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Abstract

We contribute a novel sensing solution that can estimate the energy con-
sumption of applications running in personal devices, such as smart and
wearable devices, without requiring the instrumentation of the device itself.
Energy estimation of applications running in these devices has become a
complex challenge. Indeed, personal devices no longer have a detachable
battery, such that their design can be further optimized to adjust better to
the everyday activities of users. This in turn, it makes difficult to profile
the energy consumption of software developed for these devices with typical
solutions, like the Monsoon power meter. Our solution uses thermal imag-
ing to derive energy consumption measurements while the applications are
running in the device. We develop a functional prototype to demonstrate
the feasibility of our solution. Through rigorous benchmarks that take into
consideration different applications, we found that our solution can produce
estimations of energy consumption that are comparable to existing hardware
solutions. We also found that these estimations also capture differences be-
tween different types of applications. In addition, we also found that it is
possible to use our solution to estimate the energy consumption of appli-
cations running in IoT devices. We also developed a regression model that

predicts the estimated power from thermal imaging.
CERCS: P170 Computer science, thermal, power, energy

Keywords: thermal imaging, image analysis, computing energy, pervasive

computing, energy prediction solutions, [oT

Inimesest eraldunud soojusliku kiirguse kasutamine



kokkuvote: Meie pakume uut lahendust rakenduste energiakasutuse moot-
miseks isiklikes seadmetes, ilma seadmeid muutmata. See holmab nii nuti
kui ka kantavaid seadmeid. Tanapéeval on raske tdpselt hinnata, kui palju
energiat rakendused kasutavad. Kuna seadmetel puudub eemaldatav aku,
siis see voimaldab nende igapaevast t00d optimeerida, aga tagajérjeks on
niiiid raskem arvutada rakenduste energiakasutust. Uks pohjustest on la-
henduste kasutamine tiiiipiliste seadmete jaoks, néiteks Monsoon’i energia
arvutaja, mitte seadme spetsiifilist lahendust. Meie toode kasutab termo-
graafiat, millega me moodame rakenduste energiakasutust seadmes. Me
arendame funktsionaalset prototiilipi, mis demonstreerib meie lahenduse li-
htsust ja mugavust. Vorreldes teiste erinevate tarkvaradega leidsime, et
meie lahendus annab sarnast energiakasutuse hinnangud nagu olemasole-
vad riistvara lahendused. Veel leidsime, et meie toode eristab rakendusi
omavahel ja teeb erinevaid hinnanguid selle jargi. Lisaks sellele meie la-
hendus saab hinnata energiakasutust ka asjade interneti (IoT) seadmetes.
Me veel arendasime regressiooni mudeli, mis ennustab oodatavat voimsust

termograafiast.
CERCS: P170 Arvutiteadus, arvutusmeetodid, siisteemid, juhtimine

Mairksonad: termopildistamine, jaadtmekaitlus, mobiilne andmet66tlus, koike-

holmav andmetootlus, ringlussevotu lahendused, IoT
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Introduction

Estimation of energy consumption from smart, IoT, and wearable devices is of critical
importance for the development of new applications. Estimating energy consumption
is required for different applications, such as code smell analysis (2)), code optimization,
and refactoring (3)). This is to avoid applications from becoming power hungry in
devices with constrained resources. Unfortunately, estimation of energy has become a
complex matter for the latest devices (4). Indeed, the battery from these devices is no
longer detachable due to better usable designs and miniaturization (5)). This poses a
big challenge for developers as common solutions like the Monsoon power meter can no
longer be used.

Besides specialized hardware solutions, other alternatives also require the instru-
mentation of the device (by removing the battery), e.g., Multi-meter, such that it is
possible to measure energy consumption (6). Software solutions also have been pro-
posed to overcome the problem. For instance, software profiles can either perform
static code analysis on applications (7)) or collect performance metrics of applications
during run-time to estimate energy consumption (g)). While these solutions can provide
a good enough estimation of energy consumption without instrumenting the devices,
these solutions are prone to errors caused by the run-time execution of code. Indeed,
code execution can change drastically depending on different factors, e.g., input pa-
rameters (9), concurrent applications (10) and intermittent network connectivity (11)).
Thus, new innovative solutions that can be used for estimation of energy are required.

In this thesis, we investigate the use of thermal imaging to estimate energy con-

sumption from applications running in devices. Thermal imaging is typically utilized to
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measure temperature in industrial applications by looking at light changes in the invis-
ible spectrum (12)). By linking temperature changes with energy consumption measure-
ments from devices, we derive a regression model that can be used to approximate energy
consumption from thermal imaging. Through a rigorous evaluation with controlled ex-
periments that consider different applications, we found that thermal imaging can be
used to estimate energy from applications with R-Squared (R?) of 0.86 and RMSFE
around 0.10. Our work paves the way toward a simple energy estimation method that

can quantify energy just by taking a picture.

1.1 Outline

This thesis is structured as follows:

e Chapter 2 reviews the state-of-the-art and explains the core background concepts
of the work, including thermal imaging, energy profiling, energy measurements
as well as reviews current applications and researches that benefit from thermal

imaging.

e Chapter 3 presents the feasibility analysis of the solution by illustrating that
thermal imaging has the potential to estimate and model the energy consumption

of smartphones.

e Chapter 4 describes our methodology in detail and presents the pipeline of the
proposed solution. We also include the mathematical background behind the

estimation of energy from thermal imaging.

e Chapter 5 describes the different testbeds and procedures that we employ in order
perform rigorous experimentation. This chapter also includes the experimental
testbed and procedure for baseline experiments used to validate our proposed

solution.

e In Chapter 6, we present the results of our experiments. We also present the
results of extracting input parameters for modelling and estimation of energy.

The results of the model efficiency have also been presented.

e Chapter 7 discusses the potential application scenarios as well as limitations and

future work scope.



1.1 Outline

e Chapter 8 presents the summary and conclusion of our work.
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State of the Art

We begin this Chapter by discussing the current state-of-the-art methods for energy
measurements and existing profiling techniques available. We highlight their limitations
and differences against our proposed method. After that, we then discuss thermal
imaging technique in general as this is the core technique of this thesis. We shed
some light on the general applications of thermal imaging. Lastly, we also discuss the

applications of thermal imaging for energy modelling.

2.1 Energy Measurement and Power Profiling

There are various existing tools in the market and they are different from each other by
the levels of information they provide. The current state-of-the-art energy measurement
and power profiling techniques are tedious and involve a lot of setup procedures to
actually measure the energy and power. These energy measurement and power profiling

techniques can be broadly divided into two categories: (I13]).
e Hardware-Based Energy Measurement

e Software-Based Energy Measurement

2.1.1 Hardware-Based Techniques

Hardware-based measurements are extremely precise, nevertheless, a special setup is
required to connect hardware components. This requires to bypass the battery of the

device with the appliance, e.g., multi-meter, such that the power is provided by the
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POWER MONITOR

Figure 2.1: Hardware Based Energy Measurement using Monsoon Power Monitor

appliance rather than the battery (I4). Monsoon Power meter (15) can be a good
example of hardware-based tools (Figure The common logic behind external tools
is connecting the device and providing a voltage to a resistor which is connected to the
power supply of the mobile phone. In this way, we can calculate the power by using
changes in voltage. These hardware-based tools are accounted for as ground baseline
values for software-based tools because of the accuracy.

Other hardware solutions include, Low-Energy Aware Platform (LEAP), which is a
solution that can be used to measure consumed power in mobile apps (16]). Besides be-
ing an easy and powerful tool, it can calculate the component-level energy consumption.
Similarly, authors of (17) created a tool called PowerScope which is able to monitor
energy usage. The main idea behind the tool is that PowerScope uses a digital multi-
meter and another machine that has control over a multimeter. That’s why we have
accounted PowerScope as a hardware-based approach since it requires hardware setup.
Also, PowerScope monitors energy based on each process. All in all, PowerScope uses 3
components to sample energy consumption. Components are System Monitor, Energy
Monitor, and Energy Analyzer. Even though it is a hybrid method, we have put it
under hardware-based techniques.

Additionally, Intel implemented an SDK called Energy checker (18) which allows ex-
porting counter from the application so that it can calculate time spent on each process
and estimate power consumption. But, because of the hardware PowerMeter require-

ment, the tool is accounted as hardware-based. Likewise, the Greenminer framework
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also can be used to measure energy consumption and to create automated reports for
application developers (19). The framework containers functionalities to process the
results by aggregating, analyzing, and visualizing.

Another recently studied (20) (21)) popular method is Watts Up? Pro (22)) which is
a less expensive device to measure energy consumption. Watts Up? Pro is mainly de-
signed to be connected between the power supply and the device that is being measured.
One advantage is that Watts Up? Pro can perform monitoring while the main software
is running. The Arduino Uno (23)) electronic board also can be used to measure energy
usage such that the GreenMiner testbed (19) enabled the use of Arduino by connecting

to the device.

2.1.2 Software-Based Techniques

Software solutions are the alternative to hardware ones. Despite software-based mea-
surement tools are not highly accurate (when compared with hardware-based ones),
they can be easily installed in the smartphone and integrated into the development life
cycle of applications to estimate power (24). It is important to mention that software-
based tools are created by building mathematical models based on the hardware-based
tools in order to map the consumption of each component into the software (25). An-
other way is watching the power changes during the execution of the application and
find which one consumes more.

Several software-based solutions have been proposed over years. PowerTutor is a
software-based tool that displays real-time consumption. PowerTutor developers built
a model by creating various cases and comparing them to consumption results from the
monsoon power meter. Similarly, PCE (Power Consumption Estimator) is an Android
Studio plugin that predicts application consumption (26]). It inspects the source code,
as opposed to PowerTutor, to generate consumption estimates. It is also necessary to
determine the application’s use case in order to see the results.

Additionally, there are tools called PowerAPI (27), (28), and Jalen (29) which use
power models for predicting energy usage for each process even Jalen can provide
hardware-level energy metrics. PowerAPI can measure energy in real-time while Jalen
is supposed to provide monitoring for energy consumption of components of software
code such as methods, and classes. The authors calculated Power API’s accuracy as ap-

proximately 0.5 — 3%. Another popular software for energy measurement is Trepn (30)
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which is officially created by Qualcomm and can provide profound information about the
energy consumption of the devices which uses Qualcomm processors. Trepn is able to
present data in real-time by gathering information from CPU statistics, power statistics,
GPS, memory, battery, and more sensors. The tool enables testing power consumption
for application developers however, it doesn’t show the exact function or process which
consumes high energy.

Other solutions in this matter include, eLens which is accounted as a lightweight
tool to estimate energy consumption and it is a code-based analysis model (31)). In more
detail, eLens checks the recorded information to perform analysis and returns energy-
related results. EcoDroid is a software to rank the apps based on their energy usage and
it uses both dynamic and static analysis (32). While dynamic models create fake test
data, the static model gets the graph with the cost variable. It is important to mention
that EcoDroid’s accuracy is close to the Trepn. Similarly, the GreenOracle is using a
trained model which uses big data to collect specific information such as system calls,
and CPU utilization, to train and estimate power consumption (33). It also provides
an opportunity to generate reports about energy consumption while changing the code
base. In addition, Joulemeter (34), (35) is software that allows estimating energy usage
of computer hardware utilization and consumption of software applications. It shows
the resource usage for each component, and function, for instance, CPU utilization,
and models the energy usage for them. In other words, we can also apply hardware
configuration and Joulemeter will work in a machine-specific way.

Table summarizes all tools mentioned in above sections including hardware-
based measurement tools. Unlike other previous work, we focus on developing a solution
that can estimate energy consumption of applications just by taking a picture from a

(thermal) camera.

2.1.3 Energy Modelling and Estimation

Resource modelling for battery usage is a common method to estimate the energy
consumption of hardware and software in general. The main approaches for modeling
energy are mostly implemented within the software itself and/or in a middleware. By
monitoring workload and computational effort of the resources running the application,
it is then possible to extrapolate energy consumption metrics (36]). Besides this, there

are various estimation models and formulas that have been used for energy estimation

10
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and measurement. A common solution that is adopted widely is the processes-level
profiling tool called pTop, which uses a model which calculates the sum of the consumed

energy for each process by using the following formula (37).

Eappi = Z Uij X Eresou’rcej + Einter(zction (21)

where Uj; illustrates consumption of process ¢ in the resource j. Besides the above
formula, the general model was proposed to cover each resource. Basically, the model

is a mathematical formula of reads/writes, and transitions in the resource itself.

Eresourcej = Z Pjtj + Z nkEk (22)
jinS kinT

where S is the state of the resource (read/write), T is a transition, P; is consumed
power at t interval, Fj is the energy consumed during the transition, and ng is the
number of transitions.

From the general formula (2.2)), it is possible to generate functions for each resource

such as CPU;

Ecpy =) Pty + 3 By (2.3)
7 k

where P; is power consumption and ¢; is running time, ny is transition number and Ej,
is energy consumed during that transition.

For Network Interface,

E]{[’:m' = tsendi X Psend + trecvi X Precvi (24)

where t4eng; and e, are amount of time while process is sent and received respectively,
Pienag and Py, are power usage during network interface receive and send operations.

For Hard disk,
EDiski = treadi X Pread + Lwritei X Pwrite (25)

where t,eqq; and tyrite; are the spent time during read /write processes, Preqq and Pyyite

are the power consumption during read/write processes.

11
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Table 2.1: Comparison of Energy Measurement Approaches

Approach Energy Monitored Energy Hardware
Measurement | Resources Precision Support
Monsoon Powermeter v Hardware Energy Hardware v
LEAP v Mobile Applications Component level Hardware v
PowerScope v Hardware and Processes Process v
Energy Checker v Hardware resources, Application Counters | Application v
Greenminer v Hardware Application level v
PowerTutor X Software Resources Software, Classes and Methods X
PCE X Application Source Code X
PowerAPI v Hardware Resources Process X
JALEN v Software resources Code X
JouleMeter v Hardware Process X
Watts Up? Pro v Hardware Application Level v
Trepn v Hardware Resources Component level Hardware X
eLens v Code Base Source code X
EcoDroid v Application Source Code X
GreenOracle v Hardware and Processes Process X

Also, PowerAPI is a tool to monitor consumption in real-time and illustrate the
usage of CPU processes whilst Jalen is a software-level tool and providers hardware-
related estimations. Generally, formula shows the standard formula for the CPU
model by using the Complementary Metal Oxide Semiconductor (38)) equation as shown

in the following formula.

Poweré’}éU —cx fxV? (2.6)

where f is the frequency of CPU, V is voltage, and ¢ constant value based on the
hardware material itself.
While theoretical models can be used to estimate energy consumption, they need to

be tailored for a specific device and type of hardware. Unlike others, we focus on linking

12
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changes in thermal measurements with energy consumption of the device by looking at

how the surface how the device heats on time due to the application processing.

2.1.4 Limitations of Energy Measurement Techniques

As mentioned above, hardware-based tools require a careful and time-consuming setup
since one wrong step can cause damage to the devices which is costly (39). Addition-
ally, we cannot get information about system activities. Software-based tools are created
by analyzing the hardware-based tools during building the model. To precisely repre-
sent the power consumption of the operations and components, the model should be
built extremely carefully. However, software-based tools are too behind hardware-based
tools from an accuracy perspective (40)). Another limitation is the ground-truth values
which are based on different tools and accuracies are different as well. This is because
these tools are proprietary-based and vendors implement their own methodologies for
energy consumption, which may introduce differences in the measurements. Neverthe-
less, differences may be marginal, and energy consumption patterns remain relative.

Normalization of data is thus required for analysis of energy between tools/solutions.

2.2 Thermal Imaging

Thermal imaging uses the concept of measuring heat dissipation to estimate tempera-
ture. By looking at changes in light in the invisible spectrum using cameras, thermal
imaging can determine heat of surfaces. Also, according to Kirk J. Havens, and Edward
J. Sharp "Thermal imaging is simply the process of converting infrared (IR) radiation
(heat) into visible images that depict the spatial distribution of temperature differences
in a scene viewed by a thermal camera" (4I). Undoubtedly, thermal cameras can per-
form tasks in the ambiance without light and also can pass through dense smoke and
mist. Initially, specifically during the 1950s-1960s, thermal cameras evolved for mili-
tary goals because it was essential for better surveillance applications. The first thermal
camera was heavy, large, and expensive at that time. Also, they were cooled by the ni-
trogen liquid which was the requirement of cameras at the time. Eventually, it enabled
a lot of tasks that were difficult to perform before while these cameras advanced over
time. By the time, thermal cameras became available for civilians to apply in industrial

applications, surveillance, robotics, etc (41)).

13
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If we want to dig into how thermal imaging works, it should be clear that all materials
above 0 °K (& - 273 °C) emit infrared radiation. Infrared radiation is located in the
electromagnetic spectrum between light and radio waves (42), (43) such that bare human
eye can’t recognize these lights because it is beyond visible light spectrum Table
Moreover, infrared radiation has a wide range of wavelengths between 0.7 pm and 1000
um however common usage is from 0.7um to 20um for example usual temperature
measurements (44). Generally, the infrared spectrum consists of three types of the
range which are Near Infrared (NIR), Mid Infrared (MID), and Far Infrared (FIR). NIR
spectrum has a wavelength range between 0.7um and 2.5um which can perform imaging
operations on objects that have from 600 °C to 1000 °C temperature. MIR imaging has
a wavelength between 1.3 um to 8 um and recognizes objects that have a temperature
from 5 °C to 300 °C. The cameras that belong to the FIR spectrum uses wavelength
between 7.5um and 13um with the capabilities of observing the temperatures between
-20 °C and 900 °C and this is the most common spectrum for the cameras which are
available commercially since they are smaller and cheaper (45). Eventually, thermal
images illustrate the objects based on their temperature and are built with the help
of heat signatures, and maps. In other words, the camera’s thermal imaging sensor
performs a transformation from the infrared energy to electrical signals to present in
the form of a thermal image with colors (40). It is clear that the object in the open air
is heating and becomes a heat source. In this case, thermal cameras have sensors inside
to define the calibration period in order to create accurate thermal images. During the
calibration process losing frames is inevitable because a new set of temperatures are
inserted in front of the current frames.

Currently, there are a lot of thermal cameras manufactured, for example, Cat S60
smartphones are equipped with FLIR thermal cameras that have 80 x 60 infrared ra-
diation sensors (The Figure shows an example image produced by a Cat S60 Flir

camera).

2.3 Applications of Thermal Imaging

As advancements occur in the thermal imaging field and thermal cameras, this section
shortly presents its applications in the different fields. Thermal imaging has a wide

range of applications areas, as most novel technologies, it has also been adopted by the

14
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Figure 2.2: Thermal Dissipation from a Smartphone resulting from Application Usage

Table 2.2: Electromagnetic Spectrum(I)

Wave Wavelength (meters) | Frequency (Hz)
AM Radio 102 106
FM, TV 1 108
Radar 1072 10°
Infared 1076 103
Visible Light 1077 10%°
Ultraviolent (UV) 1078 1016
X-Rays 10710 10'8
Gamma Rays 10~ 102!

military as mentioned. A lot of researches had been conducted with the help of thermal

imaging such as in agriculture, medicine, information technology, military, etc (47)).

15
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2.3.1 General Applications of Thermal Imaging

In medical analysis, CAD (Computer Aided Design) systems can help to monitor fever
patients in places with a vast amount of people such as in borders, airports, and malls
while the existence of different infections (maybe contagious) might be detected in
this way. Especially last years, outbreaks of pandemic situations could be detected in
crowded areas (48)). Additionally, surveillance systems are one the most critical systems
for defense and security, various researches have been investigated and (49) proposes 2
algorithms to embed inside the surveillance systems which can not only monitor but also
perform detection tasks during poor lighting. The agricultural industry tries to take
advantage of the recent technologies because of being a critical industry for economies.
Visual inspection, which is subjective and labor-intensive, is commonly used to assess
crop quality (500). Unlike others, we develop a solution that can be used to estimate

energy consumption from application running in smart, IoT and wearable devices.

2.3.2 Application of Thermal Imaging in Energy Measurement

Since energy usage is getting a trending topic in the world, authors of (51)) introduce a
term that denotes the software’s energy misbehavior called energy bugs by the authors.
As expected, it decreases user satisfaction, increases the chance of battery drain, and
so on. Authors of (I1) introduce a method of energy usage analysis by taking energy
anomalies into consideration such that the Carat application is developed which collects
data from the smartphone and shows an overview of the consumption. A lot of anomaly
cases were fed into the Carat application and Carat has been used by more than 500.000
IOS and Android devices. This is believed as the first collaborative diagnosis approach
that is helpful to diagnose energy bugs. Approaches to estimate temperature changes
depending on processing load have been proposed. For instance, there is a method of
identifying heat sources directly from commercial processors (52). During the experi-
ment, the authors used 2 Intel CPUs which resulted in high accuracy. Those results from
their research illustrate the feasibility of the proposed method that is highly dependent
on temperature data.

To supplement the temperature measurements from the embedded sensors, thermal
models that can estimate the temperature profile of the entire chip or all thermally

susceptible locations on the chip are required. For that purpose, interpolation-based

16
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approaches for computing the full-chip thermal map from sensor values have been pre-
sented (53). Algorithms are designed to be clever to choose the optimal placement of
sensors within a given budget because of the effect of the number and placement of
embedded sensors on the accuracy of the results (54) (55).

Thermal solutions for smart, IoT and wearable devices have also been proposed.
Mobile devices emit energy as they are active and executing any task, which denotes
devices as heat sources. Thermal readings have been used in various researches in order
to understand the movement of the heat on the components. The primary source of
heat is CPU, GPU processes, and battery (56). In order to illustrate the temperature
of each part of the device, a device that is called a Therminator is useful such that
it is linked between layers (57). Additionally, in the Paterna et al. (58)) the effect
of ambient colors, variations, and component relations on the temperature is analyzed
with the model. Even though a lot of research offers some understanding of the energy
metrics in the mobile phone, it needs unexpected orchestration. However, we keep the
processes simple by modeling energy using thermal images. So that, our experiments
don’t require any difficult mechanisms.

Additionally, thermal imaging is used by research (59) which targets a single inte-
grated chip and adopts spatially resolved imaging of microprocessor power as a method.
The core idea is that method considers the closeness of conduction and electricity as
well (60). Authors of (61]) create a method that pays attention to the multiple circuit
components to evaluate and monitor with an IR camera. Similarly, thermal imaging
has been used by authors of (4) in a way that inspired this research. The authors pro-
pose a novel approach to measuring energy consumption by using the energy footprints
of smartphones, wearables, and other devices. Our research recalled the experimental
setup guidelines from the methods that are proposed by the authors. Unlike other work,
we study thermal imaging further to estimate energy consumption of different types of

applications.

2.3.3 Advantages and Limitations of Thermal Imaging

Thermal cameras are highly useful in the cases where we need individuals’ identification
however for the identity of individuals, thermal cameras are not enough to do it com-

pared to light cameras. Additionally, thermal cameras are well suited for most outdoor
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environments over common visual cameras since they can observe temperature differ-
ences in objects quickly (62) such as fire, human activities, body temperature, etc (63).
You can easily recognize objects to differentiate between animals, and humans, which is
important for surveillance purposes. The reason is that thermal cameras are responsive
to the radiation and produce the resulting image without any blur, or distortion even in
inconvenient weather conditions. From the temperature estimations perspective, mea-
suring the temperature of a large surface is more precise than point-to-point. However,
it is not highly precise temperature measurement by the thermal cameras as contact
methods.

Eventually, dependence on the shape, color, and some properties of the objects is
one of the main limitations of the current thermal imaging techniques because it focuses
on the reflections and absorption mainly. For instance, it is not possible to capture heat
through specific materials like water, or glass because of being highly reflective in the
thermal spectrum. This is one of the main disadvantages in some cases in which these

objects are needed to be captured.

2.4 Summary

We presented a literature review on state-of-the-art thermal imaging (passive sensing)
in addition to the thermal cameras which are used to detect thermal infrared radiation
that is unrecognizable to the bare human eye. Even though thermal cameras have their
own disadvantages, their positives exceed their drawbacks, especially, one that is their
capability to see in dark and difficult environments. For instance, night vision systems
work similarly to the eye in that they can detect and amplify small amounts of light.
However, in completely dark places, night vision cameras are utterly worthless due to
the lack of a light source. In contrast, thermal cameras can’t perceive clear light. They
can detect heat radiation and the objects’ temperature fluctuations that are reflected
back instead.

In the following Chapter, we conduct an analysis to confirm the feasibility of the
approach to evaluate whether thermal imaging is useful to get an insight into the energy

consumption of the phone by doing a couple of experiments.
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Motivation

In this Chapter, we present the motivation behind the work, the feasibility experimental
testbed, underlying procedure and also the results for feasibility experiments. We also
perform statistical testing to show that the thermal imaging can indeed be used to
model and estimate the energy consumption of smartphones, IoT devices and other

wearable devices.

3.1 Preliminary Rationale

The energy measurement and estimation solutions used for measuring and estimating
energy mentioned in the state-of-the-art solutions are tedious to use. The hardware-
based methods being precise have a limitation in trying to measure energy as modern
devices such as smartphones have a non-detachable battery. The software methods on
the other hand are less precise and do not give an actual estimate of the energy. We
begin this Chapter by demonstrating the feasibility of an alternate solution to measure
and estimate the energy of smartphones based on thermal imaging. The primary mo-
tivation for this research can be illustrated by considering a real-life scenario where a
person previously used a power monitor to check the power consumption of a phone.
But at the moment, he does not have a hardware device or he purchased a new phone
with a non-detachable battery that does not allow for the use of hardware. Neverthe-
less, he can get insights into energy consumption by looking at the phone’s thermal
absorption. The current technological trend is to produce phones without detachable

batteries (64) and many wearables and IoT devices, which disables hardware-based mea-
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surement techniques. Because the heating pattern of the phone is caused by processes,
threads, CPU usage, and sensor usage, it may be possible to gain some insight into
energy consumption by analyzing the thermal footprint of the device when it is being
used. This approach could benefit not only smartphones and smartphone users, but
also small IoT devices such as wearables. However, the most important aspect of the
research was the feasibility analysis, which describes the feasibility of the study and

allows for further analysis.

3.2 Feasibility Analysis

We now demonstrate that thermal imaging can be a promising solution for measur-
ing and estimating the energy of smartphone devices. We ran a few applications on a
smartphone and calculated the energy consumption of the three individual applications
by mapping thermal dissipation energy to energy estimation. We also analyze thermal
images from smartphones running different applications and extract the thermal val-
ues and also compare the results with the energy measurement values from the power

monitor.

3.2.1 Experimental Testbed

We conduct several experiments with three different energy-consuming and different
resource-intensive applications and also analyze the thermal absorption for these three
different applications at specific intervals. The applications chosen were Y ouT ube,
Chess, and Google Chrome. These applications were run on Samsung Galaxy S3 run-
ning on the Android-based OS version. We use a Thermal Logger application running
on CAT S60 Smartphone. The Thermal Logger app takes the thermal image and also
generates the temperature values and emissivity values of the respective thermal im-
ages. It also has the functionality to set the FPS value based on our needs. To analyze
the thermal footprints, we set the FPS value as 1. For recording the thermal video
and eventually extracting the thermal images from the video, We use a tripod stand
to obtain clear thermal footage. The tripod is kept at a distance of 40 cm from the

android phone running the applications.
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3.2 Feasibility Analysis

3.2.2 Procedure

Before the applications are run on Samsung Galaxy S3 running the three different
applications, the device was kept in the refrigerator for 10 minutes to cool down. Then
the device was taken out and put on an experimental table. The table was covered
by a black sheet to obtain the clean thermal footage. Before running the applications
the phone was kept on the table for five minutes to let it adapt to the ambient room
temperature of 25 degrees Celsius. One application out of the three applications was run
on the Samsung Galaxy S3 and the Thermal Logger application was also started on the
CAT phone fixed on a tripod stand. The thermal image along with the temperature and
emissivity values associated with the thermal image was extracted from the Thermal
Logger application. The same procedure was followed for two other applications. The
application was run for a period of 5 minutes and each application was run for three
iterations. Then the data from the experiment was extracted which include the thermal
image frames from the thermal footage along with other temperature and emissivity
values. The extracted data were collected for further processing to measure and estimate

the energy consumption of these three different applications.

3.2.3 Data Preprocessing and Analysis

After conducting the experiments with the three applications mentioned above, we col-
lect the thermal frames from the footage, the respective emissivity values, and thermal
thermal values from each iteration of usage of the application. The data is subjected
to data cleaning and processing steps which are explained in detail in Algorithm
As demonstrated in the algorithm, the thermal images involve resizing in order to re-
move noise from the surroundings. Then the thermal values at each specific interval are
extracted after applying the image processing techniques mentioned in the algorithm.
These thermal values are analyzed to generate the plots which are demonstrated in the

results subsection below.

3.2.4 Results

Figures [3.1al, [3.1B], and [3.1c show the resulting plot for each application that we have

used for experiments. The results show thermal values and their corresponding intensity

values for each time interval between 1 to 5 minutes. From the graph, it is clear that
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Figure 3.1: Feasibility Experiment Results: a)-c) Thermal Intensity Graphs of Three
Applications; d) Mean Thermal Value Trend for each Application

as time progresses we have higher thermal values as is evident from the thermal values.
The higher time intervals also show more intensity peaks due to the heating up of the
device from prolonged application usage.

We also analyzed the data to find the behavior of the mean of extracted thermal
values from the thermal arrays over time-specific and equal time intervals ranging be-
tween 0 — 300 second interval. The intervals were chosen at the end of every 60 second.
Figure shows the results. It is clear from the graph that the device gets heated
while running different applications over time. The mean value of the thermal values
curve for specific applications shows a different pattern at the specific time intervals
highlighted in the graph. For instance, the Google Chrome application at the end of
the 240 second interval overtakes the chess application as is evident from the figure.
The mean value of curves for all applications also tends to achieve a state of stability

as is demonstrated at the end of the 180 second interval.

3.2.5 Statistical Testing

Additionally, it was crucial to use statistical tests to examine our data mathematically

in order to determine whether or not it had a distribution, thus we conducted both
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3.2 Feasibility Analysis

Table 3.1: Statistical Analysis

Test Statistic = P-value Interpretation
Shapiro-Wilk 0.952 0 Does not look Gaussian
D’Agostino and Pearson’s 296.638 0 Does not look Gaussian
Mann-Whitney U 3359400.500 0 Different distribution
Kruskal-Wallis H 8340.077 0 Different distribution

parametric and non-parametric testing. Non-parametric tests do not require that the
data be distributed normally, whereas parametric tests examine if the data follows a
normal distribution (65)). Distribution-free tests are another name for non-parametric
tests. Each extracted thermal array was subjected to the Shapiro-Wilk, D’Agostino,
Pearson’s, and Anderson-Darling tests in order to validate the data.

The test findings made it obvious that our data is not normally distributed, as
shown in Table This expression was supported by the results of the Mann-Whitney
U and Kruskal-Wallis H tests, which indicated that the data was distributed differently.
Therefore, it was more worthwhile to look at the link between thermal values rather

than the distribution of the data in order to identify some correlation.

3.2.6 Insights from Results

The main insights that can be inferred from the results of the feasibility experiments

are highlighted below:

As time progresses when any application is used, we see higher thermal values gener-
ated from power and energy consumption.
e The higher time interval thermal intensity curve shows more peaks in thermal values

than smaller time intervals.

Some applications start with low heat and end up overtaking other applications.

The thermal values start to go to a peak value and then tend to achieve stability.
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3.3 Summary

Overall, this Chapter covered the primary motivations for the investigation as well as a
feasibility study conducted before the major experiment. The results of the feasibility
analysis were therefore close and visually correlated, demonstrating that it is practical

and worthwhile to proceed forward.
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Methodology and Pipeline

Our work deals with estimating energy from thermal footprint by leveraging thermal
imaging to generate thermal footprint from devices such as smartphones and other IoT
devices. Our feasibility experiments show that the thermal footprint of devices can be
used to estimate energy consumption. In this Chapter, we will describe the complete
methodology for the measurement and estimation of energy from the thermal footprint.
We will also shed some light on the thermal dissipation footprint background and also

describe the pipeline by explaining the main algorithms and methods.

4.1 Thermal Dissipation Background

The working principle of Thermal Imaging from the spectrum’s perspective has been
stated in Chapter 2. In addition to that thermal imaging shows us the radiated heat of
an object by comparing temperature with the objects around because thermal cameras
let us record the temperature of the different objects.

Basic physics dictates that all objects with a temperature greater than 0K emit
radiation (66). The components of smartphones and other IoT devices, such as the
CPU, battery, network card, etc., also cause them to produce this heat. This emission
is sometimes referred to as thermal radiation or blackbody radiation, depending on the
object’s temperature, which determines the radiation power. Also known as blackbodies,
perfect emitters are things that have the greatest radiation power. The temperature
can theoretically be calculated using the blackbody law. Another way to think of
a blackbody is as an idealized object that can both absorb and emit energy at all
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wavelengths. Planck’s law serves as an example of the blackbody radiation theory.
Using the following formula and Planck’s law, we can calculate the power of emitted

radiation by using wavelength (lambda) and temperature (T") (67).

87TC hc _4

IN\T) = (ﬁ)(ekAT -1) (4.1)

In formula h is Planck’s constant (6.626176 x 10734Js), c is the speed of light
(3 x 10® m/s), and k is Boltzmann’s constant (1.38 x 10~2% J/K). In this matter, it is
good to mention Stefan-Boltzmann’s law which shows the relevance of total energy flow
over all wavelengths in the specified range. As the components are generating heat, the
heat is radiated through the case and outer parts of the smartphone as illustrated in

the following Stefan-Boltzmann law.
E =eoT! (4.2)

In formula , o is the Stefan-Boltzmann constant (5.670367 x 107 8Wm 2K %), F is
the total amount of radiation, and 7 is the temperature. It is clear from the Formulae[4.1]
and [£.2] both power and energy have a direct proportional behaviour with temperature
and this is the reason we will also be using temperature (thermal values) along with the

thermal images in order to model and estimate energy consumption of devices.

4.2 Processing and Estimation Pipeline

We will present the complete processing and estimation modeling pipeline for energy
consumption. The pipeline begins with extracting data using the Thermal Logger ap-
plication installed on the CAT S60 Smartphone and ends with mapping the thermal
values to the energy consumption of a device doing some computational task. The com-
plete pipeline is shown in Figure[4.1] This section explains the primary thermal pipeline
steps, including all the components, procedures, algorithms, and mathematical concepts

utilized in this study for estimating energy consumption from thermal imaging.

4.2.1 Getting Input Data

We set the Thermal Logger Application on the CAT S60 smartphone to record the
thermal frames from the device whose energy is to be measured. Its implementation

details are described in Section [ The Thermal Logger application is implemented in
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Figure 4.1: Proposed Methodology and Pipeline

such a way that it is incorporated to leverage the FLIR thermal camera of the CAT
smartphone. Once the application is run, it gives us the option to set the Frames per
Second (FPS). The FPS decides how many frames to extract per second. The Thermal
Logger application generates the thermal image and its corresponding RGB image in
the visible spectrum, emissivity values in text format, and also a 2D array of thermal
values in the form of a text file. All these filenames are also included with a timestamp
at which the particular frame was captured which is useful in analyzing and estimating

thermal footprint.

4.2.2 Data Pre-processing

The process of transforming data into the form where we can actually manipulate and
process it is the most crucial part of data analysis. Prior to pre-processing, it is essential

to first make a list of all the problems with the input data.

e The thermal image dimensions are twice as large as the thermal values array

dimensions due to the raw data format from Thermal Logger application.

e The array of thermal values is a text file, which makes it unsuitable for mathe-

matical operations.

e For every specific n'" time interval, we have a large number of thermal frames to

process depending on the set FPS value of the Thermal Logger Application.

The first stage in the pre-processing was determining the appropriate number of
frames to start our processing with. We did this by converting the timestamp into
DateTime format, which made it easier for us to choose the desired number of thermal

frames and their respective emissivity and thermal values. Once the desired number of
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frames to process are identified, we scale these thermal images to eliminate the noise
and make them identical to the dimensions of 2D thermal arrays. We converted the
text files containing 2D thermal arrays into Python’s Numpy arrays. After this, we
have NumPy arrays for each specific time interval together with the application name
that is running on the device and corresponding thermal image paths. This facilitates

the analysis and visualization which we will revisit in a later subsection.

4.2.3 Thermal Image Processing

We now have pre-processed data from the text files of the Thermal Logger application
that is ready for further analysis. We next start pre-processing of thermal image frames
to extract the region of interest (ROIs) which denotes the main regions on the device
that are getting heated. In order to extract the Region of Interest, the thermal images
are subjected to image processing steps and techniques mentioned in Algorithm [I] We
capture these ROIs using the built-in and potent functionalities of Python’s OpenCV
Packageﬂ For each application, the image processing function loops through the file
directories. To capture the contours of the thermal fingerprint, we chose to use the built-
in and potent functionalities of Python’s OpenCV package. The initial step in thermal
image processing captures ROIs as contours. The thermal image is converted into
grayscale with the help of cv2.COLOR_BGR2GRAY available in OpenCV. These grayscale
images are further passed into cv2.threshold function with the different values for
each application and for specified time intervals. Thresholding preserves values over
the threshold value while filtering out pixel values below it, producing a cropped image.
These threshold values are sent as a parameter to the cv2.findcountours function,
which returns the coordinates of the heated area in the image. Since we need the
thermal values rather than the pixel values, the processed thermal images are saved
into new folders and the extracted coordinates from the contours are used to capture
the same area from the thermal thermal arrays as well.

Secondly, we created one more function as shown in Algorithm [I| to process the
contours extracted from the thermal images again to remove cold pixels and keep only
the heat mask. We performed morphological transformation by using the 9x9 kernel
window and the cv2.morphologyEx function’s MORPH_CLOSE and MORPH_OPEN parame-

ters to construct masks. Since bitwise operators are incredibly helpful for these kinds

'https://opencv.org/
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Figure 4.2: Sample Output from Algorithm

of masking tasks, we use them for masking. By removing the pixels that are below the
threshold values and have an irregular shape as is the case in a thermal footprint, the
bitwise AND operation eventually gave us the sole portion of the image containing the
heated part as shown in Figure Now since we have both the ROI (extracted thermal
footprint) and the corresponding thermal array, these will be fed to the analysis part
to gain better insights.

Overall, this step is really crucial and results in extracted heat footprint image as
illustrated in Figure and an array of thermal values (Figure of that footprint
area. This will be fed into the data analysis part in order to process and analyze data

to get better insights.

4.2.4 Processing Results

We now have proper data that can be processed to create graphs, charts, diagrams, and
tables. The extracted arrays of thermal values contain 0 and they need to be dropped
therefore we flattened the 2D arrays into 1D and dropped all 0 values. Python’s Pandas
module is used here to store data in a tabular format and to perform data analysis
leveraging robust Pandas algorithms. Pandas dataframe with the following headings
is created: AppName, Time, MeanThermalValue. This stage concludes with the

resulting Pandas dataframe, which contains important information for the next step.
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Algorithm 1: Image processing - calculating ROI, contours, heat mask

22

1

2
3
4
5

© 0w N &

10
11
12
13

14

15
16
17

18

19

20

21

Input: List of applications with corresponding paths to thermal images and
thermal values array files
Output: Exported heat mask (ROI) image and corresponding slice of thermal
array

/* Contours Extraction */

for each app in apps do

image < Conversion to Grayscale;

image < Apply Threshold;

image < Detect all contours;

initialize heatContoursExtractedResult ; /* initialize dictionary to
store paths to extracted images, and to store extracted thermal
arrays */

for each contour in ¢ do

x,y,w, h < cv2.boundingRect() ; /* Get contour coordinates */

ROI « image[y:y+h, x:x+w];

thermalV alues < thermal array[y:y+h, x:x+w];

Append thermalV alues to heatContoursExtracted Result;

Save ROI as an image in the new path;

Append new ROI path to heatContoursExtractedResult;

end

end

/* Mask Extraction */
for each app in apps do

image < Conversion to Grayscale, Apply Threshold;

kernel < 9z9Kernelwindow mask < cv2.morphologyEx| with
cv2.MORPH_CLOSE| and cv2.MORPH_OPEN| parameter;

result < Conversion to BGRA and 3rd channel is mask ;

result < cv2.bitwise_and(result, result, mask)| ;
heatCountoursExtractedResult < 0 for cell where the coordinate
is 0 in the result ;

end
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4.2.5 Plotting and Visualizations

Plots are essential for data analysis because they provide visual interpretation. In this
case, it is critical to use Python’s plotting tools to build graphs, which we did with
Seaborn and Matplotlib. These libraries include sophisticated tools for manipulating
and generating various types of graphs. The graphs below help to comprehend the

following:

e We use seaborn.distplot () method to generate a thermal intensity distribution

graph from the thermal values in our thermal array (except 0s).

e We use matplotlib to generate a graph to see the trend of the mean of thermal

values of each time interval for each application (plot() function).

Overall, this section deals with the generation of various visualization plots that will

be used in the modeling of energy estimation in the next subsection.

4.2.6 Modelling and Estimation

Now we have the plots and other visualization graphs that give us an insight into how
the thermal values behave with different application usage. We also have the intensity
of thermal values at each particular time interval. We calculate the area under the
thermal intensity curve that denotes the amount of heat absorbed by the device whose
energy is to be estimated. We also have the trend of thermal values over time. The
behavior of the thermal values over time intervals can be explained with the help of the
general equation of a straight line. We extract the slope (m) and the intercept at each
time interval (¢) to explain the behavior of the curve and hence the energy estimation
and modeling.

Mathematical Background: We now explain the mathematical background behind
the modeling of the plots that we generated into estimating the thermal energy of the
device. We first present the mathematical background behind finding the area under
the thermal intensity curve and also the trend of thermal values at specific intervals of
time.

The Trapezoidal Rule: The thermal intensity curve can be assumed a function f(x)

continuous over time interval [a,b]. The numerical integration of this function over the
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Figure 4.3: Graphical Representation: (a) Trapezoidal Rule for Calculating Area a, (b)
Linear Function Graph having a Slope m and Intercept c

definite interval [a, b], gives us the approximation of the area under the curve.

b
Area:/ f(z)dx (4.3)

Let n be any positive integer and A(z) = b_Ta. Let us divide the time interval [a, b] into
n sub-intervals, each with length x, and place their endpoints at P = zg, 1, x2..., xy as
shown in Figure The Trapezoidal rule for calculating the area under the curve is

calculated using the following equation:

b
[ 1@y de = MG (o) + 28 w0) + 20 (w2) + o+ 2 ) + )] ()

We use this equation to calculate the area under the intensity curve. The area under
this thermal curve (temperature values) gives us an idea about the amount of energy
heat absorbed by the device (68)).

Formula of Straight line: A car driving at a constant speed across an ever-increasing
distance is just one example of many situations where there is continual change over
time. In this instance, the motion of a car is described by a linear function with a
constant rate of change. The rate of the change can be both positive or negative and is

given by the slope of the change at any given time interval. There are several ways to
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express linear functions, such as tabular form, function form, graphical form, and others.
A linear function, which is a mathematical formula, represents a straight line having
some intercept which is denoted by ¢. The most common linear function equation is

denoted by:
y=mx+c (4.5)

In the above equation; m is the slope (increment or decrement) at any given time
instant, ¢ is the intercept (beginning value) of the line, x is the independent variable
along the X-axis and y is the dependent variable along Y-axis.

The equation of the straight line can be interpreted in the context of the rate of
change which we will also use in explaining the usage behavior of different applications.
This rate of change is denoted by the slope (m) in the equation. In the previous
car example, the distance traveled grows over time since it is a function of time at
a constant speed and starting distance. The rate of change that gauges how quickly
dependent variables change in proportion to the independent variable is referred to in

this context as speed.

vertical change Ay y2 —y1

— = 4.6
horizontal change Az  x9 — 11 (46)

Furthermore, it is vital to describe the graphical representation of the equation of
the straight line because our research focuses on numerous graphs to estimate the energy
consumption from different devices. Figure [£.3b] denotes the graphical representation
of the equation of the straight line. The steepness of the line in the graph shown in the
figure demonstrates whether the function increases, decreases or remains constant.

However, there are times when we must determine the slope and intercept values on
our own. Mathematically, the slope, which is denoted by a m variable, indicates how
steep the line is. We must first determine the increment of the vertical difference over
the increment of the horizontal difference between the two locations in order to calculate
it from the graph. Given two possible values x1, xo where the difference x1-x2 denotes
horizontal change and can be written as Ax while y1, y» whose difference denotes vertical
change and can be written as Ay, also can be described in the form (z1, z2) and (yi,

y2) as a set of points, can be calculated as illustrated in the Formula Recalling
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Figure 4.4: Estimating Energy from Estimation Parameters: (a) Trend of Area a over
Time, (b) Trend of Thermal Values for a Particular Application with Illustrated Linear

Lines having a Slope m and Intercept c

Figure also defines the slope of the line between two data points, eventually, in
the sense of interpretation, a greater slope (m), a steeper line, and a greater increment
rate and vice-versa (69).

Explaining the Energy Consumption Behaviour of Applications from Area
a, Slope m and Intercept c: We have demonstrated the mathematical background
of the trapezoidal rule, linear function with some slope m and intercept ¢ as shown
in equations and Now let us demonstrate the application of these
equations in estimating the energy consumption of devices and also explain the behavior
of the application usage in devices. We will also discuss how to interpret the graphs
that show the increase in the mean of thermal values over a specific time. The area
under the thermal intensity curve as shown in Figure gives us the idea of how
much the device is getting heated up. As mentioned earlier too, the area under the
thermal intensity curve gives us an idea of how much heat is absorbed by the device,
and eventually, the energy requirement is high. Figure [£.4a] depicts how area of actual
heated parts increases with prolonged usage of device.

For demonstrating the usage of the mentioned equations in estimating energy con-
sumption using thermal imaging, we will use the thermal behavioural trend of applica-
tions from Section [3] We have also put the similar demo figure here as Figure [4.4Db] As
shown in the figure, the thermal values of the application for each time interval have a
different slope and intercept. The slope and intercept of the lines for each time interval
give us an idea of how the energy consumption behaved during that particular time in-

terval. The slope denotes the rate at which the energy consumption is taking place and
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the intercept of the line for a particular time interval gives us the value of the estimated
energy. From the figure, we have four different linear functions that correspond to each
time interval of 60 seconds. In order to find the slope in our use case, Ay is the rate of
change of thermal values, Ax is the rate of change of time, which is equal to 60 seconds
in the figure. The ratio of Ay by Ax will give us the slope of the four different linear
functions. We can also calculate the intercept (c) of each of the four lines that give us
the thermal values at that time interval. In other words, it is possible to understand
the applications’ behavior with the help of m and ¢ values because it tells us, how much
energy the application consumes at first, and how fast it increases and ends. On the
graph, it is clear that some applications can use high energy when it starts however
later on increases gradually. On the other hand, some applications show low intercept,
but the slope is high which leads to surpassing other applications as time progresses.

Building a Regression Model: The parameters Area(a), Slope(m), and Intercept(c)
are used to build a regression model that maps and estimates the results of our solution
to the Power measured using Monsoon Power Monitor as demonstrated in Section
We use Bayesian ARD regression, Ridge Regression (Tikhonov regularization), and
Bayesian ridge regression from from scikit — learn as estimators to estimate the energy

consumption.

4.3 Summary

This Chapter describes the methodology of the proposed solution that can be used to es-
timate the energy consumption of different devices. We presented the complete pipeline
that involves processing, visualization, and mathematical modeling of the behavior of
application usage by leveraging the area, slope, and intercept of the thermal value curve

over a specified time interval.
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Experimental Setup

We evaluate our proposed solution for estimating energy using thermal imaging by
performing rigorous experiments to demonstrate how the proposed solution estimates
energy from devices in use. We perform two sets of experiments to evaluate the per-
formance of our solution. The first set of experiments are performed on smartphones
and the second set of experiments are performed on IoT devices. We also compare
our results with baseline results from the Monsoon power monitor. In the following

subsections, we describe the experimental testbeds and procedures.

5.1 Smartphone Testbed

We first demonstrate the experimental testbed and procedure for evaluating the per-
formance of estimating energy from thermal imaging on a smartphone. We select five
applications to be run on smartphones and also run them at fixed time intervals to

evaluate the energy using thermal imaging.

5.1.1 Apparatus

We used an off-the-shelf Caterpillar (CAT) S60 smartphone equipped with a FLIR
thermal camera. We also use a Thermal logger application running on this CAT S60
smartphone and rely on FLIR thermal camera to capture the thermal imaging frames
and their associated thermal emissivity values and thermal values. The number of

thermal images and their respective emissivity and thermal values are specified by the
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5. EXPERIMENTAL SETUP

Time: 16:04:18:113 30.850000°C

SYNCTIME ~ sToP  Fps: 1.0

Figure 5.1: Experimental Testbed involving Samsung Galaxy S3 Smartphone

FPS value on the Thermal Logger application. The applications are executed on the

Samsung Galaxy S3 smartphone running on an Android-based operating system.

5.1.2 Applications Selected for Evaluation and Estimation of Energy

To begin, it is critical to select the appropriate applications for the experiment because
there are numerous factors that influence energy consumption. In this section, we will
discuss why we chose specific applications, as well as general statistics and information
about them. Understanding what affects energy consumption is crucial. The application
source is unquestionably more significant than the application category. The category
of the application can have an effect, but the history and evolution of the application

are what really matter, according to this research (70)). There are 34 categories in the
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Google Play store (8 games and 26 applications), but we didn’t exactly adhere to the
categories.

The fact that code smell can affect energy utilization is undeniable, though, and
this fact compelled us to pick applications carefully, especially those that had received
positive feedback from the audience (7I). To put it briefly, the source code is crucial
in this aspect. It is important to note that because battery level has little impact on
energy usage (72), we won’t take it into account for this experiment. As previously
mentioned, source code is essential for this reason since CPU and memory utilization
directly increases energy consumption (31)). To put these findings in nutshell, the main

issues governing the energy consumption for application usage are listed below:

e Unnecessary background operations - It is important to conduct an experiment

by being careful with background operations.

e CPU activities

High RAM utilization

Running extra sensors (for instance, GPS),Graphical rendering (for high-resolution

games)

From the above insights, it follows that it would be excellent to categorize apps on
our own by taking into account the sort of energy utilization of that program, rather
than based on their Play Store category. We need to know how many background
processes are active for the program, as well as its approximate CPU and memory usage,
whether it makes use of additional sensors, and whether it engages in high-graphical
rendering, advertising, synchronization, and other activities. Overall, the insights show
that the structure of the source code, not the number of lines of code, is more important
for energy usage. To prevent code smells, we will employ well-known programs, and
a variety of applications, some of which involve sensors, the internet, and graphical
rendering.

We chose the following applications after taking all of those factors into account,

including the phone’s capabilities and Android version:

e Video Player - The main job of this application is video rendering. It uses inte-

grated graphics, RAM and also processor.
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Google MapsH— Map - It uses HTTP request along with other hardware resources

like GPS sensor with real-time synchronization.

Flight Simulatoﬂ - It is a game and uses High graphical rendering and calibration

SEensors.

Facebook Messengelﬂ - It is an instant chat application.

AR Solar Systenﬁ - This application is an AR/VR based application and uses

High graphical rendering.

5.1.3 Thermal Logger Application

This application collects different log files and uses FLIR Thermal camera integrated
into the Caterpillar S60 smartphone. This application collects data from the thermal
camera which involve thermal images and the respective RGB image, emissivity val-
ues, and also the thermal values along with the timestamps. The application also has
an option to set the FPS value based on our needs. Once the FPS value is set, the
application collects data based on the set FPS Value.

Implementation: We implement the Thermal Logger application in Android Studio.
The application is designed to operate in four phases. These are MonitorService,
LoggerService, StorageService and LogAppend phase. The MonitorService is re-
sponsible for initializing and terminating the Thermal Logger application and also for
synchronizing the time-stamps. The LoggerService phase is responsible for connecting
the service to the thermal camera sensor that the CAT S60 Smartphone is using. It is
also responsible for receiving thermal frames, the corresponding thermal and emissivity
values, and also the RGB image from the thermal camera as per the fps value which is set
before starting the logger application. The StorageService deals with getting storage
access on the device to record all the logs that have been collected in the earlier phase.
Finally, the last phase LogAppend appends logs based on timestamp values. Once the
data collection is done, the MonitorService ensures that the session is terminated and

data and log collection are terminated.

"https://play.google.com /store/apps,/details?id=com.google.android.apps.maps
2https://play.google.com /store/apps/details?id=com.fungames.flightpilot
3https://play.google.com /store/apps/details?id=com.facebook.orca
“https://play.google.com /store/apps/details?id=com.ar.solar
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Setting the FPS Value: FPS denotes the number of frames per second in a video.
The higher the FPS value, the higher the quality and smoothness of the video. The FPS
setting was critical in our experimental setup experiment to ensure the optimal quality
without having to analyze a lot of files. As a result, we conducted several experiments to
compare the results from different FPS values. We gathered results from these different
FPS values in order to compare image quality and other information like emissivity
values and thermal values. Eventually, we concluded that the FPS of 8 frames per
second is optimal to conduct experiments and also ensure a sufficient amount of frames
and other related log files are captured. The optimal value of FPS makes sense as the
FPS value of the FLIR thermal camera integrated into the CAT S60 smartphone is also

around 8 frames per second.

5.1.4 Procedure

There are a few tweaks, but the procedure is the same as it was for the feasibility study
experiment (4). We run the five different applications on Samsung Galaxy S3. Before
running the application, we put the phone inside a refrigerator for five minutes to ob-
tain a baseline temperature. After that, we take the phone from the refrigerator and
run the applications one by one. Each application was run three times to account for
inaccurate data and we then average the results. The CAT S60 smartphone is mounted
on a tripod stand at a distance of 30 ¢m from the phone running these applications.
The Thermal Logger application running on the CAT S60 Smartphone records the ther-
mal images and their respective emissivity and thermal values from the phone running
these applications. Each application is run for a fixed time interval of five minutes.
The recorded data is then subjected to additional pre-processing and analysis. The

experimental testbed is shown in Figure

5.2 IoT Device Testbed

To evaluate our proposed solution for estimating the energy of IoT devices, we run
the edge-only deployment mode of DeFog Benchmark suite (73) on a Raspberry Pi 4B
(RPi4). We deploy three applications on the Raspberry Pi with varying workloads to

estimate the energy footprint of the IoT device.
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CAT Pt]one

Run the App

Take the thermal frames

Flip to backside

Fridge to cool phone down

Figure 5.2: Experiment Setup Flow

5.2.1 Apparatus

We use the same apparatus that we used for estimating the energy footprint of the
smartphone. The only difference is that instead of Samsung Galaxy S3 running five
different applications, we used a Raspberry Pi 4B having a Quad-core Cortex-A72 (ARM
v8) processor with a RAM of 4 GB. Once the application is running on the raspberry, the
Thermal Logger application installed on a CAT S60 Smartphone mounted on a tripod
stand captures the thermal frames with emissivity and thermal values along with the

timestamps. This data is further analyzed and processed to estimate energy.

5.2.2 Applications Selected for Evaluation and Estimation of Energy

We use three different applications from DeFog Benchmark suite - YOLOv3, Pocket-
Sphinx, and Aeneas. These applications have been selected as they require varying
bandwidth and have different latencies. From a computational perspective, these ap-
plications offer different workloads on the device and are thus ideally suited for our

experiments.

e YOLOvVS - It is an object classification-based application that uses deep learning
along with a pre-trained model and weights. It is a bandwidth-intensive and
computational-intensive application. A single neural network is used throughout

the entire image by the YOLO object detection system. The image is divided into
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various regions, and each region’s bounding boxes and probabilities are calculated.
The projected probabilities are used to weight these bounding boxes. A pre-
trained model is used by the original application to resize a supplied image asset
and identify objects in the image. With percentage weights, a labeled image is

created that provides the accuracy of the estimation.

e PocketSphinx - It is a speech-to-text conversion application. It uses a trained
acoustic model to convert speech into text. It is also a bandwidth-intensive and
computational-intensive application. In order to determine the source and des-
tination languages for speech-to-text conversion, a provided audio file (.wav) is
converted to a specified language in text form using a pre-trained acoustic model.
The integrated resources come from a large speech repository. The end user’s
device sends an a.wav file to the edge container of the application. To speed
up text-to-speech conversion, an acoustic model that has already been trained is

offloaded to the IoT device running the application.

e Aeneas - It is a text-audio forced alignment application. It uses an audio file and
a text file to map text to audio. It is a bandwidth-intensive application. Forced
alignment is the process of creating synchronization maps for a collection of text
snippets and an audio file that contains the pertinent material. For each text asset
that is submitted, Aeneas determines the mapping between the associated audio
segment. The end-user device sends an audio file (.wav) to the edge node. On the
device, text segmentation takes place. The text segment (.xhtml) is supplied as
an asset to the edge for this application, where forced alignment takes place. To
make it more responsive for the end-user, the task at the edge is calculating the

synchronization map between the text fragment and audio fragment.

5.2.3 Procedure

The procedure here follows a similar pattern. We run the applications on the IoT
device one by one. The applications are deployed on the IoT device by using the edge
deployment mode of DeFog Benchmark Suite. The applications are deployed on the
IoT device - Raspberry Pi 4B using Docker containers. The applications are deployed
one by one. We run one application three times starting with a 1 user workload. Then

the workload is increased to 5 concurrent users and eventually to 10 concurrent users.
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The Thermal Logger application installed on the CAT S60 smartphone mounted on
a tripod stand captures the thermal image and other files like emissivity and thermal
values. The time interval is not fixed here. We pass the assets mentioned in the above
section for a particular application involving a single user or multiple concurrent users

and wait for the output to be generated.

5.3 Baseline Experiments using Monsoon Power Monitor

We also conducted baseline experiments using Monsoon Power Monitor. These baseline
experiments serve as a method of validating our current solution for estimating energy
consumption from thermal imaging. In this section, we discuss the apparatus and

procedure for measuring energy using a Monsoon Power Monitor.

5.3.1 Apparatus

The Monsoon Power Monitor device is our primary tool for conducting baseline ex-
periments, and in order to control it and visualize the results, PowerTool(Figure
software must be downloaded. Additionally, it enables the analysis of power usage up to
a 3-cell battery (15]). The devices that are monitored for measuring energy include the
Samsung Galaxy S3 android phone and Raspberry Pi 4B that we used for performing

experiments.

5.3.2 Procedure

For measuring the energy consumption for an experimental setup involving a Samsung
Galaxy S3 Smartphone, we configured the Monsoon Power monitor by following the
official documentation and user manua]ﬂ. The input voltage was set to 4 Volt as is
required for the phone. We ran the applications one by one on the phone and recorded
the energy consumption by each application for a specified interval of 5 minutes. The
same procedure was followed for measuring the energy consumption of Raspberry Pi.
The input voltage was set to 5 Volt. We ran the applications one by one by following the
procedure mentioned in the experimental setup for IoT. The energy measurement was

collected from the PowerTool software that was installed on the laptop. The recorded

'https: / /www.msoon.com/hvpm-product-documentation
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(a) Testbed

(¢) Experiment Flow

Figure 5.3: Power Monitor (Baseline) Testbed with Experimental Flow

energy values at each instant were saved into a comma-separated (.csv) file for further

analysis and insights. Figure [5.3c| summarizes the experimental flow and procedure.

5.4 Summary

We described the experimental testbed for estimating energy using thermal imaging
for two sets of devices - one for a smartphone running an Android-based OS and the
other for an IoT device (Raspberry Pi 4B). We also described the experimental flow
for conducting baseline experiments using a Monsoon Power Monitor for both sets of

experiments that serves as the basis for validation of our proposed research.
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Results

This Chapter demonstrates the results and other insights from experiments that were
conducted on the smartphone (Samsung Galaxy S3) and the IoT device (Raspberry Pi
4B). We will first present the baseline results from Monsoon Power Monitor and also

compare these baseline results to validate our experimental results.

6.1 Highlights from Results

The proposed method of estimation of energy from thermal imaging deals with finding
three parameters - area, slope(m), and intercept(c). The main highlights of the results

are:

e The results are compared with the baseline results from Power Monitor. The KS-Test
shows that the energy consumption trend is similar in both cases.

e The estimation of energy involves the extraction of three parameters that collectively
give us an idea about the energy consumption of a device. These parameters are area,
slope, and intercept.

e The area under the thermal intensity curve increases as the time for which the ap-
plication is run on the device increases. This gives us an idea of how much heat is
absorbed by the device in the form of a thermal footprint.

e The peaks in the thermal intensity curve indicate how much computationally intensive
an application is.

e The slope of the trend of thermal values of particular application usage over specific

time intervals is either positive, negative, or sometimes zero. The slope gives us the
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Figure 6.1: Comparison with Baseline for Smartphone and IoT with Varying Userload

rate at which the device is heating up. In other words, we can say that it gives us
the rate at which energy consumption takes place.
e The intercept of the thermal values over an increase in time interval increases. This
gives us information about the actual thermal value at that particular time interval.
e The performance of Regression Model to predict the estimated energy consumption
with the true energy from Monsoon Power Monitor shows RMSFE of around 0.10
with R? around 0.86.

6.2 Comparison with Results from Monsoon Power Moni-

tor (Baseline)

We have used Monsoon Power Monitor as our baseline. We compare the results and
other findings from our main experimental results to those of power values being mea-
sured in Watts from Power Monitor. A power monitor experiment is critical to have a
baseline to understand and confirm our findings. First, we compare the results of power
values measured from the smartphone by the Monsoon power monitor to that of values

from thermal imaging. Figure shows the comparison of results.
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We also compare the values of the thermal heat of Raspberry with that of power
monitor values. Figures and show the results comparison of baseline
measurement values from the power monitor to that of thermal values. As shown from
the results, the baseline and results from thermal imaging measurements follow the same
trend. As expected, the Messenger application is the lowest since it is just an instant
chat application while AR Solar System is the highest power consumption by using high
graphical rendering and being an AR-based application. The Kolmogorov-Smirnov (KS)
test to compare the relative differences in thermal imaging results and power monitor

verify that data is similar in both cases. The KS test results are presented in Table[6.1]

Table 6.1: KS test and Kendall Correlation for Comparing the Results with Baseline

Device Type KS Statistic, D ‘ p-value | Kendall 7

| | | |
| Smartphone Applications | 0.2 [ 1(>005) | 07 |
| Raspberry Pi (1 user) | 0.33 | 1(>0.05) | 1 |
‘ Raspberry Pi (5 concurrent users) ‘ 0.33 ‘ 1 (>0.05) ‘ 1 ‘
| Raspberry Pi (10 concurrent users) | 0.33 | 1(>0.05) | 1 |

6.3 Performance Evaluation on Smartphone

This section describes the evaluation of our proposed approach to estimating the energy
from smartphones using thermal imaging. Figures[6.2a] [6.2D [6.2¢, [6.2d] [6.2¢] show

the results of the intensity of thermal values for five different applications. As seen

from the results, for each application, the intensity peaks increase with an increase in a
time interval. From the figures, it can be seen that the peak intensity points of thermal
values increase as we increase the time period of application usage on the smartphone
from 1 minute to 5 minutes. These peaks correspond to local minima and local maxima
points as highlighted in the figure. The reason that these peak points increase with an
increase in the time duration of application usage is that with time the smartphone gets
heated with continuous usage and we see a surge in peak points. Also figure illustrates
that curve shifts to the right as time progresses because thermal values are getting

increased as the smartphone gets heated. Additionally, we summarized the area under
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Figure 6.2: Experiment Results for Smartphone (Intensity and Trend graphs)

intensity curves along with peak point coordinates in Table This area under the
intensity curve shows the amount of heat absorbed by the smartphone. As seen from
the table, the area under the curves increases gradually from 1 minute duration to 5
minute duration.

We also plot the thermal values after specified time intervals as shown in Figure
As we can see from the figure, the trend gradually increases when the time interval for
each application usage increases. The applications at the end of the time interval of
60 seconds show messenger as the low energy-consuming application, followed by video
player, AR Solar System, Flight Simulator, and then Google Maps. At the end of the

5 minute interval, the video player overtakes all the other applications by consuming
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Table 6.2: Estimation Parameters for Smartphone: m-Slope; Am-Change in Slope; c-
Intercept; Ac-Change in Intercept; a-Area; Aa-Change in Area

Time ‘ m ‘ Am ‘ c ‘ Ac ‘ a ‘ Aa
Flight Simulator

0-60 6.40 | 6.40 29000 | 29000 | 0.9063 | 0.9063
60-120 | 7.79 | 1.39 | 29383.70 | 383.70 | 0.9069 | 0.0006
120-180 | 1.72 | —6.07 | 29850.91 | 467.21 | 0.9074 | 0.0005
180-240 | 0.96 | —0.76 | 29954.38 | 103.47 | 0.9075 | 0.0001
240-300 | 1.06 0.1 | 30011.95 | 57.57 | 0.9080 | 0.0005
Google Map

0-60 10.93 | 10.93 | 29000 | 29000 | 0.9070 | 0.9070
60-120 | 3.03 | —7.9 | 29655.99 | 655.99 | 0.9084 | 0.0014
120-180 | 2.35 | —0.68 | 29837.77 | 181.78 | 0.9086 | 0.0002
180-240 | 3.16 | 0.81 | 29978.62 | 140.85 | 0.9090 | 0.0004
240-300 | 0.83 | —2.33 | 30168.01 | 189.39 | 0.9090 0
Messenger

0-60 3.41 | 341 29000 | 29000 | 0.9065 | 0.9065
60-120 | 3.84 | 0.43 | 29204.53 | 204.53 | 0.9070 | 0.0005
120-180 | 4.83 | 0.99 | 29434.71 | 230.18 | 0.9085 | 0.0015
180-240 | 1.95 | —2.88 | 29724.67 | 289.96 | 0.9089 | 0.0004
240-300 | 1.66 | —0.29 | 29841.68 | 117.01 | 0.9089 0
AR Solar Systems

0-60 6.29 | 6.29 29000 | 29000 | 0.9078 | 0.9078
60-120 | 5.99 | —0.3 | 29377.67 | 377.67 | 0.9096 | 0.0028
120-180 | 2.15 | —3.84 | 29737.26 | 359.59 | 0.9096 0
180-240 | 2.28 | 0.13 | 29866.18 | 128.92 | 0.9097 | 0.0001
240-300 | 2.01 | —0.27 | 30002.91 | 136.73 | 0.9097 0
Video Player

0-60 5.35 | 5.35 29000 | 29000 | 0.9068 | 0.9068
60-120 | 7.39 | 2.04 | 29320.89 | 320.89 | 0.9068 0
120-180 | 5.17 | —2.22 | 29764.57 | 443.68 | 0.9075 | 0.0007
180-240 | 2.64 | —2.53 | 30075.03 | 310.46 | 0.9086 | 0.0016
240-300 | 1.43 | —1.21 | 30233.64 | 158.61 | 0.9088 0
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more energy. The behavioral trend that the application shows is explained with the
help of intercept ¢ and slope m in the form of Table As seen from the Table, slope
m gives us an idea of the rate at which the application usage on smartphone heats up
the phone and eventually rate of energy consumption. The intercept ¢ gives us an idea
of the temperature of smartphone at any given time interval. As seen from the table,
the slope m increases abruptly once the application is loaded and it is for this reason
that both slope m at the end of 0 — 60 second period is the highest. Then the slope
either is positive or negative depending on the application type usage. The intercept

value ¢ on the other hand goes on increasing with an increase in time.

6.4 Performance Evaluation on IoT Device

We next evaluate the performance of our proposed solution by attempting to estimate
the energy consumption of the IoT device, Raspberry Pi 4B. We use three applications -
YOLO, PocketSphinx, and Aeneas as mentioned in the experimental setup (Section .
Figures and show the results of thermal heat intensity peaks. The
results show three applications run as a single user, 5 concurrent users, and 10 concurrent
user requests. The intensity values tend to go higher when we increase the number of
concurrent requests for each application. The peak points which correspond to spikes
in heat intensity also show an increasing trend as we move from single user to multiple
concurrent user workloads. Some intensity peaks are smaller while some are large.
Table [6.3] summarizes statistics about thermal intensity graphs. We also demonstrate
that the area under the intensity curves corresponds to the amount of heat absorbed by
the device and eventually more energy requirement increases for each application when
we increase the workload.

The trend of thermal values is shown in Figures [6.3d] [6.3¢, and [6.3] The figure

shows the trend of each of the three applications for 1 user request, 5 concurrent user

requests, and 10 concurrent user requests separately. From the figures, the visual in-
spection shows YOLO and Aeneas as high energy consuming and PocketSphnix being
the least power consuming. This trend in thermal values is due to the fact that YOLO
and Aeneas are computationally and bandwidth-intensive as compared to PocketSphinx.
The trend in thermal values is better explained in the form of the intercept ¢ and slope

m values as shown in Table From the table, the slope m denotes the rate at which
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Figure 6.3: Experiment Results for IoT Devices (Intensity and Trend graphs)
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Table 6.3: Estimation Parameters for Raspberry Pi 4B: m-Slope; Am-Change in Slope;
c-Intercept; Ac-Change in Intercept; a-Area; Aa-Change in Area

User—load‘ m ‘ Am ‘ c ‘ Ac I a I Aa
Aeneas

42.85| 42.85 [30070.73|30070.73|0.842|0.842

5 18.90| —23.95|31020.61 | 949.88 |0.848|0.006

10 17.09| —1.81 |31981.88 | 961.27 |0.852|0.004
YOLO

38.49 | 38.49 [30083.15|30083.15(0.816|0.827

5 17.11| —21.38|30842.62 | 759.47 |0.8200.006

10 18.34| 1.23 |31296.93| 454.31 |0.838|0.006

PocketSphinx

37.78| 37.78 [30371.99|30371.99|0.827|0.816

5 17.49|—20.29|30871.29 | 499.3 |0.833|0.004

10 13.64| —3.85 | 31537.6 | 666.31 |0.839|0.018

the thermal heat increases, and the intercept ¢ shows the actual value of thermal heat.
We can see that the slope is sometimes positive or negative. The positive value denotes
that the device is getting heated up and the negative value denotes that the device is

not getting heated as compared to the time interval where we have a positive slope.

6.5 Energy Estimation

We now demonstrate the results of building a regression model that estimates the en-
ergy consumption from different IoT devices based on the extracted parameters from
thermal imaging. These parameters are area, slope, and intercept. The baseline energy
measurements from the Monsoon power monitor have been used as a label. We use re-
gression models which estimate the energy consumption from the parameters extracted
to predict power based on baseline Monsoon power monitor values. We use the common
regression models like Bayesian ARD regression, Ridge Regression, and Bayesian ridge
regression from the scikit — learn library in python to predict the energy consump-
tion using 10-fold cross-validation across the training and test data set. The results of

R-Squared (R?) and root mean square error (RMSE) are shown in Table
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6.5 Energy Estimation

Parameter Bayesian ARD Bayesian Ridge Ridge
R-Squared RMSE R-Squared RMSE R-Squared RMSE
(a) — EE 0.81 0.14 0.80 0.13 0.81 0.13
(a, m, c) —» EE 0.86 0.10 0.87 0.10 0.86 0.10

Table 6.4: R-Squared and Root Mean Square Error (RMSE) of Estimating Energy (EE)
for Different Regression Models. Model Data — Predicted. Regression Methods: Bayesian
Automatic Relevance Determination Regression (ARD), Bayesian Ridge Regression and
Ridge Regression). Features: Area (a), Slope (m) and Intercept (c).
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Figure 6.4: Estimation of Power from Regression Model

- As shown in Table, the RMSE and R-Squared of regression increase when we
include the parameters a, m, and c. But it is clear that area is the main parameter
that is important for estimating energy. The results are also visualized in Figure [6.4
where we plot the predicted power from the regression model with true power obtained

from the baseline Monsoon power monitor results.
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6.6 Summary

This Chapter presented the findings of our experiments. We demonstrated that ther-
mal imaging can be used to estimate energy consumption from applications running in
smartphones as well as estimating energy of IoT devices. Our results also demonstrate
that the thermal imaging is also capable to differentiate energy consumption between
different applications. In addition, our results also suggests that thermal imaging can
estimate energy consumption of devices when handling different processing load (when

handling requests from different users)
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7

Discussions

We have so far shown that thermal imaging can be used to estimate energy from devices
like smartphones and other IoT devices. Now we will briefly discuss the potential
application scenarios, the scope of extensions in other related fields, and also the main

limitations.

7.1 Rooms for Improvement

We conducted our experimental testbeds by choosing two sets of devices, one Samsung
Galaxy 3 and a Raspberry Pi 4B. We ran a few applications on each of the devices
with varying workloads and functionalities. The energy estimation can further be im-
proved by conducting experiments with more sets of devices and also by increasing the
number of applications to be tested. Furthermore, the segmentation techniques for the
extraction of heat masks can be improved further with the help of some power im-
age processing techniques. We have also used one Trapezoidal Rule for calculating the
area under the thermal intensity curve. The use of some other area functions can also
be explored. Last but not least, environmental conditions like room temperature and

luminosity can also have an effect on thermal cameras.

7.2 Complementing Software Profilers

As we have already discussed in Chapter [2| that software profilers that are being used
for measuring energy suffer from limitations that arise from debugging and other code-

related run time issues. These issues can be mitigated greatly by using the software
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7. DISCUSSIONS

profilers as a baseline and complementing its measurement values with energy estimation
from our measurement approach. The issues related to debugging, code errors, and other

runtime issues could be easily detected by measuring energy via thermal imaging.

7.3 Remote Monitoring

Our solution has the potential to be incorporated into unmanned Aerial Vehicles (UAVs),
which can enable batch monitoring of the IoTs being used for agriculture (74)), forestry (75]),
and wildlife monitoring (76), etc. It is undeniable that in large fields, monitoring the
devices, heat, and energy is an extremely time-consuming and resource-intensive task,

so mounted thermal cameras on UAVs can decrease the complexity of the task (77).

7.4 Practicability

Measuring the energy while holding the device can induce noise in the thermal cam-
era and hence in the pre-processing of the resulting thermal frame used for analysis.
Thermal cameras capture the frames based on heat difference compared to the target’s
environment, which can be affected by human body temperature. Another practical
point is that the system can be integrated into the manufacturing processes by mount-
ing to the robot arm or any place to hold the thermal camera while the remote server
is executing algorithms and producing results for the end user (e.g., monitoring officer).

However it requires future research for special use cases and business requirements.

7.5 Industrial Use Cases

Our solution has the potential to be used for many industrial purposes. One use case
can be in the manufacturing process of smartphones and other devices by taking thermal
images continuously during the manufacturing process. Monitoring for energy consump-
tion during fabrication and manufacturing can result in highly optimized fabrication and
assemblage by ensuring Joule’s Law of Heating is minimized to a great extent. Besides,
it can also be used to constantly monitor old machines and other electrical wirings in
factories and industries. Our solution can also be used to avoid electrical and other

plumbing issues in industries in advance by constantly monitoring them (78)).
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7.6 Other Potential Application Scenarios

Our solution has the potential to be used in measuring energy consumption from modern
portable devices which have miniaturized designs and do not have a detachable battery.
It can also be used by mounting a thermal camera on top of IoTs. Besides estimation of
energy, other potential application includes the estimation of the health of batteries (79)
by monitoring for irregular heat patterns. Another application is that it can be used for
monitoring hand-held devices at airports and other security devices to check for potential
exploding devices. The same can also be used for monitoring and detection of explosives
and other dangerous devices (80). National Security Agencies could greatly benefit from
the use cases of this solution. This solution can be widely used by incorporating it with
Wireless Sensor Networks (WSNs) for their constant management and monitoring. The
field of Biometrics could also be greatly benefited from this work as our work can be
used for liveliness detection in bio-metric sensors for detecting impersonated fingers,

faces, Iris, and hands (81)).
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Summary and Conclusion

We developed a novel technique for quantification and estimation of energy consumption
for Smartphones and other IoT devices alike. We demonstrated the feasibility of this
approach and also performed rigorous experiments involving different applications with
varying usage requirements and user-load. We extract three different parameters from
the thermal behavior of the devices that we use for the estimation and measurement of
energy. These estimation parameters are area, slope and intercept. We also developed
a regression model that maps the thermal values from thermal imaging and predicts
the true power obtained from a hardware-based measurement device (Monsoon Power

Monitor) with RMSE of 0.10.
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