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ABSTRACT 
 Collective intelligence (CI) is a form of distributed 

intelligence emerging from collaborative problem 
solving and decision making. It has the advantages of 
simple communication and less need of data transfer and 
computationally extensive central decision making 
systems. This work implements CI in demand side 
management (DSM) of a hypothetical urban area in 
Stockholm, created based on the representative 
residential buildings in the city. A simple platform and 
algorithm are developed for modelling CI-DSM, 
considering the timescales of 15min for communication 
and applying or disapplying adaptation measures. 
According to the results, CI increases the autonomy of 
the system and decreases the heating demand of 
buildings effectively, consequently increasing the 
demand flexibility based on climate conditions. CI results 
in decreasing the energy demand considerably, 
decreasing the total heating demand over a year by 
around 50%. 
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climate flexibility, climate resilience, demand side 
management, urban energy system 
 
  

NONMENCLATURE 

Abbreviations  
CI Collective Intelligence 
CI-DSM CI-based DSM 
DSM Demand Side Management 
ECY Extreme Cold year 
GCM Global Climate Model 
RCM Regional Climate Model 
TDY Typical Downscaled Year 
VRE Variable Renewable Energy 

1. INTRODUCTION 
The projected scenarios for climate change [1][2], 

population growth [3] and economic growth [4] in urban 
areas requires larger implementation of sustainable 
approaches to cover the energy demand in urban areas 
[5]. It is vital to increase the share of renewable energy 
technologies such as solar and wind, which are classified 
as variable renewable energy (VRE) technologies. VRE 
and urban demand are highly affected by climate 
conditions, causing mismatch in demand and generation 
profiles [6] [7]. Extreme weather events can induce 
energy disturbances and retard the renewable energy 
integration levels [7] [8]. Enhancing energy flexibility on 
the supply and demand sides can boost the movement 
towards reliable and robust energy networks based on 
renewable generation [9]. Higher climate flexibility helps 
the system to withstand the climate variations with a 
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minimum degradation of its performance indicators [9]. 
The demand flexibility of buildings can become a major 
source of flexibility since buildings account for a large 
proportion of energy consumption [10][11]. Buildings 
can provide higher flexibility in different ways, e.g., 
utilization of thermal mass, adjustability of HVAC system 
use, and shifting of plug-loads [10]. The control of 
demand flexibility is the major challenge for future grid 
operations and requires innovative methods and control 
strategies [12][13]. There is a need to improve demand 
side management (DSM) methods to better account for 
and implement demand flexibility. DSM refers to the set 
of means that alter the pattern/magnitude of energy use 
by reducing, increasing, or rescheduling the demand 
[14]. It helps to increase the share of distributed 
generation, decarbonize the energy system, enhance the 
quality and security of supply, and postpone the need for 
new network investment [15]. However, DSM increases 
the complexity of the system operation which limits its 
market and application [15]. There is a need for less 
complicated techniques with greater potentials to 
promote the user’s participation [16]. In this work, a 
novel DSM approach is applied which is based on 
integrating Collective intelligence (CI) into DSM, called 
CI-DSM. The method has potential to limit the need for 
data transfer and storage and to simplify the 
communication logic, meanwhile increase the 
collaboration between components in the demand side. 
Application of CI-DSM is investigated for managing the 
heating demand of a hypothetical urban area in 
Stockholm, created based on the representative 
residential buildings in the city. 

2. METHODOLOGY  
CI-DSM works based on setting certain adaptation 

measures to buildings through simple communications 
between buildings and energy systems using collective 
intelligence. The application of CI-DSM is simulated for 
controlling the energy performance of an urban area in 
Stockholm for a typical weather year. 

2.1 Case study 

A hypothetical residential urban area in Stockholm 
with 153 residential buildings is considered, statistically 
representing the whole range of residential buildings in 
the city [17]. The energy performance of buildings is 
modeled in Simulink/Matlab, simulating the energy 
demand with an hourly temporal resolution [17]. 
Simulations were performed for the typical weather 
conditions over the period of 2010-2039. In this regard, 
the weather data for a typical downscaled year (TDY) 

were synthesized considering five global climate models 
(GCMs), forced by three representative concentration 
pathways (RCPs) – RCP 2.6, RCP 4.5, and RCP 8.5 – and 
downscaled by RCA4, which is the fourth generation of 
the Rossby Centre regional climate model (RCM) [18]. 

2.2 Simulating CI-DSM 

 Collective intelligence (CI) is a form of universally 
distributed intelligence that works based on 
collaborative problem solving and decision making [19]. 
The key to developing a CI-based control system is to 
define simple models of local interactions that give rise 
to self-organized patterns. CI-DSM is interpreted as an 
approach to enhance demand flexibility and adaptation 
during extreme climate conditions to decrease the need 
for extra energy supply. CI enables the buildings’ 
responses at the local level to give rise to self-organized 
patterns at an urban scale, helping to pass the extreme 
events safely. Fig. 1 graphically represents the idea and 
demonstrates how the overall CI (the brain of the energy 
system) emerges from the distributed intelligence of 
individual buildings (each cell of the brain). At each cell, 
a central data processing and control system is in charge 
of applying adaptive measures. It also shows how the 
buildings are clustered according to their defined priority 
and communicate using forward/backward signals [20]. 
The backbone of CI is simple communication between 
components of the system (without a central brain). In 
this work, the communication rules are set with a simple 
logic and for a simple network:  

• Each building group can communicate only to 
the next or previous group. 

• The communication signal is 0 or 1, which 1 is to 
apply/activate the adaptation measure (forward 
signal), and 0 is to disapply/deactivate that 
(backward signal). 

• The communication signal is forward (1) if the 
hourly supply (from the energy system/provider) 
is above the reference/typical conditions, 
otherwise it is backward (0). 

Adaptation measures are those sets of actions to 
decrease the excess energy demand, compared to the 
reference conditions, with the purpose of helping the 
energy system to pass the extreme events safely. The 
only adaptation measure which is defined in this work is 
extending the span of indoor temperature from 21oC-
24oC to 19oC-26oC. Fig. 2 exemplifies the communication 
for seven time steps. The adopted timescale for 
communication, and consequently setting the 
adaptation measures, is 15min. 
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Fig 1 Graphical representation of implementing CI in buildings in an urban area 

 
Fig 2 Schematic representation of the CI-DSM logic for applying and disapplying adaptation measures to building groups during 
seven time steps. Forward signal (1 – red) results in applying the adaptation measure at the next time step while the backward 

signal (0 – green) disapplies the measure 
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3. RESULTS 
According to the cumulative distributions of the 

heating demand in Fig. 3, CI results in decreasing the 
energy demand considerably, decreasing the total 
heating demand over a year around 50%. 

This is further investigated by looking into the 
monthly average of the calculated heating demands in 
Fig. 4. CI-15min has a much smaller heating demand over 
all the cold months. 

 
 

4. CONCLUSIONS 
A demand side management (DSM) method was 

developed using collective intelligence (CI), called CI-
DSM, as an approach for managing the demand response 
of groups of buildings in Stockholm, aiming to increase 
the demand flexibility. This was done through setting 
simple communication and adaptation strategies among 
groups of buildings, using forward (1) and backward (0) 
signals, and applying or disapplying the adaptation 
strategy, which was extending the range of indoor 
temperature from 21oC-24oC to 19oC-26oC. According to 
the results, CI can help to gradually and effectively 
decrease the energy demand and increase the demand 
flexibility. This can support the energy system during 
extreme weather events to absorb the shock and 
increase their climate resilience. The CI concept which is 
presented here is scalable; e.g. considering a smart 
building and IoT, the CI concept can start from the scale 
of building by controlling window openings, shadings, 
appliances (e.g. fridge, stove, etc.), air conditioning 
systems and then extend to the block, neighborhood and 
urban level. 
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Fig 3 Cumulative profile of heating demand during TDY and 
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Fig 4 Monthly values for (left) average and (right) standard deviation of the heating. 
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