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ABSTRACT

SOFTWARE-DEFINED INFRASTRUCTURE FOR IOT-BASED
ENERGY SYSTEMS

SEPTEMBER 2019

STEPHEN LEE
B.Sc., ST. STEPHEN’S COLLEGE, DELHI
M.Sc., CHENNAI MATHEMATICAL INSTITUTE, CHENNAI
Ph.D., UNIVERSITY OF MASSACHUSETTS AMHERST

Directed by: Professor Prashant Shenoy

Internet of Things (10T) devices are becoming an essential part of our everyday lives.
These physical devices are connected to the internet and can measure or control the envi-
ronment around us. Further, 10T devices are increasingly being used to monitor buildings,
farms, health, and transportation. As these connected devices become more pervasive,
these devices will generate vast amounts of data that can be used to gain insights and build
intelligence into the system. At the same time, large-scale deployment of these devices will
raise new challenges in efficiently managing and controlling them.

In this thesis, | argue that the 10T devices need programmability and need to provide
software controls in order to manage them efficiently. Further, it will need data-driven
modeling techniques to process and analyze a vast amount of data from heterogeneous
devices to derive actionable insights. My thesis explores the problems posed by software-

defined 10T energy infrastructure. | present four techniques that use systems and machine

Vi



learning principles to design, analyze and deploy the next generation of smart 10T energy
systems.

First, | discuss how current state-of-the-art LIDAR-based approaches in identifying
ideal locations on rooftops for deploying energy systems such as solar do not scale to
many regions of the world. To address the challenges, | propose DeepRoof, a data-driven
approach that uses deep learning to estimate the solar potential of roofs using satellite
imagery and identify ideal locations for installation. We evaluate our approach on different
types of roof and show that our technique is comparable to LIDAR-based methods.

Second, | study how excessive solar can cause problems in the grid and examine how
programmatic control of the solar output can prevent congestion in the electric grid. Fur-
ther, | present a decentralized approach that can control the solar arrays in a grid-friendly
manner. Also, my approach provides flexible control of solar output, and | show that such
mechanisms allow for higher solar penetration in the grid.

Third, | discuss the challenges in community-owned (and shared) distributed energy
resources that do not provide independent control to users. To do so, | propose vSolar, an
approach to virtualize the solar arrays and energy storage that allows independent control.
Further, 1 show how using vSolar users can exercise independent control, implement their
custom energy sharing policies, and reduce energy costs through energy trading.

Finally, I present the challenges, and the high throughput needs to enable a peer-to-
peer energy trading platform using permissioned blockchains. | propose FabricPlus, an
enhanced Hyperledger Fabric blockchain, that contains a series of optimizations to enable
high throughput transactions. FabricPlus increases the transaction throughput many folds,
without requiring any changes to its external interfaces. | also show considerable perfor-

mance improvement over the baseline Fabric.
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CHAPTER 1
INTRODUCTION

Advances in hardware and wireless technologies have made it feasible to deploy perva-
sive sensing and computing that integrate into every aspect of our physical world. This has
led to the emergence of Internet of Things (I0T), a network of physical devices, that are
cheap, easily deployable, and connected to the Internet. Consequently, large-scale deploy-
ments of distributed 10T is becoming commonplace that can sense, monitor, and actuate
in new and exciting ways. As such, this has enabled many use cases in multiple domains
such as transportation, healthcare, and smart cities. It is estimated that 50 billion loT de-
vices will be connected to the Internet by 2020 [106]. This thesis discusses the challenges
and opportunities in designing software-defined infrastructure for managing and coordi-
nating these large-scale distributed devices in the context of IoT energy systems by using

principled approaches from both systems and machine learning.

1.1 Motivation

Internet of Things (1oT) devices comprises a vast number of diverse and heterogenous
embedded sensors and actuators that interact with the physical environment. These de-
vices consist of embedded software and electronics that are engineered to enable a host of
functions such as sensing, connectivity, and actuation, thereby enhancing the capabilities
of everyday devices. As they continuously monitor our environment, they produce vast
amounts of data [63, 64], which can be used to gather insights and model the behavior of

the system, necessary for any data-driven response system.



Unfortunately, these distributed 10T devices tend to operate within silos, defined by
manufacturers and associated technology stacks. That is, 10T services tend to be closed
within the manufacturers’ ecosystem, where the interactions and data exchanges are lim-
ited to only specific devices and services. They often use non-standard technology and
software, which prevents integration with devices from other domains or manufacturers.
This limits the degree of control and interoperability across 10T devices, of various capa-
bilities, from other manufacturers and service providers. We already see these limitations
in today’s (so-called) 10T devices. For instance, many smart switches are not accessible or
incompatible with smart home assistants, making it challenging to coordinate and create
richer applications.

Connecting heterogeneous devices in flexible ways raise a myriad of challenges since
the interactions are pre-defined, and any communication outside of the application domain
is discouraged. Such pre-negotiated controls, both within and outside of the system, pre-
vent wide-scale interoperability, but more importantly, cause difficulty in management and
control when multiple devices are involved. This lack of flexibility is reminiscent of legacy
networks built on rigid and inflexible components, such as switches and routers, that did not
support programmability. But modern networking now employs a flexible software-defined
network (SDN) architecture that emphasizes programmability, and flexible abstractions for
easy management and control. Such flexible abstractions allow efficient management of
network devices and create a more dynamic and agile system.

Similar to how SDN provides programmability and flexible abstractions, we argue that
the next generation of 10T devices will need software-defined infrastructures to enable users
to exercise software control and create new use cases. However, unlike SDN, a software-
defined infrastructure raises new challenges in designing systems that can work seamlessly
with a myriad of 10T devices. First, it will need data-driven analytics that can process
and analyze data from heterogeneous loT devices to gather actionable insights. Second,

it will need to provide flexible actuation and control across the 10T devices that support



interaction among devices. Third, it will need efficient resource management techniques
that can manage large-scale 10T deployments. Finally, it should scale to the demands of
10T devices and handle data transactions from a large number of sensors.

In this thesis, | explore the problems posed by designing software-defined infrastruc-
tures in the context of loT-based energy systems. As the current power grid becomes in-
creasingly integrated with loT-based energy systems (e.g., solar arrays, energy storage,
electric vehicles), | argue that there is an opportunity to develop software-defined infras-
tructures that can improve the responsiveness and effectiveness of such systems.

In particular, my thesis seeks to address the following problems:

» How to use large-scale data to design data-driven approaches for planning and de-

ployment of 10T energy systems?

» How can distributed IoT-based energy systems communicate and self-regulate its

output in the power grid?

» How to provide flexible software-defined abstractions in loT-based energy systems

to support custom user policies?

» How to scale and improve the performance of existing software systems to enable

high throughput loT-based data transactions?

The questions above describe some of the challenges we need to overcome to de-
sign software-defined infrastructures for energy systems. By addressing these questions,
I seek to draw upon design principles from both systems and machine learning to build
this software-defined infrastructure. In doing so, | develop novel techniques for managing

loT-based energy systems.

1.2 Thesis Contributions
The thesis proposes novel techniques that provide new algorithms and mechanisms for

managing loT-based energy systems and data-driven methods for analysis and control of



such systems. Specifically, this thesis considers solar and battery-based energy systems and
enables flexible control and intelligence. To this end, this thesis makes the following key

contributions:

1. Planning and placement: A data-driven system that uses deep-learning based ap-
proach to identify ideal locations for installing solar arrays on rooftops by estimating

solar potential using satellite imagery.

2. Decentralized Control: A decentralized approach to dynamically rate control solar
arrays, thereby preventing congestion collapse and allowing high renewable penetra-

tion in the grid.

3. Resource Management: A virtualization abstraction mechanism that enable inde-
pendent control and management of energy systems across multiple users, in effect

providing a “virtual system’ to implement user-defined policies.

4. Decentralized Architecture: An architecture that allows a blockchain system to
achieve high throughput lIoT energy transactions without necessitating any change

in its external interfaces.

Each component is described in more detail below.

1.2.1 Planning and Placement

It is estimated that the annual energy generation potential of small building rooftop PV
IS 9.26 terawatt-hours (TWh) — one-fourth the total electricity sales in the US [44]. Since
rooftop solar has tremendous potential in generating output, solar potential estimation of
a roof and identifying ideal locations for installation can substantially benefit homeowners
deciding to adopt solar. Until recently, to estimate the solar potential of a roof requires
homeowners to consult contractors, who manually evaluate the site. Even state-of-the-art
methods for estimating the solar potential of a roof works only for places where LIDAR

data is available, thereby limiting their reach to just a few places in the world. | propose



DeepRoof, a data-driven system that uses satellite images and other third-party sources
for assessing the solar potential of a roof. This allows for better scalability as these data
are readily available through public APIs. Further, DeepRoof can provide a pixel-level
estimate of solar potential that helps in identifying ideal spots on a roof for installing solar

panels.

1.2.2 Decentralized Control

Net metering allows consumers to feed the surplus electricity back to the grid, ef-
fectively selling electricity to the utility. However, net metering large amounts of solar
power to the electric grid is problematic as grid operators must continuously balance sup-
ply and demand. If the total net-metered output from intermittent solar arrays fluctuates too
rapidly, it can cause supply and demand mismatches. Limiting the solar capacity reduces
this stochasticity seen from these distributed sources, which makes supply and demand
more manageable. To regulate the solar output, in this thesis, | propose a decentralized rate
control technique that can self-regulate in a grid-friendly manner. Similar to rate control
of network flows in TCP, generation sources back off when there is congestion in the net-
work and increase the rate when network capacity is available. We show that this provides
flexible control of solar output and allows for higher penetration of solar in the grid. Fur-
ther, solar rate control also provides grid operators with an additional control knob when

continuously matching supply and demand.

1.2.3 Distributed Resource Management

Penetration of residential solar installations has grown rapidly in recent years. Un-
fortunately, due to space constraints, many residential locations are unsuitable for solar
deployments, and community-owned solar arrays with energy storage that are collectively
shared by a group of owners have emerged as a solution. However, such a group-owned
system does not allow individual control over how the electricity generated from these en-

ergy systems is used for optimizing a home’s electricity bill. To overcome this limitation, |



propose vSolar, a technique that virtualizes a large-deployment of solar and battery arrays
and provides a flexible abstraction of a virtual solar and battery array to each owner. Im-
portantly, virtualization enables each owner to independently manage their solar generation
and stored energy as if it were a dedicated system. A second key benefit of virtualization of
a community-owned system is that it enables the sharing of electricity generated or stored
in batteries by each virtual system. Such energy sharing, which is not possible in dedicated
independently deployed systems, allows a resident to temporarily borrow electricity from

one or more neighbor’s shares to provide capital and operational savings.

1.2.4 Decentralized Architecture

With an increasing number of small-scale rooftop solar installations, the centralized
grid is slowly transitioning into a decentralized grid having distributed generation sources.
This has led to a new paradigm, where individuals have surplus solar energy and can sup-
ply this electricity to others. To realize such a trading system, where individuals can buy
or sell electricity, requires a ledger — an accounting system that can track energy transac-
tions between two parties. Recently, the use of blockchain technology has gained traction
to enable such peer-to-peer energy trading. Unfortunately, current blockchain technology
does not support high throughput transactions necessary to facilitate energy transactions at
scale. | propose FabricPlus, a permissioned blockchain system that can support such high
throughput transactions necessary for energy trading. To do so, | re-architect an existing
opensource blockchain system, namely Hyperledger Fabric. | propose a series of optimiza-
tions that increases the transaction throughput many folds, without requiring any changes

to its external interfaces.

1.3 Thesis Outline
The remainder of the thesis is structured as follows. Chapter 2 provides background

on loT-based energy systems and discusses prior work. Chapter 3 presents DeepRoof, a



data-driven approach to estimating the solar potential of roof.Chapter 4 describes an opti-
mization approach to regulating solar output. Chapter 5 discusses vSolar, an approach to
virtualize solar arrays and energy storage, and provide a platform for implementing user-
specific energy policies. In Chapter 6, proposes an architecture that achieves high through-
put energy transactions on a blockchain-based platform. Finally, Chapter 7 presents the

thesis summary and future work.



CHAPTER 2
BACKGROUND AND RELATED WORK

This chapter provides background and related work on energy systems, specifically,

solar arrays and energy storage.

2.1 Solar Arrays

Advances in technology and declining cost continue to stimulate solar adoption among
homeowners. This has given rise to highly distributed solar sites that can supply clean en-
ergy but has also opened new research challenges in deploying, managing, and controlling
these systems. Below, we provide background on how solar arrays are sized and deployed
in residential homes, implications of rising solar adoption on the power grid, and emerging

challenges.

2.1.1 Sizing and Deployment

Solar potential analysis of a roof help understand the recommended areas for installing
solar panels as well as estimating the potential benefits in energy cost savings if any. Solar
potential of a location can be defined as the amount of available solar energy over a given
period. A standard measure for estimating and analyzing the availability of solar is peak
sun hours, which captures the amount of solar insolation a location receives on a typical
day (see Figure 2.1(a)). Specifically, a peak sun hour is an hour during which the solar
intensity is 1kW/m?. Thus, peak sun hours provide a rough estimate of the potential of an
area, as it accounts for the various factors that affect available sunlight.

The amount of available sunlight depends on various factors such as the sun’s position

in the sky, geography, and local climate conditions such as clouds. Figure 2.1 illustrates
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Figure 2.1. (a) Relationship between peak sun hours and cumulative solar irradiation. (b)
Roof with clear view of the sky (c) Roof with shade from nearby structures.

the amount of solar irradiation a surface receives varies over the day and usually peaks
at solar noon. Similarly, cloudy conditions can reduce the amount of irradiance a surface
gets. Geographical location also plays an important role, especially in places where days
are longer during the summer season. For instance, in higher latitudes, cities have more
daylight hours in summer than winter.

A common approach to estimating the solar potential of a location involves pyranome-
ters that measure the solar irradiance falling on a surface. These pyranometers are usually
placed on flat surfaces with a clear view of the sky and record the solar insolation a location
receives under “ideal” conditions. These solar insolation values are accessible online for

several locations around the world [45].

2.1.1.1 Challenges

Assessing the solar potential of a roof is challenging as several local factors are in-
volved. One such factor is a roof’s geometry. A roof’s geometry is defined by its (i)
orientation — the direction the roof is facing and (ii) pitch — the slope of the roof. Intu-
itively, the amount of energy generated is proportional to the sunlight incident on the roof’s
surface. In the northern hemisphere, a south-facing roof has more direct sunlight exposure

than roofs that face in other directions. Thus, the orientation angle of the roof (i.e., the



10

Sunny Variable

Power (kW)

2l Overcast

Apr 16 Apr 21 Apr 22
Dates in 2015

Figure 2.2. Solar power output varies based on the time of day and weather conditions.

horizontal angle measured from the north) determines the actual solar generation output.
Similarly, the pitch of the roof also governs the amount of sunlight it receives. A surface
that is perpendicular to the incident sunlight will receive more sunlight as more surface
area is exposed, whereas a surface parallel to the incident sunlight will receive no sunlight.
Thus, solar installers position the PV panels to the latitude of a location to maximize the
area exposed to sunlight.

Another factor that affects the solar potential of a rooftop is their local terrain (see
Figure 2.1(b) and (c)). While roofs with a clear view of the sky receive maximum sun-
light, buildings with shade from nearby structures such as trees can significantly reduce the
amount of solar irradiance incident on its roof. Since available sunlight will be minimal,
such roofs may not merit an investment in a PV installation. Thus, these local factors need

to be considered to assess a roof’s solar potential.

2.1.2 Grid-tied Solar Arrays

Solar arrays installed on residential buildings can be connected to the grid through net
metering. Net metering is a billing mechanism that allows these grid-tied solar arrays
to feed the surplus power into the grid, effectively selling electricity back to the utility,
thereby reducing month energy bills. However, solar energy generation is intermittent and
highly weather dependent (see Figure 2.2). For example, on sunny days, the amount of

solar-generated by a panel is at its maximum, but on overcast days, the amount of solar
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generation may be relatively low. Thus, the amount of solar power “net-metered” to the
grid depends on (i) local demand from loads, and (ii) the solar radiation incident on the

panel, which is weather dependent.

2.1.2.1 Challenges

As solar penetration grows, the impact of intermittent solar complicates balancing the
supply and demand. If the net-metered output from solar arrays fluctuates rapidly due to
changing weather patterns and local demands, it can increase grid dynamics and cause
supply-demand mismatches. Since most conventional power sources have limited gener-
ation capacity and take time to ramp up its power to full capacity, managing such large
fluctuations in output may become increasingly challenging for grid operators.

To avoid using “excessive” amount of solar power from being injected into the grid,
many governments strictly regulate grid solar connections [12]. Many states in the US
set hard limits by passing laws to regulate the number of solar installations. Limiting
the solar capacity limits the stochasticity seen from these distributed sources, which in turn
makes matching supply and demand a more manageable problem despite intermittency. For
example, while the state of Virginia has a cap of 1%, a similar law exists in Massachusetts
that caps the solar at 2% of the total power generation. Importantly, these caps are generally
based on the rated maximum capacity of a solar installation, regardless of what it actually

generates. That is, the caps assume a solar array outputs maximum capacity all the time.

2.2 Energy Storage

A key challenge arising from the increased penetration of renewable sources is their
intermittent nature [60, 63,128, 129]. Many factors affect solar output including the sun’s
position, shade from trees, and cloud cover in the sky. Such fluctuations in production,
as well as lack of solar output during the night, complicates the management of the grid

where supply and demand must be continuously matched. Energy storage in the form of
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batteries has been proposed as a potential solution for dealing with intermittency from a
renewable source [50, 78, 99]. Battery-based energy storage can smooth out fluctuations in
output from solar arrays by absorbing surplus energy from solar arrays and feed the excess
power back to the grid when there is a deficit.

Energy storage also provides other benefits other than smoothing out fluctuations. For
instance, energy storage can exploit electricity price differentials to reduce costs. Since
electricity prices may fluctuate over a given period, storing electricity when prices are low
and discharging during peak-periods has the potential to cut costs [69,99]. Similarly, other
benefits of energy storage include supporting demand-response [31, 80], providing back-
ups [105] and reducing peak usage [109]. Hence, energy storage is seen as a potential
solution for solving some of the problems in the existing grid.

Until recently, the high cost of batteries has been a barrier to large-scale energy storage
deployments. However, this is beginning to change with the development of new battery
technologies and falling prices. Today, battery-based systems such as Tesla Powerwall and

others are increasingly deployed in conjunction with solar array deployments.

2.2.1 Virtualization of Energy Systems

Modern distributed systems and computer networks have employed virtualization as a
fundamental building block to flexibly multiplex a set of physical resources across users,
where virtualized resources resemble the physical counterparts [125, 126]. A virtual rep-
resentation of energy systems can provide the illusion of a dedicated physical array and
battery that can be utilized and managed independently of other virtual arrays and batter-
ies. This allows each owner to make the “optimal’” decision of how to utilize their virtual
array and batteries independently of what other owners decide at each instant.

A virtualization abstraction also gives each owner an illusion of ownership of the unit,
even though the physical resources are collectively owned by the group. In some sense,

a virtual solar and battery arrays can act like N independent smaller array and battery
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Figure 2.3. Energy use in a non-virtualized community-based and a dedicated solar and
battery system.

installations — while being cheaper to install due to economies of scale of installing a
single large solar and battery array over N smaller ones. In addition, many components
like inverters can be shared rather than duplicated.

Further, a virtual solar array and battery system can be utilized for many differing en-
ergy optimizations. In scenarios with time-of-use pricing with different pricing slabs, sur-
plus solar production during off-peak or mid-peak price periods can be stored in the battery
for later use, such as peak price periods to maximize cost savings. During peak periods,
the system prioritizes the use of solar production and stored energy in the virtual battery
overdrawing power from the grid. Finally, if there is surplus solar production after serving
local loads and charging the battery, this excess energy can be net metered to the grid to

earn revenues (which offset changes in the monthly electricity bill).

2.2.1.1 Challenges
Today physical loT-based energy systems do not have such virtualization capabili-
ties that allow users to control their share of resources independently. As shown in Fig-

ure 2.3(a)), community-owned energy systems, shared across a large number of users, do

13



not provide dedicated control to individual users. Energy output from solar and battery
arrays is used to meet the aggregate energy demand across all homes, which prohibits in-
dividual owners from deciding on how to use their share of energy. A solution is to use
dedicated systems that allow independent control. But, they are expensive and maybe in-
feasible in many residential locations where space is a constraint (see Figure 2.3(b)).
Virtualization mechanisms can also enable sharing of energy. The virtualization layer
can expose control primitives for individuals to determine whom to share energy. If an in-
dividual has excess energy from their share, they can sell it to others. Similarly, if they have
deficit energy, they can buy energy from others, thereby reducing the reliance on the grid.
To enable energy trading among individuals will require an accounting system that tracks
the various energy transaction between two parties. The amount of electricity borrowed or
lent must be tracked, recorded, and periodically settled using billing infrastructures. Since
such transactions may be frequent, such an accounting system will need to support high
throughput transactions — especially if there are many individuals trading energy. Further,
in a decentralized setting where transactions occur between untrusted parties, the system
should record these transactions in a transparent, secure, and auditable manner to maintain

trust.
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CHAPTER 3
SOLAR POTENTIAL ESTIMATION OF ROOFS

Rooftop solar deployments are an excellent source for generating clean energy. As a
result, their popularity among homeowners has grown significantly over the years. Un-
fortunately, estimating the solar potential of a roof requires homeowners to consult solar
consultants, who manually evaluate the site. Recently there have been efforts to automati-
cally estimate the solar potential for any roof within a city. However, current methods work
only for places where LIDAR data is available, thereby limiting their reach to just a few
places in the world. In this chapter, we present DeepRoof, a data-driven approach that uses

widely available satellite images to assess the solar potential of a roof.

3.1 Motivation

Solar deployments vary in size, ranging from large solar farms that are deployed by util-
ities to small-scale installations by individuals [63,65]. More than half of the installed solar
capacity continue to come from small-scale solar deployments, i.e., arrays with 10kW of
capacity of less [79]. Most of these installations are residential in nature with deployments
on rooftops of homes.

However not all roofs are suitable for solar array deployments. A clear view of the sky
with no surrounding obstructions and proper orientation (e.g., south or southwest facing
roofs in the northern hemisphere) are key to maximizing solar energy generation of rooftop
deployments. In contrast, residential buildings surrounded by trees or other buildings that
cast shadows or roofs that do not face south are considered unsuitable for rooftop deploy-

ments. The task of determining whether a particular building is well suited for rooftop
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solar deployment has largely been a manual process—a professional solar energy installer
measures the roof area, their orientation, and uses a pyranometer and shade measurement
tools! to assess the amount of sunlight received on the roof for different times of the day.
These measurements are then used to find the ideal locations for installing solar arrays on
the roof, if any, and to compute the solar generation potential of the roof. Such a process is
laborious and time-consuming and certainly does not scale to large number of buildings in
a city.

There have been a few recent efforts that have attempted to automate this laborious
process using data-driven algorithm [67,142]. For instance, Mapdwell [67] and Google’s
Project Sunroof [114] have both used LIDAR data to assess the solar potential of building
rooftops in a city. LIDAR is a laser-based aerial mapping technology that uses airborne
LIDAR sensors to extract the 3D surface structure to create a Digital Elevation Model
(DEM), which can then be used to determine the geometry of the roof as well as shade
from nearby objects [142]. Unfortunately LIDAR data is expensive to collect and involve
flying airplanes or drones with aerial LIDAR mapping sensor, and thus, such data is not
widely available for many regions in the US and the world. Consequently, current state-
of-the-art techniques only offer solar potential data for select cities where LIDAR data is
available, leaving large parts of the world without any coverage.

At the same time, satellite images showing rooftops of buildings are widely available for
most countries through mapping services such as Google, Bing Maps or commercial ones
such as DigitalGlobe. Our key hypothesis is that advances in computer vision techniques
make it feasible to use 2D rooftop satellite imagery to automate the estimation of solar
generation potential for any building rooftop. In our case, key research gquestions include
whether it is feasible to (i) recognize a rooftop from its surroundings, and (ii) infer the 3D

shape of the roof, and specifically the plane of each roof surface and their orientation, and

1Solar Path Finder, SunEye 210 http://www.solmetric.com/
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Figure 3.1. An overview of our DeepRoof architecture.

(iii) estimate the solar generation potential of the roof based on its location, weather, and
potential trees or other visible occlusions. In addition to widely available satellite imagery,
historical solar irradiance data for various locations around the world is available from the
US National Renewable Energy Lab (NREL) and public tax records in many countries
provide information about the number of floors and height of a building. Consequently, we
hypothesize that it is feasible to develop an automated data-driven algorithm that utilizes 2D
satellite images of building roofs for solar potential estimation and that such an approach
has broader applicability than LIDAR-based methods, including vast swaths of rural areas

and smaller cities that are unlikely to be mapped by LIDAR in the near future.

3.2 DeepRoof Design

In this section, we describe our data-driven approach to assess the solar potential of
a roof. Our approach, DeepRoof, relies on the key observation that size and structure of
roofs are observable in a satellite image, essential for estimating the solar system a building
can support. Satellite images also indicate if there are nearby structures such as trees or
buildings that can obstruct a roof segment partially or completely. These structures can
be identified and used to estimate its overall impact on available solar irradiance incident

on the roof. DeepRoof, illustrated in Figure 4.2, uses this insight to compute the solar
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potential of planar roof segments in a building, and identify suitable locations for installing

solar panels. DeepRoof’s approach, shown in Figure 4.2, has three key steps:

» Terrain Segmentation uses deep vision techniques to create a terrain outline of the

input image by identifying all the planar roof segments and trees in the image.

» Topology Estimation creates a representation of the topology using the terrain out-
line from the previous step. We approximate the height of the building and nearby

structures using publicly available datasets that may cast shadows on the roof.

» Solar Potential Analysis estimates the per-pixel solar potential of the roof using the

output from the previous steps and historical solar irradiance data.

Moreover, our algorithm identifies roof locations where panels will receive maximum sun-

light, accounting for shade from nearby structures. Below, we describe each step in detail.

3.2.1 Terrain Segmentation

The first step in our pipeline is to determine all the planar roof segments, the orientation
of each planar roofs and nearby structures in a satellite image. Extracting the roof segments
is useful for determining the rooftop locations where solar panels can be installed. Further,
trees and nearby buildings provide locations where these objects may cast shadows on the
rooftop, thereby rendering them unsuitable for solar panels. Let | be the input satellite
image of sizew! h, in this step, DeepRoof constructs the terrain matrix T of sizew! h,
where the pixels correspond either to the orientation of the planar roof segments or trees in
the image.

Identifying objects in an image at a pixel-level, referred to as semantic segmentation,
is a well-researched computer vision problem [19, 83,90]. Since recent deep learning ap-
proaches have outperformed previous vision techniques on segmentation tasks [52, 101],

we leverage these methods in our work. In our approach, we use the Feature Pyramid Net-
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Figure 3.2. Overview of the FPN framework.

work (FPN) to identify planar roof segments and nearby structures. Below we describe the
key aspects of FPN, and refer the readers to the original paper [83] for more details.

Figure 3.2 illustrates the architecture of a feature pyramid network for the segmenta-
tion task. FPN takes as input an image and extracts features using a convolutional neural
network (CNN) architecture (e.g. ResNet [53]) augmented with a pyramid-like structure.
As shown in the figure, the bottom-up pathway is augmented with a top-down pathway
and lateral connections to build a multi-scale feature pyramid of the input image. Since
FPN uses a standard CNN architecture for feature extraction, the network can be initialized
with pre-trained weights on ImageNet [74] dataset, which allows our technique to work on
relatively small datasets.

In a CNN architecture (e.g., ResNet), the bottom layers learn the low-level features
such as edges, and as we move higher up, the top layers learn higher-level semantics of
a real-world object such as trees, cars etc. In DeepRoof, the CNN architecture learns the
planar roof segments, which are the building blocks to construct the geometry of a roof.
In FPN, the ResNet layers are grouped into different network stages { C,, C,, C3, C4, Cs},
and the output map from the last layer of each stage is selected as a reference set to create
the feature pyramid.

As shown, the lateral connections in the top-down pathway combines the low-resolution

and the high-resolution from the convolutional network to create a multi-scale feature
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{M;, M3, M4, Ms} by applying a 1x1 convolution filter. A 3x3 convolution filter is ap-
plied to the output to obtain the final feature maps { P,, P3, P4, P5s}. Note that the image
resolution of each P; is one-fourth the input image and has 128 channels each. Finally,
{P,, P3, P4, Ps} feature maps are concatenated to create a layer with 512 channel. We then
use two successive 3x3 convolution filters and batch normalization to create a feature map
with channels equivalent to the number of output classes for prediction. The output is then
up sampled to its original image size using bilinear interpolation and a softmax activation
layer is applied to predict the final output.

We now discuss how our approach creates the roof orientation matrix T, . Our approach
views each planar roof segment as an object with azimuth as its label. For instance, a planar
roof segment facing north-west is labeled as NW. Similarly, horizontal roof surfaces are
labeled as flat and we also label tree crowns. The model is trained using this labeled set
of images. After our model is trained, the final output contains a per-pixel prediction such
that each pixel is labeled with the class of the object. We then use the final output to create
the roof orientation matrix T, , where each pixel label corresponds to roof orientation, trees

or background.

3.2.2 Topology Estimation

In this step, we determine the outline matrix To that contains all the planar roof seg-
ments of the candidate building. We also describe how we estimate the height and the
pitch of the candidate roof. We assume that the outline of the candidate building is avail-
able. This is used to determine the roof segments of a candidate building from neighboring
rooftops. We note that outline of a building property for a location can be easily obtained
from public maps [10]. For example, in a given geographical area, OpenStreetMap pro-
vides the outline of all the buildings within a specified area, as well as their addresses [10].

Further, an outline of the candidate building can also be easily obtained as an input through
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an user interface. In our approach, we use the OpenStreetMap API to obtain the outline of
the candidate building in our input image.

In order to recognize the planar roof segments in the orientation matrix T, we run the
marching squares algorithm [91] that identifies all the contours in an image. The march-
ing squares algorithm approximates the line along the edges where the orientation value
changes. The contours correspond to a planar roof segment as we expect the orientation to
be similar for a given roof segment. Next, for all the contours predicted by our algorithm,
we associate a contour with the candidate building if it intersects with the building’s out-
line. This creates an outline matrix To, which contains all the planar roof segments of the
candidate building.

We then approximate the height and the pitch of the contours identified in the can-
didate building as well as height of nearby structures. Currently, we rely on third-party
sources to create the roof pitch matrix Tp and the height matrix Ty . We observe that num-
ber of floors available in real-estate dataset and Federal Emergency Management Agency
(FEMA\) guidelines [59] provide reasonable estimate about the height and pitch of the roof,
respectively. As part of our future work, this step can be further improved by obtaining
these inputs through an interactive interface from users, which can be used to fine-tune the

solar potential estimation.

3.2.3 Solar Potential Analysis
We now discuss how we compute the solar potential of a roof and the available area for

installing solar panels using the terrain matrix.

3.2.3.1 Solar irradiation on a roof

We note that the solar potential of a roof is the combined potential of all its planar
roof segments. We determine the amount of solar irradiance for each planar roof surface
in a candidate building for different time of the day in a year, accounting for shade from

nearby objects. We now describe how the solar irradiance is computed for a tilted roof
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surface. The power output of a solar panel depends on the angle sunlight is incident on the
PV module, which is maximum when the PV surface is perpendicular to the sun. Thus,
the solar irradiance of a roof plane having an orientation ! " T o and roof pitch " "
Tp are dependent on two components — beam and diffused irradiance. While the beam
irradiance Sg is the direct radiation received from the sun, the diffused radiation Sp is
received from radiations scattered by particles in the atmosphere. Assuming an isotropic

model for diffused irradiance [84], the total solar irradiance of a tilted roof surface is given

by:

S )= _§B éR%E(",! %"‘ _§D éR%(",! %

beam irradiance diffused irradiance

Rg(",! ) =cos#sin" cos(! # $) + sin# cos"

1+ cos(")

Ro(") = >

where, # is the solar elevation angle and varies with the time of the day and $ is the solar
azimuth angle and dependent on the latitude of the location. Past values of Sg and Sp
are publicly available from various sources [45], and can then be used to compute the total
irradiance S for different time of the day in a year.

We consider objects that are roughly within 100 meters from the building for analyzing
shadows. We compute the periods when shadows are cast from nearby objects, and subtract
the direct radiation Sg from our calculation, i.e., direct sunlight. Note that the diffused
irradiance is still received through scattering, and hence it is not ignored. We then compute

the annual peak sun hours at a pixel-level, i.e. number of hours with 1kW/m?.

3.2.3.2 Solar installation size
Finally, we estimate the number of solar panels that can be installed on the roof. The

planar roof segments are already available in the terrain matrices. The general procedure is
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to pack as many solar panels on each of the planar roof segments in a candidate roof. Our
problem is similar to the 2D bin packing, where the objective is to maximize the number
of 2D shapes that can fit into a rectangular bin. Here, the planar roof segments represent an
irregular shaped bin and the 2D object is the solar panel. Since the computational complex-
ity of 2D bin packing is known to be NP-hard, we use a greedy algorithm to determine the
number of panels that can fit on the roof. The greedy algorithm outputs the overall number
of panel that fits the roof, and we determine the install capacity by multiplying the total

number of panels with the rated power output per panel.

3.3 DeepRoof Implementation

We have implemented DeepRoof as a system to automate the process of solar potential
estimation. DeepRoof can operate in two modes: batch and interactive. In the batch mode,
our system takes a list of addresses, or GPS coordinates, as input and computes the solar
generation potential for each building in the specified list. The batch mode is useful when
computing the solar generation potential of all homes in a neighborhood or an entire city.
Our system takes the batch of addresses and first computes the GPS coordinates of each
address. It then queries a mapping service, currently set to Google Maps in our implemen-
tation, to download the satellite rooftop imagery for each location in the list. The batch
of roof images is then provided as input to our DeepRoof model, which outputs the planar
roof segments. Our system then uses the approach outlined in Section 5.2 to output the
per-pixel solar potential as well as available roof area. These results can then be viewed
by clicking on each address in the list. Figure 3.3(a) shows the process for computing the
solar potential for a batch of buildings.

Our system can also operate in interactive mode via a web interface. In this case, the
user specifies an address or the GPS coordinates of a location. Our system then invokes
the backend of DeepRoof, which are the same for both the batch and interactive modes.

After computing the results, the per-pixel solar potential is overlayed on the satellite im-
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agery. The interactive interface displays the overall potential of the rooftop at a pixel-level.
Figure 3.3(b) shows the overall energy potential as well as the available installation area as
shown in interactive mode. The bright region indicates the location which receives maxi-
mum sunlight.

Overall, our system implementation consists of three components: (i) an interface that
allows a user to input an address of a building and visualize its overall solar potential (ii)
our deep learning model that identifies the planar roof segments and nearby structures in
a rooftop imagery and (iii) a set of APIs that implements our approach in Section 5.2 to
query Google Maps for rooftop imagery and compute the solar potential. DeepRoof’s user
interface is implemented using Flask, a light-weight web framework in python. Our
DeepRoof’s CNN model is implemented using the keras library, which invokes Google’s
Tensorflow in the backend. Finally, our system has the ability to parallelize its TensorFlow
computations on a cluster of nodes when processing a batch of buildings—in order to scale

the computations to a larger number of homes in a region or city.

3.4 Evaluation Methodology
Below we describe our dataset, experimental setup and metrics used to evaluate our

approach.

3.4.1 Dataset
» Dataset 1: We collected satellite images from six different cities using Google Maps
API (Table 3.1). We labeled the images using a modified VIA annotator tool [41].
Each roof plane in the image was annotated (including adjacent buildings) and as-
signed an orientation angle from the north, or labeled as a flat roof. However, we
did not label some of the small roof segments, where solar panels cannot be in-
stalled. We also labeled nearby trees with visible tree crowns. Apart from the

satellite images, we also downloaded the outline and height of the building from
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Figure 3.3. (a) Key components in DeepRoof’s implementation. Our approach supports
two modes: batch and interactive mode (using a Web GUI) (b) Screenshot of the web
interface that help visualize the solar potential of a building.

OpenStreetMap API [10]. We augmented the height of the building with third-party

real-estate datasets in cases where the height was not available.

» Dataset 2: For our city-scale case study, we selected a total of 1982 buildings from
the city of Framingham, MA (see Table 3.2). The dataset contains real-estate infor-
mation such as number of floors, roof type (e.g., hip and gable). We downloaded
the satellite images and building outline from Google Maps and OpenStreetMaps.
Further, we also collected the solar installation area and available sun hours from
Google’s Project Sunroof to compare our approach with a LIDAR-based approach.
For estimating the peak sun hour, we used the solar irradiation data from National So-
lar Radiation Database (NSRDB) [45]. The dataset contains the diffused and direct

solar irradiation as well as the azimuth and elevation of the sun for a given location at
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Table 3.1. Dataset 1: Summary of the labeled roof dataset.

City #images #buildings #roof segments
Framingham, MA 279 1161 1722
Pinellas Park, FL 122 944 2121
Fresno, CA 43 69 171
Seattle, FL 8 46 158
Denver, CO 7 44 90
Indianapolis, IN 5 10 50
Total 464 2274 4312

Table 3.2. Dataset 2: Key characteristics of the unlabelled roof dataset used in our city-
scale case study.

roof types #buildings #floors land area(acres)
Gable, Flat
Hip, Complex hip 1982 1-6 0.031-2.92

a granularity of 1 hour. Our dataset is available for download at UMass Trace Repos-

itory (http://traces.cs.umass.edu/index.php/Smart/Smart).

3.4.2 Experimental Setup

We augmented our dataset by rotating the images at different angles. Further, we cat-
egorized the orientation directions (0°to 360°) to one of the 16 orientation (i.e., N, NNE,
NE, etc.), assigning each roof segment to its closest orientation. In addition to using FPN
in DeepRoof, we used other baseline segmentation models — namely UNet [120] and
MaskRCNN [52]. Further, the segmentation models were trained using two different CNN
architectures namely ResNet 50 and ResNet101, resulting in a total of six models. Since
FPN, UNet, and MaskRCNN can use ResNet architecture for feature extraction, pre-trained

weights from ImageNet were used as per the literature [52, 74].
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3.4.2.1 Training and model selection

We split our dataset into three disjoint sets: train (60%), validation (20%) and test
(20%). The datasets are split before augmenting the dataset to prevent the model from see-
ing the hold-out set. To prevent overfitting, we trained our models until their performance
doesn’t improve further on the validation dataset. Further, we used stochastic gradient de-
scent optimizer, with a learning rate of 0.001 and a momentum of 0.9. For training the
model, we ran our neural network model for 240k iterations and reduced the learning rate
by a factor of 10 at the 100k and 160Kk iteration. We report our result on the unseen test

dataset.

3.4.3 Metrics

We note that standard error metrics such as the mean absolute error are not an ideal
evaluation metric for capturing the performance of the model in predicting orientation. For
instance, if the predicted orientation is NNW (337.5°) and the ground truth orientation is
N (0°), the error in prediction is 22.5°. However, mean absolute error will report an error
of 337.5°. Thus, we introduce mean orientation error (MOE) as a metric to capture the

per-pixel error between the predicted and the actual azimuth angle.

& -
: : 1 % p; $degree_separation(o;,0;)
mean_orientation_err = = :
i

where, M is the number of classes (i.e., azimuths), o; is the azimuth angle, p; denotes the
number of pixels of azimuth j classified as azimuth i, and t; is the total number of pixels
in class i. Finally, the degree_separation is a function that returns the azimuth angle
difference between the two azimuths. The value of MOE is between 0°(perfect prediction)

and 180°(opposite prediction).
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Figure 3.4. Normalized confusion matrix of roof classifcation.

3.5 Experimental Results
In this section, we validate our results with the ground truth including a LIDAR-based
approach. We also validate our output with solar experts and show that our data-driven

approach can be used to analyze a city-scale dataset.

3.5.1 Roof Classification

We first evaluate the performance of DeepRoof in identifying roofs since these locations
are potential sites where solar panels can be installed. To do so, 