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Abstract: 4 

In demand response programs, users typically modify their energy consumption 5 

behavior in response to the grid. Distributed energy systems (DES) also need users' 6 

participation to ensure the efficient and stable operation of the system, especially under 7 

government-imposed carbon emission quotas. This study proposes a two-level 8 

collaborative demand-side management framework that allows users to participate in 9 

demand response in distributed energy systems, thereby ensuring that the systems’ 10 

carbon emission remain within the quota while minimizing the impact on thermal 11 

comfort. Firstly, the framework realizes coordination between the supply and demand 12 

side. Changing energy use behavior not only reduces the amount of load but also 13 

enhances the system's efficiency. Secondly, different type of users can cooperatively 14 

adjust their air conditioners according to their load characteristics to achieve optimal 15 

overall thermal comfort. The effectiveness of the proposed method is demonstrated in 16 

a DES with four types of buildings, evaluated using two indoor thermal environment 17 

indexes. Under optimal guidance, the system efficiency is improved by 1.9%. 18 

Additionally, there is a 3.3% reduction in carbon emissions, along with a 13.2% 19 

improvement in overall indoor thermal comfort compared with unified temperature 20 

regulation. This study holds positive implications for users’ participation in distributed 21 

energy systems to achieve energy saving and carbon reduction. 22 
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Nomenclature 27 

Abbreviations  
AC Absorption Chiller 
COP Coefficient of Performance 
DE Differential Evolution Algorithm 
DES Distributed Energy System 
DR Demand Response 
HP Heat Pump 
HVAC Heating, Ventilation and Air Conditioning 
ICE Internal Combustion Engine  
IDR Integrated Demand Response 
MAU Make-up Air Unit 
PLR Part Load Ratio 
PMV Predicted Mean Vote 
PV Photovoltaic 
  
Symbols   
chw chilled water 
Cp specific heat 
cw cooling water 
ele electricity 
exh exhaust gas 
ext external 
f function 
int internal 
jw jacket water 
mec mechanical 
P power 
Q energy 
re required 
sh shaft 
η efficiency 

 28 

1 Introduction 29 

Building energy consumption is becoming more significant as occupants' demand for a 30 

comfortable indoor environment increases (Gao et al. 2020; outlook 2020; Jin et al. 31 

2022). Moreover, building energy consumption shows big day-night differences due to 32 

factors such as work schedules and weather changes. These fluctuations in energy 33 

demand present challenges to the stable operation of power grids and distributed energy 34 
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systems (Li et al. 2021). Particularly during extreme weather conditions, the peak power 35 

exceeds the capacity of the generators, requiring partial power cuts to ensure the 36 

adequate power supply of important facilities. This crude method of reducing the load 37 

can have a huge impact on the user's daily life, work, and indoor thermal comfort. To 38 

address this issue, demand response (DR) strategies that the user adjusts the energy 39 

consumption behavior according to the electricity price signal or price incentive are 40 

introduced to reduce the peak electricity consumption or energy consumption in a more 41 

acceptable way (Kirkerud, Nagel, & Bolkesjø 2021; Energy 2006; Smith & Brown 42 

2015; Yan et al. 2018).  43 

In the context of energy conservation and emission reduction, many countries have 44 

proposed the goal of achieving carbon neutrality (Shi et al. 2022). China has proposed 45 

the goal of achieving carbon neutrality before 2060. Under this background, the power 46 

or heating systems are allocated carbon quotas to limit carbon emissions and promote 47 

energy conservation and efficiency improvement (Zhou, Niu, & Lin 2023). The national 48 

carbon market also officially began to trade online in July 2021 (Weng et al. 2022), So 49 

that carbon reduction can obtain additional profits through carbon trading. As an 50 

important energy supply system, the operation of the distributed energy system (DES) 51 

under the carbon policy has received extensive attention, in which, energy sharing 52 

(Zhang et al. 2023), demand response (Yang et al. 2023), and carbon trading (Li et al. 53 

2022; Zhu & Gao 2023) are often considered. Although the carbon quota is allocated to 54 

the energy production side, occupants, as energy consumers, also have an obligation to 55 

change their energy utilization behavior to participate in carbon reduction through 56 

appropriate demand response program.  57 

There are many ways to change a user's load profile to participate in demand response. 58 

Occupants’ electricity consumption behavior changes are often required to reduce the 59 

peak building energy demand (Afzalan & Jazizadeh 2019; Arteconi et al. 2016). 60 

Household appliances such as televisions, clothes washers, kitchen stoves, water 61 

heaters, etc. are usually scheduled for demand response (Su, Zhou, & Tan 2020; Yan et 62 
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al. 2018; Hafeez et al. 2020). Energy storage and building integrated renewable energy 63 

are often optimized as well to increase the flexibility of energy use (Alzahrani et al. 64 

2023). Due to the larger energy consumption proportion of the air conditioning system 65 

in buildings (Wang et al. 2019; Xiao et al. 2022), demand response strategies for air 66 

conditioning systems have been widely studied for their advantages of large regulating 67 

energy and easy adjusting (Romero Rodríguez et al. 2018). Changing the indoor air 68 

temperature is a comment and easy way to participate in the demand response program 69 

(Amin, Hossain, & Fernandez 2020; Erdinç et al. 2017). By increasing the indoor 70 

temperature by 1 ℃, the cooling load of the building can be reduced by around 10% 71 

(Hoyt et al. 2005). To realize the optimal temperature setpoint control for energy 72 

savings and thermal comfort, a reinforcement learning architecture is proposed to 73 

control the whole-building heating, ventilation, and air conditioning (HVAC) systems 74 

(Azuatalam et al. 2020). A maximum weekly energy reduction of 22% can be achieved 75 

compared to a handcrafted controller. Reducing the cooling or heating load by 76 

temporarily increasing the setpoint temperature is an effective way. However, it must 77 

be implemented with careful control to reduce its impact on occupants’ thermal comfort 78 

(Aghniaey & Lawrence 2018).  79 

Adjustment of other parameters of the air conditioning system can also change the 80 

energy consumption of the air conditioning system. The control of the chilled water 81 

temperature, the on/off control of fans, and the supply air temperature of the HVAC 82 

system can be implemented. A study shows that the chilled water supply temperature 83 

control provides the largest electrical power reduction in a commercial building (up to 84 

14.2%). The temperature adjustment strategy is preferable for zones with higher heat 85 

gains (Christantoni et al. 2016). A temperature & humidity setback strategy for HVAC 86 

systems is proposed that adjusts the indoor temperature & humidity simultaneously by 87 

adjusting the supply air and water temperature (Yuan et al. 2021). The results show that, 88 

compared with the strategy of only adjusting indoor temperature, the peak load 89 

reduction can increase by 4.0% and the thermal comfort dissatisfaction can decrease by 90 
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2%. These methods can achieve greater energy-saving effects through careful 91 

adjustment of air conditioning system parameters, but improve the requirements of 92 

system control. Another method that shuts down one or more operating chillers during 93 

a DR event called direct load control is used for emergency load shedding requirements. 94 

This method can achieve fast load curtailment compare to the method of adjusting from 95 

the air conditioning terminal. However, this method requires additional control to 96 

prevent the terminal device from misadjusting and making the method ineffective. 97 

(Wang, Wang, & Tang 2019; Ran et al. 2020; Tang, Wang, & Shan 2018). 98 

The goal of demand response projects is usually to reduce peak power from the grid. 99 

However, unlike air conditioning systems that totally rely on the grid, the energy can 100 

be provided by the internal combustion engine, the grid, and renewable energy in 101 

distributed energy systems (DES) (Tian et al. 2019). This makes differences in the 102 

approach and objective of demand response programs. Integrated demand response 103 

(IDR) strategy that switches between the electricity grid and the natural gas grid is a 104 

special approach in DES (Sheikhi, Bahrami, & Ranjbar 2015; Wang et al. 2017; Huang 105 

et al. 2019). By shifting the energy load from one source to another, the combined use 106 

of different types of equipment allows for significant operational flexibility (Mancarella 107 

& Chicco 2013). This method can reduce the impact of demand response on users. 108 

However, it requires greater redundancy in system design and is not conducive to 109 

energy saving and carbon emissions reduction.  110 

The objective of the demand response program in DES is not limited to reducing the 111 

peak power from the grid but can be expanded to ensuring the system’s carbon 112 

emissions restriction and improving energy efficiency in the context of energy 113 

conservation and carbon quota for energy producers. A multi-energy collaborative 114 

optimization method is proposed for integrated energy systems considering carbon 115 

quota and demand response (Guo et al. 2023). The results indicate that participating in 116 

DR leads to a reduction of 10.18% and 3.41% in operational costs and carbon emissions. 117 

A coordination scheme for electricity and heat interaction among DESs is proposed (Li 118 
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& Yu 2020). The system cost and carbon emission is reduced by 1.59% and 2.76% 119 

under DR. When carbon tax is taken into account, the cost of the system rises but the 120 

carbon emissions drop significantly. In these studies, the overall performance is mainly 121 

improved from the perspective of the system, but the demand response is usually only 122 

an option to change the load, without considering how the load changes and the impact 123 

on users.  124 

In demand response for multiple user participation, in addition to a unified adjustment 125 

mode, some rules are usually used to determine the operation of each user's air 126 

conditioner. A dynamic priority-based control strategy is proposed for systems with 127 

multi-air-conditioning units to reduce the peak load. The distance between the current 128 

indoor temperature and the temperature setpoint is used as the priority of the unit to 129 

start. By applying the proposed strategy in a gym with four HVAC units, 15% of the 130 

peak demand can be reduced while maintaining or lowering energy consumption 131 

(Winstead et al. 2020). The power consumption characteristics of industry users, 132 

commercial users, residential users, and agricultural users are considered in a two-stage 133 

flexible power sales optimization model for electricity retailers. Price-based demand 134 

response and incentive-based demand response are applied to the four types of users. 135 

The results show that different types of demand responses have different emphases on 136 

peak shaving and valley filling, and a combination can achieve the best effect (Yan et 137 

al. 2022). Distributed energy systems typically serve multiple types of buildings/users. 138 

The cooling load characteristics of different buildings are quite different, such as peak 139 

valley difference or proportion of sensible load. These characteristics should be 140 

considered in formulating demand response strategies for better performance. 141 

From the above review, air conditioning systems can participate in demand response 142 

under different application scenarios, objectives, and methods (Fig. 1). However, 143 

existing research on demand response strategies still has the following gaps regarding 144 

its application to distributed energy systems:  145 
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 146 
Fig. 1 Application scenarios, objective, and method of demand response in air 147 

conditioning systems 148 

 In existing demand response programs, users are usually driven by economic 149 

factors so users still do not know what adjustments need to be made to achieve a 150 

specific carbon reduction target, especially in the regulation of air conditioning 151 

systems. In this situation, there is a need for clear demand response guidance to 152 

ensure the effectiveness of demand response and improve users’ participation.  153 

 Existing demand response programs are mainly focused on the system that totally 154 

depends on the grid. In distributed energy systems, the energy is provided by the 155 

internal combustion engine, the grid, and renewable energy. Therefore, the 156 

objective of demand response programs is not limited to reducing the peak power 157 

of the grid, but can also to improving the efficiency of the distributed energy system 158 

and reducing carbon emissions. Therefore, both the energy matching and the 159 

system efficiency interaction between the energy supply side and the demand side 160 

should be considered.  161 

 There are usually different types of buildings in regional distributed energy systems. 162 

Due to their different load characteristics, the load characteristics of various 163 

buildings should be considered in the demand response strategy to formulate 164 

appropriate operation strategies. Demand response projects with multi-user 165 

cooperation should be proposed to achieve a better energy-saving effect and indoor 166 

thermal environment.  167 

Systems totally 
depends on the grid

Distributed energy 
systems

Peak load 
reduction

Cost saving

Efficiency 
improvement

Temperature 
regulation

Operating  parameters 
Adjustment 

• Water temperature 
control

• Fan On/Off control
• Supply air 

temperature control

Direct load control

• Good applicability
• Simple and convenient
• Limited potential
• Great influence on users

• Greater energy saving potential
• Need control devices
• Need parameter optimization

Application scenarios Objective Method Pros and cons

Carbon emission 
reduction

Integrated demand 
response

• Fast response speed
• Need careful control

• Provides great flexibility
• Small impact on users
• Need large system design margin
• Cannot save energyFor both systems

Erdinç et al. 2017; 
Aghniaey & Lawrence 
2018; Amin, Hossain, & 
Fernandez 2020

Christantoni et al. 2016; 
Yuan et al. 2021

Tang, Wang, & Shan 
2018; Ran et al. 2020

Sheikhi, Bahrami, & 
Ranjbar 2015; Wang et 
al. 2017; Huang et al. 
2019

Reference



 

8 

Therefore, this paper proposes a two-level collaborative demand-side management 168 

framework for regional distributed energy systems. The framework aims to provide 169 

HVAC adjustment guidance to different users to achieve system carbon emission quota, 170 

improve system efficiency, and achieve a better indoor thermal environment. To achieve 171 

the two-level collaboration, an aggregator consolidates the information on the supply 172 

and demand side and generate optimal guidance through optimization. Three levels of 173 

carbon quotas are set as constraints and two indoor thermal environment evaluation 174 

indexes are set as objectives in the optimization to verify the effectiveness of the 175 

framework under different scenarios.  176 

The following organization of the paper is as follows: The proposed two-level 177 

collaborative demand-side management framework, system modeling and optimization 178 

are introduced in section 2. A campus is selected for the case study and introduced in 179 

section 3. In section 4, the indoor temperature guidance is optimized under three levels 180 

of carbon emission quotas and two objectives. In section 5, the significance and 181 

limitation of this study are discussed. Finally, conclusions are summarized in section 6. 182 

2 The proposed collaborative demand response framework 183 

The proposed collaborative demand-side management framework is introduced in this 184 

section. The framework of the two-level collaboration demand-side management is 185 

shown in Fig. 2. The system is modeled in TRNSYS, in which the distributed energy 186 

system provides electricity, cooling, and heating energy for different users by 187 

consuming natural gas, electricity from the grid, and renewable energy. Occupants can 188 

change the indoor temperature setting to change the cooling load to participate in 189 

demand response programs. Besides the energy flow between the energy supply side 190 

and the demand side, an aggregator realizes the information interaction between the 191 

supply side and the users by integrating the system operation data and the information 192 

from different buildings. The aggregator is modeled in Python to realize data collection 193 

and system optimization. 194 
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 195 

  196 
Fig. 2 The proposed collaborative demand-side management framework 197 

2.1 Two-level collaboration demand-side management 198 

Carbon emission quotas are usually allocated to energy producers to limit carbon 199 

emissions. The distributed energy systems produce electricity, cooling, and heating 200 

energy to users by consuming natural gas. It depends less on the grid, hence the system's 201 

carbon emission depends mainly on the supplied energy and system efficiency. In 202 

distributed energy systems for many types of buildings, two-level collaboration is 203 

required to achieve system carbon emission quota with higher system efficiency and a 204 

better indoor thermal environment.  205 
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Energy 
Loss

Electricity
Cooling
Heating

Different types of
Buildings

Demand Side

HVAC Adjustment Guidance of Different types of Buildings

System Carbon 
Emission Quota

System Energy Consumption, Efficiency
& Carbon Emission 

Indoor Thermal 
Environment

Two-level Collaboration demand-side management
Collaboration between Supply 

and Demand side
Collaboration between 

Different types of Buildings

Absorption 
Chiller

Power 
Generator

Heat Pump

Natural 
Gas

Grid

TES
Supply 
Water

PV

Electricity

Energy Supply Side

Distributed Energy System

Demand

HVAC 
system

Aggregator

Optimization Variables: Indoor 
temperature setting of buildings

Collection Data from supply and demand side

Optimization

Optimization constrains: System 
carbon emission within quota

Optimization Objective: Less impact 
on indoor thermal environment

Optimization Algorithm: 
Differential evolution algorithm

System Modelling



 

10 

demand side. If the energy demand can be reduced and the load profile can also be 207 

reshaped to make the system efficiency higher, the system can meet the carbon 208 

emission quotas with higher energy production and lower energy loss under higher 209 

efficiency. This is beneficial both for the efficiency of the distributed energy system 210 

and for the thermal comfort of the occupants. 211 

 The second level is to achieve collaboration between occupants in different types 212 

of buildings. Different types of buildings have different patterns of energy use and 213 

show different load characteristics. The temperature changes for different buildings 214 

and different periods have different influences on the load reduction and indoor 215 

thermal environment. If different types of buildings in the distributed energy 216 

systems can adjust the indoor temperature cooperatively, the building with higher 217 

load reduction and lower influence on the indoor thermal environment by 218 

temperature regulation can be adjusted preferentially. A better overall thermal 219 

environment of the buildings can be achieved under carbon emission quotas. 220 

An aggregator is used to achieve the two-level collaboration by consolidating the 221 

information and generating optimal air conditioning temperature setting guidance. After 222 

receiving the system carbon emission quota, the aggregator needs to consolidate 223 

information including system operation conditions and building thermal conditions. 224 

According to the above information, the aggregator needs to obtain the optimal load 225 

profile for the supply side that benefits the system's efficiency and meets the carbon 226 

quota. Then the temperature settings for different buildings can be optimized. Under 227 

this guidance, the system carbon quotas can be achieved with higher system efficiency 228 

due to the reshaping of the building load. A better indoor thermal environment can also 229 

be achieved by considering the building load characteristics.  230 

2.2 The distributed energy system and building models 231 

The distributed energy system is modeled in TRNSYS. The internal combustion engine 232 

(ICE), photovoltaic (PV), and the grid are used to meet the electricity load. The 233 

electricity produced by the PV is firstly used, and the rest part of the electricity load is 234 
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met by the ICE. The waste heat produced by the ICE is recovered by the absorption 235 

chiller to produce the cooling energy for buildings. The insufficient part is met by the 236 

electrical chiller. Excess energy can be stored in the thermal energy storage tank. The 237 

chilled water system uses the variable flow system to deliver the cooling energy to the 238 

terminal units. The make-up air unit is used to handle the fresh air and send it into the 239 

room following the volume of fresh air according to the occupancy. Fan coil units 240 

handle the return air to take away the indoor heat gain. The wind speed of the fan coil 241 

unit is switched between high, medium, and low speeds according to the cooling load 242 

to simulate the user's manual wind speed regulation. The water flow rate is controlled 243 

by valves to meet the temperature setpoint. The chilled water system is assumed to be 244 

controlled ideally based on temperature differential control (7 ℃) to adjust the 245 

operation and calculate the energy consumption of the pumps. The 3D building models 246 

are imported to Type 56 and connected to the air conditioning terminal units. Based on 247 

the system model, the user's setting of air conditioning systems will directly affect the 248 

operation of the energy supply devices, which is used to evaluate the impact of demand 249 

response on building cooling load, system operation efficiency, and energy 250 

consumption in collaborative demand-side management. The mathematical models of 251 

the devices are introduced below: 252 

(1) Internal combustion engine  253 

The internal combustion engine (ICE) calculates the consumed natural gas and the 254 

generated waste heat energy according to the electricity load, which is modeled based 255 

on Type 907 in TRNSYS. A detailed description of the model can be found in reference 256 

(the Solar Energy Laboratory 2017). The input energy of natural gas Qre is calculated 257 

in Eq.1~2. Where, PICE,sh  is shaft power, PICE,out  is power output, 𝜂𝜂𝑚𝑚𝑚𝑚𝑚𝑚  is 258 

mechanical efficiency and ηele  is electricity efficiency. The generated waste heat in 259 

jacket water Qjw and the exhaust gas Qexh is calculated in Eq.3~4, in which, fjw and 260 

fexh are the heat proportion of the jacket water and the exhaust gas. Under different part 261 

load ratios, the efficiency of the model will change according to the performance curve 262 
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fitted based on the manual. The coefficients are shown in Table A1. 263 

 Qre=PICE,sh/ηele (1) 264 

 PICE,sh=PICE,out/ηmec (2) 265 

 Qjw=fjw×(Qre-PICE,sh) (3) 266 

 Qexh=fexh×(Qre-PICE,sh) (4) 267 

(2) Absorption chiller 268 

The absorption chiller (AC) calculates the supplied cooling energy by the input waste 269 

heat, which is modeled based on our previous work (Yuan et al. 2023). Firstly, the 270 

coefficient of performance (COP) is modified by the waste heat and temperature as 271 

shown in Eq.5~9. Therefore, the cooling energy supply ability under the current waste 272 

heat input can be calculated in Eq.10. Then the needed cooling energy of the users is 273 

calculated through the chilled water, as shown in Eq.11. If the needed energy of the 274 

chilled water is lower than the cooling supply, the chiller operates at the cooling demand. 275 

If the needed energy of the chilled water is higher than the cooling supply, the outlet 276 

temperature of the chilled water is recalculated and the COP needs to be re-modified 277 

until it converges. Where, plrheat is the part load ratio of input energy, Qexh and Qjw 278 

are the energy of the exhaust gas and jacket water, Qchw,AC,supply is the supplied cooling 279 

energy, Qchw,AC  is needed cooling energy, a1 –c3  are coefficients to describe the 280 

characteristics of the polynomial, which are shown in Table A2. 281 

 plrheat=(Qexh+Qjw)/(Qexh.rate+Qjw.rate) (5) 282 

 COPplr=(a1×plrheat
3 +a2×plrheat

2 +a3×plrheat+a4)×Qchw.rate/(Qexh+Qjw) (6) 283 

 β=b1×Tchw,AC,out
2 +b2×Tchw,AC,out+b3 (7) 284 

 γ=c1×Tcw,AC,in
2 +c2×Tcw,AC,in+c3 (8) 285 

 COP𝐴𝐴𝐴𝐴 = COPplr×β×γ (9) 286 

 Qchw,AC,supply=(Qexh+Qjw)×COPAC (10) 287 
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 Qchw,AC=Cp×Fchw,AC×(Tchw,AC,in-Tchw,AC,out) (11) 288 

(3) Heat pump 289 

The electricity consumption of the heat pump (HP) is calculated based on the required 290 

cooling demand (Zhang et al. 2020). The outlet temperature of the chilled water is 291 

presupposed, and the needed cooling energy, part load ratio (PLR), and power 292 

consumption can be calculated according to Eq.12~17. If the PLR is larger than 1, the 293 

chilled water outlet temperature is recalculated to keep the cooling energy within the 294 

capacity. Where, Qchw,HP is the cooling energy. Fchw.HP is water flow rate. Tchw,return 295 

and Tchw,HP,out are return and supply water temperature. CAPfull is the capacity of the 296 

HP. P and Pnoc are HP power under actual and nominal conditions. CAPFT, EIRFT, 297 

and EIRFPLR are used to correct heat pump power under different conditions. Tcw,HP,in 298 

is the inlet cooling water temperature. e1– g3 are coefficients that are fitted based on 299 

the performance curve of a heat pump as shown in Table A3. 300 

 Qchw,HP=Cp×Fchw.HP×(Tchw,return-Tchw,HP,out)  (12) 301 

 plr=Qchw,HP/CAPfull (13) 302 

 P=Pnoc×CAPFT×EIRFT×EIRFPLR (14) 303 

 CAPFT=CAPfull/CAPnoc=e1+e2×(Tchw,HP,out/Tchw,HP,out,noc)  304 

 +e3×(Tcw,HP,in/Tcw,HP,in,noc) (15) 305 

 EIRFT=(Pfull/CAPfull)/(Pnoc/CAPnoc)= f1 306 

 +f2×(Tchw,HP,out/Tchw,HP,out,noc)+f3×(Tcw,HP,in/Tcw,HP,in,noc)  307 

 +f4×(Tchw,HP,out/Tchw,HP,out,noc)2+f5×(Tcw,HP,in/Tcw,HP,in,noc)
2 (16) 308 

 EIRFPLR=P/Pfull=g1×plr2+g2×plr+g3 (17) 309 

(4) Cooling coil 310 

The model of the cooling coil is used in the fan coil unit and the make-up air unit 311 

(MAU) for the heat exchange between moist air and water. The chilled water coil model 312 
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(Partially Wet) Type 124 in TRNSYS is used, which is detailed in the reference (the 313 

Solar Energy Laboratory 2017). As shown in Eq.18~24, the designed coefficient of heat 314 

transfer UA is calculated based on the parameter settings. Then, the UA values in 315 

operation are adjusted based on the inlet conditions. Where, the heat transfer rate QMAU 316 

is calculated by the enthalpy-based overall heat transfer coefficient UAh  and the 317 

enthalpy difference. Cp  is the specific heat. UAext  and UAint  are the overall heat 318 

transfer coefficient of the air side and the liquid side, which are adjusted by the flow 319 

rate and inlet temperature of the air and fluid mair, Tair,in, mliq, Tliq,in on the operating 320 

conditions.  321 

 QMAU=UAh×(hout-hin) (18) 322 

 UAh=UA/Cp (19) 323 

 UA=1/(1/(UAext )+1/(UAint)) (20) 324 

 UAext =UAext,rated×xa×(mair /mair,rated )
0.8 (21) 325 

 xa=1+0.004769×(Tair,in-Tair,in,rated) (22) 326 

 UAint =UAint, rated×xw×(mliq/mliq,rated)0.85 (23) 327 

 xw=1+(0.014/(1+0.014×Tliq,in,rated))×(Tliq,in-Tliq,in,rated) (24) 328 

(5) Fan 329 

The power consumption of the fans is calculated in the fan model, which uses Type 330 

744 in TRNSYS (the Solar Energy Laboratory 2017). As shown in Eq.25, the power 331 

consumption of the fan is modified according to the cubic relation of the flow rate. 332 

Where, Pfan is fan power, Pfanrate is the rated fan power, mair is the air flowrate and 333 

mrated is the rated air flowrate. 334 
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 Pfan=Pfanrate×(mair/mrated)3 (25) 335 

(6) Pump 336 

The pump model calculates its power consumption according to the pressure 337 

difference and flow rate. The variable speed pump model Type 742 in TRNSYS is used 338 

(the Solar Energy Laboratory 2017). As shown in Eq.26 the pump power Ppump  is 339 

calculated by the work done in pumping the fluid Wpump, the electric efficiency ηmotor, 340 

and the pump efficiency ηpump . The work done by the pump is calculated by the 341 

pressure difference Δp, fluid flowrate mfluid  and the fluid density ρfluid as shown in 342 

Eq.27. 343 

 Ppump=Wpump/ηpump/ηmotor
 (26) 344 

 Wpump=Δp×mfluid/ρfluid
 (27) 345 

2.3 System optimization 346 

To obtain the optimal user temperature regulation guidance in the aggregator, the 347 

differential evolution (DE) algorithm is used to find the optimal temperature regulation 348 

guidance for different users, which is implemented by the Geatpy algorithm toolbox 349 

(Jazzbin 2020). In the model, the variables are supplied by the DE algorithm in Python 350 

and transferred to TRNSYS for system simulation. The simulation results are then sent 351 

back to Python for further judgment. After the optimization, the optimal daily 352 

temperature guidance for collaborative demand side management for different types of 353 

buildings can be obtained. In the Geatpy algorithm toolbox, the soea_DE_rand_1_bin 354 

algorithm is used. The population is 80 and the maximum generation is 100. Other 355 

parameters are left as default. 356 

(1) Constraints 357 

The limitation that the carbon emission of the DES must be within the quotas is modeled 358 
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as a constraint. The energy balance constraint is already satisfied in the system model 359 

in TRNSYS. Carbon quotas are set based on the system's basic carbon emission, which 360 

is calculated based on indoor temperature settings of 26 ℃ and without demand 361 

response. Since this study mainly focuses on the indoor temperature settings that only 362 

influence the cooling load, the carbon emission of the cooling system is separated and 363 

used for quota calculation. As shown in Eq.28, the carbon emission of the cooling 364 

system is calculated based on the total carbon emission of the system and the proportion 365 

of the electricity consumption of the cooling system to the total electricity consumption. 366 

Where, Vgas is consumed natural gas (m3), Egrid is electricity from the grid (MWh). 367 

ϑgas  and ϑgrid  are carbon emission factors of natural gas and the grid, which are 368 

selected as 1.96 t/m3 and 0.581 t/MWh, respectively (China 2022). EHP, Epump, Efan, 369 

and Etotal  are electricity consumption of the heat pumps, water pumps, fans, and 370 

system total electricity consumption. Three levels of carbon quotas are set as constraints 371 

based on a reduction in basic cooling system carbon emissions of 10%, 20%, and 30% 372 

respectively. Because the relationship between the indoor temperature set points with 373 

carbon emission is hard to describe directly, all cases are calculated first to determine 374 

whether their carbon emissions are within the range. Cases with carbon emissions that 375 

meet the quota will be left for further consideration. This function can be achieved 376 

through a parameter “CV” in the Geatpy algorithm toolbox. 377 

 CEcooling=(Vgas·ϑgas+Egrid·ϑgrid) Echiller+Epump+Efan

Etotal
 (28) 378 

(2) Optimization objective 379 

The objective of the optimization is minimizing the impact on the indoor thermal 380 

environment, in which average predicted mean vote (PMV) and average occupancy-381 

weighted PMV (Occ-PMV) are used. PMV is an evaluation index of occupants’ thermal 382 

response, in which +3 means too hot and -3 means too cold. The PMV relates to the 383 

imbalance between the actual heat flow from the body in a given environment and the 384 

heat flow required for optimum comfort at the specified activity (ASHRAE 2017). The 385 
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PMV is calculated in the Type 56 multizone building model in TRNSYS based on ISO 386 

7730 (2005), considering clothing factors, metabolic rate, and external work. The daily 387 

average PMV of different buildings is calculated in Eq.29, in which n is the number of 388 

buildings, i represents the ith building and j is the hour. Considering building area 389 

differences, higher weight is given to buildings with large floor areas. Occ-PMV is 390 

obtained by weighting PMV according to occupancy as shown in Eq.30. Where, Occi,j 391 

is the occupancy (between 0 and 1) of the ith building in hour j. The indoor thermal 392 

environment can be guaranteed preferentially during periods with higher occupancy 393 

when using Occ-PMV.  394 

 PMVave= 1
24n
∑ ∑ (24

j=1
n
i=1 Areai Areatotal⁄ ×PMVi,j) (29) 395 

 Occ_PMVave= 1
24n
∑ ∑ (Occi,j× Areai Areatotal⁄ ×PMVi,j)

24
j=1

n
i=1  (30) 396 

(3) Optimization variables 397 

In the optimization model, the indoor temperature setpoints of the four types of 398 

buildings in each hour are optimization variables. For simplicity, the temperature 399 

setpoint of each room during a period is merged into one variable. Each building uses 400 

5 variables to represent temperature setpoints during 23:00~6:00, 7:00~11:00, 401 

12:00~13:00, 14:00~18:00, and 19:00~22:00, respectively. In this way, there are 20 402 

variables for the daily demand response guidance for 4 types of buildings. The value of 403 

each variable is an integer between 25 ℃ and 28 ℃.  404 

(4) Evaluation index 405 

To analyze optimization results, Load_PMV index and Load_Occ_PMV index are 406 

proposed. The Load_PMV index is the cooling load reduction under unit PMV variation, 407 

which is calculated as Eq.31. 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑖𝑖,𝑗𝑗𝑇𝑇  is the cooling load of the ith building in tome j 408 

with an indoor temperature of T. The larger value means that the cooling load can be 409 

reduced with less effect on the occupant’s comfort. Load_ Occ_PMV index pays more 410 

attention to the indoor thermal environment when the occupancy is higher. As shown 411 
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in Eq.32, in the Load_ Occ_PMV index, indoor PMV is given higher weight when the 412 

occupancy is high. These two evaluation indexes can be used to analyze the trend of 413 

the optimal temperature guidance. 414 

 Load_PMVi,j=(Loadi,j
T -Loadi,j

26)/(PMVi,j
T -PMVi,j

26) (31) 415 

 Load_Occ_PMVi,j=(Loadi,j
T -Loadi,j

26)/[Occi,j×�PMVi,j
T -PMVi,j

26�] (32) 416 

3 Case study 417 

A campus in the hot summer and cold winter area in China is selected for the case study. 418 

The gross floor area of the buildings is approximately 478600 m2, with the air 419 

conditioning system covering 70% of the area. Four types of buildings with four typical 420 

building load characteristics are selected as shown in Fig. 3. In dormitories (D) and 421 

teaching buildings (T), the occupants’ density is high, resulting in a greater proportion 422 

of the latent cooling load due to the larger number of occupants and fresh air volume. 423 

Conversely, in residential (R) and office buildings (O) the density of occupants is 424 

relatively low and the heat gain of equipment is larger, resulting in a higher sensible 425 

cooling load. From another dimension, office and teaching buildings have a higher 426 

cooling load during the day as they are primarily occupied during that time. In contrast, 427 

the cooling load of the dormitory and the residential show less difference between day 428 

and night. The diverse load characteristics observed in these dimensions provide 429 

valuable insights into the relationship between load characteristics and temperature 430 

regulation rules in demand response management. 431 
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 432 
Fig. 3 Cooling load of the four types of buildings 433 

The annual electricity, cooling, and heating load are calculated under the indoor 434 

temperature of 26 ℃ and relative humidity of 60% (Fig. 4). The peak electricity, cooling, 435 

and heating load is 26038 kW, 55270 kW, and 20347 kW, respectively. Three ICEs with 436 

9500 kW, three absorption chillers of 7400 kW, and four heat pumps of 7735 kW are 437 

selected to meet the load. On the demand side, each type of building is represented by 438 

a room model and multiplied to calculate the total load of the buildings. The design of 439 

the terminal device of the HVAC system is shown in Table 1. Fan coil units are selected 440 

according to the indoor load of each building model, and MAUs are selected according 441 

to the cooling demand of handling the fresh air. 442 
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 443 
Fig. 4 Annual electricity, cooling, and heating load of the DES 444 

Table 1 HVAC system terminal equipment design  445 

Building Types 
Dormitory 

(D) 
Teaching Building 

(T) 
Office 

(O) 
Residential 

(R) 
Number of buildings 93 5 42 134 

Fan coil unit 
Unit number in each building 

model 
26 52 40 12 

Cooling capacity (kW) 2.13 16.07 12.94 3.26 
Sensible cooling capacity 

(kW) 
1.43 9.76 9.52 2.37 

Air flowrate (m3/h) 330 2020 2040 500 
Water flowrate (kg/s) 0.07 0.55 0.44 0.11 

Make-up air unit 
Unit number in each building 

model 
1 3 2 1 

Cooling capacity (kW) 99.6 703 252.2 24.2 
Sensible cooling capacity 

(kW) 
40 284.3 101.3 9.75 

Air flowrate (m3/h) 6000 45000 15000 1500 
Water flowrate (kg/s) 3.4 24.0 8.6 0.8 

 446 

4 Results and analyses 447 

The performance of the system is simulated and analyzed. Firstly, the characteristics of 448 

the system supply and demand side under different indoor temperatures are analyzed. 449 

Then, guidance under three levels of carbon quotas is optimized and discussed. Finally, 450 

considering per capita thermal comfort, different evaluation index is used in the 451 
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optimization. 452 

4.1 Characteristics analysis of the system supply and demand side  453 

The operation of the distributed energy system in the unified temperature regulation is 454 

analyzed. When the indoor temperature of each building is set to 26 ℃ as shown in Fig. 455 

5, the peak cooling load of the DES is around 47900 kW. The cooling load is fulfilled 456 

by the absorption chiller (AC) and the heat pumps (HP). Low electrical load and high 457 

PV output decrease the power generated by the ICEs, resulting in reduced cooling 458 

produced by the absorption chiller. The electricity balance figure demonstrates that the 459 

internal combustion engine (ICE), photovoltaic (PV), and the grid meet the total 460 

electricity demand including the electricity demand of the buildings as well as the 461 

electricity consumption of the HPs, pump, and fans. The ICEs produce the majority of 462 

the electricity load. During periods of high solar radiation, the power of the ICEs can 463 

be reduced by 42%.  464 

  465 
(a) System cooling energy balance   (b) System electricity balance 466 

Fig. 5 System cooling energy and electricity balance 467 

The impact of different temperature settings is analyzed in Fig. 6. By increasing the 468 

indoor temperature from 26℃ to 27℃ and 28℃, the total carbon emission reduction 469 

ratio of the system is 5.6% and 10.3%. These reductions are primarily due to the cooling 470 

system emitting less carbon. Consequently, the carbon emission reduction ratio of the 471 

cooling system increases to 17.3% and 32.5%. From Fig. 6 (b), as the indoor 472 

temperature rises from 26℃ to 27℃ and 28℃, the cooling load reduction ratio is 12.1% 473 

and 24.4%. Additionally, as the indoor temperature increases (from 26℃ to 28℃), the 474 
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system's primary energy efficiency slightly improves, rising from 84.5% to 85.4%, 475 

contributing to further carbon emission reduction.  476 

 477 

(a) Environmental performance   (b) Energy and efficiency performance  478 
Fig. 6 System performance under different indoor temperatures 479 

The cooling load of the four types of buildings is shown in Fig. 7, the cooling load of 480 

the office buildings (O) accounts for over 60% of the total cooling load in the daytime 481 

because of its large area proportion. Additionally, the cooling load of the office building 482 

and the teaching building (T) shows a large night and day difference. In contrast, the 483 

fluctuation in the cooling load of the residential buildings (R) and dormitories (D) is 484 

relatively minor. This difference is primarily attributed to occupants’ activity schedules.  485 

 486 
Fig. 7 Cooling load of four types of buildings 487 

The indoor thermal environment of the four types of buildings is illustrated in Fig. 8. 488 

The actual indoor temperatures of all the buildings fluctuate around the temperature 489 

setpoint (26 ℃). However, the relative humidity and the PMV of the building are 490 

different due to moisture differences and the lack of precise humidity control. The 491 

dormitories and teaching buildings have higher indoor relative humidity (70%) due to 492 
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high occupancy density. In contrast, office buildings and residential buildings maintain 493 

an indoor humidity level of around 60% most of the time, as they have more electronic 494 

equipment. 495 

  496 
(a) Dormitories (D)      (b) Teaching buildings (T) 497 

 498 
(c) Office buildings (O)     (d) Residential buildings (R) 499 

Fig. 8 Indoor thermal environment of four types of buildings 500 

Due to variations in the cooling load composition across different types of buildings, 501 

the cooling load under different indoor temperature setpoints is compared. As shown in 502 

Fig. 9, the daily cooling load reduction of four types of buildings is different with the 503 

indoor temperature increasing from 26 ℃ to 28 ℃. Adjusting the indoor air temperature 504 

in office buildings has the lowest load reduction effect. Increasing the indoor 505 

temperature to 28°C results in a decrease of 20.8% and 22.8% in sensible and latent 506 

heat loads, respectively. The reason may be that the equipment load of office buildings 507 

accounts for a large proportion, which is not sensitive to indoor temperature. In contrast, 508 

the cooling load variation for dormitories, and residential buildings are larger under 509 

different indoor temperatures. Teaching buildings have the highest occupancy density. 510 

Consequently, teaching buildings have the highest proportion of latent cooling load. As 511 
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a result, teaching buildings achieve the highest reduction in latent cooling load but a 512 

relatively lower reduction in sensible cooling load. This means that adjusting the air-513 

conditioning system of different types of buildings can achieve different energy-saving 514 

effects.  515 

 516 
Fig. 9 Cooling load of four types of buildings under different indoor temperatures 517 

Load reduction differences also varied at different hours. Whenever the room 518 

temperature is adjusted, the PMV changes are similar but the load changes are different. 519 

Consequently, the Load_PMV index is utilized to evaluate the cooling load reduction 520 

under unit PMV variation. The larger value means that the cooling load can be reduced 521 

with a smaller impact on the occupant’s comfort, which should be considered in the 522 

demand response prioritized. Fig. 10 illustrates significant differences in the index 523 

among different buildings and time intervals. During the early morning period 524 

(0:00~6:00), the Load_PMV index of dormitories is higher. In the daytime, the teaching 525 

building has the highest Load_PMV (higher than 80). The index for office buildings is 526 

stable throughout the day, generally below 40. The index for residential buildings is 527 

higher in the evening. Adjusting temperature during the period with a higher 528 

Load_PMV index should be given higher priority in demand response strategies. 529 

Understanding this characteristic can facilitate the implementation of collaborative 530 

demand-side management for multiple users. 531 
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 532 
Fig. 10 Load_PMV index of four types of buildings under different indoor 533 

temperatures 534 

4.2 Optimal guidance under different carbon quotas  535 

The proposed demand-side management optimization framework aims to optimize the 536 

indoor temperature setpoint of each building to minimize the impact on users with the 537 

goal of achieving carbon emission quotas. Based on the reference case with 26 ℃ 538 

indoor set temperature for all buildings, 10%, 20%, and 30% of three carbon reduction 539 

targets were set and the indoor temperature setpoints are optimized. The three scenarios 540 

are named PMV_10%, PMV_20%, and PMV_30%. The optimized indoor air 541 

temperature setpoints for four types of buildings in the PMV_10% scenario are shown 542 

in the first row in Fig. 11. In dormitory buildings, the indoor air temperature is increased 543 

to 28 ℃ during 0:00~7:00 and 19:00~0:00, while it is reduced during 12:00~14:00. In 544 

teaching buildings, the indoor temperature is increased to 28 ℃ during 7:00~12:00 and 545 

14:00~23:00. The temperature increase in the office buildings is small, the temperature 546 

setpoint is reduced to 25 ℃ in the day time. In residential buildings, the temperature of 547 

the room rises to 28 ℃ primarily in the afternoon and evening. The temperature settings 548 

for each building in the PMV_20% and PMV_30% scenarios have the same trend as 549 

the PMV_10% scenario, but the duration of the high-temperature setting increases. The 550 

results indicate that different types of buildings should collaboratively adjust their 551 

temperature settings based on their characteristics. 552 
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 553 
Fig. 11 Optimal indoor temperature guidance in three carbon quota scenarios 554 

Under the above optimal temperature setting guidance, the system performance is 555 

compared in terms of the environment, energy, efficiency, and thermal comfort aspects. 556 

As shown in Fig. 12 (a), the carbon emission of the cooling system is 56.2 t under the 557 

reference scenario (26 ℃). With the reduction of the cooling carbon reduction, the total 558 

carbon emission reduction can reach 3.6%, 6.4%, and 9.8% in three scenarios. 559 

Compared with the unified temperature setting scenarios, the system carbon emission 560 

in the PMV_10% scenario is between the 26 ℃ and 27 ℃ scenarios. the system carbon 561 

emission in PMV_20% and PMV_30% scenario is between the 27 ℃ and 28 ℃ 562 

scenarios. From energy performance in Fig. 12 (b), the supplied cooling energy is 563 

reduced by 5.4%, 11.9%, and 20.7% under PMV_10%, PMV_20%, and PMV_30% 564 

scenarios. The collaboration between the demand and supply sides results in the 565 

primary energy efficiency of 85.5%, 86.4%, and 85.8% in PMV_10%, PMV_20%, and 566 

PMV_30% scenarios respectively, surpassing the highest efficiency achieved in unified 567 

temperature scenarios (85.4%). The improved system efficiency reduces the energy loss 568 

from the supplied side, resulting in more energy being available for users. This, in turn, 569 

enhances user thermal comfort. From the indoor environment in Fig. 12 (c), although 570 

different scenarios have different carbon emissions and indoor environment, the 571 
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average PMV in the PMV_20% scenario is 0.46, which is 13.2% lower than the 27℃ 572 

scenario (0.53) with 3.3% lower carbon emissions. Therefore, the optimal scenario has 573 

a better indoor thermal environment with lower carbon emissions compared with 574 

unified temperature regulation.  575 

 576 
(a) Environmental performance under different scenarios 577 

 578 
(b) Energy and efficiency performance under different scenarios 579 

 580 
(c) Indoor thermal environment under scenarios 581 

Fig. 12 System performance under different scenarios 582 
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Optimal temperature settings vary based the characteristics of various types of buildings. 584 

Due to the higher occupant density in dormitories and teaching buildings, the two types 585 

of buildings have greater load reduction as the indoor temperature increases, 586 

particularly during occupant hours. As a result, the temperature settings of the two types 587 

of buildings are prioritized for increases during occupant hours. This trend is further 588 

supported by the Load_PMV index. Fig. 13 shows the duration of different buildings 589 

to increase the indoor temperature and the average PMV index. When 10% of the 590 

cooling carbon emission is reduced, the indoor temperature is set to 28 ℃ for over 12 591 

hours in dormitories and teaching buildings. Only 4 hours is set to 27 ℃ in office 592 

buildings. Eight hours is set to 28 ℃ and 5 hours is set to 27 ℃ in residential buildings. 593 

The time period with the temperature adjusted to 28 ℃ is associated with a higher 594 

average Load_PMV index. The results demonstrate a strong correlation between the 595 

optimal temperature settings and the Load_PMV index. The indoor temperature 596 

increases preferential during the time with a higher Load_PMV index to achieve the 597 

emission reduction target with minimal thermal comfort impact. 598 

 599 
(a) PMV_10% scenario 600 

 601 
(b) PMV_20% scenario 602 
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 603 
(c) PMV_30% scenario 604 

Fig. 13 Load_PMV indexes under different scenarios 605 

4.3 Optimal guidance considering the capita thermal comfort level  606 

From the above analyses, the buildings and periods with higher cooling load reduction 607 

under the same PMV increase are adjusted preferential, which is quantified by the 608 

Load_PMV index. However, it was observed that these periods often had high 609 

occupancy, meaning that the indoor thermal environment was poor when most residents 610 

were present in the building. Therefore, the Load_Occ_PMV index is introduced to 611 

reflect the thermal comfort level per capita and is used as the optimization objective. 612 

More attention is paid when the occupancy is higher, which may result in a higher 613 

indoor thermal environment at occupant time. The Load_Occ_PMV index in different 614 

buildings is shown in Fig. 14. Compared with the Load_PMV index, the 615 

Load_Occ_PMV index is smaller when the occupancy is higher. The Load_Occ_PMV 616 

index for dormitory buildings and residential is lower at night. For office buildings, the 617 

index is lower in the daytime. For the teaching building, except during the load increase 618 

period, the index is higher during the daytime because there is no occupant at night. In 619 

summary, the Load_Occ_PMV index helps in prioritizing the adjustment of indoor 620 

temperature based on occupancy levels. It ensures that more emphasis is given to 621 

periods when more people are present, thereby improving the overall thermal comfort 622 

experience of occupants.  623 

0
5
10
15
20
25
30
35
40
45
50
55

0

5

10

15

20

25

30

35

D T O R

PM
V-

Lo
ad

  i
nd

ex

Te
m

pe
ra

tu
re

 se
tti

ng
 d

ur
at

io
n 

(h
ou

r) 

Building Types

Duration of 27 ℃ Duration of 28 ℃

Load-PMV Index 27 ℃ Load-PMV Index 28 ℃



 

30 

  624 
 (a) Dormitories (D)     (b) Teaching buildings (T) 625 

  626 
 (c) Office buildings (O)     (d) Residential (R) 627 

Fig. 14 Load_Occ_PMV index of four types of buildings under different indoor 628 
temperatures 629 

The optimal temperature setting guidance using the Occ_PMV index is shown in Fig. 630 

15, the trend is different from the results under the Load_PMV index. From the 631 

optimized indoor air temperature setpoints in Occ_PMV_10% scenario, the indoor air 632 

temperature in dormitories is increased to 28 ℃ during daytime and is reduced to 25 ℃ 633 

at night. In office buildings, the temperature is increased to 27 ℃ and 28 ℃ at night. 634 

The indoor thermal environment of these two types of buildings is guaranteed. However, 635 

to achieve the total carbon emission quota, the temperature is higher in the other two 636 

types of buildings. In teaching buildings, the temperature is increased to 28 ℃ in the 637 

daytime, despite the relatively high occupancy rate. The temperature of the residential 638 

buildings is increased to 27 ℃ at 8:00 and further increased to 28 ℃ at 14:00. With the 639 

increase of the carbon reduction target, the indoor temperature of all types of buildings 640 

is increased accordingly. In the Occ_PMV_20% and Occ_PMV_30% scenarios, the 641 

dormitory building experiences almost all-day temperatures of 28°C. As for teaching 642 

-100

-50

0

50

100

150

200

0 2 4 6 8 10 12 14 16 18 20 22 24

O
cc

-P
M

V-
Lo

ad
 in

de
x

Time (Hour)

D 27 ℃ D 28 ℃

0

100

200

300

400

500

0 2 4 6 8 10 12 14 16 18 20 22 24

O
cc

-P
M

V-
Lo

ad
 in

de
x

Time (Hour)

T 27 ℃ T 28 ℃

-100

0

100

200

300

400

500

0 2 4 6 8 10 12 14 16 18 20 22 24

O
cc

-P
M

V-
Lo

ad
 in

de
x

Time (Hour)

O 27 ℃ O 28 ℃

-100

-50

0

50

100

150

200

0 2 4 6 8 10 12 14 16 18 20 22 24

O
cc

-P
M

V-
Lo

ad
 in

de
x

Time (Hour)

R 27 ℃ R 28 ℃



 

31 

buildings, due to the low Load_Occ_PMV index at night, the temperatures did not rise 643 

above 26 ℃ at night. In office buildings, the index is lower in the daytime, so the indoor 644 

temperature stays at 25 ℃. However, with the carbon limitation further increasing to 645 

30%, the indoor temperature should be increased to 28 ℃ at most times of the day to 646 

ensure the carbon emission is within the quota. As for residential buildings, under the 647 

constraints of different levels of carbon quotas, the temperature setting of the day does 648 

not change much, and the indoor thermal environment at night can be ensured. This can 649 

be attributed to the fact that residential buildings have a lower Load_Occ_PMV index 650 

compared to the other building types, making temperature regulation for load reduction 651 

less critical. 652 

 653 
Fig. 15 Indoor temperature optimization results under Load_Occ_PMV index 654 

The indoor thermal environment and system performance under the optimal 655 

temperature setting under the Load_PMV index and Load_Occ_PMV index are 656 

compared with the unified temperature settings. As shown in Fig. 16, comparing the 657 

indoor thermal environment under the Load_PMV index and the Load_Occ_PMV 658 

index, there is little difference in indoor thermal comfort under the same carbon 659 

emission quota. Using the Load_PMV index results in a lower average PMV value, but 660 
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the occupancy-weighted PMV (Occ_PMV) is higher. For instance, under the 20% 661 

cooling carbon reduction target, the average PMV by using the Load_PMV index is 662 

0.46, which is lower than the PMV by using the Load_Occ_PMV index (0.52). 663 

However, the Occ_PMV is higher in the Occ PMV 20% scenario, indicating a higher 664 

average thermal environment during the occupants’ time. From the perspective of 665 

system carbon emission, choosing different evaluation indexes as optimization goals 666 

has limited influence on the carbon emission of cooling systems. Under the 20% 667 

cooling carbon reduction target, the carbon emissions of cooling systems are nearly the 668 

same, and both are lower than the emission in scenario of 27 ℃. This result means 669 

under the optimal temperature settings, the occupant can get a higher indoor thermal 670 

environment under less system carbon emissions compared with the unified 671 

temperature setting.  672 

  673 
(a) Indoor thermal environment   (b) Carbon emission  674 

Fig. 16 Indoor thermal environment and carbon emission under two indexes 675 

5 Discussion 676 

This study focuses on demand response for distributed energy systems with multi-users 677 

for carbon reduction, efficiency improvement, and less impact on users. Although 678 

carbon emission reduction has been proposed for a long time, it seems that it is only 679 

related to the energy production side, and the direct relationship with consumers is not 680 

clear. Therefore, it is necessary to involve users in carbon reduction through demand 681 

response strategies to enhance their understanding of the effects of their behaviors. 682 

Therefore, it is necessary to provide simple, feasible, easy-to-operate, and low-impact 683 
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ways to promote user participation. Users can adjust the air conditioner themselves 684 

following the guidance provided by the aggregator, or authorize the aggregator to adjust 685 

it automatically. However, the study has limitations as it only considers the case of 686 

system carbon emission within the carbon quota, disregarding the economy of carbon 687 

trading, and building income. Particularly, when the system design changes (e.g., higher 688 

renewable energy capacity, smaller internal combustion engine capacity), the system 689 

becomes more integrated with the grid. The aim of the demand response may have to 690 

focus more on increasing the utilization ratio of renewable energy, reducing the peak 691 

demand from the grid or enhancing the economic performance of the participants and 692 

the DESs. Including these elements can broaden the application scope and yield more 693 

insightful results. In addition, the optimization process is hindered by the complexity 694 

of the system and building models, necessitating a balanced approach to address the 695 

trade-off between model complexity and optimization time. Future work will focus on 696 

exploring the economy aspects, simplifying models, and incorporating greater user 697 

diversity. 698 

6 Conclusions  699 

In this paper, a two-level collaborative demand-side management framework for 700 

distributed energy systems is proposed. The objective is to ensure that the system's 701 

carbon emissions are within the allocated quota while minimizing the thermal impact 702 

on occupants by providing optimal indoor temperature guidance. The optimal 703 

temperature settings are determined by taking into account the collaboration between 704 

the energy supply side and the demand side, as well as the collaboration between 705 

different users. Three levels of carbon quotas and two indoor thermal environment 706 

evaluation indexes are used in the case study. The following conclusions can be 707 

summarized: 708 

 In the proposed two-level demand-side management framework, the optimal 709 

indoor temperature settings for various types of buildings are obtained under 710 

different levels of carbon quotas. Through the collaboration between the energy 711 
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supply side and the demand side, the system efficiency can be increased by up to 712 

1.9%. 713 

 Through collaboration between different users on the demand side, users can adjust 714 

the indoor temperature based on their load characteristics in the demand response 715 

with minimum overall thermal comfort impact. In PMV _20% scenario, compared 716 

with the 27 ℃ scenario, the optimal scenario can reduce carbon emissions by 1.66 717 

t with 0.07 lower PMV. 718 

 When using different indoor thermal environment evaluation indexes, the 719 

optimized temperature settings are both superior to uniform adjustment. Using the 720 

PMV index can achieve a lower average PMV for all types of buildings. The Occ-721 

PMV index can achieve a higher indoor thermal environment during high occupant 722 

hours. 723 

 The temperature settings of various types of builds at different times are related to 724 

the Load_PMV index and Load_Occ_PMV index. A higher index value refers to 725 

greater cooling reduction with less impact on the thermal environment and should 726 

be given priority in the demand response. 727 

The proposed collaborative demand-side management framework can provide clear 728 

temperature-setting guidance for different types of buildings in distributed energy 729 

systems to meet specific carbon quotas. This study has positive significance for 730 

encouraging user participation in distributed energy systems and achieving energy 731 

saving and carbon reduction objectives. 732 
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Appendix A. 736 

Table A1 Value of coefficients in the internal combustion engine model  737 
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plr ηele ηmec fjw fexh Facexh 

0.40 0.425 0.989 0.155 0.559 0.398 
0.50 0.438 0.996 0.179 0.539 0.474 
0.60 0.448 0.997 0.200 0.522 0.559 
0.70 0.453 0.996 0.222 0.505 0.653 
0.75 0.454 0.992 0.243 0.490 0.716 
0.80 0.453 0.988 0.264 0.476 0.782 
0.90 0.452 0.984 0.283 0.462 0.887 
1.00 0.445 0.980 0.302 0.451 1.000 

Table A2 Value of coefficients in the absorption chiller model 738 

Coefficients Value Coefficients Value Coefficients Value 
a1 1.4196 b1 -0.01069 c1 -0.0021 
a2 -3.6846 b2 0.24992 c2 0.0911 
a3 3.8314 b3 -0.22439 c3 0.2350 
a4 -0.5630     

Table A3 Value of coefficients in the heat pump model 739 

Coefficients Value Coefficients Value Coefficients Value 
e1 1.0340 f2 0.01914 g1 0.8382 
e2 0.2508 f3 0.00659 g2 -0.0604 
e3 -0.2848 f4 -0.09575 g3 0.2203 
f1 0.58170 f5 0.49110   
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