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ABSTRACT 
Demand response (DR) aims to curtail peak electric load 
to avoid running inefficient power plants, reduce costly 
transmission capacity increases, and improve grid 
reliability. One method of DR for residential settings 
involves the utility or third part remotely adjusting 
thermostat temperatures. Cooling setpoints may be 
increased 2°F – 6°F for hours, irrespective of occupant 
comfort. To maintain their comfort, occupants override 
these setpoint changes impacting the reliability of DR 
services provided to the grid.  
This paper presents a preliminary impact analysis of 
replacing the current DR approach of uniform thermostat 
setbacks for an entire population with personalized and 
context aware DR based on a dynamic model of 
occupant thermal comfort behavior. Over 151k 
interactions with ecobee thermostats are analyzed to 
predict the impact of such personalized DR on overrides, 
energy curtailment magnitude, and reliability.  

INTRODUCTION 
Increasing load from electric vehicles and electrification 
of home heating with heat pumps; loss of reliable, yet 
dirty, fossil generation sources; and growth in the supply 
of power from variable renewable energy sources is 
driving a paradigm shift in the control of the grid. Legacy 
methods of controlling generation to match stochastic 
uncertainty of load no longer suffice. Load will need to 
be more flexible, controllable, and efficient. Buildings, 
which consume ~40% of the energy on the electric grid 
(U.S. Energy Information Administration, 2015), will be 
a prime target of flexible load programs for grid 
operators (Neukomm et al., 2019), a $15B/yr. market 
opportunity (Hledik et al., 2019). 
Residential HVAC systems can provide load flexibility 
through remote control of their thermostats. (Marie-
Andrée et al., 2011; Singla and Keshav, 2012). In such a 
case, three independent variables to control load can be 
defined as (1) the amount the thermostat is changed to 
curtail energy (i.e., setback), (2) the duration that setback 

is applied before reverting to the previously set 
temperature, and (3) when that setback begins. This is 
the framework current demand response (DR) programs 
use. These programs can reduce aggregate peak energy 
consumption by 30% (Seiden et al., 2017) for peaks that 
may last a few hours. If many homes are available to 
aggregate and less curtailment is needed (either duration 
or power), then the duration and/or setback can be 
reduced and homes can be cycled to provide a small 
amount of curtailment that provides the desired net effect 
(Almassalkhi et al., 2018; Jin et al., 2017). 
Thermostat setpoint changes naturally effect indoor 
temperature, which affects occupant comfort. However, 
DR events with large setbacks and durations may cause 
occupants to be so uncomfortable with the indoor 
environment that they override the grid’s control of their 
thermostat, increasing the home’s energy use and 
negating the benefits to the grid. For DR events up to 8 
hrs., up to 30% of occupants may opt-out and override 
(Seiden et al., 2017). This can lead to the DR program 
failing to provide the promised curtailment to the grid, 
resulting in tens of millions of dollars in performance 
penalties each year (PJM Interconnection LLC, 2018). 
To maximize curtailment and achieve acceptable 
reliability from overrides, DR programs must understand 
what causes opt-outs and overrides. For example, a 2°𝐹𝐹 
setback may not seem like much, but if a thrifty customer 
already set their thermostat to the edge of their comfort 
zone to save on their electric bill, such a change could 
push them over the edge of discomfort, leading to an 
override (Cappers et al., 2016). Comfort is based on the 
indoor environment, but also on interactions of 
contextual and personal factors (Schweiker et al., 2020) 
Current DR programs neglect these confounding factors, 
and simply deploy a uniform setback and duration to all 
occupants.  
Thermal comfort is a well-established area of study 
(Fanger, 1973). Yet, nearly all research has focused on 
the steady-state temperature at which an occupant, or a 
group of occupants are comfortable (Kim et al., 2018; 
Mirakhorli and Dong, 2016). These steady-state 



   
 

 

temperatures are not appropriate for use during DR 
events when the indoor temperature changes due to the 
thermostat changes and building thermal dynamics. Only 
a few truly dynamic comfort models exist (Chen et al., 
2015; Kane, 2018; Zhang et al., 2010), which suffer from 
too little experimental data to fit them to contextual and 
personal factors that affect thermal perception and 
behavior.  
This paper has three objectives: (1) present a framework 
for modeling the dynamic behavior of overrides, (2) 
develop a neural network-based approach to 
personalized and context aware override prediction, and 
(3) quantify the potential for personalized and context 
aware DR to increase curtailment and reliability 
compared to uniform setbacks and durations applied 
across the population.  

METHODS 
Overall this paper aims to answer the question “How can 
personalized and context-aware DR durations improve 
DR reliability and energy curtailment?” This is 
investigated through four questions. (Q1) Assuming no 
overrides, how do the DR setback and duration affect the 
percent of energy curtailed? (Q2) How do overrides 
affect the answer to Q1? (Q3) If a DR program uses the 
answer to Q1 to predict curtailment, but only achieves 
the answer to Q2, what is the resulting error in 
curtailment? (Q4) How much will the percent of energy 
curtailed and estimation error improve if a neural 
network is used to predict when an override may occur, 
and set the duration just short of the amount of time, 
using environmental, contextual, and personal features? 

Dataset Curation and Preprocessing 
The answer to these questions lies in the ecobee Donate 
your Data (DyD dataset (Ecobee, Inc., 2018). 
Specifically, valuable information lies in the 151k 
thermostat interactions in 1,181 homes where only one 
occupant is home. This dataset was collected from users 
of ecobee thermostats who voluntarily selected the 
ecobee app to “donate your data to science.” Self-
reported single occupant homes were selected to remove 
the effect of social factors on thermal comfort behavior. 
Thermostat’s and remote occupancy sensors were used 
to classify if the user was home, thus experiencing the 
indoor temperature in a way that may result in an 
override. 
The DyD dataset provides the following data relevant to 
this study at 5-min. intervals, over multiple years for 
some users: indoor temperature(s), outdoor temperature, 
cooling setpoint, the duty-cycle of each piece of cooling 
equipment (i.e., the number of seconds over each 5-min. 
interval the relay to the equipment was turned on), PIR 
motion sensor(s), the event that caused the setpoint 

change (e.g. manual, scheduled, or a smart event), and 
the timestamp of each data record.  
Two filtering methods were applied to the data. (1) When 
the setpoint is changed multiple times, each within 5-
min. of the previous, the setpoint is averaged over the 
interval, conflating the actual setpoints. To estimate the 
actual setpoints, such setpoint measurements were de-
averaged assuming the change occurred in the middle of 
the 5-min interval. (2) PIR occupancy sensors have a 3% 
false negative rate, yet only a 33% true positive rate. It is 
important in this study to only include data when the 
occupant is home and exposed to the indoor environment 
and available to override the DR event, while still 
maximizing the amount of data. As such, the method 
from (Pedersen et al., 2017) was employed to fill in gaps 
of negative occupancy data less than 30-min. long, 
assuming the occupant was just temporarily occluded 
from the PIR sensor’s view.  

Assumptions 
The analysis methods used to answer the research 
questions are based on the following assumptions that 
simplify and define the scope of this study. (A1) 
Occupant behavior for any setpoint change of a given 
setback is equivalent to a DR event with the same 
setback, contextual, and personal factors. (A2) Pre-
cooling and recovery of indoor temperature are not 
considered. (A3) Equipment runtime is proportional to 
energy consumption. (A4) A two-stage cooling system is 
assumed to consume twice the peak energy as a single 
stage. (A5) Thermal loads from solar, occupants, and 
internal loads are negligible. (A6) The indoor 
temperature is at equilibrium before each setpoint 
change. (A7) The setpoint remains constant during a DR 
event, and returns to the previous setpoint at the end, 
unless overridden, in which case the setpoint is set to the 
override setpoint. (A8) Per A6, the system is at 
equilibrium when a setpoint increases, causing the 
cooling equipment to remain off for a transient period 
until the steady state of the new setpoint is reached, and 
vice versa, a setpoint decreases causes the equipment to 
remain on at full power until equilibrium is reached. (A9) 
The number of customers available to a DR program is 
fixed, and the program wishes to maximize the amount 
of curtailment they can provide to the grid, thus they 
wish to maximize the curtailment provided by each user. 

Feature Extraction 
Assumption (A1) enables a study of users’ responses to 
DR events by analyzing their responses to any setpoint 
changes. The first step toward such an analysis is 
identifying all SCs in the dataset where an occupant is 
present and detected by a motion sensor for at least one 
sample within the length of a maximum DR event (i.e., 



   
 

 

4 hrs. in this study). In consideration of summer DR 
events, the system should be in cooling mode during the 
SC and the SC must increase the setpoint. By (A6) if the 
equipment is not running in the period before the SC, 
then a positive SC will not result in energy savings. 
Therefore, only SCs with equipment running in the 
period before the SC (1 hr. in this study) should be 
considered. Finally, SCs with bad data should not be 
considered, that is ones with missing values or gaps in 
the time record.  
For each of these SCs, the following features were 
extracted to enable analysis of curtailment and overrides: 
the outdoor �𝑇𝑇𝑂𝑂𝑆𝑆𝑆𝑆 ,𝑇𝑇𝑂𝑂𝑝𝑝𝑝𝑝𝑒𝑒𝑣𝑣 ,𝑇𝑇𝑂𝑂𝑀𝑀𝑀𝑀𝑀𝑀�, indoor 

�𝑇𝑇𝐼𝐼𝑆𝑆𝑆𝑆,𝑇𝑇𝐼𝐼𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ,𝑇𝑇𝐼𝐼𝑀𝑀𝑀𝑀𝑀𝑀�, and setpoint temperature 

�𝑇𝑇𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆 ,𝑇𝑇𝑆𝑆𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 ,𝑇𝑇𝑆𝑆𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀� respectively at the time of the 
SC, the time of the previous SC, and the time of the 
following manual setpoint change (MSC), if one occurs 
within 4 hrs. Furthermore, the time from the SC to the 
MSC is recorded as Δ𝑇𝑇𝑀𝑀𝑀𝑀𝑀𝑀 , if it occurs. 
Additionally, vectors of the following data, sampled 
every 5-min. from 1 hr. before the SC to 4 hrs. after the 
SC, were extracted to fit thermal models of each home: 
the outdoor, indoor, and setpoint temperatures along 
with the duty cycle of all cooling equipment. 
Two conditions were set to qualify a SC valid for 
analysis. First being, the HVAC equipment should run 
for at least 24 minutes to know that the system is trying 
to reach its steady state instead of already being in a 
steady state. Second, missing data SC’s should not be 
included in the filtered data. Instances where the data 
was lost or not sampled due to power-outage, network 
issues, etc. would result in incorrect computation of the 
systems energy use and hence, SC’s with missing data 
should be ignored. 
To train the neural network, the following additional 
environmental, contextual, and personal variables were 
extracted and calculated. Environmental variables 
included the indoor and outdoor relative humidity at the 
current SC and the previous. Contextual variables 
included the time between the current SC and the 
previous, the minute of the day (from midnight), the day 
of the week, and the month. Personal variables included 
the percent of time occupied in the hour before the SC, 
as well as the following non-time-varying personal 
variables: the percent of times the user increased the 
thermostat vs. lowered, the harmonic mean of the user’s 
cooling setpoint increases, the percent of time the user’s 
time to override from the SC was less than 10 min. 
(overall in the data these delays are bimodal, with many 
happening nearly instantaneously and another peak 
around 30 min. that depends on the amount of setback), 
the user’s mean time to override when greater than 10 

min., the user’s mean number of MSCs per year, the 
user’s mode time of day for MSCs during weekdays, and 
mean time of day during weekends.  
From the 5 hrs. of 5-min. sampled indoor and outdoor 
temperatures and duty cycles for each 𝑆𝑆𝐶𝐶𝑖𝑖, the thermal 
dynamics of each home can be modeled. The primary 
factors that govern indoor temperature 𝑇𝑇𝑖𝑖𝑖𝑖 are 
approximately related by the first order differential 
equation (1): the thermal mass, 𝑚𝑚𝑐𝑐𝑝𝑝, the equivalent 
insulation of the envelope (𝑅𝑅𝑅𝑅)𝑒𝑒𝑞𝑞 , the outdoor 
temperature 𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 , and the heat from the HVAC, 𝑄̇𝑄𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻 . 

𝑚𝑚𝑐𝑐𝑝𝑝𝑇̇𝑇𝑖𝑖𝑖𝑖 = (𝑅𝑅𝑅𝑅)𝑒𝑒𝑒𝑒(𝑇𝑇𝑜𝑜𝑜𝑜𝑜𝑜 − 𝑇𝑇𝑖𝑖𝑖𝑖) + 𝑄̇𝑄𝐻𝐻𝐻𝐻𝐻𝐻𝐻𝐻  (1) 

Following (1), a two parameter model (2) can be fit to 
the data: 𝛽𝛽𝑅𝑅

(𝑖𝑖) represents the building insulation divided 
by thermal mass, 𝛽𝛽𝑄𝑄

(𝑖𝑖) represents the maximum heat 
remove rate of all equipment, and 𝑈𝑈 is the duty cycle of 
all equipment, per assumption (A4). 

𝑇̇𝑇𝐼𝐼(𝑡𝑡) = −𝛽𝛽𝑅𝑅
(𝑖𝑖)𝑇𝑇𝐼𝐼(𝑡𝑡) + 𝛽𝛽𝑄𝑄

(𝑖𝑖)𝑈𝑈(𝑡𝑡) + 𝛽𝛽𝑅𝑅
(𝑖𝑖)𝑇𝑇𝑂𝑂(𝑡𝑡) (2) 

The 𝛽𝛽 parameters can be fit to the data for each timestep, 
from 1 through K=300 (5 min. sampling over 5 hrs.), for 
each SC by reformulating this into a pseudo inverse 
problem in discrete time (3). A separate 𝛽𝛽 model is 
created for each SC as opposed to a single model for each 
home since these properties may change throughout a 
year, e.g., windows open or increased infiltration due to 
wind. 

�
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(𝐾𝐾) − 𝑇𝑇𝐼𝐼
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𝛽𝛽𝑅𝑅
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𝑇𝑇𝑖𝑖𝑖𝑖
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(1)

⋮
𝑇𝑇𝑖𝑖𝑖𝑖

(𝐾𝐾) − 𝑇𝑇𝑖𝑖𝑖𝑖
(𝐾𝐾−1)

� (3) 

From this model, the energy use, i.e., duty cycle per 
(A3), and dynamics under different scenarios can be 
estimated. The steady state duty cycle before each 𝑆𝑆𝐶𝐶𝑖𝑖, 
𝑈𝑈�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

(𝑖𝑖)  is estimated by (4) per (A6). Similarly, the 
estimate for the duty cycle after the SC once equilibrium 
is reached 𝑈𝑈�𝑆𝑆𝑆𝑆

(𝑖𝑖) follows (5), and the equilibrium duty 
cycle after the MSC 𝑈𝑈�𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖)  follows (6). The duration of 
the SC transient Δ𝑡𝑡𝑡𝑡𝑡𝑡𝑆𝑆𝑆𝑆

(𝑖𝑖)  until steady state is reached 
follows (7) and the transient time from the MSC to 
steady state is Δ𝑡𝑡𝑡𝑡𝑡𝑡𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖) , following (8). 

𝑈𝑈�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
(i) = �

𝛽𝛽𝑅𝑅
(i)

𝛽𝛽𝑄𝑄
(i)��𝑇𝑇𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

(i) − 𝑇𝑇𝑜𝑜𝑜𝑜𝑡𝑡𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
(i) � (4) 

𝑈𝑈�𝑆𝑆𝑆𝑆
(i) = �

𝛽𝛽𝑅𝑅
(i)

𝛽𝛽𝑄𝑄
(i)� �𝑇𝑇𝑠𝑠𝑝𝑝𝑆𝑆𝑆𝑆

(i) − 𝑇𝑇𝑜𝑜𝑜𝑜𝑡𝑡𝑆𝑆𝑆𝑆
(i) � (5) 



   
 

 

𝑈𝑈�𝑀𝑀𝑀𝑀𝑀𝑀
(i) = �

𝛽𝛽𝑅𝑅
(i)

𝛽𝛽𝑄𝑄
(i)� �𝑇𝑇𝑠𝑠𝑝𝑝𝑀𝑀𝑀𝑀𝑀𝑀

(i) − 𝑇𝑇𝑜𝑜𝑜𝑜𝑡𝑡𝑀𝑀𝑀𝑀𝑀𝑀
(i) � (6) 

Δ𝑡𝑡𝑡𝑡𝑡𝑡𝑆𝑆𝑆𝑆
(i) = �−𝛽𝛽𝑅𝑅

(i)�
−1

ln�
𝑇𝑇𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆

(i) − 𝑇𝑇𝑂𝑂𝑆𝑆𝑆𝑆
(i)

𝑇𝑇𝐼𝐼𝑆𝑆𝑆𝑆
(i) − 𝑇𝑇𝑂𝑂𝑆𝑆𝑆𝑆

(i) � (7) 

Δ𝑡𝑡𝑡𝑡𝑡𝑡𝑀𝑀𝑀𝑀𝑀𝑀
(i) = �−𝛽𝛽𝑅𝑅

(i)�
−1

ln�
𝑇𝑇𝑆𝑆𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀

(i) − 𝑇𝑇𝑂𝑂𝑀𝑀𝑀𝑀𝑀𝑀
(i)

𝑇𝑇𝐼𝐼𝑀𝑀𝑀𝑀𝑀𝑀
(i) − 𝑇𝑇𝑂𝑂𝑀𝑀𝑀𝑀𝑀𝑀

(i) � (8) 

Note that in some cases the values of the variables 𝛽𝛽, 𝑈𝑈�, 
and Δ𝑡𝑡 may be negative, not a number, or infinity. In 
which case, the SC is removed from any study requiring 
these parameters.  

Automated Curtailment (Q1) 

An estimate for the baseline energy 𝐸𝐸𝐵𝐵𝐵𝐵
(𝑖𝑖) over a DR event 

of length Δ𝑡𝑡𝐷𝐷𝐷𝐷 as if each 𝑆𝑆𝐶𝐶𝑖𝑖 never occurred is computed 
by (9) assuming steady state operation. 

𝐸𝐸𝐵𝐵𝐵𝐵
(𝑖𝑖)(Δ𝑡𝑡𝐷𝐷𝐷𝐷) = 𝑈𝑈�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝

(i) ⋅ Δ𝑡𝑡𝐷𝐷𝐷𝐷 (9) 

The energy consumption that accounts for the SCs 
setback 𝐸𝐸𝑆𝑆𝑆𝑆

(𝑖𝑖) can then be similarly estimated by the two 
phases of curtailment defined by (A8). Zero energy is 
consumed during the transient phase of length Δ𝑡𝑡𝑡𝑡𝑡𝑡𝑆𝑆𝑆𝑆

(𝑖𝑖) . 
The steady state phase of length Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

(𝑖𝑖) , if one occurs, is 
the time remaining in the DR event after the transient 
phase.  

𝐸𝐸𝑆𝑆𝑆𝑆
(𝑖𝑖)(Δ𝑡𝑡𝐷𝐷𝐷𝐷) = 𝑈𝑈�𝑆𝑆𝑆𝑆

(i) ⋅ Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
(𝑖𝑖)  (10) 

The aggregate curtailment for a given integer setback 
Δ𝑇𝑇𝑆𝑆𝑆𝑆  and duration Δ𝑡𝑡𝐷𝐷𝐷𝐷 is computed by first binning the 
SCs by their nearest integer of Δ𝑇𝑇𝑆𝑆𝑆𝑆

(𝑖𝑖) = �𝑇𝑇𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆
(𝑖𝑖) −

𝑇𝑇𝑆𝑆𝑃𝑃𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
(𝑖𝑖) �, noting that some setbacks may not be integer if 

operating in Celsius where thermostat settings are in 
±0.5°𝐶𝐶. The aggregate percent curtailment 
𝐶𝐶𝑆𝑆𝐶𝐶(Δ𝑇𝑇𝑆𝑆𝑆𝑆 ,Δ𝑡𝑡𝐷𝐷𝐷𝐷) for a given setback and duration across 
the population then follows (11). 

𝐶𝐶𝑆𝑆𝑆𝑆(𝛥𝛥𝑇𝑇𝑆𝑆𝑆𝑆 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷) = 1 − �
𝐸𝐸𝑆𝑆𝑆𝑆

(𝑖𝑖)(𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)

𝐸𝐸𝐵𝐵𝐵𝐵
(𝑖𝑖)(𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)

Δ𝑇𝑇𝑆𝑆𝑆𝑆
(𝑖𝑖)∈[Δ𝑇𝑇𝑆𝑆𝑆𝑆±0.5]

𝑖𝑖

 (11) 

A plot of this curtailment versus setback and duration 
will provide insights into the balance of the two phases 
of curtailment. 

Curtailment with Overrides (Q2 & Q3) 
The previous curtailment study neglected the effect of 
occupant overrides. To account for these MSCs, up to 
four phases of energy consumption should be 

considered: the transient period Δ𝑡𝑡𝑡𝑡𝑡𝑡𝑆𝑆𝑆𝑆
(𝑖𝑖)  after the SC with 

no energy consumed, the steady state period Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
(𝑖𝑖)  after 

the SC, the transient period of full power cooling Δ𝑡𝑡𝑡𝑡𝑟𝑟𝑀𝑀𝑀𝑀𝑀𝑀
(𝑖𝑖)  

after the MSC, and the steady state period Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀
(𝑖𝑖)  after 

the MSC until the end of the DR event. The MSC can 
preempt the SC reaching steady state. Similarly, the end 
of the DR event can preempt the MSC transient, the 
MSC event, and the SC transient. The variables for these 
preempted periods are shortened or set to zero 
accordingly. The total energy consumed over the length 
of the DR for each 𝑆𝑆𝐶𝐶𝑖𝑖 then follows (12). 

𝐸𝐸𝑀𝑀𝑀𝑀𝑀𝑀
(𝑖𝑖) (Δ𝑡𝑡𝐷𝐷𝐷𝐷) = 𝑈𝑈�𝑆𝑆𝑆𝑆

(𝑖𝑖) Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆
(𝑖𝑖) + 1 Δ𝑡𝑡𝑡𝑡𝑟𝑟𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖)

+ 𝑈𝑈�𝑀𝑀𝑀𝑀𝑀𝑀
(𝑖𝑖)  Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖)  
(12) 

The aggregate curtailment accounting for the MSC for a 
given integer setback, binned as above, and duration 
follows (13). A DR program may deploy a uniform Δ𝑡𝑡𝐷𝐷𝐷𝐷 
and Δ𝑇𝑇𝑆𝑆𝑆𝑆  and anticipate no overrides yielding a 
curtailment of 𝐶𝐶𝑆𝑆𝑆𝑆. However, overrides would occur, 
yielding 𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀 , and thus the DR programs curtailment 
error would be 𝑒𝑒𝑀𝑀𝑀𝑀𝑀𝑀  defined by (14). 

𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀(𝛥𝛥𝑇𝑇𝑆𝑆𝑆𝑆 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)
= 1

− �
𝐸𝐸𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖) (𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)

𝐸𝐸𝐵𝐵𝐵𝐵
(𝑖𝑖)(𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)

Δ𝑇𝑇𝑆𝑆𝑆𝑆
(𝑖𝑖)∈[Δ𝑇𝑇𝑆𝑆𝑆𝑆±0.5]

𝑖𝑖

 
(13) 

𝑒𝑒𝑀𝑀𝑀𝑀𝑀𝑀(Δ𝑇𝑇𝑆𝑆𝑆𝑆 ,Δ𝑡𝑡𝐷𝐷𝐷𝐷) = 1 −
𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀(𝛥𝛥𝑇𝑇𝑆𝑆𝑆𝑆 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)
𝐶𝐶𝑆𝑆𝑆𝑆(𝛥𝛥𝑇𝑇𝑆𝑆𝑆𝑆 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)  (14) 

Plotting these curtailments and errors versus setback and 
duration will provide insights into the effect of occupants 
overrides and help inform methods for reducing 
occupant dissatisfaction while maximizing curtailment. 

Predicting Overrides 
There are two key prediction tasks to consider when 
predicting the impact of MSCs on DR events. First is to 
predict if an MSC will occur during the DR event, i.e., 
before Δ𝑡𝑡𝐷𝐷𝐷𝐷. The second, if an MSC is predicted to 
occur, predict when will it occur Δ𝑡𝑡�𝑀𝑀𝑀𝑀𝑀𝑀 . Two neural 
network (NN) models were developed for these tasks. 
The first model, 𝑁𝑁𝑁𝑁1 consist of 28 neurons in first layer, 
corresponding to the 28 features, and one output neuron 
that returns a value between zero and one with the aim to 
discriminate between MSC vs. no MSC during the DR 
event. The second model, 𝑁𝑁𝑁𝑁2 also consists of 28 
neurons but assumes that an MSC will occur and aims to 
estimate  Δ𝑡𝑡�𝑀𝑀𝑀𝑀𝑀𝑀. 
First, 𝑁𝑁𝑁𝑁1 was trained with 75% of all the SCs, to predict 
which contained MSCs. Then, 𝑁𝑁𝑁𝑁2 was trained with just 



   
 

 

75% of the data containing MSCs to predict when they 
occurred. Once trained, the two NNs were combined 
such that data is fed into 𝑁𝑁𝑁𝑁1, and if it predicts an MSC, 
the data is then fed into 𝑁𝑁𝑁𝑁2 to predict when it will 
occur. 
The remaining 25% of the data was used for validation. 
If features were missing or nonsensical (e.g., negative 𝛽𝛽𝑅𝑅 
or complex Δ𝑡𝑡) the bad values of that feature were 
replaced with the mean of the good values in the rest of 
the dataset.  

Personalized Curtailment (Q4) 
The method for analyzing the ability of personalized and 
context-aware DR (PDR) durations Δ𝑡𝑡�𝑃𝑃𝑃𝑃𝑃𝑃

(𝑖𝑖)  to reduce 
curtailment error while maximizing curtailment are 
similar to the methods used for non-personalized DR in 
Q2 and Q3. If the predicted Δ𝑡𝑡�𝐷𝐷𝐷𝐷

(𝑖𝑖)  is conservative, i.e., 
less than the actual Δ𝑡𝑡𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖) , then the actual DR duration 
Δ𝑡𝑡𝐷𝐷𝐷𝐷

(𝑖𝑖) = Δ𝑡𝑡�𝐷𝐷𝐷𝐷
(𝑖𝑖)  and the predicted energy consumption 

𝐸𝐸�𝑃𝑃𝑃𝑃𝑃𝑃
(𝑖𝑖)  is equal to the true energy 𝐸𝐸𝑃𝑃𝑃𝑃𝑃𝑃

(𝑖𝑖) , yet less than 𝐸𝐸𝑀𝑀𝑀𝑀𝑀𝑀
(𝑖𝑖) . 

This energy is calculated by (15), with zero energy 
during the first transient period Δ𝑡𝑡𝑡𝑡𝑡𝑡𝑆𝑆𝑆𝑆

(𝑖𝑖) , followed by the 
energy saving steady state power 𝑈𝑈�𝑆𝑆𝑆𝑆

(𝑖𝑖) for the period 
Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

(𝑖𝑖)  followed by the transient recovery period Δ𝑡𝑡𝑡𝑡𝑟𝑟𝑃𝑃𝑃𝑃𝑃𝑃
(𝑖𝑖)  

as defined by (16) from the indoor temperature 
𝑇𝑇𝐼𝐼

(𝑖𝑖)�Δ𝑡𝑡�𝐷𝐷𝐷𝐷
(𝑖𝑖)� to the previous setpoint after the DR. This is  

followed by the remaining steady state period Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃
(𝑖𝑖)  

when 𝑈𝑈�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
(𝑖𝑖)  energy is consumed until the end of the 

maximum length of the DR event Δ𝑡𝑡𝐷𝐷𝐷𝐷. As before, any 
of the Δ𝑡𝑡 terms may be preempted.  

𝐸𝐸�𝑃𝑃𝑃𝑃𝑃𝑃
(𝑖𝑖) �Δ𝑡𝑡𝐷𝐷𝐷𝐷,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�

= 𝑈𝑈�𝑆𝑆𝑆𝑆
(𝑖𝑖) Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑆𝑆𝑆𝑆

(𝑖𝑖) + 1 Δ𝑡𝑡𝑡𝑡𝑟𝑟𝑃𝑃𝑃𝑃𝑃𝑃
(𝑖𝑖)

+ 𝑈𝑈�𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝
(𝑖𝑖)  Δ𝑡𝑡𝑆𝑆𝑆𝑆𝑃𝑃𝑃𝑃𝑃𝑃

(𝑖𝑖)  
(15) 

Δ𝑡𝑡𝑡𝑡𝑟𝑟𝑃𝑃𝑃𝑃𝑃𝑃
(𝑖𝑖) = 

�−𝛽𝛽𝑅𝑅
(i)�

−1
ln

⎝

⎜⎜
⎛
𝑇𝑇𝑆𝑆𝑃𝑃𝑆𝑆𝑆𝑆

(i) − 𝑇𝑇𝑂𝑂𝑆𝑆𝑆𝑆
(i) −

𝛽𝛽𝑄𝑄
(i)

𝛽𝛽𝑅𝑅
(i)

𝑇𝑇𝐼𝐼𝑆𝑆𝑆𝑆
(i) − 𝑇𝑇𝑂𝑂𝑆𝑆𝑆𝑆

(i) −
𝛽𝛽𝑄𝑄

(i)

𝛽𝛽𝑅𝑅
(i) ⎠

⎟⎟
⎞

 
(16) 

On the other hand, if Δ𝑡𝑡�𝑃𝑃𝑃𝑃𝑅𝑅
(𝑖𝑖) > Δ𝑡𝑡𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖) , then an override 
occurs and 𝐸𝐸�𝑃𝑃𝑃𝑃𝑃𝑃

(𝑖𝑖) > 𝐸𝐸𝑃𝑃𝑃𝑃𝑃𝑃
(𝑖𝑖) = 𝐸𝐸𝑀𝑀𝑀𝑀𝑀𝑀

(𝑖𝑖) . The aggregate 
curtailment for the personalized DR with overrides is 
𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃 and is defined by (17), while the predicted estimate 
of the PDR, assuming no overrides is 𝐶̂𝐶𝑃𝑃𝑃𝑃𝑃𝑃 and follows 
(18). The curtailment error that a DR program would 
realize with this strategy is thus 𝑒𝑒𝑀𝑀𝑀𝑀𝑀𝑀  as in (19). 

𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃�𝛥𝛥𝑇𝑇𝑆𝑆𝐶𝐶 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�

= 1 − �
𝐸𝐸𝑃𝑃𝑃𝑃𝑃𝑃

(𝑖𝑖) �𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�

𝐸𝐸𝐵𝐵𝐵𝐵
(𝑖𝑖)(𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)

Δ𝑇𝑇𝑆𝑆𝑆𝑆
(𝑖𝑖)∈[Δ𝑇𝑇𝑆𝑆𝑆𝑆±0.5]

𝑖𝑖

 
(17) 

𝐶̂𝐶𝑃𝑃𝑃𝑃𝑃𝑃�𝛥𝛥𝑇𝑇𝑆𝑆𝑆𝑆 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�

= 1 − �
𝐸𝐸�𝑃𝑃𝑃𝑃𝑃𝑃

(𝑖𝑖) �𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�

𝐸𝐸𝐵𝐵𝐵𝐵
(𝑖𝑖)(𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷)

Δ𝑇𝑇𝑆𝑆𝑆𝑆
(𝑖𝑖)∈[Δ𝑇𝑇𝑆𝑆𝑆𝑆±0.5]

𝑖𝑖

 
(18) 

𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃�Δ𝑇𝑇𝑆𝑆𝑆𝑆 ,Δ𝑡𝑡𝐷𝐷𝐷𝐷 ,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�

= 1 −
𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃�𝛥𝛥𝑇𝑇𝑆𝑆𝑆𝑆 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�
𝐶̂𝐶𝑃𝑃𝑃𝑃𝑃𝑃�𝛥𝛥𝑇𝑇𝑆𝑆𝑆𝑆 ,𝛥𝛥𝑡𝑡𝐷𝐷𝐷𝐷,Δt� 𝑃𝑃𝑃𝑃𝑃𝑃�

 
(19) 

Comparing 𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃 to 𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀  will yield insights into the 
increase or decrease in curtailment through personalized 
controls, while comparing 𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃 to 𝑒𝑒𝑀𝑀𝑀𝑀𝑀𝑀  yields the 
improvement in prediction error.  

RESULTS AND DISCUSSION 
Dataset Curation and Feature Extraction 
The DyD dataset of occupied energy-conserving cooling 
SCs in single occupancy homes yielded 151k SCs. For 
each of these SCs, 20 contextual features and 11 personal 
features were extracted to predict building energy 
consumption and when, and if, overrides would occur. 
Some of these features were missing for certain SCs, 
resulting in only 127k SCs fit for analysis. A further 8 
features were computed characterizing the building 
physics, energy use, and transient periods for each SC. 
In some cases, these computed values were not usable 
(e.g. NAN), resulting in only ~1k SCs with every feature. 
However, not every feature is required for every 
analysis, so the maximum amount of data is used for 
each analysis.  

Automated Curtailment (Q1) 
The impact of the two phases of energy consumption can 
be clearly seen in Figure 1 plotting the curtailment𝐶𝐶𝑆𝑆𝑆𝑆, 
without any MSCs, for different setbacks and durations 
of the DR event. Larger setbacks mean the cooling 
remains off while the indoor temperature climbs to the 
new setpoint. For example, a 10°F setback curtails the 
energy consumption by nearly 100% for the first 10-min. 
Gradually over time for every setback, the energy use 
increases as the HVAC system reaches steady state. 



   
 

 

 
Figure 1: Energy curtailment 𝐶𝐶𝑆𝑆𝑆𝑆 without MSCs (The 
size of grey circles shows the number of data points 

used and the lines denote the respective percentages of 
curtailment) 

Curtailment with Overrides (Q2 & Q3) 
Manual overrides reveal discomfort as the occupant 
adjusts the setpoints to meet their thermal environment 
needs. The adjustments in discomfort may be made 
without consideration of its energy impact. Figure 2 
shows the percent energy curtailed 𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀  with setbacks 
for various time frames. DR events of less than 10-min. 
with setbacks greater than 4°F result in ~80% 
curtailment. Smaller temperature setbacks increased 
energy use over baseline for DR events greater 30-min. 
This could be indicative of users overcorrecting for their 

discomfort, decreasing the setpoint more than the SC 
increased it  

A DR program may consider using Figure 1 to predict 
curtailment for a given setback and duration. It is worth 
noting that DR programs should aim for greater than 
25% accuracy in their curtailments. If this occurred, 
Figure 3 shows when overrides are permitted, this level 
of accuracy is achieved for 2°𝐹𝐹 setbacks less than 20min 
and for setbacks greater than 7°𝐹𝐹. It should be noted that 
the data is limited for the latter case, only <1k points. For 
setbacks less than 4°𝐹𝐹 and greater than 30-min., 500% 
errors occur due to the large number of overrides over 
these long horizons. 

Predicting Overrides 
Two neural networks with 29 neurons each were used to 
classify manual overrides and predict the corresponding 
time to override after setpoint change. The first neural 
network or the pattern recognition neural network, 
resulted in 96% accuracy in classifying a manual 
override. 75% of the data (96k data points), composed of 
both SC with and without MSCs, was used to train the 
first network. The accuracy of the network is as follows: 
False Positives: 2%, False negatives 1.4%, True 
Positives 15.8% and True Negatives 80%. 
The predicted override’s data was used to predict the 
time an occupant might take to override the setback. 
Similar to the first network, 28 hidden neurons and 1 
output neuron were used. The Root Mean Square Error 
(RMSE) of the NN model was found to be 48-min, 
admittedly not great but potentially better than no 
estimator. Figure 4, shows the 2d histogram of predicted 
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Figure 2: Energy curtailment with MSCs, 𝐶𝐶𝑀𝑀𝑀𝑀𝑀𝑀  (The 
size of grey circles shows the number of data points 

used and the lines denote the respective percentages of 
curtailment) 

 
Figure 3: Energy curtailment error 𝑒𝑒𝑀𝑀𝑀𝑀𝑀𝑀  from 

overrides (The size of grey circles shows the number of 
data points used and the lines denote the respective 

percentages of curtailment) 
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and true values. No-overrides data points were assigned 
the value of 360 to visually show the misclassification of 
first neural net. 

Personalized Curtailment (Q4) 

Figure 5 shows the percent energy curtailed when the DR 
event length is limited to the time to override predicted 
by the two neural networks. The stricter assumptions for 
these calculations significantly reduced the amount of 
data available from ~100k down to ~1k.  
DR event durations less than 20 min led to >80% 
curtailment for setbacks up to 4 °F. For higher setbacks, 
fewer data points led to inconclusive results due to 
limited data. As before, when DR events last longer than 
20-min. curtailment deteriorates; although, not as low as 
even the baseline case.  

Comparing Figure 5 with Figure 6, desired errors of less 
than 25% are achieved for nearly all events shorter than 
30-min. A significant improvement over the DR 
approach without personalization. However, longer 
events result in greater error. This is to be expected as 
modeling errors integrate.  

SUMMARY AND CONCLUSION 
This study’s goal was to assess the impact of replacing 
the current approach of demand response, which uses 
uniform DR event durations for an entire community 
with adaptive and personalized setbacks. From a filtered 
dataset of about 151k data points, simulated as demand 
response events, our analysis answered 4 main questions.  
First, how much do setback duration and magnitude 
effect energy curtailment during DR events? The results 
show curtailment increases with increasing setback. The 
effect of increasing setback diminishes with increasing 
duration, especially after ~20 minutes due to the device 
being off until the new setpoint is reached naturally.  
Second, how do overrides affect DR events? Since these 
calculations regard estimation of building thermal 
parameters with stricter assumptions, much less data was 
available, increasing uncertainty in the analysis. 
Increasing setpoints, increases curtailment, with some 
exceptions. As the duration surpassed 20 minutes, the 
curtailment for setbacks less than 4°F went negative, 
meaning the DR events and subsequent override caused 
an increase in energy consumption. This change due to 
overrides raises the third question. How much error can 
operators expect due to overrides? Errors may exceed 
500% , especially for events longer than 30-min. Yet, 
errors of less than the required 25% are possible for 
events less than 30-min. with 2°𝐹𝐹 setbacks. 

 
Figure 4: Histogram of actual time to override 𝛥𝛥𝑡𝑡𝑀𝑀𝑀𝑀𝑀𝑀  

and value predicted by NN, 𝛥𝛥𝑡̂𝑡𝑀𝑀𝑀𝑀𝑀𝑀  

 
Figure 5: Energy curtailment 𝐶𝐶𝑃𝑃𝑃𝑃𝑃𝑃 from personalized 
DR (The size of grey circles shows the number of data 

point used and the lines denote the respective 
percentages of curtailment) 

 
Figure 6: Energy curtailment error 𝑒𝑒𝑃𝑃𝑃𝑃𝑃𝑃 from the 

personalized DR (The size of grey circles shows the 
number of data point used and the lines denote the 

respective percentages of curtailment.) 



   
 

 

Lastly, NNs can predict override occurrence and timing. 
The use of NNs to select DR event durations 
significantly improved curtailments compared to the 
general case with overrides. In addition to increasing 
curtailment percent, the errors were brought with to 
within the acceptable range for many situations. 
It is important to note here that the results depicting 
energy curtailment with and without MSC arise from 
different dataset’s, namely the setpoint changes that 
resulted in invalid β values or other corrupted parameters 
were ignored. This led to 100k+ data points in the 
analysis of Q1, 10k+ data point for Q2 and Q3, and only 
1k+ for Q4. Thus, it is possible that the down-selected 
data could have different relevant characteristics that are 
unaccounted for. Even with potential data bias, this 
preliminary analysis demonstrates the potential for 
personalized demand response and occupant-aware grid-
interactive efficient buildings and motivates a great deal 
more study in this area.  
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