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ABSTRACT 
This paper presents a method for generating a large set of stochastically varying temperature set-
point schedules for building performance simulations. It analyses tradeoffs resulting from specific 
changes to those schedules in terms of three quantities: total electricity consumption per day; 
maximum hourly electricity consumption per day and predicted percentage dissatisfied (occupant 
thermal comfort). The method for generating schedules requires a single base schedule as the start-
ing point and, using a few clearly defined parameters, transforms it into a set of schedules that can be 
used for modelling an existing building stock or for performing parametric studies. Temperature set-
point schedules are generated and simulated for a small office building in a cool-dry climate in three 
different case studies pertaining to changing temperature setpoint schedules. Tradeoffs between 
the three output metrics are significant and vary based on the temperature setpoint schedules and 
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the time of the year. 

Nomenclature 

T Shift in temperature for heating/cooling 
setpoint with respect to base schedule 

λ1 Computed parameter in exponential dis-
tribution used to sample tp 

λ2 Computed parameter in exponential dis-
tribution used to sample tramp 

μno-sb,cool Mean of normal distribution from which 
Tno-sb,cool is sampled 

μno-sb,heat Mean of normal distribution from which 
Tno-sb,heat is sampled 

σno-sb,cool Standard deviation of normal distribution 
from which Tno-sb,cool is sampled 

σno-sb,heat Standard deviation of normal distribution 
from which Tno-sb,heat is sampled 

σcool Standard deviation of normal distribu-
tion using which Tdst,cool and Tsb,cool are 
sampled 

σheat Standard deviation of normal distribu-
tion using which Tdst,heat and Tsb,heat are 
sampled 

3-σ Three standard deviations with respect to 
the mean value 

Nocc Length of time for occupied hours – used 
to compute ppd 

pthresh Probability with which a given building 
setpoint is likely to have a setback 

Tno-sb,cool Cooling setpoint temperature value of a 
no-setback profile (cooling setpoint) 

Tno-sb,heat Heating setpoint temperature value of a 
no-setback profile (heating setpoint) 

Tlo,dst,cool Lower threshold limit for cooling setpoint 
during hours of cooling operation 

Tlo,dst,heat Lower threshold limit for heating setpoint 
during hours of heating operation 

tp,thresh 

tp 

Upper threshold time period for tp 

Duration of time for which early-morning 
heating/cooling is extended (relative to 6 
AM) 

tramp,thresh 

tramp 

Threshold value for tramp 

Duration of time over which heating/cooling 
setpoints are ramped 

Tsb,cool Setback temperature for cooling setpoint 
in a setback schedule 

Tsb,heat Setback temperature for heating setpoint 
in a setback schedule 

tstart Time of day when heating/cooling set-
point schedule transitions from setback to 
operation 

Tup,sb,cool Upper threshold limit for cooling setpoint 
during hours of cooling setback 
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Tup,sb,heat Upper threshold limit for heating setpoint 
during hours of heating setback 

ASHRAE American Society of Heating, Refrigerating 
and Air-Conditioning Engineers 

CBECS Commercial Buildings Energy Consump-
tion Survey 

DOE Department of Energy 
HVAC Heating, Ventilation and Air Conditioning 
IDF Input Data File 
PNNL Pacific Northwest National Laboratory 
PPD Predicted Percentage Dissatisfied 
TMY Typical Meteorological Year 
Eday,tot Change in median of Eday,tot (total electric-

ity consumption per day [kWh]) due to a 
given setpoint modification 

Emax Change in median of Emax (maximum 
hourly consumption per day [kWh]) due to 
a given setpoint modification 

ppd Change in median of ppd (mean hourly 
predicted percentage of dissatisfied [PPD, 
%] in the core zone per day) due to a given 
setpoint modification 

Eday,tot Total electricity consumption per day (kWh) 
Emax Maximum hourly consumption per day 

(kWh) 
ppd Mean hourly predicted percentage dissat-

isfied (PPD) in the core zone per day (%) 
Tdst,cool Daytime setpoint temperature for cooling 

setpoint in a setback schedule 
Tdst,heat Daytime setpoint temperature for heating 

setpoint in a setback schedule 
Tlo,sb,cool Lower threshold limit for cooling setpoint 

during hours of cooling setback 
Tlo,sb,heat Lower threshold limit for heating setpoint 

during hours of heating setback 
Tup,dst,cool Upper threshold limit for cooling setpoint 

during hours of cooling operation 
Tup,dst,heat Upper threshold limit for heating setpoint 

during hours of heating operation 

1. Introduction 

Residential and commercial buildings contributed to 
approximately 75% of retail sales of electricity in the 
USA in 2020 (Administration 2021). Heating, venti-
lation and air-conditioning (HVAC) is often respon-
sible for a large fraction of building energy use – 
for instance, in office buildings HVAC contributes to 
∼35% to 45% of the energy consumption (U.S. Depart-
ment of Energy 2015). Thermostat setpoints, i.e. heat-
ing and cooling setpoints, are a key driver of HVAC 
energy consumption behaviour in an office building. 

Changing these setpoints can significantly reduce over-
all energy consumption (Oldewurtel, Sturzenegger, and 
Morari 2013; Yang and Becerik-Gerber 2014; Huang  
et al. 2021); however, measures to improve overall 
energy savings by adjusting temperature setpoints can 
have adverse effects on thermal comfort (Papadopoulos 
et al. 2019; Ghahramani, Dutta, and Becerik-Gerber 2018) 
and peak electricity consumption (Cai et al. 2018). 

The extent to which any potential energy savings 
occur due to changes in temperature setpoint sched-
ules can depend on the building type and construction, 
and the climate zone it is located in (Hoyt, Arens, and 
Zhang 2015). For instance, performing EnergyPlus sim-
ulations using a medium office DOE prototype build-
ing model (gas-heated) under different HVAC configura-
tions, a previous study concluded that a widened tem-
perature setpoint range used in conjunction with per-
sonal controls can reduce the annual HVAC consump-
tion by 32–73%, depending on the climate zone (Hoyt, 
Arens, and Zhang 2015). Researchers also investigated 
the impact of optimal temperature setpoints on energy 
savings in small, medium and large office buildings; con-
cluding that the potential energy savings for the sim-
ulated buildings could be 10–37%, 11.5–21%, 7–11.5% 
respectively (where the ranges indicate the variation in 
results with respect to climate zone) (Ghahramani, Dutta, 
and Becerik-Gerber 2018; Ghahramani et al. 2016). 

Peak/maximum hourly electricity consumption (com-
puted on a per day basis) is a critical metric to evaluate, as 
it can be significantly more expensive (by a factor of 2–10) 
to meet on the generation side compared to meeting 
the average demand (Putra, Andrews, and Senick 2017). 
Previous work (Faruqui, Hledik, and Palmer 2012) has  
indicated that power plants often operate outside their 
highest efficiency ranges during the peak hours. Using 
eQuest simulations, researchers identified that increasing 
the cooling setpoint can increase the instantaneous peak 
demand (kW) during summer season (Cai et al. 2018). The 
relative increase in peak demand was as much as 6.3% for 
an HVAC setback of 2.8 ◦C (5  ◦F). 

Thermal comfort of occupants in an office building 
needs to be considered when evaluating the effects of 
changing temperature setpoints, as the primary purpose 
of HVAC energy consumption in a commercial building 
is to provide an appropriate thermal environment for its 
occupants. The thermal indoor environment has been 
shown to affect occupant productivity (Geng et al. 2017); 
however, previous work has indicated that only a small 
number of buildings in the USA are likely to achieve 90% 
occupant satisfaction (Huizenga et al. 2006). Note that 
in ASHRAE 55-2017, the 90% acceptability is based on 
10% dissatisfaction for general thermal comfort. Previous 
research has shown that a given setpoint modification 
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strategy – for instance, increasing the cooling setpoint 
temperature during building operational periods can 
adversely affect thermal comfort of building occupants 
in cooling seasons (Aghniaey and Lawrence 2018). In 
an effort to control moisture in moist regimes (type ‘A’ 
ASHRAE climate zones) (Baechler et al. 2015), commer-
cial buildings often overcool buildings during summer 
days (Derrible and Reeder 2015). Previous studies (Derri-
ble and Reeder 2015; Mendell and Mirer 2008; Aghniaey 
and Lawrence 2017) have shown that overcooling often 
results in increased electricity consumption with mini-
mal improvement in thermal comfort. There has been 
detailed work in the controls community on optimiz-
ing temperature setpoint to maximize thermal comfort 
in high performance buildings (Gunay 2016); however, 
there remains a need to generate temperature setpoints 
for large-scale building energy modelling and parametric 
analysis to investigate impact of setpoint modifications in 
a typical building stock. 

Therefore, it is important to jointly analyse the effects 
of temperature setpoint profiles on electricity consump-
tion, peak demand (or an indicator thereof) and thermal 
comfort (Silva, Duplessis, and Adnot 2011), and how mod-
ification to the temperature setpoints can affect these 
three output metrics. However, while there are guidelines 
from policymakers on selection of temperature setpoint 
schedules for energy simulation and code improvement 
purposes, these schedules are not universally applied 
to all buildings in an actual building stock (Ueno and 
Meier 2020). To estimate how modifications to tempera-
ture setpoint schedules can affect a collection of buildings 
(e.g. districts, campuses, cities or the national building 
stock), it is critical to perform this analysis using a distri-
bution of setpoint schedules that can be representative 
of schedules employed in actual commercial buildings. As 
such, there is a need for a systematic method to generate 
a distribution of stochastic temperature setpoint sched-
ules to capture the diversity present in actual schedules 
in commercial buildings. 

The automatic generation of large numbers of tem-
perature setpoint schedules can support improved build-
ing stock energy modelling. Several researchers have 
pointed out the benefits of stochastic occupancy mod-
elling (Feng, Yan, and Hong 2015; Hu and  Xiao  2019; 
Bianchi et al. 2020) to improve building stock mod-
els. Bianchi et al. (2020) recently demonstrated the use 
of stochastic, auto-generated occupancy models with 
an aggregated urban-scale building energy model and 
compared a subset of their simulated buildings against 
observed electrical meter data. They found that their pro-
cedure guaranteed diversity in the operating times of 
buildings and reduced calibration error between mod-
elled and observed data by about 1%. 

In this study, we focus on the specification of the tem-
perature setpoint control value that would be provided to 
the building’s cooling or heating system, such as through 
control signals provided by a building automation sys-
tem. These setpoints are directly controllable by building 
operators and closely tied to both HVAC energy con-
sumption and to the occupants’ thermal comfort. While 
some commercial buildings provide occupants with the 
ability to alter temperature setpoints within a particu-
lar space, the occupants typically have a very limited 
range of temperature variation available for adjustment. 
We do not attempt to represent individual occupant-
controlled thermostats in this work, which is focused on 
evaluating impacts of temperature setpoints in aggre-
gate. Large-scale data sources for building stock mod-
elling usually provide only high-level parameters and 
not detailed schedules for the sampled buildings (Ye, 
Zuo, and Wang 2019). To perform an aggregated build-
ing energy analysis with models derived from a com-
mon set of prototypes, any diversity in temperature set-
point values and in the change of temperature setpoints 
over time (i.e. temperature setpoint schedules/profiles) 
must be added systematically by the modeller. While 
previous researchers have created methods for deriv-
ing temperature setpoint values using high-resolution 
observations of energy and temperature data (Gian-
niou et al. 2018; Bienvenido-Huertas, Sánchez-García, and 
Rubio-Bellido 2020), no publicly available method exists 
for stochastically generating temperature setpoint pro-
files using only a small set of parameters defined by 
the modeller. We provide an open-source, automated 
method for generating large numbers of temperature 
setpoint profiles in heating and cooling seasons using 
only simple transformations applied to a base schedule 
extracted from the U.S. Department of Energy’s Commer-
cial Prototype Building model for a small office building 
based on ASHRAE Standard 90.1-2004 (U.S. Department 
of Energy 2020a). 

Aside from supporting large-scale building energy 
simulation, the proposed methodology also supports 
parametric analysis of how a given modification to a set-
point schedule can affect a single building. A modifica-
tion to a given setpoint schedule can include employing 
a nighttime setback, changing the daytime setpoint/ 
setback temperature, employing pre-cooling/pre-heating, 
employing a gradual morning ramp-up or a given combi-
nation of the above. 

In this study, we analyse the impacts of temperature 
setpoint modifications on three output metrics of inter-
est: total electricity consumption per day (kWh), maxi-
mum hourly consumption computed per day (kWh) and 
mean predicted percentage dissatisfied (PPD). Total elec-
tricity consumption per day provides information about 
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the electricity used due to a given setpoint schedule 
throughout a full diurnal cycle. Maximum hourly electric-
ity consumption provides information about the electric-
ity needed in the hour of highest demand throughout the 
day. It is provided in kWh for consistency with peak hourly 
electricity usage, since electrical power will vary within 
this hour and short-timescale electrical dynamics are not 
the focus of this work. PPD provides information about 
the likelihood of providing thermal comfort to building 
occupants under the given setpoint schedule by quan-
tifying the portion of occupants who would be likely to 
report themselves as dissatisfied with the building’s ther-
mal conditions. We are interested in how the impacts to 
these three variables generalize across a distribution of 
schedules. Note that we are not producing an optimal 
set of setpoint schedules and that our setpoint sched-
ules will not represent advanced control systems; rather, 
we aim to generate a set of feasible schedules that could 
be observed in an existing office building with simple 
rule-based temperature setpoint control. 

The key focus of our work is to develop a methodol-
ogy to generate feasible heating and cooling tempera-
ture setpoints in commercial buildings using only a lim-
ited set of available parameters, such that they can be 
used in large-scale building energy simulation, and to 
perform parametric analysis to analyse tradeoffs between 
total electricity consumption, maximum hourly electric-
ity consumption and thermal comfort. To summarize, this 
paper describes the following unique contributions to the 
research literature: 

• Develop a methodology to stochastically generate a 
distribution of heating and cooling setpoint sched-
ules, starting from a base schedule and a small set of 
parameter choices. 

• Propose an approach to quantify the tradeoffs 
between total electricity consumption, maximum 
hourly electricity consumption and thermal comfort 
due to a given setpoint modification. 

• Demonstrate how the proposed analytical approach 
can be used to assess the impact of a given setpoint 
modification across a distribution of schedules gener-
ated using the methodology mentioned above. 

The methodology is implemented as a Python package 
called ‘TEMPSET’. The code implementing the method-
ology and analysing the result is provided here: https:// 
github.com/IMMM-SFA/tempset. 

2. Methodology and analysis approach 

In this section, we provide details of the proposed 
methodology for generating a large, diverse set of 

schedules and an analytical approach to quantify the 
tradeoffs between the three output variables mentioned 
in Section 1. We have developed this methodology based 
on data from the existing literature, ASHRAE guidelines, 
data from CBECS, and conversations with building energy 
professionals at PNNL. Details on how this data was used 
for the selection of schedule parameters used in our 
methodology is provided in Supplementary Information. 

Figure 1 provides a schematic of the overall workflow. 
The two key components of the workflow are: 

• A methodology to generate a distribution of sched-
ules from a base schedule. These schedules are pro-
cessed as text objects that can be placed directly 
into Input Data Files (IDFs) for EnergyPlus simulations. 
Each stochastic schedule will provide the full annual 
schedule of heating and cooling setpoints for a sin-
gle building energy model’s IDF. The IDFs are sub-
sequently used to perform simulations in EnergyPlus 
(U.S. Department of Energy 2020b). 

• An approach to analyse the tradeoffs caused by a given 
setpoint modification between the three output met-
rics of interest: total electricity consumption per day 
(kWh), maximum hourly electricity consumption per 
day (kWh) and mean PPD in the core zone (averaged 
per day during occupied hours, %). The PPD estimates 
the number of occupants dissatisfied with the thermal 
environment at a given time. 

2.1. Methodology for schedule generation 

The proposed methodology starts with a base/reference 
schedule and generates a distribution of temperature set-
point schedules based on stochastic perturbations to the 
base schedule. The time-of-day operation of the buildings 
is a key driver of actual building consumption. In build-
ing energy simulation, the operating hours in real build-
ings are expressed as schedules and the schedules consist 
of information pertaining to building operation (such as 
whether HVAC system is on or off, values of temperature 
setpoints) at different times during a day. 

We used the DOE Small Office Prototype building 
model for ASHRAE Standard 90.1-2004, as an example 
in this study. The DOE Commercial Prototype buildings 
(Thornton et al., 2011) were developed based on DOE’s 
Commercial Reference Building Models (Deru et al. 2011). 
CBECS 2018 microdata suggests that the small office (as 
shown in Figure 2) is well-represented in the commer-
cial building stock (U.S. Energy Information Administra-
tion 2020). Office buildings comprise 16.4% of all com-
mercial buildings surveyed in CBECS 2018 – more than 
any other commercial building type. The median floor 
area of these office buildings is 455 m2 – lower than the 

Pursuant to the DOE Public Access Plan, this document represents the authors' peer-reviewed, accepted manuscript. 
The published version of the article is available from the relevant publisher.

https://github.com/IMMM-SFA/tempset


Figure 1. Schematic diagram of overall workflow. 

Figure 2. Image of DOE small office prototype (U.S. Department of Energy 2020a). 

floor area for the DOE Prototope Small Office (511 m2). 
We have selected ASHRAE 90.1-2004 as our vintage, as 
a ‘representative’ existing commercial building in the 
USA is more likely to follow an older energy code com-
pared to a newer code. The base schedule used in this 
study was extracted from the DOE Small Office Proto-
type for ASHRAE Standard 90.1-2004. Figure 3 presents 
the schedules for cooling setpoints on weekdays and 
weekends/holidays respectively, as used in the DOE Small 
Office Prototype for ASHRAE Standard 90.1-2004. While 
we have selected the base schedule from the DOE Small 

Office Prototype, the methodology can be implemented 
with different base schedules as well. In this study, we 
have looked at the impact of modifying weekday sched-
ules only; however, the methodology presented here can 
be used to generate weekend schedules as well. We are 
considering weekdays only, as the occupancy is typically 
significantly higher in commercial buildings on weekdays 
and as such, the tradeoffs between our output variables 
of interest are only pertinent on weekdays. Details of the 
prototype small office building used in this analysis are 
provided in Section 2.2. 
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Figure 3. Cooling setpoint schedule used in the DOE small office 
prototype for ASHRAE Standard 90.1-2004 during (a) weekdays 
and (b) weekends/holidays. 

Figure 4 provides a schematic diagram of the method-
ology used to generate schedules that are used as inputs 
to EnergyPlus. We enforce a set of parameters and 
assumptions, which will allow us to generate a broad 
range of plausible schedules. CBECS microdata has shown 
that 23% of the commercial buildings (for which survey 
responses were available) do not employ a nighttime 
setback. Therefore, in this methodology we randomly 

select, with probability pthresh, whether a given gener-
ated schedule will have a nighttime setback for a given 
sample schedule. We have implemented pthresh as a user-
modifiable input. However, for this study, we based pthresh 

on CBECS 2012 data (U.S. Energy Information Adminis-
tration 2020) – determined as the number of sampled 
buildings in CBECS that contain setback divided by the 
total number of sampled buildings that included informa-
tion on whether or not a setback was employed. The value 
of pthresh was computed based on the CBECS data to be 
0.77. 

A given realization of a schedule will have a no set-
back schedule with probability 1 − pthresh and a setback 
schedule with probability pthresh. In the following sec-
tions, we describe the procedures to generate no setback 
and setback schedules respectively. Note that both the 
no-setback and setback profiles are profiles for control 
temperatures, not the actual zone temperatures. 

2.1.1. No setback schedules 
A no setback schedule will have a constant temperature 
for the entire 24 h period – similar to one shown in Figure 
3(b). Here, we present a procedure to select this constant 
temperature value. We assume that the no setback tem-
perature (for either a cooling or a heating setpoint profile) 
will be drawn from a truncated normal distribution. To 
define this distribution, we need to decide on the mean of 
this distribution (μcool,no-sb for cooling and μheat,no-sb for 
heating setpoint) and its standard deviation. To compute 
the standard deviation, we selected the upper and lower 
threshold values (corresponding to three standard devia-
tions) of this truncated normal distribution (Tup,dst,cool and 
Tlo,dst,cool for cooling setpoints; Tup,dst,heat and Tlo,dst,heat for 
heating setpoints). The actual values of each of these tem-
perature parameters (Table 1) are based on conversations 

Figure 4. Schematic diagram of process to generate stochastic schedules. 
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Table 1. Parameters needed to generate no setback schedule. 
Please refer to Supplementary Information for justifications on 
selection of these parameters. 

Parameter Parameter value 

Mean temperature for cooling setpoints, 24 ◦C 
μcool,no-sb 

Mean temp. for heating setpoints, μheat,no-sb 21 ◦C 
Upper threshold value of temp. for cooling 28 ◦C 
setpoints, Tup,dst,cool 

Upper threshold value of temperature for 23.5 ◦C 
heating setpoints, Tup,dst,heat 

Lower threshold value of temperature for 20 ◦C 
cooling setpoint, Tlo,dst,cool 

Lower threshold value of temperature for 17 ◦C 
heating setpoint, Tlo,dst,heat 

with building science professionals at PNNL. Additional 
notes justifying these parameter selections are provided 
in Supplementary Information. 

Once the parameters are set, we can generate the 
no setback cases as presented in Table 1. The constant 
temperatures used for no-setback schedules are sam-
pled from a truncated normal distribution using these 
parameters, so as to reflect the diversity in no-setback 
schedules. 

• We set the standard deviation (σno-sb) of our truncated 
normal distribution, which we will use to sample the 
no setback temperature (Tno-sb). (σno-sb) is computed 
in a way such that while we can get a diverse range of 
(Tno-sb), a given sample of Tno-sb is likely to fall within 
the upper and lower threshold values: 

� � 
(Tup,dst,i − μno-sb,i) (μno-sb,i−Tlo,dst,i)

σno-sb,i = min ,
3 3 

(1) 
In Equation (1), the subscript i ∈ {cool, heat} indicates 
whether the corresponding schedule is a cooling or 
a heating setpoint and Tup,dst,i and Tlo,dst,i denote the 
upper and lower threshold values for daytime setpoint 
temperatures (Tdst,cool or Tdst,heat). Equation (1) indi-
cates that we take the minimum of the two values: 
(Tup,dst,i − μi,no-sb) and (μi,no-sb − Tlo,dst,i), and set cor-
responding value as the 3−σ bounds of our truncated 
normal distribution. 

• Subsequently, we sample from the distribution: 
Tno-sb ∼ N (μno-sb, σno-sb) to get the constant temper-
ature at which the setpoint schedule is set. We round 
off the constant temperature value to the nearest 
0.5 ◦C, which we assume as the minimum increment to 
which the temperature setpoint can be set. 

Based on the values in Table 1, the no setback standard 
deviations for cooling and heating setpoints (σno-sb,cool 
and σno-sb,cool) were computed to be 1.33◦C and 0.83◦C, 
respectively. 

2.1.2. Setback schedules 
Here, we describe the procedure to generate setback 
profiles (i.e. schedules with a nighttime setback) for 
cooling and heating setpoint derivations from the base 
schedule. The aim of this procedure is to generate a 
diverse set of setback schedules that are plausible and 
do not deviate significantly from the base schedule. 
Figure 3(a) shows an example of a cooling setpoint 
schedule with nighttime setback. The procedure for gen-
erating the setback schedules requires more parame-
ters than the procedure used to generate no setback 
profiles. 

Before describing the process we used to generate set-
back schedules, we describe the relevant terms we will 
use to generate new schedules: 

• Daytime setpoint temperature, Tdst,i : (◦C) For a 
given heating setpoint schedule, this would corre-
spond to the maximum temperature within the 24 h 
period, whereas for a given cooling setpoint sched-
ule, it would correspond to the minimum temperature 
over the 24 h period. 

• Setback temperature, Tsb,i, (◦C): This is the tempera-
ture when the heating or the cooling mode is in ‘set-
back’ mode. For a given heating setpoint schedule, 
this would correspond to the minimum temperature 
within the 24 h period, whereas for a given cooling set-
point schedule it would correspond to the maximum 
temperature over the 24 h period. 

• Setback hours (hr): Duration of time during which the 
heating or cooling setpoint temperature is equal to the 
setback temperature. Tsb,i. 

• Hours of daytime operation (hr): Duration of time 
during which the heating or cooling setpoint temper-
ature is equal to the daytime setpoint temperature 
Tdst,i. 

• Occupied hours (hr): Duration of time during which 
building occupancy is greater than 20%. As will be 
described later in this section, this duration will be 
used to compute the mean PPD in the core zone. 

• Length of pre-heating/pre-cooling time, tp,i (hr): 
This is the length of time, measured backwards 
from 6 AM, over which pre-heating or pre-cooling is 
employed. In the base schedule, the transition from 
setback to operation for both cooling and heating set-
points starts at 6 AM. When pre-heating/pre-cooling is 
employed in a given setback schedule this transition 
starts at (6 – tp,i) AM.  

• Time period for morning ramp-up, tramp,i (hr): In a  
setback schedule, we need to transition from the set-
back temperature Tsb,i to the daytime setpoint temper-
ature Tdst,i in the morning. It may be beneficial for a 
building’s equipment and/or demand charges to do 
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Figure 5. Schematic diagram of one stochastic sample of cooling 
setpoint schedule to describe key terms used to generate setback 
schedules. The red vertical line at 6 AM corresponds to the tran-
sition from setback to operation in the base schedule, which is 
subsequently used to determine the transition time from setback 
to operation in the generated schedule. 

this gradually rather than all at once. tramp,i indicates 
the time taken to transition from Tdst,i to Tsb,i. 

• Morning ramp-up rate, γ , (◦C/ h): This is the rate indi-
cating how quickly the morning transition from Tsb,i to 
Tdst,i occurs. In a setback profile, we need to transition 
from the setback to the daytime setpoint tempera-
ture. It may be beneficial to do this gradually rather 
than instantaneously. The morning ramp-up rate is 
expressed as 

|Tsb,i − Tdst,i|
γ = (2)

tramp,i 

Figure 5 shows a schematic representation of a cool-
ing setpoint schedule to clarify the terminology used to 
generate setback schedules. Note that the figure pre-
sented is just one stochastic sample of a cooling setpoint 
schedule. 

In this procedure, we generate a given setback sched-
ule from the base schedule by changing the following 
variables for either cooling or heating setpoint: (a) day-
time setpoint temperature (or temperature for daytime 
operation), Tdst.i; (b) setback temperature, Tsb,i; (c) length 
of time for morning pre-heating/ pre-cooling, tp,i and (d) 
length of time for morning ramp-up, tramp,i, We assume 
that daytime setpoint temperature, Tdst.i and setback 
temperature Tsb,i both follow truncated normal distribu-
tions with identical standard deviations. We also assume 
that the length of time for morning pre-heating/pre-
cooling, tp,i and the length of time for morning ramp-up 
tramp,i follow truncated exponential distributions, as we 
assume that a longer duration of pre-heating/pre-cooling 
(relative to reference 6 AM), and a slow morning ramp-up 
are less common in practice. To specify these distribu-
tions, we define the following parameters: 

• Mean daytime setpoint and setback temperatures for 
cooling and heating setpoints: for cooling setpoint, 
the mean daytime setpoint temperature, μdst,cool , and  
the mean setback temperature, μsb,cool , represent the 
mean values of the truncated normal distribution from 
which Tdst,cool and Tsb,cool will be sampled. Similarly, 
for heating setpoint, μdst,cool and μdst,heat represent 
the mean values using which Tdst,cool and Tsb,cool are 
sampled. 

• Upper threshold value of setback temperature for 
cooling setpoints: We assume that both the daytime 
setpoint temperature Tdst,i and the setback tempera-
ture Tsb,i follow a truncated normal distribution with an 
identical standard deviation, σi. To compute this stan-
dard deviation for cooling setpoints (σcool), we use the 
upper threshold value (corresponding to three stan-
dard deviations) of cooling setpoint during setback, 
Tup,sb,cool . 

• Lower threshold value of setback temperature for 
heating setpoints: As mentioned above, both Tdst,i 
and Tsb,i have a common standard deviation, σi. To  
compute this standard deviation for heating setpoints 
(σheat), we use the lower threshold value (correspond-
ing to three standard deviations) of cooling setpoint 
during setback, Tlo,sb,heat . 

• Threshold length of time for pre-heating/pre-cooling: 
To compute a plausible tp,i for schedule, we define a 
threshold time duration, tp,thresh, as an upper extreme 
for the time duration of the pre-heating or pre-
cooling period. Therefore, 99% of the generated heat-
ing/cooling setpoint schedules with setback will have 
a pre-heating/pre-cooling period that is shorter than 
this time duration. 

• Threshold morning ramp-up rate: We define a thresh-
old morning ramp-up rate, γthresh, which is an extreme 
case of a slow/gradual morning ramp-up. We subse-
quently use γthresh to compute the threshold tramp,thresh 

– an upper extreme for the time duration of tramp,i. 
99% of the generated schedules will have tramp,i < 
tramp,thresh. 

The selections of these parameters are provided in 
Table 2. Additional notes justifying the selection of 
these parameter values are provided in Supplementary 
Information. The parameters defined in Sections 2.1.1 
and 2.1.2 are user-modifiable inputs in the workflow. 

Having defined the parameters to generate a setback 
schedule, we now present the operations performed to 
generate a given schedule. In Figure 6, as an example, we  
present one instance of a schedule generated with this 
methodology. The specific operations to generate this 
particular schedule are illustrated as follows: 
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Figure 6. Schematic diagram of the procedure to modify the setback profile. Note that the schematic diagram corresponds to generation 
of one realization of a schedule generated through our proposed methodology and not the exact sequence for all setback schedules. The 
process consists of the following operations: (a) changing the maximum and minimum temperatures of the heating/cooling setpoint 
schedule; (b) adding a pre-heating/pre-cooling period; (c) modifying the gradient of morning ramp-up; (d) rounding off the temperatures 
to the nearest 0.5◦C. (e) The final schedule obtained for one stochastic ‘run’ of the setback schedule generation process. 

Table 2. Parameters to generate a setback schedule (in addition 
those specified in Table 1). Please refer to Supplementary Informa-
tion for justifications on selection of these parameters. 

Parameter Parameter value 

Mean value of daytime setpoint temperature 24 ◦C 
for cooling setpoints μdst,cool 

Mean value of setback temperature for cooling 29.5 ◦C 
setpoints, Tsb,cool 

Mean value of daytime setpoint for heating 21 ◦C 
setpoints, μdst,heat 

Mean value of setback temperature for heating 15.5 ◦C 
setpoints, μsb,heat 

Upper threshold value for cooling setpoints 30 ◦C 
during unoccupied hours, Tup,dst,cool 

Lower threshold value for heating setpoints 14 ◦C 
during unoccupied hours, Tlo,dst,heat 

Threshold time period for pre-heating/pre- 4 h  
cooling, tp,thresh 

Threshold ramp-up rate, γramp,thresh 0.5◦C/h 
Maximum allowable length of time for morning 3 h  
rampup 

• Step (a): First, we change the maximum and mini-
mum temperatures of our setpoint schedule. Step (a) 
in Figure 6 shows how this is performed in the case of a 
cooling setpoint – where the maximum and minimum 
temperatures correspond to setback temperature and 
operating temperature, respectively. For both heating 
and cooling setpoints, the setback and daytime set-
point temperatures are modified by shifting the initial 

mean values by T , as shown in Equation (3): 

Tsb,i = μsb,i + Tsb,i, and  
(3)

Tdst,i = μdst,i + Tdst,i 

Here, Equation (3), Tsb,i and Tdst,i correspond to the 
setback and daytime setpoint temperatures for both 
heating and cooling setpoints. 

As mentioned earlier in this section, we aim to 
generate a diverse range of setback schedules that 
are plausible in practice. To achieve this balance, we 
assume that the values of change in temperature ( T) 
are not necessarily the same for both Tsb,i and Tdst,i, but 
the T values are drawn from an identical distribution 
for both Tsb,i and Tdst,i. The shifts in these temperatures, 
Tsb,i and Tdst,i are determined as follows: 

Tsb,i, Tdst,i ∼ N (0, σi) (4) 

Now, we compute the standard deviation of this dis-
tribution, σi (i.e. σcool or σheat) so that the resulting 
values of Tsb,i and Tdst,i are plausible and are likely to 
fall within the upper and lower threshold values during 
both setback and operation. Later in the section, we 
will describe how we can account for ‘outlier’ sched-
ules that do not fall within the threshold values. For a 
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cooling setpoint (for which Tdst,cool < Tsb,cool), we con-
sider the minimum of the two differences: (Tup,sb,cool − 
Tsb,cool) and (Tdst,cool − Tlo,dst,cool) and set the corre-
sponding value to three standard deviations. Con-
sidering the minimum of the two values provides a 
more conservative estimate of σcool , ensuring that the 
threshold values Tup,sb,cool and Tlo,dst,cool are likely to 
be maintained, i.e. Tsb,cool ≤ Tup,sb,cool and Tdst,cool ≥ 
Tlo,dst,cool . 

� � 
Tup,sb,cool − Tsb,cool Tdst,cool − Tlo,dst,cool

σcool = min ,
3 3 

(5) 

We follow a similar process to compute the standard 
deviation for heating setpoints, σheat . For heating set-
points, Tdst,heat > Tsb,heat and so σheat can be expressed  
as 

� �
Tup,dst,heat−Tdst,heat Tsb,heat−Tlo,sb,heat

σheat = min ,
3 3 

(6) 

σcool and σheat were computed to be 0.17 ◦C and  
0.5 ◦C respectively. The standard deviation for cool-
ing setpoints is lower than heating setpoints, because 
the mean setback temperature for cooling setpoints 
μsb,cool was set to 29.5 ◦C (obtained from the base 
schedule), which is close to the upper threshold value 
for setback temperature of 30◦C. More details on the 
possible implications of a low value of σcool are dis-
cussed later in this section. 

While the conservative estimates of σcool and σheat , 
as computed from Equations (5) and (6), ensure that 
the sampled T values (i.e. Tsb,i and Tdst,i) are likely 
to fall within the threshold values, it is possible that a 
given outlier sample of T might take values that are 
not plausible in practice. To ensure that the sampled 
T is plausible, we ‘hard-set’ T = 3.0 ◦C if the sam-

pled T > 3.0 ◦C; and T = −3.0 ◦C if the sampled 
T < −3.0 ◦C. 

• Step (b): After changing the setback temperature, 
we modify the schedule to add a period of pre-
heating/pre-cooling. Step (b) in Figure 4 shows how 
this operation is performed for a cooling setpoint. 
We make the following assumptions about the pre-
heating/pre-cooling operation: 
◦ We assume that the distribution of pre-heating/pre-

cooling period in buildings is truncated exponen-
tial. 

tp,i ∼ exp(λ1) (7) 

Here, tp,i is the sampled length of pre-heating/ 
pre-cooling duration. Since tp,thres corresponds to 

the upper limit corresponding to 1% of profiles 
generated, we can compute the parameter λ1 as 

ln(0.01)
λ1 = −  (8)

tp,thresh 

The value of λ1 was computed to be 1.15 h−1. 
• Step (c): The next step is to modify the morning ramp-

up rate as shown in step (c) in Figure 4. Slow/gradual 
ramp-up rates ( 0.5◦ to 0.6◦C/h) can occasionally 
be employed in buildings, but are not likely to be 
commonplace. We make the following considerations 
modifying the ramping gradients: 
° We compute the threshold ramp-up rate as follows: 

|Tsb,i − Tdst,i|tramp,thresh = (9)
γthresh 

The numerator corresponds to the absolute dif-
ference between the setback and the daytime set-
point temperatures for either a heating or a cool-
ing setpoint, after they were assigned in step (a). 
γthresh is the ‘extreme limit’ for slow ramp-up rates, 
as described earlier. tramp,thresh, therefore, will 
serve as an upper limit for tramp,i. Since  tramp,thresh 

depends on Tsb,i and Tdst,i, it is computed dynam-
ically for each stochastic schedule. We assume 
that a given schedule will have tramp,i < tramp,thresh 

with 99% probability. 
° We assume that the distribution of tramp,i follows an 

exponential distribution, as slower ramp-ups are 
less significantly likely than steep ramp-ups: 

tramp,i ∼ exp(λ2) (10) 

Here, λ2 is computed as 

ln(0.01)
λ2 = −  (11)

tramp,thresh 

° Even though we constrain our ramp-up gradients 
using Equations (9) and (10), in certain instances 
a given schedule might have an excessively long 
ramp-up duration tramp,i. In practice, tramp,i > 3 h  
is unlikely. Therefore, we ‘hard-set’ tramp,i = 3 h  if  
the sampled tramp,i in Equation (10) is greater than 
3 h.  

° We use the start-time (tstart) for the ramp-up that we 
obtained at the previous step (step (b) in Figure 4), 
where tstart = (6 − tp) AM. The end-time for the 
ramp-up is (6 − tp,i + tramp,i). 

• Step (d): Subsequently, we round off the temperature 
profile to the nearest 0.5◦C, a common temperature 
increment in commercially available thermostats, as 
shown in step (c) in Figure 4. Performing this operation 
gives us the final profile, as shown in step (d). 
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Note that after step (d), the daytime setpoint and 
setback temperatures are extremely likely (i.e. with 
  99% probability) to take only discrete values of 
24 ± 0.5 ◦C and 29.5 ± 0.5 ◦C respectively. This occurs 
because σcool , as computed using Equation (5), has a 
low value. We get this low value because the schedule 
we selected as the base schedule has an aggressive set-
back, such that the setback temperature is close to the 
upper threshold value of 30◦C. With a different base 
schedule that has a slightly lower setback temperature, 
we probably would have seen more diversity in oper-
ating and setback temperatures. Thus, for the selected 
base schedule, the diversity in cooling setpoint sched-
ules with setback is primarily brought about by the 
variability in pre-cooling period and the period for 
morning ramp-up. 

• Step (e): This final setpoint schedule is presented here, 
which is used as input to the IDF file. The generated 
schedules are for weekdays only, and the temperature 
setpoint schedules for weekends and holidays were 
left unchanged. 

Note that the chronology of the method to gener-
ate setback schedules (i.e. steps (a) to (e)) ensure that 
combinations of schedule parameters that are impracti-
cable are less likely to be generated. For instance, in step 
(c), Equation (9), we calculate the time period for morn-
ing ramp-up based on setback and daytime operating 
temperatures calculated in step (b). 

2.2. Simulation details 

Using each new schedule generated using the methodol-
ogy described in Section 2.1, we performed simulations 
using the building model and weather data described 
later in this section. We used EnergyPlus version 9.0 (U.S. 
Department of Energy 2020b), released in 2018, as the 
building simulation engine. We performed the Energy-
Plus simulations at a 10-min timestep and aggregated the 
outputs at 1 h resolution for each realization of a schedule 
generated through our proposed methodology. 

The key output metrics of interest, with respect to 
which the impact of a given setpoint modification is anal-
ysed, are provided as follows: 

• Total electricity consumption per day, Eday,tot (kWh): 
Eday,tot is the total weekday electricity consumed by the 
whole building, in kWh, over a 24 h period – consider-
ing weekdays only. 

• Maximum hourly electricity consumption per day, Emax 

(kWh): Emax is the maximum weekday hourly electricity 
consumption, in kWh, over a 24-h period – considering 
weekdays only. 

• Mean hourly percentage of person dissatisfied (PPD) 
per day, ppd (%): This is the mean PPD in the core zone 
during occupied hours only, computed on a daily basis. 
In this analysis, we consider ‘occupied hours’ to be a 
fixed duration of time from 7 AM to 6 PM on weekdays 
only – when the occupancy of the building is greater 
than 20%. Thus ppd is computed as 

�t=t2 
t=t1 

PPD(t)
ppd = (12)

Nocc 

In the equation above, t1 and t2 correspond to 7:00 AM 
and 6:00 PM, PPD(t) denotes the computed PPD value 
at a given hour t after the outputs are aggregated, and 
Nocc is the number of hours (i.e. 11 h) between 7:00 
AM and 6:00 PM. Note that the ‘occupied’ hours (Nocc) 
defined above is not the same as hours of daytime 
operation defined in Section 2.1.2. The occupied hours 
are a fixed time during weekdays used to compute ppd, 
whereas hours of daytime operation is the period of 
time when the setpoint temperature is equal to the 
daytime setpoint temperature Tdst,i. The hours of day-
time operation can therefore vary from one schedule 
to the next. 

To compute ppd, we assume that the heat gain per 
person is 120 W, as defined in the DOE Prototype model. 
We also assume that the representative surface area 
of an average person (corresponding to weight 70 kg 
and height 1.73 m) is 1.8 m2, as specified in Energy-
Plus (U.S. Department of Energy 2020b). The values of 
heat gain per person and surface area correspond to a 
metabolic rate of 1.15 (in Met units), which can be con-
sidered typical for office activities (ANSI/ASHRAE 2017). 
We also assumed a constant airspeed of 0.2 m/s (40 fpm), 
as suggested in ASHRAE 55-2017 (ANSI/ASHRAE 2017). 
Note that we used the calculated zone temperatures and 
not the setpoint temperature as inputs to the thermal 
comfort model. 

We simulate a commercial building representing a 
small office located in Denver, CO (ASHRAE/IECC Climate 
Zone 5B). The basis for this model is the DOE Commer-
cial Prototype Building Model for a Small Office, devel-
oped by Pacific Northwest National Laboratory (PNNL) 
(U.S. Department of Energy 2020a). The weather file used 
to drive the simulations was a TMY3 (TMY stands for Typ-
ical Meteorological Year) weather file for Denver, CO (U.S. 
Department of Energy 2020c). Table 3 presents the key 
features of the small office building model. 

2.2.1. HVAC system details 
The overall goal of this study is to generate a distribu-
tion of schedules to understand the impact of heating and 
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Table 3. Key features of small office building (90.1-2004). 

Feature Parameter details 

Number of floors 1 
Total floor area 511 m2 

Aspect ratio 1.5 
Floor-to-ceiling height 3.05 m 
Roof construction Attic roof with wood joist 

(roof insulation and 1.6 thick gypsum board) 
Exterior wall construction Mass wall construction 
Interior partition Construction: 2 × 4 insulated stud wall 

Dimensions: Based on floor area and aspect 
ratio 

Internal mass 15.2 cm standard wood (81.0 kg/m2) 
Exterior wall construction Mass wall construction 

(Wood-frame walls: 2.5 cm thick stucco, 1.6 cm 
thick gypsum, 

wall insulation, 1.6 cm thick gypsum board) 
Occupant density 16.6 m2/person 
Lighting power density 10.76 W/m2 

Electric plug loads 6.78 W/m2 

Heating system Either electric resistance or gas furnace 
Cooling system Vapor compression system 
Air distribution system Single-zone constant air volume 

cooling setpoint schedules on electricity use and ther-
mal comfort. For analysing heating temperature setpoint 
schedules, we are interested in comparing the effect of 
modifying the setpoint schedule on a small office where 
space heating is provided by gas furnace (HVAC system 
A) vs. one provided by electric-resistance heating (HVAC 
System B). This would allow us to compare an extreme 
scenario where the heating is provided by gas furnace 
against one where heating is provided by electricity. 
Comparing electric resistance vs. gas-heating would also 
allow us to compare two heating systems, while keeping 
an identical cooling unit. In this paper, we are looking at 
total daily electricity consumption and maximum hourly 
electricity consumption as our energy metrics. We consid-
ered a building with gas furnace as our ‘reference case’ 
for comparison, to demonstrate the impact of setpoints 
in buildings with electric heating. For analysing cooling 
temperature setpoint schedules, a packaged single zone 
vapor compression air conditioning unit (system C, as 
provided in the DOE prototype model) is used to provide 
cooling loads for each zone. 

We generated 3000 schedules each for three small 
office buildings – all identical except for the HVAC sys-
tem employed. The three HVAC systems in question are: 
(i) heating system with gas furnace (system A); (ii) heating 
system with electric-resistance heating (system B) and (iii) 
cooling system with vapor compression air-conditioning 
unit (system C). We ran simulations for each of the 3000 × 
3 = 9000 schedules. As will be described later in this 
section, we will perform multiple case studies to analyse 
the tradeoffs in Eday,tot , Emax and ppd due to different set-
point modification strategies. Each case study will use a 
subset of these simulations. 

Table 4. Table describing case studies I, II and III performed in this 
paper. 

Case study I Objective: Comparing the impact of heating 
temperature setpoint profiles with a nighttime 
setback to setpoint profiles with no nighttime 
setback between two small office buildings, 
identical except for their heating systems: one with 
electric resistance heating and one with gas heating 

Baseline case: All schedules without setback (701 
schedules) 

Modified case: All schedules with a setback (2299 
schedules) 

Analysis period: November to April (heating season) 
Case study II Objective: Comparing the impact of heating 

temperature setpoint modifications on a small office 
building using electricresistance heating by: 

(i) decreasing the daytime setpoint temperature: 
Baseline case: Setback schedules with Tdst,heat > 
21 ◦C (724 schedules) 

Modified case: Setback schedules with Tdst,heat ≤ 
21 ◦C (1575 schedules) 

Analysis period: November to April (heating season) 
(ii) employing pre-heating. 
Baseline case: Setback schedules with tp,heat = 0 (440 

schedules) 
Modified case: Setback schedules with tp,heat > 0 

(2560 schedules) 
Analysis period: November to April (heating season) 

Case study III Objective: Comparing the impact of cooling 
temperature setpoint profiles with a nighttime 
setback to setpoint profiles with no nighttime 
setback. Cooling is provided by a vapor compression 
system. 

Baseline case: All schedules without setback (701 
schedules) 

Modified case: All schedules with a setback (2299 
schedules) 

Analysis period: May to September (cooling season) 

The HVAC equipment sizing was identical across all 
our simulations. The heating and air conditioning systems 
were autosized in EnergyPlus using winter and summer 
design days. As specified in the DOE Prototype Build-
ing model, the heating and cooling temperature setpoint 
schedules on the two design days were assumed to be 
constant-temperature schedules. For heating setpoints, 
the constant temperatures for winter and summer design 
days were 21.1◦C and 15.6 ◦C respectively. For cooling 
setpoints, the constant temperatures for winter and sum-
mer design days were 29.4◦C and 23.9 ◦C respectively. A 
summary of the HVAC equipment sizing is provided in 
Supplementary Information. 

2.3. Analysis approach 

The goal of the analytical approach is to quantitatively 
evaluate the impact of a given setpoint modification strat-
egy across a wide range of temperature setpoint sched-
ules. Before detailing the analysis approach, we present 
specifics of the three case studies we will employ to 
demonstrate our approach. The details of the three case 
studies are presented in Table 4. 
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For a given case study, the steps in the analysis 
approach are: 

• We identify the HVAC system in question and we start 
with the set of 3000 simulations corresponding to that 
HVAC system (as mentioned in Section 2.2.1). 

• We decide whether the analysis is to be performed for 
heating or cooling setpoints, and we set the other to 
the DOE Commercial Prototype schedule. Thus, dur-
ing heating season, the cooling setpoints are ‘kept 
constant’ and vice versa. 

• For a given month in the heating/cooling season 
(depending on whether the analysis is being per-
formed for heating or cooling setpoints): 
° We identify the set of simulations corresponding to 

the baseline and modified cases (as detailed in 
Table 4). 

° For each of the baseline and the modified cases, 
we compute the output metrics Eday,tot , Emax , 
and ppd, as described in Section 2.2. Each data 
point yd = {y1,d , y2,d , y3,d} is specific to a given 
realization of a schedule and a given weekday 
of the month d. Thus, for the baseline case, the 
total number of data points will be equal to the 
number of schedules for the baseline case (pre-
sented in Table 4 for each of the three case stud-
ies) multiplied by the total number of weekdays 
in the given month. The total number of data 
points for the modified case can be computed 
similarly. 

° Thus, for a given output metric (Eday,tot , Emax or ppd), 
we have two distributions to compare – one for 
the baseline and one for the modified case. Each 
distribution is constructed using the data points 
for the baseline and modified case respectively. 
We can compare the two distributions using the 
metrics: ( Eday,tot , Emax , ppd). Eday,tot and 
Emax are computed as follows: 

˜yi,mod˜ − yi,baselineyi = (13)˜yi,baseline 

˜Here yi,mod˜ and yi,baseline correspond to the medi-
ans of ‘modified’ and ‘baseline’ distributions 
respectively, and yi ∈ {Eday,tot , Emax}. We consider 
the median instead of the mean, as the median 
is less likely to be skewed by an outlier data 
point (i.e. a data point corresponding to an outlier 
schedule or extreme weather on a given day). 

° For the metric ppd (mean hourly PPD (%) in core 
zone per day), we compute ppd as follows: 

ppd = ppd̃mod − ppdbaseline˜ (14) 

Evaluating Eday,tot , Emax and ppd in conjunction 
allows us to analyse the potential tradeoffs due to a spe-
cific setpoint modification. Section 3 presents the results 
obtained from implementing this approach on three case 
studies. 

3. Results and discussion 

In this section, we demonstrate how the methodology 
and analytical approach described in Section 2 can be 
applied to the three case studies described in Section 2.3. 
In each case study, the schedules with which the analysis 
was performed were generated using the methodology 
in Sections 2.1.1 and 2.1.2. The distribution of parameters 
used to generate these schedules are provided in Supple-
mentary Information. The analyses to achieve objectives 
in each case study were based on comparing the ‘base-
line’ and ‘modified’ cases, which are defined in Table 4. 
The key finding from the results was that the nature of the 
tradeoffs between Eday,tot , Emax and ppd is not only depen-
dent on the specific setpoint schedule modification being 
implemented, but can also vary depending on the month 
of the year. 

3.1. Case study I: impact of implementing heating 
setpoint with setback 

In case study I, we investigate the tradeoffs in Eday,tot , Emax 

and ppd associated with implementing a setback in heat-
ing setpoints in a small office with electric resistance heat-
ing (system A) compared to temperature setpoint profiles 
that don’t employ a nighttime setback (‘no setback’ pro-
files). Table 5 quantifies the impact of setback using the 
evaluation metrics ( Eday,tot , Emax and ppd) during 
the heating season (i.e. November–April), across a diverse 
set of heating setpoint schedules. The table shows that 
Eday,tot (percent change in total energy consumption) 

ranges from −11.5% to −7.1%, Emax (percent change in 
maximum hourly consumption) ranges between +4.5% 
and +46.7% and ppd (absolute change in ppd) ranges  
from −0.04% to +2.52%. Note that negative values of 
Eday,tot , Emax and ppd indicate savings in energy con-

sumption, savings in maximum hourly consumption, and 
an improvement in thermal comfort respectively. 

The results, therefore, indicate that the key tradeoff 
is between total daily electricity consumption, Eday,tot , 
and daily maximum hourly consumption, Emax , as they 
move in opposite directions to one another. As we would 
expect, employing a setback reduces the electricity con-
sumption during nighttime operation (thereby reducing 
Eday,tot). However, the lower nighttime zone temperatures 
associated with a setback may lead to an increased early-
morning heating load, although the tradeoff between 
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Figure 7. Probability density functions (PDFs) of (a) total electricity consumption per day, Eday,tot (kWh); (b) daily maximum hourly con-
sumption, Emax (kWh); and (c) daily mean PPD in core zone (%), ppd with setback vs. ppd without setback during the month of February 
for a small office using electric resistance heating. The vertical lines indicate the medians of the respective distributions. 

Table 5. Table showing the results on the impact of setback in 
heating setpoint profiles on total electricity consumption (kWh), 
Eday,tot , maximum hourly electricity consumption per day (kWh), 
Emax andmean PPD  in the core zone (%),  ppd. – when space heat-
ing is provided by electric resistance heating. A negative value 
indicates savings in Eday,tot or Emax , or a reduction in  ppd. The  
corresponding results for a gas-heated small office is provided in 
Supplementary Information. 

Month Eday,tot Emax ppd 

Nov −11.4 +30.7 +0.57 
Dec −9.2 +41.6 +1.99 
Jan −10.9 +46.7 +1.98 
Feb −11.3 +42.3 +2.52 
Mar −10.8 +44.0 +0.77 
Apr −7.1 +4.5 −0.04 

Eday,tot and Emax can be reduced with gradual morn-
ing ramp-up. Table 5 also shows that this tradeoff in 
employing a setback is more severe during the months 
November to March. In April, a more temperate month, 
implementing a setback is likely to result in moderate 

gains ( Eday,tot = −7.1%) in total electricity, with rela-
tively minimal cost in Emax ( Emax = +4.5%). 

Figures 7(a–c) show the plots of probability density 
functions of Eday,tot , Emax and ppd, comparing setback 
vs. no setback cases for the month of February when 
space heating is provided by electric resistance heat-
ing. The figure affirms our observations from Table 5: 
Eday,tot reduces from a median value of 403.7 to 358.0 kWh 
when switching from a setback to no setback while Emax 

increases from 22.3 to 31.8 kWh. Figure 7 also shows that 
there is an increase in the median value of ppd from 
7.6% to 10.1%. Table 5 indicates that there is a small 
increase (  2.5% or lower) in ppd when going from no set-
back to setback, and the increase is highest in the month 
of February, which has the highest number of heating 
degree-days. While the marginal increase in ppd due to 
implementing a setback profile is relatively small (  2.5% 
or lower), it should be noted that implementing a set-
back profile is more likely to result in the PPD in the core 
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zone exceeding the acceptable threshold of 10% (as spec-
ified in ASHRAE 55-2017) during the cold winter months. 
Thus the tradeoff between total electricity consumption 
vs. thermal comfort when implementing a nighttime set-
back may only be pertinent during cold winter months 
(specific to climate zone 5B). 

Figures 8(a–c) show the corresponding plots of prob-
ability density functions of Eday,tot , Emax and ppd for a 
building heated by a gas furnace (HVAC system B) for 
the month of February. A complete table quantifying 
Eday,tot , Emax and ppd is provided in Supplemen-

tary Information. The figure shows that, for a gas-heated 
building in February, there is a very minor improvement 
in Eday,tot ( Eday,tot  −1.4%) with no tradeoff in Emax . 
Figure 8(a) shows that the range of Eday,tot is significantly 
smaller compared to what we observed for the electric 
resistance-heated small office (Figure 7 a). In Figure 8(b), 
we observe that the distribution of maximum hourly 
peak consumption is concentrated within a very narrow 
interval, as Emax is not affected by heating setpoints in 
February for a small office heated by gas furnace. As we 
expect, even in a cold winter month, the heating setpoint 
has minimal impact on electricity consumption in a gas-
heated small office. The gain of 1.4% in total electricity 
consumption with using a setback is due to the reduction 
in afternoon cooling (which, in climate zone 5B, is likely to 
occur sporadically during February) when building zones 
are not heated during nighttime. Figure 8 shows that Emax 

remains unchanged when a setback is implemented – 
the maximum hourly electricity consumption, which usu-
ally occurs in the morning on weekdays in February, is 
unaffected by heating setpoints in a gas-heated small 
office. 

3.2. Case study II: impact of reducing daytime 
setpoint temperature and implementing 
pre-heating in heating setpoints in small ofce with 
electric resistance heating 

In case study II, we investigate the tradeoffs in Eday,tot , 
Emax and ppd due to: (i) changing the daytime setpoint 
temperature and (ii) implementing pre-heating. We con-
sider a small office with electric resistance heating. 

3.2.1. Impact of reducing daytime setpoint 
temperatures in heating setpoint profiles with a 
setback 
Table 6 presents the impact of reducing daytime set-
point temperature Tdst,heat on Eday,tot , Emax , and  ppd in a 
small office with electric resistance heating (HVAC sys-
tem A). As we expect, median values of both Eday,tot 
and Emax decrease for Tdst,heat ≤ 21 ◦C vs  Tdst,heat > 21 ◦C, 
Eday,tot ranging from −3.4% to −5.9%, whereas Emax 

Table 6. Results on the impact of daytime setpoint temperature, 
Tdst,heat (Tdst,heat > 21◦C vs.  Tdst,heat ≤ 21 ◦C) on total electric-
ity consumption (kWh), Eday,tot , maximum hourly electricity con-
sumption per day (kWh), Emax andmean PPD  in the core zone (%),  
ppd. 

Month Eday,tot (%) Emax (%) ppd (%) 

Nov −5.9 −12.0 +0.66 
Dec −5.4 −9.3 +2.07 
Jan −5.0 −8.6 +2.36 
Feb −5.3 −8.5 +3.24 
Mar −5.1 −10.0 +1.10 
Apr −3.4 −4.5 +0.04 

Table 7. Results on the impact of implementing pre-heating on 
Eday,tot , Emax , and  ppd, (i.e.  tp > 0 vs.  tp = 0). The baseline cor-
responds to distributions with a setback and pre-heating imple-
mented, i.e. tp > 0 h, whereas the modified case corresponds to 
distributions with a setback and no pre-heating, i.e. tp = 0. 

Month Eday,tot (%) Emax (%) ppd (%) 

Nov +6.7 −15.4 −0.38 
Dec +5.0 −17.7 −1.22 
Jan +6.5 −14.0 −1.19 
Feb +5.1 −12.0 −1.28 
Mar +5.8 −18.2 −0.99 
Apr +3.7 −2.0   0 

is between −4.5% to −12.0%. The thermal comfort 
penalty (i.e. increasing ppd) due to reduced daytime set-
point temperatures is most noticeable in the month of 
February. Figure 9 shows a comparison of PDFs of ppd 
with Tdst,heat ≤ 21 ◦C vs.  Tdst,heat > 21 ◦C. Note that the 
total electricity consumption (Eday,tot) and  the maximum  
hourly electricity consumption (Emax) are higher in Febru-
ary compared to other months in the heating season. In 
February, the median ppd increases from 8.2% to 11.4% 
when daytime setpoint temperatures are reduced to ≤ 
21 ◦C, whereas in March the respective values are 5.5% 
and 6.6%. This indicates that an aggressive reduction in 
daytime setpoint temperature is more likely to be fea-
sible in November, March and April, when the tradeoff 
between total electricity consumption/maximum hour 
electricity consumption per day vs. thermal comfort is 
likely to be minimal (specific to climate zone 5B). 

3.2.2. Impact of implementing pre-heating in heating 
setpoint schedules with a setback 
In this section, we investigate the effect of implementing 
pre-heating (tp > 0vs.  tp = 0) on Eday,tot , Emax and ppd in a 
small office with electric resistance heating (HVAC system 
A). Table 7 presents the corresponding results. 

The table shows that the key tradeoff is again between 
Eday,tot and Emax . Eday,tot is typically between +3.7% 
to +6.7% between November and April. However, we 
observe that Emax ranges between −12.0% and −18.2% 
between November and March, but from March to April, 
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Figure 8. PDFs of (a) total electricity consumption per day, Eday,tot (kWh) with setback vs. Eday,tot without setback; (b) daily maximum 
hourly consumption, Emax (kWh) with setback vs. Emax without setback; and (c) daily mean PPD in core zone (%), ppd with setback vs. ppd 
without setback during the month of February for a small office using gas furnace heating. 

Figure 9. Comparison of probability density functions (PDFs) of ppd obtained with Tdst,heat ≤ 21 ◦C vs. that obtained with Tdst,heat > 
21 ◦C during the period of (a) February and (b) March. 

Emax changes drastically from −18.2% to −2.0%. The 
magnitude of the change in PPD is less than 2% across 
all months, indicating that implementing pre-heating 
is unlikely to result in a significant tradeoff in thermal 
comfort. Figures 10(a,b) show the probability density 

functions of Emax during the months of March and April 
respectively. In March, the median of Emax decreases from 
26.8 to 21.6 kWh, whereas in April, the median in Emax 

changes from 14.3 to 14.0 kWh. This indicates that it may 
not be beneficial to employ a heating setback beyond 
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Figure 10. PDFs of Emax with tp > 0.25 h vs tp ≤ 0.25 h during the month of (a) March and (b) April. 

Table 8. Results on the impact of setback in cooling setpoint pro-
files on Eday,tot , Emax , and  ppd. The baseline case corresponds to 
distributions with no setback, whereas the modified case corre-
sponds to distributions without a setback. 

Month Eday,tot (%) Emax (%) ppd (%) 

May 
June 

  0 
−1.0 

  0 
+1.8 

−0.27 
+0.56 

July 
Aug 
Sep 

−2.2 
−2.3 
−0.6 

+3.0 
+3.3 
+2.1 

+0.95 
+0.80 
+0.46 

March. This finding also highlights that the benefits of 
implementing a setpoint modification can vary signifi-
cantly from one month to the next, which suggests that 
it is important to analyse the tradeoffs in Eday,tot , Emax and 
ppd at a sub-annual timescale. 

3.3. Case study III: impact of implementing a 
cooling setpoint with setback 

In case study III, we investigate the impact of implement-
ing a setback in cooling setpoints. Table 8 presents the 
results analysing the impact of setback in a cooling set-
point on Eday,tot , Emax and ppd, during the cooling sea-
son (May to September), when space cooling is provided 
by a vapor compression system (HVAC system C). The 
results show that Eday,tot ranges between −2.3% and 
+0.3% during the cooling season, and Emax between 0 
% and  +3.2%. . The increase in ppd with implementation 
of nighttime setback is less than 1% for all months in the 
cooling season, indicating that there is almost no tradeoff 
in thermal comfort in implementing a setback for cooling 
setpoints. 

Table 8 shows that for climate zone 5B, there may 
be a limited benefit to employing a setback in May, 
June and September (the edges of the cooling sea-
son). Figures 11(a–c) show the PDFs of Eday,tot , Emax and 
ppd comparing the setback vs. no setback cases for the 
month of August. Figure 11 shows that, during the month 

of August, the median value of Eday,tot decreases from 
278.0 kWh with no setback to 271.6 kWh with setback, 
with a   3% increase in the median of Emax from 16.6 
to 17.1 kWh. From Table 8, we observe that the tradeoffs 
between Eday,tot and Emax are most pronounced during 
the months of July and August when the cooling season 
traditionally peaks. The results suggest that it may not be 
as beneficial to employ a cooling setpoint setback dur-
ing May, June and September as the decrease in Eday,tot is 
1% and utilizing a setback can increase maximum hourly 
electricity consumption. Thus, specific to climate zone 5B, 
it may only be beneficial to implement a cooling setback 
in the months of July and August. 

3.4. Implications of presented work 

We demonstrated that the proposed methodology can 
be used to support parametric analysis to evaluate the 
impact of a given temperature setpoint schedule modifi-
cation on total electricity consumption, maximum hourly 
electricity consumption and thermal comfort. The pro-
posed methodology can also enable improved large-
scale building energy modelling. A large and diverse set 
of building stock models will be more likely to capture 
the wide range of variation in operations among actual 
buildings when compared with stock modelling that rep-
resents all buildings with the same, or very similar, tem-
perature setpoint schedule profiles. To represent large 
numbers of buildings for bottom-up energy modelling 
at urban, regional or national scales, researchers typi-
cally begin with a set of prototype or archetype models 
to populate the building stock that will be simulated. 
Although actual observed control setpoint temperature 
values from the current building stock are not available, 
future users may adjust a few parameters in the exist-
ing framework to represent the type of schedule most 
appropriate for the building or suite of buildings being 
modelled. 
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Figure 11. Probability density functions of (a) total electricity consumption per day, Eday,tot (kWh) with setback vs. Eday,tot without set-
back; (b) daily maximum hourly consumption, Emax (kWh) with setback  vs.  Emax without setback and (c) daily mean PPD in core zone (%), 
ppd with setback vs. ppd without setback during the month of August for a small office using a vapor compression system. 

4. Conclusion 

In this study, we developed a methodology to generate 
a distribution of heating and cooling setpoint schedules 
in commercial buildings and an analytical approach to 
evaluate the impact of building temperature setpoints 
(cooling and heating setpoints). The key takeaways from 
this study are: 

• We demonstrated that a methodology can be uti-
lized to generate a distribution of plausible heating 
and cooling setpoint schedules starting from a base 
schedule, and a small set of user-modifiable sched-
ule parameters. These parameters were selected based 
on data from the published literature and discussions 
with building science professionals. This distribution of 
schedules, which aims to capture the diversity of build-
ing setpoint schedules that are plausible, can poten-
tially be used for large-scale building energy modelling 

of a specific building stock, or to study a range of possi-
ble temperature setpoint choices on a single modelled 
building. 

• We demonstrated an analytical approach to quantify 
the impact of changing the heating and cooling set-
point schedules on the total daily electricity consump-
tion, maximum hourly electricity consumption and 
mean PPD in the core zone. We performed multiple 
case studies to investigate how a specific modification 
to temperature setpoint can affect these three output 
variables. Specific to a small office building in climate 
zone 5B, we made the following observations: 

° A nighttime setback can result in a reduction 
in electricity consumption (a relative decrease 
in median value of   7 to 11.5%) during heat-
ing season (November to April). From November 
to March, this comes at a significant expense 
in maximum hourly electricity consumption (a 
relative increase in median value of > 30%). 
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Compared to other months in the heating 
season, it is more likely that, in February, imple-
menting a nighttime setback might result in a 
severe tradeoff in thermal comfort. 

° During the heating season, reducing the day-
time setpoint temperature for heating setpoint 
is more likely to be only feasible in the months of 
November, March and April. 

° During the months from November to March, 
employing a period of pre-heating is likely to 
result in a tradeoff between total electricity con-
sumption (a relative increase in median value 
between   5.0 % and 6.5%) and maximum 
hourly electricity consumption (a reduction in 
median of 14–18%). Such a tradeoff is less likely 
in April (a relative increase in median total elec-
tricity consumption of 3.5% vs. a reduction in 
median maximum hourly electricity consump-
tion of 2.0%), when implementing pre-heating is 
not likely to be beneficial. 

° For cooling season, it may only be beneficial to 
implement a setback in cooling setpoint sched-
ules in July and August. 

Future work based on methods and results presented 
in this study could focus on expanding the analysis 
to a larger set of commercial building types and cli-
mate zones. Subsequent research can also focus on 
developing methods to calibrate parameters defined in 
the proposed methodology based on actual building 
electricity consumption data and to optimize temper-
ature setpoint schedules. A sensitivity study to inves-
tigate the impact of each parameter on output met-
ric can also be focus of future work. The code to per-
form future research is modifiable and available open 
source at https://github.com/IMMM-SFA/tempset. 
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