔𝑖 The preference for electricity use of building 𝑖 to shift the power load 

𝐵𝑢𝑝,𝑖
𝑘  The upper limit of flexible load capacity of building 𝑖 at time slot 𝑘 

𝛼 The weighting factor of the electricity cost objective function 

𝛽 The weighting factor of the carbon emission objective function 

γ The weighting factor of the peak load objective function 

𝜃 The weighting factor of the utility function objective function 

𝜌 The penalty factor of Augmented Lagrange’s multiplier 

𝑠 The number of the iteration step 

𝜀1, 𝜀2 The pre-set stopping threshold 

K The total number of time slots in a day 

N The total number of individual buildings 

 43 



1. Introduction 44 

Demand response (DR), a key demand-side management strategy adopted by smart 45 

grids, is considered as a promising solution to harness energy flexibility[1,2], reduce 46 

peak power demand [3], and relieve power supply-demand imbalance in power 47 

grids[4,5]. Various DR programs such as incentive-based DR and price-based DR 48 

programs are launched to facilitate power consumers to adjust their power uses. The 49 

price-based DR programs usually adopt the dynamic pricing mechanism, which sets a 50 

high price during peak periods and a low price during off-peak periods, to flat the 51 

demand curve [6]. In such programs, power consumers are stimulated to change their 52 

normal demand profiles to benefit from the electricity price variations, i.e., to take 53 

advantage of lower-price periods and avoid higher-price periods [7].  54 

 55 

As major power consumers, buildings consume over 90% of total electricity in Hong 56 

Kong [8] and about 40% of total energy use worldwide [9]. Buildings also have a 57 

considerable amount of flexible loads and capacities which are ideal for participating 58 

DR. For example, the electricity load for space cooling/heating could be shifted by 59 

taking advantage of building thermal mass [10] and active thermal storage [11]. 60 

Buildings can play a significant role in DR programs by adjusting their electrical power 61 

demands in response to the dynamic electricity prices[12,13]. According to the review 62 

conducted by Péan et al. [14], the great majority of published research on building DR 63 

consider economic optimization for price-based DR, in other words, the building power 64 

demand management strategies are commonly implemented to achieve electricity cost 65 

saving.  66 

 67 

With the growing concern about carbon neutrality in recent years, an increasing number 68 

of researchers consider carbon emissions in the optimization strategies for building DR. 69 

The annual average carbon emission factors (CEFs) of grid electricity has been 70 

commonly adopted to evaluate the environmental effects of DR for building [15–17] 71 

and district energy system [18]. However, using annual average CEFs to evaluate the 72 

environmental effects of DR will lead to inaccurate estimation of carbon emissions due 73 

to the wide variations in emission factors of different types of fuels at different time 74 

periods [19]. The temporal granularity of CEFs should be considered for accurately 75 



quantifying the realistic electricity-consumption-related carbon emission [20]. In view 76 

of this, some studies have adopted time-varying CEFs for estimating the carbon 77 

emissions, e.g., electricity mix emission factors (XEFs) [21,22]. XEF is the average 78 

emission factor of the mix of power generators at a given time and varies in different 79 

time intervals, as shown in Fig. 1. Lowry [21] used the hourly XEFs of the electricity 80 

grid in UK to implement building DR on the HVAC system for reducing overall carbon 81 

emissions. The whole year hourly XEFs from the Danish transmission system operator 82 

were used by Vogler-Finck et al. [22] in a model predictive controller to minimize the 83 

carbon emissions of heating system in a single-family house. 84 

 85 

 86 

Fig. 1. Illustration of power generators mix and marginal power generator [20] 87 

 88 

However, using XEFs for evaluating the effect of DR on carbon emissions may still 89 

lead to  misleading results [23]. This is because XEFs assume all power generators react 90 

evenly to the load variations [24]. In fact, different generators have different reaction 91 

to the load variations. Fig. 1 illustrates the marginal power generators and the operation 92 

order of power generators (so-called merit order) to meet the market-level load demand 93 

in a day-ahead wholesale electricity market. The merit order is a way of ranking power 94 

generators in power system based on marginal cost and adjustability. The power 95 

generators with poor adjustability (e.g., nuclear power generators and coal-fired 96 

generators) or low marginal cost (e.g., photovoltaic and wind turbines) are the first ones 97 

to meet demand, and the generators with higher marginal cost (e.g. gas power 98 

generators) will be operated only when the output of the plants with poor adjustability 99 



or low marginal cost cannot meet the loads. The marginal power generator at a given 100 

time is the one that has the lowest marginal cost and still has adjustable capacity [24] 101 

that can be used to respond to DR events. Thus, only the emission factors of marginal 102 

power generator will have influence on the emission calculation in the DR event, which 103 

means that using XEFs to evaluate the effect of DR on carbon emission is not accurate. 104 

Instead, the carbon emission factors of the marginal power plant, which is called 105 

marginal emission factors (MEFs) [20] should be used to estimate the carbon emission 106 

when load varies.  107 

 108 

The energy flexibility of buildings needs to be harnessed through a cluster of buildings 109 

to produce a sufficient aggregated amount to make significant effects on electricity grid 110 

[1]. A building cluster is a group of buildings that can be managed in a coordinated way 111 

by an aggregator such as facility management company [25]. When each building 112 

independently carries out load scheduling strategy without effective coordination, it 113 

may cause critical safety issue for power grid, such as a sharp increase of aggregated 114 

load (called as aggregated peak load) during the period of low electricity price. 115 

Therefore, effective coordinated demand management of the building cluster is needed 116 

to prevent such safety issue and achieve aggregated benefits for power grid [26]. The 117 

multi-agent system (MAS) is one of the domains that deal with modeling multiple 118 

autonomous decision-making agents [27]. According to the definition in [28], each 119 

“agent” in MAS is an intelligent entity, which is placed in an environment and sense 120 

different parameters that are used to make a decision based on its own goal. The agent 121 

has the ability of being sociable, reactive and pro-active [29]. The efficiency of MAS 122 

to solve complex task stems from the division of computational labor inherent in MAS 123 

whereby a complex task is divided into multiple smaller tasks, each of which is assigned 124 

to a distinct agent [30]. Due to its powerful ability to capture the complex interactions 125 

between multiple agents [28] and solve complex tasks, MAS has been widely used in 126 

the field of computer science [31] and has gain attention in the field of micro-grid[32–127 

35] and building energy system [36–38] for coordinated control and energy 128 

management. Hence, MAS is used in this study to achieve the building cluster demand 129 

management in a decentralized manner. Previous studies on MAS-based coordinated 130 

demand management mainly focused on minimizing the electricity cost [29,32] for 131 

price-based DR. In the context of carbon neutrality, how to achieve decarbonization 132 



and guarantee economic benefit for building cluster load management should be clearly 133 

addressed. However, few study considers the MEFs and dynamic electricity prices 134 

simultaneously in the building cluster DR to achieve the decarbonization and economic 135 

goals at the same time. Moreover, as pointed out in [20], the hourly MEFs can be 136 

positively or negatively correlated with hourly dynamic electricity prices due to the 137 

varying output of renewable energy and merit order of power generators. The 138 

correlation between MEFs and dynamic electricity prices is a key factor when 139 

conducting DR to achieve both decarbonization and economic benefit. However, up to 140 

now, few studies have analyzed the impact of different correlations between MEFs and 141 

dynamic electricity prices on the performance of building cluster DR in terms of 142 

electricity cost, carbon emission, peak load, and users’ satisfaction with electricity use. 143 

 144 

Table 1 Comparison of this study with recent research work on similar topics 145 

Refs. Objectives  DR scheme  Scale 

 Electricity 

cost 

Carbon 

emission 

Peak 

load 

Utility 

function 

 Price-

based 

MEF-

based 

Hybrid-

based 

 Single 

building 

Building 

cluster 

[3] √ × √ √  × × ×  × √ 

[5] √ × × √  × × ×  × √ 

[20] √ √ × ×  √ √ ×  √ × 

[33] √ × × ×  √ × ×  × √ 

[40] √ √ √ ×  √ √ ×  √ × 

[41] √ × × √  √ × ×  √ × 

[42] √ × × √  √ × ×  × √ 

[43] √ × √ √  × × ×  √ × 

[44] √ × √ √  √ × ×  × √ 

[45] √ × × ×  √ × ×  √ × 

[46] √ × × √  √ × ×  √ × 

[47] √ × √ √  √ × ×  √ × 

[48] √ × √ ×  × × ×  × √ 

[49] √ × √ ×  √ × ×  √ × 

            

This 

paper 

√ √ √ √  √ √ √   √ 

 146 

Table 1 provides a comparison between the method proposed in this paper and recent 147 

studies. The research gaps are summarized as followed. First, previous studies of DR 148 

have solved the optimal load scheduling problem in the price-based DR scheme, but 149 

none has considered the marginal emission factors and dynamic electricity prices 150 

simultaneously, to the best of the authors’ knowledge. There are a few studies 151 

considered carbon emissions and dynamic electricity price simultaneously; however, 152 



the carbon emissions were usually measured by a fix emission factor which is 153 

unrealistic. Second, understanding of the influences of MEF and dynamic electricity 154 

price correlation on the performance of building cluster optimal load scheduling is 155 

limited. Third, there is little experience in formulating and solving the multi-objectives 156 

problem for optimal load scheduling of building cluster concerning electricity cost, 157 

carbon emission, peak load, and users’ satisfaction, particularly when the multiple 158 

objectives are conflicting. 159 

To fill the research gaps, this study proposes a MAS-based coordinated optimal load 160 

scheduling strategy for building cluster load management in response to dynamic 161 

electricity price and marginal emission factor simultaneously. A complex multi-162 

objective optimization problem of conflicts, i.e., minimizing the electricity cost, carbon 163 

emissions and peak load while maintaining a good level of users’ satisfaction with 164 

electricity use, is developed. The multi-objective function is first decomposed into 165 

several relatively simplified objective functions and then solved locally in individual 166 

component agents. Case study on a campus building cluster is carried out to test and 167 

validate the proposed MAS-based load scheduling strategy. One baseline case without 168 

DR and three DR schemes are considered in the case study, i.e., price-based DR, MEF-169 

based DR, and hybrid-based DR. The optimization results are systematically and 170 

critically compared under two real scenarios with opposite correlations between 171 

dynamic electricity price and MEF. The main contributions of this study are 172 

summarized as followed. 173 

(1) introduce a more realistic carbon emission factor, i.e., the marginal emission factor, 174 

in the building cluster DR management for accurate evaluation of carbon emissions 175 

of load scheduling strategies; 176 

(2) develope an optimal load scheduling strategy for building cluster load management 177 

considering the MEF and dynamic electricity price simultaneously in DR; 178 

(3) discovere the influences of MEF and dynamic electricity price correlation on the 179 

performance of building cluster optimal load scheduling for DR; and 180 

(4) develop a multi-objective function decomposition method and distributed 181 

optimization method based on the ADMM algorithm to solve the multi-objective 182 

optimization problem of building cluster DR in a distributed manner. 183 

 184 



2. Methodology 185 

This study presents a MAS-based coordinated optimal load scheduling strategy. The 186 

performance of the proposed strategy is evaluated under different scenarios. The 187 

methodology framework of the MAS-based coordinated optimal load scheduling 188 

strategy is shown in Fig. 2.  189 

 190 

Fig. 2. Methodology framework of the proposed MAS-based coordinated optimal load 191 

scheduling strategy 192 

Specifically, scheme 1 is to implement load management from the perspective of 193 

electricity cost. The dynamic electricity price will be considered in scheme 1. Price-194 

based DR will be conducted to minimize the electricity cost using dynamic electricity 195 

price, but the carbon emission will be ignored in the optimization. Scheme 1 is the one 196 

that commonly adopted in the past studies. Scheme 2 is from the perspective of carbon 197 

emission. MEF-based DR will be conducted to minimize the carbon emission using 198 

MEF, while the electricity cost will be ignored. Scheme 3 is from the perspective of 199 

both electricity cost and carbon emission. Both dynamic electricity prices and MEFs 200 

will be adopted simultaneously in scheme 3 to minimize both electricity cost and carbon 201 

emission, which is proposed for the first time in this paper. This kind of DR is called 202 

hybrid-based DR. Since the dynamic electricity prices may positively or negatively 203 



correlated with the MEFs, the performance for the three schemes of DR under the two 204 

scenarios, i.e., scenario 1 (positively correlated) and scenario 2 (negatively correlated), 205 

will be evaluated. Another two basic objectives in the operation of the building cluster, 206 

i.e., peak load and utility function, are also considered to meet the basic needs of grid 207 

safety and utility function.  208 

 209 

The MAS approach is adopted to realize the optimal coordinated load scheduling for 210 

building cluster DR. The complex interactions among multiple parties in a building 211 

cluster, including the management company and individual buildings are captured, and 212 

the complex multi-objective optimization problem is formulated. The steps for 213 

implementing the MAS-based optimal coordinated load scheduling of building cluster 214 

is described as follows. Firstly, the multi-objective function is decomposed into several 215 

relatively simple objective functions using the methods of Augmented Lagrangian 216 

Multiplier and dual decomposition (introduced in section 2.3).  Secondly, the simple 217 

objective functions are assigned to each agent in the MAS. Thirdly, the coordinated 218 

optimizations are conducted locally in each agent. Finally, the local optimization 219 

problems are solved using Alternating Direction Method of Multipliers (ADMM) 220 

algorithm, and the optimal solutions, i.e., the optimal load schedules of individual 221 

buildings and the entire building cluster, are obtained. The details of each step are 222 

elaborated in section 2.2-2.4. The performance of the three schemes under the two 223 

scenarios will be comprehensively and critically analyzed in terms of electricity cost, 224 

carbon emission, peak load, and utility function in section 4.1-4.2. The sensitivity 225 

analysis of the parameter of utility function (introduced in section 2.2) and weighting 226 

factors of peak load are conducted in section 4.3. 227 

 228 

2.1 Description of the MAS 229 

The schematic and principle of the proposed MAS is shown in Fig.3. The MAS consists 230 

of two kinds of agents, i.e., component agents and coordinator agent. Component agents 231 

include the aggregator agent and building agents. The aggregator agent has two tasks. 232 

First, the aggregator agent is responsible for facilitating the electricity transaction 233 

between individual buildings and the wholesale electricity market. Second, the 234 



aggregator agent optimizes the day-ahead hourly aggregated load schedules ({𝐿𝑘}𝑘=1
𝐾 ) 235 

for the building cluster DR based on the day-ahead hourly electricity prices ({𝑃𝑟𝑤ℎ
𝑘 }

𝑘=1

𝐾
) 236 

and hourly MEFs ({𝑀𝐸𝐹𝑘}𝑘=1
𝐾 ). After trading completed in the day-head wholesale 237 

electricity market, the electricity prices and MEFs will be determined, which will then 238 

be obtained by the aggregator agent. Each individual building i in a building cluster is 239 

considered as a building agent. The task of the building agent is to optimize the day-240 

ahead hourly load schedules of the individual building ({𝑥𝑖
𝑘}
𝑘=1

𝐾
, 𝑖 ∈ 𝑁). Here, N is the 241 

total number of individual buildings, and K is the total number of time slots in a day 242 

and is set to 24.  243 

 244 

 245 

Fig. 3. Schematic of the proposed MAS 246 

 247 

The coordinator agent is responsible for updating and broadcasting the coordination 248 

parameters to facilitate achieving the coordinated optimal results. If the aggregator 249 

agent and building agents are isolated and conduct optimization individually without 250 

effective coordination, the energy balance constraint may not be satisfied and the 251 

optimization of multiple objectives may not be achieved. The coordinator agent will 252 

ensure the satisfaction of the energy balance constraint and achieve multi-objective 253 

optimization by conducting energy imbalance (𝑥̅𝑘) calculation, coordinate parameter 254 

(𝜆𝑘) update and convergence criteria (𝜀1, 𝜀2) judgement. The coordinate parameter (𝜆𝑘) 255 

and the convergence criteria (𝜀1, 𝜀2) are defined in section 2.3 and 2.4 respectively. 256 



2.2 Optimization objectives 257 

Multiple objectives including electricity cost, carbon emission, peak load and utility 258 

function on electricity usage are considered in the MAS-based optimal load scheduling 259 

strategy for building cluster DR. The multiple objectives are decomposed into several 260 

relatively simple sub-objectives and assigned to different component agents to perform 261 

distributed optimization.  262 

2.2.1 Optimization objectives 263 

 (1) Electricity cost 264 

The electricity cost (𝐶𝑘) refers to the payment of the building cluster to the day-ahead 265 

wholesale electricity market when building cluster buy certain amount of electricity 266 

under the wholesale electricity price at time slot k [41]. The total electricity cost is 267 

determined by the aggregated hourly electricity load and the corresponding wholesale 268 

electricity price [41], as shown in Eq. (1). 269 

 270 

𝐶𝑘 = 𝑃𝑟𝑤ℎ
𝑘 ∙ 𝐿𝑘  (1) 

 271 

where  𝑃𝑟𝑤ℎ
𝑘  is the day-ahead wholesale electricity price at time slot 𝑘 . 𝐿𝑘  is the 272 

aggregated load schedule at time slot 𝑘..  273 

(2) Carbon emission 274 

The electricity-related carbon emission (𝐶𝐸𝑘) refers to the emission imported from the 275 

grid. At time slot k, the carbon emission of the building cluster is determined by the 276 

aggregated hourly electricity load and the emission factor. This study adopts the MEFs 277 

for more accurate calculation of carbon emission when implementing building cluster 278 

DR. The carbon emission of building cluster is calculated by Eq. (2) [40]. 279 

 280 

𝐶𝐸𝑘 = 𝑀𝐸𝐹𝑘 ∙ (𝐿𝑘 − 𝐿0
𝑘) (2) 

 281 

where 𝑀𝐸𝐹𝑘 is the marginal emission factor of the imported electricity at time slot 𝑘. 282 

𝐿0
𝑘  is the aggregated baseline power load of building cluster without DR at time slot 𝑘. 283 

 284 

(3) Peak load 285 



The peak load (𝑃𝐿) refers to the maximum aggregated load of the building cluster over 286 

the K time slots [47] and is considered in this study to address the basic need of grid 287 

safety. The peak load of aggregator agent is shown in Eq. (3).  288 

 289 

𝑃𝐿 = 𝑚𝑎𝑥 {𝐿𝑘}𝑘=1
𝐾  (3) 

 290 

It should be noted that the max operation should be linearized before carrying out 291 

optimization.  In this study, the standard linearization procedure (Eqs. (4-5)) as 292 

recommended in [50] is adopted. First, the continuous variable z (Eq. (4)) is introduced 293 

to substitute original 𝑃𝐿 . Second, K number of binary variables {𝑢𝑘}𝑘=1
𝐾  and a 294 

sufficient large variable M (set as 10000) (Eq. (5)) are introduced to constraint the 295 

continuous variable z. It can be proved mathematically that the Eq. (3) and Eqs. (4-5) 296 

are equivalent [50].  297 

 298 

𝑃𝐿 = 𝑧 (4) 

𝑠. 𝑡.  

{
  
 

  
 

𝑧 ≤ 𝐿𝑘, 𝑘 = 1. . . 𝐾

𝐿𝑘 ≤  𝑧 − 𝑀 ∙ (1 − 𝑢𝑘) , 𝑘 = 1. . . 𝐾

∑𝑢𝑘
𝐾

𝑘=1

≥ 1

𝑢𝑘 ∈ {0,1}, 𝑘 = 1. . . 𝐾

 (5) 

(4)  Utility function 299 

“Utility” is a concept that quantifies the level of users’ satisfaction for consuming a 300 

certain amount of resources which is commonly adopted in economics [51- 54]. Utility 301 

function (𝑈𝑖) expresses the utility as a function of the amount of the resource consumed 302 

[55]. A typical resource concerned in DR applications is the electricity. To this end, this 303 

study defines a utility function to measure the level of users’ satisfaction with electricity 304 

use based on the difference between the baseline electric load and the load after load 305 

shifting. Utility functions were used to solve the optimal operation problem of air 306 

conditioning systems [56] and optimal real-time pricing problem [57]. This study 307 

adopts a commonly used quadratic utility function [42], as shown in Eq. (6). The utility 308 

sacrifice (𝑆𝑖
𝑘) is defined as the difference between the baseline load without DR and the 309 

load after DR [42], which reflects the sacrifice of the electricity users (i.e., buildings in 310 

this study) in adopting DR strategies, as shown in Eq. (7).  311 

 312 



𝑈𝑖
𝑘(𝑥𝑖

𝑘) = 𝜔𝑖 ∙ 𝑥0,𝑖
𝑘 ∙ 𝑥𝑖

𝑘 −
𝜔𝑖
2
(𝑥𝑖

𝑘)2 (6) 

𝑆𝑖
𝑘 = 𝑈𝑖

𝑘(𝑥0,𝑖
𝑘 ) − 𝑈𝑖

𝑘(𝑥𝑖
𝑘) =

𝜔𝑖
2
(𝑥0,𝑖

𝑘 − 𝑥𝑖
𝑘)2 (7) 

 313 

where 𝑥0,𝑖
𝑘  is the baseline power load of building 𝑖 at time slot 𝑘, 𝑥𝑖

𝑘  is the load of 314 

building 𝑖 at time slot 𝑘 after load shifting. 𝜔𝑖 is a pre-determined constant parameter, 315 

which represents the preference of electricity use of building 𝑖 to shift the power load, 316 

𝜔𝑖 > 0. If a building user have higher 𝜔𝑖, it means that the user is more reluctant to 317 

change electricity use. The influence of the parameter of utility function 𝜔𝑖  on the 318 

performance of building cluster load management will be discussed in Section 4. The 319 

goal of each building agent is to minimize its utility sacrifice over the K time slots.  320 

In this study, each building agent can change the power demand and shift load in a day 321 

in response to the dynamic electricity prices and MEFs. It is assumed that the daily total 322 

energy consumption of each building agent is constant before and after load shifting, 323 

as shown in Eq. (8-a) [42]. The shifted loads are not allowed to exceed the upper limit 324 

of flexible load capacity of each building, as shown in Eq. (8-b) [42]. 𝐵𝑢𝑝,𝑖
𝑘  is the upper 325 

limit of flexible load capacity of building 𝑖 at time slot 𝑘. 326 

 327 

𝑠. 𝑡.

{
 

 ∑𝑥𝑖
𝑘

𝐾

𝑘=1

=∑𝑥0,𝑖
𝑘

𝐾

𝑘=1

|𝑥𝑖
𝑘 − 𝑥0,𝑖

𝑘 | ≤ 𝐵𝑢𝑝,𝑖
𝑘

 
(8-a) 

 

(8-b) 

 328 

2.2.2 Description of multiple conflicting objectives 329 

The optimal load scheduling aims to find an optimal solution that minimizes the 330 

electricity cost, the carbon emissions, peak load while maintaining the utility function. 331 

In other words, the objectives are to effectively balance the multiple conflicting 332 

objectives. The following three set of conflicting objectives are included in this study.  333 

(1) Conflicting objective between electricity cost and carbon emissions: as mentioned 334 

in the introduction section, when the MEFs are negatively correlated with dynamic 335 

electricity prices, price-based load shifting will lead to increased emissions. Such a 336 

conflicting objective issue was seldom considered in previous studies.  337 



(2) Conflicting objective between electricity cost/carbon emissions and peak load: 338 

when each building independently carries out load shifting based on the electricity 339 

prices or MEFs without effective coordination, it will cause a sharp increase of 340 

power load during the valley periods of electricity prices or MEFs, thus significantly 341 

rising the aggregated peak load.  342 

(3) Conflicting objective between electricity cost/ carbon emission and utility function 343 

on the electricity usage: the pursuit of electricity cost reduction or carbon emission 344 

reduction will have negative impact on utility function.  345 

Thus, to balance the multiple conflicting objectives, the overall objective function (J) 346 

of the building cluster is adopted considering the weighting factor (𝛼, 𝛽, γ, 𝜃) of each 347 

objective, as shown in Eq. (9) [47]. The overall objective function will be minimized to 348 

obtain the optimal load schedule. The constraints of the optimization problem are 349 

expressed in Eq. (10).  350 

 351 

min 𝐽 = 𝛼 ∙∑𝐶𝑘
𝐾

𝑘=1

+ 𝛽 ∙∑𝐶𝐸𝑘
𝐾

𝑘=1

+ γ ∙ 𝑃𝐿 + 𝜃 ∙∑∑𝑆𝑖
𝑘

𝐾

𝑘=1

𝑁

𝑖=1

 (9) 

𝑠. 𝑡.  ∑𝑥𝑖
𝑘

𝑁

𝑖=1

= 𝐿𝑘 (10) 

 352 

In this study, the ADMM based distributed optimization method is adopted to obtain 353 

the optimization solution between multiple conflicting objectives for building cluster 354 

DR. ADMM is a computing framework especially suitable for solving distributed 355 

convex optimization problems. ADMM decomposes the large global problem into 356 

several smaller and easier to solve local sub-problems through the process of 357 

decomposition and coordination, and obtains the solution of the large global problem 358 

by coordinating the solutions of the sub-problems. 359 

2.3 Distributed optimization method 360 

To obtain a coordinated optimization solution for multiple objective function, the 361 

distributed optimization and decision making is firstly conducted for each component 362 

agent. The objective function of each component agent can be reformulated by using 363 

the decomposition theory, which provides the mathematical method to decompose the 364 

original problem into sub-problems [31]. The multiple objective function in Eq. (9) 365 



with the energy balance constraint (∑ 𝑥𝑖
𝑘𝑁

𝑖=1 = 𝐿𝑘) can be converted into an unconstraint 366 

problem by using the Lagrangian relaxation, as expressed in Eq. (11).  367 

 368 

min 𝐽(𝑥𝑖, 𝐿;  𝜆) =𝛼 ∙∑𝐶𝑘
𝐾

𝑘=1

+ 𝛽 ∙∑𝐶𝐸𝑘
𝐾

𝑘=1

+ γ ∙ 𝑃𝐿 + 𝜃 ∙∑∑𝑆𝑖
𝑘

𝐾

𝑘=1

𝑁

𝑖=1

+∑𝜆𝑘 (∑𝑥𝑖
𝑘

𝑁

𝑖=1

− 𝐿𝑘)

𝐾

𝑘=1

+∑
𝜌

2
(∑𝑥𝑖

𝑘

𝑁

𝑖=1

− 𝐿𝑘)

2𝐾

𝑘=1

 

(11) 

 369 

where 𝐽(𝑥𝑖 , 𝐿;  𝜆) is the Augmented Lagrangian of the original objective function.  𝜆𝑘 370 

is the Lagrange’s multiplier, which is the coordinate parameters of the proposed MAS. 371 

𝜌 is a penalty factor of Augmented Lagrange’s multiplier for enhancing the robustness 372 

when solving the distributed optimization problem. The primal problem (Eq. (11)) can 373 

be solved by introducing the dual problem (Eq. (12)). Since the Eq. (11) is strictly 374 

convex and the strong duality holds, the optimal values of the primal and dual problems 375 

are the same. The primal optimal point (𝑥𝑖
∗𝑘 , 𝐿∗𝑘 ) can be recovered from the dual 376 

optimal point (𝜆∗𝑘).  377 

 378 

max 𝐻(𝜆) = 𝑖𝑛𝑓
{𝑥𝑖
𝑘}
𝑘=1

𝐾
,{𝐿𝑘}

𝑘=1

𝐾

{𝛼 ∙∑𝐶𝑘
𝐾

𝑘=1

+ 𝛽 ∙∑𝐶𝐸𝑘
𝐾

𝑘=1

+ γ ∙ 𝑃𝐿 + 𝜃

∙∑∑𝑆𝑖
𝑘

𝐾

𝑘=1

𝑁

𝑖=1

+∑𝜆𝑘 (∑𝑥𝑖
𝑘

𝑁

𝑖=1

− 𝐿𝑘)

𝐾

𝑘=1

+∑
𝜌

2
(∑𝑥𝑖

𝑘

𝑁

𝑖=1

− 𝐿𝑘)

2𝐾

𝑘=1

} 

(12) 

 379 

The terms in Eq. (12) is substituted with Eqs. (1, 2, 3, 7) and the optimization variables 380 

𝑥𝑖
𝑘 and 𝐿𝑘 are separated as expressed in Eq. (13). The global optimization problem can 381 

then be decomposed into a number of sub-problems. Each sub-problem deals with the 382 

optimization of an individual agent with a given 𝜆. 383 

min
{𝑥𝑖
𝑘}
𝑘=1

𝐾
,{𝐿𝑘}

𝑘=1

𝐾
 [𝛼 ∙∑𝑃𝑟𝑤ℎ

𝑘 ∙ 𝐿𝑘
𝐾

𝑘=1

+ 𝛽 ∙ 𝑀𝐸𝐹𝑘 ∙ (𝐿𝑘 − 𝐿0
𝑘) − 𝜆𝑘𝐿𝑘 + γ ∙ 𝑧]

+ [𝜃 ∙∑∑
𝜔𝑖
2
(𝑥0,𝑖

𝑘 − 𝑥𝑖
𝑘)
2

𝐾

𝑘=1

𝑁

𝑖=1

+ 𝜆𝑘𝑥𝑖
𝑘]

+∑
𝜌

2
(∑𝑥𝑖

𝑘

𝑁

𝑖=1

− 𝐿𝑘)

2𝐾

𝑘=1

 

(13) 

 384 



For the aggregator agent, the aggregated electricity dispatch ({𝐿𝑘}𝑘=1
𝐾 ) is updated using 385 

the objective function shown in Eq. (14). For each of building agent, the electricity 386 

schedule ({𝑥𝑖
𝑘}
𝑘=1

𝐾
) is updated using Eq. (15). Eq.(14) and Eq. (15) are equations to 387 

solve the primal problem. It is solved in a distributed way in different component agents.  388 

{𝐿𝑘,𝑠+1}𝑘=1
𝐾 ≔ argmin

{𝐿𝑘}
𝑘=1

𝐾
∑𝛼 ∙ 𝑃𝑟𝑤ℎ

𝑘 ∙ 𝐿𝑘 + 𝛽 ∙ 𝑀𝐸𝐹𝑘 ∙ (𝐿𝑘 − 𝐿0
𝑘) − 𝜆𝑘,𝑠𝐿𝑘

𝐾

𝑘=1

+
𝜌

2
(𝐿𝑘 − (𝐿𝑘,𝑠 − 𝑥̅𝑘,𝑠))

2

+ γ ∙ 𝑧 

(14) 

 

{𝑥𝑖
𝑘,𝑠+1}

𝑘=1

𝐾
: = argmin

{𝑥𝑖
𝑘}
𝑘=1

𝐾
𝜃∑

𝜔𝑖
2
(𝑥0,𝑖

𝑘 − 𝑥𝑖
𝑘)2 + 𝜆𝑘,𝑠𝑥𝑖

𝑘 +
𝜌

2
(𝑥𝑖

𝑘

𝐾

𝑘=1

− (𝑥𝑖
𝑘,𝑠−𝑥̅𝑘,𝑠))2 

 

(15) 

The coordinator agent calculates the average energy imbalance 𝑥̅𝑘  and updates the 389 

coordinate parameter 𝜆𝑘 by Eq. (16) and Eq. (17) respectively to meet the requirement 390 

of energy balance constraint [31,43,50]. The average energy imbalance 𝑥̅𝑘  term is 391 

introduced to realize the separation of the Augmented Lagrange’s multiplier term into 392 

different distributed optimization equations [31]. The coordinator agent also updates 393 

the coordinate parameter 𝜆𝑘, which is the Lagrange’s multiplier, by solving the dual 394 

problem using the dual ascent method [31] as shown in Eq. (17). The superscript s in 395 

Eq. (14-17) represents the number of the iteration step.  396 

 397 

𝑥̅𝑘,𝑠 =
1

𝑁 + 1
(∑𝑥𝑖

𝑘,𝑠 − 𝐿𝑘,𝑠
𝐾

𝑘=1

) 

 

(16) 

𝜆𝑘,𝑠+1: = 𝜆𝑘,𝑠 + 𝜌𝑥̅𝑘,𝑠 (17) 

 398 

Through the distributed update of the optimization variables (𝑥𝑖
𝑘 and 𝐿𝑘), coordinate 399 

parameter 𝜆𝑘, and average energy imbalance 𝑥̅𝑘 as well as the communication between 400 

the different agents, the MAS gradually obtain the optimal value until the convergence 401 

criteria is reached 402 

 403 



2.4 Convergence criteria 404 

The convergence criteria consist of judging the primal residual and dual residuals [31]. 405 

The primal residual is calculated by Eq. (18-a), which reflects the energy balance 406 

constraint violation. The dual residuals reflect the difference between the current and 407 

last values of each optimized variable and are expressed in Eq. (18-b) for aggregator 408 

agent and Eq. (18-c) for building agents.  409 

 410 

𝑥̅𝑘,𝑠 ≤ 𝜀1 (18-a) 

(𝐿𝑘,𝑠 − 𝐿𝑘,𝑠−1)2 ≤ 𝜀2 (18-b) 

(𝑥𝑖
𝑘,𝑠 − 𝑥𝑖

𝑘,𝑠−1)2 ≤ 𝜀2 (18-c) 

 411 

where, 𝜀1 and 𝜀2 are the pre-set stopping threshold, and 𝜀1 = 𝜀2 = 0.0001 in this study. 412 

The flow chart of the optimal load scheduling strategy by adopting the ADMM 413 

algorithm is presented in Fig. 4.  414 

 415 



Fig. 4. Flowchart for the solution identification using ADMM 416 

 417 

For each step of iteration, each building agent optimizes the load schedule to maximize 418 

its utility function. The aggregator agent optimizes the aggregated load schedule to 419 

minimize the electricity cost, carbon emission and aggregated peak load. The 420 

distributed optimizations in different component agents are conducted in parallel. The 421 

optimization solver Gurobi [58] is adopted to solve the distributed optimization 422 

problems. The coordinator agent updates the parameters, 𝜆𝑘  and 𝑥̅𝑘 , to reduce the 423 

constraint violation, i.e. to meet the requirement of energy balance constraint. Such an 424 

iteration process will be stopped until reaching the pre-set stop threshold (Eqs. 17), or 425 

the maximum iteration number is reached. The maximum iteration number is pre-set to 426 

be 2000 in this study. 427 

3. Case study 428 

The proposed coordinated optimal load scheduling strategy is tested using the data of a 429 

building cluster in a university campus in Hong Kong. Hong Kong is a modern city 430 

located in the sub-tropical region with high power demand density and a heavy use of 431 

air-conditioning systems. The campus building cluster with a total site area of 94,600 432 

m2 are equipped with building automation system for monitoring and controlling the 433 

facilities operation in buildings. Four building blocks with different functions, such as 434 

classrooms, laboratories, offices and library, are selected as the different building 435 

agents. The layout and main functions of the selected buildings are presented in Fig. 5. 436 

The electricity load profiles of these four buildings on July 3, 2015, as shown in Fig. 6, 437 

are adopted to test the proposed strategy for building cluster demand management. In 438 

the case study, the four buildings are considered as 4 building agents. The aggregator 439 

agent, for example the campus building management office, buys electricity from the 440 

day-ahead wholesale electricity market and dispatch to each building. It is assumed that 441 

the DR of the building cluster will not influence the electricity prices of whole-sale 442 

electricity market and MEFs of electricity grid. It should be noted that although four 443 

buildings are selected for testing, the proposed strategy can be also used for optimal 444 

load scheduling of building clusters with more buildings. The method proposed in this 445 



paper is generic and it takes the load characteristics data as external parameters, thus it 446 

is valid for buildings with different load characteristics.  447 

 448 

 449 

Fig. 5. The layout and functions of the adopted buildings in a university campus 450 

 451 

 452 

Fig. 6. Historical electricity uses of the four building agents 453 

 454 

Since the day-ahead dynamic electricity pricing scheme is not implemented in Hong 455 

Kong currently and MEFs data of Hong Kong are also not available, the electricity 456 

prices and MEFs data of the Germany’s electricity market [20] are adopted. It should 457 

be noted that the proposed MAS-based optimal load scheduling strategy takes the 458 

electricity prices and MEFs data as external parameters. Therefore, although the data 459 

of Germany’s electricity market are adopted for testing, the proposed strategy can be 460 

applied in other dynamic electricity market. Due to the dynamic electricity prices may 461 



positive or negative correlation with the MEFs [16, 42], two scenarios, i.e. positive 462 

scenario and negative scenario are considered in this study. The Pearson correlation 463 

coefficient is used to quantify the correlation between electricity prices and MEFs. The 464 

day-ahead electricity prices and MEFs data of Mar. 6, 2019, and Dec. 3, 2019, are 465 

adopted as the two representative scenarios, as shown in Fig. 7(a) and Fig. 7(b) 466 

respectively.  The Pearson correlation coefficients between the electricity prices and 467 

MEFs are 0.68 and -0.78 for scenario 1 (positive correlation) and scenario 2 (negative 468 

correlation), respectively.  469 

(1) In scenario 1 (see Fig. 7 (a)), the valley hours of electricity prices are in the early 470 

morning (before 6:00), afternoon (12:00-17:00), and night (after 22:00), and the 471 

valley hours of MEFs is basically in consistent with electricity prices, though some 472 

fluctuations occur in afternoons. The average of MEFs and electricity prices in 473 

scenario 1 is 0.948 kgCO2eq/kWh and 0.035 EUR/kWh, respectively. The standard 474 

deviation (STD) of MEFs and electricity prices in scenario 1 is 0.179 475 

kgCO2eq/kWh and 0.0065 EUR/kWh, respectively.  476 

(2) In scenario 2 (Fig. 7 (b)), variation patterns of MEFs and dynamic electricity prices 477 

are reversed.  The valley hours of electricity prices are still in the early morning 478 

(before 7:00) and night (after 20:00), while these time slots are in consistent with 479 

the peak hours of MEFs. The average of MEFs and electricity prices in scenario 2 480 

is 0.618 kgCO2eq/kWh and 0.051 EUR/kWh, respectively. The STD of MEFs and 481 

electricity prices in scenario 2 is 0.207 kgCO2eq/kWh and 0.0115 EUR/kWh, 482 

respectively. 483 

 484 

(a)  Scenario 1 the electricity prices and MEFs are positively correlated 485 



 486 

(b) Scenario 2 the electricity prices and MEFs are negatively correlated 487 

Fig. 7. The day-ahead electricity prices and marginal emission factors of the two 488 

scenarios [59]  489 

The parameters of the utility function (𝜔𝑖) are set to be 0.001 for each building agent. 490 

The weighting factor of peak load objective (γ) is set to be 1. The impact of the 𝜔𝑖 and 491 

γ  on the optimization results will be discussed in Section 4.3.1 and Section 4.3.2 492 

respectively. The flexible load capacity is assumed to be 0.2 times of baseline load 493 

(𝐵𝑢𝑝,𝑖
𝑘 = 0.2𝑥0,𝑖

𝑘  ). Three schemes are considered for building cluster load management: 494 

(1) Priced-based DR scheme: The aggregator agent will optimize the load schedule to 495 

minimize the electricity cost but ignore the carbon emission. The weighting factor 496 

𝛼 is set as 10 and 𝛽 is set as 0.  497 

(2)  MEF-based DR scheme: The aggregator agent will optimize the load schedule to 498 

minimize the carbon emission but ignore the electricity cost. The weighting factor  499 

𝛼 is set as 0 and 𝛽 is set as 1.  500 

(3) Hybrid-based DR scheme: The aggregator agent will optimize the load schedule to 501 

minimize the carbon emission as well as electricity cost simultaneously. The 502 

weighting factor  𝛼 is set as 5 and 𝛽 is set as 0.5.  503 

4. Results and discussions 504 

In this section we present the performance of the three DR schemes using MAS-based 505 

optimal load scheduling strategy under two scenarios in terms of electricity cost, carbon 506 

emission, peak load and utility function. The impacts of some key parameter, such as 507 



the utility function and weighting factors, on the optimization results are analyzed. The 508 

limitations of the strategy are discussed at the end of this section. 509 

4.1 Scenario 1: Positively correlated dynamic electricity prices and MEFs 510 

Fig. 8 presents the optimized aggregated power demand schedule of the building cluster 511 

under three DR schemes. As shown in the figure, the hourly aggregated power demand 512 

is equal to the total power demands of four building agents. For the price-based DR, 513 

compared with the baseline of the aggregated power demands, the power load is shifted 514 

from peak-price periods (7:00-9:00 and 18:00-20:00) to the valley-price periods (before 515 

6:00 and after 21:00). The peak power demand in the daytime is reduced from 5126 516 

kW to 4821 kW, as the result of peak load reduction. For the MEF-based DR, compared 517 

with the baseline, the power demand is partly shifted to the early morning (3:00 to 6:00), 518 

afternoon (12:00-17:00), and night (after 22:00) when the MEF is in the valley period 519 

(i.e., around 0.75 kgCO2eq/kWh). The daily peak power demand increases from 5126 520 

kW to 5330 kW. This is because the benefits of carbon emission reduction 521 

implementing MEF-based DR may offset the disadvantage of peak load increasement. 522 

For the hybrid-based DR, the aggregated power demands shifting depends on the 523 

variation of MEFs and dynamic electricity prices simultaneously.  524 

 525 

 526 

Fig. 8. Optimized aggregated load schedule of building cluster DR under scenario 1  527 

 528 



Table 2 Comparison of load scheduling strategy for three DR schemes under scenario 529 

1 530 

DR 

Scheme 
Utility Utility sacrifice 

Electricity 

cost 
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  

DR 

Scheme 

Carbon 

emission 
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  4821.4  304.6  5.94  

Hybrid 78880.5  728.3  0.91  4997.0  129.0  2.52  

 531 

Table 2 summarizes the benefits and drawbacks of the proposed MAS-based 532 

coordinated multi-objective optimal load scheduling strategy for three different DR 533 

schemes under scenario 1. It can be found that implementing the proposed optimal load 534 

scheduling strategy can achieve decarbonization and economic benefit under all the DR 535 

schemes. The highest carbon emission and electricity cost reduction, about 1.68% and 536 

1.30% compared with baseline respectively, can be achieved by MEF-based DR. The 537 

reason is that the variation of MEFs (STD 0.179 kgCO2eq/kWh) is dramatically higher 538 

than the variation of electricity prices (STD 0.0065 EUR/kWh) for the positive 539 

correlation scenario. Therefore, MEF-based DR will shift more amount of load from 540 

peak hours to valley hours of MEFs, resulting in higher carbon emission reduction and 541 

electricity cost saving, but also resulting in a higher peak load (about 3.99%). Moreover, 542 

the hybrid-based DR achieves a compromise between multi-objectives and can be 543 

treated as a compromise solution compared with price-based DR and MEF-based DR. 544 

 545 

Fig. 9 shows the optimized power shifting of each building agent under three DR 546 

schemes. Four buildings show similar load shifting pattern. In general, all the four 547 

buildings shift their loads from the higher to lower periods of prices or MEFs to reduce 548 

the electricity costs or carbon emissions, respectively. It should be noticed that the loads 549 

of four buildings during the price valley period (12:00-17:00) are still shifted to other 550 



periods. This is because that the aggregated peak load occurs in this period, and the 551 

proposed optimal load scheduling strategy can avoid overloading, guarantee grid safety, 552 

and achieve a coordinated optimization between multi-objectives.  553 

 554 

Fig. 9. Optimized power shifting schedule of four building agents under scenario 1 555 

 556 

4.2 Scenario 2: Negatively correlated dynamic electricity prices and MEFs  557 

Fig. 10 presents the optimized aggregated power demands schedule of the building 558 

cluster DR under scenario 2. The results show that the power shifting pattern of the 559 

price-based DR is basically opposite to that of the MEF-based DR due to the negative 560 

correlation between dynamic electricity price and MEF. For hybrid-based DR, 561 

considering the conflicting objectives of electricity cost and carbon emission, the power 562 

load is shifted from afternoon (11:00-17:00) to morning (7:00-9:00) and night (18:00-563 

21:00). 564 



 565 

Fig. 10. Optimized aggregated load schedule of building cluster DR under scenario 2 566 

 567 

Table 3 summarizes the benefits and drawbacks of optimal load scheduling strategy for 568 

three different DR schemes under scenario 2. When the electricity prices and MEFs are 569 

negatively correlated, only considering one objective (electricity cost or carbon 570 

emission) for load scheduling will results in an opposite variation trend for another 571 

objective. For the MEF-based DR, the carbon emission reduces by 5.75% compared 572 

with baseline, while the electricity cost increases by 2.63%. For the price-based DR, 573 

electricity cost reduces by 2.07%, while the carbon emission increases by 2.78%, 574 

compared to the baseline. In this scenario, the electricity cost saving and carbon 575 

emission reduction are not significant compared with the baseline case due to the 576 

extremely opposite variations in the dynamic electricity prices and MEF. When the 577 

price is lower, the MEF is higher. It is a critical challenge to the optimization problem. 578 

The MAS-based load scheduling strategy manages to achieve a compromise between 579 

the electricity cost saving and carbon emissions reduction, and significant peak load 580 

reduction which lowest sacrifice in utility function.   581 

 582 

Table 3 Comparison of load scheduling strategy for three DR schemes under scenario 583 

2 584 

DR 

scheme 
Utility Utility sacrifice 

Electricity 

cost 
Saving 

      % EUR EUR % 

Baseline 51740.1  0.0  - 4567.4  - - 

MEF 50697.2  1042.9  2.02  4687.7  -120.3  -2.63  



Price 51262.4  477.7  0.92  4472.8  94.6  2.07  

Hybrid 51604.6  135.5  0.26  4566.0  1.5  0.03  

DR 

Scheme 

Carbon 

emission 
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  5.54  

 585 

Fig. 11 shows the optimized power shifting of four building agents for the three DR 586 

schemes under scenario 2.  In general, the power shifting pattern of four buildings under 587 

price-based DR is opposite to results of MEF-based DR. In addition, individual 588 

buildings will make their own power shifting decision according to their local 589 

information. Comparing the power shifting schedule between building 1 and building 590 

2 for the MEF-based DR, it can be found that the power shifting in building 1 is larger 591 

than that in building 2 at 8:00. This is because the morning start-up time in building 1 592 

(7:00) is one hour earlier than that in building 2 (8:00), and both of the 7:00 and 8:00 is 593 

the valley period for MEF. Therefore, the building 1 can make full use of the higher 594 

load flexibility at 8:00 to shift higher amount of power to exploit the benefit of lower 595 

MEF. 596 

 597 

 598 

Fig. 11. Optimized load schedule of four building agents under scenario 2. 599 



4.3 Impact of key parameters on load scheduling 600 

The parameter of the user’s utility function and weighting factor of peak load objective 601 

are the two important factors influencing the results of building cluster load schedule. 602 

The impacts of these two parameters are evaluated in this section.  603 

4.3.1 Impacts of parameter of user’s utility function 604 

The utility refers to the level of satisfaction of building agents on electricity use. A 605 

higher 𝜔𝑖 will lead to more reluctant of the users to change their electricity demand. To 606 

investigate the impact of 𝜔𝑖 on the optimization results, this parameter of Building 1 607 

agent is set to be 0.0003, 0.001, 0.003, 0.01 respectively (nearly triple times for each 608 

step), while the parameters of other building agents remain unchanged, i.e. 𝜔𝑖 =609 

0.001, 𝑖 = 2,3,4. Other global parameters also remain unchanged. Fig. 12 shows the 610 

optimized power demands schedule of Building 1 and 2 agents under scenario 2 with 611 

the varying parameters of Building 1 agent’s utility function. The optimized power 612 

demands schedule of Building 3 and 4 agents show similar variation pattern with 613 

Building 2; thus, they are not shown. As shown in the figures, this parameter of 614 

Building 1 agent also influences the load schedule of Building 2 agent. For Building 1, 615 

a higher 𝜔1  leads to less load shifting, which makes the load curve of Building 1 616 

gradually approach the baseline. The amount of load shifting of Building 2 becomes 617 

higher with the increase of 𝜔1, even though 𝜔2 remain unchanged.  618 

 619 



 620 

Fig. 12. Optimized power load schedules of Building 1 and 2 agents under scenario 2 621 

with the varying parameters of Building 1. 622 

 623 

The impact of 𝜔𝑖 on utility sacrifice, electricity cost, carbon emission and peak load of 624 

the building cluster DR are shown in the Table 4. It should be noted that the baseline 625 

utilities are different for each case, thus the value of utility in the Baseline row is not 626 

presented, and the utility sacrifices of each case are calculated with the corresponding 627 

baseline utilities. It can be seen from Table 4 that increasing the 𝜔𝑖 will lead to the 628 

decrease of the utility sacrifice, carbon emission, and electricity cost. However, the 629 

changes gradually decrease with the geometric increase of 𝜔𝑖, which means that when 630 

the 𝜔𝑖  are small (the users are basically not concern about the load variation), the 631 

buildings will show a better energy flexibility.  632 

 633 

Table 4 Impacts of parameter of utility function on the performance of building 634 

cluster DR 635 

 𝜔𝑖 Utility Utility sacrifice 
Electricity 

cost 
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  

𝜔𝑖 
Carbon 

emission 
Reduction Peak load Reduction 

  kgCO2 kgCO2 % kW kW % 

Baseline 47661.8  - - 5126.0  - - 



0.0003 47168.9  492.9  1.03  4854.8  271.2  5.29  

0.001 47333.9  327.9  0.69  4842.2  283.8  5.54  

0.003 47403.2  258.6  0.54  4847.6  278.4  5.43  

0.01 47424.5  237.3  0.50  4852.5  273.5  5.33  

 636 

4.3.2 Impacts of weighting factor of peak load objective  637 

The weighting factor of peak load objective determines the relative importance of the 638 

peak load objective among other objectives. The higher the γ, the more important the 639 

peak load. To investigate the impact of γ on the optimization results, the γ is set to be 640 

0.1, 1, 10 respectively. It should be noted that different from the parameters of user’s 641 

utility function which effect on single building (though also influence other buildings), 642 

weighting factor of peak load γ will directly influence the aggregated peak load of 643 

building cluster.  Fig. 13 presents the optimized total power demands of the building 644 

cluster aggregator agent with the varying weighting factor of peak load objective. The 645 

peak load significantly drops from 5126 kW to 4429.8 kW when the γ increases from 646 

0.1 to 10.  647 

 648 

Fig. 13. Optimized aggregated load schedules of the aggregator agent with the varying 649 

weighting factors of peak load objective. 650 

 651 

Fig. 14 shows the optimized power load schedule of four building agents with the 652 

varying weighting factor of peak load objective. Although the peak load of the building 653 

cluster drops with the increase of γ, it is not the case for the peak load of each individual 654 

building. For example, when the γ is equal to 10, the peak load of Building 2 is actually 655 



higher than the peak load when the γ is equal to 0.1. This means that each building 656 

agent can be effectively controlled under the guidance of the coordinator agent to 657 

achieve the common goal of aggregated peak load reduction. 658 

 659 

Fig. 14. Optimized load schedules of four building agents with the varying weighting 660 

factors of peak load objective. 661 

4.4 Discussions 662 

The price-based DR scheme is commonly adopted to achieve economical operation. 663 

Based on the results of the two scenarios, it can be seen that the price-based DR can 664 

sometimes result in the increase of carbon emissions, which is inconsistent with the 665 

goal of low-carbon operation of the future energy system. Conversely, the MEF-based 666 

DR scheme address the decarbonization issue to achieve the maximized carbon 667 

reduction, while this scheme may infringe the economic benefits of the aggregator agent. 668 

The hybrid-based DR scheme considers both the dynamic electricity prices and the 669 

MEFs to achieve decarbonization and cost saving. When the dynamic electricity prices 670 

and the MEFs are positively correlated (scenario 1), the effects of hybrid-based DR 671 

scheme are similar to the price-based and the MEF-based DR schemes. All the three 672 

schemes can achieve the reduction of carbon emissions and electricity cost. Whereas, 673 

when the dynamic electricity prices and the MEFs are negatively correlated (scenario 674 

2), the hybrid-based DR scheme can reach a compromise between the price-based and 675 



MEF-based DR schemes, which can still achieve the reduction of carbon emissions and 676 

electricity cost, though reductions are relatively low. For the future load management 677 

of building cluster towards both decarbonization and economic objectives, the hybrid-678 

based DR scheme will be a better one compared with the price-based DR scheme or the 679 

MEF-based DR scheme. It is worth mentioning that the two scenarios extracted from 680 

German Electricity Market represent two relatively extreme correlations between 681 

dynamic electricity prices and MEF.  682 

Implementing the proposed MAS-based coordinated optimal energy scheduling 683 

strategy for building cluster demand response requires good network communication 684 

infrastructure. In the multi-agent system, a stable and reliable two-way communication 685 

among the aggregator agent, the coordinator agent, and each building agents to 686 

exchange data concerning load scheduling, energy imbalance and coordination 687 

parameters is essential to successfully implement the proposed strategy. The two-way 688 

communication is readily available with the development of communication 689 

infrastructure for smart grids and smart cities.  The influence of network condition on 690 

the convergence of the proposed method in an unstable network environment, as well 691 

as methods to accelerate convergence is important to the applicability of the proposed 692 

strategy, but not addressed in this study.  693 

The load prediction is critically important to the load scheduling strategies, which is 694 

also a very challenging topic. Data-driven models are becoming popular in recent years 695 

as they do not need detailed information about buildings and their energy systems, 696 

which improve the generalization capability of the models and the model-based 697 

strategies in different buildings. As this study focuses on formulating and solving the 698 

multi-objective optimization problem considering both dynamic electricity prices and 699 

marginal carbon emission factors, it is assumed that the day-ahead predicted load 700 

profiles are given as the input of the method. The influences of load prediction 701 

uncertainty on the strategy are not considered, which is a limitation to be addressed.  702 

 703 

5. Conclusion 704 

This paper presents a hybrid-based DR scheme for building cluster load management 705 

and develops a MAS-based coordinated optimal load scheduling strategy to implement 706 



different DR schemes. The MEF is adopted for evaluating the realistic effect of building 707 

cluster DR on carbon emissions. The performance of the strategy in a campus building 708 

cluster load management under three DR schemes (i.e., price-based DR, MEF-based 709 

DR, and hybrid-based DR) are compared in the case study. In addition, the impacts of 710 

correlations between MEFs and dynamic electricity prices are analyzed in two scenarios. 711 

Real German electricity market data are used to test the proposed coordinated optimal 712 

load scheduling strategy. The results show that the price-based DR may result in the 713 

rise of carbon emission, and the MEF-based DR can lead to higher electricity cost. The 714 

hybrid-based DR can achieve a balance between the goals of electricity cost and carbon 715 

emission in both two scenarios, and reduce peak load and maintain utility function at 716 

the same time. More detailed conclusions on the performance of the strategies can be 717 

drawn as follows. 718 

(1) According to the results of case study, in scenario 1 (electricity price and MEF are 719 

positively correlated), all the three DR schemes for load management can reduce 720 

electricity cost and carbon emissions simultaneously.  721 

(2) In scenario 2 (negatively correlated), both the price-based DR and MEF-based DR 722 

cannot achieve the goals of decarbonization and economy at the same time. The 723 

price-based DR can achieve the maximized electricity cost reduction (by 2.07%), 724 

while it will result in the increase of carbon emission (by 2.78%). The MEF-based 725 

DR can achieve the maximized carbon emission reduction (by 5.75%), but it will 726 

lead to the increase of electricity cost (by 2.63%).  727 

(3) In scenario 2 (negatively correlated), both the carbon emission and electricity cost 728 

can be reduced (by 0.69% and 0.03% respectively) by implementing the optimal 729 

strategy, while reductions are insignificant due to the extreme opposite trends of the 730 

price and MEF. Under such a disadvantaged situation, the MAS-based optimal 731 

strategy can still reach a compromise of decarbonization and economic benefits.  732 

 733 

As discussed, reliable network communication and load predictions are essential to the 734 

implementation of the proposed MAS-based optimal scheduling method for building 735 

cluster demand response. In future work, uncertainties associated with network 736 

communication and load predictions should be considered and addressed in the strategy 737 

to improve its robustness against those uncertainties.  738 

 739 
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