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Background & Motivation

➢ 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.

➢ For efficient building energy usage, it is necessary to have accurate information of its real-time energy consumption, both at an 

aggregate and individual device level.

➢ Therefore, to enable efficient energy usage in commercial buildings, there is a need for the development of an efficient Demand 

Response (DR) algorithm that can make use of disaggregated real-time power consumption data, of individual controllable 

devices such as HVAC and lighting loads.    



Findings From Literature Review

➢ A number of different load disaggregation techniques have been carried out using electrical signatures, graphical methods, event

detection, clustering techniques, neural networks, and probability-based approaches.

➢ Double-auction techniques have been developed for the transaction of electricity and resources in a number of different scenarios.

➢ Demand Response algorithms have been developed using different machine learning techniques and transactive control 

strategies, while some are also based on load priorities, user comfort and load scheduling.

➢ Demand Response potential has been evaluated using software platforms such as- Matlab, EnergyPlus, GridLab-D. 



Research Gaps 

➢ The problem of disaggregating data from an aggregated signal coming from identical appliances or devices, that may be active 

simultaneously has not yet been fully addressed.

➢ A demand response algorithm that incorporates double-auctioning, load priorities, user comfort, and machine learning to give an 

optimal load configuration, has not yet been fully explored.



Scope & Objectives

➢ Disaggregate the lump power consumption data of identical HVAC units to obtain the electrical consumption data of individual 

HVAC devices.

➢ Improve peak load reduction and energy efficiency opportunities in smart buildings by implementing a novel DR algorithm, 

implementing the control of HVAC and lighting loads.

➢ Quantify the peak load reduction and energy savings opportunities, as a result of using the DR algorithm.



Tasks & Contributions

➢ Use machine learning classification algorithms to disaggregate the power consumption of identical aggregated loads (HVAC), 

thus reducing costs and enhancing security as fewer power meters are required.

➢ Develop a DR algorithm that controls HVAC and lighting loads to implement DR. This algorithm aims to maximize peak load 

reduction and energy savings for the user, considering the user’s comfort preferences. 

➢ Quantify and analyze the DR potential. This gives utilities insight into DR potentials among their users, and usage patterns.



Test Building & Data Collection

➢ BEMOSS™ (Building Energy Management Open Source Software –www.bemoss.org) developed by Virginia Tech, has been 

deployed at the School of Public and International Affairs academic building, Alexandria, VA. 

➢ Here BEMOSS™ is used on the 2nd floor of the building to monitor and control five HVAC compressors serving the cooling 

needs for office spaces, air handler units, lighting & plug loads. 

➢ Using the aggregated power & current data from these devices, machine learning algorithms are used for HVAC power 

disaggregation.

➢ Thermostat setpoints, HVAC and lighting power data in addition to user preferences, are used to implement a DR algorithm for 

HVAC and lighting control.



HVAC Power Disaggregation Using Supervised 

Machine Learning Algorithms



Methodology

The main contributions in this work are as follows:

➢ 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.

➢ 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 identical loads is carried out.



Dataset (Compressor Index)

➢ 32 combinations of 5 compressors

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 1,3,4

18 1,4,5

19 1,2,4

20 1,3,5

21 1,2,5

22 2,3,4

23 2,4,5

24 2,3,5

25 3,4,5

26 1,2,3,4

27 1,3,4,5

28 1,2,4,5

29 1,2,3,5

30 2,3,4,5

31 1,2,3,4,5



Dataset (Training/Test Data)

Training Data:

➢ Compressor data (real and reactive powers along with the phase currents).

➢ Air Handler Unit data (real and reactive powers along with the phase currents).

➢ Index was assigned to each possible combination and was then matched with the corresponding power data.

➢ Tested all possible 32 combinations of 5 compressors for 30 minutes each, during first half of 2017.

Test Data:

➢ Inputs are same as training data, except indexes were not entered into the models, only used for validation.

➢ Tested all possible 32 combinations of five compressors for 15 minutes each, within a 24-hour period in June 2017.

➢ Tested k-NN model to predict indexes and corresponding power consumption during five different 24-hour test periods in August 

2017.



Data Analysis (Models)

➢ Four supervised machine learning classification algorithms were tested:

1. Decision Trees (DT)

2. Support Vector Machine (SVM)

3. Discriminant Analysis (DA)

4. k-Nearest Neighbors (k-NN)

➢ Models using only compressor data, and also a combination of  compressor and air handler data were tested.

➢ Models using a combination of all the features (real power, reactive power & phase currents) from both compressor and air 

handler data, were most accurate at predicting the correct indexes. The results from these models are shown in the following 

slides.



Case Studies 

➢ Testing each of 32 indexes Using Compressor & Air Handler Data.

➢ Predicted Indexes from Decision Trees are accurate to within 60% of the True Index values.

➢ Predicted Indexes from SVM are accurate to within 90% of the True Index values.



Case Studies 

➢ Testing each of 32 indexes Using Compressor & Air Handler Data.

➢ Predicted Indexes from Discriminant Analysis are accurate to within 96% of the True Index values.

➢ Predicted Indexes from k-NN are accurate to within 99% of the True Index values.



Case Studies 

➢ The combined k-NN model is used to predict index values and corresponding power consumption, during five 24-hour period 

case studies. The predicted and actual power consumption values are then compared.

➢ For Day 1, the average RMSE over the 24-hour test period is 1.13kW out of a total maximum load of 11.40 kW.

➢ The average RMSE for Day 2 over the 24-hour test period is 0.91kW out of a total maximum load of 10.48 kW.



Case Studies 

➢ For Day 3, the average RMSE over the 24-hour period  is 0.99 kW out of a total maximum load of 10.53kW.

➢ The average RMSE over the 24-hour period in Day 4 is 1.14kW out of a total maximum load of 11.44kW. 



Case Studies 

➢ In the case of Day 5, the average RMSE of predicted compressor power compared to the real values is 1.06kW out of a total 

maximum load of 11.32kW.



Results

➢ The table below shows the accuracy of predicted index values of the different models compared to the true index values, 

for each of the possible 32 indexes consecutively. The combined k-NN model has the greatest accuracy of 99% when 

predicting index values.

➢ Results from the combined k-NN model for five different 24-hour period test cases are shown in the table below:

➢ 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. 

Model DT SVM DA k-NN

Accuracy of 

Predicted Indexes

60% 90% 96% 99%

Test Case Average RMSE 
(kW)

Total Maximum 
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



Double-Auction Demand Response of HVAC and 

Lighting Loads Using Machine Learning and 

User Preferences 



Methodology

The main contributions in this work are as follows:

➢ A double-auction Demand Response (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.

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

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

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 Building Energy Management (BEM) system.



➢ The developed DR algorithm implemented in a BEM, would communicate with a DR server in order to control HVAC and 

lighting loads distributed throughout a single floor of a commercial building.

Methodology



Demand Response Algorithm

➢ Given a demand limit ‘D’ from the DR server, for ‘n’ number of HVAC units, the load scheduling technique can 

be formulated as the following maximization problem:

Maximize P = σ𝑘=1
𝑛 𝑃H𝑘 + 𝑃L +𝑃p

Subject to-

𝑃 ≤ 𝐷

𝑃H, 𝑃L, 𝑃p ≥ 0

𝑃p 𝑖𝑠 𝑎 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡

Here given in kW,

𝑃 = Total power consumption 

𝑃H = Power consumption of 𝑛 HVAC units 

𝑃L = Total power consumption of lighting load

𝑃p = Total power consumption of plug loads 

𝐷 = Demand Limit 



➢ The schematic below gives a brief overview of the DR algorithm that has been developed.

Demand Response Algorithm



At a particular 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:

𝑃𝑏𝑖𝑑 = 𝑃𝑎𝑣𝑔 + σ𝑘=1
𝑛 (𝑇𝑘𝑐𝑢𝑟− 𝑇𝑘𝑑𝑒𝑠)∗(𝑆𝑘𝐻− 𝑆𝑘𝐿)∗𝑃𝑑𝑒𝑣

(𝑇𝑘𝑚𝑎𝑥− 𝑇𝑘𝑚𝑖𝑛)
+ 𝐿𝐵 ∗ 𝑃𝑑𝑒𝑣 + 𝐺

Where,

𝑇𝑘𝑐𝑢𝑟 = The current indoor air temperature (°F) of area controlled by kth thermostat

𝑇𝑘𝑑𝑒𝑠 = The desired temperature setpoint (°F) of kth thermostat

𝑇𝑘𝑚𝑖𝑛 = Minimum acceptable indoor temperature (°F) of area controlled by kth thermostat

𝑇𝑘𝑚𝑎𝑥 = Maximum acceptable indoor temperature (°F) of area controlled by kth thermostat

𝑆𝑘𝐻 = Standard deviations between 𝑇𝑘𝑑𝑒𝑠 and 𝑇𝑘𝑚𝑎𝑥 of kth thermostat

𝑆𝑘𝐿 = Standard deviations between 𝑇𝑘𝑑𝑒𝑠 and 𝑇𝑘𝑚𝑖𝑛 of kth thermostat

𝐿𝐵 = Desired lighting brightness

𝐺 = Pricing gain

𝑃𝑑𝑒𝑣= Standard deviation of price in 24-hour window

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

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

Double-Auction Bid Price 



Electricity Rates

➢ For a DR event between 1pm-4pm ,an example of the price data for a 24-hour period prior to, retrieved from an online database is

given below: 



Double-Auction Prices and Demand Limits

➢ To represent the participation of the electric utility in the double-auction, the following price and corresponding demand limit

structure has been used:



Load Scheduler
➢ A k-NN classification algorithm, 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.

➢ An example of the k-NN training data used to find load configurations for 5 HVAC units is given below:

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 1,5

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 1,3,4

7.75 18 1,4,5

9.04 19 1,2,4

7.19 20 1,3,5

8.13 21 1,2,5

10.18 22 2,3,4

10.14 23 2,4,5

8.9 24 2,3,5

9.26 25 3,4,5

12.47 26 1,2,3,4

11.51 27 1,3,4,5

11.97 28 1,2,4,5

10.94 29 1,2,3,5

12.26 30 2,3,4,5

16.19 31 1,2,3,4,5



Load Priorities

➢ 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, t2 and t3, is shown below:



Lighting Data

➢ 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 below:



Lighting Data

➢ 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 below:

Brightness % Power (kW)

75 2.37

70 2.23

65 2.06

60 1.95

55 1.76

50 1.63



𝑃𝑏𝑖𝑑 = 𝑃𝑎𝑣𝑔 + ෍

𝑘=1

𝑛
(𝑇𝑘𝑐𝑢𝑟− 𝑇𝑘𝑑𝑒𝑠) ∗ (𝑆𝑘𝐻− 𝑆𝑘𝐿) ∗ 𝑃𝑑𝑒𝑣

(𝑇𝑘𝑚𝑎𝑥− 𝑇𝑘𝑚𝑖𝑛)
+ 𝐿𝐵 ∗ 𝑃𝑑𝑒𝑣 + 𝐺

For each of the case studies, the values of the following parameters in the bid price equation are set as follows:

𝑇𝑘𝑚𝑎𝑥 = 𝑇𝑘𝑑𝑒𝑠 + 2

𝑇𝑘𝑚𝑖𝑛 = 𝑇𝑘𝑑𝑒𝑠 - 1

𝐿𝐵 = 75/100

𝐺 =
Total number of HVAC loads

1000

➢ Bid prices are generated by the customer 30 minutes before the DR event takes place.

➢ 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.

➢ The DR event is between 1pm-4pm in each case.

Case Studies



➢ 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 preferences was used to generate bid prices for electricity prior

to the DR event on that day.

➢ In each case, the controllable loads are five HVACs, and the brightness 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. 

➢ An amount of 1.63kW- the minimum power consumption of the total lighting load (50% brightness), is subtracted from the 

allocated demand limit, when calculating the optimal configuration of HVACs. 

➢ The maximum recorded total lighting load is 2.5kW, and during DR a maximum of 2.37kW (75% brightness) of the demand limit 

can be allocated for lighting.

Case Studies Using Real Data



Case 1

➢ In this test case, prior to the DR event when the user bid price is generated, all five HVACs 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. 

➢ 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%).

T1 (°F) T2 (°F) T3 (°F) T4 (°F) T5 (°F) Bid Price 

($/kWh)

Cleared 

Price 

($/kWh)

Demand Limit 

(kW)

74 72 71 71 73 0.066 0.060 15



Case 1

➢ HVAC energy consumption using DR is 28.81kWh compared to 43.12kWh for the base case. The total HVAC energy saving using the DR algorithm is 14.31kWh (33.20%).

➢ The indoor temperatures of T1and T5 violate the user comfort limit no more than 10% and 6.77% of the DR event duration respectively. 

➢ Lighting energy consumption using DR is 5.64kWh compared to 6.48kWh for the base case. The total lighting energy saving using the DR algorithm is 0.84kWh (12.96%).

➢ Lighting brightness is always kept above the minimum comfort level, at times reaching the maximum permitted brightness of 75%.



Case 2

➢ In this case, four of the five HVACs (T1, T2, T3 and T5) are active, with indoor temperatures above the 70°F setpoint, when the user bid price is generated.

➢ 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%).

T1 (°F) T2 (°F) T3 (°F) T4 (°F) T5 (°F) Bid Price 

($/kWh)

Cleared 

Price 

($/kWh)

Demand Limit 

(kW)

72 73 71 70 72 0.059 0.060 15



➢ 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.

➢ 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.

➢ 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%).

➢ Lighting brightness is always kept above the minimum comfort level, and is kept at the maximum 75% brightness for the majority of the DR event.

Case 2



T1 (°F) T2 (°F) T3 (°F) T4 (°F) T5 (°F) Bid Price 

($/kWh)

Cleared 

Price 

($/kWh)

Demand Limit 

(kW)

71 70 70 71 71 0.047 0.040 10

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. 

➢ 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.



Case 3

➢ The HVAC energy consumption using DR is 15.05kWh compared to 31.81kWh for the base case. Using the DR algorithm yields a HVAC energy saving of 16.76kWh (52.70%). 

➢ T5 with least priority, only violates the user comfort limit for 14% of the total DR time before coming back within the user comfort limit.

➢ 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%).

➢ Lighting brightness is always kept above the minimum comfort level, and is kept at the maximum 75% brightness for the majority of the DR event.



T1 (°F) T2 (°F) T3 (°F) T4 (°F) T5 (°F) Bid Price 

($/kWh)

Cleared 

Price 

($/kWh)

Demand Limit 

(kW)

70 70 70 71 72 0.046 0.040 10

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. 

➢ 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%).



Case 4

➢ 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%). 

➢ The user comfort limits for all five thermostats are maintained and brought down to their desired setpoints at different points throughout 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%).

➢ For less than 4% of the duration of the DR event, the brightness is at the minimum level of 50%.



Four additional test cases were simulated-

➢ Two to investigate the performance of the DR algorithm when 1 or 0 of the five HVACs (cases which could not be found in the 

recorded data) were active at the time of bid price generation before the DR event. Load priorities for HVACs controlled by their 

thermostats (T1-T5) are given in the following order: T1>T2>T3>T4>T5

➢ 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

actual test building.

Case Studies Using Simulated Data



T1 (°F) T2 (°F) T3 (°F) T4 (°F) T5 (°F) Bid Price 

($/kWh)

Cleared 

Price 

($/kWh)

Demand Limit 

(kW)

70 70 70 70 72 0.044 0.040 10

Simulated Case 1

➢ 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.

➢ The total power consumption is kept below the demand limit of 10kW. 

➢ The total energy consumption throughout the DR event is 28.88kWh. 



Simulated Case 1

➢ The DR line stays within the DR limit of 6.37kW, with a total HVAC energy consumption of 16.18kWh.

➢ The only two thermostats that violate the user comfort limit are T4 and T5, for a maximum time of 16.67% and 25% of the DR event.

➢ Lighting power is kept at or below the lighting demand limit of 2.37kW by the DR algorithm. The total lighting energy consumption is 6.70kWh. 

➢ The lighting brightness is at a minimum level of 50% for only 11.11% of the total DR event duration. 



T1 (°F) T2 (°F) T3 (°F) T4 (°F) T5 (°F) Bid Price 

($/kWh)

Cleared 

Price 

($/kWh)

Demand Limit 

(kW)

70 70 70 70 70 0.039 0.040 10

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. Load priorities for HVACs controlled by their thermostats (T1-T5) are given in the following order: T1>T2>T3>T4>T5

➢ The total power consumption is kept below the demand limit of 10kW. 

➢ The total energy consumption during the DR event is 28.45kWh.



Simulated Case 2

➢ The DR line stays within the DR limit of 6.37kW, with a total HVAC energy consumption of 15.63kWh.

➢ The indoor temperature for all five thermostats increases by a degree to 71°F, T5 exceeds the limit for a maximum of 22.22% of the DR event duration.  

➢ Lighting power is kept at or below the lighting demand limit of 2.37kW by the DR algorithm. The total lighting load energy consumption is 6.82kWh. 

➢ 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%. 



T1 (°F) T2 (°F) T3 (°F) T4 (°F) T5 

(°F)

T6 

(°F)

T7 

(°F)

T8 

(°F)

T9 

(°F)

T10 

(°F)

Bid 

Price 

($/kWh)

Cleared 

Price 

($/kWh)

Demand 

Limit (kW)

73 70 73 70 73 70 73 70 73 70 0.081 0.080 20

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 lighting load 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.

➢ The total power consumption is kept at or below the demand limit of 20kW. 

➢ The total energy consumption during this period is 58.49kWh.



Simulated Case 3

➢ The DR line stays within the DR limit of 12.74kW, with a total HVAC energy consumption of 33.75kWh.

➢ T7 is 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. 

➢ 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.

➢ The minimum brightness level is reached for only 19.44% of the entire duration of the DR event.



T1 

(°F)

T2 

(°F)

T3 

(°F)

T4 

(°F)

T5 

(°F)

T6 

(°F)

T7 

(°F)

T8 

(°F)

T9 

(°F)

T10 

(°F)

Bid 

Price 

($/kWh)

Cleared Price 

($/kWh)

Demand 

Limit (kW)

73 70 73 70 73 70 73 70 73 70 0.127 0.120 30

T11 

(°F)

T12 

(°F)

T13 

(°F)

T14 

(°F)

T15 

(°F)

T16 

(°F)

T17 

(°F)

T18 

(°F)

T19 

(°F)

T20 

(°F)

73 70 73 70 73 70 73 70 73 70

Simulated Case 4

➢ This test case is an extension of the previous case, where the load profile has again been doubled from the previous case. Now there are 20 HVACs, 10kW of lighting load 

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.

➢ The total power consumption is kept below the demand limit of 30kW. 

➢ The total energy consumption during the DR event is 89.22kWh.



Simulated Case 4

➢ The DR line stays within the DR limit of 15.48kW, with a total HVAC energy consumption of 42.08kWh.

➢ 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. 

➢ Lighting power is kept below the lighting demand limit of 9.48kW by the DR algorithm. The total lighting energy consumption is 23.14kWh. 

➢ The lighting brightness is at a minimum level of 50% for only 7.22% of the total DR event duration. 



➢ A total of eight different case studies were carried out, based on different bid prices and demand limits summarized in the table 

below:

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

Results



➢ For the cases using real data, a summary of the energy savings and effect on user comfort limits are summarized in the table 

below:

Results

➢ From case 1 to case 4 the demand limit decreases, as fewer HVACs are active prior to the DR event.

➢ Among cases having the same demand limit, if the bid price for one case is lower than the other, the energy savings are higher, as 

the lower initial bid price reflects a lower demand.  

➢ In case 1 the indoor temperature of the area controlled by T1 and T5 are above the user comfort level to begin with at 73°F.

➢ In case 3 the indoor temperature rises above the user comfort limit for the area controlled by T5, which has the lowest priority of 

all the thermostats. 

Case Demand Limit (kW) Total DR Energy 
Savings (kWh)

Total DR Energy 
Savings (%)

Max Time> Comfort 
Limit (%)

Lighting>Minimum DR 
Brightness (%)

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



➢ The effect of the allocated demand limit on the 4 simulated cases are summarized in the table below:

Case Demand Limit 
(kW)

Max Time> Comfort 
Limit (%)

Lighting>Minimum 
Brightness (%)

1 10 25 88.89

2 10 16.67 100

3 20 16.67 80.56

4 30 33 92.78

Results

➢ In both cases 1 and 2 only the area controlled by the thermostat T5 set to least priority, crosses the comfort limit of indoor 

temperature. The maximum time above this 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. 

➢ In case 2, the 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 above time the indoor temperature comfort limit. 

➢ In case 4, the maximum time spent above the comfort limit is for the T11, T13, T15, T17, T19, which are among the thermostats 

with some of the lowest priority. These areas controlled by these thermostats started the DR event with an indoor temperature of

72°F.



Conclusion

➢ Power disaggregation techniques were presented, in which the aggregated power data of multiple HVACs from a single power 

meter was disaggregated to give individual device data.

➢ Parameters such as the real and reactive power of the compressors and air handlers are used in addition to the phase currents of 

both.

➢ The k-NN model using both compressor and air handler data, was found to be the most efficient model to solve the problem of 

aggregated power disaggregation. 

➢ Using the combined k-NN model, for each of the five 24-hour test cases, the average RMSE of the predicted power consumption 

is less than 10% of the total maximum load in each case, illustrating the accuracy of the combined k-NN classifier model in not 

only predicting the correct index at any given time, but also predicting the corresponding power consumption of the aggregated 

compressors.

➢ Using the developed DR algorithm, from the test cases the minimum amount of energy saved from a three-hour DR event was 

found to be 27.5%.

➢ 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:

➢ 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. 

➢ 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.

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

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

Conclusion



➢ Power disaggregation of an aggregated signal can be used to monitor the activity of individual load types/devices at any given 

time, with the use of just a single smart meter.

➢ This would significantly reduce the installation and maintenance costs of the entire system. 

➢ The method could also be used for fault detection and to improve energy efficiency.

➢ This would enhance security, as the use of a single meter would reduce the opportunity of malicious attacks. 

➢ The developed DR algorithm would improve peak load reduction and energy efficiency opportunities in smart buildings, reducing

the stress conditions on the electric grid.

➢ Using the DR algorithm would also reduce the users demand charge during peak load hours. 

Commercial Value



➢ 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.

➢ 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.

Future Work


