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Abstract

To improve energy efficiency—during new buildings design or during a building retrofit—evaluating the 

energy savings potential of energy conservation measures (ECMs) is a critical task. In building retrofits, 

occupant behavior significantly impacts building energy use and is a leading factor in uncertainty when 

determining the effectiveness of retrofit ECMs. Current simulation-based assessment methods simplify 

the representation of occupant behavior by using a standard or representative set of static and 

homogeneous assumptions ignoring the dynamics, stochastics, and diversity of occupant’s energy-related 

behavior in buildings. The simplification contributes to significant gaps between the simulated and 

measured actual energy performance of buildings. 

This study presents a framework for quantifying the impact of occupant behaviors on ECM energy 

savings using building performance simulation. During the first step of the study, three occupant behavior

styles (austerity, normal, and wasteful) were defined to represent different levels of energy consciousness 

of occupants regarding their interactions with building energy systems (HVAC, windows, lights and plug-

in equipment). Next, a simulation workflow was introduced to determine a range of the ECM energy 

savings. Then, guidance was provided to interpret the range of ECM savings to support ECM decision 

making. Finally, a pilot study was performed in a real building to demonstrate the application of the 

framework. Simulation results show that the impact of occupant behaviors on ECM savings vary with the 

type of ECM. Occupant behavior minimally affects energy savings for ECMs that are technology-driven 

(the relative savings differ by less than 2%) and have little interaction with the occupants; for ECMs with 

strong occupant interaction, such as the use of zonal control variable refrigerant flow system and natural 

ventilation, energy savings are significantly affected by occupant behavior (the relative savings differ by 

up to 20%). The study framework provides a novel, holistic approach to assessing the uncertainty of ECM
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energy savings related to occupant behavior, enabling stakeholders to understand and assess the risk of 

adopting energy efficiency technologies for new and existing buildings.

Keywords: Occupant behavior; energy conservation measures; building performance simulation; energy 

use; building retrofit; uncertainty assessment

1. Introduction

Buildings consume more than one-third of the world’s total primary energy [1]. Building energy demand 

was the principal cause of the 58% growth in net electricity generation in the United States from 1985 to 

2006 [2]. The building industry faces the critical challenge of aggressively reducing energy use. Energy 

retrofits to implement energy conservation measures (ECMs) are an effective means of reducing energy 

consumption in buildings. According to the Advanced Energy Retrofit Guide by the Pacific Northwest 

National Laboratory, building energy use can be reduced by up to 15%–25% by implementing no- and 

low-cost measures, and over 45% with extensive retrofits using ECMs [3][4]. Currently, high-efficiency 

equipment is being developed and applied to retrofit buildings to improve performance and reduce energy

use. However, the energy savings and economic effectiveness of building energy retrofits are subject to 

uncertainties, such as weather variations [5][6], building operations [7][8], human behavior changes [9–

11], and government policy changes [12][13]. All of these factors directly affect the effective selection of 

building technologies and, hence, the success of a retrofit project. Working with these uncertainties is a 

considerable technical challenge in any sustainable building retrofit project [14]. 

Occupant behavior has a significant impact on building energy use [15] and represents one of the most 

significant uncertainties affecting the effectiveness of building retrofits. Owens and Wilhite [10] 

concluded from their survey that about 10%–20% of domestic energy use in the Nordic counties can be 

saved by changing occupant behavior alone. According to an investigation of householders’ energy 

behavior by Yohanis [9], significant energy savings can be achieved by improving occupant energy 

awareness. Santin, et al. [11] studied the importance of householder characteristics and occupant behavior

on energy use for space and water heating in the Netherlands, concluding that occupant characteristics 

and behavior significantly affect building energy use. Virote and Neves-Silva found that the expected 

return of energy-efficient technologies could be weakened by occupant behavior within the building. To 

better predict the energy savings, they implemented occupant behavior models in a building performance 

simulation model based on the stochastic Markov chains [16]. Li examined the impact of actual building 



occupancy on the assessment of ECMs and observed big differences in energy savings [17]. Marshall, et 

al. [18] investigated the effectiveness of ECMs on different occupancy patterns in the residential buildings

in the United Kingdom; he found that savings vary depending on the occupancy pattern of the household. 

These studies all showed that occupant behavior can significantly affect energy use in buildings as well as

the saving potentials of building retrofits. However, most studies have used survey results to obtain 

findings. Few studies have quantified occupant behavior effects on the energy savings of ECMs.

Occupant behavior in buildings has been widely acknowledged as a major factor contributing to gaps 

between measured and simulated energy consumption in buildings [19–21][22]. Building performance 

simulation (BPS) programs are commonly applied to evaluate the performance of building energy 

systems and technologies. However, in current practices, simulation users choose one of the default 

standard or representative settings for occupants that are defined according to building use type, in a 

simplified and homogeneous way, using the temporal schedules and static assumptions. Such simplified 

inputs result in poor representation of actual dynamic, stochastic, and diverse occupant behavior in 

buildings—with consequently poor energy use prediction. Previous studies [23][24] pointed out that 

simulation results frequently vary widely from actual energy use of buildings. Eguaras-Martinez, et al.

[25] proved that the inclusion or exclusion of occupant behaviors in building simulation resulted in up to 

30% of the differences in energy use predictions. Furthermore, Hoes, et al. [21] used BPS to quantify the 

impact of occupant behavior on ECMs savings with results showing that the influence of the uncertainty 

of occupant behavior becomes even larger in buildings with passive design such as heavy thermal mass 

and low window-to-wall ratio. The International Energy Agency Energy in Buildings and Communities’ 

Annex 53: Total Energy Use in Buildings [1] recognized the impact of occupant behavior as one of the six

driving factors of energy use in buildings along with climate, building envelope, building energy and 

services systems, indoor design criteria, and building operation and maintenance. 

Three approaches are primarily used for occupancy modeling: the stochastic approach, the agent-based

approach, and the random-walk approach [26]. The stochastic approach considers the occupant movement

as probabilistic. Markov Chains’ transition probabilities were generally utilized to generate a stochastic

model for the occupant presence [27][28][29]. The agent-based approach aims to describe the interactions

between  occupants  based  on  their  perception,  desire,  and  intention—focusing  on  what  an  occupant

perceives and does in a certain situation. Agent-based models were developed to simulate autonomous

occupants in previous research [30][31][32][33]. It should be noted that the stochastic approach and the

agent-based approach are not mutually exclusive. The agent-based approach can use stochastic models or

deterministic  models,  e.g.  the  agent  movement  can  be  simulated  using  Markov  Chain  models.  The

random-walk  approach  presents  a  new concept,  which  views  occupancy  pattern  as  unpredictable  in



certain cases. It was obtained from occupancy experiments in university laboratories, which are quite

different from process-driven buildings such as residential buildings and schools. Though its application

might be limited to certain building types, it provides another method to predict occupant presence [26].

To represent more realistic occupant behaviors in building performance simulation, researches have 

focused on probabilistic model development using monitored, sensor, and/or surveyed data from 

observational studies that demonstrate the relationships between the indoor and outdoor environmental 

factors and occupant behaviors under consideration [19]. Hong, et al. [34,35] reviewed published 

simulation models and identified major types of occupant behavior in buildings including occupant 

presence and movement as well as occupant actions on windows, shades (blinds), lighting, thermostat, 

HVAC, and plug-in equipment. Several stochastic models were developed for these occupant behavior 

types and data were collected in various locations and types of buildings around the world [36–44]. Field-

measured data and large-scale surveys confirmed that these window-opening behaviors, which are 

represented as probabilistic models (logit or Weibull functions), have been adopted by several BPS 

programs to determine when occupants open or close windows [45][46]. However, the use of these 

occupant behavior data are usually limited to observed building types, locations, climates, and cultural 

and social contexts—inevitably the corresponding models have the same limitations unless the models are

validated using separate and independent measurement data from the model development [19][47]. 

Therefore, the challenges remain for building energy modelers to adopt proper occupant behavior models 

for their use unless they have full access to occupant data on their targeted buildings. Occupant behavior 

stochastic models are data driven and improve modeling assumptions of occupant activities in the BPS 

programs [27,28,48]. Furthermore, as denoted in recent studies, stochastic models do not necessarily 

produce better results than other simpler and/or non-probabilistic models of occupancy [47] (for instance, 

when it comes to annual building energy consumption) [49]. In other words, the applicability of occupant 

behavior models could vary according to the purpose of building simulation as well as the data 

availability to modelers. In this regard, Yan, et al. [19] argued that simple occupancy-related models, such

as code-based or descriptive representation of occupant behavior, could be adopted in determining the 

likely performance of design options in the design development phase using aggregated indicators such as

annual heating and cooling loads. Otherwise, more detailed occupant behavior scenarios and modeling 

methods need to be considered. 

This study proposes a framework to quantify the impact of occupant behavior on energy savings of ECMs

using BPS. The framework provides a novel holistic approach to assessing the uncertainty of ECM energy

savings related to occupant behavior, which directly supports risk assessment during decision making 

regarding energy technology investment for new and existing buildings. The framework is introduced in 



Section 2. A pilot study, which applies the framework to analyze a retrofit of a real building, is presented 

in Section 3. The discussion section addresses some important considerations for applying the proposed 

simulation framework. 

The proposed framework aims to provide guidance to help decision makers evaluate benefit of ECMs 

rigorously with quantitative investment risk, especially considering the uncertainties brought by the 

occupant behaviors on energy savings of ECMs. It would help to largely reduce the risks of energy retrofit

associated with the occupants, which is one of the largest uncertain factors in the building industry. 

2. Methodology

2.1. Overview of the Framework

As illustrated in Figure 1, the traditional method to evaluate energy savings of an ECM consists of four 

steps: (1) developing a baseline model where user inputs weather data, internal heat gains, configuration, 

operation, and efficiency of energy systems (HVAC, lighting, plug loads) as well as a static set of 

assumptions on occupant behavior; (2) performing a simulation of the baseline model to calculate its 

energy use; (3) applying the ECM to the baseline model to create a new alternate model and running a 

simulation on the new model to calculate its energy use; and (4) calculating energy savings (can be other 

metrics, e.g., energy cost savings and peak demand reduction) of the ECM by comparing simulated 

results between the alternate model and the baseline model. The calculated energy savings of the ECM 

using the traditional method are static or deterministic values. 

Figure 1 The traditional method to calculate energy savings of an ECM

However, the ECM energy savings are influenced by many factors such as the building type, weather 

data, building operation, and occupant behavior. For example, a high-efficiency chiller can save very 

limited energy in cold climates due to minimal cooling load, and a well-designed natural ventilation 

building wouldn’t work if the occupants don’t open the windows when outdoor air favors cooling. 

Estimating the uncertainties of the ECM energy savings is critical, especially during risk analysis and 



decision making for ECM investment [50]. Decision makers should be aware of the potential risks of 

implementing different ECMs before selecting the most appropriate ECMs for a specific building. 

However, traditional ECM evaluation methods adopt deterministic inputs and calculate a static single 

result of energy savings, which cannot reflect the uncertainty of the ECM energy savings. 

Even though the same model inputs of weather data and occupant behavior are used in both the baseline 

model and the alternate model implementing the ECM, the energy savings of the ECM (determined by 

comparing the energy uses of the baseline model and the alternate model) would depend upon different 

packages of model inputs. Hong, et al. [5] show that the use of different weather files changes the energy 

savings of ECMs. A similar situation may apply to the assumptions of occupant behavior in energy 

models. However, no studies have yet looked at how occupant behavior assumptions influence the energy 

savings of ECMs.

In this study, a framework was proposed to evaluate ECM savings considering the variations of occupant-

related inputs and their influence on the ECM energy savings (Figure 2). This proposed framework 

includes several steps: (1) defining the three occupant behavior styles using quantitate occupant behavior 

models (definition is illustrated in 2.2 in detail); (2) developing three baseline models using each of the 

three occupant behavior styles and other similar model inputs; (3) calculating the energy uses of the three 

baseline models; (4) applying the ECMs to each baseline model to create the alternate models for each 

ECM, and (5) simulating the ECM energy models to calculate their energy use. The simulated ECM 

saving results, gathered using the proposed framework, are a range of values instead of a single fixed 

value, which reflects the possible variations of the ECM savings due to different occupant behaviors in 

the building. Therefore, the framework can be adopted to evaluate ECM energy savings in a more 

comprehensive and robust way, giving decision makers information they need to recognize and assess the 

potential risks of investing in ECMs in buildings with different occupant behaviors. ECMs with consistent

large energy savings can be prioritized for investment compared to those ECMs with savings that are 

sensitive to occupant behavior style.



Figure 2 A framework to quantify the impact of occupant behavior on performance of ECMs

There are four approaches that are used to simulate occupant behaviors in BPS programs [49]. (1) Direct 

input or control: occupant-related inputs are defined using the semantics of BPS programs, just as other 

model inputs are defined (building geometry, constructions, internal heat gains, and HVAC systems). (2) 

Built-in occupant behavior models: an advanced occupant behavior control is implemented directly into 

the BPS program, usually in a dedicated software module. (3) User function or custom code: the user can 

write functions (e.g., user functions in DOE-2.1E) or custom code (e.g., energy management system, or 

EMS, in EnergyPlus [51]) to implement new or overwrite existing or default building operation and 

supervisory controls. (4) Co-Simulation: a simulation methodology allows individual components to be 

simulated by different simulation tools running simultaneously and exchanging information in a 

collaborative manner [19]. In this study, the first and third approaches were used to simulate different 

occupant behavior styles.

2.2. Definition of occupant behavior styles

In previous studies, occupant behaviors were distinguished based on the user types. Parys, et al. [52] and 

Reinhart [53] used four user types in terms of their active and passive attitudes on lighting and blind 

controls. Santin [54] defined behavioral patterns as spenders, affluent-cool, conscious-warm, comfort, and

convenience-cool based on behavior factors such as the use of appliances, energy-intensive, and 

ventilation in housing. In this study, three occupant behavior styles are defined based on the three office 

workstyles previously proposed by Hong, et al. [55]. To represent the diversity of occupants and their 

behaviors in building performance simulation, occupant energy-use styles are first categorized into three 

distinguished attitudes in regard to their energy consciousness during interactions with building energy 

systems including HVAC, windows, lights, and plug-in equipment: austerity, normal, and wasteful. The 

normal behavior represents the typical design assumptions of occupant behavior in a building, the 

austerity behavior represents the boundary conditions of energy savers, while the wasteful behavior 



represents the boundary conditions of energy spenders. This is a simplified representation of the 

complexity and diversity of occupant energy-related behaviors in buildings. This method does not 

necessarily represent the actual realistic occupant behavior in buildings; rather, it represents the boundary 

conditions of two behavioral extremes of the energy savers and the energy spenders. It helps to 

quantitatively evaluate the possible occupant-related risks on energy savings potential of ECMs in retrofit 

analysis by integrating occupant behavior models with building performance simulation. As described in

Table 1, the occupant behaviors considered in this study include comfort temperature setpoints for heating

and cooling, lighting control, plug-load control, HVAC control, and window operation. For each occupant

behavior, three behavior styles are defined representing the proactive energy savers, average (norm) 

occupants, and the energy spenders. The chosen occupant behaviors and their related performance of the 

three occupant behavior styles are an example for the purpose of describing the framework. They could 

vary for different cases under different circumstances. Future research, such as the large-scale 

international survey of occupant behavior conducted by the IEA EBC Annex 66 [56], will help provide 

more realistic data on occupant behaviors as inputs.

Table 1 Three occupant behavior styles

Occupant Behavior Austerity Normal Wasteful

Cooling Setpoint (°C) 26 24 22

Heating Setpoint (°C) 18 21 22

Control of lights Dim lights if unoccupied Follow standard schedule
Always on during working

hours

Control of plug-loads turn 30% off if unoccupied Follow standard schedule
Always on during working

hours

HVAC occupancy control

(For VRF ECM only)
Off if unoccupied Off if unoccupied Always on

HVAC startup control

(For VRF ECM only)

Turn on HVAC only when

occupants feel hot, based on

a probabilistic model of

HVAC operation

None None

Window operation

(For natural ventilation

ECM only)

Concurrent HVAC and

natural ventilation

Either HVAC or natural

ventilation

HVAC and natural

ventilation both on all the

time



 

2.2.1.Cooling and heating temperature setpoints

The setpoints of the normal behavior style are either the design setpoints or consistent with the actual 

setpoints of a building, such as the case building described later in Section 3. The setpoints of the 

austerity behavior have a wider range (a higher cooling setpoint and a lower heating setpoint) but they are

both within the temperature range of the comfort zone in ASHRAE Standard 55-2010 [57]. The setpoints 

of the wasteful behavior have an extreme narrow range (same cooling and heating setpoints).

2.2.2.Control of lights and plug loads

The occupants have the option to control their personal plug-in electric equipment, such as laptops, 

desktop screens, chargers, and personal fans, based on their presence. This part of electric equipment is 

assumed to take up about 30% of the total plug loads, based on previous research on occupant-based 

control of plug loads showing 5%–32% of the electricity savings [58–62].

The control logic of lights and plug loads are similar. The designed standard lighting and plug-load 

schedules, or the average schedules of a real building, were used as the normal behavior. For the wasteful 

behavior, both lights and plug loads were always on during working hours of the building. For the 

austerity behavior, the lights will be dimmed manually based on available daylight, and the plug loads 

will be reduced by 30% when the zone is unoccupied.

2.2.3.HVAC control

For HVAC systems that have zonal control, occupants can turn on or off the HVAC in their zone without 

affecting other zones; for centralized controlled HVAC systems serving multiple zones, occupants are not 

able to control their HVAC operation individually. For the baseline models, the HVAC system is a 

packaged variable air volume (PVAV) system, which doesn’t have zonal control, so the PVAV system is 

centralized controlled with a fixed schedule throughout the working hours. Therefore, the occupant-based 

control of HVAC is not applicable for the baseline models. For the ECMs that are using the variable 

refrigerant flow (VRF) system, which allows zonal control, the occupant-based control of HVAC is 

applied with the following logic: (1) for the austerity and normal occupant behaviors, the HVAC will be 

turned off when the occupants leave the room (occupant-based HVAC control) and (2) the austerity 

occupants would not turn on the HVAC unless they feel hot/cold (HVAC startup control).

The probability of turning on the HVAC system relates to the current conditioning mode (cooling or 

heating) and the indoor air temperature. Ren [63] investigated the indoor temperature and HVAC usage of

34 families in six Chinese cities and used a three-parameter Weibull distribution function to describe 

different air conditioning usage patterns. Because residents have independent control of their HVAC 



systems, a fact that applies to the condition of our study, Ren’s model was adopted to estimate the time-

step HVAC control status in our models. The function used to calculate the probability of turning on the 

HVAC system is shown as follows:

                                                

T−u
L
¿
¿

¿k ∆ τ
¿

−¿
¿

1−e¿

P=¿

(1)

Where,

P : Probability of turning on the HVAC system.

T : Indoor air temperature, the independent variable.

u : Threshold of independent variable T, beyond which the probability of an occupant taking action becomes 0.

L : The scale of the function, which is used for non-dimensionalization (T-u).

k : The slope of the function. The greater k value is, the more sensitive the occupant is to indoor temperature.

In each scenario, the three parameters are predetermined to meet certain criteria. For example, for the 

probability function of turning on HVAC when the occupants feel hot: 

(1) The heating setpoint of 18°C was set as the u value. In other words, it is considered impossible for the 

occupants to turn on the HVAC because of feeling hot when the indoor temperature T is lower than the 

heating setpoint.

(2) The L and k values were obtained assuming that the probability of turning on HVAC is about 20% at 

the cooling setpoint of 26°C (cooling setpoint satisfies thermal comfort for 80% of the population) and 

about 50% at the upper limit of ASHRAE comfort zone 28.3°C.

For this study, the assumption is made that when the indoor air temperature T falls within the comfort 

zone between the cooling and heating setpoints, occupants will not turn on the HVAC. The indoor 

temperature T will be used to calculate the probability of turning on the HVAC only when: (1) the HVAC 



status of last time step is off, (2) the zone is occupied, and (3) the indoor temperature T is higher than the 

cooling setpoint or lower than the heating setpoint. A random number between 0 and 1 is generated for 

each occupant and compared with the above probability per time step to determine whether to turn on the 

HVAC. HVAC will be turned on as long as one of the present occupants needs it. On the other hand, the 

occupants will turn off the HVAC on two conditions: (1) the zone is unoccupied, or (2) the zone is 

occupied, the HVAC status of last time step is on, and the calculated probability of turning off the HVAC 

is greater than the generated random numbers of all present occupants. To implement the occupant-based 

HVAC control measure in EnergyPlus models, the simulated indoor air temperature per time step is the 

input for determining the action of the next time step. To model this HVAC control strategy, the EMS 

function of EnergyPlus was employed to interpret the conditional logics, generate random numbers, and 

manipulate the HVAC schedules per time step.

There are potential limitations on purely occupant-based HVAC control in colder climates: if the 

occupants leave the room for a short period of time, the room temperature will not drop much due to heat 

transfer and airflow from adjacent rooms; however, if the occupants leave the room for long period of 

time (e.g., at night), heating up the room may take a while, which might cause potential occupant 

discomfort. This could be mitigated by thermostat setback control. For example, if the room temperature 

drops below a certain temperature say 10°C, the HVAC system will be automatically turned back on. This

can be incorporated in future studies.

2.2.4.Window operation

In the baseline model, the window operation is not applicable as the PVAV system is centrally controlled 

with a fixed schedule throughout the working hours. The window operation is only applicable for the 

ECMs that employ a VRF system with zonal control. In this study, three ventilation modes discussed in 

Wang’s research [64] were adopted for the three occupant behavior styles: (1) concurrent mix-mode 

ventilation for the austerity behavior, (2) change-over mix-mode ventilation for the normal behavior, and 

(3) HVAC and windows both on all the time for the wasteful behavior. 

Concurrent mix-mode ventilation is an optimized window operation strategy: natural ventilation is taken 

as the priority to provide cooling for perimeter zones, and mechanical systems provide supplementary 

cooling when natural ventilation alone is not enough to meet cooling setpoints. In other words, if natural 

ventilation can meet cooling loads for a thermal zone, its VRF indoor unit will be turned off; otherwise, 

conditioned air from the VRF indoor unit is available to provide supplementary cooling in order to meet 

thermal comfort. Both natural ventilation and HVAC are only available when the room is occupied. 

Adaptive comfort criteria with 80% acceptability limits, developed by the Center for the Built 

Environment in UC Berkeley [57,65], were adopted to calculate a dynamic comfort range based on 



ambient temperature. This range was then used for the dynamic cooling setpoints for naturally ventilated 

perimeter zones, while the interior zones use the same cooling setpoints as the baseline model. The 

windows in perimeter zones are favorable to be open when all the following conditions are satisfied: (1) 

the outdoor air temperature is lower than the zone air temperature, (2) the zone air temperature is greater 

than the heating setpoint, and (3) the outdoor air temperature is greater than the temperature that is 3°C 

lower than the heating setpoint, to avoid overcooling thermal zones when outdoor air temperature is too 

low [65]. When windows in perimeter zones are favorable to be open, the fractions of window opening 

are modulated based on a linear relationship with indoor-outdoor temperature difference, illustrated in

Figure 3 [65]. Windows will be fully closed when the indoor–outdoor temperature difference is greater 

than or equal to 15°C and windows will be fully open for ventilation when the indoor and outdoor air 

temperatures are equal. The air change rate per hour with the windows fully open is assumed to be 10, 

which is comparable to mechanical ventilation systems. 

Figure 3 Modulation of window opening according to indoor and outdoor temperature difference

In change-over mix-mode, whenever a window in a perimeter zone is open, the VRF indoor unit of that 

zone will be turned off. During natural ventilation hours, the adaptive comfort criteria were adopted as the

cooling setpoints; during HVAC hours, the cooling setpoints were set the same as the baseline model. For 

the wasteful behavior, both the HVAC are always on and the windows open during working hours. This 

study assumes that the natural ventilation rate through the windows is five air changes per hour.

For all three ventilation modes, natural ventilation only applies to the perimeter zones while mechanical

systems serve cooling and heating for core zones. The heating setpoints remain the same as the baseline

model. The EMS function of EnergyPlus was used to interpret the conditional logics and manipulate the

natural  ventilation  schedules  per  time  step  for  the  concurrent  mix-mode  and change-over  mix-mode

ventilations.



2.3. Occupant schedules

Occupancy has a significant impact on the energy-saving potentials of ECMs [16]. The occupant 

schedules adopted in the simulation are supposed to reflect the realistic occupant movement in the 

buildings. An average whole-building occupant schedule is normalized and not able to reflect the realistic 

occupant movement and the variations between different zones within the buildings. Especially for 

occupant-based control, occupant schedules are critical input for accurately estimating the energy 

performance, as elaborated in Sun’s study [66]. 

The method used in this study to generate realistic occupant schedules is similar to the method used in

previous  Lawrence  Berkeley  National  Laboratory  (LBNL)  research  on  estimating  the  energy  saving

potentials  of  occupant  behavior  measures  [66].  The  Occupancy  Simulator  was  used  to  simulate  the

realistic occupant presence and movement in each zone, with inputs from the site survey of real buildings.

The Occupancy Simulator, developed by LBNL, is a user-friendly web-based application that uses the

stochastic Markov chain modeling to simulate occupancy in buildings  [67]. The app takes high-level

inputs of occupants, spaces, and events to simulate the occupant presence and movement in buildings,

capturing the spatial and temporal  occupant  diversity  [27][28].  Each occupant  and each space in  the

building are explicitly simulated as an agent with their profiles of stochastic behaviors. It reduces the

amount of data inputs by allowing users to group occupants with similar behaviors as an occupant type

and  spaces  with  similar  function  as  a  space  type.  The  theoretical  mathematical  distribution  of  the

occupant pattern properties have been verified using collected occupant data in real buildings [68].

The generated schedules can reflect the variation, diversity, and stochastic characteristics of the realistic

occupant  movement.  These  generated  schedules  are  more  reasonable  than  the  normalized  occupant

schedule and can help improve the simulation accuracy. To make it consistent for all the studied ECMs,

the same set of generated schedules is applied to both the baseline model and the ECM models.

3. Pilot Study

A pilot study was performed in a real office building, using the proposed framework, to quantify the 

influence of occupant behavior on ECM energy savings. Figure 4 shows the overall workflow of the pilot 

study. Field investigation was conducted in the building to gather information for creating the baseline 

energy model, including the geometry, zoning, number of occupants in each zone, and occupant 

schedules. It can better reflect the realistic occupant behaviors in buildings with realistic geometry, 

zoning, and schedules than the United States Department of Energy (DOE) prototype models [69], which 

simplify building zoning and occupant inputs. The impact of occupant behavior on ECM energy savings 

was evaluated in four different climates—Chicago, Fairbanks, Miami, and San Francisco—so that the 



potential sensitivity to climate could be studied as another dimension. The selected cities represent the 

four typical climate types in the United States: humid continental, subarctic, tropical (subtropical), and 

Mediterranean, respectively.

The three occupant behavior styles defined in Section 2 were adopted to represent different levels of 

energy consciousness and the boundaries of either extreme (as in energy savers and spenders). The 

occupant behavior style was assumed to be consistent before and after the ECMs were implemented; the 

three occupant behavior styles were applied to generate three baseline models for the ECM evaluation in 

each climate type. Also, occupant schedules, generated by the Occupancy Simulator with inputs from the 

site survey of the case building, were used in the energy models. 

An effective useful life of building equipment varies from 5 to 25 years [70][3]. The case building is 

about 15 years old; the efficiencies of the baseline models are compliant with ASHRAE Standard 90.1-

2001. The more recent ASHRAE Standard 90.1-2013 was used as a representative energy efficiency level 

for the new building technologies, which was adopted as the source of the efficiencies of the ECMs in the 

pilot study. 

Figure 4 The workflow of the pilot study

Whole-building simulation using EnergyPlus was used to evaluate the impact of occupant behavior on the

energy savings of ECMs. Based on the investigated office building, baseline models were developed in 

EnergyPlus version 8.5. EnergyPlus is an open-source program that models heating, ventilation, cooling, 

lighting, water use, renewable energy generation, and other building energy flows [71] and is the flagship 



building simulation engine supported by DOE. It includes innovative simulation capabilities (e.g., sub-

hourly time-steps, natural ventilation, thermal comfort, co-simulation with external interfaces, renewable 

energy systems, and user customizable EMS). Some of the innovative capabilities, such as natural 

ventilation, daylighting, external schedules, and EMS, were used in this pilot study.

3.1. The case building energy model

The field-investigated office building has two above-ground stories with a total conditioned floor area of 

1,723 m2. Main room functions include office, conference room, classroom, and lounge. The perimeter 

zones have operable windows, which allow the occupants to open windows for cooling or ventilation. The

total number of occupants in the case building is 63. Figure 5 and Figure 6 show first- and second-floor 

plans of the case building, including the room functions. Detailed information on the case building, 

including number of occupants in each zone, lighting schedule, plug-load power density, and plug-load 

schedule, was also obtained via the field investigation. The zone functions and their maximum number of 

people are summarized in Table 2.

Figure 5 The 1st floor plan

Figure 6 The 2nd floor plan



Table 2 Zone function and number of occupants

Zone Function
Maximum
Number  of
Occupants

Number
of zones

Office

0 1
1 12
2 10
3 5
4 4

Classroom
3 1
5 1

Meeting Room
4 2
13 1

Based on realistic geometry and zoning of the case building, the three defined occupant behavior styles, 

and the generated realistic occupant schedules (details in Section 3.2), the three baseline models were 

developed in EnergyPlus Version 8.5 for each climate type, as Figure 7 shows. The efficiency inputs of 

the baseline models are based on ASHRAE 90.1-2001. The lighting power density is 14 W/m2. The 

thermal properties of the building envelope are shown in Table 3. 

Figure 7 The 3D view of the baseline models

Table 3 Envelope thermal properties based on ASHRAE 90.1-2001

Chicago San Francisco Miami Fairbanks
Wall U-factor W/(m2.K) 0.701 0.857 3.293 0.453
Roof U-factor W/(m2.K) 0.36 0.527 0.36 0.273

Window U-factor W/(m2.K) 3.24 6.93 6.93 2.61
Window SHGC 0.39 0.61 0.25 0.45

The baseline models are equipped with PVAV systems, which use direct expansion (DX) cooling coil to 

supply cooling and gas heating coil for reheat. As the baseline models are based on ASHRAE 90.1-2001, 

economizers are not required for PVAV systems. Minimum requirement of outdoor air is assumed to meet



ventilation requirement. The sizing of the HVAC equipment for each baseline model standardized through

all the ECM calculations since HVAC equipment will stay the same unless replaced or removed during 

retrofits. The sizing information was first obtained by autosizing the equipment of the baseline model.

3.2. Occupant schedules

The maximum number of occupants and space types,  listed in  Table 2,  are  inputs to the Occupancy

Simulator. For the offices, three prevailing types of work schedules on weekdays were summarized based

on the survey: 8am – 5pm (70%), 7am – 6pm (20%), and 6am – 11pm (10%). The occupants don’t work

on weekends. The classrooms and meeting rooms only hold events during several fixed time slots on

weekdays with certain possibilities. With the above inputs, the occupant schedules for each space were

generated by the Occupancy Simulator. Figure 8 shows the hourly variation and profile of total occupant

schedule  in  all  the  offices  throughout  the  weekdays  of  a  whole  year.  Likewise,  Figure  9 shows the

occupant schedules on weekdays in all the meeting rooms, respectively.  Figure 10 shows the occupant

schedule of a four-person office on the second floor during a weekday with the time step of 15 minutes.

According to the normalized occupant schedule in the DOE office building prototype models  [69], the

unoccupied hours  during weekdays are  1,564,  while  the  average unoccupied hours  of  all  the  offices

during weekdays are 3,800 based on the generated stochastic occupant schedule. This was calculated by

averaging  the  total  unoccupied  hours  during  weekdays  of  each  office.  With  the  stochastic  occupant

schedule, the spaces are unoccupied for more than twice the time of the normalized occupant schedule,

which leads to a significant difference in the energy performance of occupant-based ECMs. 

Figure 8 Box-Whisker plot of the hourly schedule of total occupants in all offices on weekdays. The four marks on each time
scale stand for (from top to bottom): maximum, upper quartile, lower quartile, and minimum. The dotted line connects the

median value of all.



Figure 9 Box-Whisker plot of the hourly schedule of total occupants in all the meeting rooms on weekdays. The five marks on
each time scale stand for (from top to bottom): maximum, upper quartile, median, lower quartile, and minimum.

Figure 10 The occupant schedule of an office room on the 2nd floor on a typical weekday (Time interval: 15 min).

3.3. Energy conservation measures

To investigate the impact of occupant behavior on performance of ECMs, seven individual ECMs and one

packaged ECM (integrating several individual ECMs) were evaluated in this study. These ECMs were 

chosen considering their  application to a 15-year-old building designed to comply with ASHRAE 

Standard 90.1-2001 standards [72], which were adopted in the baseline models to represent existing 

buildings. The efficiencies of the ECMs in this study were obtained from the more recent ASHRAE 90.1-

2013 [73] standards. The details of the ECMs are described as follows.

3.3.1.Reducing lighting power density (LPD)

For this ECM, the lighting system is upgraded with more efficient light bulbs and the lighting power 

density is reduced from 14 to 8.83 W/m2.



3.3.2.Reducing plug-in electric equipment power density (EPD)

There are no requirements on the efficiencies of plug-in electric equipment in the standard. Therefore, the 

new upgraded electric equipment is assumed to be 25% more efficient than the old equipment, 

considering the adoption of efficient plug-in technologies. Thus, the average electric equipment power 

density is reduced from 14 to 10.5 W/m2.

3.3.3. Improving envelope performance

This ECM improves the thermal properties of the building envelope from those defined in ASHRAE 90.1-

2001 (Table 3) to ASHRAE 90.1-2013 (Table 4).

Table 4 Envelope thermal properties based on ASHRAE 90.1-2013

Chicago San Francisco Miami Fairbanks
Wall U-factor W/(m2.K) 0.513 0.701 3.293 0.273
Roof U-factor W/(m2.K) 0.184 0.220 0.273 0.158

Window U-factor W/(m2.K) 2.38 2.84 3.24 2.16
Window SHGC 0.4 0.25 0.25 0.45

3.3.4. Improving HVAC system efficiency

This ECM improves the cooling system efficiencies (DX cooling coil for PVAV is categorized as air-

cooled unitary air conditioner) from the 2001 ASHRAE 90.1 to 2013, as shown in Table 5. The gas burner

efficiency remains the same.

Table 5 Improvement of the HVAC system efficiencies

Capacity (kW) ASHRAE 90.1-2001 ASHRAE 90.1-2013
<19 9.7 SEER(1) 14 SEER

19-40 10.1 EER(2) 12.7 IEER(3)

40-70 9.5 EER 12.2 IEER
70-223 9.3 EER 11.4 IEER
≥223 9.0 EER 11.0 IEER

Notes: 

(1) SEER, Seasonal Energy Efficiency Ratio, is the cooling output (in British thermal units [Btu] per hour) during a typical 

cooling season divided by the total electric energy input (in Watts) during the same period.

(2) EER, Energy Efficiency Ratio, is the ratio of the cooling capacity (in British thermal units [Btu] per hour) to the power input 

(in Watts).

(3) IEER, Integrated Energy Efficiency Ratio, is an integrated performance for commercial unitary air conditioning and heat 

pump equipment, expressing cooling part-load EER efficiency on the basis of weighted operation at various load capacities.



3.3.5.Daylighting control

In this ECM, daylight sensors are installed in perimeter zones to allow automatic daylighting control. The 

lights will automatically dim continuously from maximum to minimum electric power as the daylight 

illuminance increases. The lights stay on at the minimum point with further increase in the daylight 

illuminance.

3.3.6.Variable refrigerant flow system

VRF systems vary the refrigerant flow to meet the dynamic zone thermal loads. They can provide flexible

controls and individual thermal comfort and consume less energy due to: (1) more efficient operation 

during part-load conditions with the help of variable speed compressor and fans; (2) minimal or no 

ductwork reducing air leakage and heat losses; and (3) smaller indoor unit fans consuming less energy 

while reducing indoor noise [74,75]. Furthermore, VRF heat recovery (VRF-HR) system can deliver 

simultaneous heating and cooling to different zones and transfer heat from the cooling zones to the 

heating zones.

This ECM replaces the original PVAV system with VRF system to enable flexible zonal control and more 

efficient operation. It should be noted that the VRF system generally does not have an airside economizer 

due to small air duct design to only provide the minimal amount of outdoor air directly to zones meeting 

the ventilation requirements. Therefore, the amount of supplied outdoor air is the same between the 

baseline PVAV system and the VRF system. The efficiency curves of the VRF systems were provided by 

VRF manufacturers.

3.3.7.Natural ventilation coupled with the VRF system

As mentioned above, occupant-based control of HVAC system and window operation are only applicable 

to the VRF system, which allows zonal control. In this case, the ECM of natural ventilation is 

implemented together with the VRF system ECM.

As discussed in Section 2.2.4, three ventilation modes were adopted for the three occupant behavior styles

for this ECM: (1) concurrent mix-mode ventilation for the austerity behavior, (2) change-over mix-mode 

ventilation for the normal behavior, and (3) HVAC on and windows open all the time for the wasteful 

behavior.

3.3.8.The integrated ECM

All previous ECMs have been integrated as a new ECM, with the exception of the ECM of improving 

system efficiency, which is excluded because the HVAC system is changed to the VRF system with new 

efficiency curves and the improvement of cooling system efficiencies does not apply.



3.4. Simulation results

The energy performance of the baseline models and the models implemented with the ECMs was 

simulated using EnergyPlus Version 8.5. Site energy is used as the energy metric. The results are 

elaborated as follows.

3.4.1. Impact of occupant behavior styles on baseline energy use

Before evaluating the impact of occupant behavior styles on ECM savings, the impact of each behavior 

style on the energy consumption of the baseline models was analyzed. Figure 11 shows the total energy 

use intensity of the baseline models with the three occupant behavior styles in four climate types. 

Compared with the normal behavior style, the model with the austerity behavior style consumes 17.8%–

32.1% less energy while the model with the wasteful behavior style consumes 27.8%–47.8% more 

energy. When comparing the wasteful behavior style with the austerity behavior style, the energy use 

differences can be 55.6% (Fairbanks) and even as high as 117.6% (San Francisco).

The occupant behavior style has significant influence on building energy use. Even though the buildings 

are physically identical, they consume significantly different amounts of energy when occupied by 

different types of energy users. Some energy spenders consumed more than twice the energy of the energy

savers. 

Figure 11 Total site energy use of the baseline models

3.4.2. Impact of occupant behavior styles on ECM energy savings

Each ECM was implemented in the three baseline models with different occupant behavior styles in each 

climate type. The energy performance of each ECM was then simulated and compared with the baseline 

models. Figure 12 to Figure 15 illustrate the ECM energy saving percentages compared to the baseline 

models under the three behavior styles in each climate type. The simulation results indicate that the ECM 



saving percentages of LPD, EPD, envelope, system efficiency, and daylighting control are minimally 

affected by occupant behavior styles. This is because they are all purely technology-driven ECMs, which 

don’t rely on the interactions with the occupants to save energy. For example, the ECM of reducing 

lighting power density doesn’t require any actions from the occupants, thus its saving percentage varies 

minimally with behavior styles. 

On the other hand, the ECM saving percentages of the VRF system, natural ventilation, and integrated 

ECM are significantly affected by occupant behavior styles. Energy performance in these ECMs is closely

related to how the occupants interact with the ECM. For example, once the VRF system is installed, 

which allows zonal control, the occupants have decisions to make on how to control their indoor units: the

austerity occupants only turn on the indoor units when they feel hot, normal occupants turn on the indoor 

units as long as they are in the room, while the wasteful occupants keep the indoor units on during the 

entire working hours. Also, cooling and heating setpoints are different among the behavior styles. 

Therefore, the energy performance of each ECM heavily depends on how the occupants behave. Even 

though the same VRF system is installed, different amounts of energy are consumed with different 

occupant operation modes. Likewise, the saving potentials of natural ventilation also heavily depend on 

how the occupants control the windows and the HVAC system. The integrated ECM includes the VRF 

system and natural ventilation, so it is also largely affected by behavior styles.

In summary, for ECMs that are purely technology driven and have little interaction with the occupants—

such as reducing LPD, reducing EPD, improving envelope properties, and improving system efficiency 

and daylighting control—energy saving percentages are minimally affected by occupant behavior styles. 

For ECMs that have strong interaction with the occupants, such as the VRF system and natural 

ventilation, energy saving percentages are significantly affected by occupant behavior styles. 

For occupant-dependent ECMs, austerity and normal behavior styles tend to have larger saving 

percentages compared to the wasteful behavior style (one exception is that the VRF-HR system operated 

by wasteful behavior occupants has the highest saving percentage in San Francisco) (Figure 15). In mild 

climates like San Francisco, the close or even equal cooling and heating setpoints of the wasteful behavior

style generate a significant simultaneous cooling and heating load. In the baseline model with PVAV 

systems, this can only be satisfied by cooling coupled with reheat. However, the VRF heat recovery 

system can easily handle a simultaneous cooling and heating load by recovering heat from cooling zones 

to heating zones—significantly improving system efficiency and reducing energy consumption. 

Therefore, VRF has the greatest saving potential for the wasteful behavior and the least saving potential 

for the austerity behavior in San Francisco. On the other hand, in climates with distinct cooling and 

heating seasons such as Chicago, Miami, and Fairbanks, a simultaneous cooling and heating load is much 



less frequent than that in mild climates, so the saving percentages for the wasteful behavior are less than 

those of the normal and austerity behaviors.

Figure 12 ECM saving percentages compared to the baseline models with different behavior styles in Chicago

Figure 13 ECM saving percentages compared to the baseline models with different behavior styles in Fairbanks



Figure 14 ECM saving percentages compared to the baseline models with different behavior styles in Miami

Figure 15 ECM saving percentages compared to the baseline models with different behavior styles in San Francisco

4. Discussion

4.1. Relative saving percentages vs. absolute savings

It should be noted that ECM energy saving percentages are not equivalent to their absolute energy 

savings. While the saving percentages are similar, the absolute savings could be different. Figure 16 

through Figure 19 show the absolute energy savings of the ECMs under the three behavior styles in each 

climate. There are two main findings: 

(1) the wasteful behavior style generally results in the greatest absolute energy savings while its 

saving percentages are mostly close to those of the austerity and normal behavior styles for 

occupant independent ECMs and even lower than those of the austerity and normal behavior 

styles for occupant dependent ECMs. This is mainly because the energy consumption of the 



baseline model with the wasteful behavior style is much higher than that of the other two 

behavior styles, leading to huge saving potentials.
(2) The wasteful behavior style results in less absolute savings on the natural ventilation ECM. This 

is due to the fact that HVAC is on and windows are open all the time, increasing cooling/heating 

load significantly especially when outdoor environment is not beneficial to indoor thermal 

comfort.

Knowing absolute energy savings is very important to retrofit planning. Though buildings with the 

wasteful occupant behavior styles tend to achieve less saving percentages than other behavior styles, their 

absolute energy savings are generally higher. One finding of this study is that decision and policy makers 

would do well to target big consumers with wasteful behavior styles, which have more potential energy 

savings, especially for the promotion of technology-driven occupant-independent ECMs. 

Figure 16 Absolute energy savings of the ECMs under three behavior styles in Chicago

Figure 17 Absolute energy savings of the ECMs under three behavior styles in Fairbanks



Figure 18 Absolute energy savings of the ECMs under three behavior styles in Miami

Figure 19 Absolute energy savings of the ECMs under three behavior styles in San Francisco

4.2. Impact of occupant schedules

The occupant schedules that are generally used in current energy models are static and normalized for the 

whole building, such as the office occupant schedule in the DOE prototype models for office buildings

[69] (Figure 20). The normalized occupant schedule only represents the average occupancy level for the 

whole building and stays the same on every weekday, every weekend, and in each room, which means 

that the occupant schedules neither vary with the time (on a daily basis) nor vary with space. The 

normalized occupant schedule is not able to reflect the realistic occupant presence and movement and the 

variations between different zones within the buildings.



Figure 20 Office occupant schedule in the DOE reference model for office buildings

The author implemented the normalized occupant schedules in the DOE reference model for office 

buildings in both the baseline and ECM models and compared the simulation results with the realistic 

occupant schedule. Figure 21 through Figure 24 show the differences of energy saving percentages 

between the realistic and normalized occupant schedules in each climate type. The energy savings with 

the wasteful behavior style is not affected by occupant schedule regardless of ECM types, as its operation 

has nothing to do with occupants. For occupant-independent ECMs, only the energy savings with the 

austerity behavior style are slightly affected by the occupant schedule as only the austerity control of 

lights and plug load is partially related to the occupants. For occupant-dependent ECMs, the energy 

savings with both the austerity and normal behavior styles are significantly affected by the occupant 

schedule as their control of the VRF system and windows is closely tied to the occupants. From above, 

the occupant schedule does affect the simulated results of ECM savings, especially for the occupant-

dependent ECMs coupled with the austerity behavior style. Adopting realistic occupant schedules rather 

than the normalized ones would help improve the accuracy of ECM saving evaluation.



Figure 21 Difference of energy saving percentages between realistic and normalized occupant schedules in Chicago

Figure 22 Difference of energy saving percentages between realistic and normalized occupant schedules in Fairbanks

Figure 23 Difference of energy saving percentages between realistic and normalized occupant schedules in Miami



Figure 24 Difference of energy saving percentages between realistic and normalized occupant schedules in San Francisco

4.3. Occupant behavior styles

The defined three occupant behavior styles serve to illustrate the framing and application of the proposed 

framework, but they do not intend to represent actual occupant behavior in buildings. For users’ specific 

buildings or applications, different occupant behaviors can be included. Future studies will use more 

realistic data of occupant behaviors, including different occupant behavior styles and their weighting 

factors, from research such as the large-scale international survey of occupant behavior in buildings under

the IEA EBC Annex 66.

4.4. Interpretation of the simulation results

The simulated results using the proposed framework indicate a range of ECM savings with different 

occupant behaviors in buildings. The ways that the results are interpreted and adopted would vary by 

application purpose.

When the framework is applied to the retrofit analysis of existing buildings, the ECM saving range can be

significantly reduced as the buildings are occupied and the types of occupant behaviors are recognized. In

this case, the decision makers can minimize the investment risks by selecting the ECMs that benefit the 

most from the current occupant behavior style. On the other hand, when the framework is applied to the 

design of new buildings, the simulated range of ECM savings informs decision makers of the potential 

risk of technology choices due to variation and uncertainty of occupant behaviors. As the tenants are 

usually uncertain at the design stage, it is less risky to choose occupant-independent ECMs, such as 

reducing lighting power density, improving envelope properties, and improving HVAC system 

efficiencies. If occupant-dependent ECMs are considered as well, it would help to largely reduce the risk 

by educating and training occupants to understand the design intent of the building systems or by 



implementing automatic/intelligent control functions, such as automatic shading, lighting, and HVAC 

controls coupled with occupancy sensors.

4.5. Repetition of simulation runs

As some of the studied occupant behavior models are stochastic, the calculated ECM energy savings may 

vary if the annual performance simulations are repeated multiple times. Feng, et al. [76] recommended 

that a repetition of ten times is adequate for determining the mean results. D’Oca investigated the 

variation among simulation results due to stochastic models of window opening and heating setpoints 

within residential buildings by running each model more than 10 times. She concluded that the variation 

is very small (10%–12%). Commercial buildings, the focus of this study, have a much greater number of 

zones and occupants than residential buildings, leading to even smaller variations brought by stochastic 

models since the aggregated effect of diversities among multiple zones and occupants significantly reduce

the overall variations [77].

This study explored the variation of ECM savings using the VRF ECM as an example. Per Section 2.2.3, 

the probability of turning on the HVAC system is calculated based on a three-parameter Weibull 

distribution function, and then compared with generated random numbers to determine whether occupants

turn on the HVAC system, which is a stochastic result. Simulations of the VRF ECM in the four cities 

were repeated ten times each; Table 6 shows the results. As the variations of the annual HVAC site energy

are less than 1% (even smaller if total site energy is compared), the repetition of annual simulation is not 

needed for this study. However, if metrics other than annual energy—for example, peak demand or hourly

energy—are concerned, repetition may be needed.

Table 6 Simulated HVAC site energy of the VRF ECM under ten times repetition (Unit: GJ)

Chicago SF Miami Fairbanks
Min 144.8 82.98 221.38 159.75
Max 145.0 83.13 221.67 159.88

100(max/min - 1)% 0.14% 0.18% 0.13% 0.08%

5. Conclusions

This study introduced a simulation framework to quantify the impact of occupant behaviors on ECM 

energy savings. Three occupant behavior styles—austerity, normal and wasteful—were defined to 

represent different levels of energy consciousness in terms of the control of HVAC, window, lights, and 

plug-in equipment. These behavior styles don’t necessarily represent realistic occupant behavior in 

buildings, but rather represent the boundary of either extreme, such as energy savers and spenders. The 



framework was then applied to a pilot study to evaluate the ECM energy saving discrepancies among 

different behavior styles. The main findings from this study are: 

(1) The occupant behavior style has significant influence on building energy use. Buildings occupied by 

energy spenders could consume more than twice the energy of the energy savers.

(2) For occupant-independent ECMs, which are purely technology-driven and have little interaction with 

the occupants, such as reducing LPD, reducing EPD, improving envelope properties, and improving 

HVAC system efficiency and daylighting control, energy saving percentages are minimally affected by 

occupant behavior styles. For occupant-dependent ECMs, which have strong interaction with the 

occupants, such as the VRF system and natural ventilation, energy saving percentages are significantly 

affected by occupant behavior styles.

(3) The wasteful behavior style generally achieves the greatest absolute energy savings while its saving 

percentages are close to or even lower than those of the austerity and normal behavior. This is important 

information for decision makers in retrofit planning.

(4) The occupant schedule has certain impacts on the simulated results of ECM savings, especially for the

occupant-dependent ECMs coupled with the austerity behavior style. Adopting realistic occupant 

schedules rather than normalized ones would help improve the accuracy of ECM saving evaluation. 

The zero-net energy (ZNE) technologies are successful and growing today as energy performance 

requirements are becoming more and more stringent. ZNE technologies, such as natural ventilation, 

HVAC control, and demand response, tend to need more interaction with occupants. They are more 

sensitive to occupant behaviors and reactions to stimulations, which makes occupant behavior a 

significant uncertainty factor for the technology’s performance. In other words, occupant behavior may 

significantly change the way technologies are designed and expected to perform. The proposed 

framework provides a novel simulation approach enabling energy modelers to calculate the ECM savings 

as a range rather than a single fixed value considering the variations of occupant behaviors in buildings, 

which provides a critical input to the risk analysis of ECM investments.

Recommended future work include: (1) developing more realistic occupant behavior styles based on large

scale survey of occupants in various climates, (2) pilot testing the methodology in a real design or 

retrofitting project, and (3) extending the study for other building types and building technologies.
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