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Abstract

Electrical power systems consist of a large number of power generators connected to consumers
through a complex system of transmission and distribution lines. Within the electric grid, a
continuous balance between generation and consumption of electricity must be maintained.,
ensuring stable operation of the grid. In recent decades due to increasing electricity demand,
there is an increased likelihood of electrical power systems experiencing stress conditions. These
conditions lead to a limited supply and cascading failures throughout the grid that could lead to
wide area outages. Demand Response (DR) is a method involving the curtailment of loads during
critical peak load hours, that restores that balance between demand and supply of electricity. In
order to implement DR and ensure efficient energy operation of buildings, detailed energy
monitoring is essential. This information can then be used for energy management, by
monitoring the power consumption of devices and giving users detailed feedback at an individual
device level.

Based on the data from the Energy Information Administration (EIA), approximately half of all
commercial buildings in the U.S. are 5,000 square feet or smaller in size, whereas the majority of
the rest is made up of medium-sized commercial buildings ranging in size between 5,001 and
50,000 square feet. Given that these medium-size buildings account for a large portion of the
total energy demand, these buildings are an ideal target for participating in DR. In this
dissertation, two broad solutions for commercial building DR have been presented.

The first is a load disaggregation technique to disaggregate the power of individual HVACs
using machine learning classification techniques, where a single power meter is used to collect
aggregated HVAC power data of a building. This method is then tested over a number of case
studies, from which it is found that the aggregated power data can be disaggregated to accurately
predict the power consumption and state of activity of individual HVAC loads.

The second work focuses on a DR algorithm involving the determination of an optimal bid price
for double auctioning between the user and the electric utility, in addition to a load scheduling
algorithm that controls single floor HVAC and lighting loads in a commercial building,
considering user preferences and load priorities. A number of case studies are carried out, from
which it is observed that the algorithm can effectively control loads within a given demand limit,
while efficiently maintaining user preferences for a number of different load configurations and
scenarios.

Therefore, the major contributions of this work include- A novel HVAC power disaggregation
technique using machine learning methods, and also a DR algorithm for HVAC and lighting load
control, incorporating user preferences and load priorities based on a double-auction approach.
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General Audience Abstract

Electrical power systems consist of a large number of power generators connected to consumers
through a complex system of transmission and distribution lines. Within the electric grid, a
continuous balance between generation and consumption of electricity must be maintained.,
ensuring stable operation of the grid. When electricity demand is high, Demand Response (DR)
is a method that can be used to reduce user loads, restoring the balance between demand and
supply of electricity.

Based on data from the Energy Information Administration (EIA), half of all commercial
buildings in the US measure 5,000 square feet or smaller in size, whereas the majority of the
other half is made up of medium-sized commercial buildings measuring in at between 5,001 to
50,000 square feet. This makes these commercial buildings an ideal target for participating in
DR. In this dissertation, two broad solutions for commercial building DR have been presented.

The first is a load disaggregation technique, where power consumption and activity of individual
HVACs can be obtained, using a single power meter. The second work focuses on a DR
algorithm, that controls single floor HVAC and lighting loads in a commercial building, based on
a user generated bid price for electricity, user preferences and load priorities, when electricity
demand is at its peak.
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1. Introduction

The introduction to this dissertation begins with a brief background of the underlying concepts
that have been explored in this work. These are power disaggregation of electrical loads and
demand response. This is then followed by the motivation behind the work that has been carried
out — the objectives and scope of this dissertation. Finally, the specific tasks that were completed
are listed along with their accompanying contributions.

1.1 Background

Buildings have been identified as a major energy consumer worldwide, accounting for 20%-
40% of the total global energy consumption. In addition to being a major energy consumer, it has
been proven that buildings account for a significant portion of energy wastage as well.
Significant energy wastage poses a threat to sustainability, therefore making energy efficiency of
buildings extremely critical.

Energy monitoring is crucial in ensuring the energy efficient operation of complex systems, such
as residential and commercial buildings. This information can also be used to analyze the power
consumption of individual devices/appliances within a building. This provides information for
energy management by providing feedback to the user at an individual device level. Power
disaggregation or Non-Intrusive Load Monitoring (NILM) involves decomposing an aggregated
power signal to give the details of operation of individual electrical loads. Individual device data
have great benefits to consumers since energy saving opportunities can be identified for a DR
event, and faulty components can also be recognized.

An electrical grid comprises of generating plants, transmission lines, substations, transformers,
and distribution lines. Within an electrical grid there must be a continuous balance between the
amount of electricity that is generated and the amount being consumed at all times. A recent
trend is allowing commercial customers or private entities acting on behalf of customers, to
submit bid prices to the active energy market in order to determine the price of electricity and
load usage patterns, during peak load hours. DR is a process by which the electrical load
consumption is modified instead of changing the electrical power generation, enabling the power
balance between electrical generation and consumption to be maintained. Consumers can bid
into the market to purchase electricity during peak load conditions, and in turn change their
electrical load consumption to facilitate in peak load reduction.

This dissertation focuses on two broad solutions- disaggregation of aggregated HVAC loads, and
a novel DR algorithm for HVAC and lighting load control in commercial buildings.



1.2 Motivation

In order to ensure sustainability, efficient energy management with minimized energy wastage is
required. The use of smart meters in buildings has made the collection of energy consumption
data at a building and individual site level feasible. Therefore, data driven and statistical
prediction models have been made possible, to ensure energy efficient operation of buildings.

Building level electrical load data are often recorded in an aggregated form. This aggregated data
must then be disaggregated in order to identify which devices are in operation at any given
moment in time, allowing the fine-grained monitoring and control of the individual devices
within a particular area of a building. Knowledge of individual device usage is essential in
implementing demand response, for peak load reduction and also to evaluate the demand
response potential of a particular site.

Heating, ventilation and air-conditioning (HVAC) systems account for about 40% of the energy
usage of commercial buildings. Therefore, implementing demand response in commercial
HVAC systems is essential for maintaining the electrical power supply and demand equilibrium.
Another type of controllable loads that are considered and can take part in demand response are
lighting loads, which can be dimmed based on user comfort and ambient brightness to facilitate
in peak load reduction.

Therefore, to enable efficient energy usage in commercial buildings, there is a need for the
development of an efficient DR algorithm that can make use of disaggregated real-time energy
consumption data, of individual controllable devices such as HVAC and lighting loads.

1.3 Scope and Objectives

To address the needs that have been outlined in the motivation section, this dissertation focuses
on three main objectives:

1. Disaggregate aggregated identical HVAC power consumption data to get individual
HVAC device usage data, to be used for DR.

2. Improve peak load reduction and energy efficiency in smart buildings by implementing a
novel DR algorithm, controlling HVAC and lighting loads.

3. Quantify the peak load reduction and energy savings by measuring the DR potential.



1.4 Tasks and Contributions

To achieve the mentioned objectives, the tasks to be achieved along with their accompanying
contributions are:

1. Use machine learning classification algorithms to disaggregate the power consumption of
identical aggregated loads (HVAC). This would reduce costs and enhance security as
fewer power meters would be required.

2. Develop a DR algorithm that controls HVAC and lighting loads to implement DR
response. This algorithm would also consider the user’s preferences and opinions, and
result in the maximum possible peak reduction and energy savings for the user.

3. Quantify and analyze the DR potential. This will also give utilities insight into DR
potentials among their users, and usage patterns.

2. Literature Review

2.1 Disaggregation of Electrical Loads

Disaggregation is crucial to understanding the power consumption of individual loads in
residential and commercial buildings. Individual load information is of great benefit to
consumers, since it identifies energy savings and demand response opportunities as well as mal-
functioning loads. It also increases awareness of how energy is being used in a building by
providing detailed load-level feedback.

Non-Intrusive Load Monitoring (NILM) involving discerning loads from aggregated data,
acquired from a single point of measurement was initiated by Hart [1], as an alternative to sub-
metering all appliances. Since then, a number of techniques have been developed for the purpose
of power disaggregation. Load classification categorizes appliances to several classes based on
how the appliances are used. In [2] power mapping functions (PMFs) are established between the
power consumption and states of data center servers. These PMFs are then used to disaggregate
the aggregated power data of an entire data center. Load disaggregation of residential appliances
has been achieved using sparse approximations [3], using sparse data models that were learnt
from individual appliances. Using this technique sparse coefficients were found for each
appliance, after which a sparse optimization problem is solved, giving the load profile for
individual appliances. Multi-state finite state machines [4] have also been used to model
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appliances. Appliance states are modelled as unique vectors of power consumptions, recorded at
successive time instants.

Load disaggregation has also been carried out using electrical signatures based on electrical
transients and current-voltage phase shift during steady-state conditions [5]. Using these features
decision tree classification has also been used [6], where discrete events such as appliance
operational time and appliance switching, are considered. Karhunen Loéve expansion has been
used to disaggregate the power consumption of residential appliances. The uncorrelated spectral
components of a power signal are used to generate a unique appliance signature, which is then
used for disaggregation. Load control techniques have also been used such as- shedding, shifting
and dimming of loads [7] [8], in addition to using different power levels [9] [10] [11] to classify
different load types. There has also been significant work carried out using latent variable
models that take advantage of appliance features [12], [13].

The concept of power edges has also been used for event detection [14] using subtractive
clustering. Appliance signatures have also been built using a dynamic fuzzy C-Means clustering
[15] algorithm, based on the active and reactive power of appliances. A comparison has been
carried out between K-Means and Gaussian Mixture Models (GMM) for load disaggregation in
[16]. While there are differences between the two algorithms, both rely on Expectation
Maximization algorithm to determine cluster centers.

Acrtificial Neural Networks (ANNSs) [17] have been used for load disaggregation, where low
sampling data was used to detect changes in the active power consumption of devices. Back
Propagation Neural Networks [18] have been used to disaggregate residential loads. Disjunctive
Factored Four-Way Conditional Restricted Boltzmann Machines (DFFW-CRBM) and Factored
Four-Way Conditional Restricted Boltzmann Machines (FFW-CRBM) are examples of deep
learning mechanisms [19] used for disaggregation. Both of these algorithms are cable of multiple
load classification and prediction.

K-Means clustering has been used to develop a genetic algorithm [20], where power states of
electrical appliances are used for power disaggregation. Factorial Hidden Markov Modelling
(FHMM) is used for modelling appliances, that uses a set of appliances states, where similar
states have been merged together. Residential loads have also been modelled as Hidden Markov
models (HMMs) where Segmented Integer Quadratic Constraint Programming (SIQCP) [21] is
used to find individual load profiles. Power states of individual devices have been incorporated
into an algorithm using FHMM and Viterbi algorithm [22] for disaggregation. Active devices are
detected based on probability calculations made by the Viterbi algorithm. In [23] the features of
the devices in [24] are adaptively estimated, leading to improved accuracy in the disaggregation
technique. Load classification has been carried out using graph signal processing [25], where
features such as active power and device status have been used. Distributed Wavelet Transform
(DWT) has also been used [26], where features from a current wave have been used.

An auxiliary feedback method that incorporates the use of semi-supervised shift-invariant
weighted non-negative matrix factorization [27] and device status, has been tested for load
disaggregation. The methods of pulse extraction, pulse classification and clustering [28] have
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also been used as a multi-stage process for disaggregation. The operation of each appliance is
mapped to a discrete set of pulses, that has been decomposed from smart meter data. Another
matrix factorization method that has been used for disaggregation is the Sum-to-K constrained
Non-Negative Matrix Factorization (S2K-NMF) [29]. This method is able to extract meaningful
results from aggregated data, by enforcing certain constraints such as the non-negative and sum-
to-k constraint. Activation coefficients are calculated by the process of matrix factorization, from
which the power consumption of individual devices is calculated. Occupancy data consisting of a
mix of with Ultra-Wideband (UWB) radar and power signals [30] have also been tested for
disaggregation. The UWB data records the movement of individuals within the considered
environment, improving the accuracy of disaggregation. A number of features such as-
impulsion, return temperature, and compressor state has been used in an unsupervised approach
[31], for disaggregation of individual HVAC equipment.

Many early attempts at power disaggregation had also been attempted, such as representing the
power signature of appliances by current waveforms [32]. A technique using voltage monitoring
[33] has also been tested, where power jumps of different devices is mapped to voltage
variations. These transients are then used to determine which connected devices are active at any
given moment in time. Multiple clustering techniques have also been used for load
disaggregation, such as an unsupervised approach [34] where rising and falling power edges are
used to create models, from which features are extracted. K-means clustering in conjunction with
edge detection [35], has also been used for the disaggregation of air conditioning units. In this
process certain key elements of the units are detected, which are then used to determine device
activity. In [36] a comparison is made between a two-step change filter and Sobel edge detector.
Features are then extracted from these edges in the form of real and reactive powers, which
surround the edges. Gaussian distribution in addition to Expectation-Maximization (EM)
clustering algorithm [37], has been used to model different appliances and calculate clusters
based on power edges. These clusters are then used to obtain the number and activity status of
different appliances.

In earlier work, a number of electrical features had been used to enhance the performance of load
disaggregation [38-41]. Examples of such features include- real/reactive power, Electromagnetic
Interference (EMI), transient waveforms, current waveforms, instantaneous admittance
waveforms, and voltage readings.

Power of lighting loads, and submeters from aggregated commercial building submetering data,
has also been disaggregated using Fourier series models [42]. Statistics based on motif mining
techniques [43], where motifs comprise of frequent shapes and patterns, within load curves have
also been used. Load curves are then reconstructed based on this data to disaggregate active
devices.

Load probabilities have been used to develop approaches for disaggregation [44], where the
probability of active loads at any given time are known. These probabilities are then matched
with the aggregated power data to determine the activity of loads, using the concept of
probability maximization. In place of clustering, the method of Discrete Time Warping (DTW)



[45] has been used for disaggregation, which produced more accurate results when compared to
K-Means clustering. Instead of looking at the output of devices, inputs were investigated [46]
where devices were modelled as SISO (Single Input Single Output) devices, for the purpose of
load disaggregation.

2.2 Electrical Load Prediction

Buildings are a major consumer of energy but are also responsible for a significant portion of
energy wastage. Therefore, the need to make buildings as energy efficient as possible is crucial
in ensuring sustainability. In this context, it is important to be able to make predictions regarding
a buildings’ power consumption.

Acrtificial Neural Networks (ANNSs) have been used extensively in performing the task of
electrical load forecasting. One of the simplest forms that has been investigated for load
forecasting, is a multi-layer perceptron neural network [47] using historical data. ANN’s trained
using a small amount of training data, and average temperature of the day before [48] as an input
to consider the inertia of the system, have also been used to predict the total power consumption
of a university building in Spain. Deep neural networks using Long Short-Term Memory
(LSTM) have been used in building load forecasting [49] to predict the active power
consumption of the total building load in the next time step. Two types of LSTM models-
LSTM- based Sequence to Sequence (S2S) and standard LSTM architecture were tested, using
different time interval electricity consumption data. Between the two variants, the S2S
architecture performed most accurately over different time interval data. A Radial Basis Function
Neural Network (RBFNN) has been used for hourly electric load forecasting [50]. Features such
as historical load data and weather data have been used as inputs, which have seen to yield
accurate predictions, during different ambient conditions. In [51] an 10T (Internet of Things)
based deep learning system automatically extracts features from captured data to give a two-step
forecasting scheme, which forecasts the daily total consumption of an area of loads first, based
on which the intra-day load variation is predicted. Short term electrical load forecasting (STLF)
using Back Propagation ANN’s (BP-ANN) have been used in [52]. A number of different system
models are formulated, considering various combinations of parameters such as base load
component, day of the week, load inertia, short term trends, autocorrelation, length of the past
data, etc. These parameters are then used to predict the hourly loads for the following day.
Recurrent Neural Networks (RNNs) [53] have been used to develop a load forecasting
management model for the city of London. Using historical load data, Recurrent Cartesian
Genetic Programming evolved Artificial Neural Networks (RCGPANN), have been used for
day-ahead electrical load prediction. A hybrid RNN neuro-fuzzy inference model [54] has also
been used to predict HVAC load in commercial buildings. The performance of three different
neural network models- Feed Forward Neural Network model (FFNN), RNN and Neural
Network-based nonlinear autoregressive exogenous model (NARX) [55] have been compared, in
short term load forecasting for a building in Korea. Of the three models, it is found that the



NARX model yields the most accurate results. The Levenberg—Marquardt neural network model
[56] has been used to model occupant behavior, for building cooling load prediction.

Various Regression techniques have also been used for the purpose of electrical load forecasting.
Using historical thermal and demand data, an optimal fit line generated from quadratic regression
[57], is used to predict a building’s electrical load for demand resource planning. In another
study, three different regression techniques- Random Forest (RF), Regression Trees (RT) and
Support Vector Regression (SVR) were tested and compared [58], when predicting the hourly
electricity usage if two educational buildings in Florida. 11 input features consisting of
meteorological data, occupancy data and time related data were used when predicting the hourly
electricity usage. Of the three models, the RF model was found to be most accurate. Linear
regression models [59] using input features such as -weather, occupancy and office hours, are
used to make day-ahead predictions of electricity consumption for a particular floor of an office
building in Sweden. The results show that occupancy is correlated with appliance load, and
outdoor temperature and a temporal variable defining work hours are connected with ventilation
and cooling load. A clustering-based hybrid model [60] consisting of fuzzy c-means clustering
(FCM) to cluster together similar days and hours based on electricity consumption, in addition to
using support vector regression (SVR) has been used to predict the day-ahead hourly electric
demand in a number of hotel buildings.

In a number of studies, the performance between various ANN’s and regression techniques has
been compared. A 7-step ahead [61] load prediction model for simulated loads was tested using
both SVR and ANN, and the results were compared, from which it was found that SVR made
more accurate predictions than ANN, and that the training time of SVR is approximately 72
times faster than ANN’s. An ultra-short-term heating load prediction model has also been
developed [62] using Principal Component Analysis (PCA), Correlation Analysis (CA), and
Wavelet Decomposition (WD) to determine input features. These inputs are used in support
vector regression (SVR) and the multilayer layer perceptron neural network (MLP), from which
it is found that the MLP provides greater accuracy in prediction. Short-term electrical load
prediction of HVAC has been carried out using different models [63], including Artificial Neural
Network (ANN), Multiple Linear Regression (MLR), and Bagged Decision Tree (BDT). BTU of
air-conditioning units have been used in conjunction with weather features to make predictions.
In addition to temperature and humidity as predictors, additional factors such as room size are
used as input features as well. The results show that among the three models the ANN model
using all possible input predictors is most accurate. A Non-linear Auto Regressive model with
exogenous input (NARX) neural network has been used [64] to forecast the day ahead, week
ahead and month ahead power consumptions for a commercial building. This model incorporates
input features such as temperature, auto regressive features from historical data, and also
contextual information such as day of the week, time of day and also type of day. The accuracy
of this model is compared with a SVR model given the same inputs. Forecasting accuracy for
both types of models are comparable, with the NARX neural network performing slightly better
than SVR. Medium-term load forecasting for hourly electric load prediction of peak loads of
different days or hourly loads throughout the day [65], has been carried out using SVR and



ANN’s. Though ANN’s provide slightly more accurate results than SVR, they require a large
amount of training data resulting in high memory requirements and processing time. Therefore,
with similar accuracy and significantly less processing time, the SVR model is preferred for
medium-term load forecasting. An improved entropy method [66], that groups together similar
days is used for short-term electrical load forecasting of HVAC in commercial buildings using
both General Regression Neural Networks (GRNN) and Support Vector Machine (SVM). The
load data were obtained using an energy simulation software called DEST to simulate an office
building in a business park in Beijing. The proposed method yielded high forecast accuracy and
fast computation speed. In [67] the performance in forecasting short term demand of three
different models- neural networks, decision trees and Conditional Restricted Boltzmann
Machines (CRBM) algorithms are compared. In general, it is found that of the three models,
neural networks perform most accurately at day-ahead forecasting. Short and medium-term
forecasting of a water source heat pump [68], has been carried out using six different models-
Multiple linear regression, Gaussian process regression, tree bagger, boosted tree, bagged tree
and neural network. The six models tested have comparable results, with neural networks
performing the most accurately.

Besides ANN’s and regression, there have been a number of other approaches applied to
electrical load forecasting. Box- Jenkins Methodology from which the Seasonal Autoregressive
Integrated Moving Average (SARIMA) [69] models are obtained, has been developed for short-
term electricity load forecasting for university buildings in Thailand. An Extreme Learning
Machine (ELM) algorithm based on the Moore-Penrose generalized inverse matrix theory [70],
is used for energy consumption forecasting of an air conditioning system. Another HVAC load
forecasting method involves selecting similar days based on combined weights [71]. Errors of
similar conditions are calculated using weather and day data. A Case Based Reasoning (CBR)
approach [72] has also been used to predict the energy demand of a commercial building in
Quebec. This method is used to provide a three-hour ahead energy demand prediction, using only
weather forecasts. Another method used for HVAC energy forecasting involves frequency
domain spectral density analysis [73]. This process captures the dynamics of building energy
system such as weather, schedule, and ventilation rate, and is able to forecast the energy
consumption of the HVAC system with an accuracy of greater than 90%, in under two minutes.

2.3 Demand Response Techniques

Demand response plays an important role in peak load reduction, that benefits the utility in terms
of load curtailment and can also benefit the consumer, in terms of financial reward.

A number of different machine learning algorithms have been used in implementing demand
response algorithms. A price-based Demand Response (DR) strategy using ANN’s and mixed-
integer linear programming [74] has been developed, which controls HVAC and considers user
preferences. The thermal preference levels of occupants are modeled using ANN’s which are
directly integrated into the DR scheduling. The optimization problem for DR, incorporating the
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occupant’s thermal discomfort and the buildings thermal response is then solved using mixed-
integer linear programming. A Model Predictive Control (MPC) framework using a Nonlinear
Autoregressive Neural Network (NARNET) has been used [75] to determine the optimal control
of a HVAC system during demand response. Thermal behavior of the building is modelled using
the NARNET and the optimal control problem is formulated as a Mixed-Integer Non-Linear
Programming (MINLP). Autonomous control of multiple lighting systems during a DR event
using Reinforcement Learning (RL) has been proposed [76], taking into account the occupants
illuminance comfort. A novel state action space Q-learning technique has been presented to
control lighting loads. The problem is modelled as a Markov Decision Process, and an
optimization approach based on RL is proposed. Another Q-learning approach that controls the
illuminance level by adjusting lights and blinds [77] in a smart building has been developed. The
system uses the occupants’ perceptions of the surroundings as a feedback signal through a
human-machine interface, while the illuminance level is recorded periodically by a light sensor.
A comfort model is then built based on the feedback signal and illuminance, which helps
determine the occupants comfort state. Accordingly, a control policy is determined by a Q-
learning controller, which is used to operate actuators that adjust the surroundings, until users are
satisfied.

There are a number of DR techniques that are based on the concepts of load priorities,
scheduling, and user comfort. A new DR approach for HVAC has been developed based on
Predicted Mean Vote (PMV) [78]. This enables DR to take place with minimal thermal
discomfort to the user. Load shedding by means of dimming control of lighting systems in a
building [79], without affecting user comfort have been investigated. Based on the load shedding
flexibilities of the respective groups of loads, the methods of proportional load shedding and load
shedding equalizing relative illumination changes are implemented for DR. When compared to
uniform load shedding, this approach meets the minimum illumination requirement for all load
groups and sheds a larger amount of load than uniform load shedding. In order to reduce the
power consumption of home appliances during peak-demand hours, task scheduling [80] is used
to control the operation of time-shiftable loads. Symbiotic Organisms Search (SOS) and Cuckoo
Search (CS) algorithms, are two heuristic optimization methods that have been tested. Results
show that the SOS algorithm outperforms the CS algorithm. An automated DR algorithm has
been proposed and tested where in an interruptible load scheme, buildings participate as an
aggregated load [81]. During a DR event, the electricity demand is reduced by controlling the
centrifugal fan of the air conditioning system. If this is not enough, further load curtailment is
achieved by shedding loads based on their assigned load priorities until the electricity demand
has reached an acceptable level. In [82] an Automated Demand Response with an Assessable
impact on Loads and Occupant Comfort (ADRALOC) program has been presented. During a DR
event, this program can both directly and indirectly control HVAC loads. Predicted features such
as load consumption, occupant behavior and indoor environmental properties allow DR events to
be scheduled. An optimal scheduling DR program for [83] residential homes has also been
discussed. During a DR event, thermostat set points are adjusted to minimize the energy
consumption, while the operation of other loads is shifted to maximize the load reduction further.
This problem is formulated as a Mixed-Integer Linear Program (MILP), to minimize peak load
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under certain constraints that represent the operation of time-shiftable loads. In another study, a
random forest regression approach for predictive control of HVAC systems in a commercial
building [84] has been carried out. An optimal HVAC schedule operation is generated, that
minimizes the HVAC energy consumption, while also ensuring that the indoor temperature is
within a predefined temperature range.

There have also been some DR approaches based on occupancy detection only. Lighting set
point tuning has been controlled for office zones based on occupancy sensing [85]. During the
day time, in the case of sufficient daylight entering through the windows, the lights were turned
off after a delay of six minutes, whereas the lights were turned on with no delay if there was
insufficient daylight. Optimal daylight harvesting and occupancy detection have been used in
[86] to control lighting load energy consumption in an office space. This is achieved using a co-
located notion and light sensor within each of the luminaires spread throughout an office
building. Significant savings are found when a combination of occupancy detection and daylight
harvesting were used. A similar approach is taken in [87] using a ZigBee wireless network. A
central controller receives the net average illuminance and occupancy from respective sensors.
Brightness of lighting loads are then adjusted for peak load reduction.

DR approaches based on load priorities, scheduling, user comfort, and various other methods
have also been investigated. Two transactive control strategies- with and without precooling [88]
to control residential HVAC systems during a DR event has been investigated, with the heating
or cooling set point of the thermostat adjusted based on the market price signal. The
effectiveness of this method is tested on a group of 100 homes using the GridLAB-D simulation
platform. The cost savings used by each of the methods is quantified and the results show that
the strategy without precooling yielded the most savings. A transactive control approach is taken
in [89] that uses market mechanisms to control HVAC loads in a commercial building, during a
DR event. The process involves bidding and clearing of electricity prices. A number of case
studies were conducted, from which it was found that this transactive approach was effective at
peak load reduction. In [90] a transactive control method for lighting loads has been presented, in
which lighting loads are treated as price-sensitive loads. Using pricing signals, an energy
management system calculates the lighting illumination level of the desired areas, making sure
the illumination level falls within a predetermined range. The illumination level is then adjusted
using a lighting controller. HVAC load curtailment, where each consumer is described by a
forecast of their thermal response profile computed using a statistical model [91] has been
carried out. From this, a load scheduling algorithm based on solving a convex problem is used to
control the HVAC energy consumption of a group of consumers. The energy signatures of
individual rooms are considered as individual agents, and then a multi-agent Minority Game
(MG)-based demand response management system, reduces the peak demand. Residential
HVAC control within a microgrid based on game theory [93] has also been presented. A
Stackelberg Game-based Demand Response (SGDR) algorithm is proposed. In this approach the
HVAC unit is the demand-side responsive resource, whereas the load serving entity is considered
the leader and the microgrid a follower. Optimization of lighting power consumption using a
nature inspired Fish School Search (FSS) and weighted FSS algorithm [94] has also been
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investigated. Between FSS and weighted FSS, the latter was found to show more accurate results
with a small execution time. HVAC DR control through thermostats (as wireless sensors) using a
rule-based technique [95] has also been investigated. In this approach, the thermostat acts as a
central unit, making decisions based on a number of defined rules. Prior and real-time
information from the thermostats are compared, which is then used to determine the optimal
HVAC control technique.

2.4 Double-Auctioning

Double-Auction algorithms have been used for the transaction of electricity and resources in a
number of different scenarios.

A number of different double-auction techniques have been used in the implementation of a
transactive energy market in microgrids. In [96] a double-sided auction is broken down into two
separate single auction games. The single auctions are coupled as a joint potential quantity, with
updates being made to the potential related to the top responses of players in each single auction.
A peer-to-peer transactive energy market platform in [97] uses a double-auction with average
mechanism. In this mechanism the market cleared price is calculated from the mean of the bids
and reservation prices of all the participants in the current market. Energy is then allocated
following a greedy manner from the sellers with lowest price to the buyers with higher bids. An
iterative approach is taken in [98] where an aggregator receives bids from the buyers, and also
available energy for trade from the sellers. It then allocates energy to the buyers proportionally,
and iteratively converges to the market clearing price. Another iterative approach has been
developed in [99] where a microgrid controller implements a distributed algorithm to maximize
social welfare of the participants.

Block chain technology has been used to develop a peer to peer platform for transaction of
energy in the absence of a trusted third party [100]. Block chain technology is used to maintain
the lawful behavior of the peers when trading. This mechanism enables local energy trade while
also minimizing energy loss due to transmission. The distances among the pair of buyer-seller
peers is reduced, and then cleared market price is calculated from their bid prices. A Continuous
Double Auction (CDA) mechanism using block chain has been developed in [101]. Given
fluctuations in the CDA market, an adaptive aggressiveness strategy is used, by which bids and
ask prices can be adjusted based on current market prices. An adaptive attitude bidding strategy
in CDA is described in [102], where heuristic rules and reasoning mechanisms are incorporated.
A risk-based auction using an artificial immune system-based algorithm [103], has been used for
profit maximization. The algorithm is applied on a typical study case network to optimize the
generation, where assumptions are made on realistic market prices for power and distributed
generators bids, that reflect realistic operational costs. This work has been extended in [104],
where a hybrid-immune-system-based particle swarm optimization minimizes the generation fuel
costs, based on the priorities of the consumer. A risk-based auctioning technique is implemented,
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where risk associated with a bid is assessed after which the agents and proceed accordingly in
order to maximize profit.

An iterative double auction approach where sellers are equipped with photovoltaic panels in
[105] and the optimal allocation and sizing of wind power generators [106] for profit
maximization, are examples of renewable integrated double auction mechanisms. Autonomous
coordination of buildings in a smart microgrid [107] has also been carried out using double
auction. Demand devices and in-house energy supply participate to maximize economic benefit
and autonomy of the microgrid. This system enables every generation/consumption device
within the microgrid to participate in the auctioning process. A novel strategy-proof online
double auction (SODA) scheme in [108] has been developed for transaction of resources
between microgrids. Here the excess and insufficient microgrids in the system are treated as
sellers and buyers, respectively. The microgrid center controller matches the buyers and sellers
in order to maximize social welfare. A multi-round double-auction among microgrids has also
been developed in [109]. In this algorithm, each participant is modeled as an agent, in a multi-
round double-auction, where offers are taken into consideration even after a fixed bidding
period, which leads to improved fairness.

A number of double-auction schemes focused on controlling a particular type of load have also
been developed. A HVAC control double-auction system that responds to a combination of user
specified internal setpoints and external market signals through a controller has been described in
[110]. The internal setpoint temperature of a HVAC unit is adjusted based on the current market
cleared price. Generated bid prices are based on whether the internal air temperature is higher or
lower than the desired setpoint. A reinforcement learning HVAC control bidding strategy has
been developed in [111]. Once again, the bid prices are a function of the indoor temperature in
comparison to user defined set points.

A double-auction technique for Electric Vehicles (EVS) is discussed in [112] and [113], where
Vehicle-to-Grid (V2G) technology is used to implement DR during smart grid outages. The
sellers comprise of EVs that have surplus electrical energy, whereas the EVs with insufficient
energy serve as buyers. Through use of a public key, the bids are encrypted when sent to the
auctioneer whose role is being fulfilled by the microgrid controller. A location privacy
preserving auction scheme has been developed in [114] where individual EVs in addition to
multiple parking lots, comprise the trading platform for energy sharing. This ensures free energy
trading between EVs while also increasing the energy supply available for a microgrid, in the
event of an outage.

Double-auction mechanisms used for resource allocation in cellular networks has been discussed
in [115] where bids and asks, of active cell-edge users and idle users respectively have been
marked up. This gives different idle users (sellers) the incentive to match up with different cell-
edge users (buyers), to share cellular resources. Double-auction for harvested renewable energy
resources among cellular base stations has been explored in [116]. Base stations with surplus
harvested energy share this energy with base stations that have an energy deficit. Energy
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deficient base stations are also stimulated to purchase energy from surplus energy base stations
in order to reduce the consumption of non-renewable energy.

Cloud computing resources have also been shared using double-auction schemes, such as in
[117] where an iterative scheme has been implemented, to maximize social welfare. A
combinatorial double-auction technique has been applied to cloud resource allocation in [118].
Several factors are considered, such as provider and user credit, in addition to energy costs,
which in turn resists dishonesty within the auctions. This meets user demand for diversity of
service resources, in addition to avoiding monopoly among resource transactions.

2.5 Evaluation of Demand Response Potential

Evaluating the demand response potential can also give the utility insight into load curtailment
strategies and the usage characteristics of its consumers.

In many cases machine learning algorithms have been used to evaluate demand response
potential. A smart meter driven Real-Time Demand Response Potential Evaluation (RTDRPE)
method in [119] uses a Gaussian Mixture Model (GMM), to learn probabilistic behaviors of
electricity consumers from historical data. The RTDRPE then facilitates in the real-time
decision-making process for DR implementation. Cluster Analysis in conjunction with Bayes
method [120] has also been used to evaluate a consumers’ DR potential. Based on load data,
consumers are divided into patterns after which Bayes method is used to predict the users’
behavior patterns using features such as temperature and day type. Using this information, a
consumers’ DR potential can be calculated. A Markov chain-based approach for evaluating DR
of residential loads is presented in [121], simulated in Matlab. Markov chain-based occupant
behavior models are created, used in conjunction with common residential load models, to
predict minute by minute variation in residential load patterns.

Besides the machine learning methods mentioned above, there are a number of other methods
that have been used in evaluating DR potential. User preferences have been incorporated [122]
into evaluating the DR potential of residential HVAC loads. As residential HVAC loads are
flexible, this method assesses the DR potential of these loads, taking into account the
temperature preferences of the user. Electricity consumption is then adjusted, while ensuring the
temperature range satisfying user comfort is maintained. The model is tested for a number of
different seasons, and it is found that temperature dead-bands have a significant effect on DR
potential, which correspond to how willing users are to accept changes in their comfort. The DR
potential of ventilation fan systems [123] has also been evaluated. A building HVAC system is
simulated in a Python model, where the objective is to minimize electricity consumption in
addition to the CO2 level in the air. Experimental results show there is a need to aggregate
several HVAC systems in order to enable prolonged load sheds during a DR event while still
maintaining acceptable air quality. Using a Genetic Algorithm (GA) to evaluate the DR potential
of HVAC systems [124] has also been investigated. Inputs to the model include building cooling
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load profiles and historical electricity pricing. Dynamic pricing in addition to time of use are the
two different electricity pricings that are considered. The use of alternate energy sources in office
buildings [125] to reduce the peak demand from the electric grid has been investigated. The
integration of energy systems such as solar PV, thermal or electrochemical storage systems,
could be used to generate power in place of load shedding during a DR event.

There are a number of building energy simulation tools that have been used to evaluate DR
potential. A Direct Load Control (DLC) [126] program that considers consumer comfort, is used
to implement demand reduction at the consumer end, to control the operation of HVAC systems.
Building energy models are simulated in GridLAB-D, both with and without implementing DR,
from which the DR potential is found. Another study has been carried out using GridLAB-D to
evaluate the effect of various factors on the DR potential of residential homes [127]. Case studies
were carried out to investigate the effects of different factors such as — thermal storage capacity
for different buildings, impact of dynamic price signal, temperature variation, rebound effect and
also, day time and seasonal factors. The effects of zonal cooling set point strategies on peak load
reduction have been evaluated in [128]. The concept of building centered productiveness, is used
to analyze demand response potential for a commercial cooling system. Virtual tests are carried
out using HAMBase/Simulink simulations, which are then validated with recorded onsite
measurements. Another significant contribution of this study is that it provides a cost-effective
strategy for evaluation of peak load reduction potential, during cooling operations in an office
building. A DR potential model for a Model Predictive Controller (MPC) of space heating has
been developed in EnergyPlus [129]. The study focuses on controlling space heating optimally,
as to minimize the electricity costs in addition to minimizing the CO2 level in the air.
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3. HVAC Power Disaggregation Using Supervised Machine Learning
Algorithms

3.1 Introduction

The energy efficient operation of residential and commercial buildings can be ensured from the
use of detailed energy monitoring. This detailed energy data can then be used to analyze the
power usage of loads at an individual device level, thus providing a foundation for applications
in energy management and feedback given to the user in the form of usage patterns. Although
the use of smart appliances will become widespread in the future, legacy devices will still be
present, which are incapable of reporting their device status and energy consumption in real-
time. Load monitoring of appliances broadly falls under two categories: 1) distributed direct
sensing, also known as sub metering and 2) single-point power disaggregation. In the case of
distributed direct sensing, individual appliances are monitored using submetering sensors to
record quantities such as: current, voltage, power, etc. This technique has been proven to be
effective, however this hampers economic feasibility as well as complexity, given a large
number of dedicated meters are required to monitor individual devices. An alternative to this
involves increasing smart meter deployment, and promoting the importance of energy savings in
what is known as Non-Intrusive Load Monitoring System (NILMS). This process requires
simple installation techniques, while monitoring current and voltage signals, thereby determining
the activity of different loads based on the changes observed in monitored signals. It has been
proven that smart meters are capable of transmitting detailed energy data back and forth with the
utility, with a higher frequency in comparison to classical meters. There is however, a need for
yet more detailed information on power consumption at an individual device level, to unravel
actions that could be taken to enable higher energy savings.

A number of power disaggregation techniques have been developed, which are used to
disaggregate signals for a number of aggregated loads. However, power disaggregation of
aggregated data for a number of identical devices, in order to determine the state of activity at
any given moment in time, is problem that has not yet been fully addressed. Considering smart
buildings, power disaggregation is a technique that involves separating the power consumption
of a number of devices, that has been recorded by a single power meter. An application of this
would be during a Demand Response (DR) event, where the power consumption of individual
HVAC units would be required, in order to effectively control them. Installing individual power
meters to monitor each HVAC unit is not economically feasible, therefore meaning that their
data must be aggregated and collected by a single power meter. This power data must then be
disaggregated, to retrieve the power consumption data for each individual HVAC unit.
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3.2 Methodology

The following sections describe the performance and accuracy of a number of supervised
classifiers that have been simulated, for the purpose of power disaggregation of several
aggregated identical HVAC units. The classifiers that have been tested include: Decision Trees
(DT), Discriminant Analysis (DA), Support Vector Machine (SVM) and k-Nearest Neighbors (k-
NN). The main contributions presented in this work are as follows:

1. A novel power disaggregation technique for multiple identical HVAC units, whose power data
has been collected and aggregated by the use of a single power meter. This will enable the fine-
grained monitoring of the individual devices, thus identifying the activity status and power
consumption of individual HVAC units. This would therefore, reduce costs and enhance
security, due to the use of fewer power meters.

2. Using simple machine learning classification algorithms and features such as real power,
reactive power and phase currents, obtained from smart meter data, the problem of power
disaggregation of aggregated loads can be solved.

Power disaggregation is carried out for five HVAC compressors installed throughout a single
floor of a commercial building. This is achieved using machine learning classifier models,
trained using features such as real and reactive power, and phase currents of each HVAC
compressor and corresponding air handler unit. Index values representing the combination of
active compressors based on power consumption are also included as a training input features.
The classifiers then determine which compressors are active at any given moment in time by
matching input power consumption data to a particular index value, based on the training data.
This technique achieves a high degree of accuracy in determining the device status throughout a
defined test period.

3.3 Supervised Classifiers

Supervised classification is the process by which input features are used to predict a
corresponding class output, based on data used to train the model. These class outputs are
referred to as target values, categories or labels. In the following sub sections, the supervised
classifiers that have been tested for load disaggregation are briefly described.

3.3.1 Decision Trees

The concept of Decisions Trees (DT) is based on a tree-like structure, where different input
features within the data set are represented by branches, whereas the outputs are represented as
leaves on the branches. Given a set of input features, the model traverses the branches of the tree
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by first calculating entropy and then information gain, which is then used to separate different
classes. Decision trees can be classified into two major types- models that output continues values
are referred to as regression trees, whereas models that predict discrete values are referred to as
classification trees, and it is classification trees that have been used in this work.

Entropy is defined as:

Y. pilogap; )

where p; are fractions that add up to 1 and represent the percentage of each class present in the
child node, once splitting takes place from a parent node within the tree.

Information Gain = Parent Entropy— Weighted Sum of Children Entropy

IG(T,a) = H(T) — H(T|a) )

At each step when building the tree, information gain is used to decide on which feature, splitting
occurs. The creation of a small tree with low model complexity is ensured by a splitting technique
that results in the purest possible child nodes at each step.

3.3.2 Discriminant Analysis

Discriminant analysis (DA) is a classification technique where the model is given prior knowledge
of output classes, which are then used to classify new data points to known output classes based
on the input features. This technique uses a score-based system where, each output class has an
associated score which is calculated based on its corresponding input features, during the training
phase of the model. Hence the model can effectively determine the output class given a particular
set of input features.

3.3.3 Support Vector Machine

Support Vector Machines (SVM) also has two variants- one that used for classification, which is
used in this work and another that can be used for regression referred to as Support Vector
Regression (SVR). SVM is a non-probabilistic binary linear classifier, mapping a set of input
features to a particular output class. The model uses hyperplanes which are used to divide a space
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into a number of different categories. Therefore, data points belonging to different categories are
divided by the maximum possible separation. Once data points are inserted into this space, they
are categorized depending on which side of the hyperplane they are located in. A hyperplane can
be defined as,

fe) = Bo+ BTx ®)
where 3, is the bias and g is known as the weight vector.

There are an infinite number of ways of defining the optimal hyperplane by scaling of g and g3,.
The representation chosen in this work is,

1Bo+ BTx| =1 (4)

where the training examples nearest to the hyperplane are represented as x. Support vectors are
defined as the training examples nearest to the hyperplane.

The distance between a point x and a hyperplane (8, S,) is calculated using the following,

|Bo+ .BTx| (5)

istance =
distance T

For canonical hyperplanes, the numerator is equal to one and the distance to the support vectors is
calculated as follows,

[Bo+ ﬁTx| _ 1 (6)

distance support vectors = = 7 = 7o

M is defined as a margin that is twice the distance to the closest examples,

2

M = T @)
The problem of maximizing M can be modelled as the problem of minimizing a function L(B)
subject to certain constraints. This constraints-based model that classifies the training examples x;
based on input features, to a particular output class is given below.

Enll;n L(B) = %I|ﬁl|2 subjectto y; (B, + BTx)) =1 for alli (8)

Here y; represents each of the labels of the training examples. This is a problem of Lagrangian
optimization that can be solved using Lagrange multipliers to obtain the weight vector g and the
bias g, of the optimal hyperplane.

In equation (8), y; represents each unique output label given in the training examples. The problem
is defined as a Lagrangian optimization, which when solved using Lagrange multipliers, gives the
weight vector $ and the bias g, of the optimal hyperplane.
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3.3.4 k-Nearest Neighbors

The k-Nearest Neighbors (k-NN) algorithm is an example of a non-parametric supervised
classifier, given the model complexity increases with the size of the training data. When
classifying an input data point, the model considers its input features in addition to considering
the most common output classes assigned to its neighboring data points. For a particular data
point, the average of the outputs of its ‘k’ nearest neighbors are calculated and then used to
assign a particular output class.

D ={(x1, y1), ..., (Xn, Yn)} 9)

D is the set of training data consisting of a set of input features (x») and their corresponding
output classes (yn).

f(X) = yk, where k = argmin; d(X, xi) (10)

f(x) is the output of the classifier, calculated by computing the minimum difference between an
input data point and objects given in the training data. Based on this computation, the input data
point is assigned to a particular output class.

3.4 Data Collection

3.4.1 Thermostats and Compressors

In Fig. 1 Below, the floor plan of the second floor of the commercial building in Alexandria, VA
is shown, from where data was collected for the purpose of load disaggregation. Each of the
labelled thermostats in the figure, control a single HVAC compressor. Thermostat 1 is located
inside an office room, whereas thermostat 4 is located inside a computer lab. The remaining
thermostats- 2,3 and 5 are located in different hallways throughout the floor. Using separate
power meters to monitor and record the power consumption of individual compressors is not
economically feasible, therefore a single power meter is used to collect the aggregated power
data for five HVAC compressors.
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Figure 1. Location of the five thermostats on the second floor controlling HVAC compressors.

3.4.2 Training Data

Training Data Training data for the classification models had been collected over several months-
April through September of 2017, from a single floor of a commercial building in Alexandria, VA.
The Data was collected at a resolution of one-minute intervals, consisting of both compressor and

air handler unit data. The training data consists of:

e Real Power

e Reactive Power
e Phase Currents
e Index Values

The real power values for the HVAC compressors vary between OkW for when all compressors
are turned off, to a value just under 14kW, when all five compressors are turned on, during which
time the maximum reactive power is around 5kVar. The value for the combined phase currents
vary between OA and 50A. When a particular number of compressors are active, the real and
reactive power readings are quite similar, therefore distinguishing between different combinations
of active compressors is challenging. Due to this, additional features such as the effect on phase
currents was also investigated. It was found that there was significant change in phase currents,
for different compressor combinations, and phase currents were therefore also included as input

features for the load disaggregation models.

Training data was collected using BEMOSS™ (Building Energy Management Open Source
Software) developed by Virginia Tech - Advanced Research Institute for small and medium-sized
commercial buildings. Data was collected for each of the 32 combinations of five different HVAC
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compressors. For each combination, an index value was assigned corresponding to the power and
current data for that particular compressor combination. For each index, 30 minutes of training
data was used, when training the classifier models for load disaggregation. In Table 1 below, the
list of indexes corresponding to the combination of active compressors is given.

Table 1. List of compressor indexes.

Index Active Compressor(s)
0 All Are Off
1 1
2 2
3 3
4 4
5 5
6 1,2
7 1,3
8 1,4
9 1,5
10 2,3
11 2,4
12 2,5
13 3,4
14 3,5
15 4,5
16 1,2,3
17 1,34
18 1,45
19 1,24
20 1,35
21 125
22 2,3,4
23 2,4,5
24 2,35
25 3,45
26 1,234
27 1,345
28 1,2,4,5
29 1,235
30 2,3,4,5
31 1,2,3,45
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3.4.3 Test Data

Test data for the case studies in section 3.5 was collected for a period of 24 hours during June
2017, when the outdoor temperature was among the highest for the month. The test data for the
case studies in section 3.6 was collected over five separate 24-hour periods in August 2017,
again during days having some of the highest outdoor temperatures.

3.5 Case Studies

3.5.1 Compressor Models

Classifiers for the compressor models are trained using input features such as: real and reactive
powers in addition to phase currents using only compressor data. The output portion of the training
data are the corresponding index values. In this section, predicted index values for each of possible
32 combinations (starting from 0 to 31) is plotted, in comparison to the true recorded values of the
indexes at those particular time instances. In the figures given below, the power consumption is
shown to reflect the change in power consumed, with a change in index values.
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Figure 2. Indexes generated by DT model plotted against the true index value of the compressors.

In Fig. 2 we observe that compressor DT model does not perform accurately at predicting the index
values, with an accuracy of only 60%.

22
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Figure 3.Indexes generated by DA model plotted against the true index value of the compressors.

From Fig. 3 we see that the accuracy of the compressor DA model is greater, where predicted
indexes are accurate to within 89% of the true index values.
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Figure 4. Indexes generated by SVM model plotted against the true index value of the compressors.
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Fig. 4 has a few more rises and drops, therefore SVM higher error compared to DA, with an
accuracy of 81%.

k-Nearest Neighbors
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Figure 5. Indexes generated by k-NN model plotted against the true index value of the compressors.

Fig. 5 illustrates the accuracy of the compressor k-NN model to be significantly higher where
predicted indexes are accurate to within 96% of the true index values.

In Fig. 2-5, the accuracy of indexes predicted by four different classifiers is compared against the
true index values recorded at those times, for each of the possible 32 HVAC compressor
combinations sequentially. From the results seen here, k-NN is seen to perform most accurately.

3.5.2 Combined Compressor and Air Handler Models

Classifiers for the combined compressor and air handler models are trained using input features
such as: real and reactive powers in addition to phase currents using both compressor and air
handler data. Once again, output portion of the training data are the corresponding index values.
As in the previous section, the predicted index values for each of possible 32 combinations (starting

from 0 to 31) is plotted, in comparison to the true recorded values of the indexes at those particular
time instances.
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Figure 6. Indexes generated by Decision Trees model plotted against the true index value of the compressors.

From Fig. 6 we can observe there are still large deviations between the predicted and true index
value line, with the combined DT model accurate to within 60% of the true index values.
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Figure 7. Indexes generated by DA model plotted against the true index value of the compressors.
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In Fig. 7 we see that combined DA performs significantly better at predicting indexes and is
accurate to within 96% of the true index values.

Support Vector Machine

%]

th
[
=3

30 " 14 -
Van 9
25 _1-'_’ 12 S
4 =
20 T __l"' 10 ;
p = [ =]
s T s 2
E—| 15 =]
-y 6 2
10 i 4B
; z
q

) j‘j.l‘r z

o -F 0
Compressor Power (Real) = == True Index Value ===--- SVM

Figure 8. Indexes generated by SVM model plotted against the true index value of the compressors.

Fig. 8 illustrates how the combined SVM classifier has a few more variations from the true index
value line, with a prediction accuracy of 90%.
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Figure 9. Indexes generated by k-NN model plotted against the true index value of the compressors.

Fig. 9 shows the combined k-NN model is the most accurate, where predicted indexes are
accurate to within 99% of the true index values.

With the exception of the DT model, Fig. 6-9 illustrate improved accuracy for the classifier

models at predicting the index values, in comparison to the compressor only models of section
3.5.1.
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3.6 Case Studies

The most accurate k-NN model that uses both compressor and air handler data, was used to predict
indexes and the corresponding power consumption of the five aggregated HVAC compressors for
five different days during August 2017, when the average temperature was among the highest for
the entire month. This test was carried out to see if the predicted indexes were consistent with the
pattern of aggregated real power consumption for the compressors. The true value of the
compressor indexes is not known in this case, however the goal is to see how accurately the model
can predict power consumption using the indexes it predicts, given power and phase current data.
The figures below show the predicted power consumption (red line) for five different days in
comparison to the real recorded power data (blue line).
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Figure 10. Comparison between real and predicted aggregated compressor power consumption for Day 1.

Fig. 10 illustrates the pattern of the predicted power consumption in comparison to real power
consumption for Day 1, where the average RMSE over the 24-hour test period is 1.13kW out of a
total maximum load of 11.40 kW.
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Figure 11. Comparison between real and predicted aggregated compressor power consumption for Day 2.

Fig. 11 compares the pattern of the predicted and real power consumption for Day 2, where the
average RMSE over the 24-hour test period is 0.91kW out of a total maximum load of 10.48 kW.
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Figure 12. Comparison between real and predicted aggregated compressor power consumption for Day 3.
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Fig.12 shows results for Day 3 of testing, where the average RMSE over 24 hours is 0.99 kW out
of a total maximum load of 10.53kW

Day 4
12
I~ 10
=
s 8
: 1
&
= 06
2
%
= 4
|
<
()
| —
£ £ £ £ £ = £ g £
] o o = =, =% =% =9 =
:l o -1 =) ﬂ o =) a 2
= Compressor Power (Real)  +ee+-- Compressor Power (Predicted)

Figure 13. Comparison between real and predicted aggregated compressor power consumption for Day 4.

In Fig. 13 the average RMSE over the 24-hour period in Day 4 is 1.14kW out of a total maximum
load of 11.44kW.
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Figure 14. Comparison between real and predicted aggregated compressor power consumption for Day 5.

Fig. 14 illustrates the pattern of the predicted power consumption in comparison to real power
consumption for Day 5, where the average RMSE over the 24-hour period is 1.06kW out of a total
maximum load of 11.32kW.

Fig. 10-14 show the comparison of the real aggregated compressor power with the predicted
power corresponding to the predicted indexes, over 5 different test days.

3.7 Results and Discussion

Using training data that had been collected over a period of several months, the performance of
four different supervised classifiers was evaluated in a number of different case studies. First, the
models were trained and then used to predict each of the possible 32 indexes representing each
combination of five active HVAC compressors, consecutively during a 24-hour period in the
month of June 2017. Figures were used to visualize the accuracy of predicted indexes in
comparison to the recorded true index values at corresponding time instances. Among the tested
classifiers in the case of both the compressor only, and combined compressor and air handler
models, the Decision Trees classifier was least accurate, whereas the k-NN model was most
accurate at correctly predicting index values. Table 2 summarizes the accuracy of each of the
tested models when predicting each of the 32 possible index values consecutively.
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Table 2. The accuracy of tested classifiers.

Model DT SVM DA | k-NN

Compressor 60% 81% 89% | 96%
Model

Combined 60% 90% 96% | 99%
Model

In general, we observe that the combined compressor and air handler models have increased
accuracy over the compressor only models, when predicting index values. A possible reason for
inaccuracies in the combined models could be attributed to the fact that air handler units sometimes
remain in operation for a few minutes even after the compressor has been switched off. With the
exception of the k-NN classifiers, it was found that the models experience an accuracy of less than
50% when predicting the following index values- 9,16,17,23 and 28. This could be due to the
limitations in performance of each of the classifiers as phase current values for index 9 and 7 are
very close to each other, making it difficult for the classifiers to distinguish between them. Indexes
16 and 17, have phase current values almost identical to that of index 21, which are also
comparable with corresponding values for indexes 18 and 22, resulting in prediction errors. Both
the compressor and air handler data for index 23 and 22 are almost identical and comparable with
that of index 27, again leading to errors in predicted index values. In the case of index 28, there
are similarities in the compressor data with that of index 26, whereas similarities in the air handler
data are found with index 31. These similarities with data associated with other index values,
account for a significant portion of error.

Among all the classifier models that were tested, Decision Trees performed least accurately

in both the compressor only and also combined models. Entropy and information gain are used to
split different output classes based on the input features, however in the case of power
disaggregation of combined HVAC compressors, many features are shared among individual
devices. Therefore, Decision Trees are unable to efficiently split the input features, which results
in a large number of prediction errors. The score-based method that is employed by Discriminant
Analysis, results in greater accuracy than Decision Trees and has the second highest accuracy

at predicting indexes in the case of the combined models. Considering both sets of models, the
hyperplane-based SVM classifier performs more consistently, but still has some errors as using
hyperplanes to distinguish between closely associated data points is challenging. The k-NN
classifiers have been found to perform most accurately, with accuracies of 96% and 99% when
predicting indexes for the compressor and combined models respectively. The fact that this
algorithm considers the output values of closely associated data points, means that this method can
distinguish between data points having to some degree similar input features.

As the k-NN classifier model trained using compressor and air handler data has the greatest

accuracy when predicting each of the 32 compressor indexes, this k-NN model is then used to
predict the indexes and corresponding power consumption of the aggregated compressor load in
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five separate 24-hour long test cases. The results in the form of average RMSE, for each of the
five test cases is summarized in Table 3.

Table 3. RMSE of predecited power consumption.

Test Case Average RMSE Total Maximum
(kW) Load (kW)
Day 1 1.13 11.40
Day 2 0.91 10.48
Day 3 0.99 10.53
Day 4 1.14 11.44
Day 5 1.06 11.32

For each of the test cases Day 1- Day 5, the average RMSE over the 24-hour test period is 9.6%,
8.6%, 9.4%, 9.9% and 9.3% of the total maximum load respectively. Thus, a claim can be made
that the combined k-NN classifier model is not only predicting the correct index at any given
time, but also predicting the corresponding power consumption of the aggregated compressors,
further validating the results.
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4. Double-Auction Demand Response of HVAC and Lighting Loads Using
Machine Learning and User Preferences

4.1 Introduction

In recent decades due to increasing electricity demand, there is an increased likelihood of
electrical power systems experiencing stress conditions, due to increased load during critical
peak hours. These conditions can result in. a limited supply and cascading failures throughout the
grid that could lead to wide area outages. Demand Response (DR) is a method involving the
curtailment of loads during critical peak load hours, that restores the balance between demand
and supply of electricity as well as increasing the efficiency of operation for the electric utility,

in addition to reducing the peak load and demand charge for customers during these times.

Significant changes in the electric power industry will be brought about by the implementation of
DR programs such as dynamic pricing schemes as well as building energy management (BEM)
systems. A fully automated DR program is achievable when implemented using a BEM system,
as the system is capable of monitoring different types of loads and controlling their operations
based on user preferences. Many DR programs have been developed that control different types
of loads, however the work presented here focuses on developing a double-auction based DR
program that controls single floor HVAC and lighting loads, based on user preferences, in
commercial buildings. This is a problem that has not yet been fully addressed.

4.2 Methodology

In the following sections, different components of the DR algorithm are described in detail, in
addition to the results from various case studies. The main contributions in this work are as follows.

1. A double-auction DR algorithm that controls HVAC and lighting loads in commercial
buildings, that takes into consideration the user’s preferences and load priorities which results
in the maximum possible peak reduction and energy savings for the user.

2. A novel customer bid price equation, that considers the impact of HVAC and lighting loads.

3. A load scheduling technique based on machine learning that considers user preferences and
load priorities.

The auctioning process is referred to as a double-auction as both the customer and utility submit
their bid prices and asking prices, after which the cleared price is calculated in the DR server.
The devices being controlled are distributed throughout a single floor of a commercial building,
and are controlled using the DR algorithm that would be implemented in a BEM system.
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DR Server

Building Energy Management

(BEM) System

Figure 15. Flow chart of entities involved in DR.

As summarized in Fig. 15 based on the cleared price of the double-auction between the user and
the DR server, using the allocated demand limit from the DR server, user preferences and load
priorities set in the BEM system, the DR algorithm determines an optimal load configuration and
monitors device status at each time step, updating the load configuration when possible. Using
this technique, it is possible to reduce peak load while maintaining user comfort levels to a high
degree, during a DR event.

4.3 The Demand Response (DR) Algorithm

A DR event can be defined as a period of time during which the total load of a customer must be
kept under a certain specified demand limit. In this study, customers taking part in the DR event
are informed beforehand of the demand limit (kW) and duration (hours) through a BEM. In this
work, the objective is to operate as many HVACs as needed, keep lighting within certain
brightness levels, both to maintain the desired user comfort level, while staying below the
allocated demand limit. It is assumed that plug loads are kept constant and their power
consumption cannot be changed.
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For ‘n’ number of HVAC units, this can be formulated as the following maximization problem:

Maximize P = Y¥_; Pyx + Py, +P, (11)

Subject to,
P<D
Py, PP, =0
B, is a constant
Here given in KW,
P = Total power consumption
Py = Power consumption of n HVAC units
P, = Total power consumption of lighting load
P, = Total power consumption of plug loads

D = Demand Limit
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The schematic below gives a brief overview of the DR algorithm that has been developed.

Bid Price DR Server

Demand limit for
HVAC & lighting (Dgy)

-Load priorities

-User comfort limits

Load scheduler using
k-NN

No

Yes

Optimal load
configuration

|

-Thermostat setpoints

Lighting Brightness —
-Thermostat controlled

indoor temperatures

Figure 16. Flow chart of overall DR algorithm.
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At each time step, based on the allocated demand limit from the cleared bid price, the load
scheduler calculates all possible load configurations. Then based on load priorities and user
comfort limits, the optimal load configuration is found. The power consumption of this optimal
load configuration is compared with the demand limit for HVAC and lighting load Dy, which if
satisfied, is the configuration taken by the HVACSs and the lighting load. Or else the process is
repeated to find the next best configuration, until a suitable load configuration is found. Once the
loads are set to a particular configuration, they feed back their current status and surrounding
indoor temperature information at each time step back to the load scheduler, so that when a
change occurs, the load configuration is once again updated.

In the following sub-sections, a number of the important components of the DR algorithm are
explained.

4.3.1 Double-Auction and Bid Price Calculation

A double-auction market is based on the concept of a two-way market, where both the buyer and
the seller submit bids consisting of price and quantity, simultaneously into a single energy market.
In this work, the seller is the electric utility whereas the buyer is the customer (user) occupying a
single floor of a commercial building with their dedicated energy meter. In order for a user to
participate in a transactive market, it must be able to do the following:

1. Determine a bid price based on the current state of controllable loads and historical electricity
prices.

2. Adjust its load configuration according to the cleared price and allocated demand limit.

The DR server, clears the price and quantity of electricity that is traded by matching the customer
bid with the closest asking bid from the seller. Once the auction is resolved, the cleared price and
demand limit (kW) in addition to the duration of the DR event are conveyed back to the customer
from the DR server to the customer’s BEM system. This highly scalable approach enables both
the buyer and seller to participate in determining the price and quantity of traded electricity
between them. In addition to price signals, the prices at which electricity was traded at hourly
intervals for the previous 24-hours is sent to the customers, as this data is taken into consideration
when the customer bid price is generated.

At a set time before the DR event, the BEM of the customer will generate a bid price using a
number of parameters given in the following formula:

(Tkcur— dees)*(SkH_ SkL)*Pgev
(Tkmax— Tkmin)

Ppig = Pavg + Z;clzl + (Lp * Pgey) + G (12)
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Where,

Tk, = The current indoor air temperature (°F) of area controlled by k™ thermostat

Tk, = The desired temperature setpoint (°F) of k" thermostat

Tk,in = Minimum acceptable indoor temperature (°F) of area controlled by k™ thermostat
Tk,,q, = Maximum acceptable indoor temperature (°F) of area controlled by k™ thermostat
Sk, = Standard deviations between Tk, and Tk,,,, of k™ thermostat

Sk, = Standard deviations between Tk, and Tk,,;,, of k" thermostat

Lg = Desired lighting brightness

G = Pricing gain

P,.,= Standard deviation of price in 24-hour window

Pyvg = Average price in 24-hour window ($/kWh)

P4 = Bid price of the customer sent to the DR server ($/kWh)

Among the quantities stated in equation (12), the gain value G will be a value that is user-defined,
and Lg is fraction of lighting brightness with a value that varies between 0 to 1. This formula
generates the bid price such that if Tk, > Tk, a bid price that is higher than P, is generated,

and vice versa. This is achieved by calculating bid prices based on the standard deviations of
electricity prices from the mean taken over a previous 24-hour window. The use of standard
deviations makes this formula adaptable for different regions, and price schemes. In this work,
equation (12) is used to generate bid prices when the thermostats are in cooling mode, as the
assumption is that the heating system is gas based and not electric.

4.3.2 Load Scheduler

The load scheduler receives the demand limit for HVAC and lighting loads from the BEM, and
based on this calculates all possible load configurations using this demand limit. This is achieved
using a k-NN classification algorithm, that matches the demand limit for HVAC to indexes that
represent different combinations of active HVAC units, while reserving a quantity of power
corresponding to the minimum level of acceptable lighting brightness. Once all the configurations
are known, the load scheduler uses the pre-defined load priorities and user comfort limits to
determine the optimal load configuration. Once the configuration of HVACs is determined, if there
is unused power left over from the demand limit, the level of brightness for lighting is increased
to a point that ensures the maximum possible user comfort is being maintained. An example of the
k-NN training data used to find load configurations for 5 HVAC units is given in Table 4.
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Table 4. Power consumption of HVACs and their corresponding indexes.

Power (kW) Index Active Compressor(s)
0.04 0 All Are Off
1.8 1 1
3.12 2 2
2.55 3 3
3.58 4 4
3.66 5 5
5.44 6 1,2
4.66 7 1,3
5.82 8 1,4
4.35 9 15
4,52 10 2,3
6.93 11 2,4
5.96 12 2,5
5.91 13 3,4
4.66 14 3,5
6.31 15 4,5
10.48 16 1,2,3
9.11 17 1,34
1.75 18 1,45
9.04 19 1,2,4
7.19 20 1,35
8.13 21 1,25
10.18 22 2,3,4
10.14 23 2,45
8.9 24 2,35
9.26 25 3,45
12.47 26 1,234
11.51 27 1,3,45
11.97 28 1,245
10.94 29 1,2,3,5
12.26 30 2,345
16.19 31 1,2,3,4,5

4.3.3 Load Priorities

In this work, the user defines different load priorities to individual HVAC units. This ensures
that the desired indoor temperatures are best maintained for areas given the highest priorities.
However, the algorithm is designed in such a way that, if the indoor temperature in a particular
area increases beyond the user comfort limit, the thermostat controlling this area will take the
highest priority. If multiple thermostats violate the user comfort limits, the HVACs will activate
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based on the priorities previously set among the individual thermostats. An example of how load
priorities change when the user comfort limit is violated if indoor temperature rises above 72°F,
for three different thermostats: T1, T2 and T3 in three different time steps: t1, t> and ts, is shown

in Table 5.

Table 5. Example of load priority allocation.

&1
Thermostat Setpoint (°F) Indoor Temperature Priority
CF)
T1 70 72 1
T2 70 72 2
T3 70 72 3
%)
Thermostat Setpoint (°F) Indoor Temperature Priority
CF)
T1 70 72 2
T2 70 72 3
T3 70 73 1
]
Thermostat Setpoint (°F) Indoor Temperature Priority
()
T1 70 72 3
T2 70 73 1
T3 70 73 2

In the first time-step ti, the three thermostats - T1, T2 and T3 are assigned priorities of 1, 2 and 3
respectively based on user preferences, with 1 being the highest priority. In the second time-step
t2, the indoor temperature of the area controlled by T3 rises above the user comfort limit and
hence takes the highest priority, whereas T1 takes the next highest priority of 2 and T2 takes the
lowest priority of 3. In the third time-step ts, the comfort limit for the area controlled by T2 is
violated, and therefore T2 takes the highest priority of 1, as it initially had a higher user set
priority than T3. This results in T3 now having the second highest priority, and T1 the least
priority as the indoor temperature of the area it controls is still within the comfort limits.

4.4 Case Studies

The developed DR algorithm was tested using real data collected from BEMOSS™ platform,
that has been deployed in a commercial building in Alexandria, Virginia. This is in addition to
testing using simulated data, to represent a number of different scenarios. For each case study
that has been carried out, the DR event takes place between 1pm-4pm, with bid prices being
generated by the customer 30 minutes before the DR event takes place. Following which the
double auction between the customer and the DR server takes place, and a clearing price as well
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as the demand limit for the customer is determined. In each case, equation (12) using setpoint
and indoor temperature data, user preferences, and price data for the previous 24 hours leading
up to the DR event, were used to generate bid prices for electricity. An example of the price data
for a 24-hour period prior to a DR event, retrieved from an online database is given in Table 6.

Table 6. Example of electricity prices over a 24-hour period.

Time Price($/kWh)
13:00 0.036
14:00 0.052
15:00 0.049
16:00 0.026
17:00 0.024
18:00 0.023
19:00 0.020
20:00 0.020
21:00 0.019
22:00 0.019
23:00 0.017
0:00 0.017
1:00 0.018
2:00 0.018
3:00 0.019
400 0.020
5:00 0.024
6:00 0.025
7:00 0.026
8:00 0.037
9:00 0.030
10:00 0.042
11:00 0.020
12:00 0.038

During the double-auction, the users bid price for electricity is submitted to the DR server, where
it is matched with the closest asking price and corresponding demand limit that has been
submitted by the electric utility. For each of the case studies, to represent the participation of the
electric utility in the double-auction, the following price and corresponding demand limit
structure has been used.
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Table 7. Pricing and corresponding demand limit.

Price ($/kWh) Demand Limit (kW)
0.000 0
0.020 5
0.040 10
0.060 15
0.080 20
0.100 25
0.120 30
0.140 35
0.160 40
0.180 45
0.200 50

The lighting load considered in the case studies is assumed to be dimmable, and during the DR
event, the brightness of lighting within user comfort limits is adjusted based on the power
consumption of HVAC loads and available demand limit. The power consumption of, lighting
load for different brightness levels was obtained from a previously conducted lab experiment,
where the brightness of a lighting load is varied and its corresponding power consumption is
recorded. The results of this experiment are given in the Table 8.

Table 8. Effect of brightness on lighting load power consumption.

Brightness of Lighting Load % Power Consumption
100 100
95 100
90 100
85 100
80 100
75 94.64
70 90.14
65 82.58
60 77.99
55 70.43
50 65.83
45 58.28
40 53.01
35 48.42
30 43.92
25 38.66
20 34.07
15 24.21

43



10 12.15

W

9.09

0 0.00

In the case studies, during DR the lighting brightness level is maintained between a minimum of
50% and maximum of 75%. The power consumption (kW) of lighting load for different
brightness levels is given in the Table 9.

Table 9. Brightness and corresponding lighting load power consumption

Brightness % Power (kW)
75 2.37
70 2.23
65 2.06
60 1.95
55 1.76
50 1.63

For each of the test cases, the values of the following parameters from equation (12) are set as
follows:

Tkmax = dees +2
Tkmin = dees -1
Lg = 75/100

Total number of HVAC loads
1000

G =

During the DR event, thermal behavior of the areas controlled by thermostats are simulated using
a statistical building model, based on historical data collected over a period of two years- during
2016 and 2017. The BEM system records HVAC and lighting data at one-minute intervals.

4.4.1 Case Studies Using Real Data

Four different test cases during days with some of the highest average outdoor temperatures in
July 2018 were carried out, in which the actual data recorded by BEMOSS™, in addition to user

44




inputs, was used to generate bid prices for electricity prior to the DR event on that day. In each
case, the controllable loads were five HVACSs and the brightness levels of the total lighting load
on a single floor of the building. Load priorities for HVACs, controlled by their thermostats, (T1-
T5) are given in the following order- T1>T2>T3>T4>T5. An amount of 2kW- the maximum
power consumption of the total plug load, is subtracted from the allocated demand limit in each
case, as the operation of these loads do not change during a DR event. The DR algorithm based
on the received demand limit, begins to control loads 15 minutes before the DR event, to ensure
the total load is below the demand limit when the DR event starts.

Case 1l

In this test case, prior to the DR event when the user bid price is generated, all five HVAC units
are in operation, as each of the thermostats (T1-T5) recorded an indoor temperature greater than

the set point, which was set to 70°F.

Table 10. Indoor temperatures, electricity prices and demand limit for casel.

T1(°F) T2 (°F) T3 (°F) T4 (°F) T5(°F) | BidPrice | Cleared | Demand Limit
($/kWh) Price (kw)
($/kWh)
74 72 71 71 73 0.066 0.060 15

Based on the results of the double-auction, the total demand limit is 15kW, of which 2kW is for
plug loads, a minimum of 1.63kW is for lighting at 50% brightness, which can go up to a maximum

of 2.37kW for 75% brightness therefore leaving 11.37kW for HVAC loads.
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Figure 17. Comparison of 24-hour total power consumption for case 1.

From Fig. 17 we see that during the DR event between 1pm-4pm, the red line representing power
consumption using the DR algorithm stays within the 15kW demand limit. In comparison, the
blue line representing the base case, rises to a maximum power consumption of 20.49kW during
this time. During the DR event, the total energy consumption using DR is 40.12kWh compared
to 55.23kWh for the base case. Therefore, the total energy saving using the DR algorithm is
15.15 kWh (27.44%).

46



HVAC Power

18
16
14 U ‘
S 1 ittt it siesesaseesseenseersennseinseenseenssensenariiees
{_:/10 B T ey
S 8 TS 2
no-. 6 _ P
4 .
2
0
13 14 15 16
Hour
= Base Case +eee-- DR eeeeee HVAC Demand Limit

Figure 18. Comparison of HVAC power consumption for case 1.

Fig. 18 shows the red DR line stays within the DR limit of 11.37kW for HVAC loads. whereas
without DR, the power consumption never falls below 12.46 kW. During the DR event, the
HVAC energy consumption using DR is 28.81kWh compared to 43.12kWh for the base case.
The total HVAC energy saving from using the DR algorithm is 14.31kWh (33.20%).
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Figure 19. Variation of indoor temperatures during case 1.
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The indoor temperature readings from Fig. 19 show that only 2 thermostats- T1 and T5 initially
have a higher temperature than the user comfort limit due to higher initial indoor temperatures at
the start of the DR event, however once brought within the comfort level, they both manage to
reach the set point temperature of 70°F, and later stay within the comfort limit. The indoor

temperatures of T1and T5 violate the user comfort limit no more than 10% and 6.77% of the DR
event duration respectively.
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Figure 20. Comparison of lighting power consumption for case 1.

From Fig. 20 we observe the maximum Demand limit for lighting loads of 2.37kW is never
reached, as not all the lighting loads are turned on. During the DR event, the lighting energy
consumption using DR is 5.64kWh compared to 6.48kWh for the base case. The total lighting
energy saving from using the DR algorithm is 0.84kWh (12.96%).
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Figure 21. Variation of lighting brightness during case 1.

Fig. 21 shows us that the lighting brightness using the DR algorithm is always kept within the user
comfort limits and always above the minimum comfort level, at times reaching the maximum
permitted brightness of 75% during the DR event. Initially the brightness is set at 60%, since at
the beginning of the DR event, four HVACs are active and there is not enough power left over
within the demand limit for a higher brightness level. Once the HVAC controlled by T3 becomes
inactive, the brightness is increased to 75%. At this time, HVACs controlled by T1, T2 and T5 are
active, and there is a sufficient amount of power left in the demand limit to do so. Later in the DR
event, brightness decreases to 70%, when HVACs controlled by T1, T2 and T4 are active, and
there is not enough power left over to maintain 75% brightness.

Case 2

In this case, four of the five HVACs (T1-T3 and T5) are active, with indoor temperatures above
the 70°F setpoint, when the user bid price is generated.

Table 11. Indoor temperatures, electricity prices and demand limit for case 2.

T1(°F) T2 (°F) T3 (°F) T4 (°F) T5(°F) | BidPrice | Cleared | Demand Limit
($/kWh) Price (kW)
($/kWh)
72 73 71 70 72 0.059 0.060 15

Table 11 shows that after the bid price is cleared at the DR server, the total demand limit is 15kW,
of which 2kW is for plug loads, and once again a minimum of 1.63kW is for lighting loads,
therefore leaving 11.37kW for HVAC loads.
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Figure 22. Comparison of 24-hour total power consumption for case 2.

Fig. 22 shows the red DR line stays within the 15kW demand limit, during the entire DR event
between 1pm-4pm. However, during this time the blue base case line reaches a maximum power
consumption of 20.53kW. During the DR event, the total energy consumption using DR is

37.67kWh compared to 53.60kWh for the base case. The total energy saving throughout the DR
event is 15.93kWh (29.71%).
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Figure 23. Comparison of HVAC power consumption for case 2.

In Fig. 23 we see the red DR line stays within the DR limit of 11.37kW for HVAC loads,
whereas the base case line reaches a maximum load of 16.28kW. During the DR event, the

16

HVAC energy consumption using DR is 25.84kWh compared to 41.21kWh for the base case.

Using the DR algorithm, 15.38kWh (37.31%) of HVAC energy is saved.
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Figure 24. Variation of indoor temperatures during case 2.

Fig. 24 illustrates the fact that using the DR algorithm, all thermostats reach the cool setpoint of

70°F, and the indoor temperature for each remains within the user comfort limit throughout the
DR event.
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Figure 25. Comparison of lighting power consumption for case 2.

In Fig. 25 we see that the lighting power consumption always remains below the maximum
demand limit. During the DR event, the lighting energy consumption using DR is 6.32kWh
compared to 6.87kWh for the base case. Using the DR algorithm, we find an energy saving of
0.55kWh (7.94%) for lighting loads.
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Figure 26. Variation of lighting brightness during case 2.
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Fig. 26 shows us that the lighting brightness using the DR algorithm is always kept above within
the user comfort limits and always above the minimum comfort level, and is kept at the maximum
75% brightness for the majority of the DR event. Initially four HVACs controlled by thermostats
T1, T2, T3 and T5 are active, and based on the power left over within the demand limit, the
maximum brightness is set to 65%. The brightness increases to 75% when the HVAC controlled
by T3 becomes inactive, and later on drops for a short period of time to 70% when the HVAC
controlled by T4 becomes active. After some time, the brightness returns to 75% when the HVAC
controlled by T1 turns off, and stays at this level for the remainder of the DR event.

Case 3

Three of the five HVACs (T1, T4 and T5) have higher indoor temperatures than the 70°F setpoint
and are therefore active when the bid price for DR is generated.

Table 12. Indoor temperatures, electricity prices and demand limit for case 3.

T1(°F) T2 (°F) T3 (°F) T4 (°F) T5(°F) | BidPrice | Cleared | Demand Limit
($/kWh) Price (kW)
($/kWh)
71 70 70 71 71 0.047 0.040 10

From Table 12 we see the double-auction yields a demand limit of 10kW. This will therefore leave
6.37kW for HVAC operation, after the minimum power consumption for lighting and plug loads
are truncated from the demand limit.
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Figure 27. Comparison of 24-hour total power consumption for case 3.
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Fig. 27 once again shows us that using the DR algorithm, the total demand limit of 10kW is
maintained during the DR event, whereas the base case reaches a maximum total load of
20.67kW. During the DR event, the total energy consumption using DR is 25.62kWh compared

to 42.97kWh for the base case. Throughout the DR event, 17.35kWh (40.37%) of energy is
saved.

HVAC Power

— =
[T & B N

Power (kW)
=]

6
4
2 .~
0
13 14 15 16
Hour
= Base Case coeees DR ecesee HVAC Demand Limit

Figure 28. Comparison of HVAC power consumption for case 3.

From Fig. 28 we observe the red DR line stays below the DR limit of 6.37kW for HVAC loads,
however the base case line reaches a maximum load of 12.54kW. During the DR event, the
HVAC energy consumption using DR is 15.05kWh compared to 31.81kWh for the base case.
The use of the DR algorithm yields a HVAC energy saving of 16.76kWh (52.70%).
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Figure 29. Variation of indoor temperatures during case 3.

Fig. 29 shows us that all the thermostats stay within the user comfort limit with the only exception
being T5. Though this is the thermostat with least priority, it only violates the user comfort limit
for 14% of the total DR time before coming back within the user comfort limit.
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Figure 30. Comparison of lighting power consumption for case 3.
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In Fig. 30 We see that the lighting power consumption using the DR algorithm always remains
below the maximum demand limit, even though this limit is breached in the base case with a
maximum power consumption of 2.49kW. During the DR event, the lighting energy
consumption using DR is 4.94kWh compared to 5.53kWh for the base case. The DR algorithm
yields lighting energy savings of 0.59kWh (10.60%).
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Figure 31. Variation of lighting brightness during case 3.

Fig. 31 Illustrates the fact that throughout the DR event, the lighting brightness is kept above the
minimum brightness, and is kept at the maximum possible 75% brightness for most of the DR
event. Initially when the HVACs controlled by thermostats T1 and T4 are active, the maximum
possible brightness is 65%. Later the brightness rises to 75% when the HVAC controlled by T4
becomes inactive. The brightness drops to 65% for some time again when the HVAC controlled
by T4 is active again, but returns to 75% when the HVAC controlled by T5 is activated in place
of the HVAC controlled by T4, as its indoor temperature reaches 73°F. For a short period of time
later on, the brightness drops to 60% when HVACs controlled by T2 and T5 are active, but
returns to 75% when the HVAC controlled by T5 is turned off, and there is enough power left
within the demand limit to maintain this level of brightness.
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Case 4

In this test case, prior to the DR event when the user bid price is generated, only two of the five
HVACs (T4 and T5) are active, as their thermostats have not reached the desired 70°F setpoint.

Table 13. Indoor temperatures, electricity prices and demand limit for case 4.

T1(°F)

T2 (°F) T3 (°F) T4 (°F) T5(°F) | BidPrice | Cleared | Demand Limit
($/kWh) Price (kW)
($/kWh)
70 70 70 71 72 0.046 0.040 10

Table 13 shows that upon clearing of the bid price, a demand limit of 10kW is received from the

DR server, leaving 6.37kW for HVACs to be active after curtailing the minimum power
consumption for lighting and plug loads.

Total Power

25

20
gls
s
g2 10
[

5

0

01 2 3 45 6 7 8 910111213 14151617 18 19 20 21 22 23
Hour
e Base Case ¢ooees DR

Figure 32. Comparison of 24-hour total power consumption for case 4.

From Fig. 32 we observe that throughout the DR event, the red DR line remains below the total
load demand limit of 10kW, in contrast to the base case that reaches a maximum load of
19.58kW during this time. During the DR event, the total energy consumption using DR is
25.15kWh compared to 45.68kWh for the base case. The total energy savings as a result of
using the DR algorithm in this case is 20.53kWh (44.94%).
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Figure 33. Comparison of HVAC power consumption for case 4.

Fig. 33 illustrates the trend in HVAC power consumption, which with the use of the DR
algorithm is kept below the HVAC demand limit of 6.37kW, in comparison to the base case
which reaches a maximum of 15.7kW. During the DR event, the HVAC energy consumption
using DR is 14.51kWh compared to 34.55kWh for the base case. The HVAC energy savings
achieved here is 20.04kWh (57.99%) throughout the duration of the DR event.
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Figure 34. Variation of indoor temperatures during simulated case 4.

From Fig. 34 we observe that the DR algorithm is able to maintain the user comfort limits for all

five thermostats, while also being able to bring them down to their desired setpoint at different
points throughout the DR event.
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Figure 35. Comparison of lighting power consumption for case 4.
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Fig. 35 shows us that the entire lighting load is not active during the DR event, and therefore the
power consumption of both the DR and base cases are below the maximum lighting demand limit.
During the DR event, the lighting energy consumption using DR is 5.23kWh compared to
5.72kWh for the base case. The total lighting energy savings amount to 0.49kWh (8.56%).
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Figure 36. Variation of lighting brightness during case 4.

As can be seen in Fig. 36 for the majority of the DR event the lighting is at its maximum
permitted brightness of 75% during the DR event. For less than 4% of the duration of the DR
event, the brightness is at the minimum level of 50%. Initially only the HVAC controlled by
thermostat T5 is active, and there is enough power within the demand limit to keep lighting
brightness at 75%. This drops to 65% later on when HVACs controlled by T3 and T4 are active
and then drops to the minimum 50% when the HVAC controlled by T5 is turned on, once T3
reaches its target setpoint. Once the HVAC controlled by T4 reaches its setpoint and becomes
inactive, the brightness returns to 75%. Towards the end of the DR event, the brightness drops to
65% when HVACs controlled by T3 and T4 are again active.

4.4.2 Cases Using Simulated Data

Four additional test cases were simulated — two to investigate the performance of the DR

algorithm when one or zero of the five HVACs (cases which could not be found in the recorded
data) were active at the time of bid price generation, and another two cases to show how the DR
algorithm would perform when total load is scaled up to 2 and 4 times the total load of the cases
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in section 4.4.1. In all of these cases, the rate at which cooling or heating of the areas controlled
by thermostats occurs, has been simulated based on historical data.

Simulated Case 1

In this test case, only one of the five HVACs is active prior to the DR event when the user bid
price is generated. Thermostat T5 recorded an indoor temperature greater than the set point that
was set to 70°F. Load priorities for HVACs controlled by their thermostats (T1-T5) are given in
the following order- T1>T2>T3>T4>T5. It is assumed that the plug load is constant at 2kW
whereas all the lighting load is turned on, leading to a power consumption of 2.5kW before the

DR event.

Table 14. Indoor temperatures, electricity prices and demand limit for simulated case 1.

T1(°F) T2 (°F) T3 (°F) T4 (°F) T5(°F) | BidPrice | Cleared | Demand Limit
($/kWh) Price (kW)
($/kwWh)
70 70 70 70 72 0.044 0.040 10

Based on the cleared user bid price in Table 14 the DR server allocates a demand limit of 10kW,
making 6.37kW available to operate HVACs, whereas 2kW is allocated to the plug load and a

minimum of 1.63kW is needed to maintain the minimum brightness of lighting loads.
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Figure 37. Total power consumption for simulated case 1.

16




From Fig. 37 we observe that throughout the DR event, the DR algorithm is capable of
maintaining the total power consumption below the demand limit of 10kW, reaching a maximum
value of 9.97kW. The total energy consumption throughout the DR event is 28.88kWh.
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Figure 38. HVAC power consumption for simulated case 1.

Fig. 38 illustrates how the HVAC load varies during the DR event, as it is kept below the
demand limit of 6.37kW. The maximum HVAC power consumption is 6.31kW while the total
energy consumption during the DR event is 16.18kWh.
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Figure 39. Variation of indoor temperatures during simulated case 1.

From Fig. 39 we see that by the start of the DR event, the indoor temperature of T1-T4 increases
to 71°F whereas the indoor temperature of T5 is still at 72°F. The only two thermostats that
violate the user comfort limit are T4 and T5, the two thermostats with the least priority. Even
then T4 and T5 are above the user comfort limit for a maximum time of 16.67% and 25% of the
DR event, spending most of the DR event duration within the comfort limit.
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Figure 40. Lighting power consumption for simulated case 1.

Fig. 40 illustrates the lighting power that is kept at or below the lighting demand limit of 2.37kW
by the DR algorithm. The total lighting energy consumption is 6.70kWh.
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Figure 41. Variation of lighting brightness during simulated case 1.
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From Fig. 41 we observe that throughout the DR event, the lighting brightness is kept within the
specified limits, with brightness being at a minimum level of 50% for only 11.11% of the total DR
event duration. Initially the brightness is set to 75% when HVACs controlled by T1 and T2 are
active and there is enough power left over within the demand limit to maintain this level of
brightness. This briefly falls to 65% when HVACs controlled by T3 and T4 are active but again
rises to 75% when the HVAC controlled by T5 turns on in place of the HVAC of T4. Later on, the
brightness falls to 70% for a short period of time, when HVACs controlled by T1 and T2 turn on
due to higher priority in place of T3 and T5, but air handlers for the latter pair are active for a few
minutes after the HVACs are turned off. Further into the DR event, the brightness reduces to 65%
when the HVACs of T3 and T4 are again active, and then the brightness reaches the minimum
50% when HVACs of T4 and T5 are active, and there is not enough power left over within the
demand limit to maintain a higher level of brightness. The brightness returns to 75% when the
HVAC of T4 turns off as its indoor temperature is brought back within the comfort limit and the
HVAC of T3 is activated in its place. The brightness drops to 60% for a short time when the HVAC
of T2 takes the place of the HVAC of T3 due to higher priority, but comes back to 75% when the
HVAC of T1 takes the place of the HVAC of T2. After this, for a short period of time, the
brightness drops to 70% when the HVAC of T2 is activated in place of T5, while the air handler
of T5 is still active, but soon the brightness climbs back up to 75%.

Simulated Case 2

In this simulated case, the areas controlled by all five thermostats are at the desired setpoint of
70°F, therefore none of the five HVACs are active when the bid price is generated for the DR
event. Once again, load priorities for HVACs controlled by their thermostats (T1-T5) are given in
the following order- T1>T2>T3>T4>T5, which all have a target setpoint of 70°F. It is assumed
that the plug load is constant at 2kW whereas all the lighting load is turned on, leading to a power
consumption of 2.5kW before the DR event.

Table 15. Indoor temperatures, electricity prices and demand limit for simulated case 2.

T1(°F) T2 (°F) T3 (°F) T4 (°F) T5(°F) | BidPrice | Cleared | Demand Limit
($/kWh) Price (kw)
($/kWh)
70 70 70 70 70 0.039 0.040 10

Table 15 shows that even when none of the HVACs are active, the total demand limit is 10kW, of
which 2kW is for plug loads, a minimum of 1.63kW is for lighting therefore leaving 6.37kW for

HVAC loads.
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Figure 42. Total power consumption for simulated case 2.

The DR algorithm manages to keep the total power consumption below the 10kW demand limit
as shown in Fig. 42 The total energy consumption during the DR event is 28.45kWh.
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Figure 43. HVAC power consumption for simulated case 2.

As shown in Fig. 43 The total HVAC power is kept below the demand limit of 6.37kW, reaching
a maximum value of 5.96kW. The total HVAC energy consumption is 15.63kWh.
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Figure 44. Variation of indoor temperatures during simulated case 2.

From Fig. 44 we observe that by the start of the DR event, the indoor temperature for all five
thermostats has increased by one degree to 71°F. Even then the DR algorithm is able to cool T1-
T4 to the setpoint of 70°F and keep them within the user comfort limit, whereas T5 exceeds the
limit for a maximum of 22.22% of the DR event duration.
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Figure 45. Lighting power consumption for simulated case 2.
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Fig. 45 Illustrates the variation in lighting power throughout the DR event, which is kept at or
below the maximum DR consumption level of 2.37kW. The total lighting load energy
consumption is 6.82kWh.
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Figure 46. Variation of lighting brightness during simulated case 2.

The DR algorithm manages to keep the lighting brightness at 75% for the majority of the DR
event without ever reaching the minimum brightness level of 50%. Initially the brightness is set
to 75% when HVACs controlled by thermostats T1 and T2 are active. After some time into the
DR event there is a drop in brightness to 65%, when the HVACSs of T3 and T4 are active. The
brightness returns to 75% when HVACs of T1 and T2 are active and those of T3 and T4 are
turned off. Further into the DR event there is a drop in brightness to 60% when HVACs of T3
and T4 are on but the air handler for the HVAC of T1 is still active, given the HVAC was turned
off only a few minutes before this. The brightness returns to 75% when the HVAC of T5 turns
on in place of the HVAC of T3 as the comfort limit of T5 is reached, and beacuase there is
enough power left over within the demand limit to maintain this level of brightness. Towards the
end of the DR event, brightness varies between 60% and 65% as the configuration of HVACs of
T1, T2, T3 and T5 change, due to load priorities, with the brightness eventually coming back to
75% when only the HVACs of T1 and T2 remain active.
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Simulated Case 3

This test case is designed to demonstrate the ability of the DR algorithm to perform on a larger
scale, where the load profile has been doubled from the previous cases. Here there are 10 HVACs,
5kW of active lighting load before the DR event and 4kW of constant plug load. Load priorities
for HVACs controlled by their thermostats (T1-T10) are given in the following order-
T1>T2>T3>T4>T5> T6>T7>T8>T9>T10, which again all have a target setpoint of 70°F.

In this case study, prior to the DR event when the user bid price is generated, five of the ten odd
number HVACs are in operation, with areas being controlled by these HVACSs having an indoor
temperature above the user comfort limit at 73°F, while the other ten HVACs are inactive as their
thermostats have reached the desired setpoint.

Table 16. Indoor temperatures, electricity prices and demand limit for simulated case 3.

TL | T2 | T3 | T4 | 15 | 76 | T7 | T8 | 79 | T10 | Bid | Cleared | Demand

CRHICRH|ICRA|CR|CH[ICH|CH|ERH | CF | (CF) | Price Price Limit
($/KWh) | ($/kWh) | (kW)

73 70 | 73|70 [ 73|70 | 73|70 | 73| 70 | 0.081 | 0.080 20

After the bid price in Table 16 is cleared the DR server allocates a demand limit of 20kW, leaving
12.74kW for HVAC operation, as 4kW is reserved for plug load and another 3.26kW is needed to
maintain the minimum brightness level of lighting load.
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Figure 47. Total power consumption for simulated case 3.
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As seen in Fig. 47 Using the DR algorithm, the total power consumption during the DR event is
kept at or below the total demand limit of 20kW. The total energy consumption during this
period is 58.49kWh.
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Figure 48. HVAC power consumption for simulated case 3.

Fig. 48 illustrates that the total HVAC power is kept below the demand limit of 12.74kW
throughout the duration of the DR event, reaching a maximum of 12.48kW. The total HVAC
energy consumption during the DR event is 33.75kWh.
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Figure 49. Variation of indoor temperatures during simulated case 3.

We observe from Fig. 49 that of the 10 thermostats, four of them- T7, T8, T9 and T10 cross the
user comfort limit. However, this is only for a short period of time, before being brought back to
within the comfort limits with T7 being above the comfort limit for a maximum of 12.78%,
while T8-T10 are over for a maximum of 16.67% of the total DR event duration.
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Figure 50. Lighting power consumption for simulated case 3.

From Fig.50 it can be seen that the total lighting load is kept at or below the demand limit of
4.74kW. The total energy consumption of lighting load during this time is 12.74kWh.
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Figure 51. Variation of lighting brightness during simulated case 3.
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As show in Fig. 51 the lighting brightness is maintained within the specified levels, with
brightness reaching a minimum level for only 19.44% of the entire duration of the DR event.
Initially the brightness is set to 75% when HVACs of T1, T3, T5 and T7 are active. The
brightness varies as the configuration of active HVACs changes throughout the DR event, with a
minimum of 50% reached on two occasions. First when HVACs of T1, T2, T4 and T9 are active,
and then again later when HVACs of T1, T4, T6 and T7 are active. Towards the end of the DR
event the brightness falls for a short period of time to 55% when HVACs of T4, T7, T8 and T10
are active, but the brightness changes back to 65% when HVACs of T5 and T6 take the place of
the HVACs of T8 and T10, due to higher load priority.

Simulated Case 4

This test case is an extension of the previous case, where the load profile has again been doubled
from the previous cases. Now there are 20 HVACs, 10kW of active lighting load before the DR
event and 8kW of constant plug load. Load priorities for HVACs controlled by their thermostats
(T1-T20) are given in the following order-T1>T2>T3>T4>T5>T6>T7>T8>T9>T10>
T11>T12>T13>T14>T15> T16>T17>T18>T19>T20 which all have a common setpoint of 70°F.

In this case study, prior to the DR event when the user bid price is generated, ten of the twenty odd
number HVACSs are in operation, with an indoor temperature of the areas being controlled by these
HVACSs above the user comfort limit at 73°F, while the other ten HVACs are inactive as their
thermostats have reached the desired setpoint.

Table 17. Indoor temperatures, electricity prices and demand limit for simulated case 4.

TL | T2 | T3 | T4 | 15 | 76 | 77 | 78 | 79 | T10 | Bid | Cleared | Demand
CRH | CR | CH|CR | CPH | CPR | CF|CF | CF) | (F) | Price | Price Limit
($/kWh) | ($/kWh) | (kW)
73707370737 ][73|70]73] 7| 0127] 0.120 30
T11 | T12 | T13 | T14 | T15 | T16 | T17 | T18 | T19 | T20
CRHICHICHCHICHICHICHICHCH|CF
73707370737 ][73|[70]|73] 70

Once the bid price is cleared, the demand limit that is obtained is 30kW. Of this 8kW is reserved
for constant plug load, 6.52kW is needed to maintain the minimum lighting brightness during the
DR event and the remaining 15.48kW is available to operate HVACs.
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Figure 52. Total power consumption for simulated case 4.

Fig. 52 shows how the total power consumption at any given time is kept below the demand limit
of 30kW, peaking at a value of 29.64kW. The total energy consumption during the DR event is
89.22kWh.
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Figure 53. HVAC power consumption for simulated case 4.

75



The DR algorithm manages to keep the HVAC power within the specified demand limit as
shown in Fig. 53 The highest HVAC power consumption is 15.35kW, whereas the total HVAC
energy consumption is 42.08kWh.
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Figure 54. Variation of indoor temperatures during simulated case 4.

In this case, a larger number of thermostats record indoor temperatures going above the user
comfort limit- T1-T4 and T6 are always within the comfort limit, T5 and T7 are over for a
maximum of 12.78%, whereas T11, T13, T15, T17 and T19 are over the comfort limit for a
maximum 33% of the DR event duration.
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Figure 55. Lighting power consumption for simulated case 4.

From Fig. 55 We see that the DR algorithm is able to maintain the lighting power throughout the
DR event below the demand limit of 9.48kW, reaching a maximum of 8.92kW. The total lighting
energy consumption is 23.14kWh.
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Figure 56. Variation of lighting brightness during simulated case 4.
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The DR algorithm is able to maintain the lighting brightness within the desired brightness limits,
while only operating at the minimum brightness level 7.22% of the total DR event duration.
Initially the brightness is set to 65% when HVACs of thermostats T1, T3, T5, T7 and T9 are
active, and this is the maximum brightness that can be achieved with the power left over within
the demand limit. The brightness then varies at different times during the DR event based on the
configuration of active HVACs. The brightness is set to a minimum level of 50% when the
HVACs of T8, T10, T11, T12 and T14 are active, and there is not enough power to maintain a
higher level of brightness. However, this is for a short period of time before the brightness rises
back up to 70%, when the configuration of active HVACs changes again.

4.5 Results and Discussion

The demand response algorithm consisting of the user bid price calculation as well as a load
scheduling technique for HVAC and lighting loads was tested in a number of real and simulated
case studies.

A total of eight different case studies were carried out, based on different bid prices and demand
limits summarized in Table 18.

Table 18. Summary of case study prices and demand limits.

Real
Case Bid Price (%) Cleared Price ($) | Demand Limit (kW)
1 0.066 0.06 15
2 0.059 0.06 15
3 0.047 0.04 10
4 0.046 0.04 10
Simulated
Case Bid Price (%) Cleared Price ($) | Demand Limit (kW)
1 0.044 0.04 10
2 0.039 0.04 10
3 0.081 0.08 20
4 0.127 0.12 30

From the Table 18, we observe that the bid price is matched to its nearest possible clearing price,
after which the demand limit associated with that cleared price is allocated to the customer. In
general, as the bid price increases, the allocated demand limit also increases, proving that the bid
price equation developed in equation (12) can accurately model the increase in demand.
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For the cases using real data, a summary of the energy savings and effect on user comfort limits
and preferences are summarized in Table 19.

Table 19. Summary of case study results.

Case Demand Total DR | Total DR | Max Time> | Lighting>Minimum
Limit (kW) Energy Energy Comfort DR Brightness (%)
Savings Savings Limit (%)
(KWh) (%)
1 15 15.22 27.45 10 100
2 15 16.83 29.70 0 100
3 10 17.35 40.38 14 100
4 10 20.54 44.94 0 96

As we go from Case 1 to Case 4 in Table 19 the demand limit decreases, leading to an increase
in total energy savings. This is an expected result as in general a reduced demand limit, will
lower the active time of each HVAC at any given time, increasing energy savings. Also, between
cases having the same demand limit, if the bid price for one case is lower than the other, the
energy savings are expected to be higher, as the lower initial bid price reflects a lower demand.
In two out of the four cases, there is a short percentage of time during the DR event when the
user comfort limit for indoor temperature is crossed. In each case, while the comfort limit is
crossed, the corresponding HVAC gain highest priority and quickly bring the indoor temperature
back within the user comfort limit. In case 1 this only happens because at the start of the DR
event, the indoor temperature of the area controlled by T1 and T5 are above the user comfort
level to begin with. In case 3 this happens only for the area controlled by T5, which has the
lowest priority of all the thermostats.

The results also show that the DR algorithm is able to consistently maintain a level of lighting
during the DR event higher than the specified minimum brightness level, with 4% being the most
time spent with minimum lighting brightness, only in case 4.

The effect of the allocated demand limit on the 4 simulated cases are summarized in Table 20.

Table 20. Summary of simulated case study results.

Case Demand Limit Max Time> Lighting>Minimum
(kW) Comfort Limit Brightness (%)
(%)
1 10 25 88.89
2 10 16.67 100
3 20 16.67 80.56
4 30 33 92.78

In both cases 1 and 2 only the area controlled by the thermostat T5 set to least priority, crosses
for a short period of time the comfort limit of indoor temperature. The maximum time above this
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level for case 1 is slightly higher, as in this case the indoor temperature of the area controlled by
T5 is at 72°F from the beginning of the DR event. Given it has the least priority, it spends a
longer period of time above the user defined comfort limit. In case 2, once again T5 has the
lowest priority and therefore its corresponding indoor temperature eventually crosses the comfort
limit having started with an indoor temperature of 71°F at the beginning of the DR event. In case
3, the demand limit increases as the total load has been doubled from before. The two
thermostats given least priority T9 and T10 spend a relatively short maximum period of time
above the indoor temperature comfort limit. In regards to case 4, the total load is now four times
that of the cases using real data, meaning there are 20 HVACSs that are to be controlled. The
maximum time spent above the comfort limit is for the T11, T13, T15, T17, T19, which are
among the thermostats with the bottom half of priority. The areas controlled by these thermostats
started the DR event with an indoor temperature of 72°F, therefore it is expected that areas
controlled by these thermostats will cross the comfort limit for some time.

From Table 20 we can also see that the level of lighting brightness maintained by the algorithm
throughout the DR event is mostly above the minimum brightness level, with the least amount of
time being spent above the minimum level recorded at 80.56% for case 3.

5. Conclusion

In this dissertation, two broad solutions for commercial building demand response have been
presented. The first was a load disaggregation algorithm, used to disaggregate the power of
several individual HVACs whose combined power data was collected using a single power
meter. The second work focused on a demand response algorithm involving the determination of
an optimal bid price for double-auctioning between the user and the electric utility, and then a
load scheduling technique that controls single floor HVAC and lighting loads in a commercial
building, considering user preferences and load priorities.

In the case of load disaggregation, a number of different machine learning classification
algorithms were tested including: Decision Trees (DT), Discriminant Analysis (DA), Support
Vector Machine (SVM) and k-Nearest Neighbors (k-NN). Using input features such as one-
minute interval real and reactive power of the compressors and air handlers, in addition to phase
currents of both, the k-NN model was found to be the most efficient model in solving the
problem of aggregated power disaggregation. The error in each of the test cases was less than
10%, where the power consumption, in addition to the status of activity of each HVAC was
predicted. This level of error is comparable and, in some cases lower than the error found in
existing load disaggregation techniques for different load types. Therefore, the model developed
here can be accurately used for the purpose of power disaggregation of identical loads.

Considering the demand response algorithm, a bid price equation has been developed which
takes into consideration the current and desired state of HVAC and lighting loads as well as
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considering the variations in electricity prices for 24-hours prior to the DR event. This equation
is then able to generate a bid price for electricity that corresponds to a demand limit based on
which an optimal load configuration is found. The load scheduling part of the algorithm involves
using a k-NN classification algorithm to match the demand limit for controllable loads, to an
optimal load configuration that effectively utilizes the demand limit.

The developed DR algorithm was tested in a number of real and also simulated case studies.
During a DR event, HVAC and lighting loads were controlled by reasonably staying within user
comfort limits of indoor temperature and lighting brightness. The minimum amount of energy
saved from a three-hour DR event was found to be 27.5%, which is comparable and, in some
cases, greater than savings found from using existing DR algorithms for a DR event of the same
duration of time. When accumulated over a period of time, this will result in a significant
reduction in electric bills for the user, and help to reduce stress conditions on the electric grid
during peak load hours.

The main contributions of this dissertation can be summarized as follows:

1. A novel approach is presented to disaggregate the power data from an aggregated power
usage signal, of multiple identical HVACs. This was done in order to identify which
HVAC units are in operation at any given moment in time, and also to predict the power
consumption, allowing the fine-grained monitoring of the individual devices whose data
has been aggregated together, using only a single power meter therefore reducing costs
and enhancing security.

2. A double-auction DR algorithm was developed that controls HVAC and lighting loads in
commercial buildings, that takes into consideration the user’s preferences and load
priorities which results in the maximum possible peak reduction and energy savings for the
customer.

3. A novel customer bid price equation was developed that considers the impact of HVAC
and lighting loads.

4. A load scheduling technique was created based on machine learning that considers user
preferences and load priorities.

6. Future Work

The load disaggregation technique that has been presented in this work focuses only on
disaggregating HVAC loads. In the future this work could be extended, to disaggregate other
load types such as lighting and plug loads. This would alleviate the need for individual power
meters for different load types, making the system even more economically feasible and secure.
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The demand response algorithm that has been developed can be extended to control plug loads in
addition to HVAC and lighting loads. Examples of such loads could be: water heaters, electric

vehicle charging points etc. The demand response algorithm could also be extended in the future
to include the integration of renewables such as solar PV and wind generation, as energy sources.

The demand response algorithm uses a statistical building model to simulate indoor thermal
behavior, which is based on historical data for the test building. The existing model could be
replaced with a physical building model, using standards defined in the ASHRAE (American
Society of Heating, Refrigerating and Air-Conditioning Engineers) handbook. This would enable
the implementation of the demand response algorithm in newly designed buildings, that do not
have historical data.
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