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          ABSTRACT 

 

 

SUHAS RAJU. Analytics for Fault Detection and Energy Management in Large 

Retail Portfolios. (Under the Direction of DR. ROBERT W. COX) 

 

 

Energy managers responsible for large real-estate portfolios typically review 

Energy Star scores and Energy Use Intensity (EUI) to determine which facilities to target 

for retrofit or audit. In the case of a large portfolio of small retail facilities, the cost for a 

full audit can be expensive and the benefits may only be realized when retrofits can be 

performed across many facilities. This thesis proposes an approach that utilizes a 

combination of smart meter data and building automation system (BAS) data. The authors 

have tested this approach across two retail bank portfolios consisting of approximately 

2,000 locations.  The proposed approach uses a combination of change-point models 

coupled with in-person audits and BAS time series data analysis to extract key features 

driving energy use.  The thesis includes results from a field study demonstrating the impact 

of the retrofit measures proposed by the developed system. 
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 INTRODUCTION AND BACKGROUND 

 

 

Given the increasingly lower cost of building automation systems and the power of 

cloud computing, real-estate owners are increasingly looking to analytics to drive energy 

efficiency.  Many analytics tools in today’s market focus on the use of rules engines for 

fault detection and diagnosis.  Other efforts are considering the use of machine learning 

that leverages large data sets. While rules engine provided limited benefits for large real 

estate portfolios, Machine learning applications failed because data sets do not include 

enough training data to develop robust algorithms.  This thesis considers several use cases 

and features that have developed based on data from over 2,000 retail bank locations in the 

United States.  This thesis explores the use of Change-Point Modelling (CPM), key feature 

extraction methods using time series data available in the Building Automation System 

(BAS) coupled with onsite audits to provide analytics for fault detection and energy 

management in large real estate portfolio.   

 

1.1 Motivation 

 

 

The buildings sector accounts for approximately 33% of worldwide greenhouse gas 

emissions and more than 40% of primary energy usage [1]. Therefore, to meet the balanced 

economic and environmental goals of a sustainable society, having efficient building is a 

necessity and it has attracted increased research and development [2][3]. Sustainability has 

also proved to have huge monetary benefits for large real estate owners [4]. Energy 

efficient buildings help curb carbon emissions, thus paving a way for safer future for 

generations to come[5][6][7]. For example, among the Wells Fargo Commercial buildings 

we surveyed, an average energy consumption per site is 80,000 kWh, a 1% reduction for 
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Wells Fargo represents about 380 residential homes removed. Therefore, our research 

focuses on improving Energy Analytics and Energy Management in large real estate 

portfolios using robust fault detection methods. 

 

1.2 Objective of This Work 

 

 

Given the increasingly lower cost of building automation systems and the power of 

cloud computing, real-estate owners are increasingly looking to analytics to drive energy 

efficiency. Many analytics tools in today’s market focus on the use of rules engines for 

fault detection and diagnosis [8][9].  The work in this thesis focuses on retail buildings 

owned by two of the largest retail banks in the world.  From a detailed study of the systems 

used by those companies, the author determined that their existing rules-driven analytics 

could not answer one of the most common portfolio-owner questions, namely “Why does 

one building use more energy than another?”  

Other recent efforts in the area of building energy analytics consider the use of 

machine-learning algorithms that leverage large data sets, but often these data sets do not 

include sufficient training data to develop robust algorithms [10].  Although there are 

successful applications of advanced adaptive algorithms, they tend to be for larger 

buildings [11].   

Several recent studies have examined the use of analytics and sensing for fault detection 

and diagnosis in buildings. Katipamula and Brambley generated an early work that 

summarized the literature in this area [12] [13].  That work was recently updated with a 

study examining 197 different publications focused on fault detection and diagnosis in 

buildings [14].  Only 31 of the 197 papers examined small buildings.  Based on the review, 
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171 out of 197 papers focused on development of Automated Fault Detection and 

Diagnostics (AFDD) methods for building systems such as air-conditioning and heat 

pumps, and the majority consider detailed performance issues, such as loss of refrigerant 

or insufficient air flow.   Across the thousands of buildings studied in this thesis, none had 

access to the sensors or algorithms required for such detailed monitoring.  The buildings 

targeted in this work were small and featured a diversity of Heating Ventilation and Air 

Conditioning (HVAC) equipment, including air-conditioners, gas-fired furnaces, heat 

pumps, and boilers.    

Since most recent literature focuses on large buildings and equipment health, this 

research moves towards answering general questions that arise while dealing with large 

portfolios of small buildings. Therefore, this thesis considers ways to develop a robust 

analytics platform for a large real estate portfolio consisting of small buildings (1000 to 

6000 ft2) utilizing monthly energy consumption data and controller time series data from 

different types of simple HVAC systems.  

 

1.3 Contribution 

 

 

This thesis demonstrates ways to extract meaningful metrics and key performance 

indicators from the data streams typically available in small retail buildings.  This data can 

be used to develop robust algorithms for fault detection and energy management.  The 

thesis is focused on studying these retail facilities and beginning to learn the patterns that 

can be developed from the available data.  The work has been developed by examining 

data from thousands of locations owned and operated by two of the world’s largest retail 

banks.  
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There are two main portions of the work in this thesis. First, the author constructs 

industry-standard Change Point Models [16] using monthly energy consumption data 

provided by the portfolio owner.   Statistical inference and in-person audits are used to 

determine if the obtained parameters can provide helpful features. By demonstrating the 

benefits of Change Point Modelling (CPM) to the clients a further deep dive analysis is 

requested.  Second, deep-dive analysis was performed on some sites by exploring the time-

series data for HVAC systems to identify important features driving energy change.     

  

1.4 Organization of The Document 

 

 

The remaining chapters of this thesis describe how fault-detection schemes can be 

developed for small retail buildings with limited data. Chapter 2 describes the 

characteristics of the target retail buildings and explains how they each utilize energy. 

Chapter 3 discusses the application of Change Point Modelling Process, includes details 

on the Data preprocessing stage and the process for Automation of Change Point Models 

along with case studies and results. Chapter 4 explains the different ways to diagnose the 

root cause for changes in HVAC energy consumption along with case studies and results. 

Finally, Chapter 5 presents summary and future work.  
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 CHARACTERIZING RETAIL BUILDINGS 

 

 

This chapter characterizes the buildings studied in this thesis. Section 2.1 goes through 

eh basic building characteristics.  Section 2.2 describes the primary methods through which 

energy is consumed in these buildings.  Section 2.3 the describes the data vetting process 

and data sets available and for use in developing fault detection and diagnosis algorithms.   

 

2.1 Basic Building Characteristics 

 

 

The work described here focuses on small retail buildings that typically range in size 

from 1,000 to 6,000 ft2 spread across the whole country. Table 2.1 lists the characteristics 

of the buildings considered in this work.  Note that there were 4,697 buildings in total, and 

the average size is 5618 ft2.  Almost every site has at least one ATM and the average Energy 

Use Intensity (EUI) is 97 across the whole portfolio.  Figure 2.1 shows a photograph of a 

typical building in the class considered here.  

Small retail buildings in the portfolio examined here tend to have four various types of 

footprints.  Some of them are standalone, meaning that theyare not attached to any other 

building.  Figure 2.1 is an example of this variety.  These buildings are the primary target 

of this research.  Other facilities in the portfolio include those co-located within other 

building such as grocery stores, retail sites that are co-located with offices operated by the 

bank, and some are simply standalone automated teller machines (ATMs) located in 

parking lots or other facilities.  Unfortunately, those sites that are standalone retail are not 

known to the bank, and in many cases the author and the research team needed to use 

internet searches to determine the specific nature of the building.  
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TABLE 2.1: Description of summary file containing details of 4697 buildings 

Characteristic Value 

Total Number of Buildings 4,697 

Average Floor Area (ft2) 5618 

Minimum Floor Area (ft2) 75 

Maximum Floor Area (ft2) 70049 

Average Number of ATM’s 2 

Minimum Number of ATM’s 1 

Maximum Number of ATM’s 16 

Average Energy Use Intensity 

(kBTU/ ft2/ yr) 

97 

Unique ASHRAE Climatic Zones 16 

 

 

FIGURE 2.1 : Example of a standalone building 
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2.2 Typical Systems in the Target Buildings 

 

 

The author and his research team have closely examined the energy use in the buildings 

considered in this thesis. FIGURE 2.2 shows the typical consumption pattern in an example 

building over the course of one week.  This data was collected using extensive electrical 

submetering equipment that could measure the instantaneous power demand on each circuit 

in the building.  Note that demand is driven by the several groups of systems, namely 

exterior lighting, HVAC, interior lighting, plug loads, and equipment known as process 

loads.  In a bank, these process loads include water heaters, exhaust fans, and ATMs.  The 

general behaviors of each system are mentioned in the coming sections.   

 

FIGURE 2.2 : Power demand in an example retail building over one week. 

 

2.2.1 Exterior Lighting 

 

 

Exterior lighting system is a constant load that operated throughout the night and is 

generally controlled by a relay. Since the Exterior lighting is kept on throughout the night, 

it forced the nighttime load to be very high. In  FIGURE 2.2 , the dark blue component 
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shows the exterior lighting power consumption in kW, we can see that the power 

consumption pattern remains constant through the night from 6/15 to 6/22.  

 

2.2.2 Interior Lighting 

 

 

When it comes to interior lighting fluorescent or LED lighting were the most observed. 

Few of the facilities we encountered have automated controllers which turned on according 

to a schedule such as 8 am to 6 pm and were generally controlled by a relay.  FIGURE 2.3, 

shows the usage pattern of an interior light system, the maximum usage happens during 

the working hours from 8 am to 6 pm. The usage significantly lowers but does not go to 

zero during the night because few lights are kept on for emergency management.  

 
FIGURE 2.3 : Typical energy consumption pattern of Interior Light System 

 

2.2.3 Plug Loads and Process Loads 

 

 

Different types of plug loads included personal workstations such as PC, Monitors, 

Ancillary equipment. Shared equipment’s such as printers and breakroom equipment such 

as Microwaves, Coffee Makers etc. Process equipment such as ATMs. The actual pictures 

of the equipment’s seen at sites are shown in Figure 2.5. Printers and Workstations tend to 

draw power based on activity, else largely remain constant. The Workstations load rises 
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only when monitors became active as shown in FIGURE 2.5. ATM energy consumption 

pattern remained constant throughout the day as shown in FIGURE 2.6. 

 

FIGURE 2.4: Plug loads as seen at retail locations 

 

FIGURE 2.5 : Workstation Energy Consumption Pattern 
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FIGURE 2.6 : ATM Energy Consumption Pattern 

 

2.2.4 HVAC Systems 

 

 

HVAC system are the most complex and the most diverse among the buildings we 

encounter. Most small buildings have Constant Air Volume (CAV) systems where 

conditioned air is provided cyclically based on space temperature as show in FIGURE 2.7. 

In CAV systems the volume of flow rate of air is continuous when running. We also 

encountered various other types of HVAC systems such as Split systems and Packaged 

Roof top units (RTU). A short detail on HVAC operation and available HVAC sensor 

information are given in the coming paragraphs.   Heating in all these units were taking 

place either through heat pumps or through built in gas furnace. Only colder climate 

buildings have boilers that fired either by natural gas or fuel oil. Due to the presence of 

wide variety of HVAC system in the portfolio, we separated the buildings broadly with 

boilers and without as the two main categories of Buildings with HVAC systems.    
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FIGURE 2.7 : Cyclical Energy Consumption pattern of HVAC operation 

 

FIGURE 2.7, shows that the typical energy usage from a HVAC system. Energy use 

starts peaking during working hours and stays constant thought the working hours of the 

day. Usually small buildings have multiple HVAC units feeding several individual zones, 

such as a unit for lobby, a unit for conference room etc. Typical cyclical usage behavior is 

also common with vending machine and water heaters. 

Most facilities have constant volume vapor compression units such a split or RTUs as 

seen in Figure 2.8.  Typically, while working of a split system air conditioning a cold liquid 

refrigerant absorbs heat from the hotter room in the evaporator, cooling the room down. 

After absorption of heat the refrigerant changes phase to a gas and is put through a 

compressor to increase its temperature. The refrigerant then passes through the condenser 

coils, transferring heat from the refrigerant to the outside air. Refrigerant expands in order 
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to decrease its pressure and cool down to below the room's temperature to repeat the cycle 

again. 

 

 

 

For all the sites in portfolio the typical time series sensor data we have access to are 

Cooling Setpoint, Heating Setpoint, Zonal temperature and Control signals. Only at a few 

sites we have access to variables such as supply air temperature but is often found to have 

noisy values. The most important issue we have while dealing with these sensor data, is 

that the naming convection used for sensors, varied from building to building and causes a 

huge problem in automating the variables during data vetting process.  FIGURE 2.9, 

describes the process of thermostatic control. The green line on top of FIGURE 2.9 is the 

cooling setpoint, the blue line on the FIGURE 2.9 is the heating setpoint. The brown line 

is the room temperature and the green at the bottom of FIGURE 2.9 is the control signal. 

FIGURE 2.8 : Split System Air Conditioning 
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No conditioning happens when the room temperature is between the heating and the 

cooling setpoints. We can see that the cooling action begins once the temperature drops 

below the cooling setpoint and all the motors in the system are deenergized until the next 

temperature rises above the setpoint. 

 

FIGURE 2.9 : HVAC Thermostatic Control 

 

 

2.3 Data Vetting / Quality Control  

      

2.3.1 Data Introduction 

 

 

Data was provided by Wells Fargo. The data has utility bills, building information and 

Building Automation System sensor data from approximately 5000 commercial buildings 

spread across 30 states dating from the period January of 2015 to June 2019. The sensor 

data from BAS can only be accessed through specialized servers called as Ubiquity servers 
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and the data access is strictly limited to the research team within secure school network for 

bank security purposes. The utility and building information data were provided in the form 

of multiple spread sheets. Datasheets for Fuel Oil consumption, Electricity consumption, 

and Gas consumption were given separately and were roughly 30 mb of csv files each. 

Table 2.2 shows the abstract of the gas data set. Same data format is available for Electricity 

and Fuel Oil datasets. The term instance in Table 2.2 represents one month of gas 

consumption for any given building. A total of 486051 instances/months of gas 

consumption values were missing in the four-year period from 2015 to 2019 for 4,697 

buildings. Gas consumption is 0 for few buildings as show in Table 3.1, because either 

these buildings did not require heating due to their hotter climatic conditions or heating is 

done completely through electricity.  

 Similar missing data points were also present in Electricity and Fuel oil data. Most of 

the erroneous and missing data were older entries dating before Jan 2018. For quality 

control purposes we chose data from the period March 2018 to March 2019 for CPM 

analysis. 
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TABLE 2.2: Abstract of Gas Spread Sheet of roughly 5000 buildings for a period 

of 5 years. 

Characteristic Value/Type 

Data Set Characteristic  Multivariate, 

Time series 

Total Number of Buildings 4,697 

Number of Instances of Data 254856 

Number of Missing Values 486051 

Number of Attributes  12 

Average Monthly Gas Usage 

(kBtu) 

8407 

 

Minimum Monthly Gas Usage 

(kBtu) 

0 

Maximum Monthly Gas Usage 

(kBtu) 

115000 

Attribute Characteristics Real, 

Integer, 

Characters, 

Arbitary 
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TABLE 2.3 : Attribute Information for TABLE 2.1 

Attribute Information 

BE number Unique number for a 

given site 

Service Month Billing cycle period 

Site Name Unique name for a given 

site. 

Monthly Gas Usage Represents total gas 

consumed during a billing 

cycle 

Total Cost  Represents total financial 

cost during a billing cycle 

Unit Cost Represents per unit cost of 

Gas 

Address, City, State, Zip Represents the full 

address of the site 

Building type Represents if the building 

is a Administrate building 

or a regular bank 

Climatic Zone Represents nonstandard 

climatic zone 
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2.3.2 Data Inconsistencies 

 

 

There were several inconsistencies in data as all the spreadsheets were manually 

filled in. Few of these issues or a combination of the issues are listed below. 

1. Missing SI or Metric units for consumption data for ‘Total Usage’ column for Gas, 

Electric and fuel oil. 

2. Non integer values and special characters in the columns ‘BE Number’, ‘Total Usage’ 

and ‘Total Cost’. 

3. Missing monthly consumption data under ‘Total Usage'. 

4. Errors in state names and wrong zip codes. 

 

2.3.3 Change Point Modelling Data Abstract and Description  

 

 

One of the biggest challenges at the initial state of data pre-processing was 

understanding the units of consumption. As more information regarding the data were 

provided, the task of data pre-processing got easier. A detailed summary of data for all the 

4697 building were created using Python. Since the output files were small, the files were 

stored in google drive for easy access. Table 2.1, in Chapter 2, shows the abstract 

information of the summary file containing details of all sites. Similarly, the abstract of the 

data used for creation of Change Point Models is shown in Table 3.3. Sites spread across 

500 counties and 16 climatic zones were considered for CPM analysis. The Average 

Kbtu/Square foot/Month across the whole portfolio was 7.447595 for roughly 2500 

building.  
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TABLE 2.4: Abstract for Change Point Modelling Data 

Characteristic Value/Type 

Average Kbtu/Square foot/Month 7.447595 

 

Minimum Kbtu/Square foot/ 

Month 

0.003568  

Maximum Kbtu/Square foot/ 

Month 

290.0727  

Average Outside Air Temperature 61.68521  

Minimum Outside Air 

Temperature 

-2.4  

Maximum Outside Air 

Temperature 

98.5 

 

Missing Values 0 

Unique Counties 500 

 

The number of buildings considered for Change Point Modelling fell significantly from 

roughly 5000 to 2500, because of data quality issues. The sites required to have both clean 

temperature data from the National Oceanic and Atmospheric Administration (NOAA) and 

full utility data without missing values for Gas, Electricity or Fuel oil data for a through 

analysis. This demonstrates the quality control issues that arise while dealing with large 

portfolios.  

2.3.4 Calculations Used for Unit Conversions  
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The unit conversion for Electricity from kWh to kBtu, Fuel oil from Gallons to kBtu 

and for Natural Gas from Ccf to Kbtu is done using Energy star Portfolio Manager Thermal 

Conversion standards [15]. EUI was obtained by dividing total KBTU by gross square foot. 

 

2.3.5 Application Program Interface 

 

 

General diagram of Application Program Interface (API) as shown in Figure 2.10. API 

allow software applications to communicate with each other. API allows us to access large 

database with minimal code requirement from the request side. 

 

FIGURE 2.10: General API Structure 

Google API allows communication with Google services such as Search, Gmail and 

Maps. The general JSON data as returned from Google Maps Platform for any given 

address is FIGURE 2.11. The data was parsed using Pandas Data frame Library. 

National Climatic Data Center's tool called Climate Data Online (CDO) provides web 

services that bestow access to past and current climate data. NOAA API was targeted for 

software developers looking to create software applications that uses National Climatic 

Data Center (NCDC) weather and climate data. The general API call is given by 

  𝑆𝑡𝑎𝑡𝑖𝑜𝑛𝐷𝑎𝑡𝑎 =  𝑓(𝑃𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑠) 
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where the general parameters are shown in TABLE 2.5. For more details on different 

types of datasetid, datatypeid please refer Climate Data Online: Web Services 

Documentation. 

 

FIGURE 2.11: Google Maps JSON Data 

 

One of biggest challenges while using the NOAA API is choosing the right station, 

since the API call would return all the stations around a zip code or would mix and match 

temperature data from different stations for given address. Geodesic distance was used 

calculate distances from required location to all the stations nearby. Geodesic distance was 

calculated using latitude/longitude values returned from NOAA, Google API and the 
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stations closest with most data coverage were chosen. The process was performed using 

open source Python Library Geopy. 

 

TABLE 2.5: Parameters of NOAA API 

PARAMETER EXAMPLE DESCRIPTION 

datasetid GSOM Required. Accepts a single valid data set id.  

Data returned will be from the dataset 

specified. 

datatypeid ACMH Optional. Accepts a valid data type id or a 

chain of data type ids separate or a chain of data 

type ids separate d by ampersands. Data 

returned will contain all the data type(s) 

specified. 

start date 10/3/1970 Required. Accepts valid ISO formatted 

date (YYYY-MM-DD) or date time (YYYY-

MM-DDThh:mm:ss). Data returned will be 

after the specified date. Annual and Monthly 

data will be limited to a ten-year range while 

all other data will be limited to a one-year 

range. 

end date 9/10/2012 
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TABLE 2.6 : Parameters of NOAA API (continued) 

PARAMETER EXAMPLE DESCRIPTION 

units metric Optional. Accepts the literal strings 

'standard' or 'metric'. Data will be scaled and 

converted to the specified units. If a unit is not 

provided, then no scaling nor conversion will 

take place. 

includemetadata FALSE Optional. Defaults to true, used to improve 

response time by preventing the calculation of 

result metadata. 
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 CASE STUDY 1 - CHANGE POINT MODELLING 

 

 

At the very beginning of the project, the research group had only access to monthly 

energy consumption data. During this time, it was essential to develop systems that would 

extract features from only available data to provide insight to the portfolio owners. 

Therefore, we began developing an industry standard method called Change Point 

Modeling, with a hypothesis that the parameters coming out of the model can provide 

helpful features.   This chapter describes in detail the statistical procedure known as Change 

Point Modelling as shown in FIGURE 3.1 and discusses how the parameters of the models 

can be used to benchmark energy use, provide helpful features and provide basic fault 

detection across a large real estate commercial portfolio without in person audits. The 

entire process is divided into 4 step increment that is Data vetting / Quality Control, 

obtaining weather data, Model construction and the actual analysis. Data vetting / Quality 

Control and the process of obtaining weather data is described at the end of Chapter 2. 

Section 3.1 explains the creation of Change Point models. Section 3.2 explains the process 

of choosing the right change point model using engineering sense and statistical techniques. 
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Finally, Section 3.3 describes the application of Change Point Models across large real 

estate portfolio with case studies. 

             

FIGURE 3.1:  Change Point Modelling Process. 

 

3.1 Creation of Models 

 

 

Change point Models also known as Piece wise Linear Regression models were first 

developed to support ASHRAE’s Guideline-14P [16] for measuring retrofit savings[17]. 

Change Point models succeeded in capturing nonlinear relationship between heating and 

cooling energy use and outside air temperature [18]. Change Point Regression model uses 

least square regression to determine model coefficients. All the CPM use iterative grid 

search procedure to identify balance point temperatures that produce best fit to the data[19]. 

The general functional form of CPM heating and cooling models are shown below. 

 𝑌 = 𝐵1 + 𝐵2𝐻𝐷𝐷( 𝐵3) 

 𝑌 = 𝐵1 + 𝐵2𝐶𝐷𝐷( 𝐵3) 

Where Y is the Energy consumption, B3 is the heating/cooling slope, B1 is the base 

load, and HDD(B3) and CDD(B3) are heating and cooling degree days respectively. The 

general types of change point models as per ASHRAE Guideline 14 [16]are: 
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1𝑃: 𝐸 = 𝐶 

2 𝑃𝑜𝑖𝑛𝑡 ∶  𝐸 = 𝐶 + 𝐵1(𝑇)  

3 𝑃𝑜𝑖𝑛𝑡 𝐶𝑜𝑜𝑙𝑖𝑛𝑔 ∶ 𝐸 = 𝐶 + 𝐵1(𝑇 − 𝐵2)
+ 

3 𝑃𝑜𝑖𝑛𝑡 𝐻𝑒𝑎𝑡𝑖𝑛𝑔 ∶  𝐸 =  𝐶 + 𝐵1(𝐵2  −  𝑇)+ 

4 𝑃𝑜𝑖𝑛𝑡: 𝐸 =  𝐶 + 𝐵1(𝐵3 − 𝑇)+ + 𝐵2(𝑇 − 𝐵3)
+  

5 𝑃𝑜𝑖𝑛𝑡 ∶ 𝐸 = 𝐶 + 𝐵1(𝐵3 − 𝑇)+ + 𝐵2(𝑇 − 𝐵4)
+ 

where C is a Baseline, E is the energy consumption, T is the outside air temperature, 

and the Betas’s are regression coefficients or temperature change points depending on the 

model type. The () + and ()- notation indicates when the parenthetic term evaluates to 0 for 

negative and positive respectively.  The different types of Change Point Models are shown 

in Figure 3.3, Figure 3.4 and Figure 3.5. For example, in Figure 3.5, 5 Point Model, C is 

the baseline, B1 is called as the Cooling Sensitivity, B2 is the heating sensitivity, B3 is the 

Heating Change Point Temp and B4 is the Cooling Change Point temp. The Matrix of 

Coefficients for B can be calculated using Least Squares Regression method   

𝐵 = (𝑋′𝑋)−1𝑋′𝑌 

The root mean squared error of the model, RMSE, is a measure of the scatter of the 

data around the model. RMSE is computed from 

𝑅𝑀𝑆𝐸 = √
∑ (𝑌𝑖 − 𝑌̂𝑖)

2𝑛
𝑖=1

𝑛 − 𝑝
 

Where:  

• Monthly Energy: 𝑌 = [𝑦1 𝑦2 ⋯𝑦𝑛]𝑇 

• n is the number of months 

• p is the number of parameters 
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The general workflow for choosing the right change point temperature is show in 

Figure 3.2. 

 

FIGURE 3.2: Flow Chart of algorithm for finding the best-fit change-point model 

 

 



27 

 

 

FIGURE 3.3 : Types of Change Point Models 

 

FIGURE 3.4 : Types of Change Point Models 
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FIGURE 3.5 : Types of Change Point Models 

 

The variation in the models are in the calculation methods, especially in how the 

transformed temperature variables are calculated.  The general matrix form of few models 

is shown below. 

2 𝑃𝑜𝑖𝑛𝑡 ∶  𝑌 = [

𝑦1

𝑦2

..
𝑦𝑛

]    𝑋 =  

[
 
 
 
 
1 𝑇1

1  𝑇2

. .

. .
1 𝑇𝑛 ]

 
 
 
 

 

3 𝑃𝑜𝑖𝑛𝑡 𝐶𝑜𝑜𝑙𝑖𝑛𝑔 ∶  𝑌 = [

𝑦1

𝑦2

..
𝑦𝑛

]    𝑋 =  

[
 
 
 
 
1 (𝑇1 − 𝐵2)

+

1  (𝑇2 − 𝐵2)
+

. .

. .
1 (𝑇𝑛 − 𝐵2) 

+]
 
 
 
 

 

The obtained model parameters are then used to benchmark energy use over a real 

estate portfolio [20]. 

 

3.2 Automation of Change Point Models 

 

 

While working with 1000’s of buildings across the commercial portfolio, it becomes 

important that we automate the process of model section to save time. We adopted a process 
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from Paulus et al[11] , an algorithm for automating the selection of the temperature based 

change point model. The right CPM is decided through a series of tests. 

• Test 1: Are the slopes appropriate for the model shape? 

• Test 2: Are the coefficients are statistically significant? 

• Test 3: Are there enough data points in each section of the model? 

 The first test check if the model has the correct shape based. In Figure 3.6 for instance, 

as the temperature increases there will be an increasing cooling load, and vice versa for 

heating load. Hence it does not make engineering sense to have a model whose energy 

consumption goes low when heating and cooling loads increases. The second test is 

checking Significance of Coefficients for regression analysis. Assuming all the statistical 

assumptions for a linear least square’s regression were met, a T statistic is used to determine 

if the value of the slopes were significantly greater than 0. 

 

FIGURE 3.6 : Test for choosing Change Point Models 

 

The t-statistic for coefficient Bi is then 

 𝑡𝑖  =
𝐵𝑖

√(
𝑆𝑆𝐸

𝑛−𝑝
)√𝐶𝑖𝑖

 reject if  |ti| >  tα/2; n − p − 1Where 𝑆𝑆𝐸 =  𝑌′𝑌 − 𝐵′𝑋′𝑌 , n is 

number of samples, p is the number of parameters and Cii is obtained from 
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 (𝑋′𝑋)−1 =  [

𝑐00 𝑐01

𝑐10 𝑐11

⋯
…

𝐶0𝑘

…
⋮         ⋮ ⋱ ⋮ 
𝐶𝑘0 ⋮ ⋯ 𝐶𝑘𝑘

] . 

For 12 months data a T statistic threshold of 2.0 worked well for determining the 

significance of parameters, this was verified against Paulus et al [11] . The third test 

checked if enough points were presented in each piece of the piece wise regression model. 

For instance one of the examples shown in [11], the cooling sensitivity slope for 

temperatures below 20 is not physically possible. This issue often occurs when max and 

min temperature in the data set is near physical balance point temp of the building. Thus, 

this process of Automation for selection of Change Point Models were performed over 

3000 Buildings and parameters were analyzed 

 

3.3  Application and Results 

 

 

The Automated Change Point Models were applied on each monitored site at North 

Carolina (NC), Minnesota (MN), Florida (FL), California (CA), Arizona (AZ) and South 

Carolina SC, few of the output models are shown in Figure 3.7, Figure 3.8, Figure 3.9 and 

Figure 3.10. Each climatic zone has certain typical models, for instance, it is common to 

see cooling only related models in very hot climatic zones such as Arizona and Florida, 

any heating only related models in region like Minnesota. Observing a cooling model in a 

cold region or vice versa indicates a problematic building.  
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FIGURE 3.7 : Example of a 2 Point Cooling Model for a site in Arizona 2A 

 

 

FIGURE 3.8 :Example of a 2 Point Heating Model for a site in Minnesota 6A 
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FIGURE 3.9 : Example of a 3 Point Cooling Model for a site in South Carolina 3A 

 

 

FIGURE 3.10 : Example of a 3 Point Heating Model for a site in Minnesota 6A 

 

The two models in Figure 3.11 were created for buildings in Climate Zone 3A in North 

Carolina.  For the sake of simplicity, throughout coming section, the two sites on the left 

is called as Site A to the Right as Site B. 

The Site A in Figure 3.11, shows the model for a facility with a 3P heating type that 

has baseload energy consumption roughly 40% lower than the model for Site B. Site B, 

shows the result for a building where baseload energy consumption (denoted as 𝛽1) 

remains uncorrelated with weather(i.e. the 1P model) but has an extremely high EUI of 
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approximately 155𝑘𝐵𝑇1𝑈/(𝑓𝑡2𝑦𝑟). Such disparity in base load energy consumption 

could be caused by one or combination of factors such as low cooling setpoints, high 

heating setpoints, long equipment schedules, high infiltration, high lighting and plug loads, 

and poor insulation. Other possible causes for baseload disparity for similar buildings is 

show in TABLE 3.1. 

 

FIGURE 3.11: Two example changepoint models created for buildings in North Carolina 

in Climate Zone 3A 
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TABLE 3.1 : Potential recommendations that might be provided by examining the 

parameters from the changepoint model 

 

Measure Measure 

Increase Cooling Setpoints Eliminate electric heating 

Decrease Cooling Setpoints Decrease infiltration 

Reduce Equipment Schedules Reduce lighting load 

Decrease ventilation Reduce plug load 

Upgrade windows / add window 

films 

Check fossil fuel baseload 

Add/fix economizing 

Increase cooling system 

efficiency 

Add wall/ceiling insulation 

Increase heating system 

efficiency 

 



35 

 

 

FIGURE 3.12 : Relationship between EUI and the baseload parameter (β1) from the CPM 

for buildings in North Carolina in Climate Zone 3A 

 

We can see in Figure 3.12, the Base load parameter 𝛽1 showed strong linear dependency 

with EUI for the buildings located in Climate Zone 3A in North Carolina. To understand 

the high degree of correlation the research group conducted site visits throughout North 

Carolina and South Carolina. Many such visited sites were found to have high infiltration 

rates and poor insulation levels. Most visited sites had ceilings with lay in acoustic ceiling 

tiles and roof lacked insulation. As a result, many of these buildings did not possess rigid 

air barrier and have extremely high infiltration. In Figure 3.12, the sites with low EUI on 

the lower left corner of the scatter plot tend to be either newer sites with built-up insulation 

in the roof deck or older buildings with drywall ceilings that create a more rigid air barrier.   

Site A in North Carolina mentioned to the left of Figure 3.11 is a prime example for 

sites with high infiltration. In Figure 3.13 we can see the attic space of Site A show in 

Figure 3.11, it can be seen that there is no insulation under the roof deck, and the insulation 
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is laid haphazardly on the trusses. An air gap separates the trusses from the false ceiling 

below. This building had a natural air change rate of approximately 1ACH. 

 

FIGURE 3.13 : Image showing the attic space in the building considered in the 

bottom of FIGURE 3.12. 

 

Once identifying such sites, retrofitting to address infiltration issue can be 

economically burdensome. Through regular client feedback calls, it came into our 

knowledge that the portfolio owners were quite surprised that their decision to have 

dropped ceiling resulted in many sites with high infiltration. The research group is currently 

working with the portfolio owners to investigate the impact of spray foam insulation on the 

underside of the roof deck. This solution can be labor intensive and financially expensive, 

particularly because the facility already has a laid-in ceiling and the crew must work around 

when applying the foam. The cost effectiveness of this solution can be only be understood 

over time through retrofit savings.  

Since Site B, shown to the right of figure had high baseload we suspected the case could 

be one more event of high infiltration as well.  To further explore this issue we investigated 

the Time sensor data of room temperature cold and warm weather conditions as shown in 

Figure 3.14 and Figure 3.15.  The brown line is room temperature, Green line cooling set 

point, Blue line is he heating set point and Yellow line is the outside air temperature. 
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FIGURE 3.14: Time series data for cold weather 
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FIGURE 3.15 : Time series data for warm weather 

 

We can see that in Figure 3.14 at extreme cold weather, the room temperature drops 

really slowly in the night with minimal overnight heating, where as in Figure 3.15, there is 

excessive cycling of the controller signal and has rapid rise in temperature. Both the time 

series data for cold nights and in person audit measures found site to be reasonably “tight”. 

The rapid rise in temperature was associated with excessive heat load found near the 

thermostat and not because of high infiltration. This suggests that there are miscellaneous 

events that occur beyond the scope of rules and require in person audits. 

The ability to detect high infiltration rates and miscellaneous problems was only 

possible once changepoint models had been developed for the entire portfolio. It 

demonstrates the potential that such an approach can have if coupled with in person audits 

and other available data streams  
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 CASE STUDY 2 – DIAGNOSING THE ROOT CAUSE OF CHANGES 

IN HVAC ENERGY PERFORMANCE 

 

 

This chapter focusses on the common issue that arises while managing a large portfolio 

that is, few sites suddenly begin to underperform. Section 4.1 demonstrates on how 

appropriate use of energy consumption data and time series data can be used to identify 

root cause of underperformance in Constant Volume Rooftop and Split Systems in a two-

step process with a case study. Section 4.2, demonstrates similar approach for small 

buildings with boilers with a case study. 

 

4.1 Constant Volume Rooftop and Split Systems 

 

 

Many small retail buildings employ constant-volume HVAC systems, either in the form 

of packaged rooftop units or as split systems with outdoor condensing units and indoor 

evaporators and supply fans. In such simple small buildings, it is expected that HVAC 

Energy consumption is generally controlled by measurable features such as: 

• Setpoint schedules 

• Weather 

• Equipment health 

• Small exogenous inputs (. e variation in usage, etc.) 

Even though vast data of measurable inputs mentioned above are available, they fail to 

capture the complete dynamics of the system while modelling for HVAC energy 

Consumption.  Using these features Section 4.1.1 explains why a full data driven models 

fail to explain HVAC energy consumption  and sections 4.1.2 explains the need for simpler 

models. 
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4.1.1 Shortcomings of Full Data Driven Models 

 

 

To demonstrate the problems of a full data driven model, we considered the following 

model form: 

 𝑦(k) =  F( ∅(k), θ) + ϵ(k)   

Where the parameters are given by 

• ϕ is the regressor vector containing the delayed input and output terms 

• θ is a vector containing the unknown parameters 

• Output vector y is the predicted zone temperature at a time step k 

To find the best parameters 𝜃 that best fit the training data ϕ(k) and 𝑦(𝑘), we defined 

an objective function that minimizes the divergence between the outputs 𝐹 and 𝑦(𝑘) of the 

form 

𝑜𝑏𝑗(𝜃) = 𝐿(𝜃) +  Ω(𝜃)  

Where 𝐿(𝜃), is loss function used for regression tasks known as mean square error 

(MSE) given by  

𝐿(𝜃) =  ∑ (𝑦𝑖 − 𝑦𝑖̂)
2

𝑖      

and Ω(𝜃), is the is the regularization term added to avoid overfitting to training data 

(In other words, encouraging simpler models).  

In FIGURE 4.1 demonstrates the drawback of the above given approach for a model 

with inputs: 

• Setpoint schedules 

• Dry bulb temperature 

• Sky cover 

• Dewpoint temperature 



41 

 

FIGURE 4.1, shows the results of training data set in one building over one year. The.  

The x-axis stands for predicted zone temperature once per minute for one year.  The y-axis 

stands for prediction error, which remains within ±0.5 deg F. The FIGURE 4.2, shows 

results for temperature prediction over a test period, here the range of the prediction error 

is now between -5 degree F and 8 degree F from -0.4 degree F to 0.4 degree F from the 

training data. One of the biggest reasons for a large change was that the new setpoint values 

set by the owners, were not included in the original training set, but showed up in the test 

set. Such variations happen frequently in practice and echo the difficulty of developing 

robust data driven models despite vast amount of data available to the modeler.  

 

FIGURE 4.1: Predicted Zone Temperature error vs. Predicted zone temperature over one 

year for Training period 
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FIGURE 4.2: Predicted zone temperature error vs. predicted zone temperature over Testing 

Period 

Fully Data driven models are the imminent as time evolves, but they come with certain 

challenges. Thus we considered potentially simpler models to explore the relationship 

between key inputs (i.e. weather and setpoint schedules) and HVAC Energy consumption 

show in in 4.1.2. 

 

4.1.2 A Simple Approach to Automate the Diagnosis of Root Cause for Change in 

Energy Consumption 

 

This section describes the development of an automated approach for diagnosing the 

root cause for changes in HVAC energy consumption. In 2018, the owner of the portfolio 

initiated a Nationwide program to standardize setpoint schedules across the entire portfolio. 

Given the size of the portfolio, age and variety of buildings meeting the standards can be 

tough. However, majority of the sites saw reduction in Energy consumption, while some 

had drastic increase in their energy consumption.  FIGURE 4.3, shows data one such 

building.  FIGURE 4.3 displays the billed natural gas volume in millions of cubic feet 

between the winter of 2017-18 and the winter of 2018-19. Here the gas consumption 

increased by more than 100% each month. 
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FIGURE 4.3: Billed natural gas volume (in millions of cubic feet) between 2017-18 (blue) 

and 2018-19 (red). 

 

In order to automate the identification of root cause for such a change in energy 

consumption, we developed a two-step process. We considered weather, schedule, and 

equipment health as driving factors of HVAC consumption and other factors as marginal.  

 

FIGURE 4.4:  Relationship between total daily heating runtime and daily average outdoor 

air temperature between October 1, 2017 and January 31, 2018. 

 

In the first step we try to learn the relationship between Heating runtimes across all the 

zones with respect to outside air temperature. FIGURE 4.4, shows the heating runtime vs 

average outdoor air temperature for a building shown in FIGURE 4.3 for the period 

October 1, 2017 and January 31, 2018 and FIGURE 4.5 shows the same relationship for a 
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period October 1, 2018 and January 31, 2019. Here the building considered had 6 zones 

and with 2 heating stages. We can clearly see the correlation that existed between runtime 

and outdoor air temperature in 2017-2018 was significantly changed in 2018-2019. 

 

FIGURE 4.5: Relationship between total daily heating runtime and daily average 

outdoor air temperature between October 1, 2018 and January 31, 2019. 

 

As a second step to diagnose the root cause we pulled the key attributes effecting the 

behavior of occupied and unoccupied hours.  FIGURE 4.6 , demonstrates how the behavior 

of one unit changed between January 2018 and January 2019.  The graphs on the left of 

FIGURE 4.6  show the following: 

• Average cooling setpoint (green) 

• Average heating setpoint (yellow) 

• Average Zone temperature (blue) 

• Average outdoor temperature (red) 

Each graph datapoint corresponds to the average value for that particular hour during 

business days (i.e. the average value of the cooling setpoint at 7AM is the average of the 

cooling setpoint every day at 7AM for the entire month).  The bar graph on the right in 

FIGURE 4.6, shows how many minutes the unit was heating during each hour in the given 
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month.  Thus, the unit was running for approximately 500 minutes in the hour beginning 

at 7AM in January 2018 and approximately 2000 minutes in the hour beginning at 7AM in 

January 2019.  The graph on the left of FIGURE 4.6 shows us why the heating increased 

so much, we can see that the average heating setpoint in 2018 was approximately 65 

degrees and the zone temperature was primarily floating between cooling and the heating 

setpoints and thus no heating or cooling happened. In 2019, the average heating setpoint 

had been set to a corporate standard of 69 degrees, which caused zone temperature to be 

lower than the heating setpoint and causing the system significantly more.  

 

FIGURE 4.6: Relationship between schedule and heating run time for one unit between 

January 2018 (top) and January 2019 (bottom).  The graphs on the left show the average 

heating setpoint (yellow), the average cooling setpoint (green), the zone temperature (blue), 

and the outdoor air temperature (red) for every occupied hour in the month of January.  The 

graphs on the right show the total runtime in each occupied hour. 

 

The automated diagnosis tool presented here can be is one that could be advanced using data-

driven models, as described in 4.1.1, but developing a model that would capture all likely 
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weather situations and setpoint values would be difficult.  A similar approach for buildings 

with boilers is presented in section 4.2. 

 

4.2 Boilers 

 

 

This section describes the development of an automated approach for diagnosing the 

root cause for changes in heating energy consumption for buildings heated by boilers. 

Similar variations in performance as shown in 4.1.2 have been observed by buildings 

heated with boilers.  In northern climates even in small retail buildings, gas-fired boilers 

are common. One retail location in Minnesota underwent a nearly 100% surge in gas 

consumption subsequent to  the commencement of the Standard HVAC schedule program 

described at the beginning of 4.1.2.  The primary drivers of energy consumption in the case 

of boilers are: 

• Demand from the zone controls (i.e. driven by zone setpoint schedules) 

• Boiler control parameters, most notably hot water setpoint. 

• Weather 

• Equipment health 

• Other exogenous factors (i.e. changes in occupancy patterns, etc.) 

Building of a thorough relationship using the training data we had was difficult, since 

the full suite of inputs was not available (i.e. the precise combination of weather and 

setpoints was not available in the training data).  Instead we can began extracting key 

parameters and to test key relationships. FIGURE 4.7 displays the boiler setpoint versus 

average outdoor air temperature in both October 2017 (blue) and October 2018 (blue).  We 

noted that for most of October 2018, the setpoint was approximately 120 degrees F, 
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whereas in October 2017, it was roughly half of it.  As a direct consequence, the boilers 

were required to fire significantly more in 2018 to uphold the higher water temperature.  

Hence resulting in huge increase in gas consumption. 

 

FIGURE 4.7: Relationship between boiler setpoint temperature and average daily outdoor 

air temperature.  October 2017 (blue) and October 2017 (orange). 
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 CONCLUSIONS AND FUTURE WORK 

 

 

5.1 Conclusion 

 

 

This thesis demonstrated several potential use cases across large portfolio consisting of 

several thousand retail banks.  Precisely, this thesis considered two different use cases, 

First being founded on change-point models for understanding why different buildings 

perform differently.  The other considered a method for diagnosing why HVAC energy 

consumption in any given building changed over time.   

This thesis established important findings.  First, the combination of change point 

models and visual inspections to determine the significance of infiltration in small retail 

sites across the United States, in identifying high energy consumption sites with 

miscellaneous issues.  Second, the significant features that would need to be extracted to 

develop robust models for predicting HVAC energy consumption in simple buildings.  

The thesis also demonstrated the difficulty of being able to train robust data-driven 

models using only past data.  Finally, this thesis exposed the issue that expected 

relationships do exist between time-series parameters and energy consumption. 

 

5.2 Future Work 

 

 

Large data sets will eventually help researchers to develop strong data-driven models 

for predicting energy performance in buildings. Now that we established few features that 

drive energy consumption, there is huge scope of applying supervised Deep Learning 

methods to these features and scale them across portfolio to learn more complex 

relationships. Very recent literature focuses on methods on using Generative Adversarial 
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models to enhance prediction performance and use of unsupervised autoencoders to 

develop more automated feature engineering [21]. Since most of the current research 

methods use simulated data under lab conditions, having access to actual real time 

buildings data from 3000+ buildings, will let us develop an intelligent system using ML 

techniques to answer major questions such as: 

• Is there a excessive heating load? 

• Is there a change in schedule / setpoints? 

• Is there a change in equipment operation? 

• Is there a faulty envelope? 
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