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Highlights 

 Occupant-centric metrics are currently ad hoc and limited, yet crucial to inform building design 

and operations. 

 Literature was reviewed to reveal the state-of-the-art and gaps of occupant-centric metrics. 

 A suite of occupant-centric key performance indicators (KPIs) covering five groups of building 

services were synthesized. 

 Proposed occupant KPIs represent three aspects of performance: resource use and demand, 

occupant comfort and health, and human–building interactions. 

 A case study using whole building simulation was conducted to demonstrate the use of occupant-

centric KPIs in evaluating building operations during a power outage. 

 

Abstract 

Building performance indicators are widely used to guide building design and track and benchmark 

operational performance. Traditional building performance indicators mostly focus on the energy efficiency 

perspective. Yet, the increasing penetration of renewable energy resources, distributed energy technologies, 

and frequent extreme weather events impose a need to quantify building energy flexibility and resilience to 

support research and development of grid-interactive efficient buildings (GEBs). One key factor to consider 

in the GEB context is occupant comfort and well-being, since occupants are the primary building service 

recipients in residential and most commercial buildings. This study first identified significant attributes of 

occupant-centric key performance indicators (KPIs) and analyzed the diverse factors that should be 

considered in formulating an occupant-centric KPI. Then a suite of occupant-centric KPIs were synthesized 

from the review and enhancement of existing occupant-related performance metrics. The proposed 

occupant KPIs represent the occupant lens on three integrative aspects of building performance: resource 

use (including energy and water), indoor environmental quality, and human–building interactions. A 

simulation-based case study was conducted to demonstrate how occupant-centric KPIs can be used to 

quantify the impacts of building operation changes from the occupants’ point of view. 

 

Keywords: Building performance, occupant, KPIs, human building interaction, occupant behavior, indoor 

environmental quality 

  

1. Introduction 

The building sector consumes more than one-third of global primary energy, and is the main focus of global 

efforts to reduce energy use and greenhouse gas (GHG) emissions in buildings to achieve a clean economy 

and mitigate climate change. Large-scale international collaborative research projects, including Annex 53 

(Yoshino, Hong, and Nord 2017), Annex 66 (Yan et al. 2017, 66), and Annex 79 (O’Brien, Wagner, et al. 
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2020) have identified occupant behavior as a key driver to building energy performance. The human 

dimension of energy use in buildings is as important as the technological and policy dimensions (D’Oca, 

Hong, and Langevin 2018). 

Occupants play two roles in buildings. First, occupants are the drivers of building system operations and 

controls. Occupants release sensible and latent heat, and need ventilation air, which contributes to a 

building’s heating, cooling and ventilating HVAC loads. Their preferences of the indoor environment, and 

the needs to perform certain tasks, are the main reasons for behaviors such as opening and closing windows, 

adjusting shading devices, changing lighting and thermostat controls, moving among building spaces, and 

using miscellaneous electric equipment (Hong et al. 2016). In addition, recent studies have identified that 

other factors, such as personality traits, influence human–building interactions (Hong, Chen, et al. 2020). 

Those diverse behaviors affect building energy consumption and indoor environment quality (IEQ) 

significantly (B. Li and Lim 2013; Hong et al. 2017). In their other role, occupants are the primary recipients 

of services provided by building systems. People spend more than 85% of their time indoors (Klepeis et al. 

2001). The quality of the building design and system operations can influence occupant comfort and well-

being considerably (Altomonte et al. 2020). Conventional building performance metrics (e.g., energy use 

intensity, EUI) can overlook the influence of the built environment on occupants. This study focused on 

occupant related building performance indicators, as occupants are the ultimate beneficiaries of the built 

environment. We demonstrated that a comprehensive suite of occupant-centric KPIs can not only guide 

building design and operation to satisfy occupant demands, but also quantify the influence of human–

building interaction (HBI) on energy consumption and indoor environmental quality. 

1.1. Overview of the existing building performance metrics 

The saying “what gets measured gets done” is widely accepted by the building performance field. Existing 

studies have proposed a range of metrics that are used to capture building performance. The applications of 

those metrics span the whole life-cycle of buildings (O’Sullivan et al. 2004), which include building 

certification from the plan and design phase (Reinhart, Mardaljevic, and Rogers 2006), risk and 

sustainability management in the construction phase (Hanna 2016), and performance tracking (Costa et al. 

2013), benchmarking (H. Li et al. 2019), and controlling (Zhang et al. 2019) in the operation phase. 

However, the majority of metrics focus on energy efficiency and indoor environmental quality. Bogatu et 

al. assessed the IEQ metrics available in building standards (ISO 7730-2006, ASHRAE 55-2017, ISO 

17772-2018, EN 16798-2019) and certifications (WELL, BREEAM, LEED, and DGNB) (Bogatu, Byg, 

and Coakley 2020). They found that, although the metrics are clearly defined, there is no clear methodology 

for benchmarking and correlating those metrics with occupants’ subjective responses. Mahdavi et al. 

reviewed current state-of-art IEQ evaluation approaches and indicated that existing approaches tend to be 

mono-dimensional, and people’s evaluation of the IEQ are often overlooked (Mahdavi et al. 2020).  

Moreover, many of the IEQ metrics are either not designed specifically for occupant-centric building 

operations or are short of guidance on what should be done if there is a problem. Some IEQ metrics, such 

as thermal comfort or predicted mean vote (PMV) quantify the indoor environment of a single location at 

a specific time, which cannot be used to evaluate the whole building across a certain time period. Among 

the existing building performance metrics, only a small portion of them are involved with occupant-building 

interactions. Those metrics are usually developed for specific purposes such as reducing plug-load, service 

hot water, and space utilizations. A major reason for the lack of occupant-centric metrics is the high cost of 



measuring occupant-related information like occupant count and activities, in addition to privacy concerns. 

As sensing and Internet of Things (IoT) technologies and occupant predicting methods become more 

mature, it becomes more affordable and reliable to collect occupant-related information. Those 

developments have incentivized efforts to develop actionable performance metrics, which aim at 

quantifying building performance from the building-occupant interaction perspective (Langevin, Wen, and 

Gurian 2016; Xie et al. 2020). O’Brien et al. reviewed existing occupant-related performance metrics, 

summarized the characteristics of good performance metrics, and demonstrated example uses of those 

metrics (O’Brien et al. 2017). Those efforts have shed lights on what good occupant-centric metrics should 

be like. However, there is still a lack of a systematic review and summary of existing metrics from the lens 

of occupants.  

In addition, although the field of building performance usually uses the terminologies - “metrics”, 

“measures”, and “indicators” as synonyms (de Wilde 2018), they do have different implications. 

“Metrics” usually represent how performance changes over time or in different dimensions.  “Measures” 

are the values or quantities that represent the performance. “Indicators” are usually combined values that 

reflect the performance with easy-to-understand information rather than raw operational measurements. 

Originating from the business world, key performance indicators (KPIs) are critical navigational 

instruments that monitor performance and draw attention when a project is veering off the right path. 

Good KPIs not only measure the performance, but are also objective and actionable (“What Gets 

Measured Gets Done: Key Performance Indicators” 2010), which help managers measure what matters 

the most in their business. In this study, we review existing occupant-centric metrics, measures, and 

indicators, and synthesize them as KPIs. The objective is to help stakeholders identify the reasons and 

solutions of problems in building performance field from the occupant-centric perspective. It should be 

noted that the occupant-centric KPIs are not proposed to replace the existing building performance 

metrics but rather to provide an integrative set of KPIs focusing on the occupant perspectives for use 

cases that emphasize human factors and related performance. 

1.2. Emerging needs for occupant-centric KPIs 

Another limitation of the existing occupant-centric metrics is that they have not caught up with some of the 

emerging trends such as energy flexibility and resilience. For instance, instead of purely improving energy 

efficiency of buildings and systems, new research has begun to focus on making them more intelligent. The 

grid-interactive efficient building (GEB) concept aims to modulate energy load to improve flexibility, 

optimize energy use for grid services, and save energy while satisfying occupant needs via distributed 

energy resources and advanced sensor and control technologies (Neukomm, Nubbe, and Fares 2019). It is 

critical to quantify how those changes would affect the indoor environment since there is no intent to 

sacrifice occupant comfort and well-being to achieve the GEB goals. Several studies have investigated the 

influence of demand response on thermal comfort and energy cost (Alimohammadisagvand et al. 2017; W. 

Li and Xu 2016). However, there is a lack of well-defined metrics to measure the impacts of GEB on 

occupant comfort, health, and well-being.  

Another emerging topic in the built environment is resilience, which refers to a building’s capability to 

respond to (i.e., resist and recover from) extreme weather and hazardous events. Extreme events such as 

heat waves, hurricanes, wildfires, and power outages pose significant risks to occupant comfort, health, and 

even safety (Penman et al. 2014; Anderson et al. 2013; Schenck et al. 2010). In this context, occupant-

centric KPIs are important to quantify the impact of those extreme events and guide building design and 



operations. For example, Sun et al. (Sun, Specian, and Hong 2020) utilized the heat index to measure the 

impacts of heat waves on building thermal conditions and risks, and recommended improvements to 

mitigate the risks. Despite those efforts, a summary of occupant-centric KPIs that can be used to quantify 

different aspects of resilience (e.g., thermal, air quality) is still missing. 

Modern building technologies have greatly changed the way occupants interact with the built environment. 

For instance, occupants’ behaviors such as opening and closing the windows, adjusting thermostat 

setpoints, and raising and lowering louvers have been overtaken by building automation systems (BAS) 

(Domingues et al. 2016). In the foreseeable future, the introduction of IoT enabled infrastructures, and 

artificial intelligence (AI) driven building controls (Ngarambe, Yun, and Santamouris 2020; Merabet et al. 

2020) will keep changing the way occupants interact with buildings. Moreover, new business models such 

as workplace sharing or coworking can also change occupants’ spatial and physical needs for buildings. 

Human–building interaction (HBI) is becoming an emerging domain of interest; it focuses on addressing 

people’s interactions with the built environment from physical-material, spatial-configurational, and social-

cultural perspectives (Alavi et al. 2019). Occupant-centric KPIs should also bridge the gap of missing 

metrics for evaluating human–building interactivity. 

1.3. Scope of this study 

In this study, we first summarized key features of good occupant-centric KPIs and areas of interest they 

should cover in the modern context. Then, we critically and comprehensively reviewed the existing 

occupant-related metrics, with the aim of identifying their limitations and opportunities of improvements. 

Based on the review results, a suite of metrics was selected/complemented to synthesize a set of occupant-

centric KPIs. Next, a use case of the occupant-centric KPIs was presented to illustrate how those indicators 

could be used to enhance building performance and inform decision making. The key findings and main 

contribution of this paper are discussed at the end. 

2. Occupant-centric KPIs for building performance 

2.1. Basis of building performance consideration  

Occupants are the main recipients of building services. They interact with the building systems to address 

their needs. At the same time, building systems consume resources to provide the required services while 

by-products such as waste and GHG influence the environment. Therefore, occupant-centric building 

performance can be quantified from three aspects: (1) resource use and environmental impact, (2) indoor 

environmental quality provided by building services and influencing occupant comfort and health, and 

(3) human–building interactions. Figure 1 depicts these three interlinked aspects. 



 
Figure 1. Occupant-centric building performance aspects 

For resource use and environmental impact, we considered whole building-level energy consumption 

during partial and full occupancy, peak power demand, water usage, and GHG emissions. For human–

building interactions, we considered the occupants’ controllability of the building systems, and whether and 

how they provide feedback to building operations. Table 1 summarizes KPIs that indicate the building 

performance from a high level. For building services, we considered five categories, which include four 

key components of indoor environmental quality (IEQ)—thermal quality, visual quality, acoustic quality, 

and indoor air quality—as well as other services (e.g., use of miscellaneous electric devices, space 

utilization). The more detailed, service-specific KPIs, are presented in Section 2.4 

Table 1. High-level Occupant-centric KPIs 

Performance 

Aspect 
Category KPI 

Resource use 

and 

environmental 

impacts 

Overall Total OccupantHour: Annual total occupant hour of a building 

Energy use 

kWh/person: Annual total site energy use (kWh) / number of 

maximum occupants for the whole building 

kWh/OccupantHour: Annual total site energy use (kWh) / annual 

total occupant-weighted hours for the whole building 

% energy-unoccupied: Percent of energy use as annual total site 

energy during unoccupied hours for the whole building 

% energy-25 percentile occupancy: Percent of energy use as 

annual total site energy during 0%–25% occupancy 

% energy-50 percentile occupancy: Percent of energy use as 

annual total site energy during 25%–50% occupancy 

% energy-75 percentile occupancy: Percent of energy use as 

annual total site energy during 50%–75% occupancy 

% energy-100 percentile occupancy: Percent of energy use as 

annual total site energy during 75%–100% occupancy 

Electricity demand 

peak kW/person: Annual peak electricity demand / number of 

maximum occupants 



Water use 

kg water/person: Annual water use (kg) / number of maximum 

occupants  

Carbon emission 

kg CO2e/person: Annual carbon dioxide equivalent emission / 

number of maximum occupants 

Solid waste kg waste/person: Annual solid waste generated on-site per person 

Human–
Building 

Interaction 

Controllability of building 

envelope 

Percent occupants who can open/close windows 

Percent occupants who can open/close blinds 

Controllability of lighting systems Percent occupants who can switch on/off or dim lights 

Controllability of HVAC systems 

Percent occupants who can adjust thermostat setting 

Percent occupants who can adjust air diffusers or air dampers or 

water valves 

Controllability of personal devices 

and space 

Percent occupants who have personal fans or heaters 

Percent occupants who have personal air purifiers 

Percent occupants who have enclosed working station (can close 

the door for privacy) 

Occupant feedback 

Occupants have access to a dashboard to see energy use, demand, 

space use, and IAQ of their floor or space or the whole building 

Occupants have access to an app to report in real-time their 

thermal comfort, IAQ, acoustic, or visual issues  

Building operators or managers have periodic (quarterly or 

annual) surveys to collect occupant feedback 

2.2. Attributes of KPIs 

A vast amount of data are generated from modern building energy management systems (BEMs) and 

building automation systems (BAS) every day, and this amount of data can be overwhelming to decision 

makers and stakeholders. Good KPIs turn data into strategic assets by distilling them into actionable 

information. The following three critical attributes characterize good KPIs: 

● Accessibility: KPIs should be easy to obtain with the existing infrastructure, technologies and 

reasonable amounts of efforts and costs. The sources of the data and how they can be measured 

should be straightforward. 

● Quantifiability: This is the fundamental of performance tracking, verification, and benchmarking. 

Good KPIs should have a clear definition of either direct measurements or robust formulas for 

calculating the values. 

● Actionability: Good KPIs should be target-oriented. They should provide actionable information 

to inform solutions to specific problems, e.g., reducing lighting energy consumption per person by 

improving the lighting control.  

2.3. Factors that occupant-centric KPIs should consider 

While the attributes of good KPIs are easy to understand, it is often difficult to choose the right ones. 

There are plenty of factors to be considered. Therefore, a clear definition of the factors can help us select, 

calculate, and interpret the occupant-centric KPIs for different purposes. Previously, there has been no 



clear and consistent factoring of occupant-centric metrics. In Figure 2, we propose eight categories of 

factors to consider.  

 
Figure 2. Factors that good occupant-centric KPIs should consider 

● Temporal factors: Resolution is the main factor in this category; it refers to the discrete resolution 

of a measurement with respect to time. In the building performance field, typical temporal 

resolutions include annual, monthly, weekly, daily, hourly, and sub-hourly. Depending on the goal 

of the KPI, different resolutions may apply. For instance, KPIs with large time-steps like monthly 

or annual resolution are usually used to compare and benchmark a performance metric at a high 

level, while KPIs with small time-steps are useful in tracking performance change with high 

volatility. KPIs with high temporal resolution require more frequent measurements and larger data 

storage. Meanwhile, KPIs with finer temporal resolutions could be aggregated to have values with 

coarser temporal resolution if necessary.  

● Spatial factors: Spatial resolution refers to the smallest geometry area in space that a KPI can 

resolve. Common spatial resolutions include work-plane, workstation, zone/room, floor, and whole 

building. For occupant-centric KPIs, the selection of spatial resolution is largely determined by the 

target—KPIs for individual occupants need higher spatial resolution, while KPIs for occupant 

groups can have a lower spatial resolution. KPIs with high spatial resolution usually require more 

sensors and larger data storage. Similarly, KPIs also can be spatially down-sampled when 

necessary. 

● Occupant factors: Resolution and object are two key factors in this category. Occupant resolution 

refers to the level of detail that occupant-related information is collected. Typical options include 

presence (whether an occupant is at a space at a given time), count (the number of occupants in a 

space at a given time), and activity type (the type and intensity occupant activity). Object is the 



scope of occupant that a KPI aims to cover, which can be either an individual person or a group of 

people. KPIs with higher resolution and finer scope are useful in tasks such as individual behavior 

tracking and personal comfort evaluation, while KPIs with lower resolution are useful in cases like 

group comfort evaluations. 

● Normalization factors: Normalization is a process that changes the values of a certain variable so 

that it is in a common scale with other variables, but without losing patterns within its own range. 

There are three types of normalization factors in occupant-centric KPIs: (1) spatial normalization 

factors (e.g., floor area, number of rooms/zones), (2) occupant normalization factors (e.g., number 

of occupants, occupant equivalent full hours), and (3) weather normalization factors (e.g., degree 

hours, degree days). Normalization is necessary for fair comparisons of KPIs, as it avoids the 

influence of unrelated factors.  

● Value types: Value types refer to the formats of the KPIs. Single-value KPIs provide a snapshot 

of a metric, while serial-value KPIs could reveal the trend and dynamics of the metrics of interest. 

● Quantifiability: Quantifiability refers to the feasibility of collecting the required data and deriving 

the KPIs from the data. If the data are collected from real measurements, key factors are the required 

sensors and meters, the cost of them, and whether the data are directly measured or inferred by 

proxy. If the data are generated from simulations, the key factors are the required model parameters 

and the output variables. If the data are from surveys or audits, the key factors are questions and 

objectives. Understanding the quantifiability helps users to decide whether it is realistic and cost-

effective to select certain occupant-centric KPIs.  

● Applicable Scenarios: Applicable scenarios indicate how the occupant-centric KPIs can be used 

in different phases of the building life-cycle. This study was mainly concerned with the design and 

operation phases. In the design phase, occupant-centric KPIs could be incorporated in the 

performance-based path of building energy codes and standards (O’Brien, Tahmasebi, et al. 2020) 

to address emerging needs (e.g., resilience and energy flexibility) of new buildings. In the operation 

phase, occupant-centric KPIs can be used to monitor the system operations, serve as control goals, 

or alert abnormal or dangerous events in the alarm systems. 

● Performance Goals: Last, but not least, performance goals are what the occupant-centric KPIs 

aim to improve. Energy efficiency and indoor environmental quality are two of the most popular 

goals. Energy-related performance goals involve those such as improving energy efficiency, 

reducing demand power demand, curtailing carbon emissions, and increasing energy flexibility. A 

priority hierarchy applies to indoor environmental quality (Altomonte et al. 2020), which suggests 

that occupants’ basic safety and reliability needs must be met before improving comfort and well-

being. Therefore, the indoor environment-related performance goals of the occupant-centric KPIs 

should also address this hierarchy: (1) avoid hazards, (2) maintain comfort, and (3) promote 

well-being. 

The eight feature groups of factors not only characterize the occupant-centric KPIs but also help users select 

a subset of KPIs for specific applications. For instance, building designers who are interested in visual 

quality and lighting energy consumption might select “visual quality” and “energy efficiency” as the 

performance goal from the visual KPIs group. 



2.4. Review of existing occupant-centric KPIs  

In this section, we first review the literature concerning occupant-related performance metrics in each 

service category discussed in Section 2.3. We then examine whether those existing metrics consider the 

factors that are discussed in sections 2.1 and 2.2. Missing factors are complemented based on the description 

of original literature and our knowledge. Next, an occupant-centric KPI summary table for each service 

category is synthesized. In each service category, the performance goals columns describe which of the 

three performance aspects discussed in Section 2.3 a KPI can indicate. Based on the literature review, the 

limitations and future needs for the occupant-centric KPIs also are identified. 

2.4.1. Visual Quality 

Visual quality refers to the luminous environmental quality that is influenced by a mixture of physical 

parameters including lighting, daylighting, self-illuminating screens, and indoor and outdoor views. On the 

one hand, a good visual quality ensures sufficient illuminance for visual tasks and avoids glares, as well as 

promotes lighting environments and views that stimulate occupants’ feelings of well-being (Altomonte et 

al. 2020; Board, National Academies of Sciences, and Medicine 2004). On the other, artificial lighting 

consumes a large portion of the total building energy consumption (Ryckaert et al. 2010). Previous studies 

have identified a strong correlation between occupant patterns and lighting energy consumption (Yun, Kim, 

and Kim 2012). Therefore, the synthesized occupant-centric KPIs mainly focus on visual quality and 

occupant-related lighting energy consumption, which is summarized in Table 2 below. 

2.4.2. Thermal Quality 

Thermal condition is a major aspect of indoor environmental quality in buildings. A large portion of the 

energy consumed by building systems is to maintain desirable thermal conditions. Moreover, thermal 

quality has proven impacts on occupants’ health (Parsons 2014) and productivity (Kaushik et al. 2020). 

Assessing indoor thermal quality and its impacts on occupants has always been an important task. A variety 

of methods and metrics have been proposed to assess the human response to the thermal environment 

(Carlucci and Pagliano 2012). The purpose of those metrics ranges from evaluating the risks of being 

exposed to extreme thermal conditions to assessing the thermal comfort of individuals or occupant groups. 

From the formation perspective, those metrics could be grouped into three categories (Parsons 2014; 

Epstein and Moran 2006): (1) rational indices, which are based on heat balances; (2) empirical indices, 

which are based on a combination of objective and subjective measures; and (3) direct indices, which can 

be quantifiable via measurements of occupant and environmental variables. Since good KPIs should be 

accessible and quantifiable, the review and synthesis of occupant-centric KPIs focuses on the third category. 

Table 3 summarizes the occupant-centric KPIs for thermal quality. 

2.4.3. Air Quality 

Indoor air quality (IAQ) refers to the physical, chemical, and biological characteristics of air in the built 

environment. Extensive studies have shown that IAQ has impacts on occupant health, comfort (Milton, 

Glencross, and Walters 2000), and work performance (Wargocki and Wyon 2017). Quantifying IAQ has 

always been a challenge, despite many efforts. The main reason for the difficulty is the high complexity 

of the air’s composition. Different types of pollutants, including physical contaminants (e.g., particulate 

matter), chemical contaminants (e.g., COx, NOx, SOx, and VOCs), and biological contaminants (e.g., 

airborne viruses, bacteria, and fungi) can be present in the air. And the pollutants’ mechanisms that affect 



human health and the harmful concentrations vary considerably. Two main groups of metrics are used to 

evaluate air quality. The first group measures the IAQ with the concentration of one or several types of 

pollutants. The second group of metrics use proxies, such as CO2 concentration and ventilation rate, to 

evaluate the IAQ. Those metrics are mainly used in building certifications (Wei, Ramalho, and Mandin 

2015) for building design guidance, and for HVAC system controls (Emmerich, Mitchell, and Beckman 

1994) and monitoring (Saad et al. 2017) in building operations.  

Table 4 summarizes the IAQ related occupant-centric KPIs. 

2.4.4. Acoustic Quality 

Compared with thermal quality and indoor air quality, indoor acoustic quality is often overlooked in 

building design (Jalil, Din, and Daud 2013; Paradis 2016). Traditional design of the acoustic environment 

focuses on reducing negative effects as noises and unwanted reverberations. Recent study has shown the 

acoustic quality’s considerable impacts on occupant health and productivity (Peretti and Schiavon 2011). 

In fact, occupants’ dissatisfaction with acoustic privacy and comfort are among the most frequent 

complaints in occupant surveys (Altomonte et al. 2020; Brager and Baker 2009). Thus, there is great 

potential and an increasing need to improve the indoor acoustic environment beyond the basic requirements. 

Those needs include improved speech privacy, sound intelligibility, and overall comfort. Table 5 

summarizes the occupant-centric KPIs for acoustic quality. 

2.4.5. Other Needs 

In addition to a safe, comfortable indoor environment, buildings need to provide occupants with other 

services for their indoor activities. Those activities include miscellaneous tasks using plug-load devices, 

service hot water consumption, space utilization, and wireless network connection. Metrics in this category 

help us to better understand the service quality and energy efficiency that the building and systems provide. 

Corresponding occupant-centric KPIs are summarized in Table 6. 



Table 2. Occupant-centric KPIs for visual service 

KPI Characteristics Input Data Resolution Normalization Factors 
Quantifiability via 

Measurements 

Quantifiability via 

Simulations 
Performance Goal Applicability   

KPI Definition 
Occupant 

Object 

Value 

Type 

dimen-

sional 
Temporal Spatial Occupancy Temporal Spatial Occupant Weather Sensors/Devices 

Measurement 

& calculation 

Effort 

Software 
Modeling 

Effort 
Resources IEQ 

Lifecycle 

Phase 
Year Source 

Spatial Daylight 

Autonomy (sDA) 

The percentage of time that 

daylight levels are above a 

specified target illuminance within 

a physical space. 

n.a. single no annual zone n.a. n.a. n.a. n.a. n.a. 
illuminance 

sensor 
medium 

Radiance, 

DiVa 
high energy comfort 

design, 

operation 
2012 

(I. D. M. 

Committee 

and others 

2012) 

Annual Sunlight 

Exposure (ASE) 

The percentage of floor area that 

receives at least 1,000 lux for at 

least 250 occupied hours per year n.a. single no annual zone n.a. hours n.a. 
occupant 

count 
n.a. 

illuminance 

sensor 
medium 

Radiance, 

DiVa 
high n.a. comfort 

design, 

operation 
2012 

(I. D. M. 

Committee 

and others 

2012)  

Useful Daylight 

Illuminance 

A daylight availability metric that 

corresponds to the percentage of 

the occupied time when a target 

range of illuminances at a point in 

a space is met by daylight. 

occupant 

group 
single no n.a. zone presence hours n.a. 

occupant 

count 
n.a. 

illuminance 

sensor 
medium Radiance medium energy comfort 

design, 

operation 
2012 

 (Mardaljevic 

et al. 2012) 

Workplane 

Illuminance 

The illuminance level of a 

horizontal workplane 

individual 

person 
single yes n.a. workplane n.a. n.a. n.a. n.a. n.a. 

illuminance 

sensor 
low Radiance medium energy comfort operation N.A.  N.A. 

Daylight Glare 

Probability (DGP) 

A probability to evaluate glare 

from daylight at a vertical surface 

considering eye level illuminance, 

light source luminance, and solid 

angle of the light source view. 

individual 

person 

single 

or 

serial 

no n.a. 
single 

point 
n.a. n.a. n.a. n.a. n.a. 

illuminance 

sensor, angle 

meter 

high 
Radiance, 

DiVa 
high n.a. comfort 

design, 

operation 
2009 

(Wienold 

2009)  

Unified Glare Ratio 

(UGR) 

A metric that evaluates how likely 

a luminaire is to cause discomfort 

to occupants considering the 

luminance level of the luminaire 

and the background, as well as the 

occupant’s view point. 

individual 

person 
single no n.a. 

single 

point 
n.a. n.a. n.a. n.a. n.a. 

illuminance 

sensor, angle 

meter 

high 
Radiance, 

DiVa 
high n.a. comfort 

design, 

operation 
1995 

(C. T. 

Committee 

and others 

1995)  

Visual Comfort 

Availability (VCA) 

The local availability of sufficient 

visual comfort in the considered 

period (e.g., Visual comfort: DGP 

< 0.35). 

individual 

person 

single 

or 

serial 

no 
percent of 

time 

single 

point 
n.a. n.a. n.a. n.a. n.a. 

illuminance 

sensor, angle 

meter 

high 
Radiance, 

DiVa 
high n.a. comfort 

design, 

operation 
2016 

(Atzeri et al. 

2016)  

Visual Comfort 

Probability (VCP) 

The percentage of people that will 

find a certain scene (viewpoint and 

direction) comfortable with regard 

to visual glare. 

occupant 

group 
single no n.a. zone n.a. n.a. n.a. n.a. n.a. 

illuminance 

sensor, angle 

meter 

very high 
Radiance, 

DiVa 
very high n.a. comfort design 1966 (Guth 1963)  

Hours of Occupancy 

in the Dark (HOD) 

The hours when the indoor light 

level is below the adaptive 

setpoints for a particular occupant 

when the room is occupied. 

occupant 

group 
single yes n.a. zone presence hours n.a. 

occupant 

count 
n.a. 

occupancy 

sensor, lighting 

meter 

medium EnergyPlus medium n.a. health operation 2016 

(Nagy, 

Yong, and 

Schlueter 

2016) 

View Type 

Total number of rays that hit each 

type of outdoor view element: sky, 

landmarks, buildings, landscape, 

and ground. 

individual 

person 
single yes hourly 

single 

point 
n.a. n.a. n.a. n.a. n.a. n.a. very high 

Rhinoceros, 

Grasshopper 

plugin, 

DIVA-for-

Rhino 

plugin 

high n.a. wellbeing 
design, 

operation 
2019 

(Turan, 

Reinhart, and 

Kocher 

2019) 

View Diversity 

The total count of unique exterior 

objects (excluding sky and 

ground) that are intersected by 

rays from one point. 

individual 

person 
single yes n.a. 

single 

point 
n.a. n.a. n.a. n.a. n.a. n.a. very high 

Rhinoceros, 

Grasshopper 

plugin, 

DIVA-for-

Rhino 

plugin 

high n.a. wellbeing design 2019 

(Turan, 

Reinhart, and 

Kocher 

2019) 

View Depth-of-Field 

The difference between the nearest 

exterior object and farthest 

exterior object (excluding sky) that 

is intersected by rays from a single 

origin. 

individual 

person 
single yes n.a. 

single 

point 
n.a. n.a. n.a. n.a. n.a. n.a. very high 

Rhinoceros, 

Grasshopper 

plugin, 

DIVA-for-

Rhino 

plugin 

high n.a. wellbeing design 2019 

(Turan, 

Reinhart, and 

Kocher 

2019) 

Light Utilization Ratio 

(LUR) 

The ratio of lights-on time to 

occupied time in a specific space. 
occupant 

group 
single no hourly n.a presence hours n.a. 

occupant 

count 
n.a. 

occupancy 

sensor, lighting 

meter 

medium EnergyPlus low energy n.a. operation 2017 
(O’Brien et 

al. 2017) 



Lighting energy 

consumption per full 

equivalent occupied 

hours 

Interior lighting energy 

consumption per full equivalent 

occupied hours in a space. 

occupant 

group 
single yes hourly n.a. 

occupant 

count 
hours n.a. 

occupant 

count 
n.a. 

occupant count 

sensor, lighting 

meter 

high EnergyPlus low energy n.a. operation 2020 

(H. Li, 

Hong, et al. 

2020)  

Lighting energy 

consumption per 

daylight hours 

Interior lighting energy 

consumption per daily daylight 

hours. 
n.a. 

single 

or 

serial 

yes daily n.a. n.a. hours n.a. n.a. 
daylight 

hours 
lighting meter medium EnergyPlus medium energy n.a. operation 2020 

(H. Li, 

Hong, et al. 

2020) 

Peak lighting power 

demand per occupant 

The peak lighting electric power 

demand divided by the maximum 

number of occupants. 

occupant 

group 

single 

or 

serial 

yes hourly building 
occupant 

count 
n.a. n.a. 

occupant 

count 
n.a. 

occupant count 

sensor, lighting 

meter 

high EnergyPlus low demand n.a. operation n.a. n.a. 

Table 3. Occupant-centric KPIs for thermal quality 

KPI Characteristics Input Data Resolution Normalization Factors 
Quantifiability via 

Measurements 

Quantifiability via 

Simulations 
Performance Goal 

Applicabilit

y 
  

KPI Definition 
Occupan

t Object 

Value 

Type 

dimen-

sional 
Temporal Spatial Occupancy Temporal Spatial 

Occupan

t 
Weather Sensors/Devices 

Measurement 

& calculation 

Effort 

Software 
Modeling 

Effort 
Resources IEQ 

Lifecycle 

Phase 
Year Source 

Predicted Mean Vote 

(PMV) & Predicted 

Percentage of 

Dissatisfied (PPD) model 

A model to quantify thermal 

comfort for a group of occupants 

with a particular combination of 

air temperature, mean radiant 

temperature, relative humidity, air 

speed, metabolic rate, and clothing 

insulation. 

occupant 

group 

single 

or 

serial 

no n.a. zone n.a. n.a. n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor 

very high 

EnergyPlus 

(Crawley et 

al. 2001), 

CBE 

Thermal 

Comfort 

Tool 

(Tartarini et 

al. 2020) 

low n.a. comfort 
design, 

operation 
2005 

(Iso 

2005) 

Average PPD 

The average PPD over occupied 

hours during a time period. occupant 

group 
single no hourly zone presence n.a. n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor 

very high EnergyPlus low n.a. comfort 
design, 

operation 
2005 

 (Iso 

2005) 

Accumulated PPD 

(Sum_PPD) 

Summation of all the PPDs over 

time (with a time-step of one 

hour) during occupied hours. occupant 

group 
single yes hourly zone presence n.a. n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

heat flux meter, 

timer 

very high EnergyPlus medium n.a. comfort 
design, 

operation 
2012 

(Olesen 

2012) 

PPD-weighted Criterion 

(PPDwC) 

Summation of the weighted 

discomfort (PMV beyond or 

below comfort limits) hours. occupant 

group 
single no hourly zone n.a. n.a. n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

heat flux meter, 

timer 

very high EnergyPlus medium n.a. comfort 
design, 

operation 
1986 

(Gagge, 

Fobelets

, and 

Berglun

d 1986)  

Standard Effective 

Temperature (SET) 

The temperature of an imaginary 

environment at 50% relative 

humidity, less than 0.1 m/s air 

speed, and same mean radiant 

temperature and air temperature, 

in which the total heat loss from 

the skin of an imaginary occupant 

with an activity level of 1.0 met 

and a clothing level of 0.6 clo is 

the same as that from a person in 

the actual environment, with 

actual clothing and activity level.  

individual 

person 

single 

or 

serial 

yes n.a. zone activity level n.a. n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

heat flux meter 

very high n.a. n.a. n.a. comfort 
design, 

operation 
2012 

(Olesen 

2012) 

POR[PMV] 

Percentage of time outside the 

comfort PMV range. 
occupant 

group 
single no 

percent of 

time 
n.a. presence 

time 

duration 
zone n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

timer 

very high EnergyPlus low n.a. comfort 
design, 

operation 
2012 

 (Olesen 

2012) 

POR[RT] 

Percentage of occupied hours 

outside of a reference temperature 

(usually operative temperature) 

range. 

occupant 

group 
single no 

percent of 

time 
n.a. presence 

time 

duration 
zone n.a. n.a. 

temperature 

sensor, radiant 

temperature 

sensor, heat flux 

meter, timer 

very high EnergyPlus low n.a. comfort 
design, 

operation 
2005 

(Iso 

2005) 

Degree-Hour Criterion 

(DHC) 

Sum of occupied hours multiplied 

by actual operative temperature 

exceeding the corresponding 

comfort range. 

occupant 

group 
single yes hourly zone presence n.a. n.a. n.a. n.a. 

temperature 

sensor, radiant 

temperature 

sensor, humidity 

very high EnergyPlus medium n.a. comfort 
design, 

operation 
n.a.  n.a. 



sensor, air 

velocity sensor, 

occupancy 

sensor 

Degree-Occupant-Hour 

Criterion (DOHC) 

Sum of occupied hours multiplied 

by number of occupants and 

operative temperature exceeding 

the corresponding comfort range. occupant 

group 
single yes hourly zone 

occupant 

count 
n.a. n.a. n.a. n.a. 

temperature 

sensor, radiant 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

occupant count 

sensor 

very high EnergyPlus medium n.a. comfort 
design, 

operation 
2010 

(Borges

on and 

Brager 

2011)  

Exceedance [PPD] 

Sum of hours multiplied by the 

number of occupants when the 

thermal condition exceeds a 

threshold of 20% of 

dissatisfaction, divided by the sum 

of hours multiplied by the number 

of occupants. 

occupant 

group 
single yes hourly zone 

occupant 

count 
n.a. n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

heat flux meter, 

occupant count 

sensor 

very high EnergyPlus medium n.a. comfort operation 2019 

(Estrella 

Guillén, 

Samuels

on, and 

Cedeño 

Laurent 

2019) 

Discomfort Degree Days 

The degree days when the indoor 

air temperature is outside the 

adaptive comfort temperature 

range. This metric can be divided 

into Cold Discomfort Degree 

Days and Hot Discomfort Degree 

Days. 

occupant 

group 
single yes hourly zone n.a. n.a. n.a. n.a. n.a. 

temperature 

sensor, radiant 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

occupant count 

sensor 

very high EnergyPlus medium n.a. comfort operation 2019 

(Estrella 

Guillén, 

Samuels

on, and 

Cedeño 

Laurent 

2019) 

Overheating/Overcooling 

Degree Days 

The degree days that measure the 

degree of discomfort opposite of 

the building’s assumed mode of 

operation (e.g., hot discomfort 

when the weather is cold, or cold 

discomfort when the weather is 

hot). 

occupant 

group 
single yes hourly zone n.a. n.a. n.a. n.a. n.a. 

temperature 

sensor, radiant 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

occupant count 

sensor 

very high EnergyPlus medium energy comfort operation 2004 

 (Mosch

andreas 

and 

Sofuogl

u 2004) 

Indoor Discomfort Index 

The absolute distance of the 

observed value to the defined 

optimum value (22°C with 45% 

relative humidity) relative to the 

preset comfort range (3°C and 

10% relative humidity deltas) is 

used to estimate the IDI. 

occupant 

group 
single yes n.a. zone n.a. n.a. n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor 

low EnergyPlus low n.a. comfort operation 2008 

(Robins

on and 

Haldi 

2008)  

Overheating Risk Index 

A metric indicating occupants’ 

satisfaction to accumulated 

overheating stimuli (e.g., 

exceedance of a reference 

temperature of 25 °C).  

occupant 

group 
single no hourly zone presence n.a. n.a. n.a. n.a. 

temperature 

sensor, timer 
medium EnergyPlus medium n.a. health operation 1957 

(Minard

, 

Belding, 

and 

Kingsto

n 1957)  

Wet Bulb Globe 

Temperature (WBGT) 

A weighted combination of web-

bulb and dry-bulb temperature for 

evaluating the risk of heat 

exposure. 

n.a. 

single 

or 

serial 

yes n.a. n.a. n.a. n.a. n.a. n.a. n.a. 

temperature 

sensor (dry-bulb 

and wet-bulb) 

low EnergyPlus low n.a. health operation 2005 

(Wallac

e et al. 

2005) 

Cumulative Daily 

Average WBGT 

The sum of daily average WBGT 

over a few consecutive days. 

n.a. 

single 

or 

serial 

yes daily n.a. n.a. n.a. n.a. n.a. n.a. 

temperature 

sensor (dry-bulb 

and wet-bulb) 

low EnergyPlus low n.a. health operation 1998 

(I. 

Standar

d and 

ISO 

1998) 

Radiant Asymmetry 

The combined radiant temperature 

asymmetry in different directions 

at a point in a space. n.a. 

single 

or 

serial 

yes n.a. 
single 

point 
n.a. n.a. n.a. n.a. n.a. 

radiant 

temperature 

sensor 

low EnergyPlus low n.a. comfort operation 2013 

(L.-S. 

Wang et 

al. 

2014)  

Thermal Autonomy 

The percent of occupied time over 

a period where a thermal zone 

meets a set of thermal comfort 

criteria (e.g., operative 

temperature range) through 

passive means only. 

occupant 

group 
single no 

percent of 

time 
zone presence 

time 

duration 
n.a. n.a. n.a. 

occupancy 

sensor 
low EnergyPlus medium n.a. comfort operation 2015 

(Candac

e 

Pearson 

2015) 



Percent of Time Outside 

Livable Temperature 

Range 

The percentage of time that the 

standard effective temperature is 

outside of a livable range (12.2°C 

and 30°F). 

occupant 

group 

single 

or 

serial 

no 
percent of 

time 
zone n.a. 

time 

duration 
n.a. n.a. n.a. 

temperature 

sensor, humidity 

sensor, air 

velocity sensor, 

heat flux meter 

very high n.a. n.a. n.a. health operation  1979 

(Mastert

on and 

Richard

son 

1979)  

Humidex 

An index number used to describe 

how hot the weather feels to the 

average person, by combining the 

effect of heat and humidity. 
n.a. 

single 

or 

serial 

yes n.a. n.a. n.a. n.a. n.a. n.a. n.a. 

dry-bulb 

temperature 

sensor, dew-

point 

temperature 

sensor 

low EnergyPlus low n.a. comfort operation n.a. n.a. 

 

Table 4. Occupant-centric KPIs for indoor air quality 

KPI Characteristics Input Data Resolution Normalization Factors 
Quantifiability via 

Measurements 

Quantifiability via 

Simulations 
Performance Goal Applicability   

KPI Definition 
Occupant 

Object 

Value 

Type 

dimen-

sional 
Temporal Spatial Occupancy Temporal Spatial Occupant Weather Sensors/Devices 

Measurement 

& calculation 

Effort 

Software 
Modeling 

Effort 
Resources IEQ 

Lifecycle 

Phase 
Year Source 

CO2*Occupant Hour 

The CO2 concentration 

multiplied by occupant hour in a 

space. 
occupant 

group 
single yes hourly zone 

occupant 

count 
n.a. n.a. n.a. n.a. 

CO2 

concentration 

sensor, 

occupancy count 

sensor 

high EnergyPlus low n.a. comfort 
design, 

operation 
 2020 

(“NREL/EnergyPlus” 

2020) 

Weighted Relative CO2 

Exceedance * Occupant 

Hour 

The relative value of CO2 

exceeding a reference level, 

multiplied by the number of 

occupants and hours. 

occupant 

group 
single yes hourly zone 

occupant 

count 
n.a. n.a. n.a. n.a. 

CO2 

concentration 

sensor, 

occupancy count 

sensor 

high EnergyPlus low n.a. comfort 
design, 

operation 
 2020 n.a. 

tCO2 

The duration of time a space 

may be fully occupied before it 

becomes hazardous. occupant 

group 
single yes 

sub-

hourly 
zone 

occupant 

count 
n.a. n.a. n.a. n.a. 

outdoor CO2 

concentration 

sensor, occupant 

count sensor, 

outdoor airflow 

sensor 

high EnergyPlus high n.a. comfort design 2018 (Saad et al. 2017) 

Radon Level 

Radon concentration. 

n.a. 

single 

or 

serial 

yes n.a. n.a. n.a. n.a. n.a. n.a. n.a. radon sensor low n.a. n.a. n.a. health operation 2016  
(Teichman et al. 

2016) 

Total Volatile Organic 

Compounds (TVOCs) * 

Occupant Hour 

The total concentration of 

multiple airborne VOCs present 

simultaneously in the air 

multiplied by occupant hour in a 

space. 

occupant 

group 

single 

or 

serial 

yes hourly zone 
occupant 

count 
n.a. n.a. n.a. n.a. 

TVOC sensor, 

occupancy count 

sensor 

high n.a. n.a. n.a. health operation 2020 

(“Introduction to 

VOCS and Health | 

Indoor Air Quality 

(IAQ) Scientific 

Findings Resource 

Bank (IAQ-SFRB)” 

2020) 

Air Quality Index (AQI) 

A score with a range from 0 to 

500 used to evaluate the air 

quality considering five major 

pollutants. 
n.a. 

single 

or 

serial 

no n.a. n.a. n.a. n.a. n.a. n.a. n.a. 

ozone sensor, 

particle matter 

sensor, carbon 

monoxide 

sensor, sulfur 

dioxide sensor, 

nitrogen dioxide 

sensor 

very high EnergyPlus medium n.a. health operation 1968  
(“Air Quality Index 

(AQI) Basics” 2020) 

 

Table 5. Occupant-centric KPIs for acoustic quality 

KPI Characteristics Input Data Resolution Normalization Factors 
Quantifiability via 

Measurements 

Quantifiability via 

Simulations 
Performance Goal Applicability   

KPI Definition 
Occupant 

Object 

Value 

Type 

dimen-

sional 
Temporal Spatial Occupancy Temporal Spatial Occupant Weather Sensors/Devices 

Measurement 

& calculation 

Effort 

Software 
Modeling 

Effort 
Resources IEQ 

Lifecycle 

Phase 
Year Source 

Overall Sound Level 

A frequency weighting curve to 

measure sound pressure level 

(usually refers to dB(A)). 
n.a. single yes n.a. zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter 
low 

I-Simpa, 

noise3D, 

Acoustic 

Determinator 

n.a. n.a. comfort operation 1928 
(Laboratories 

1928) 



Time-averaged Sound 

Pressure Level (SPL) 

The time-averaged sound 

pressure level that is used to 

indicate the sound level over a 

defined number of hours (usually 

for 8 working hours). 

n.a. single yes daily zone n.a. hours n.a. n.a. n.a. 

decibel sound 

level meter, 

timer 

medium 

I-Simpa, 

noise3D, 

Acoustic 

Determinator 

n.a. n.a. comfort operation 2008 
(Brown 

2008) 

Reverberation Time 

(RT60) 

The time required for the sound 

to reduce to a level 60 decibels 

below its original level. 

n.a. single yes 
sub-

hourly 
zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter, 

timer 

low Ecophon  low n.a. comfort 
design, 

operation 
1930 

(Rakerd et 

al. 2018) 

Clarity Factor (C50) 

The ratio of sound power present 

within at the beginning of the 

impulse response (usually 

50 milliseconds), when early 

reflections occur, to the sound 

power present thereafter. 

n.a. single no n.a. zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter, 

timer 

medium Ecophon  low n.a. comfort 
design, 

operation 
1972 (Haas 1972) 

Psychoacoustic 

Annoyance (PA) 

A metric indicating the relative 

annoyance degree of different 

noises, considering their 

loudness, sharpness, fluctuation 

strength, and roughness. 

n.a. single no n.a. zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter, 

sound recorder 

high n.a. n.a. n.a. 
well-

being 
operation 1998 

(Zwicker and 

Fastl 2013; 

Di et al. 

2016) 

Speech Transmission 

Index (STI) 

A measure of speech 

transmission quality in noisy 

and/or reverberant environments. n.a. single no n.a. zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter, 

timer 

high n.a. n.a. n.a. comfort operation 1971 

(Houtgast 

and 

Steeneken 

1971) 

Speech Intelligibility 

Index (SII) 

A measure of speech 

intelligibility under adverse 

hearing conditions 

n.a. single no n.a. zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter, 

timer 

high n.a. n.a. n.a. comfort operation 1997 

(“ANSI/ASA 

S3.5-1997 

(R2017) - 

Methods for 

Calculation 

of the 

Speech 

Intelligibility 

Index” 2020) 

Speech Privacy Potential 

(SPP) 

A metric indicating the level of 

perceived privacy between 

rooms (quantified by the sum of 

background noise level with the 

noise reduction) 
n.a. single no n.a. zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter 
low n.a. n.a. n.a. comfort operation 1977 

(Spalding 

and 

Niedzielski 

1978; 

“Standard | 

WELL V2” 

2020) 

Global Index of the 

Acoustic Quality 

A global index that is the 

weighted function of five partial 

indices, namely: the 

reverberation index, the 

intelligibility of speech index, 

the uniformity of loudness index, 

the external disturbance index, 

and the music sound quality 

index. 

n.a. single no n.a. zone n.a. n.a. n.a. n.a. n.a. 

decibel sound 

level meter, 

timer 

high n.a. n.a. n.a. comfort operation 2007 
(Engel and 

Kosała 2007) 

 

Table 6. Occupant-centric KPIs for other needs 

KPI Characteristics Input Data Resolution Normalization Factors 
Quantifiability via 

Measurements 

Quantifiability via 

Simulations 
Performance Goal Applicability   

KPI Definition 
Occupant 

Object 

Value 

Type 

Dimen-

sional 
Temporal Spatial Occupancy Temporal Spatial Occupant Weather Sensors/Devices 

Measurement 

& calculation 

Effort 

Software 
Modeling 

Effort 
Resources IEQ 

Lifecycle 

Phase 
Year Source 

Partial Occupancy 

Demand Performance 

The sum of the percent of time 

when the occupancy rate is 

between 0%–25%, 25%–50%, 

50%–75%, and 75%–100%, 

multiplied by the corresponding 

electricity demand. 

occupant 

group 
serial no hourly building 

occupant 

count 
n.a. n.a. n.a. n.a. 

electricity meter, 

occupant count 

sensor 

high EnergyPlus low demand n.a. operation n.a. n.a. 

Miscellaneous Electric 

Loads (MELs) 

[W/(occupant count)] 

MELs power demand per person 

at a certain timestamp. n.a. 

single 

or 

serial 

yes 
sub-

hourly 
n.a. 

occupant 

count 
n.a. n.a. 

occupant 

count 
n.a. 

plug-load meter, 

occupant count 

sensor 

high EnergyPlus low demand n.a. operation 2020 

(H. Li, 

Hong, et al. 

2020)  



MELs[kWh/occupant 

hour] 

MELs consumption divided by 

occupant hour. n.a. 

single 

or 

serial 

yes hourly n.a. 
occupant 

count 
hours n.a. 

occupant 

count 
n.a. 

plug-load meter, 

occupant count 

sensor 

high EnergyPlus low energy n.a. operation 2020  

(H. Li, 

Hong, et al. 

2020) 

Wi-Fi access point per 

occupant count 

The number of devices 

connected to the Wi-Fi network 

divided by the number of 

occupants. 

n.a. 

single 

or 

serial 

yes 
sub-

hourly 
zone 

occupant 

count 
n.a. n.a. 

occupant 

count 
n.a. 

Wi-Fi router, 

occupant count 

sensor 

high n.a. n.a. n.a. n.a. 
design, 

operation 
n.a. n.a. 

Wi-Fi access point per 

floor area 

The number of devices 

connected to the Wi-Fi network 

divided by the floor area. 

n.a. 

single 

or 

serial 

yes 
sub-

hourly 
zone 

occupant 

count 
n.a. floor area n.a. n.a. Wi-Fi router medium n.a. n.a. n.a. n.a. 

design, 

operation 
 n.a. 

(Sapiezynski 

et al. 2015) 

Wi-Fi Received Signal 

Strength Indication 

(RSSI) 

A measurement of how well a 

device can receive the Wi-Fi 

signal in a location. 

n.a. 

single 

or 

serial 

no n.a. 
single 

point 
n.a. n.a. n.a. n.a. n.a. 

individual 

devices 
medium n.a. n.a. n.a. n.a. 

design, 

operation 
n.a.  

 (Sapiezynski 

et al. 2015) 

Service water per 

occupant capacity 

Annual service water 

consumption divided by total 

occupant capacity. 
occupant 

group 
single yes annual building 

occupant 

count 
n.a. n.a. n.a. n.a. 

service 

waterflow meter 
medium EnergyPlus low water n.a. operation 2008 

(Jiang and 

Delgrossi 

2008; Zhu et 

al. 2014) 

Hoteling Potential (HP) 

Minimum ratio of required 

number of workstations to 

number of employees if 

employees relocate on a weekly 

or daily basis for 95% and 99% 

of the time. 

occupant 

group 
single no 

weekly or 

daily 
n.a. 

occupant 

count 
n.a. 

number 

of work 

stations 

n.a. n.a. 
occupant count 

sensor 
medium n.a. n.a. n.a. n.a. 

design, 

operation 
1982 (Jones 1982) 

  



2.5 Occupant KPIs Selection and Applications 

Section 2.4 introduced a total of 59 KPIs in five groups. However, not all KPIs are relevant for all use cases. 

Also, the cost and effort needed to measure or calculate the KPIs vary significantly. When evaluating 

building performance, too few indicators may lead people in the wrong direction, while too many indicators 

may bring confusion (Bordass 2020). Thus, it is important to identify the right subset of KPIs for specific 

purposes. In addition to the individual KPIs, an overall evaluation of building performance can be useful 

because it can help users compare the performance of multiple buildings quickly at a high level, which is 

important to inform building design and operation decision-making. The main challenges of aggregating 

individual KPIs into high-level performance ratings include: (1) not all KPIs are relevant to all buildings, 

(2) KPIs have different scales, and (3) some KPIs are the categorical type, meaning the numeric values do 

not indicate the performance quality. Larsen et al. developed an IEQ-Compass to holistically evaluate the 

IEQ of residential buildings. They selected 16 parameters. A group of building professionals were surveyed 

to weight each of the parameters, and then used those to calculate an aggregated score of the building’s IEQ 

performance (Larsen et al. 2020). Other studies tried to solve similar problems with Multiple Criteria 

Decision-Making (MCDM) methods. For example, D’Amico et al. applied a multi-criteria assessment 

approach to compare different building thermal energy demand prediction methods (D’Amico et al. 2020). 

Verbeke et al. also adopted the MCDM method to assess the numerous building services and their 

performance impact criteria in the development of Smart Readiness Indicators (SRIs) (Verbeke et al.). As 

shown in Figure 3, we propose a workflow to select and calculate the KPIs that fit for a certain purpose and 

can be used to compare overall performance.  

 

Figure 3. Workflow to select and use the KPIs 

For example, the KPIs can be used to compare different options in the early design phase. We could apply 

a set of constraints such as the performance goal to improve energy efficiency, reduce peak demand, and 

maintain good occupant comfort levels. Because this comparison would be for early design only, we would 



calculate the KPIs via simulations with moderate effort. Thus, we would filter the KPIs with the modeling 

tools and corresponding level of effort to get a subset of KPIs. Then, following the instructions in the KPI 

tables and the source literature, we would calculate and compare the individual KPIs for different design 

alternatives. The individual KPIs provide very specific insights into a building’s performance, such as the 

occupant-related lighting energy consumption, occupant group overheating potentials, non-occupied hour 

peak demand, and other factors. Those actionable insights can guide the selection of design alternatives. 

However, even with that information it still can be difficult to identify the best of the different design 

strategies. For example, some KPIs good at quantifying the energy efficiency do not provide insight into 

comfort. And there are trade-offs between some KPIs, such as the light utilization ratio (LUR) and the 

lighting energy consumption per person. Therefore, we need an overall performance quantification method. 

We can first normalize the individual KPIs to a consistent scale (e.g., a zero to ten range), and then weight 

each individual KPI that emphasizes our performance goal. For instance, higher weights can be given to 

comfort-favoring KPIs than energy-efficiency-favoring KPIs if occupant comfort is more important. We 

can then derive aggregated scores for each category and an overall performance score. Finally, we can 

conduct a multiple criteria selection analysis to choose the design strategies that maximize the overall 

performance score, with the criteria specified by building code and standard.  

Figure 4 shows two illustrative rose charts of the overall performance of two design alternatives. The chart 

is color-coded by the KPI categories: IEQ (blue), HBI (red), and resources and emissions (green). The chart 

has a polar coordinate where the larger radius of a fan-shaped area corresponds to better performance in 

that category. By using the overall rating by performance categories, we can compare the strengths and 

weaknesses of different alternatives. 

 

Figure 4. Illustrative rose charts of the overall performance ratings using occupant KPIs under three 

aspects: IEQ, HBI, and resource use and emissions 

3. Case Study 

A case study was conducted to demonstrate the significance of the factors defined in Section 2.3 and 

applications of the occupant-centric KPIs during building electric power outages. With the help of 

occupant-centric KPIs, we can better quantify the influence of power outages on occupants’ well-being, 

which is difficult to do with conventional building performance indicators. The calculations of the KPIs are 

based on the whole building energy simulation using EnergyPlus.  



3.1. Baseline Model Setup 

The detailed version of the DOE reference medium office building model (Deru et al. 2011) was used as 

the baseline model. Table 7 shows the model overview. 

Table 7. Model overview 

Building Type Medium Office (detailed) 

Number of Floors 3 

Locations Miami, San Francisco, Chicago 

Climate Zones 1A, 3C, 5A 

Vintage ASHRAE 90.1-2010 

Total Floor Area (m2) 4982.22 

Geometry 

  

Zoning 

  

 
 

Traditional building energy modeling uses simplified fixed occupancy and system operation schedules. In 

actual buildings, occupant movements and interactions with building systems are highly dynamic and 

stochastic. Hong et al. (Hong, Macumber, et al. 2020) proposed a methodology to simulate those dynamics. 

In our study, it is helpful to use more realistic occupancy schedules to demonstrate the occupant-centric 

KPIs. We adopted the previously developed OpenStudio extension gems (H. Li, Luo, Hong, et al. 2020, 1; 

H. Li, Luo, Chandra Putra, et al. 2020, 0) to simulate the occupant and related system dynamics. Figure 5 

shows the comparison of the fixed and stochastic occupancy schedules in an open-plan office in the model. 



 

Figure 5. Comparison of fixed and stochastic occupancy schedules 

3.2. Occupant-centric KPIs during a power outage 

Three baseline models (Miami, San Francisco, and Chicago) were tweaked to simulate power outages. Two 

power outage scenarios with different durations were considered in each model (Table 8). 

Table 8. Power outage scenarios 

Scenario Period 1 (January) Period 2 (July) 

Power Outage 1 (3-day) 2017-1-3 0:00 to 2017-1-5 23:50 2017-7-18 0:00 to 2017-7-20 23:50 

Power Outage 2 (1-day) 2017-1-4 0:00 to 2017-1-4 23:50 2017-7-19 0:00 to 2017-7-19 23:50 

The availability of HVAC systems, electric lighting systems, and electric equipment systems were set to 

“off” during the power outages, to represent the disruption of those services. To evaluate the impacts of the 

power outage on occupants, two visual KPIs, one thermal KPI, and one air quality KPI were selected. The 

KPI values for an open-plan office space were calculated based on the simulation outputs for 

demonstrations. The data used were from the weekdays of the week in which power outages occurred. 

Visual Quality 

Artificial lighting is not available during power outages, and that can lead to insufficient indoor illumination 

when the daylight alone cannot meet illuminance requirements. According to the United States General 

Services Administration (GSA), the recommended illuminance level for office spaces is 500 lux (“6.15 

Lighting” 2020). Therefore, 500 lux was used as the light level setpoint for the reference point (zone center 

at 0.8 meters [m] height) in the space. Figure 6 shows the illuminance level trends at the reference point for 

the normal and power outage scenarios during the weekdays of two periods (one in January and the other 

in July). 



 

Figure 6. Illuminance level trends for different scenarios during two power outage periods 

During both power outage Period 1 and Period 2, the illuminance level of the normal scenario was always 

equal or greater to the 500-lux setpoint during occupied hours; whereas, the illuminance level during the 

days of the power outage were sometimes below 500 lux. A larger number of hours where the illuminance 

level was below 500 lux can be observed in Period 1 than in Period 2 because the daylight hours in January 

are shorter than those in July in the northern hemisphere. To evaluate the impacts of power outages on 

visual quality, two occupant-centric KPIs—the total underlit hours (a.k.a hours in the dark) and the 

weighted total underlit occupant hours—were selected. Equation 1 and 2 show the formulas to calculate 

those KPIs. Note that the weights in Equation 2 are example values; they can be adjusted accordingly. 

𝑇𝑜𝑡𝑎𝑙(𝐻𝑜𝑢𝑟𝑠𝑢𝑛𝑑𝑒𝑟𝑙𝑖𝑡) = ∑ 𝑊𝑖  ,   𝑊𝑖 = {
0, 𝑢𝑛𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑
1, 𝑜𝑐𝑐𝑢𝑝𝑖𝑒𝑑 𝑎𝑛𝑑 𝑙𝑢𝑥𝑖 <  𝑙𝑢𝑥𝑠𝑝

                                             Eq. 1 

 

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑇𝑜𝑡𝑎𝑙(𝑂𝑐𝑐 ∙ 𝐻𝑜𝑢𝑟𝑠𝑢𝑛𝑑𝑒𝑟𝑙𝑖𝑡) = ∑ 𝑛𝑂𝑐𝑐𝑖 ∙ 𝑊𝑖  ,    𝑊𝑖 = {

0,   500 ≥ 𝑙𝑢𝑥𝑖

1,   300 𝑙𝑢𝑥 ≤ 𝑙𝑢𝑥𝑖 < 500 𝑙𝑢𝑥
3,   100 𝑙𝑢𝑥 ≤ 𝑙𝑢𝑥𝑖 < 300 𝑙𝑢𝑥
9,   𝑙𝑢𝑥𝑖 < 100 𝑙𝑢𝑥

         Eq. 2 

Figure 7 and Figure 8 show the comparisons of both KPIs in different cases. 

 

Figure 7. Underlit occupied hours comparison 



 

Figure 8. Weighted underlit occupant-hours comparison 

As expected, both the total underlit occupied hours and weighted underlit occupant hours were zero in the 

normal scenario, and values in the one-day power outage scenario were lower than the three-day power 

outage scenario. And both KPIs in the climate 5A case had the lowest values among three climate zones, 

which was due to the higher daylight illuminance levels during the power outage periods. In all climate 

zones, the differences of the underlit occupant-hours between the July and January periods (Figure 7) were 

smaller than the differences of the weighted underlit occupant-hours between July and January periods 

(Figure 8). This is because of the additional weighting of the illuminance level in the later KPI. With those 

KPIs, users can quickly evaluate the impacts of power outage on visual quality. The same approach can be 

applied to all spaces in a building, to identify the most vulnerable areas. If this building has limited 

uninterruptible power supply (UPS) resources, the occupant-centric KPIs could help us to determine how 

the limited resources should be distributed. In this case, a UPS should be used to support the lighting of the 

zones with the highest weighted total underlit occupant hours first. 

Thermal Quality 

Indoor thermal conditions cannot be actively controlled during a power loss. Figure 9 shows the operative 

temperature trends in the three scenarios, three climates, and two power outage periods.  

 

Figure 9. Operative temperature trends for different scenarios during two power outage periods 



The comfort range of the operative temperature can be described with the adaptive thermal comfort model 

defined in ASHRAE Standard 55 (A. Standard 2017). The adaptive comfort model was selected rather than 

PMV-PPD model, because when a power outage happens, the building is unconditioned. The adaptive 

comfort model depends on the prevailing outdoor temperature, indoor air speed, occupants’ metabolic rates, 

and adaptive clothing factors to calculate the acceptable temperature range. We employed the CBE Thermal 

Comfort Tool (Tartarini et al. 2020) to calculate the comfort operative temperature ranges. The assumptions 

and comfort ranges are summarized in Table 9. 

Table 9. Comfort operative temperature ranges 

  Climate Period 1 (January) Period 2 (July) 

Occupant Clothing Factor All 1 0.5 

Activity Rate (W) All 110 110 

Air Speed (m/s) All 0.3 0.3 

Prevailing Outdoor Air 

Temperature (°C) 

1A 24.4 29.4 

3C 10.5 16.6 

5A -4.9 30 

Comfort Operative 

Temperature (°C) Range 

(80% acceptability) 

1A 21.9 to 28.9 23.4 to 30.4 

3C 17.6 to 24.6 19.4 to 26.4 

5A 12.8 to 19.8 23.6 to 30.6 

Comfort Operative 

Temperature (°C) Range 

(90% acceptability) 

1A 22.9 to 27.9 24.4 to 29.4 

3C 18.6 to 23.6 20.4 to 25.4 

5A 13.8 to 18.8 24.6 to 29.6 

The occupant-centric KPI, Degree-Occupant-Hour Criterion (DOHC), was selected to evaluate the impacts 

of a power outage on thermal quality. DOHC is defined as the sum of occupied hours multiplied by number 

of occupants and operative temperature exceeding the corresponding comfort range. Its formula can be 

described by Equation 3. 

𝐷𝑂𝐻𝐶 = ∑ 𝑛𝑂𝑐𝑐𝑖 ∙ 𝑎𝑏𝑠(𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒,𝑖 − 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒_𝑙𝑖𝑚𝑖𝑡)
𝑖
 ,   

𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒_𝑙𝑖𝑚𝑖𝑡 = {
𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒_𝑙𝑜𝑤𝑒𝑟 , 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒,𝑖 < 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒_𝑙𝑜𝑤𝑒𝑟

𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒_𝑢𝑝𝑝𝑒𝑟 , 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒,𝑖 > 𝑇𝑜𝑝𝑒𝑟𝑎𝑡𝑖𝑣𝑒_𝑢𝑝𝑝𝑒𝑟
                                      Eq. 3 

The DOHC values were calculated with the simulated occupant counts and operative temperature. For the 

normal scenario, the operative temperature was always within the comfort range for all three climate zones. 

For power outage scenarios, there was no case that the zone became too cold (operative temperature below 

the comfort range) during the January period, because the selected zone was an inner zone. Therefore, 

although the outdoor air temperature was low during the power outage periods, the internal heat loads were 

large enough to maintain a relatively high operative temperature. As for the July period, the operative 

temperature exceeded the upper bound of the comfort range in all climate zones for the three-day power 

outage scenario, and exceeded the upper bound only in climate 3C for the one-day power outage scenario. 

Figure 10 shows the DOHC values for those scenarios. 



 

Figure 10. Degree-Occupant-Hour Criterion (DOHC) in July 

Two key pieces of information can be extracted from the results. First, in all three climate zones, the DOHC 

values with the 90% acceptability were higher than the values with 80% acceptability. This was due to the 

more stringent comfort operative temperature range with the 90% acceptability—it was more difficult to 

make more people comfortable. Second, for the one-day power outage scenario, only the climate 3C case 

had a small DOHC value, with a 90% acceptability. That means the one-day power outage had very minor 

impacts on the thermal environment. 

Air Quality 

Power outages also disable mechanical ventilation, which could result in insufficient outdoor air supply and 

increased indoor pollutant concentration. Here, we used indoor CO2 concentration as a proxy of air quality. 

Figure 11 shows the CO2 concentration trends in different cases. The CO2 concentration of the normal 

scenarios in both periods were under 1,000 ppm, while the concentration in the power outage scenarios 

reached as high as 2,500 ppm. For the three-day power outage scenarios, the daily peak CO2 concentration 

increased day by day, due to the accumulation of the CO2 exhaled by occupants when no mechanical 

ventilation was available. 

 

Figure 11. CO2 concentration trends for different scenarios during two power outage periods 



The overall impacts of high CO2 concentration on a group of occupants consist of multiple factors, including 

the CO2 level, number of occupants, and time duration when occupants are present. According to ASHRAE 

Standard 62.1-2016 [104], for typical office spaces, an indoor CO2 concentration within 700 ppm above the 

outdoor levels indicates that the space is well-ventilated and would satisfy the majority (about 80%) of the 

occupants. However, air quality becomes risky when the CO2 concentration exceeds 5,000 ppm. In this case 

study, the Weighted Relative CO2 Exceedance Occupant Hour KPI was selected for the demonstration. This 

KPI is defined as the relative value of CO2 exceeding a reference level, multiplied by the number of 

occupants and hours (Equation 4).  

𝑊𝑒𝑖𝑔ℎ𝑡𝑒𝑑 𝑇𝑜𝑡𝑎𝑙(𝐶𝑂2 𝐸𝑥𝑐𝑒𝑒𝑑𝑎𝑛𝑐𝑒) = ∑
𝐶𝑂2,𝑖 − 𝐶𝑂2,𝑟𝑒𝑓𝑒𝑟𝑛𝑐𝑒

𝐶𝑂2,𝑟𝑒𝑓𝑒𝑟𝑛𝑐𝑒

∙ 𝑛𝑂𝑐𝑐𝑖 ∙ 𝑊𝑖  , 

𝑊𝑖 = {

0, 𝐶𝑂2,𝑖 < 𝐶𝑂2,𝑟𝑒𝑓𝑒𝑟𝑛𝑐𝑒

1, 𝐶𝑂2,𝑟𝑒𝑓𝑒𝑟𝑛𝑐𝑒 < 𝐶𝑂2,𝑖 ≤ 𝐶𝑂2,𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑_1

5, 𝐶𝑂2,𝑖 > 𝐶𝑂2,𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑_1

                                Eq. 4 

The outdoor CO2 concentration was 400 ppm in the simulation, therefore the reference concentration was 

1,100 ppm. The study team selected 5,000 ppm as the dangerous threshold beyond which the weighting 

factor will be very high. Note that there can be multiple thresholds and different weighting factors in actual 

applications. Figure 12 shows the KPI calculation results. 

 

Figure 12. Weighted relative CO2 exceedance occupant hours  

The results indicate that CO2 concentrations were always under the 1,100 ppm reference level in the normal 

scenario. For power outage cases, the KPI values for the three-day power outage scenarios in all three 

climate zones were significantly higher than the values of the one-day power outage scenario. This means 

that while a one-day power outage does not cause much problem, the loss of ventilation has cumulative 

effects on increases of indoor CO2 concentrations, which can be harmful over longer times. Another 

interesting finding is that in both climate zone 1A and 5A cases, the power outage in July had higher impacts 

than it did in January. The situation was reversed in the climate zone 3C case. This is because the wind 

speed in San Francisco was higher in July than it was in January, which led to a higher infiltration rate and 

slowed the rise of the indoor CO2 concentration. 

4. Discussion 

4.1 Occupant-Oriented Performance Metrics 



Occupants are a key aspect of building performance. Occupants’ influence on building performance is 

complicated because they are both a key driver of building system operations and the main recipient of 

building services. Therefore, occupants should not be ignored when evaluating building performance. 

However, a literature review of existing building performance metrics regarding occupants shows two 

major inadequacies. First, due to the lack of easily accessible sensing techniques and infrastructures, it was 

challenging to collect the indoor environment and occupant data. Although plenty of occupant-related 

metrics are defined, it was very difficult to use them in actual buildings. Second, as sensing techniques have 

become popular in recent years, monitoring and quantifying building operations have become more 

feasible. However, many of the existing metrics are not designed from an occupants’ point of view. For 

example, some of the existing metrics are purely indoor environmental metrics. Though we can measure 

whether the indoor environment is safe and comfortable to occupants with those metrics, it is still 

challenging to quantify the scale and extent of the indoor environment’s impacts. Increasing penetration of 

renewable energy resources, distributed energy technologies, and frequent extreme weather events imposes 

a need for buildings to achieve better energy flexibility and resiliency, in addition to energy efficiency. 

Under this context, building performance has become a multidimensional target, with considerations for 

occupant comfort and well-being becoming essential. The existing performance metrics are insufficient to 

understand how those changes would affect occupant comfort and well-being. 

4.2 Review and Synthesis of Occupant-Centric KPIs 

With the need for better occupant-centric performance metrics, this paper outlines three key attributes of 

good KPIs: (1) accessibility, (2) quantifiability, and (3) actionability. Good KPIs should be easy to obtain 

and can provide quantitative insights into building performance from an occupants’ perspective for specific 

goals. Alongside these traits, we also identified the key factors that occupant-centric KPIs should consider. 

Those factors include spatial, temporal, and occupant data resolutions; normalizations; values types; 

quantifiability via sensing or simulations; applicable scenarios; and performance goals. The traits and key 

factors together form a framework for choosing or defining occupant-centric KPIs. 

A thorough review and synthesis of occupant-centric KPIs was conducted under the framework. The KPIs 

were grouped into five categories defined by the services that buildings and systems provide to occupants. 

These are (1) visual quality, (2) thermal quality, (3) air quality, (4) acoustic quality, and (5) other needs. 

We selected the commonly used performance metrics from previous literature and examined whether they 

met the requirements of the proposed framework. For metrics that are good candidates as occupant-centric 

KPIs, we collected information regarding the key factors defined in Section 2.2, such as required sensors 

and data collection efforts, simulation tools, and applicable scenarios. We also defined some new KPIs 

based on the existing metrics, with improvements from the occupant-centric point of view. The final set of 

occupant-centric KPIs are summarized in a tabular format and can be used by building designers, modelers, 

operators, and researchers for their own purposes. An overall rating of the building performance can help 

stakeholders to quickly identify the strengths and weakness of each building. We proposed a schematic 

approach using MCDM methods to select and aggregate the individual KPIs. In the future, efforts are 

needed to determine the impacts and significances of individual KPIs to derive the overall occupant-centric 

performance scores. The review of existing metrics revealed several limitations and future improvement 

opportunities: 



● Existing KPIs primarily focus on avoiding hazards and maintaining acceptable conditions; more 

attention is needed to promote occupants’ well-being. As (Altomonte et al. 2020) indicates, this 

limitation is due to the hierarchy of needs for the built environment. Moving into the future, our 

needs will evolve from habitable-living to well-living. New occupant-centric KPIs should be 

developed to measure occupant well-being. 

● Most existing KPIs are at an aggregated level, and as such, do not distinguish lower-level occupant 

characteristics. This is in harmony with the findings from a review of field implementation of 

occupant-centric controls which reveals that there are more practices that only require occupancy 

or occupant count information (occupancy-centric controls) than practices that require individual 

behavioral information (occupant-behavior-centric controls) (Park et al. 2019). It is clear that 

occupants have diverse preferences for the indoor environment. For example, multiple factors like 

gender, age, body build, and cultural background can affect an occupant’s thermal perception and 

sensitivity (Z. Wang et al. 2020). The availability of highly-granular occupant-related information 

is limited due to the lack of occupant-related sensing and privacy concerns. As the sensing 

technologies evolve, occupant-centric KPIs should also take into consideration those individual 

and group diversities to achieve a deeper understanding of occupant-centric building performance. 

● There is no comprehensive method to evaluate and select occupant-centric KPIs. It is unrealistic 

and unnecessary to have all the KPIs in different applications. An idea selection method can help 

users pick the most important KPIs with the smallest amount of time and cost. A multi-criteria 

evaluation that considers sensor deployment, data collection, actionable insights, and return on 

investment could be a potential approach. 

● There is a lack of KPIs to quantify the availability and quality of human–building interactions. 

Technologies like the IoT and artificial intelligence are revolutionizing the way occupants interact 

with buildings. Future studies are needed to describe and evaluate those new forms of interactions. 

● Some KPIs might need other complementary information to indicate whether a building is 

performing well. For example, percent of occupants who has access to personal heaters can indicate 

a building’s level of personalized controllable thermal environment, but it can also indicate a 

potential failure of the centralized heating system to meet individual occupant’s heating needs. In 

this case, other inputs like surveys and occupant complaints are needed to evaluate the building 

performance for diagnostics purpose. 

4.3 OpenStudio Reporting Measure 

In Section 2.2, we presented the summary tables of the occupant-centric KPIs where some of the KPIs can 

be quantified with simulations. We developed a software measure (“Occupant-Centric KPI Report | 

Building Component Library” 2020) to enable automatic calculation and visualization of the KPIs using 

EnergyPlus and OpenStudio (Guglielmetti, Macumber, and Long 2011). The OpenStudio measure provides 

a standard and easy way for energy modelers and researchers to understand building performance from an 

occupant-centric perspective using whole building simulations. 

4.4 Occupant-centric KPIs Case Study 

In the case study, we demonstrated several occupant-centric KPIs in evaluating the impacts of power outage 

on occupants, from visual, thermal, and air quality perspectives. The case study was based on a whole 

building energy simulation that considered three climate zones and two power outage scenarios. Simulated 



indoor environmental variables were visualized, followed by calculation and interpretation of related 

occupant-centric KPIs. The case study is an example of how the occupant-centric KPIs can be used to 

bridge the gap between building operations and occupants.  

4.5 Future Work 

In the future, a database of occupant-centric KPIs could be developed with data from actual measurements 

and simulations. Such data could be used for various purposes, including building performance evaluation, 

benchmarking, rating, and code compliance. Moreover, recent studies on occupant-centric controls have 

proposed methods to simulate occupants’ adaptive behaviors under special operation scenarios (e.g., heat 

waves, poor outdoor air quality due to wild fires, and power outages) (Ouf, Park, and Gunay 2020). Case 

studies that consider occupants’ adaptivity to those special operations could be conducted to further 

illustrate the applications of occupant-centric KPIs. Last but not the least, feedback on occupant-centric 

KPIs from key stakeholders could help refine the KPIs. 

5. Conclusions 

This paper provides an overview of the state-of-the-art on occupant-related building performance metrics. 

It identifies the shortcomings of the metrics in measuring building performance from an occupant’s point 

of view and meeting emerging needs such as quantifying the change of building operations in GEBs and 

resilience scenarios. The paper proposes key attributes of good occupant-centric KPIs and the diverse 

factors they should consider, based on which, a comprehensive review and synthesis of occupant-centric 

KPIs was conducted. The main contributions are (1) a proposed framework that can inform the definition 

and selection of good occupant-centric KPIs and (2) synthesis of a set of high-level occupant-centric KPIs 

regarding the resources and environmental impact, and human-building interactions, as well as a set of 

service-specific KPIs from five building service perspectives. A simulation-based case study demonstrated 

how occupant-centric KPIs can help quantify the impacts of power outages on occupants’ thermal comfort, 

visual comfort, and indoor air quality. The findings of this study can help practitioners and researchers 

define, select, and apply occupant-centric KPIs for diverse building performance goals. 
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