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Abstract—Heating, Ventilation, and Air Conditioning (HVAC)
systems account for 40% to 50% of energy usage in commercial
buildings. Thus, innovative ways to control and manage HVAC
systems while preserving occupants’ comfort are required. State-
of-the-art solutions employ pervasive systems with sensors or
smart devices to gauge individual thermal sensations, yet assess-
ing these methods is challenging. Real-world experiments are
expensive, limited in access, and often overlook occupant and
regional diversity. To address this, we introduce Co-zyBench,
a benchmark tool using a Digital Twin (DT) approach for
evaluating personalized thermal comfort systems. It employs a
co-simulation middleware interfacing between a DT of the smart
building and its HVAC system and another DT representing
occupants’ dynamic thermal preferences in various spaces. The
DTs that support Co-zyBench are generated based on informa-
tion, including data captured by sensors, of the space in which
the thermal comfort system has to be evaluated. Co-zyBench
incorporates metrics for energy consumption, thermal comfort,
and occupant equality. It also features reference DTs based on
standard buildings, HVAC systems, and occupants with diverse
thermal preferences.

Index Terms—personalized thermal comfort, benchmarking,
energy consumption, digital twin

I. INTRODUCTION

Efficient energy management in buildings is a pressing
concern due to Heating, Ventilation, and Air Conditioning
(HVAC) systems contributing nearly half of the total energy
consumption in commercial buildings [1]. By 2050, cooling
demand is projected to triple driven by global warming and ur-
banization [2]. While energy conservation is vital, maintaining
thermal comfort for occupants is equally important. Research
shows a direct link between the indoor thermal environment
and the cognitive functions and productivity of occupants [3].
However, achieving thermal comfort is challenging because it
varies among individuals due to several factors [4] including
physiological (such as age, sex and fitness); psychological
(including effects of personal control, thermo-specific self-
efficacy and personality); and the built environment’s contex-
tual factors [5].

The increasing focus on both occupant comfort and energy
efficiency has highlighted the importance of advanced thermal
comfort systems capable of adapting to individual sensations.
Leveraging pervasive computing and the Internet of Things

(IoT), recent research has demonstrated the feasibility of
modeling and responding to individual thermal preferences [6],
[7]. Particularly, wearable devices such as wrist-worn tem-
perature sensors or infrared cameras can be used to monitor
human body temperature change, and Machine Learning (ML)
algorithms can predict the thermal sensations of individu-
als. Alternatively, a more straightforward approach involves
occupants reporting their sensations via smartphones. These
methods facilitate a balance between personal comfort and
energy conservation [8]. For instance, understanding occupant
behavior can reduce energy usage by anticipating occupancy
patterns [9], and optimizing control systems through predictive
modeling can further improve energy efficiency [10].

A challenge that hinders the applicability of such solutions
is that evaluating them in diverse scenarios is difficult. First,
using devices to gather occupant data can raise privacy is-
sues, and regularly soliciting occupant feedback is not always
practical. Additionally, installing sensor infrastructure and
integrating it with HVAC systems can be beyond the reach
of many researchers. Past studies have primarily focused on
buildings in the US, Europe, or China, often overlooking the
unique climate needs of other regions [6]. To effectively assess
these systems, a standardized benchmark is crucial [11]. This
benchmark would allow for consistent evaluation, enabling
researchers to refine their systems through comparative analy-
sis and assisting building administrators in choosing the most
appropriate system for their specific contexts.

Co-zyBench, our proposed benchmark, aims to assess and
enhance thermal comfort systems using Digital Twins (DTs)
of buildings, HVAC systems, and occupants. DTs are virtual
representations of physical entities, capable of simulating
the behaviors of HVAC systems, occupancy patterns, and
thermal preferences. This provides a valuable tool for analysis
and decision-making. Integrating DTs into the benchmarking
process offers multiple advantages. Firstly, it is a cost-effective
alternative to real-world building evaluations, enabling re-
searchers to consider a diverse range of environments that
may not be feasible in physical settings. Second, building
administrators can assess the potential performance of these
systems in their buildings without actual implementation.

Co-zyBench employs state-of-the-art simulation tools to



model occupant movement and thermal sensations within
these DTs, using historical occupant data, and to simulate
changes in temperature caused by HVAC manipulation. A
co-simulation middleware in Co-zyBench facilitates dynamic
interaction between the DTs. This middleware moves occu-
pants within the virtual building, generating their expected
thermal sensations in response to the dynamic environmental
conditions controlled by the evaluated system. The benchmark
proposes three metrics to evaluate the performance of the
thermal comfort provision systems with respect to their ability
to: 1) Ensuring general occupant comfort; 2) Aiming to
prevent consistent discomfort for a minority group; and 3)
Effectiveness in reducing energy consumption. In summary,
the main contributions of this paper are:
– We present a novel benchmark to evaluate the performance

of thermal comfort provision systems based on pervasive
computing technology.

– We create a Digital Twin modeler for the user’s building
that reflects and predicts occupant behavior and building
energy performance.

– We introduce a middleware that integrates a co-simulation
strategy and mediates between DTs of occupants and
buildings to provide a realistic and dynamically evolving
context.

– We propose an individual thermal sensation modeler de-
signed to account for occupant movement in the building
and diversity in thermal preference.

The rest of the paper is structured as follows. Section II
overviews the state of the art. Section III presents the overall
methodology of the benchmark by the framework design and
utilization process. Section IV details the design of each
component of the benchmark and the evaluation metrics.
Section V shows a scenario implementation in the benchmark
and some analysis problems based on the evaluation. Finally,
Section VI concludes the paper.

II. RELATED WORK

The proliferation of pervasive computing technologies like
smartphones and sensors has spurred significant research into
personalized thermal comfort in buildings [6], [7], [12]. These
studies primarily address the challenge of estimating or captur-
ing occupants’ thermal sensations and preferences, employing
two main approaches. On the one hand, given that most
occupants likely possess a personal device like a smartphone,
several methods involve soliciting direct input from users. This
includes collecting demographic data (age, height, weight,
gender) to infer thermal sensation or directly asking them to
report their current thermal comfort [8], [13]. The main ap-
plicability challenge of this approach is motivating consistent
participation from occupants and managing incomplete data.
On the other hand, other works utilize interconnected networks
of sensors, actuators, and devices to continuously gather and
transmit data on energy usage, environmental conditions, and
occupant behavior [6], [7], [12]. Various devices, including
wearables [6] and infrared cameras [7], have been used to

monitor temperature changes and predict thermal preferences.
Additional data like heartbeat rates [12], obtained via smart-
phones [14] and in-ear microphones [15], or physical activity
levels, detected through wearables [16], [17], also contribute
to understanding occupants’ thermal sensations. The main
applicability challenges for sensor-based systems are the costs
associated with widespread deployment and encouraging users
to share data from personal devices.

The prevalent method in the literature for evaluating thermal
comfort systems primarily involves using datasets gathered
through monitoring or questionnaires, which track energy con-
sumption in lighting, HVAC, and appliances [18]. However,
this approach is often tedious, costly, and sometimes not
feasible. While some studies conduct experiments in actual
buildings [19], simulations have emerged as an alternative to
address these challenges [20]. Realistic datasets containing
comfort data, such as the ASHRAE Global Thermal Comfort
Database I and II [21], [22], argued that synthetic data may
outperform real datasets for comfort as they remove the invalid
data and potentially contain more diversity.

Utilizing Digital Twin (DT) models for thermal comfort
systems is a promising avenue for the design, optimization,
and maintenance of HVAC systems [23]–[25]. Co-zyBench
leverages this approach by facilitating the benchmarking of
such systems within a DT environment. For instance, Khaya-
tian et al. [20] used DTs to analyze the energy consumption of
various HVAC controllers, providing a platform for compar-
ative assessments in identical environmental conditions. They
also measured thermal comfort by tracking deviations from
the recommended indoor temperature range. However, current
methodologies often overlook the subjective nature of comfort
and the diversity of human profiles [26]. Very few studies
have considered performance across different regions and
climate zones [18], [26], which significantly influence overall
energy consumption [27]. To the best of our knowledge, no
prior work has fully integrated simulations that encompass
both synthetic yet realistic buildings and occupants, including
simulating occupant interactions with their environment and
the consequent thermal sensations. Crucially, these simulations
should reflect the diversity of occupants and climate regions,
an aspect that remains underrepresented in current evaluation
methods. Co-zyBench aims to fill this gap by providing a
comprehensive and realistic benchmarking platform.

III. CO-ZYBENCH OVERVIEW

The goal of Co-zyBench is to provide a simulation-based
testing platform specifically designed for evaluating thermal
comfort systems that utilize sensors and smart devices. Co-
zyBench is an open-source platform and the code is available
on GitHub [28]. The benchmark includes three primary com-
ponents (see Figure 1):

• Occupant Digital Twin which creates a virtual represen-
tation of building occupants, incorporating both static in-
formation (age, gender, height, weight) and dynamic data.
Utilizing sensor inputs, it generates occupant movement
trajectories within the building and dynamically simulates



Fig. 1: Overview of the Co-zyBench benchmark.

their thermal sensations. These simulations are based on
individual profiles and the prevailing environmental con-
ditions, ensuring a personalized and realistic experience.

• Smart Building Digital Twin which maintains a DT of
the building itself, including its HVAC system. It is re-
sponsible for implementing changes to the HVAC system
and simulating temperature variations in different spaces.
These simulations consider both environmental factors
and dynamic influences, such as occupant presence and
activities, providing a comprehensive view of the build-
ing’s thermal dynamics. In this paper, our primary focus
is on the thermal comfort provided by HVAC systems.
While other energy systems (e.g., lighting control) could
potentially be integrated using our co-simulation middle-
ware, these are beyond the scope of our current work.

• Co-simulation Middleware which serves as the com-
munication bridge between the two DTs. The main task
is to exchange information about the indoor thermal
conditions from the smart building DT with the Occupant
DT to generate realistic changes in the thermal sensations
of people. It also interacts with the thermal comfort
provision system that is being evaluated.

For users to evaluate their thermal comfort provision sys-
tems using Co-zyBench, they need to integrate these systems
into the platform. A typical thermal comfort system comprises
three key components: 1) Sensation Collector responsible for
gathering data related to occupant thermal comfort. It col-
lects individual sensation data, which could include subjective
feedback from occupants or objective data from sensors. 2)
Sensation Aggregator which aggregates the individual thermal
sensations into a collective measure of comfort for a group
of occupants. 3) HVAC Controller which translates the ag-
gregated thermal comfort data into actionable HVAC control
commands. To facilitate the evaluation of these systems in
Co-zyBench, a wrapper is required around the user’s thermal
comfort system. This wrapper communicates information from
the co-simulator (e.g., thermal sensation of users, state of the
HVAC system, etc.) to the system and from the system (e.g.,
the specific setpoint for the general HVAC system or each
room) to the co-simulator. Co-zyBench provides users with

reference wrapper code and sample code for standard thermal
comfort provision systems. This is particularly helpful as it
allows users to focus on modifying only the aspects of the
system they are interested in, rather than building everything
from scratch.

Co-zyBench is structured to be a highly adaptable and user-
friendly platform, enabling the evaluation of various thermal
comfort provision systems within DTs that reflect the user’s
actual buildings or a range of pre-included templates. Figure 2
depicts the overall steps required to set up the benchmark
and use it. The user begins by importing the thermal comfort
provision system they wish to evaluate into Co-zyBench
(Step 1). Then, the user selects a benchmark scenario which
can be either: a DT based on a specific building and occupant
characteristics (Step 2.a); or one of the Co-zyBench refer-
ence DTs which are standard scenarios Co-zyBench provides
(Step 2.b). Finally, the Co-zyBench user runs the benchmark
(Step 3) and obtains the evaluation results (Step 4). A more
detailed guideline is provided at [28].

Fig. 2: Co-zyBench workflow.

IV. CO-ZYBENCH COMPONENTS

In this section, we detail each component of Co-zyBench
including its evaluation metrics.

A. Evaluation Metrics

Co-zyBench introduces three evaluation metrics that are
designed to explore the impact of a diverse workforce and a



sustainability focus on reducing energy consumption, as well
as the actual thermal comfort provided to individuals:

Individual Thermal Comfort (ITC): The Thermal Sen-
sation Vote (TSV) [29] is de facto standard to represent the
thermal comfort preferences of users in the literature. The
TSV scale models thermal sensation in a 7-point scale from -3
(very cold) to 3 (very hot). Hence, thermal comfort provision
systems attempt to predict the specific value in the scale that
would match the current thermal sensation of an individual.
To assess the performance of the system, we compute the
difference, in absolute value, between the system’s prediction
and the real thermal sensation of each user. This way, this
metric computes how uncomfortable an individual would feel
if the system implements a temperature change based on
its prediction. Hence, the higher this value is, the higher
the discomfort the user would feel. Since there are multiple
people and multiple spaces in the building, we aggregate this
information as follows. Let the thermal sensation of n people
in zone z at round r be TSr[z] = {TSr[z][1], ..., TSr[z][n]}.
We define the metric, ITC, for number of people n in zones
Z for all the round R as

ITC =

∑R
r=0

∑Z
z=0

∑n
i=1 |TSr[z][i]−GTCr[z]|∑R
r=0

∑Z
z=0 n

where GTCr[z] models the computed group thermal comfort
value for zone z at round r. Hence, a strategy that minimizes
the average discomfort that people experience will minimize
the ITC value.

Thermal Comfort Equality (TCE): Even today, inequity
in thermal comfort, particularly based on gender and/or age,
has been highlighted as a challenge that requires rethinking
equality in air conditioning in buildings [30]. We propose TCE
by aggregating the idea from [13]. In this work, the authors
proposed a mathematical model of fairness in participatory
thermal comfort provision based on the fairness definition for
the carpooling problem [31]. The idea is to compute, each
round, a notion of how much of the overall discomfort of a
group, based on the group thermal comfort value computed
by the strategy, each individual would have to suffer to make
the system fair. This value, referred to as an Ideal Loss (or
discomfort), is computed by splitting ITCr[z] equally among
all the people in the zone. Then, based on this the authors
propose a notion of Extra Loss which compares the discomfort
of one participant Pi against this ideal situation as EL[Pi] =

ITCr[z][Pi]− ITCr[z]
n where n is the number of participants in

the zone z at round r. A positive, or negative, value for EL[Pi]
means that this participant had a lesser, or greater, discomfort
than what would be expected if the overall discomfort of the
group was shared equally. Since it would be impossible for
a system to be fair in the decision made for each round, the
authors also introduce the notion of Accumulated Extra Loss
of an individual at a round r as the summation of the Extra
Loss the individual has experienced until that round. A strategy
would be “fair” if, for the n users in the zone and at the round
r, their Accumulated Extra Loss in absolute value is bounded
by some constant M which is independent of r [31].

Energy Consumption (EC): This metric represents the
amount of energy consumed (in kWh) by the HVAC system
to implement the decided group thermal comfort of the user’s
system. Given that there exists a mechanism to translate a
group thermal comfort value to a temperature setpoint value
for HVAC, this metric computes the required energy to achieve
that setpoint for each of the zones and for all of the rounds.
Note that the temperature setpoint value might change in
every round which means that in some specific rounds, the
energy consumed might be higher than others. Specifically,
if the group thermal comfort obtained is feeling cold, then
this might translate into setting up a higher setpoint than the
current one which, if the HVAC is only cooling the zone,
might not consume energy during that round. This metric
can be measured using various real IoT devices or simulation
approaches. This paper uses the standardized and open-source
tool EnergyPlus [32] in our experimental evaluation.

B. Smart Building Digital Twin

Fig. 3: The Smart Building-based NGSI-LD property graph.

Providing benchmark users with diverse buildings and
HVAC models contributes to performing robustness testing
of thermal comfort provision systems. However, exhaustively
defining the diversity of building types worldwide is practi-
cally impossible due to its complexity [33]. To tackle this, the
NGSI-LD specification offers a solution for creating DTs by
providing a set of data models for smart environments [34]
that we integrate and further extend in our work. As depicted
in Figure 3, a building can be represented as a property
graph which defines entities (e.g., room), relationships (e.g.,
hasRooms), and properties (e.g., RelPosition) as the key
components of the building information model serialized in
JSON-LD. Using the NSGI-LD building specification, Co-
zyBench supports both the definition of a real building for
creating its DT (spaces, devices, etc.), as well as a set of
reference buildings already defined as NGSI-LD entities.

To define the DT of a real smart building, the first step
involves defining the smart building’s NGSI-LD property
graph (Figure 3) based on its spaces (floor plan, etc.) and
exploited devices (HVAC system, IoT devices, etc.). Spaces
definition includes metadata about the different floors and



zones, their type and maximum capacity. Information about
the number of windows and doors (along with their thermal
conductivity), insulation material of external walls, insulation
material of the roof, and other construction materials are
defined to determine heat transfer and heat storage surfaces.
In terms of defining an HVAC system, this consists of a
heating unit, a cooling unit, fans, and ducts to move the heated
or cooled air around, settings such as its structure, capacity,
coefficient of performance, and the number of fans with their
maximum flow rate. Regarding IoT devices, environmental,
occupancy, motion, devices for occupant feedback, and more,
can be defined based on the NGSI-LD property graph.

Another requirement for the DT of the building is the
climate zone in which it is located based on the climate zone
definition from the American Society of Heating, Refrigerating
and Air-Conditioning Engineers (ASHRAE) standard [35].
Finally, the DT includes the latest available Typical Meteo-
rological Year (TMY) weather reports derived from the recent
15 years (2007-2021). Note that acquiring such smart building
information can be time-consuming and it is out of the scope of
this paper. On the other hand, building administrators can rely
on building reports or on sensor-driven pervasive computing
systems to facilitate this process. For example, LiDAR sensors
and RGB-D cameras can achieve the automatic generation of
building models [36], [37].

Regarding standard buildings, Co-zyBench includes a
widely used set of 16 reference building types developed
by the U.S. Department of Energy (DoE) which includes
offices, warehouses, hospitals, and hotels [38] (approximately
covering 70% of commercial buildings in the USA). The
DoE buildings used do not include information about their
internal structure in terms of rooms, corridors, etc. However,
this information is essential to generate realistic trajectories
to simulate realistic occupant behavior and reaction to HVAC
changes. To ameliorate this issue we have generated realistic
indoor floor plans based on state-of-the-art techniques [39].
Based on the type and size of the reference buildings, Co-
zyBench includes different HVAC systems such as Variable
Air Volume (VAV).

As already pointed out, these building representations will
be utilized for simulation as part of the Co-zyBench Co-
simulation middleware (Section IV-D).

C. Occupant Digital Twin

Fig. 4: The Occupant-based NGSI-LD property graph.

To create the occupant DT, Co-zyBench considers three
main aspects: their profiles that influence their thermal comfort
preferences, their location at different points in time, and
their thermal sensation in a specific location with a specific
temperature. However, NGSI-LD standard does not offer a
model for occupants within buildings. Co-zyBench proposes
an extension of the NGSI-LD specification to support a
standard way of defining building occupants. As depicted
in Figure 4, an Occupant (John) has a set of properties
(including his age, height, weight, gender, etc.) and belongs
to an Occupant Group (e.g., students) that attend an Event
(e.g., Programming in C) that belongs to an Event Type (e.g.,
Programming classes). Events are located in spaces where
occupants can exploit devices while roaming from one event
to another. Co-zyBench proposes a standard way of defining
the occupant-based NGSI-LD property graph that is then used
to define the occupant DT.

In particular, occupants of a building typically do not
stay in a specific space (e.g., their cubicle or a specific
office) throughout the entire duration. To comprehend where
the individuals are, we can define them as components of
dynamic occupant groups engaged in different types of events
or activities such as work, meetings, or lunch breaks. Secondly,
occupants are diverse with regard to factors like age, gender,
race/ethnicity and there is a correlation between these and
their thermal preferences (e.g., based on their gender [40],
age [5], or events [41]). Hence, to reflect this diversity, it is
required to model the diverse characteristics present among
individuals. This information will be abstracted and used to
estimate their thermal preferences (e.g., whether they would
prefer warmer or colder temperatures or whether they would
be neutral). Thirdly, based on the thermal profiles there is a
requirement to model how a person would feel based on the
current temperature, for which we use the TSV scale, which
consists of seven categories with values from -3 to 3: “cold”,
“cool”, “slightly cool”, “neutral”, “slightly warm”, “warm”,
and “hot” (e.g, based on [40], men feel comfortable when the
temperature is 22◦C, this translates to 0 on the scale, while
women would feel comfortable at 25◦C).

The profiles and activity schedules of the occupants enable
the modeling of their moving trajectories which is essential
for representing how the environmental conditions of a space
will impact their thermal sensation. To this end, Co-zyBench
integrates a trajectory generation model along with the NGSI-
LD property graph which defines the semantic representation
of space, occupants and events. Their integration extracts
meaningful patterns from sensorized spaces which are subse-
quently applied within an event-driven simulation to produce
synthetic but realistic data, encompassing events, trajectories
and thermal sensations. For example, to attend a meeting
or take a break with friends, Co-zyBench generates realistic
trajectories of occupants in a smart building and their thermal
sensation based on their current location.

Algorithm 1 shows the high-level process followed by Co-
zyBench to generate thermal sensations, the most important
process of the occupant DT. Initially, Co-zyBench generates



Algorithm 1 Thermal Sensation Generation
Input: Seed data data, Occupants O, Events E, Spaces S, Simula-

tion time t, Temperature Temp
Output: Occupants Thermal Comfort TC

1: configure learning(data)
2: event, occupants = traj learning(data, MP )
3: trajectory = traj generation(event, occupants)
4: for p in occupants do
5: location p = locate(trajectory, p)
6: if (location p in S ) then
7: current temp = get temp(t, Temp, location p)
8: tc p = thermal comfort predict(p, current temp)
9: TC ← tc p

10: end if
11: end for
12: return TC

trajectories of occupants using seeddata (sensor datasets for
locating people such as data from WiFi connections, cameras,
ToF sensors, etc.) following the process in [42]. Based on
Alg. 1 the seeddata are given as input to the traj learning
module to extract features related to occupant and event (line
2 in Alg. 1). Then, based on each occupant’s location and the
indoor temperature (obtained from the smart building’s DT),
their thermal sensation is generated. Eventually, the algorithm
returns the predicted thermal sensations of all occupants.

The thermal comfort predictor (line 8 in Alg. 1), provides
the flexibility to incorporate historical thermal sensation data
that can be extracted from a real building environment. In this
paper, we leverage the ASHRAE Global Thermal Comfort
Database II [22], which collects 107,463 thermal comfort
samples from the last two decades of thermal comfort field
studies around the world. We implemented a K-Nearest Neigh-
bors (KNN) model to predict thermal comfort. Assuming
that the nearest neighbors are correctly classified, the KNN
algorithm tallies the occurrences of each group among the
K neighbors and identifies the group with the highest count.
We trained the model with parameters of indoor temperature,
occupants’ profiles as introduced in Figure 7a and their activity
level which is obtained by event simulations. With the KNN
model, we can simply but accurately predict how occupants
would feel in their current zone.

D. Co-simulation Middleware

The co-simulation middleware connects the two DTs (build-
ing and occupant) through a synchronization mechanism that
includes a range of functions such as time-step coordination,
data exchange, and simulation control. Synchronization en-
ables the simulators to advance the simulation at the same
speed through time-step coordination, guaranteeing that data
exchanges and interactions occur at the correct moments.
The sequence diagram in Figure 5 illustrates the overall
orchestration of an experiment by the co-simulator for a given
scenario and a given HVAC control system. At the beginning
of the evaluation, the Evaluator (a Co-zyBench user), initiates
the process by providing the thermal comfort provision system

(tc system) to be evaluated and the selected scenario setup
(building, people) as inputs.

Fig. 5: Sequence diagram of Co-zyBench.

The middleware starts the building simulation to obtain
building conditions (building info), such as indoor and out-
door temperature and energy consumption of HVAC system
components. Building information, along with simulation time
(time) and scenarios of the occupant (people), are used to sim-
ulate people’s location and thermal sensations (p loc, p TS).
By executing the user-provided tc system, the middleware
obtains the HVAC setpoints (hvac setpoints) by aggregating
p TS based on building info. These parameters are used as
inputs for running the building simulation for the next time
step. Additionally, the parameter p loc is set in the building
simulator, as our benchmark assumes the occupants to be
accompanied by equipment that generates heat. This makes our
simulation more realistic and takes into account the impact of
occupants’ movements on the building’s energy performance.
The building simulation outputs the energy consumption (cur-
rent EC) and update temp building. To get the metrics ITC
and TCE results, the middleware requests the Occupant Sim-
ulator to compute current ITC and current TCE. Finally, the
middleware advances the simulation time by step and the co-
simulation is repeated until reaching the end of the simulation
time.

V. EXPERIMENTS

We showcase Co-zyBench by evaluating the performance
of standard thermal comfort provision systems. Our ultimate
goal is to assess: (1) How does the effectiveness of thermal
sensation collections affect the overall thermal comfort and
energy consumption; (2) How poorly do alternative systems
perform when fairness is not taken into account; and (3) How
differently do the systems perform in various climate zones.

A. Experimental Setup

Experimental Smart Building DT. Figure 6a shows the floor
plan of the office space, with a gross cooling area of 371 m3,
in our experimental smart building DT. The common areas



(i.e., conference rooms, break room, kitchen, and restroom)
are shared by different people at different points in time while
the offices are shared by workers who are assigned to specific
workplaces. Based on the type and size of the building, we
select the VAV system because it is the most used HVAC
system in commercial buildings and can achieve good thermal
comfort levels while consuming less energy [43]. Figure 6b
presents a diagram of the single duct VAV system that is
distributed to multiple thermal zones and which is incorporated
to Co-zyBench. This is mainly consisting of one outdoor air
(OA) system, one Air Handling Unit (AHU), sensors, and
thermal zones with VAV boxes. The mixture of the return
and outdoor air from the OA system is delivered to thermal
zones and conditioned by the AHU on the way to a zone.
The controller supervises the supply air temperature in the
duct and operates the coils and VAV fan in AHU to control
the pressure and temperature of the supply air. Then, based
on climate zone definition and construction suggestion from
ASHRAE [35], the building for diverse climate zones has been
designed.

(a) Floor plan

(b) Multi-zone VAV system

Fig. 6: Example building and HVAC system in our experi-
ments.

Experimental Occupant DT. We created 18 different occu-
pants for the experiment with diverse profiles (see Figure 7a)
including static information such as their job and office, that
can be used to predict their activities and location, and their
gender, age, height and weight can be used to model their
thermal preferences. Note the weight attribute is abstracted to
Body Mass Index categories. Figure 7b shows the meeting
schedules used to simulate their trajectories. People start
working in the building at around 9 am and leave after 6 pm.
People spend most of their working time attending a “working
event” that occurs in their assigned offices. Their schedule

(a) Occupant Profile

(b) Meeting Schedule

Fig. 7: Example occupant information in our experiments.

of weekly and daily events involves two types of meetings
happening in the conference room: small meetings, held by
some members of one or two teams mainly in the morning
lasting 30 to 60 minutes; and large meetings, held by some
members of two or more teams lasting around 90 minutes. For
example, sellers and marketers have a small meeting every two
days for at most one hour in the morning, all the staff have
a large meeting at 14:00 for at most two hours every Friday.
Besides, we model a lunchtime event from 12:00 to 14:00 and
limit the amount of time spent for lunch to around one hour in
the kitchen, the break room, or the outside. Moreover, people
also attend non-time-fixed events like taking a break in the
break room and going to the restroom.

Experimental Systems. We evaluated the performance of two
systems based on the standard design of thermal comfort pro-
vision systems (see Section II). The main difference between
the two systems is their sensation collection/estimation mod-
ules. In System 1, individuals employ their smartphones or
a website to convey their thermal comfort sensation, while in
System 2, we assume that sensors can monitor the occupants
and obtain information about their profile and current activity
and estimate their sensation based on it. For both systems,
we configure the benchmark to collect individuals’ sensations
every 30 minutes. To comprehensively evaluate these systems,
we considered multiple versions of each, denoted as SX100,
SX75, SX50, SX25, and SX0 (with X representing either 1
or 2). In the case of System 1, these versions correspond to
scenarios where 0% - 100% of users actively provide feedback
through their smartphones, while the remainder do not. For
System 2, the versions reflect instances where the sensor-based
and ML-driven system encounters challenges in accurately



estimating 0% - 100% of the required features for thermal
sensation prediction. In our scenarios, the 25% case only
considers activity levels that can be modeled through various
smart devices. And then combine data on age, gender and
weight levels until 100%. We include an additional baseline
that represents the standard approach used in most buildings
which disregards the presence or the explicit thermal sensation
of the occupants of the building [44] and just sets up a constant
temperature of 23◦C (observed to be a favorable temperature
for a group of people [45]).
Both systems use the same sensation aggregators:

• Majority Rule (MR). We chose to evaluate the majority
rule to reach consensus, usually considered a robust
rule [46] since it always satisfies the majority’s require-
ment and maximizes the thermal comfort level of the
overall workforce.

• Drift Approach (DA). Purdon et al. [8] present the
following aggregation strategy to provide thermal comfort
while conserving energy: If the summary of the thermal
sensations of a group is higher than 0 (or lower than 0)
the output group thermal sensation is 2 (or -2). If the
sum is zero, which means that everybody is comfortable,
instead of maintaining the current temperature, they apply
a drift towards the temperature outside of the building to
save energy (e.g., representing that the group is slightly
warm or cold depending on whether is winter or summer,
respectively).

• Fairness Approach (FA). Shin et al. [13] propose an
approach to maintain fairness among the occupants of
a building: people accumulate loss (§IV-A) when their
discomfort is greater than the ideal fair discomfort. Oth-
erwise, they reduce their accumulated loss. For example,
if the aggregated thermal sensation is 0, people who feel
warm (2 on the scale) get more loss than those who feel
slightly warm (1 on the scale). To maintain fairness, the
approach takes into account the accumulated loss of each
individual in each round and chooses a group thermal
sensation value that minimizes the accumulated loss of
the individual with the highest loss so far.

To control the HVAC based on the estimated group thermal
sensation, we follow the findings in [8]. Their experiments
suggest that changing the temperature by 1 degree every
30 minutes is naturally accepted by people. Our translation
function hence increases/decreases the current HVAC setpoint
by 0.5◦C every 10, 15, or 30 minutes if the aggregated thermal
sensation is -3/3, -2/2, or -1/1. Since we collect sensations
every 30 minutes the total change from one collection to the
next is 1.5, 1.0, or 0.5◦C, respectively.
Experimental Configuration. Our experiment focuses the
evaluation on workdays in months of the year where most
energy consumption takes place and adapts the HVAC system
to perform: cooling in summer and heating in winter (132 days
in total). When simulating the HVAC system, Co-zyBench
controls it on a temperature setpoint where the HVAC system
is switched on if receives a demand from the thermal comfort

provision system. We run the benchmark for each combina-
tion of sensation collector and sensation aggregator approach
SXagg

p (e.g., S1MR
100 for smartphone-based collection with all

individuals specifying their sensation and with the majority
rule for aggregation). Each evaluation is run 5 times and the
results are averaged to reduce the impact of randomness.

B. Analysis of the Results

Analysis 1: Influence of Inaccurate Thermal Sensation Es-
timation. Ensuring active participation from users in feedback
systems, such as System 1, poses a considerable challenge
as individuals may not always have time or willingness to
engage with the system. Similarly, achieving accurate thermal
sensation estimation based on sensor data, as seen in System
2, can be problematic due to potential sensor failures or the
acquisition of inaccurate information. In this experiment, we
aim to compare the thermal discomfort experienced by indi-
viduals across different scenarios. Specifically, we assess the
two systems with a percentage from 0 to 100 in comparison.
The results are shown in Figure 8 presenting the Individual
Thermal Comfort (ITC), defined in §IV-A, where higher
values result to occupants discomfort.

(a) System 1

(b) System 2

Fig. 8: Individual Thermal comfort (ITC).

Since S10 and S20 represent the extreme situation in which
both systems fail to estimate the thermal sensation of the
occupants, they always set the temperature in the spaces to
23 degrees which is comfortable for most people [40]. Hence,
they perform the same regardless of the aggregation strategy
used. Also, we can think of it as an indicator that a value below
it means that the algorithm is able to fulfill the occupants’



sensations better. We observe that, as expected, using the
majority rule to aggregate the thermal sensations of the group
outperforms all the other strategies by maintaining the lowest
ITC value (since the ITC value is lower when the group
comfort value computed is the median of occupants’ thermal
sensations). In our scenario, like in many real buildings, most
people have similar thermal preferences even if there is a
minority that differs. The Fairness Approach, which sometimes
introduces discomfort to a large number of people to satisfy
the requirements of the minority, and the Drift Approach,
which sometimes disregards all thermal preferences to lower
energy consumption, as expected perform worse. As we will
see next, this is a tradeoff with how fair and energy efficient
such aggregation strategies are.

We observe that System 2, which predicts thermal sen-
sation based on estimated parameters such as occupant’s
age/weight/height and activity level collected through sensors,
obtains slightly worse results than System 1 for most of the
scenarios. This is due to the challenge of predicting thermal
sensation vs. directly requesting this information from users.
As expected, we also observe that having more information
on occupants to model their thermal sensations can have a
positive effect on thermal comfort. However, in System 1,
using the Fairness and Drift Approaches makes occupants feel
more comfortable when fewer people participate. The rationale
for this outcome is evident: using these two algorithms yields
worse results compared to not considering occupant comfort at
all. Hence, having fewer occupants’ feedback can make more
people feel comfortable but this simultaneously undermines
their advantages of achieving equality and saving energy.
Analysis 2: Evaluating Aggregation Strategies on Equality.
The choice of thermal comfort provision strategy plays an
essential role, particularly in scenarios where multiple indi-
viduals share a common space. Depending on the strategy
employed, issues related to fairness can arise, impacting the
overall user experience. In this analysis, we focus on assessing
the impact of various aggregation strategies on the pervasive
personalized thermal comfort system. Figure 9 shows the
results w.r.t. the Thermal Comfort Equality (TCE) metric
(defined in §IV-A). The figure shows the values for all people
as box plots displaying the minimum, maximum, median, and
first and third quartiles of each scenario. We interpret these
plots as the distribution of the AccumulatedExtraLoss.
The more decentralized the data is plotted, the more unfair
the strategy is (an AccumulatedExtraLoss of zero for all
people would be the ideal Thermal Comfort Equality where
all discomfort was equally distributed among them).

We can clearly find that the Fairness Approach, as ex-
pected, obtains the best results overall since it was designed
with this goal in mind. The minimum standard deviation of
the AccumulatedExtraLoss of all the scenarios using the
Fairness system is around 1.4 while for other strategies it
increases 146 and 28 for Drift and Majority, respectively. This
highlights how unfair the latter approaches are with respect to
some specific individuals who happen to be in the minority
consistently throughout their working day. In addition to the

(a) System 1

(b) System 2

Fig. 9: Thermal Comfort Equality (TCE).

strategy comparisons, our findings reveal that the Fairness
strategy performs worse in the 25% scenarios. This issue can
be attributed to the fact that a 25% is insufficient to accurately
model thermal sensation. Thus, for building managers aiming
to optimize system performance w.r.t. equality, it becomes
imperative to ensure an adequate percentage of either sensor
data or user participation in voting processes.
Analysis 3: Energy Consumption in Different Climate
Zones. In this analysis, we turn our attention to the im-
pact of climate zones on system performance. To gain a
comprehensive understanding, we specifically examine energy
consumption as a key metric. By doing so, we aim to shed
light on the system’s adaptability and effectiveness in diverse
climatic conditions. Here we chose five cities including Scran-
ton (USA) where the television show the office that inspired of
experimental setup takes place. Table I contains information
on the building and ASHRAE Climate Zone (CZ) of the five
cities.

TABLE I: Buildings across different cities in Co-zyBench.

Insulation Conductivity Insulation
City ASHRAE CZ External Wall of Windows of Roof
Mumbai Extreme Hot Humid 3.4cm 2.1W/mK 17cm
Cairo Hot Dry 4.5cm 0.042W/mK 21cm
LA Warm Dry 5.6cm 0.019W/mK 21cm
Paris Mixed Humid 6.8cm 0.013W/mK 21cm
Scranton Cool Humid 7.9cm 0.013W/mK 21cm

Figure 10 presents the results for one particular case, S1100
(which is equivalent to S2100). Additionally, it compares
using a personalized thermal comfort system with using a
traditional HVAC control policy in buildings: Maintaining the
temperature constant to a certain temperature consistently. In



Fig. 10: Energy Consumption (EC) per city.

our case, this temperature set point is 23 degrees as explained
before. Also, since some cities in our experiments do not
need heating systems for the whole year, to compare fairly,
Figure 10 shows only the required energy consumption to
cool down the building for the three summer months. We can
observe an expected and clear difference in actual consumption
between warmer and colder climate zones. When focusing on
specific strategies, we observe the high price that the Constant
system pays. This is because, without occupants’ feedback, it
regulates the HVAC system even if the space is empty. Of
course, increasing the fixed temperature further would reduce
energy consumption but would have a clear impact on both
the fairness and thermal comfort of individuals. And this is
also the reason why in warmer cities, it consumes much more
energy than the others. The Drift strategy outperforms the
others but at the expense of people’s comfort and equality.
Discussion: After analyzing the results, it becomes evident
that each thermal comfort system has its advantages. In the
case of the Sensation Collector system, System 1 outperforms
System 2 when compared at the same percentage level. How-
ever, since System 2’s standout feature is its independence
from participation of people, in the real world one would
expect to compare the systems at different percentage levels
(e.g., S150 vs S275) which makes the results closer. Among
the three Sensation Aggregators we assessed, each strategy
excels in the feature it has been designed to optimize: overall
thermal comfort for Majority Rule (MR), equality for the
Fairness Approach (FA), and energy consumption for the
Drift Approach (DA). However, note that when looking at
the overall performance across metrics, even when there is
no clear winner, FA achieves a good tradeoff in performance.
We have also shown that these results are highly dependent on
the distribution of occupant profiles and could be different in
situations where there is a different majority (e.g., a majority of
women vs. men). Co-ZyBench supports executing experiments
in variations of a scenario which makes it possible, with a
small configuration change, to evaluate the performance of
the presented (or any other system) in multiple configurations
which would be infeasible to do otherwise.

C. Threats to Validity

This section introduces internal and external threats to
validity that may impact the reliability of our Co-zyBench.

Internal Validity. As described in Section IV, Co-zyBench
utilizes simulators for the occupants and buildings. Even
though the simulators have proven their effectiveness, they are
based on a limited set of parameters that may not fully capture
the complexity of real-world conditions. Such inconsistencies
between DTs and their counterparts potentially affect the accu-
racy of occupant movement modeling and energy simulations.
To mitigate this effect, Co-zyBench provides available stan-
dards and real-world datasets for designing realistic scenarios.
However, due to the inherent limitation of available data and
current techniques, some level of deviation between simulated
outcomes and real-world conditions is unavoidable.
External Validity. Our benchmark primarily focuses on eval-
uating thermal comfort provision systems on specific aspects
of comfort and energy consumption. The applicability of our
benchmark to systems with different concerns, for example,
operating lighting and window shading, may be limited. How-
ever, such systems can be incorporated into Co-zyBench if
simulation tools like EnergyPlus exist and offer an API for
integration with the co-simulation middleware.

VI. CONCLUSIONS

We presented Co-zyBench, a benchmarking platform for
evaluating and optimizing pervasive computing based thermal
comfort provision systems in smart buildings in terms of
individual thermal comfort, thermal comfort equality, and
energy consumption. In addition, our platform offers flexibility
by allowing users to import their Digital Twin model for an
accurate assessment of the performance of their systems in
specific buildings.

To demonstrate the applicability of Co-zyBench, we con-
ducted experiments by creating a Digital Twin of the building
and occupants, analyzing three thermal comfort provision
strategies to compare their performance. For the scenarios we
assume, the observations can facilitate the building adminis-
trator to make a decision to employ thermal comfort systems
based on their requirements. In addition, our analysis reveals
that it is possible to develop techniques that can effectively
balance equality and thermal comfort while simultaneously
reducing energy consumption. In future work, we plan to
maintain Co-zyBench extended by incorporating new standard
buildings. Additionally, we plan to evaluate more thermal
comfort provision systems and create a website that can help
the community see the results to upload theirs.
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