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Abstract

Digital Twin Enabled Collective Sensing and Steering for Source Determi-
nation Problems

by: Derek Hollenbeck

Mechanical Engineering

University of California, Merced. 2023.

Committee chair: Professor YangQuan Chen

Motivated by climate change and the global warming potential of methane (86 times
more potent than CO,), this dissertation focuses on the source determination prob-
lem using collective sensing and Digital Twins. Recently, Digital Twins have been
developed to provide better performance assessment, fault prognosis and predict fu-
ture behavior of complex systems. The term ‘collective’, refers to the group of mobile
sensors that, as a whole, provide more information than a single mobile sensor can.
The mitigation of methane emissions into the atmosphere is important to focus on in
reducing the effects of global warming in the near term. In order to mitigate emis-
sions, the leaks have to first be detected and assessed before they can be repaired.
Many of these emissions can be modeled as a point source governed by partial dif-
ferential equations (PDE), which, solutions are typically time-stepped into the future
(i.e. the forward problem). In many cases, the emission plume is subject to turbu-
lence which requires the use of turbulence models, such as large eddy simulations
(LES), to compute. In both cases, the computational requirements and run-time can
prevent real-time or near real-time analysis. Considering hybrid modeling approaches
(e.g. deterministic and stochastic), the forward behavior matched Digital Twin model
can be computed in near-real time and used for improving emission quantification
methodologies as well as perform optimization (e.g. sensor placement and mobile or
fixed-location sensing / actuation policy). The dissertation is broken into four main
parts: the first part is on source seeking based optimization using random search,
collective foraging, Fluxotaxis, and Extremum Seeking Control; the second part is on
the application of leak detection and quantification with sUAS (including: sensors,
platforms, and methods) as well as controlled release and real world field campaigns;
the third part is on Digital Twins (POSIM and MOABS/DT) and how to use them
for environmental sensing, method development, and performance evaluation case
studies; the last part is on the sensor placement problem and how the observability
Gramian combined with Digital Twins, can be used for smarter collective sensing and
steering.
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Chapter 1

Introduction

In this chapter, the research motivations behind this work are introduced, then an
overview of the literature and the research challenges are discussed, before concluding
with the dissertation objectives, contributions and outline.

1.1 Research Motivations

The research motivations behind this dissertation work, in general, aims to answer
the most basic of research questions: so what? and who cares? The “so what”
component of this research, is motivated by the changing climate, which is due in
part to emitting greenhouse gases (GHG) into the atmosphere (e.g. carbon dioxide
or CO9, and methane CHy). In particular, we are mainly focusing on methane, as
it is a powerful GHG that has a global warming potential (GWP) 86 times greater
than that of CO5 in a 20 year time period. Why is this important to focus on? As
the global temperature increases, local climates start to see greater frequencies of
abnormal events. In some cases, such as with some natural ecosystems, the increased
temperature can ultimately increase the release of methane back into the atmosphere,
creating a positive feedback loop. Natural ecosystems such as with thawing of Alaskan
permafrost bogs, which was initially thought to be a carbon sink (e.g. net flux of CHy
and COs goes into the ground), may no longer be the case.

One way to combat reverse the effects of climate change, is to look at mitigat-
ing methane emissions. The first reason is that methane has a residence time in the
atmosphere of around 10 years, as compared to 100 years with carbon dioxide. There-
fore, by reducing methane today, there will be greater impact in the global warming
the near term [15]. The methane emissions can be mitigated through upgrading and
repairing infrastructure as well as changing local federal and state policies to add
incentives for reduction in emissions. This pathway requires the use of leak detec-
tion and repair (LDAR) programs to be put in place, such as those proposed by the
Environmental Protection Agency (EPA) which utilizes Method 21 for the oil & gas
industries.

As Peter Drucker once said, “You can’t manage what you can’t measure”, puts in
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place the importance of being able to mitigate, by being able to measure simultane-
ously. Ultimately, to mitigate methane emissions, several technical problems need to
be solved first, including: 1). the sensor technology used to detect and measure the
quantity of interest (i.e. methane, in this case); 2). where to place the sensor (e.g.
using mobile sensing along a specified path or with a fixed sensor position), such that,
the most amount of information is attained; and 3). what to do with the data, and
how to make sense of it (e.g. quantification, mapping, etc.). In this dissertation we
will mainly focus on the latter two.

The 2020 overview of GHG emissions, according to the EPA, show that methane
contributes 11% to the total emissions. The top three methane emissions categories
include: oil & gas 32%, enteric fermentation 27%, and landfills 17%. With the re-
cent submitting of EPA’s November 11, 2022 supplemental proposal which outlines
changes in the leak monitoring requirements in the oil & gas industry based opti-
cal gas imaging monitoring, including minimum screening frequency and minimum
detection thresholds. The addition of alternative technology approval process, ex-
pands the possibilities of meeting methane mitigation goals. The use of software like
FEAST [16] have been looked at to make the equivalent comparison between alter-
native methods and the approved OGI method [17]. This advancement provides a
pathway for new methodologies and technologies to be implemented in the mitiga-
tion process and is another source of motivation in this dissertation to develop new
methods of quantification to improve on speed, accuracy, and cost of surveys.

With the policy advancements in conducting LDAR in oil & gas industries, the
same policy advancements need to happen in other industries as well (e.g. landfills,
dairy farms, waste water treatment plants, etc.), further promoting methane mitiga-
tion goals, as well as providing a pathway to develop new techniques for effectively
measuring these sites with their unique characteristics.

1.2 Literature Overview and Challenges

Within the scope of this dissertation there are several components and sub-components
contained within, such as: source determination problems, source seeking, leak de-

tection & quantification (LDAQ), and Digital Twins (DT).

1.2.1 Source Determination Problems

The source determination problem is made up of three general categories, namely,
source localization, source rate estimation, and source term estimation (or parameter
estimation). The first category is source localization, which generally includes two
types of approaches: finding the source location through inference (does not require
the sensor to travel to the source location explicitly) and source seeking. The second,
is source rate estimation, which utilizes mobile sensing data through optimization,
statistical inference, and physical quantities (such as flux) to approximate the source
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rate. The last category is parameter estimation, which aims to estimate the parame-
ters associated with model of the system (e.g. source rate, location, dispersion, etc.).
It should be noted that source rate estimation, and emission (or leak) quantification
are synonymous in this work and are a subset of the parameter estimation problem.

1.2.2 Leak Detection and Quantification

An applied form of the source determination problem is leak detection & quantifi-
cation (LDAQ). In order to mitigate emissions, leaks have to first be detected and
quantified. The quantification can be done in many ways but results are often pre-
sented as a mass flow rate or flux estimate. These estimates can be made, typically,
using methods based on static measurements, on foot, by vehicle, manned aircraft,
and by satellite. Static measurements consist of: (1) Eddy Covariance (EC) tow-
ers: A footprint modeling technique that looks at the turbulent exchange with the
environment and utilizes meteorological conditions with precision concentration mea-
surements to estimate the flux, (2) Chambers (autochambers): An enclosed chamber
is placed over a target piece of land and is sampled with a syringe occasionally (to
be analyzed at a later time, typically with gas chromatography) or dynamically sam-
pled within a closed loop (such as GASMET’s Fourier Transform Infrared (FTIR)
analyzer [18]).

Measurements made on foot consist of handheld sensors that are used with survey
equipment and the surface. Surface emission monitoring (SEM) is typically a routine
operation for landfills, done quarterly, to maintain compliance with local regulations
to account for emissions lost from gas control systems. SEM is a point-based scanning
technique that can take on the order of a week or so to complete. The concentrations
are measured with devices, such as the flame ionization detector (FID) (regulated by
EPA’s guidance and Method 21), and are integrated along sub divided grids looking
for elevated methane levels (greater than 500 ppmv) [19].

Landfill emissions are generally calculated using inventory-type estimates. Mea-
surements by vehicle consist of methods, such as the Tracer Correlation Method
(TCM) and the environmental protection agency (EPA)’s other test method 33A
(OTM33A) [5]. In [20], they explored vehicle-based advanced leak detection (ALD)
with a cavity ring-down spectrometer (CRDS) from Picarro and determined that five
to eight drives will capture a majority of leaks (> 90%) as well as indicate detection
limitations (such as wind and soil conditions and variations in methane enhancements
making quantifying emissions difficult).

In [21], a vehicle mounted CRDS (Picarro G2301 and G4302) used empirical
formulation to turn elevated concentration levels (or leak indications), C, to emission
rates, @) (based on the work of [22], InC' = —0.988 + 0.8171In Q) and used Gaussian
plume model to quantify emissions from site-level emissions in Utrecht and Hamburg,
Germany. In work by [23], 6650 sites were evaluated using inventory and inverse
point source Gaussian measurements, and they found that the methane inventory
was underestimated by a factor of 1.5.
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A series of campaigns were carried out utilizing TCM and downwind mobile mea-
surements to explore the accuracy of different TCM approaches as well as compare
CRDS with FTIR instrumentation in multiple source separation [24]. Measurements
from manned aircraft have been done using FID, mounted on both fixed wing (Piper
(Vero Beach, FL, USA) Seneca or Piper Navajo twin engine) and helicopter (Bell (Fort
Worth, TX, USA) 206 Long Ranger) to detect liquid hydrocarbons from pipelines [25].
In [26; 27], they utilize the next generation Airborne Visible/Infrared Imaging Spec-
trometer (AVIRIS-NG) to retrieve methane, carbon dioxide, and water vapor.

In [28], AVIRIS-NG was used to generate the VIsta-CA geospatial dataset to pro-
vide a comparison to the attribution of sources with Calfornia Air Resources Board
(CARB) Pollution Mapping Tool (CARB PMT) and the U.S. Environmental Pro-
tection Agency (EPA) Facility Level Information on Greenhouse gases Tool (EPA
FLIGHT). In [29], they investigate the uncertainty for estimating urban fluxes by an
aircraft-based mass balance approach. They assess the sensitivity of the estimated
city-wide COy and CH, fluxes for several flight experiments, including the regional
background concentration, depth of the convective boundary layer, magnitude of the
wind speed, and type of interpolation technique.

In [30], they utilized a Sky Arrow Environmental Research Aircraft to measure
emissions from multiple landfills and combined steady state Gaussian models to dis-
tinguish the emission coefficients for each individual site. A Bridger Photonics Gas
Mapping LiDAR (GML) system was deployed on a Cessna 172 and blindly evaluated
where the detection limits were as low as 1 kg/h depending on the wind conditions [31].
This method was also introduced to the Fugitive Emissions Abatement Simulation
Toolkit (FEAST) [16] and shown to be comparable to OGI-based methods at equiva-
lent survey frequencies for the detection and repair of emissions. Optical Gas Imaging
(OGI) was explored in [32; 33] and the effectiveness was evaluated in [33]. NASA’s
Alpha Jet Atmospheric eXperiment (AJAX) and the AutoMObile greenhouse Gas
(AMOG) surveyor were used to fuse airborne and ground-based data together (as
part of the GOSAT-COMEX Experiment) using an anomaly approach instead of the
typical mass balance approach [34]. Measurements by satellite have been explored
in [35], where a ResNet-50 was trained from ESA’s Sentinel-2 data and labeled with
a U-Net to detect smoke plumes.

1.2.3 Digital Twins

What is a DT? Some of the earliest work of using physical twins (or hardware twins)
can be seen as early as National Aeronautics and Space Administration’s (NASA)
Apollo program [36]. In this case there existed at least two space vehicles or rovers
at once. This allowed for the continuous testing of code, maneuvers, and conditions
before sending them to the deployed version. Software can also be introduced to the
hardware twin, as in the ‘iron bird” which combined a physical interface of a plane
cockpit with an aerodynamics simulation for training purposes. The simulation was
used for a visual aide as well as to compute the meteorological conditions and re-
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sulting forces on the plane [36]. Some of the early reports of the current concept of
DT (as digital equivalence of a physical product) showed up in a product lifecycle
management course at the University of Michigan in 2003 taught by Michael Grieves.
Since then a white paper was written in reference to virtual factory replication [37]. It
is explained that the DT in this scenario contains three parts: (1) physical products
in real space (2) virtual products in virtual space and (3) and connections that tie to-
gether the real and virtual products. The use cases for DT are: (1) conceptualization
- visualization of the physical and virtual products, (2) comparison - compare physical
product behavior with the virtual product to improve results and (3) collaboration -
solutions found can be applied immediately to other factories (or systems).

In the literature, there are many papers dedicated to DT’s modeling systems of
components for applications in manufacturing, smart cities, industry 4.0, and robotics
to name a few [36; 38; 39; 40; 41; 42]. However, there is a gap for environmental sensing
applications such as in the source determination problem explored here. This largely
has to do with the difficulties in implementing models governed by partial differential
equations (PDE) that are very high dimensional.

1.2.4 Research Challenges

There are many challenges within this dissertation associated with each aspect of the
mobile sensing, LDAQ), and digital twin modeling. From the sensing point of view,
there are still many hurdles, such as: the cost of the sensor, given the desired sensor
response & relaxation time, the stability of the sensor (is it linear? does it drift?).
Low cost sensing is very desirable but also has its limits in sensitivity including slow
response times, making them not suitable for many applications of detection and
quantifying fugitive emissions.

Once the sensing part has been solved, the detection and quantification can be
studied. This includes questions such as where to best detect? or how to trace the
plume? and which quantification strategy to choose? In most cases the last case
requires simulation-, optimization-, or mass balance-based approaches, which, can
vary in precision, accuracy, sample distance and sample time. The required resources
to perform these approaches may vary too. For example, the simulation-based ap-
proaches may require substantial time to setup and run on the super computer.

Using hybrid modeling for the forward simulation, provides possibilities for com-
puting in near real-time. Behavior matching this forward model to the physical
systems data, forms the DT. However, the behavior matching strategies require rich
data and utilize optimization, regression, and parameter estimation techniques. Thus
the natural question that follows is, how do we obtain information rich data for this
behavior matching to be efficient and effective? In many instances, the physical sys-
tems have disturbances (e.g. turbulence, or meandering) and the sensors have noise.
For ill-posed problems, the presence of noise can magnify the high frequency modes
into the solution [43].

Once the DT has been behavior matched, how can we best deploy the DT to
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improve existing detection and quantification methodologies as well as create new
ones? This can ultimately reduce the number of field campaigns and associated
costs, making DTs even more desirable.

1.3 Dissertation Objectives

Collective Motion and the Science of Search Leak Detection and Quantification w/ sUAS
o Q) _soue el () eoo
e .

Model Free Field
Optimization Campaigns

Chapter 2 P paig

Digital Twin Enabled Collective Searching and Steering
for Source Determination Problems
Towards Smarter Environmental Sensing w/ DTs DT-Enabled Sensor Placement and Steering

Parameter
imation

Empirical
Gramian
Persistence o
Excitation

Behavior . Method
Development

Matching——><=Develo
Performance
Chapter A Assessment

Figure 1.1: This diagram illustrates how the research topics and chapters are con-
nected to the overall scope of the this dissertation.

Chapter 5

The objectives of this dissertation are to investigate the source determination
problems through collective sensing and DTs with applications in methane emission
quantification using sSUAS of point and area sources, such as natural (e.g. wetlands,
vernal pools) and anthropogenic (e.g. oil & gas infrastructure, landfills, dairy farms)
sources. To accomplish these objectives, we divide the dissertation into the following
specific parts (also see Fig. 1.1). The key objectives are listed here as:

e Develop random search and source seeking methods for finding and tracing a
chemical plume back to the source;

« Develop and validate source determination problems (via optimization, inverse,
inference, and mass-balance approaches), including spatial-temporal gas distri-
bution modeling;

o Develop swarm sensing via multi-sUAS mobile sensor networks for improving
source determination problem methods;

e Develop DTs and a framework for modeling, control, and inference of parameters
through behavior matching;
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o Utilize data-driven reduced order modeling and control, including empirical
Gramians (such as the observability Gramian) for sensor placement problem.

In Chapter 2, finding the location of a source is approached mainly from a random
search [44; 45] and source seeking point of view [46]. The random search / random
walk problem, is studied in the foraging context when there is little or no priors
with single- and multi-agent searchers. The source seeking problem is explored using
heuristic and physics-based techniques (e.g. casting, chemo-, anemo-, and fluxotaxis)
as well as adaptive nonlinear control [47]. In Chapter 3, LDAQ is explored from an
application point of view using sUAS. The emission source rate can be estimated
using simulation, optimization, mass balance, imaging, and correlation-based meth-
ods. This dissertation focuses on optimization- and mass-balance-based techniques
to estimate the source rate which includes several field campaigns with sUAS [48; 7].
In Chapter 4, method development and performance for emission quantification are
explored through the Plume Odor Simulator (POSIM) DT [1] as well as the Methane
Odor Abatement Simulator with DTs (MOABS/DT) based on the ARPA-E Methane
Emission Technology Evaluation Center (METEC) [49; 50]. Localization using DTs
are also explored through behavior matching [51]. In Chapter 5, the focus is on
solving the sensor placement problem by using control theoretic-based techniques for
state/parameter estimation using empirical observability Gramians.

1.4 Dissertation Contributions

The main contributions of this dissertation are in connecting the four major Chapter
topics, around the source determination problem, to provide a pathway for improving
existing LDAQ strategies as well as allow for the development of new methodologies.
Through these contributions, a list of research questions were posed and explored,
such as: (Chapter 2) What is the optimal way to randomly search for a source? Can
fractional operators be used to improve existing source seeking approaches? (Chapter
3) What is the current state of the art and best way to quantify emission sources
using sUAS-based approaches? (Chapter 4) Can DTs be used to analyze existing
methodologies, and provide performance assessments for new methodologies? Can
swarm sensing be used to produce more accurate, precise, and faster source emission
estimates? (Chapter 5) Can optimal sensor placements be used to better inform
and estimate source emission rates?” What methodology can be used to improve
information gain, making sensing smarter and more adaptive (i.e. intelligent)? Can
control-theoretic-based observability be used to inform sensor placement while also
improve the accuracy of source emission estimates?
The following contributions can be obtained from this dissertation:

o Fractional calculus based techniques were developed and used in evaluating the
efficiency of random search and source seeking applications.

« Application review of traditional and advanced LDAQ techniques and methods
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with a focus on sUAS. Including, multiple field campaigns in controlled release
and real world scenarios.

o A Digital Twin framework for environmental sensing that can be used as a
performance assessment tool in method development. Including, development of
flux plane quantification methods using optimization techniques (e.g. Modified
NGI).

» Development of sensor placement / deployment methods for improved quantifi-
cation using control-theoretic observability concept. Including data-driven DT
enabled smart sensor placement and steering for LDAQ.

1.5 Dissertation Outline

The dissertation is outlined as follows: Chapter 2 presents random search and source
seeking optimization; Chapter 3 presents the application of sSUAS-based LDAQ; Chap-
ter 4 presents the environmental sensing with DT framework, applications, and new
LDAQ methodology; Chapter 5 presents the sensor placement problem, the empirical
gramian, and the DT-enabled smart sensor placement and steering framework; and
Chapter 6, will conclude the dissertation.



Chapter 2

Collective Motion and the Science
of Search

Search can be defined in several ways, such as, random search (e.g. with no previous
or current information known), a priori random search (with some prior informa-
tion known), or even statistical-based search (e.g. Bayesian approaches). Search can
also be thought of as an optimization given some unknown function. Therefore the
main focus of this chapter will be to explore several case studies aligned to the top-
ics of random search (using single [44] and collective foraging [45] strategies), source
seeking (swarm-based [46]), and model-free optimization (from nonlinear control per-
spective [47]). The chapter will begin with some basic concepts in the science of
search, and collective motion before going into the case studies.

2.1 The Science of Search

The term ‘search’ refers to the act of looking ‘carefully’ for something. Figuratively
speaking, the ‘science’” happens when asking how/when to look ‘carefully’. Given a
domain 2 C R", the searchers goal is to navigate from some initial starting point
x(0) = x¢ towards some target point x* (e.g. looking for a food source, or prey, etc.)
to maximize some cost function. The searcher may be given some information (or
a priori) of the physical system (e.g. areas that are rich in targets), such that, the
searcher’s control step u will depend on some probability distributions related to the
a priori of the physical system. The search step can typically be implemented by

letting,
| JleosO) (2.1)
[sin(0)

where [ and 0 are drawn from some predefined distribution p;(1) and pe(6), respec-
tively. In most cases, such as with Brownian motion, the turn angle ¢ is drawn from
a uniform distribution py(6) ~ U(—m, 7) and the jump length [ can be drawn from a
Normal distribution, p;(1) ~ N (0, 0;) with standard deviation o;. If the turn angle is
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biased towards zero (relative to the previous heading), the random walk is referred
to as a correlated random walk. In addition to the turn angle and jump length, the
time step between jumps can be drawn from a distribution as well (this is the case
for continuous time random walks (CTRW)). Therefore, one of the major challenges
of search becomes finding the optimal choice of these spatial/temporal distributions,
such that the search dynamics,

X(tk_H) = X(tk) + lk, (2.2)

leads to the most efficient search. Thus the definition of efficiency has to be chosen
to reflect the desired outcome of the search (i.e. in what sense?). For example, when
we consider that a searcher may have limited energy to travel (i.e. maximum travel
length), a typical efficiency function could take in the average step length, and the
number of targets found as inputs. This comes with the assumption that the terrain
is flat and has no constraints. Other cost functions may optimize information gain,
entropy, or some other metric. Additionally, these can be combined into one linear
cost function, such that, weights can be applied to the individual metrics with the
highest priority - called a multi-objective cost function. However, in more complex
and nonlinear systems, we know this is not the case, and the associated cost functions
would need to incorporate those constraints to achieve the proper outcome.

When the random search is optimized, the optimal parameters found are depen-
dent on the assumed target distribution, initial starting location, and the assumptions
related to the searcher (e.g. vehicle dynamics and properties), the environment (e.g.
the terrain or energy landscape) and the properties of the targets themselves (e.g. if
the targets are destructive or non-destructive). Thus the science of search deals with
the how to best choose the search distribution, position update rules, etc.

2.2 Collective Motion and Steering

The term ‘collective motion’ refers to spontaneous emergence of ordered movement
within a system of agents (or ‘searchers’). These agents, individually, are thought
of as autonomous agents with basic governing rules. The term ‘emergent’ refers to
when these individual agents are allowed to interact with one another as a group,
bringing new properties or capabilities. Given a domain €2 C R", the i-th searcher’s
goal is to navigate from some initial starting point x;(0) = x;o towards some target
point (e.g. food source, etc.), to maximize some global cost function (typically the
same for all searchers in the group). Like in Section 2.1 the searchers may be given
some information (or a priori) of the physical system, such that, the searcher’s step 1,
(direction and magnitude) depend on a probability distribution. The difference from
Section 2.1 and that in the collective motion case, is that the agents now have access
to information from the group and they can use that information to interact together
as an intelligent and adaptive system. This coupling between purely random search
and information sharing is what promotes emergent behavior.
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There are examples in nature where groups interact in a way to exhibit emergent
behavior. Examples include foraging ants and how they adaptively optimize paths [52]
or the flocking behavior of starlings and schools of fish [53]. Additionally, groups of
searchers or agents can be used for more formal problems, such as optimization, where
meta-hueristic and bio-inspired algorithms have been developed. Algorithms such as
the particle swarm optimization (PSO) [54], the grey wolf algorithm [55], or even the
cuckoo search algorithm [56].

Collective motion and steering also refers to the deployment policies of interact-
ing searchers or agents. Policies that, for example, can add spatial structure to the
searchers (e.g. rules to avoid collision or to promote area coverage) or govern the
movement to benefit the minimization of a desired cost function (e.g. gradient de-
scent). Similarly to Section 2.1, the efficiency of the collective motion and steering
policies should reflect the complexities of the system of interest.

2.3 A Case Study: On Optimal Tempered Lévy
Flight Foraging

From observations in nature, we can see animals searching / foraging for food. Given
no a priori information, what is the most optimal way to search? This question has
been asked by many researchers over the years.

One common approach to the animal movement patterns is to use the scheme of
optimizing random search [57; 58; 59]. In a random search model, single or multiple
individuals search a landscape to find targets whose locations are not known a priori,
which is usually adopted to describe the scenario of animals foraging for food, prey or
resources. The locomotion of the individual has a certain degree of freedom which is
characterized by a specific search strategy such as a type of random walk and is also
subject to other external or internal constraints, such as the environmental context
of the landscape or the physical and psychological conditions of the individual. It is
assumed that a strategy that optimizes the search efficiency can evolve in response
to such constraints on a random search, and the movement is a consequence of the
optimization on random search.

Many researchers have concentrated on the study of different animals’ foraging
movements. It is shown that when the environment contains a high density of food
items, foragers tend to adopt Brownian walks, characterized by a great number of
short step lengths in random directions that maintain foragers in a small portion of the
available space [60; 61]. In contrast, when the density of food items is low, individuals
tend to exhibit Lévy flights, where larger step lengths occasionally occur and relocate
the foragers in the environment. Due to the fact that the density of food items is
often low, many animals behave a Lévy flight when foraging and their movements
have been found to fit closely to a Lévy distribution (power law distribution) with
an exponent close to 2 [62; 63]. For instance, the foraging behavior of the wandering
albatross on the ocean surface was found to obey a power law distribution [64]; the
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foraging patterns of a free-ranging spider monkey in the forests was also found to be
a power law tailed distribution of steps consistent with Lévy walks [65; 66].

On this basis, researchers mainly consider two issues: one is to model the foraging
behavior as a Lévy flight and the other one is to study the searching efficiency the-
oretically or experimentally. It is assumed that the forager behaves a random walk
according to the distribution p(l) ~ ™", 1 < pu < 3. Then it is proven that the highest
searching efficiency can be obtained when p is close to 2 for the non-destructive case.
While the searching efficiency is higher when p tends to 1 for the destructive case.
Later, many more complex situations are considered. Due to the fact that foragers
are always searching in a bounded area, [67] and [68] studied the searching efficiency
of Lévy flight in a bounded area. [61] took the spatial memory of foragers into consid-
eration and concluded that the spatial information influenced the foraging behavior
significantly according to the experimental results. Interestingly, it was claimed that
the Lévy flight foraging behavior can also be interpreted by a composite search model
[69; 70]. The model consists of an intensive search phase, followed by an extensive
phase, if no food is found in the intensive phase. Particularly, [71] considered the
waiting time between two successive flights and formulated the master equation for
such foraging behavior.

Though many studies have proven that it is usually more efficient to utilize Lévy
flight foraging strategy, standard Lévy flight cannot be followed in practice because
of many uncertain factors. For instance, the forager may encounter obstacles or
natural enemies and extremely large flight distance cannot be reasonable due to the
restriction of the forager’s flight ability. In this paper, we take these conditions
into consideration and temper the Lévy distribution with an exponential decaying
function, which results in a tempered Lévy distribution p(l) ~ e ?I=#. Tt is then
shown that a higher searching efficiency will be derived when a smaller p or u is
chosen, both by simulation and theoretical analyses. Further, two different types of
master equations are derived: one is the standard diffusion equation and the other
one is the tempered fractional diffusion equation. Since the first and second order
moments exist, the foraging movement will finally result in a Gaussian motion, which
indicates that the tempered fractional diffusion equation is in fact another expression
for the standard diffusion.

The remainder of the case study is organized as follows. Section 2.3.1 provides
the basic foraging model and some basic results are also given. In Section 2.3.2, we
study the searching efficiency when a tempered Lévy distribution is considered.

2.3.1 Basic definitions and model description

In this section, we mainly recall the original model and basic results of Lévy flight
optimal random search. Assume that target sites are uniformly distributed and the
forager behaves as follows:

(1) If a target site lies within a “direct vision” distance r,, then the forager moves
on a straight line to the nearest site. A finite value of r,, no matter how



Chapter 2. Collective Motion and the Science of Search 13

large, models the constraint that no forager can detect a target site located an
arbitrarily large distance away.

(2) If there is no target site within a distance r,, then the forager chooses a direction
randomly and a distance [; from a probability distribution. It then incrementally
moves to the new point, constantly looking for a target within a radius r, along
its way. If it does not detect a target, it stops after traversing the distance [;
and chooses a new direction and a new distance [;;1; otherwise, it proceeds to
the target as rule (1).

In the case of non-destructive foraging, the forager can visit the same target site many
times. In the case of destructive foraging, the target site found by the forager becomes
undetectable in subsequent flights. Let A be the mean free path of the forager between
two successive target sites (for two dimensions A = (2r,¢)~! where ¢ is the target-site
area density).

On the basis of above behaviors, assume that the flight distance is distributed as
the Lévy distribution

p(l) ~17F I >r,, 1<pu<3. (2.3)

As shown in Fig. 2.1, researchers find that 4 — 2 and p — 1 will result in an optimal
searching efficiency for the non-destructive case and destructive case, respectively.
For more details about the model and existing results, one may refer to the works of
[62; 63] and references therein.

2.3.2 Searching efficiency with a tempered Lévy flight

In almost all the existing literatures about Lévy flight foraging, it is assumed that
the flight distance at each step is independently distributed as (2.3). Distribution
(2.3) is power-law decaying, which indicates that a large jump length will appear
more frequently compared with the traditional Gaussian distribution. In practical
foraging, after the forager determines the flight distance at some step, the flight will
be interrupted by some unknown reasons, such as obstacles on the flight direction,
natural enemies in the vision distance, and restrictions in the energy storage for each
flight. Because of these reasons, we can assume that the flight distance is distributed
as

p(l)~e P IF r,<Il, p>0, p>1, (2.4)

which indicates that the forager can keep the flight direction with the probability of
an exponential distribution. Fig. 2.2 shows the probability density function (pdf) of
a tempered Lévy distribution and one can find that the density decreases slower with
a smaller y, which means that a larger jump length is more likely to happen.
Remark The difference between (2.3) and (2.4) is that the power law distribution
is tempered by an exponential decaying e . The exponential part e~ can be viewed
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L (a) destructive case

(b) non-destructive case
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Figure 2.1: Searching efficiency of standard Lévy flight for different mean free path A
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Figure 2.2: Probability density for tempered Lévy distribution with p = 0.5 for
different p

as the probability density that the forager can keep its flight direction before he
completes one flight in the existence of some unknown factors and p is determined by
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the environment. Because Lévy distribution is now tempered by e, the first and
second order moments of distribution (2.4) exist for arbitrary p € R. In the paper,
we will discuss the problem in a wider range 1 € [1,00) rather than (1,3) for the
Lévy distribution.

The non-destructive case

In this part, we will borrow the idea from [62] to optimize the searching efficiency.
Given the probability density function of the flight distance as (2.4), the mean flight
distance can be calculated as

_ ffv e |z *  de + N [0 e Pl || M da

72 e Pl o] P da

{0)

(2.5)
— FUP (pTva 2 - lu) — Fup (p)‘7 2— ILL) + )‘prup (P)\, 11— ,u)
PLup (pro, 1 — 1)
where, the incomplete gamma function I, is defined as
Ly (z,0) = / t*te~tdt. (2.6)

Let N be the mean number of flights taken by a Lévy forager while travelling
between two successive target sites. Since the first and second order moments of tem-
pered Lévy distribution exist, the trajectory of the forager will result in a Brownian
motion. According to the existing results by [62], for the non-destructive case, it
follows that the mean flight number between two successive targets can be estimated

as
A2\ 2
2
N, ~ | — 2.7
-~ (35) 2.7)
where, D is the diffusion constant. According to the standard diffusion equation , it
is found that the diffusion constant D = 5, where a is the second order moment of
flight distance and b is the mean of the waiting time. Since we do not take the time

1
into consideration, one can conclude that N, is proportional to (’\;) *. Here, a can
be calculated as

a= / e PPHAL = p' T, (pre, 3 — 1) - (2.8)
Based on the above analyses, we can then calculate the searching efficiency which is
defined as
1
N 2.

Take r, as 1 when simulating and the results for different mean free path A are
shown in Fig. 2.3. Following observations can be drawn
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(1) For fixed mean free path A and p, a smaller p will result in a higher searching
efficiency.

(2) For fixed mean free path A and p, a smaller p will result in a higher searching
efficiency.

(3) The mean free path A almost has no influence on the choice of u and p to derive
the highest searching efficiency.
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Figure 2.3: Searching efficiency nA for different order p and p: the nondestructive
case with different A

As interpreted in the existing papers, the Lévy distribution can lead to a higher
efficiency in a sparse area due to the higher probability of large jump lengths. For
this issue, a smaller p or p will both decrease the decaying speed of the probability
density, which means that the large jump lengths are more likely to appear. Hence,
observations (1) and (2) can be explained since frequently large jump lengths can
help covering a wider range where it is more likely to find a target in a sparse area.
Generally, the density of target site is sparse in practice which means that A is usually
large. Due to the exponential decaying of tempered Lévy distribution, the value
of A [ e ?l*l|z|™"dx is quite small and almost has no influence on the searching
efficiency. It can then explain why the results of Fig. 2.3 with different \ are similar.

One can also interpret the observations from the practical perspective. As dis-
cussed before, the tempered item e can be viewed as the probability density that
the forager can keep its flight direction before he completes one flight in the existence
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of some unknown factors. Thus, a smaller A means that the probability of a forager
to encounter some uncertain factors is lower and the foraging efficiency should be
higher.

The destructive case
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Figure 2.4: A typical example of foraging procedure with A =1 and =1

For the destructive case, the mean number N can be expressed as

)\2

Similar to the non-destructive case, one can then calculate the searching efficiency
using (2.9). The results are shown in Fig. 2.4, which is very similar to the non-
destructive case. It is found that a smaller p or p will both result in a higher search
efficiency. The mean free path A almost has no influence on the optimal choice of
parameters p and p (see Fig. 2.5). We have shown that for the Lévy distribution,
i — 1, where a large jump length appears more likely, will lead to a higher searching
efficiency. Thus, a smaller p and p will also result in a larger searching efficiency
because large jump lengths are more likely to happen.

Nqg (2.10)

Experimental results

We also implement an experiment for validate the theoretical analyses. Consider a
200 x 200 area and 50 targets are uniformly distributed in this area. The vision
distance is r, = 1 and the total flight distance is no longer than 10000 which can be
viewed as the flight capability of the forager. The searching efficiency is estimated as
Nnum

g where N, is the number of found targets and Ly is the total flight distance.
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Figure 2.5: Searching efficiency n\ for different order p and p: the destructive case
with different A
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Figure 2.6: The actual tempered Lévy density function with p = 0.5 and ¢ = 1 and
the statistic results of generated jump lengths

From Fig. 2.7 where the searching efficiency is derived by averaging 100 independent
runs, one can find that a smaller p and p will both lead to a higher searching efficiency;,
which is consistent with the theoretical analyses. Because a larger p will make the
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Figure 2.8: A typical example of foraging procedure with A = 0.5 and p =1

density function decrease quickly, the range of jump lengths is then very tight. Thus,
the searching efficiency is very close for a large u where the jump lengths are all around
the vision distance r,. Fig. 2.8 - Fig. 2.9 give some typical foraging procedure for
different parameters and one can find that all of them perform a Brownian motion.
Additionally, larger jump lengths frequently appear in Fig. 2.8 compared with the
other two figures, for which the searching efficiency is the highest.

Remark: In this study, we numerically generate the jump lengths distributed as
a tempered Lévy distribution and Fig. 2.6 shows the actual density function and the
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Figure 2.9: A typical example of foraging procedure with A = 0.5 and =3

statistic result of generated jump lengths. It is found that the statistic result is very
close to the actual density function.

2.3.3 Conclusion

To conclude, we consider the optimal random foraging whose flight distance is dis-
tributed according to a tempered Lévy distribution p(l) ~ e P! I=#. Tt is found that
a higher searching efficiency can be derived when we choose a smaller p or p, which
results in a slower decaying speed.

2.4 A Case Study: Individual and Collective For-
aging in Autonomous Search Agents with Hu-
man Intervention

Foraging is oftentimes studied as an activity produced by individual organisms. A
single bird flies over an area in search of food, a tiger roams the jungle, or a person
scans their terrain for resources. Other times, foraging is studied as a collective ac-
tivity that groups of organisms engage in [72; 73; 74; 75]. Collective foraging occurs
when groups of organisms interact and move together while searching for resources,
and it is more often associated with organisms that have limited cognitive capacities
for planning and decision-making. Organisms with greater cognitive capacities may
also engage in collective foraging, but they are more likely to exhibit flexibility in
switching between different foraging modes depending on various factors. For exam-
ple, a lion may choose to hunt alone or team up with other lions to find and take
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down prey [76]. A person may choose to help others harvest a large patch of berries
or head off alone in search of unfound patches. Foragers can also communicate in-
formation about resources and conditions to each other, and thereby help individuals
make decisions about where and with whom to forage [72; 73; 74; 75; 77; 78|.

In the present study, we investigate whether foraging can benefit from the ability
to vary between individual versus collective search modes, as a means of improv-
ing group foraging performance. A given mode may be more or less advantageous
depending on various foraging factors and conditions. For instance, the conditions
under which collective foraging is advantageous are often studied through the lens
of social foraging theory [79]. Group cooperation can outperform individual or inde-
pendent foraging strategies by exploiting food resources more quickly [80], and also
by providing security from predation among other social benefits [76; 53]. However,
these benefits may not always be available or sufficiently salient, and they may be
outweighed when foraging becomes sufficiently competitive [81]. This dependence on
conditions suggests that the ability to modulate between independent and collective
modes of foraging may be advantageous for collective foraging performance.

For example, Harel et al. showed that Eurasian griffon vultures (Gyps fulvus)
switch between independent and cooperative foraging strategies in response to social
cues [82; 83]. They found evidence that vultures can exchange information about a
found carcass even when they are far from its location. Specifically, vultures who
previously visited a carcass were more likely to be followed when revisiting the same
carcass location. Uninformed vultures apparently used visible cues, such as blood
stains on the head and body, to flexibly choose when to collectively forage and with
whom. Flexibly switching between these two strategies increased group foraging
success by helping uninformed vultures find new carcasses more quickly, and together
they were able to consume carcasses more quickly, thereby leaving less chance for
other scavengers to share in the meal. Similarly, Geoffroy’s spider monkeys (Ateles
geoffroyi) engage in information transference between naive and informed foragers
which helps to improve their success [84].

In general, efficient foraging needs to result in both finding as well as consum-
ing enough food for individuals and groups to survive [83; 85; 86; 87]. For example,
Beauchamp (2005) designed a social foraging simulation that demonstrated this prin-
ciple of efficient foraging indirectly. Social foragers consumed food at a faster rate
compared with individual foragers, but faster consumption came at the price of con-
suming less food per individual. There was also reduced variability in the rate of
food consumption among social foragers, indicating that social foraging may confer
protection against long periods of famine.

The benefits of social foraging have been shown in other birds of prey as well [82;
88; 89; 90|, and the apparent prevalence of collective foraging in nature has led re-
searchers to develop and test formal models of collective foraging, to investigate the
underlying principles and processes. For example, Liu and Passino (2004) created
a collective foraging model based on balancing forces of attraction and repulsion so
that agents tended to position themselves nearby neighbors while keeping some dis-
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tance. The goal was for agents to find food resources by following gradients to their
locations. Coordinating movements with nearby agents was useful for them to collec-
tively follow otherwise unreliable gradients in the simulated environment that led to
resources [91; 92; 93; 94; 95; 96; 97].

In the present study, we developed an agent-based simulation in which both indi-
vidual and collective foraging strategies have their advantages, so being able to vary
between them should be advantageous to the group. We created a social foraging
simulation in which we could test collections of autonomous agents with movement
rules that varied between more and less collective modes of interaction. For our tar-
geted loose coupling condition, rules were parameterized to balance individual versus
collective search behaviors, We were also able to test how humans move and interact
with autonomous foraging agents by including a condition in which a human player
controlled one of the search agents. Our aims were to 1) understand how coupling
strength in the movements of autonomous agents plays a role in foraging perfor-
mance by diversifying their collective movement patterns, and 2) test whether human
agents with high cognitive capabilities while searching engage in loose coupling with
autonomous agents in the service of collective foraging.

Our results showed that balancing attraction and repulsion promoted and sus-
tained coordinated movements because random variability inherent to individual for-
aging behaviors was averaged out as a result of loose coupling. This balance of
attraction and repulsion was accomplished using the so-called Lennard-Jones poten-
tial [98; 99] applied to govern the degree to which agents are attracted to or repelled
from each other as a function of their distance apart.

We manipulated the degree of coupling strength using the Lennard-Jones po-
tential [100] plus a flocking term that correlated the direction of movement among
nearby search agents. We also investigated how the addition of a human agent who
can switch between independent and cooperative search strategies affects collective
movement patterns and foraging efficacy. We expected the intervention to improve
group performance, and we also tested whether the degree of loose coupling, in terms
of distancing and flocking among autonomous agents, affects human search perfor-
mance. By comparing agent-based simulations with and without human intervention,
we also investigated the benefits of human memory and decision-making in managing
the balance of independent versus collective foraging behaviors.

2.4.1 Methods

Simulation

The agent-based foraging model was implemented in NetLogo with a 200x200 grid
of pixels with periodic boundary conditions and based on a previous social foraging
model [53]. The grid was empty except for one target at time. The target occupied
four pixels and was located at random. The goal was for ten agents to search the task
space for a gold star target and find as many of these targets as possible within a set
amount of time. Ten agents were chosen to provide enough grouping variability while



Chapter 2. Collective Motion and the Science of Search 23

also allowing human intervention to have a meaningful impact on group coordination
and performance. While searching for targets, all agents moved at a constant velocity
of 1 pixel per time step. Agents could not “see” the target until they came within a
d, = 22.5 pixel radius of their position, which meant the visible area for each agent
was 4% of the total game space. With ten agents searching together, it did not take
long to find each next target, which helped to find multiple targets within minutes of
time.

Search was also facilitated by a chaining effect whereby agents could see when
other agents in their view had detected the target. The rationale was that agents
change their behavior when detecting a target, e.g. they take a more direct path
towards a specific point. Other agents may see this behavioral change before they see
the target itself, so the behavioral change becomes a target itself to draw an agent
to share in the find. This dynamic was implemented by setting a flag on agents who
detect the target and adding a rule to drive unflagged agents to converge on a visible
flagged agent as they would converge on the target itself.

When agents arrived at target locations, they immediately started consuming
the target, one unit of consumption per time unit, where each target consisted of
500 consumption units. Therefore, it required 500 time steps for one agent to fully
consume a target. Less time was required to consume as more agents arrived at the
target location and consumed it together, simultaneously. Each target disappeared
after it was completely consumed, and a new target appeared at a new random
location.

Each simulation session was defined by the rules applied to all ten autonomous
agents that generated search movements to find each target or agents who found
the target (i.e. visual chaining [88]). The default rule present in all conditions was
a correlated random walk (CRW), which made each agent wander through space
randomly with some tendency to maintain the current heading. Next was a flocking
rule that added a tendency for movement in the average direction of nearby agents.
Third and final was a distancing rule based on a generalization of the Lennard-Jones
potential [98; 100], that drove agents to maintain a given distance from each other.
The governing equations for the CRW, flocking, and distancing forces on the i-th
agent (given i£j) at time t are as follows:

CRW(dy) :  din = [cos (8;(t — 6t) + O ), sin (6:(t — 6t) + On)], (2.11)
Flocking(da) :  dia= > d;(t — dt), (2.12)
j=1
- - - S 4 s \3] d;;
Distancing(ds) :  dips = —Z [( _ ) — ( - ) } . (2.13)
=1 || i s 117 Idi ]

For the CRW, 6; represents the current heading of the i-th agent and 6y is a corre-
lated random angle given by 6x = 0p — 01, where 0z ~ U(0,180) and 6, ~ U(0, 180)
are independent random turning angles between 0 and 180 degrees. The difference



Chapter 2. Collective Motion and the Science of Search 24

between these random uniform turning angles, produces a symmetric probability dis-
tribution from -180 to 180, linearly weighted towards zero. For flocking, the vector ci;
represents the directional heading of the j-th agent at time ¢t — dt, where 0t represents
the time step. The flocking direction d4 is calculated as the sum of the set of all the
agents within the vision distance d, denoted as w = {J;|||J;J|| < dy,}. The vector d:j
represents the distance in pixels from the ¢-th and j-th agents. The distancing dyy is
calculated from the separation parameter s (the desired distance between agents), and
the distance J;] between pairs of agents belonging to the set A = {CZ;|||d:J|| < 1.5d,}.
To avoid losing sight of the agents, the separation distance s was set to s = 15 pixels,
which is inside the vision distance d,. The exponents 4 and 3 in the distancing rule
JL J represent the repulsion and attraction terms, respectively. The original expo-
nents values for the Lennard-Jones potential are 12 and 6, respectively. These values
were chosen arbitrarily, through trial and error, to reflect the loose coupling between
agents. The result is a mostly repulsive force with a weak attractive component that
fades away as the agents separate greater than s. The governing equation for the
i-th agent at time ¢ is found by combining additively, d: = d; N+ d: A+ d_; L. Simu-
lation conditions were defined by turning off or on the flocking and distancing rules
such that the CRW rule was always in effect, resulting in four different movement
conditions: Random (CRW only), Flocking (and CRW), Distancing (and CRW), and
Loose Coupling (all three rules combined). See Fig. 2.10 for visual illustrations of the
movement rules and see Fig. 2.11 for general trajectory examples of each movement
condition.

Each simulation session lasted 13,500 game time steps long, referred to hereafter as
ticks, which corresponded to about eight minutes in real time when simulated through
the NetLogo interface. Performance was measured in terms of number of targets found
and consumed, which was based on the times needed to find and consume targets.
Each movement condition was tested in 60 sessions to match the number of sessions
with data collected from participants in the human intervention experiment, described
next.

Participants, Materials, and Experimental Setup

The simulated collective foraging sessions described in the previous section consisted
of autonomous agents only, with no human intervention. Matching sessions were
conducted with human players, where each session including one human controlling
one of the ten agents, as follows.

All methods involving human subjects were carried out in accordance with relevant
guidelines and regulations. Additionally, all experimental protocols were approved
by the University of California, Merced IRB committee and informed consent was
obtained from all subjects prior to participation. All subjects were above the age
of 18 years old. Sixty participants from the University of California, Merced were
recruited for course credit. After being instructed about the game and filling out the
consent form, each participant controlled one of the ten search agents and engaged in
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Figure 2.10: (a) Illustrative view of the task space (not shown to players). The green
agent and circle represent the human’s agent and their field of view (detailed more
below). Area outside their field of view was occluded (greyed out area). The dotted
line represents that the human agent moved towards the mouse pointer position, so
the human could control movement direction by moving the mouse. (b) Random
movement shown to be random angular deviations of movement from each previous
heading. (c) Flocking term directed agents to converge towards a similar shared
movement trajectory. (d) Distancing term prompted agents to separate from one
another when close, and towards each other when further away. (e) Visual Chaining
prompted agents to move directly toward an agent flagged as detecting the target.

collective foraging with the goal of finding and consuming as many targets as possible
in the allotted time. Each participant controlled their on-screen avatar by using a
computer mouse to place a pointer at the desired location, and then their avatar
moved in the direction of the pointer. If the avatar reached the desired location,
it kept moving in the same direction until the human player moved the mouse to
change course. Participants had the same visual radius as autonomous agents, and
their avatar affected autonomous search agent dynamics according to the rules as
described above. Autonomous agents did not affect movement of the human avatar
except for the chaining rule—the human avatar went straight to an autonomous agent
if they were tracking towards the target.

The foraging game was designed to give human players the same operational
information and latitude as automated agents, so that the only difference with hu-
man players was their memory about prior states of the environment and foraging
outcomes, and decision-making based on memory and strategies developed through
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Figure 2.11: Example movement trajectories for 2000 ticks for each movement condi-
tion: (a) Random; (b) Flocking; (c¢) Distancing; and (d) Loose Coupling.

experience. The simulation ran at about 35 msec per update, and each human player
ran through one session of each of the four movements conditions, in counterbalanced
order across participants. The number of time steps was chosen to be long enough to
elicit variability in performance, but short enough to run each session in about eight
minutes.

Measures and Analyses

The overall measure of performance for each game session was total targets found
(session length was constant), which was determined by the time needed to find and
then consume each target. These two components of performance were measured
by search time and consumption time. Search time was operationalized as the time
elapsed prior to any agent detecting the target, and consumption time was defined
as the amount of time it took to fully consume a given target (maximum of 500
ticks). Both measures were computed on a per target basis, and then averaged for
each session. This aggregation created equally sized samples across all conditions for
each measurement. Overall performance was also measured by the average total trial
time, i.e. the sum of search and consumption time, where lower times corresponded
with better performance.

Two factors were manipulated to test efficacy of loose coupling and the role of
memory and strategy in collective foraging. The efficacy of loose coupling was tested
by comparing different movement rules for autonomous search agents across different
sessions, where all agents in each session were governed by the same set of rules.
The role of memory and strategy was tested by comparing sessions with and without
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Figure 2.12: Mean trial time per session as a function of movement type without
human intervention (left) and with human intervention (right). Mean trial times are
divided into their composite search times (red) and consumption times (teal).

human intervention, and because simulations are not statistically comparable to hu-
mans in terms of their variability, we ran separate analyses with and without human
intervention.

To test the outcomes of these measures independently, we conducted separate
within-subject analyses of variance (ANOVA) with each as the dependent measure,
and two independent variables, human intervention (present or absent) and movement
type (random, flocking, distancing, and loose coupling). Any result lower than p <
0.05 are considered as statistically reliable. Estimated effect sizes of ANOVA results
are represented by partial eta squared (1712,). Lastly, we also conducted Tukey honestly
significant difference (HSD) post-hoc analyses to conservatively test for differences
between specific pairs of conditions, even though many of these tests were planned a
priori.

2.4.2 Results

Loose coupling and human intervention promote collective foraging success

We first determined group search performance by assessing the average search time,
consumption time, and total targets found in each movement condition with and
without intervention.

Results showed that search performance as measured by mean trial time was better
with loose coupling and human intervention, as seen in the lowest average trial times
in Fig. 2.12. Movement type had a reliable effect on performance without human
intervention, F'(1,59) = 27.65, p < 0.001, 7]1% = 0.319, and with human intervention,
F(1,59) = 20.85, p < 0.001, 775 = 0.261. The specific direction of effect was supported
by post-hoc Tukey HSD comparison tests showing that loose coupling was significantly
better than other movement types both with and without human intervention (each
p < 0.001). By necessity, the same pattern of results was found when performance
was measured by number of targets found per session: On average, more targets were
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Figure 2.13: Mean targets found per session as a function of movement type without
human intervention (left) and with human intervention (right).

found with human intervention (M = 16.94) than without (M = 5.89), and more
targets were found with loose coupling (M = 16.26), compared with other movement
types (M = 9.8). Human intervention did not interact with movement type, F'(1,59)
= 2.55, p = 0.116, nf, = 0.141, which indicates that human intervention resulted in
more targets found on average per session for all movement conditions (M = 11.04),
see Fig. 2.13 below.

Next we broke the performance measure of mean trial time into its two component
parts of search time (i.e. the time from start of a trial to when any of the agents
detecting the target) and consumption time (the time from the first agent landing on
the target to its complete consumption, which went faster as additional agents landed
to share in consumption). Mirroring mean trial times, search times were fastest in
the loose coupling condition regardless of human intervention: without, F'(1,59) =
48.17, p < 0.001, nﬁ = 0.449, and with intervention, F'(1,59) = 41.24, p < 0.001,
7]12) = 0.411, refer back to Fig. 2.12. Tukey HSD for both loose coupling conditions
were significantly faster than all other respective movement conditions, p < 0.001. By
contrast, consumption times were fastest in the flocking condition: without, F(1,59)
= 542.2, p < 0.001, 2 = 0.902, and with intervention, F(1,59) = 56.79, p < 0.001, 77
= 0.49. All Tukey HSD flocking condition comparisons were significant, p < 0.001.
Flocking produced faster consumption times because agents were usually clumped
together when the target was found, so they all landed on the target to consume
it together. This effect of flocking was predicted to occur, and we also predicted
that the distancing condition would produce the fastest search times by means of a
divide and conquer strategy. Results were not consistent with this latter prediction
because adding flocking to distancing actually improved search times. We return to
this unexpected result later when we present analyses of the rate at which agents
collectively covered the search area.

Analyses of search times and consumption times as a function of human inter-
vention found that, again mirroring mean trial times, human intervention improved
search times substantially across all four movement conditions, albeit less reliably for
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loose coupling because of an apparent ceiling effect (loose coupling without human
intervention already produced fast search times): F/(1,59) = 22.24, p < 0.001, 2 =
0.086. By contrast, human intervention improved consumption times in most condi-
tions, F'(1,59) = 80.00, p < 0.001, nz = 0.253, but surprisingly, humans caused slower
consumption rates in the flocking condition, comparison Tukey HSD p < 0.001. The
apparent detriment of human intervention on flocking consumption times can be ex-
plained by humans finding targets on their own, without the benefit of other agents
nearby to join in consumption. This explanation is further addressed in the next
section.

Loose coupling diversifies groupings of search agents

Collective foraging performance was best with loose coupling, which was predicted
based on the hypothesis that loose coupling balances the benefit of flocking versus
distancing. This balance should result in more flexibility in agent groups as they
merge and split over time—the agents only partially affect each other’s movements,
thereby allowing interactions between search agents to vary as they come in and out of
view of each other. To quantify flexibility in grouping, we examined the distribution
of numbers of agents in view for each given tick, trial, and agent. If groupings do not
change much within each trial, then there should be little variation in the numbers
of agents in view, and the distribution should have a sharp peak. By contrast, if
groupings vary during a trial, then the numbers of agents in view should vary, and
hence their distribution should be more spread out.

We used Shannon entropy to quantify the degree to which the frequency distri-
butions in groupings were more peaked (low entropy) versus more spread out (high
entropy). Entropy has been used previously for capturing the fission-fusion dynamics
for various groups animal species [101]. Hereafter, we refer to it as Grouping entropy
which was calculated as, — Y p(z;) log p(z;) where z; is the number of agents viewed
by i-th agent over time, and p is the probability associated with the proportion of
time that x; agents were in view.

To focus on grouping entropy from the perspective of autonomous agents, we
removed the human player from entropy calculations, and to make analyses compara-
ble, we removed a simulated agent at random in sessions without intervention so that
entropy was computed over zero to eight possible agents in view in both conditions.
The first 14 ticks at the start of each new trial (when each new target was gener-
ated) was removed to avoid initial transients due to agents starting together from the
previous target location. Entropy was computed over the subsequent ticks for each
trial, up to the tick when the next target was detected by one of the agents. We also
computed grouping entropy with respect to the human agent, and again we removed
one autonomous agent at random so that entropy was computed over zero to eight
possible agents in view.

Figs. 2.14 & 2.15 show the proportion of agents in view aggregated over trials and
individuals for each movement condition with respect to autonomous agents in the
simulation (Fig. 2.16) and with respect to human agents in the experiment (Fig. 2.17).



Chapter 2. Collective Motion and the Science of Search 30

1.001 Random { Flocking
a b

o
o

0.50

Probability
=]
i
o

|
|

o
=1

Distancing 1 Loose Coupling
c

=]
~4
o

0.50

Probability

[=]
Y]
[

— - {1 L 1 4 1 1 1 k - SR

(=]
o
(=1

5 i 5 8 7 8

5 3 4 5
Agents in View Agents in View

Figure 2.14: Normalized histogram of the number of agents in view during the search
time period respective to one autonomous agent without intervention.

These histograms show that the rules governing agent movements and interactions
had large effects on agent groupings. The random and distancing conditions were
similar in that agents traveled solo much of the time, with another agent in view
sometimes, and two or three more on occasion. Adding the flocking rule to each of
these two conditions resulted in opposite effects on grouping entropy than the other
movement conditions. Flocking agents constantly maintained each other within their
respective fields of view, best show in Fig. 2.14b. Flocking plus correlated noise
(the random condition) resulted in all agents converging and moving together such
that variability caused by noise was not enough to disperse the single grouping of
autonomous agents once it was formed. By contrast, adding the distancing term to
flocking (along with the correlated noise) was sufficient to counteract flocking and
disperse agents such that their flight configurations varied over time. This variation
resulted in more varied group sizes and hence more variability and greater entropy in
the numbers of agents in view.

We tested the effects of movement type and human intervention on grouping
entropy using two different statistical analyses. First, we tested entropy values for
individual simulated agents with and without human intervention, as a function of
movement type, as shown in Fig. 2.16. Entropy values were minimal in the flocking
condition because agents were always in a unified group, so we removed this condition
from statistical analyses. Second, we ran the same analyses after removing trials in
the human intervention condition when the human player was first to find the target,
so that entropy values were not directly affected by human intervention. The second
analysis allowed us to ascribe differences to the effect of human intervention on the
movements of autonomous agents.
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Figure 2.15: Normalized histogram of the number of agents in view during the search
time period respective to only human agents.
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Figure 2.17: Entropy values by movement condition (Random, Flocking, Distanc-
ing, and Loose Coupling) for human players (Human) versus simulated agents (Au-
tonomous) in the experiment.

We conducted a mixed-effects ANOVA with movement condition as a within-
subjects factor, human intervention as a between-subjects factor, and entropy as the
dependent variable. First there was a significant main effect of human intervention
whereby human players caused autonomous agents to exhibit less entropy in their
distributions over agents in view, F'(1,59) = 21.43, p < 0.001, 7]2 = 0.058; and a
marginally significant main effect of movement type, F(2,59) = 2.41, p = 0.091, 7712,
= 0.014. The interaction was non-significant, F'(2,59) = 0.49, p = 0.613, 77]3 = 0.003.
Individual post-hoc tests confirmed that grouping entropy was highest with loose
coupling compared with the distancing and random conditions, p < 0.001. Human
intervention appeared to decrease grouping entropy for autonomous agents by giving
them less time to group by means of converging on targets. This decrease in grouping
entropy was evident even in the random condition when humans had no direct effect
on agent movements—instead, humans had indirect effects because they helped find
and consume targets more quickly, thereby decreasing the time available for agents
to converge on targets, leaving them less grouped and more disbursed in general.

In our second analysis, we compared the same grouping entropy measure as before
but for human players against grouping entropy for individual simulated agents in the
experiment with human intervention (Fig. 2.17). We ran another ANOVA like the
previous analysis, but with intervention type replaced by agent type (human or au-
tonomous) as a between-subjects factor, again excluding the flocking condition from
movement type. We found that grouping entropy was greater for humans compared
with autonomous agents, F(1,59) = 213.85, p < 0.001, 77127 = 0.379, and grouping en-
tropy was again influenced by the movement condition, F'(2,59) = 8.11, p < 0.001, ng
= 0.044, with post-hoc tests showing that entropy was greatest with loose coupling,
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p < 0.001. There was also an interaction such that grouping entropy for human play-
ers was more like autonomous agents when the latter were loosely coupled compared
with other movement types, F(2,59) = 16.9, p < 0.001, 772 = 0.088. Moreover, hu-
man movements exhibited the most grouping entropy when coordinating with loosely
coupled agents based on our post-hoc comparisons, p < 0.001.

In summary, grouping entropy was higher, and performance was better, with loose
coupling overall, and with human intervention overall (human intervention lowered
entropy for simulated agents, but only as a byproduct of shortening time for them
to converge on targets). We infer from the main pattern of results that collective
foraging in our simulation benefits from loose coupling between autonomous agents
as well as between agents and humans.

Human intervention benefits search performance for non-random agents

Entropy analyses in the previous section showed that human intervention decreased
the grouping entropy of autonomous agents, even though performance was generally
better with human intervention and with increased grouping entropy. Therefore, it
is unclear whether human intervention improved the way that autonomous agents
searched, or if humans are simply better searchers and therefore find and consume
more targets than autonomous agents.

To test the search performance of autonomous agents themselves, we measured
how fast they covered the game space when searching for each next target, and we
compared their rates of search area coverage with and without human intervention
as a function of movement type. Specifically, area search rate was computed as the
number of unique pixels searched on each trial, divided by the time spent searching
prior to finding the target, and converted into a percentage of total pixels (200 x 200
= 40,000 pixels).

To test more specifically how human intervention affected autonomous agents, we
measured area search rate at both the individual and collective levels for autonomous
search agents. For the individual level, search rate was computed per agent and
then averaged to gauge how fast each agent covered space separately, whereas for
the collective level, search rate was computed for all agents simultaneously to gauge
how fast the group covered space collectively. Fig. 2.18 shows area search rates
for autonomous agents with and without human intervention (the human is always
removed from rate calculations, and as before, trials were excluded when search was
terminated by the human player finding the target first), for individual search as well
as collective search. We used ANOVA models as in the previous results for grouping
entropy, but with area search rate as the dependent measure instead, and flocking
was included this time.

We found that human intervention improved both individual search rates and
collective search rates, F'(3,59) = 43.09, p < 0.001, 7712) = 0.044, but had no effect
on random movement conditions because humans had no direct effect on random
agent search movements, all post-hoc tests p > 0.95. The benefit of intervention was
greater for collective versus individual area search rates, F'(3,59) = 17.28, p < 0.001,
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Figure 2.18: Area search rate for autonomous agents, averaged for each session, and
plotted as a function of movement type and human intervention for agents individually
(left) and collectively (right).

7]3, = (0.018, indicating that human intervention reduced overlap in autonomous agent
search areas, as well as reduced the degree to which individual agents returned to
areas they already covered. Conducting a post-hoc Tukey HSD analysis found that
individual area search rates were not reliably different between the flocking and loose
coupling conditions, all p > 0.7, but collective search rates were greater with loose
coupling compared with flocking, all p < 0.001. These results indicate that loose
coupling preserved the individual diffusiveness of flocking agents, whose individual
grouping entropy was relatively high. By contrast, the addition of distancing helped to
reduce agent overlap—collective grouping entropy was highest for loose coupling—and
thereby improve collective search performance.

Human search benefits from coordinating with loosely coupled agents

The previous section focused on the beneficial effect of human intervention on the
individual and collective search performance of autonomous agents as a function of
different movement rules. We can also test whether different movement rules have
different effects on human search performance. In theory, human players could search
on their own, unresponsive to the movements of other agents. However, to the extent
that players try to guide or otherwise coordinate with autonomous agents, the efficacy
of human search movements may be affected by the way agents move and coordinate.
Results presented earlier showed that human intervention affected autonomous agents
via their grouping entropy, and agents affected human players in kind. Given that
human players showed the greatest grouping entropy when agents themselves showed
the greatest grouping entropy in the loose coupling condition, we can hypothesize
that human search performance may benefit from coordination with loosely coupled
agents.

To test the effect of movement rules on human search performance, we computed
area search rates for the human players individually. Not surprisingly, as shown in
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Figure 2.19: Area search rate averaged for each session and plotted as a function
of movement type and agent type for human players and individual agents with
intervention.

Fig. 2.19, humans overall covered the search space at a faster rate than the individual
agents they foraged with, F'(1,59) = 536.04, p < 0.001, 7712, = 0.534. The exception to
this overall effect was in the flocking condition where humans searched at about the
same rate as agents they were coordinating with. Individual area search rates were
relatively high for flocking agents because maintaining a single, steady bearing is a
reasonably good strategy for covering a space with periodic boundary conditions.

We also found marginal differences in human area search rates depending on the
movement rules governing autonomous agents, F'(3,59) = 2.57, p = 0.055, 77; = 0.032.
As predicted, a post-hoc analysis showed human search performance was better with
loosely coupled agents compared with distancing (p < 0.001) and random (p < 0.01)
movement conditions. Although no other comparisons were reliable, Fig. 2.19 shows
that human search rates were also elevated when coordinating with flocking agents,
which may be attributable to humans sometimes following the flock as they search at
a faster rate than agents in the random and distancing conditions.

Taken together with results from the previous section, we can conclude that hu-
man players and loosely coupled agents benefitted from each other to improve search
performance by virtue of flexibly coordinated movement patterns, as evidenced by
higher area search rates along with higher values of grouping entropy.

Human players adapt their foraging strategies to agent behaviors

To this point, we have interpreted the result that human players improve collective
foraging by means of memory and strategy, but the evidence has not been direct. It
is difficult to infer specific strategies from game play data alone, but one apparent
choice that players can make in collective foraging is the emphasis on finding versus
consuming targets. Players may try to find targets with other agents following or
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not, or they may instead seek out other agents to collectively consume each target
so the next one comes faster. Human players may improve collective foraging in part
by adapting their emphasis on finding versus consuming targets based on the rules
governing movements of autonomous agents.

To measure the emphasis on finding versus consuming targets, we analyzed the
proportion of targets found versus consumed by human players as a function of move-
ment type. As a baseline, if humans are no better than their autonomous counter-
parts, then they should find targets 10% of the time (0.1 proportion of times) and
consume 10% of the target units (recall that each target consisted of 500 consump-
tion units), given that the human player is one of ten foraging agents. The difference
between finding and consuming proportions is a measure of the emphasis that human
players placed on one versus the other component of collective foraging.

Fig. 2.20 plots the two proportions for human players as a function of movement
type. First one can see that both proportions were significantly above 0.1 in all
movement conditions, all post-hoc tests p < 0.001. Greater-than-chance proportions
are evidence that at least some benefit of human intervention for collective foraging
comes from the superiority of human players, in that they both find and consume
more targets than autonomous agents. Post-hoc analysis showed this benefit was
reliably less in when agents were loosely coupled compared with other movement
types, all p < 0.001, because loose coupling was the most effective movement rule.

Regarding adaptations in strategy, Fig. 2.20 indicates that the differential between
proportions varied as a function of movement type, F'(3,59) = 5.74, p < 0.001, 7];2) =
0.035. Specifically, players emphasized consuming targets over finding targets when
coordinating with loosely coupled agents, ¢(59) = 4.96, p < 0.001, whereas players
did the opposite when coordinating with flocking agents, #(59) = -11.43, p < 0.001.
This contrast is evidence that players adapted their strategy to the movement rules
for agents—it was more beneficial for players to help with search when the collective
area search rate was relatively low in the flocking condition, whereas it was more
beneficial for players to help with consumption when collective area search rate was
relatively high in the loose coupling condition.

Discussion

The main goal of this study was to investigate the benefit of balancing individual
and collective modes of interaction to succeed in social foraging. We designed an
agent-based model in which finding targets benefitted from individual agents diffus-
ing across the search space, whereas consuming targets benefitted from convergence of
agents on target locations. We formulated movement rules that balanced a tendency
towards distancing with a tendency towards flocking, and simulations showed that
loose coupling among agents was beneficial to group foraging performance. Analyses
of grouping entropy showed that loose coupling diversified the range of more indi-
viduals to more collective search configurations because flocks of various sizes formed
and dissolved as search unfolded.

Our simulation results show that loose coupling is beneficial even when agents
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Figure 2.20: Finding and consuming proportions for human players as a function
of movement type. The red line indicates the expected proportion to be found and
consumed if human performance was no better than that of simulated agents. Propor-
tions above the expected baseline indicate the degree to which humans outperformed
simulated agents.

are memoryless and unable to learn, adapt, or develop strategies through experience.
The diversity of search patterns did not come from decision-making of any kind—it
was instead driven primarily by injecting noise with the CRW movement component,
plus additional randomness from positioning of targets. Our simple model of loose
coupling is useful in its economy of mechanism and may be appropriate for collections
of simple organisms and artificial agents with minimal capacity for computation.
However, foraging is necessary for the survival of all mobile species, including for
humans and other social animals with extensive capacities of memory, learning, and
strategy to drive decision-making as foraging unfolds. To test how decision-making
capacities might interact with simple rules of loose coupling, we compared simulations
of autonomous agents with and without human intervention.

Human players exhibited an even greater diversity of search configurations than
loosely coupled agents, and both humans and autonomous agents covered the search
area at faster rates in the loose coupling condition compared with too much distanc-
ing or too much flocking. These results provide evidence that abilities like learning
and memory may complement simpler rules of loose coupling to support social forag-
ing, rather than supplant them. It is difficult to determine whether movements were
controlled based on strategies learned through experience, but we did find evidence
that players adapted their strategies to coordinate with agents differently depending
on their search behaviors. Human players emphasized finding and consuming tar-
gets individually when agents distanced too much or flocked too much, whereas they
coordinated more with simulated agents were loosely coupled. This finding suggests
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that intelligent agents can learn to leverage other agents for the good of the group,
depending on their abilities and performance. Humans varied in performance and
behavior from one player to the next (individual differences are universal to human
behavior), but more information is needed about the backgrounds and intentions of
human players to understand these individual differences.

Our agent-based model proved useful for demonstrating the benefits of loose cou-
pling and adaptive foraging strategies, but future studies could undertake more thor-
ough analyses of the model and its parameters to understand which aspects are most
important for loose coupling in social foraging. Also, while the distancing and flock-
ing rules combined to produce loose coupling, they were not quite complementary on
their own. Flocking had the desired effect of longer search times offset by shorter
consumption times, relative to random search, but distancing did not have the re-
verse effect—instead, distancing did not have an appreciable effect beyond noise from
the CRW rule, although it synergized strongly with the flocking rule. Future studies
may consider a different form of distancing that has the opposite effect of flocking,
i.e. shorter search times offset by longer consumption times. Future work may also
consider implementing measures of grouping and movement coherence [102]. Such
measures that help to identify to the effect of movement conditions on the velocity of
the whole group.

Finally, it would be informative to study how groups of human foragers coordinate
to play our social foraging game. The most salient question is whether players would
still exhibit signs of loose coupling in terms of flexibly diverse groupings, and whether
group performance would still benefit loose coupling. Theories of self-organization
suggest that loose coupling may be generally useful for adapting coordinated behavior
to respond to changes in conditions as they unfold [103]. For instance, it may be useful
to follow one or more agents when they are first encountered in the hopes of finding
targets and consuming them together, but it may become more beneficial to break
from the group and seek new search opportunities as time goes by following the group
with no success. In this scenario, loose coupling may enable agents to enact a “stay-or-
go” decision between exploiting nearby agents or exploring new opportunities, similar
to the stay-or-go decision at the heart of optimal foraging theory [104; 105; 106]. The
agent-based modeling and experimental paradigm introduced herein may be extended
to investigate these and other questions about individual and collective foraging.

2.5 A Case Study: Swarm Robotic Source Seeking
with Fractional Fluxotaxis

Source seeking, in general, is a process that involves a searcher that seeks to maximize
some unknown scalar valued function f(x): x € RY — R that can be accessed via a
measurement operator h(x) : x € R? — R. Typically, the output y = h(x) = f(x) +
n(t) is used to construct a gradient V f(x) or estimate of the gradient V f(x), where
n(t) ~ N (p, o) is a Gaussian white noise process with mean p and standard deviation
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o. In some cases, such as with extremum seeking control (ESC)[107], the gradient is
not explicitly calculated but rather estimated through a high-pass filter and sinusoidal
perturbation. For example, this can be seen in nature by foraging insects [108] or in
the homing of salmon and turtles [109; 110]. Typically single agent source seeking is
employed for the simple cases. In many of these cases, different types of strategies
are used that only focus on measurements of one parameter (e.g. concentration
with chemotaxis, wind with anemotaxis, etc.). Heuristic methods that rely on some
arbitrary yet practical rules for updating agent movement after measurements occur,
such as zig-zag (e.g. casting) or spiral-surge [111]. However, for more complex
cases, multi-agent approaches have been employed. For example, the source seeking
problem has been looked at from an optimization point of view, such as with particle
swarm optimization (PSO) [112; 113] or with Optimotaxis [114]. The Optimotaxis
algorithm utilizes a random jump-diffusion framework by designing a run and tumble
controller that converges to some shaping function [114]. The PSO algorithm utilizes
a set of candidate solutions, called particles, whose position and velocity are updated
via their respective best position (or solution) as well as the global best position. The
performance of PSO depends on the parameter selection and the complexity of the
function map or field. In the simplest case, the field f is smooth and continuous.
However, in more extreme cases the field f can be turbulent and consequently more
complex to solve or be represented in analytical form, restricting access to f. Many
bio-inspired approaches were developed to address this issue, such as [115; 116; 117]
to name a few. One potential advantage of having access to the spatial-temporal data
of the multi-agent group is that it can be used to increase performance of the source
seeking method. One such approach is fluxotaxis [100], a physics-based approach
that utilizes the gradient divergence of the mass flux (GDMF) by using individual
and neighboring observations. This can be described as a type of gradient descent
algorithm. More recently, several advancements on fractional order gradient descent
(FOGD) algorithms have been developed and compared in [118]. It was shown that
FOGD methods have robustness to the extreme value point as well as improvements
in convergence speed for @ > 1. FOGD methods have also been compared in [119] to
accelerated gradient descent methods, such as Nesterov accelerated gradient descent
(NAGD) and momentum gradient descent (MGD) which was shown to be more robust
to the target function or equivalently the step size to the optimal location.

In this work, we introduce a decentralized time fractional order fluxotaxis (FO-
fluxotaxis) scheme to approach the source seeking problem using the plume odor
simulation (POSIM) framework [120; 1]. In section (2.5.1) we discuss the preliminaries
of this work, section (2.5.2) we introduce FO-fluxotaxis, section (2.5.3) we detail the
simulations we explored, section (2.5.4) we analyze the results, and in section (2.5.5)
we provide some conclusions and discuss future work.
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2.5.1 Preliminaries

Fractional Calculus

Fractional Calculus is a type of calculus that deals with differentiation and integra-
tion of non-integer orders. This idea dates back as early as 1695 when, in a letter
to Leibniz, L’Hopital asked what if n = 1/2, referring to Leibniz’s d™/dt™ notation.
Today we have several definitions for fractional integration and differentiation opera-
tors, of which, we focus on two. The first, being the Riemann-Liouville definition for
fractional order integration given as,

P(la) /at f(T)dT _ A § f(t), (a - 0)' (2‘14)

(- T
The Riemann-Liouville fractional derivative defined as an integer order derivative of
a fractional order integral,

REDOf() =

o« DR f(t) =

L & /: JOdr o G ca<n).  (215)
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The second, is the Caputo fractional derivative of order «, written as,

1 t fO(r)dr
C na

DOf(t) = / (h—l<a<n) 2.16
where I'(+) is the usual Gamma function. In the limit as & — n the Riemann-Liouville
and Caputo definitions of the fractional derivative becomes the n-th derivative f™(t)

[121]. Let us recall the Laplace transform given by,

F(s) = L{f(t) : s} = /0 et F(1)dt. (2.17)
The Laplace transform of a fractional derivative or integral can be shown to be,
n—1
L{I DR (1)} = 5 f(s) = X2 S [ D )]s (2.18)
k=0
n—1
LLTDYf()} = s f(s) = D s* 1 F0(0), (2.19)
k=0

where the difference in the two definitions can be seen clearly in the initial conditions.
Thus, the Caputo definition enables the use of integer order initial conditions which
provides a practical approach for implementation.

Fluxotaxis Strategy

The fluxotaxis strategy is a multi-agent approach that utilizes information from each
agent to approximate the direction of the source by estimating the gradient of the
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divergence mass flux, GDMF. To control the formation of the agents and provide
a way for seamless obstacle avoidance, a generalized version of the Lennard-Jones
potential is used [100] to generate a formation control vector,

FD) | FD)

FfO?”mation =Nr =0 e — Co res (220)
DCG—C5
F(D) = (" - )y, (2.21)
2

where hyperparameters are chosen for simplicity to be the same as [100] (¢; = ¢3 =
c3 =1, ¢4 = ¢ =2, and ¢g = 3), such that Fommation = nr = F(D)/r? — F(D)*/r?
and F(D) = D'/2. The variable D represents the desired separation distance between
the agents.

Given some closed surface S which encloses a control volume W and some wind
vector field V = [U, V]T, the divergence theorem states,

/W V- (pV)dW = ]g(pV) . ds, (2.22)

where W is the control volume and S is the bounding surface [122]. For a point source
the divergence mass flux is given as,

V- (pV) = lim (pV) - dS

—_— 2.23
B AT (2.23)

such that, a positive value results from a source, conversely, a negative value a sink.
The gradient can then be given as,
oUu dp oV dp
GDMF =V (V- (pV))=V(p—+U— —+ V). 2.24
(V- (pV)) = Vlp 9 "oyt ay) (2.24)
Given a centralized virtual swarm structure (i.e. fixed spatially), the GDMF can be
approximated using finite differences. However, decentralize methods provide more
flexibility given obstacles or disturbances in the flow. The decentralized scheme in-
volves calculating the ¢-th agent’s relative flux between the j-th neighboring agents
given by [100] is,

GDMFZ ~ Fij = pJ‘Vj| COS QT = pj|rz]| . Vj. (225)
rij
The angle between V; and separation vector, r;;, is given by ¢,. The update rule for
the fluxotaxis algorithm becomes,
dVZ'
dt

= nNp —+ l’lij, (226)

arg min Fj;, if 3(F;; < 0)

Ff=q 7 (2.27)
arg max Fj;, else,
VjieQ
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where v; is the velocity vector control of the i-th agent, and n;; = r;;/|r;;| points
in the direction of Fj;. If no agents are around or no agent detects a concentration,
n;; — 0.

When no flux is detected, other strategies can be deferred to. The secondary
source seeking strategies we consider are: chemotaxis, anemotaxis, and casting [123].
In chemotaxis, the agent is driven in the largest gradient between the i-th and j-
th local neighbors. In anemotaxis, the agent will be driven upwind if it detects
any chemical concentration. In casting, a back and forth sweeping in 45° paths are
executed to help localize the plume. The fluxotaxis strategy uses each of secondary
strategies in the order that they appear above depending on the agent’s available
information. For instance, if no neighboring information is avaliable fluxotaxis will
revert to anemotaxis. If no concentration information is available anemotaxis will
revert to casting. Additionally, if there is no fluxotaxis information (i.e. F}; = 0),
fluxotaxis will revert to chemotaxis. If no concentration information is available
chemotaxis reverts to casting.

2.5.2 Methods

In this section we introduce the FO-fluxotaxis strategy into the decentralize fluxotaxis
framework [100; 122] by modifying the update equation (given o > 0),

“Dev; = (n;; +np). (2.28)

Under the assumption that the initial conditions are zero, we can rewrite (2.28) using

the Laplace transform,
(0%

For practical reasons, our update equation should be in terms of acceleration, other-
wise it would be unclear how to drive the agents.

s0; = s'*(fy; + 0ip) = s (y; + 0p), (2.30)
where § =1 — . Then, the position update for 5 > 0 given the a-order is,

dVZ‘
dt

=Dl (n;; + np), (2.31)

where np is defined as in (2.27). When g < 0, fractional integral is taken in the
Riemann-Liouville sense. The fractional order derivative can be realized as an infinite
impulse response (IIR) digital filter based on power series expansion using trapezoidal
(Tustin) rule [124]. The accuracy of the estimation depends on the n-th order of the
filter, hence the memory of the signal. From [125], n > 20 is sufficient, however, for
the time-scales of the dynamics we are interested in, we extended n = 100, which is
equivalent to 5 seconds of memory (simulated at 20Hz). Techniques like this are also
used in fractional order control [126].
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Figure 2.21: An example of the FO-fluxotaxis algorithm given a meandering plume
(a = b = 0.04 and G = 5). The color of the source seeking agent represents the
source seeking strategy (green is FO-fluxotaxis). When the plume signal is lost and
neighboring information is available, the algorithm reverts back to the secondary
source seeking strategy casting (shown in black).

2.5.3 Simulation
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Figure 2.22: Simulation agent starting locations (blue), general wind direction V
(light blue), and source location x; (red) for both simulation cases.

In this work we conduct simulation experiments to test the performance of the FO-
fluxotaxis strategy given different a values using POSIM [120] (a filament-based short-
timescale plume model).. The FO-fluxotaxis is compared with the fluxotaxis, anemo-
taxis, chemotaxis, and casting strategies under different wind conditions driven by
colored white noise.

The differences between the simulation experiment in [100] and this work, are
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in the starting location of the agents. This work releases the agents from a grid-
like structure within the region where the mean wind field is crossing (see Fig. 2.22)
rather than 200 random locations, which would require many runs to smooth out the
stochasticity. Additionally, we do not consider the expansion or contraction of the
agents (as seen in [100]) to try and focus on the performance of the strategy and not
the spatial dependence of the individual observations. Given the 90m x 90m search
area, each simulation was run for 7' = 200 seconds to provide enough time for most
strategies to converge.

In the simulation experiment, 36 plumes were generated based on different wind

conditions given a single source starting location x, = [80,10]7 and fixed wind di-
rection at —45° from the vertical. The 36 different plumes are permutations from
setting V = [—1,1]7, [-2,2]T and [—4, 4], colored noise filter parameters [a, b, G] =

[0.1,0.1,1] (no meander), [0.5,0.1,3] (small meander), [0.4,0.4,5] (large meander),
and [0.4, 0.4, 10] (larger meander), and the intermediate-scale o, = 2, 4, and 6 (see
[120] for more implementation details). There are 25 swarm starting locations in a
grid pattern inside the plume from 15 < x < 75 and 15 < y < 75 (see Fig. 2.22). The
swarm sizes vary from 7 to 70 agents. The values of « are varied from 0.8, 0.9, 1.1,
and 1.2. The total number of trials run are 9000.

To check the performance of each strategy several performance metrics were con-
sidered, namely:

1. Arrival time - t, : The time it takes the any one of the swarm agents to reach
the source, within a small positive value £ > 0. Here we use £ = D;

2. Distance travelled - Lp : Is the time integrated distance traveled during the
simulation, normalized by the distance to the source given the initial starting
location from time t =0 to t = ¢, (or t =T);

3. Closeness - Lo @ A length measure of how close the strategy came to the source,

normalized on the initial and final time, T, given by L. =1 — ‘Ii((g)):::sI"

For the cases to which the strategy converges to the source, the arrival time t, gives
good performance information. For the cases to which the strategy does not converge
to the source, the Distance travelled Lp and Closeness L, gives information to com-
pare the path traveled and ‘how close’ the strategy came, on average. Additionally,
the Distance travelled metric can be used to give insight on the optimal path travelled
when comparing strategies that converged (given a certain set of wind conditions and
initial starting location).

2.5.4 Results

The results for simulation experiments can be seen in Figs. 2.23-2.25, where the
performance of fluxotaxis and anemotaxis clearly out rival the other source seeking
strategies. It can be seen from Fig. 2.23 that the anemotaxis strategy is more suscep-
tible to meandering under smaller swarm sizes. Also, it is interesting to note, that
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Figure 2.23: Case I: Arrival time performance of different swarm strategies given wind
conditions driven by colored noise.

the FO-fluxotaxis strategy does improve as § < 0 and seems to get worse for 5 > 0.
A possible explanation has to deal with the sub-diffusive behavior of the plume and
the sub-diffusive response of the fractional order update scheme. Additionally, the
non-local operator may provide a better spatial gradient approximation as opposed
to the local integer order one. An interesting phenomenon is shown in Fig. 2.24
where initially the distance travelled is small before getting large and then getting
small again. This is thought to be related to plume information and probability of
detection. For instance, if the agents cover small spatial area as compared to the
entire simulation area, there may be some instances where no information is gathered
(i.e. no travelling). Furthermore, when some information is gathered but is subject
to occasional information losses, the distance travelled could be quite large. Given a
large enough swarm size the area covered would be sufficient enough to keep the infor-
mation stable and distance travelled low, aside from interactions in between agents.
Interestingly enough, as swarm size grows, the distance travelled gets worse (aside
from the FO-fluxotaxis strategy). Looking at Fig. 2.25 we can see that anemotaxis
and FO-fluxotaxis perform quite well after as swarm size increases. For small swarm
sizes we can see that when g < 0, FO-fluxotaxis closeness is slightly better.

To understand the performance efficiency of each strategy we devised an efficiency
metric, £ = L./t,Lp. The Closeness, L., here represents the success rate like term
of the strategy. The arrival time and distance travelled are things we would like to
minimize. The results of this performance efficiency for each strategy can be seen in
Fig. 2.26, where it shows the FO-fluxotaxis strategy is more efficient for 5 < 0.

2.5.5 Conclusions

In this work we introduced the FO-fluxotaxis scheme to the multi-agent source seeking
problem. We conducted a simulation case study based on meandering generated
from colored noise. The results from the simulation case study showed that the FO-
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Performance Efficiency versus Swarm Strategy
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Figure 2.26: The performance efficiency, &, of all the swarm strategies.

fluxotaxis strategy shows good performance at smaller swarm sizes as compared to
other strategies. The performance of the anemotaxis strategy outperformed others
in arrival time at larger swarm sizes. It was also observed that smaller swarm sizes
benefit from larger meandering conditions.

For future research, it is worth exploring the performance response by adding more
terms into the approximation into (2.31), for the FO-fluxotaxis update. The inclusion
of additional terms is analogous to adding memory within the fluxotaxis strategy,
making the agents ultimately smarter. Additionally, exploration into the effect of
obstacles on the FO-fluxotaxis strategy as function of memory is needed as well as
exploration into the effects of smaller swarm size and desired separation distance.
Lastly, the inclusion of entropy based source seeking (such as in entrotaxis [127]) into
fluxotaxis strategy should be considered, which could help for searching in regions
with more variable change or uncertainty.

2.6 A Case Study: A More Optimal Stochastic
Extremum Seeking Control Using Fractional
Dithering for A Class of Smooth Convex Func-
tion

2.6.1 Introduction

Source seeking is an important topic when it comes to gas and oil industries. Where
even small leaks can cause big (and sometimes fatal) problems, such as the 2010
San Bruno incident in southern California. These leaks are sometimes referred to as
fugitive leaks and are difficult to resolve. There has been work done to localize leaks
over the years. [128] looked at spatially distributed systems and inverted the steady
state solution. [114] looked at Optimotaxis using a stochastic switching method



Chapter 2. Collective Motion and the Science of Search 48

based on FEscherichia Coli which mimics a chemotatic approach using a run and
tumble controller. Other researchers like [129] used an information based approached
which uses the a combination of the maximum likelihood principle and the Fischer
information matrix to calculate the gradient of the Cramer Rao bound. This points
the searching in the direction of the source in a similar way to the flux measurements
shown in [130]. Most of the work done using source seeking is approximate or requires
heavy computational resources to calculate the analytical solution or numerically
simulate. Thus trying source seeking from a control perspective with model free
approach seems desirable.

In source seeking the plant information is generally unknown and the measured
output of the plant is noisy and sparse. Therefore, these systems are not explicitly
convex. Considering that the average system is convex, such as the Gaussian plume
model, but contains local extrema due to turbulence or some other perturbation. One
can possibly leverage convex optimizers such as the extremum seeking control (ESC)
to minimize some cost function J for the system.

In this case study we look at fractional dithering into the ESC framework by
introducing fractional Gaussian noise (fGn) and Symmetric alpha stable (SaS) as a
stochastic perturbation, organized as follows: section 2.6.2, overviews of ESC frame-
work; section 2.6.3, covers the definition of fractional Gaussian noise; section 2.6.4,
class of convex functions; section 2.6.5, goes over averaging principle and the non-
robust stability analysis; section 2.6.6, simulation; section 2.6.7, results and perfor-
mance; section 2.6.8 discusses conclusions and future work.

2.6.2 ESC Overview

The idea of ESC has been shown as early as [131] on electric railways. There are
many different types of ESC including; Analog optimizers, Numerical optimization,
Sliding mode control, and adaptive control ([132]). These variations can even include
state machines. In this paper we are focusing on a specific type of perturbation based
ESC called stochastic ESC (SESC). The ideas of SESC can be found in the works of
([133; 134]) and under constraints ([135]). Even under a discrete setting ([136]

The principle of ESC relies on the minimization of a cost function given some
dynamical system. The cost function takes the output of the plant as an input and its
output exploited using a perturbation strategy. This involves taking the fluctuations
of the cost function by way of high pass filter and multiplying the perturbed control
signal to it. This high pass filter can be thought of as a taking the derivative of
the signal as to explore the slope of the cost function. The multiplication then will
give rise to a mainly negative or mainly positive signal. Typically, a deterministic
sinusoidal signal is used as the perturbation (such as v = Asinwt in Fig. 2.27). Here
we do not explicitly use a cost function.

[135; 133] introduced stochastic probing signals into ESC (v = n, in Fig. 2.27)
due to the bounded nature of the sine function and the possibility to restrict the
algorithms region of attraction. The nature of the sinusoidal perturbations require
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the mean to be zero and variance to be positive. Using Gaussian white noise this
is preserved. Additionally the stochastic ESC can be bounded as v = Asinn in
Fig. 2.27.
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Figure 2.27: Control diagram of ESC.

2.6.3 Dithering Noises

In digital audio, dithering refers to the low level noise added to reduce errors during
changing of bit depth. The word dither means “nervous vibration* and can be used to
improve reduced images as well. In the context of ESC the stochastic perturbations
can be seen as a type of dithering. However, not all noise is the same and thus we
introduce fractional dithering to improve performance.

Fractional Gaussian Noise

Fractional Gaussian Noise (fGn) can be derived in a similar manner as Gaussian Noise
(Gn). By taking the difference between successive steps in Brownian motion (Bm)
one can arrive at Gn. The Riemann-Liouville fractional integral can be used to define
fractional Brownian motion (fBm) and is given below,

1

PO = v 1)

¢
/ (t — )74 B(s).
0

Here the term dB(s) is the general definition of white noise, the term H is the
Hurst parameter and I'(-) is the usual gamma function. We can see that depending
on Hurst parameter the motion can be,



Chapter 2. Collective Motion and the Science of Search 50

« Brownian motion with H = 1/2
« Positively correlated H > 1/2

« Negatively correlated H < 1/2.

For H > 0.5 the process exhibits long-range dependence such that,
> E[By(1)(Bu(n+1) — Bu(n))] = oco.
n=1

We can denote the fGn based on Hurst parameter as, fGng(k) = By(k + 1) —
Bp (k) where k here is used as a discrete time step and not the gain used in the
control diagram. In our case we use low pass filtered white noise with high cutoff
ratio initially. This process is sometimes referred to as an Ornstein-Uhlenbeck (OU)
process. Replacing white noise with fGn creates a fractional OU process with new
tuning parameter H. To calculate or compute the fractional integral one can use
the Gaussian quadrature, Cholesky decomposition method, or circulant embedding
by [137]. Observation of fGn by itself may be difficult to abstract the correlations in-
between time steps. These characteristics can be quite easily seen by looking at fBm
(see Fig. 2.28). The probability density function (PDF) in Fig. 2.29 shows the that
the step lengths still obey a Gaussian distribution. However, by examining the power
spectrum density (PSD) we can observe the persistent behavior of {Gn at values of
H >=0.5. If H < 0.5 the slope of the PSD line will become positive, indicating that
there is much more high frequency behavior (anti-persistent).

Symmetric a-Stable Noise

Alpha stable noise can be written in terms of four key parameters «, 3, v, and b which
can change the distribution uniquely. « is called the characteristic exponent and
measures the "thickness” of the tails in the distribution. 3, is a symmetry parameter
that can skew the distribution to the left or right, here we let 5 = 0 which results in
a symmetric a-stable or SasS. v is the scale parameter, also called dispersion, and is
similar to the variance in the normal Gaussian case when o = 2. The last parameter
is b and is referred to as the location parameter. It is the mean when 1 < a < 2 and
the median when 0 < o < 1.
The standard SasS density function is given below where o > 0.

£.(2) 7?11 >y (71]3,16711"(()4% + 1)|z|~** sin ]“"T”, a<1
al\T y
Loy CIEp(2tL)2% 1< <2

The mean is defined and zero for 1 < o < 2 and variance is oo for o < 2. Fractional
lower order moments (FLOM) can be used to further analyze SaS for o > 1. The

p-th order moment of SaS must be less than « otherwise the moment is co. See
[138; 139], for more details.
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Figure 2.28: Plot of fBm showing (left axis) neutral H = 0.5, and anti-persistent
behavior H = 0.1 and (right axis) persistent behavior H = 0.9.
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Figure 2.29: Step length distribution for different values of H.



Chapter 2. Collective Motion and the Science of Search 52

Power Spectrum Density of fGn
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Figure 2.30: The PSD shows the behavior in fGn for H > 0.5 which S,.(w)
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The PDF of SasS is given in Fig. 2.31. The heavy tail behavior can be observed
as they decay at a much slower rate than the traditional normal distribution as «
decreases.

2.6.4 Non-smooth Convex Functions

Consider a class of convex functions that can be noisy, contain local minimums and
maximums, and is separable into an average function f and deviation function f.

f(f’ u) = f(f, U) + f/(fv u)

The function f(&,u)) can be given in the time interval T such that it is convex V&' € €.
The expectation of f'(Z,u) is zero and the standard deviation is given as oz for some
time interval T'. The standard deviation o in this class of functions represents the
amplitude of noise or turbulence in the function.

2.6.5 Stability Analysis

Using the averaging principle, as illustrated nicely in [133], the error dynamics of the
averaged system can be shown to be exponential stable in the Lyapunov sense.
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Figure 2.31: The long range dependence can be seen in the heavy tails of the proba-
bility distribution function of SaS for various «.

Averaging principle
Given a system with a small positive parameter € and a function f(z,u) that is
T-periodic in t.
dZ;
dt
We make the change of variables Xj = Zj, such that,

— f(Z(t+T),6) = ef(2(1).&), Zi=u.

dX¢
dt

Considering that the system is bounded, continuous and satisfies global Lipschitz
condition the average dynamics can be written as

:f(Xt67£t/e)a XSZ'T"

dX¢
dt

given, & is periodic or the sum of periodic functions. Then by using the Gronwall-
Bellman Lemma ([140] ) the error dynamics can be written as,

:f(Xt)v X():JT,

_ t _
Xp = Xl < K [ X = Xilds + C(e)
0
sup | X — Xy < C(e)ekT

0<t<T

C(e) = sup
0<t<T

/Ot[f(X;gs/E) - f(Xs)]ds :
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It can be shown that C'(e) — 0 as € — 0. Thus the averaged system will converge to
the original system.

Extension from Gaussian Stability

To show the stability of the stochastic ESC with Gaussian noise, we consider a control
law u = g(x,0) and smooth function = = [(0) s.t. f(x,u) = f(#). Defining parameter
0 as, .

0(t) = an(t) +0(t)

Here 7(t) is the stochastic unbounded noise that is added according to the transfer
function where h is the high frequency cutoff.

n(t) = Y (G,

es+h

We can define the error of parameter 6 as,

O(t) = 6" — (1),

where the (t) is the estimate of the parameter 6. Thus, the error dynamics then
become,

0(t) = —0(t) = kn(H) F(0(2)).

We now need to find the function f(€) which can be approximated by using the Taylor
series expansion around 6*.

£(6) = flan +6)
S O+ 7O an — 0) + 5 (6% an — )

Given that 6* is a minimum to f(6) then f((#*) = 0. Using this finding and
expanding the terms in the previous equation we can substitute back into the equation
for the error dynamics.

00) = k() £0°) + 3£ 0 a7 — 200 + 7))

By regrouping the terms of 7(¢) we can then take the expectation and average the
system. The error dynamics can then be broken into three terms: first moment,
second moment, and third moment.

0t) = K[(O17(0%) + 3720 - P 0as 2095 ()

+1°(t) = fP(0)

i E00(0)] = 0. Jim Bla0)] = L. i B0 = 0

t—o0 t—o00
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We can then define the Lyapunov function V' = %0~2 where,

kaq?

V=600~ — 5

26962 (2.32)

Thus in order for the error dynamics to be exponentially stable in the averaged
system we need f(x,u) to be convex around the equilibrium point, £ (6*) > 0. We
also need the quantity, ka > 0.

Since the fGn has zero mean and variance tends to infinity as H € (0.5, 1), we can
substitute it into n such that edng = —nydt + \/eqdBy. Consider that for values of
H > 0.5 the result in (2.32) still holds.

For SasS, the first moment is zero for 1 < a < 2 and undefined for 0 < o < 1.
Here we assume that it is zero. The third moment is undefined due to the second
moment being co. FLOM can be used to characterize SaeS but would not be directly
applicable to the above analysis. Consider that by truncating the heavy tail of a SaS
and normalizing the sample variance we can achieve a computational variance < oo.

2.6.6 Simulation

When given a function map to optimize a minimum or maximum we want the SESC
algorithm to be robust to the event where we may get stuck in a local minimum or the
map is not sufficiently smooth (i.e. in source seeking problems). Here we explore the
use of a static map. However, a dynamic map can be used given the dynamics change
very slowly, otherwise, it will invoke internal model principle. Using the Rastrigin
function as the function map,

f(Z) = An + En:[xf — Acos(2mz;)]

i+1

gives direct knowledge of the well width, €, and amplitude, A. In the source seeking
framework this can be thought of as the spatial distribution snapshot of a fluid subject
to turbulence. We then initialize 6(¢t = 0) = 6y = —3 such that we have multiple
extremums before the algorithm can reach the global extremum at § = 0 (see Fig.
2.32). To understand the characteristics for each type of noise under these conditions
we ran 1000 trials per configuration choice of H and «. The values of H and « range
from 0.1 < H <09 and 0.5 < a < 2.

Parameter Selection

In order to compare the different noises in both the bounded and unbounded case we
needed a metric. Using the root mean square (RMS) of a sinusoidal signal (Agys =
A/+/2) we can scale the amplitude to be proportional to well width, e.

aAsino,/ V2 >/2¢, Stochastic Bounded
aan/\/§ > 2e, Stochastic Unbounded.
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Figure 2.32: Rastrigin function.

Here the term o, represents the scaled standard deviation of the generated noise Y

to satisfy the above inequality, such that Y = X0, /ox where X is either fGn or SasS.

Due to the periodic behavior of the sine function we chose to have the o, for the

bounded case to be m/2 to maximize the output to be A[—1,1]. If the o, is chosen

too big we see harmonics show up in the results as H or « is changed. Alternatively,

if o, is chosen too small the output is too small to jump outside of the well width.
The value of k£ depends proportionally to the inverse of the slope of the function.

1 1

ko —————=—, for i=12.n
maxxieg|a—0i| m

Here we chose k = k;,,/m with k,, = 20. The value of a can be used to scale the
perturbation on the filtered output and 6. Here we choose it to be 1 for simplicity.
However, results can be further improved by tuning a.

The filter parameter ¢ is chosen to be 0.25, where for small € the lim;_,, E[n?] =
q?/2. The gain of the filter becomes y/eq/h and the cutoff frequency is h/27e. For sim-
plicity we choose h =5 and ¢ = 1 for all configurations leaving the noise parameters
to be optimized.

Performance Metrics

The time convergence t* is given as,

*—mint, st. |0*—0] < tol.
=T
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The stopping criteria tolerance is chosen to be 5% of . Selection of a small toler-
ance can mean no convergence. The rigorous proof of [141] in Theorem 5.1 says
that their exist a ball of initial conditions and under the assumption that f(#)
is smooth, § = f(6) is locally exponentially stable for # € Q and fM(6*) = 0
and f@®(6*) < 0 that solution exponentially converges to a neighborhood of order
O(A + w + small positive constant). Since our A is tuned based on well width ¢ it
seems appropriate to set the tolerance relative to the system not the perturbation.
The é-neighborhood is defined as the standard deviation of the estimate of 6,

The reported value of 6 estimate is given as,
.1 N
0=—> 0, for i=1,23..N,
N =

where 6; is the value of f,_r and T is the length of the simulation. Here we choose
T = 100 seconds with time step At = 0.01.

2.6.7 Results

From the performance plots of the SESC with appropriate choices of A and k (see
Figs. 2.33-2.38), suggests that the type of noise matters. We can observe that the
performance of a decreases around a = 1.5 before approaching a similar performance
for the o = 2 case. Intuitively it seems that this should not be the case. However,
when scaling the SaS noise the signal is comprised mainly of low frequency parts with
the occasional long jump. Due to the low pass filter the high frequency jumps get
attenuated. The result is a more narrow frequency band of jump sizes and because
the amplitude of the perturbations affect the SESC performance for jumping from
one well to another it makes sense t* is reduced. For fGn, the anti-persistent behavior
results tends to prohibit the well jumps to happen. For H < 0.4 and H > 0.8 the
global convergence is not met (Figs 2.35 and 2.38). For larger values of H (persis-
tent behavior) it can be seen in Figs. 2.34 and 2.37 that the d-neighborhood grows
exponentially. A more optimal selection of noise can be found by minimizing a cost
function based on the performance metrics mentioned earlier for H € (0.1,0.9) and
a € (0.5,2),
minJ st. J=t"4+0/A+0

The optimal value for bounded/unbounded cases of fGn is found to be around H =
0.63 in this case. For SaS, the optimal values for bounded/unbounded cases is a =
2,0.5, which for &« = 2 — Gn. The result for fGn is surprising in that some LRD
can improve the convergence behavior. While the result from SaS is not surprising
given the effect of filtering. All of the heavy tail behavior is lost due to the type of
filter. Also the increase in performance when « approaches 0.5 results in more impulse
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Figure 2.33: The temporal convergence to the global minimum from the initial con-
dition 6y, denoted t*, is shown as a function of fGn and SaS dithering.

behavior. This in turn increases the frequency and in the PESC as w increases, so
does the convergence speed. However, some systems may have bandwidth limitations.
This makes the persistent behavior of fGn more desirable.

2.6.8 Conclusion

In this case study we examine SESC with fractional dithering noises from SaS and
fGn for a class of smooth convex functions. The stability depends on f®(6*) > 0,
ka > 0 and the second moment of 1 (i.e. choice of H or a). We found that:

o when parameter selection is based on the well width and the inverse of the
maximum gradient of f(#). The SESC will converge to the global extremum
more consistently.

« the presence of fractional noise can improve convergence in the presence of local
extrema.

o A more optimal SESC can be achieved with H = 0.63, in this example.

Future work will reconsider SaS and fGn under fractional order filtering and explore
tempered Lévy distributions ([44]) as well as examine non-static functions.
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Figure 2.34: The spatial deviation 0 around the converged 6 is shown as a function
of f{Gn and SaS dithering.
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Figure 2.35: The final converged 6 is shown as function of fGn nd SaS dithering.
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Figure 2.36: The temporal convergence to the global minimum from the initial con-
dition 6y, denoted t*, is shown as a function of f{Gn and SasS dithering.
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Figure 2.37: The spatial deviation § around the converged 6 is shown as a function
of fGn and SaS dithering.
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Figure 2.38: The final converged 6 is shown as function of fGn nd SaS dithering.

2.7 Chapter Summary

In this chapter we explored several case studies related to random search, collective
foraging, source seeking, and model-free optimization. It was shown that higher
searching efficiency can be obtained when smaller values of p and p are chosen. For
collective foraging we seen that the agent based modeling of a loosely coupled system
provides benefits and adaptive foraging behavior. In source seeking, we show that
fractional order gradients can provide a slight performance increase over that of the
original fluxotaxis algorithm. Lastly, for model-free optimzation, we have seen that
throught the use of fractional dithering (e.g. fractional Gaussian noise) a more optimal
extremum seeking control algorithm can be executed.

For the fractional order fluxotaxis algorithm, future work would benefit from a
simulation benchmark. In the literature, many papers present searching efficiency but
differ in simulation setup and design. Therefore, it would be beneficial for comparing
source seeking strategies by developing a simulation benchmark with fixed scenarios,
starting locations, and plume data.



Chapter 3

Leak Detection and Quantification
with sUAS

In this chapter, leak detection and quantification with small unmanned aircraft sys-
tems (sUAS) are explored. In the previous chapter, random search, source seeking
and model-free optimization were utilized to detect and find the source location ex-
plicitly. In practice, a mobile robot can be deployed to carry out such tasks. For
practical applications, sSUAS are often looked to for carrying out remote sensing tech-
niques. This may be due to their relatively low cost, maneuverability, flexibility, and
frequency at which they can be deployed. However, depending on the sensing appara-
tus and its working principle, the sensor will likely need to be integrated on the sUAS
to avoid measurement impact from equipment directly or from the environment (e.g.
airflow surrounding the propeller intake and exhaust). This is especially the case for
making on-board wind measurements, which is important for emission quantification
precision and accuracy. The chapter is organized as follows: Section 3.1 discusses the
required sensors and platforms for LDAQ; Section 3.2 will overview quantification
methods with and without sUAS; Section 3.3 provides an analysis of quantification
methods based on measurement modalities; Section 3.4 will overview detection and
localization experiments with SUAS; Section 3.5 will showcase controlled release field
test experiments; Section 3.6 will showcase real world field test experiments; and
Section 3.7 will conclude and discuss future directions.

3.1 Sensors and Platforms

There are many types of sensors that can be used on-board sUAS, granted they are
light enough for a given platform’s payload capacity. In this section, we overview a
few key sensors used and refer interested readers to a thorough review paper for more
on chemical sensing drones [142]. Sensors used in many of the works reviewed here
are briefly overviewed.

There are generally two types of sensing modalities, passive and active. Pas-
sive sensing encompasses any sensor that receives information from the environment.

62
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A common example of this includes optical cameras, such as visual spectrum cameras
(e.g., RGB), thermal cameras (e.g., thermal infrared (TIR) [143; 144], near infrared
(NIR), short-wave infrared (SWIR), mid-wave infrared (MWIR), and long-wave in-
frared (LWIR)).

TIR cameras tend to span a larger bandwidth of wavelengths, whereas hyper-
spectral cameras can control which wavelengths to focus on. For example, in [145],
Telops (Quebec, Canada) used a standoff tripod mounted hyperspectral camera to
estimate the flow rate by integrating the mass per unit area and multiplying by the
mean velocity of the gas. They utilized a two layer model to calculate the background
radiance,

Ltot - [Lbk:nglume + Lplume(]- - Tplume)]Tatm + Latm(l - Tatm)- (3].)

When the hyperspectral camera was optimized for methane detection (as in [146],
7.7 pm band), two controlled release tests showed flow rates calculated (measured)
were found to be 25.3 +2.8 g/h (23 + 2.3 g/h) and 102.9 £ 5.8 g/h (100 £+ 10 g/h).
The authors claimed that the approach is 40 to 100 times more sensitive and can
potentially be mounted to an aerial platform, remotely sensing from several hundred
meters, deeming it suitable for both natural and anthropogenic sources. Active sens-
ing encompasses any sensor that actively transmits information into the environment,
probing a response.

An example of active sensing includes tunable diode laser absorption spectroscopy
(TDLAS), which can come in several forms. The working principle relies on the
gas species entering the sensor region or laser path, such that some of the power is
absorbed by the gas, and a power drop is detected. One form of TDLAS is the closed
path TDLAS (e.g., sensing region enclosed in controlled environment), where the
emitter and detector are apart of the same device at a fixed distance apart, optimized
for a desired detection species.

Other variations of the TDLAS include: the open path TDLAS (e.g., sensing
region is open to the environment (see the open path laser spectrometer (OPLS)
[9])), the backscatter TDLAS (bs-TDLAS) where the laser is reflected off the natural
environment before being received at the detector, and long path TDLAS (e.g., used
with retro-reflectors not connected to the physical instrument). Several examples of
bs-TDLAS include: LiDAR based (Continuous wave laser absorption LiDAR, Pulsed
Differential Absorption LIiDAR (DIAL)), Pergam Laser Methane Mini [147], RMLD,
Gasfinder2 [148], and Gasfinder3 [149]) [150].

Other more sensitive laser based instruments are also used in practice, such as
cavity ring-down spectroscopy (CRDS) and off-axis integrated cavity output spec-
troscopy (ICOS). An example of these types of instruments can be seen from the
Los Gatos Research Inc. (LGR) micro greenhouse gas analyzer (MGGA) (also re-
ferred to in the literature as the ultra-portable greenhouse gas analyzer (UGGA))
or the Picarro G2301 and G4302. These instruments are typically the gold stan-
dard for sensing gas, albeit they are also typically the most heavy as well. Other
sensors used consist of non-dispersive infrared (NDIR), ceramic metal oxide sensors
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(CMOS) [151; 152; 153; 154], photo-ionization detectors (PID, such as the Honeywell
MiniRAE® 3000) and electro-chemical sensors (review of applications [155].

A recent survey paper in [156] outlined new electronic nose technologies and ap-
plications. As the need for low cost sensing solutions increases and becomes com-
mercially available, we are faced with evaluating the accuracy and characteristics of
these sensors for practical use, such as in the work by [157] where low cost com-
mercially available sensors were evaluated for precision and accuracy in a gas mixing
chamber, providing promise for applications in continuous monitoring applications.
Once these sensors can be evaluated and integrated on a platform with suitable sensor
characteristics, they can be applied in practice.

For example, in [154], they demonstrated a proof of concept using a chemical
multi-sensor payload for gas monitoring based on the DJI S900 platform. Or in [158],
a semiconductor type sensor (Testo Gas Detector, Testo SE & Co. KGaA, Titisee-
Neustadt, Germany) was used on a DJI M600 to analyze the spatial distribution of
methane at a landfill, as well as compared different spatial interpolation techniques.
This required calibration and consideration of the vehicle’s critical velocity.

For sUAS, lightweight and accurate wind sensors are needed to provide in situ
measurements that can be used in the quantification methodology. Some examples of
lightweight sensors can range from five hole probes (or multi-hole probes) to ultrasonic
anemometers that utilize time of flight (e.g., Anemoment (Longmont, CO, USA)
Trisonica used in [159] or the Gill (Lymington, Hampshire, UK) WindMaster used on
the OPTOKopter [2]) and resonance based (FT Technologies FT742 and FT205 used
in [160]) to more custom micro electrical mechanical systems (MEMS)-based solutions
(such as in [161]). These wind sensors can also be applied to general wind profiling and
mapping applications. For example, in [162], they used in situ wind measurements on
sUAS for understanding the atmospheric boundary layer by developing wind profiling
measurements using wind-induced perturbations. Mapping wind distributions over
complex terrain was explored in [163], where they utilized a Gill WindMaster 3D
ultrasonic anemometer mounted on a octocopter (called the WindLocater).

Wind and temperature profiling from fires were explored in [164] based on wind
measurements using the Trisonica. Vertical velocity measurements of aerosol cloud
interactions were compared with ground-based radar in [165]. If payload limitations
prevent integration of an on-board wind sensor, wind estimation techniques can also
be explored, such as in [166; 167]. For a more thorough understanding of different
sensors and estimation techniques, we refer the reader to [168].

The choice of a platform and ancillary equipment depends directly on the choice
payload system (e.g., the collection of on-board sensors) that needs to be integrated
onto the sUAS. For LDAQ), this typically includes lightweight methane and wind
sensors. Due to sUAS payload capacity limitations, this often leads to integration
problems as the weight of methane sensors can vary greatly depending on the de-
sired sensitivity and response time (e.g., from a couple hundred grams to a couple
kilograms). Lightweight and low cost methane sensors (such as CMOS) are slower in
response and are less sensitive. For high accuracy and fast response sensors, which
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typically weigh more, this ultimately affects the selection process of sSUAS, requiring
bigger and more costly platforms to maintain safe stability and control.

For this reason, ground-based wind sensors are often used (placed adjacent to
operating area) with smaller sUAS platforms gathering the in situ methane measure-
ments. The data from these two systems are collected by a local data acquisition
system for live observation and post-processing. This kind of configuration, implic-
itly assumes that the average wind, or mean wind field, represents the overall sensing
region quite well. This is usually only the case in rural areas, where there are little to
no obstructions (i.e., trees, hills, buildings, infrastructure, etc.). Most of the scenarios
faced in practice, however, deal with obstructions and require on-board, or in situ,
wind measurements.

This decision requires platform specific knowledge (e.g., hardware setup, autopi-
lot, co-pilot software, etc.) as well as desired payload knowledge, which will vary
depending on the desired application, sensitivity, measurement mode, and so on.
For these reasons, and since this manuscript’s focus is on detection and quantifica-
tion methodologies, we omit these details in this manuscript, and suggest that the
interested reader see [169] for a guide on sUAS platform selection.

Payload integration strategies for methane sensors include several configurations,
such as the boom-mounted, bottom-mounted, or top-mounted (see Figure 3.1). Boom-
mounted approaches typically consist of TDLAS based sensors, which are subject to
disturbances in the measurement from downwash of the propellers. This is avoided
by placing the sensor out front of the aircraft along a boom and sampling when the
effective wind speed over the sensor is greater than 2 m/s [170].

Boom-mounted Top-mounted Bottom-mounted

_— UA
i —
m O% f/’J

TDLAS /
Streamlines Propeller wash

(@) (b)

Figure 3.1: Payload configuration examples of (a) boom-mounted TDLAS (e.g. see [1]
with an OPLS), (b) top-mounted anemometer showcasing the effect of propellers on
the streamlines (e.g. see [2] in wind tunnel tests), and (c) bottom-mounted bs-TDLAS
or OGI (e.g. see [3] with a RMLD).

Bottom-mounted approaches are typically used with bs-TDLAS or OGI. The sen-
sor is mounted on a gimbal system or sometimes hard mounted to the aircraft frame
(see [142] for more details). On the contrary, top-mounted wind sensors can provide
high accuracy if translational and induced wind velocities can be removed [2].
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3.2 Leak Quantification Methods

SAT LIDAR
\\ ; ! Cloud Cover

gy £ 4
maging
E‘ T — ]
L CNCNY A2 In situ Radial Plume
—) /3 Y= Mapping
I 3 Backscatter - .
o g i
M g’ j\ N
' . o
Cl [ | i |/ Tracer
’ % \/ U
— p— f Point = | Correlation
covariance Fetch =3 |
DIAL e

Figure 3.2: Leak detection and quantification methods and modalities.

In this section, we overview the conventional and sUAS-based advanced leak detection
and quantification (LDAQ) methodology. The LDAQ methods utilize several concepts
and approaches within numerics, control, and optimization as well as approaches
based on different available sensing modalities (see Fig. 3.2 for effective length-scales).
In this manuscript, we divided these approaches into five general categories, namely:
Simulation-based (Section 3.2.1), Optimization-based (Section 3.2.2), Mass-Balance-
based (Section 3.2.3), Imaging-based (Section 3.2.4), and Correlation-based (Section
3.2.5).

In the Simulation-based approaches, the methods depend heavily on simulation
and computational tools for solving dynamic partial differential equations, which are
used to determine the source rate estimation. Sometimes other source parameters are
also estimated in the process and this is typically referred to as source term estimation
(STE) or the source determination problem (SDP). Two methods that show up in
the literature are backwards Lagrangian stochastic (bLS) and mesoscale recursive
Bayesian least squares inverse (RB-LSI).

The optimization-based methods showcased in this manuscript depend on some
form of a parameterized system model, which undergoes a model fitting or recursive
optimization (statistical or information based). Many of these methods include several
variations of the point source Gaussian (PSG) solution of the classical Gaussian plume
model. This is seen in the PSG approach based on the EPA’s other test method
(OTM) 33A, where the data is gathered from a single sensor downwind and undergoes
model fit of the peak concentration measured.
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Next is the conditionally sampled PSG (PSG-CS) approach that utilizes meteo-
rological data in the model fitting process using conditionally sampled concentration
data based on the incremental changes in wind direction. Another variation to this
is the recursive Bayesian PSG (PSG-RB) that utilizes a moving sensor and meteo-
rological data to condition the models likelihood function and prior for updating the
posterior distribution that is used to quantify the source estimate. This approach
also considers past knowledge about equipment characteristics if this is known.

A different approach to the Bayesian way of thinking is to solve for the parameters
of the model conditioned on the observations. This approach also utilizes a particle
filter and Markov Chain Monte Carlo (MCMC) to update the posterior and is re-
ferred to as the PSG sequential Bayesian MCMC (PSG-SBM). The last optimization
approach mentioned in this manuscript is the Near-Field Gaussian Plume Inversion
(NGI) and the modified NGI approach.

The NGI utilizes fitting the Gaussian plume model based on sampling of a per-
pendicular plane downwind of the source. The vertical and horizontal dispersion
relations are used to find the center of the plume within the perpendicular plane and
minimize, by least square fit, the difference between the modeled concentration and
the observed concentration (integrated over the lateral dispersion direction).

The next category is the Mass-Balance-based approaches, which includes meth-
ods that utilize equations based on mass conservation and continuity. The simplest
approach is the vertical flux plane (VFP), which takes a control volume approach to
estimating the emission rate by measuring the flux entering and leaving the control
volume. Traditionally, the plume is sampled using a raster scanning approach in a
perpendicular plane upwind and downwind of the source. The sparse set of observa-
tions within the plane undergo a spatial interpolation process and are combined with
the wind to estimate the source rate.

A direct variation to this approach is the cylindrical flux plane (CFP), which
the sensing system measures concentrations on successive loops around the source at
different altitudes. The flux going into and out of this cylindrical plane is used to
estimate the flux. Using different sensing modalities (such as imaging or backscatter-
based sensors), a path integrated vertical flux plane (PI-VFP) method can be formu-
lated. Both aircraft and sUAS-based approaches to PI-VFP have been implemented,
which rely on horizontal scanning of the area of interest.

For sUAS-based PI-VFP, concentric circles are flown to confirm that sources are
contained inside the path before estimating the source rate. A flux plane approach has
also been explored using a series of TDLAS-based laser fetches at different altitudes
and utilizes the time-average of the line-integral of the instantaneous product of the
wind speed and concentration. This is advantageous to other VFP approaches as it
provides very good performance and does not take time to scan the plane. However,
it is in ways impractical as it requires setup of the laser fetches and knowledge of the
source geometry.

The next method is the Gauss divergence theorem (GDT) approach. It utilizes the
CFP approach with mass flux continuity as well as the expected time rate of change
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of the mass within the control volume to estimate the source rate. Another VFP
approach was included in this review that uses Gaussian plume model optimization
with a general linear model (GLM) to help determine the contributions of multiple
sources. This approach is referred to as the VEP-GLM.

The last Mass-Balance-based approach is vertical radial plume mapping (VRPM).
The VRPM approach uses a ground based laser with retro-reflectors at different
altitudes downwind of the source. The path integrated concentrations are measured
at different radial angles and used to estimate the flux.

The next category is the Imaging-based approaches that utilize MWIR, hyperspec-
tral cameras, and absorption spectroscopy (such as iterative maximum a posteriori
differential optical absorption spectroscopy (IMAP-DOAS)).

The last category covered in this manuscript is the correlation-based approaches,
which includes the traditional Eddy covariance (EC) method (in brief) and the tracer
correlation method (TCM). The TCM has also been referred to in the literature as
the tracer dispersion method (TDM) and atmospheric tracer method (ATM).

3.2.1 Simulation-Based

Forward Modeling

Forward modeling is typically used for projecting or forecasting dispersion. For-
ward modeling is not directly used in emission quantification by itself, but rather
paired with feedback in the optimization sense. This can include numerically solv-
ing a governing set of equations, such as the advection diffusion equation (ADE) or
applying a parameterized general model (such as the Gaussian plume). It is also
common in practice to utilize existing numerical models, such as the WindTrax 2.0,
WRF model, FLEXible PARTicle-Weather Research and Forecasting (FLEXPART-
WRF), SCIPUFF, QUIC, and others that can be Lagrangian-base, include turbulence
e.g., Large eddie simulation (LES), and Reynolds averaged Navier Stokes (RANS).
Interested readers can check the review paper from [171] on dispersion models.
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Figure 3.3: A diagram depicting the bLS approach (e.g. see [4]).

The accepted backward modeling approach used in the draft OTM- 33A document [5]
and in several applications (e.g., Dairy Farm [172], etc.) is the backwards Lagrangian
stochastic (bLS) approach by [4]. The bLS approach aims to answer the general
questions: What is the proper form of the LS trajectory model? As well as, how
can source estimates be extracted from the particle’s backward LS trajectory? The
forward model, formulated as a generalized Langevin equation, is evolved jointly as
a Markov process,

dui = (J,Z'(X, u, t)dt + b@j (X, u, t)dgj, d.fz = Uzdt, (32)

where the particle position is given by x = (z1, z2, z3), and d§; is a random increment
governed by a Gaussian process. The functions a; and b; ; have to be specified such
that the velocity probability density function, g,(x,u,t), satisfies the Fokker—Planck
equation (FPE) [4],

09, 0 0

ot - 81,1 (ui,ga) - aiui[ai()g u, t)ga] +

0
%[Bi’j(x’u’t)ga]' (3.3)
This method provides a source estimation for an area source given the source
location (with unknown source rate), assuming horizontally uniform surface source,
and that the atmosphere is in horizontal equilibrium (see Fig. 3.3). To make an
emission estimate using bLS, the method utilizes the dispersion model relation,

Yy _
=

where U is the wind speed, y is the measured concentrations, () is the source rate, L
is the Monin—Obukhov length, h is the depth of the mixing layer, GG describes the set

n = f(Xm,Xo, L, h, G), (3.4)
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of parameters characterizing the plume, and x3,, represents the measurement height.
As the particles from the back trajectories touchdown in the source area, the vertical
velocities, wy are logged and used to estimate n,

Y(@sm)U(@sm) _

G O s @9

n(xgm) =

Once n is known, an estimate of the source rate can be determined using the

measured concentration and wind speed, @ = n/(yU). In this approach, due to the

time-averaged ensemble, the accuracy improves over time (nominal averaging period
of 15 min [4]). An alternate expression for the emission estimate is given as

Y—"Y
QoLs = 7~ (3.6)
where y, is the background concentration and (y/Q)sim is calculated using
1 2
0/ Qe = 5 || 37

This Monin—-Obukhov similarity theory (MOST)-based bLS emission estimation
methodology was validated against the mass balance approach (given the along-wind
distance of the source d),

Qm = Cll/ooo y(x3)U(x3)drs, (3.8)

and field tested in [148; 173; 174]. A lagoon environmental leak was simulated and
explored with the bLLS approach by constructing a large 45 m by 45 m emission source
on a pond. The accuracy was shown to be lower during the summer period due to
more frequent unstable atmospheric conditions [175].

Mesoscale Recursive Bayesian Least Squares Inverse (RB-LSI)

Utilizing the NOAA P-3 aircraft and a wavelength-scanned CRDS, [176] used a
mesoscale bayesian least squares approach to solve the inverse problem of estimating
emissions. They use the FLEXPART-WRF to model the forward problem, which was
compared to physical observations and minimized on an iterative cost function that
assumes lognormal distributions,

7 = 5 (yo) ~ 0 (Ha))" (1n (yo) — In ()
' (3.9)
—|—§a(ln () —In (:L’b))T(ln (x) — In(zp)),

where the observed concentration enhancements are given as g, posterior solutions
are r, FLEXPART-WRF outputs are H, prior fluxes are xy, error covariance matrix
from observations are R, and error covariance matrix from prior fluxes are B in the
lognormal space.
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3.2.2 Optimization-Based

In this section, we discuss the emission quantification techniques that utilize some
form of optimization in the methodology that fits a model.
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Figure 3.4: (a) Depiction of Gaussian plume dispersion with an observer making a
stationary measurement downwind. (b) Resulting time-integrated data with a Gaus-
sian fit applied [5].

In [5], the point source Gaussian (PSG) is discussed. The measurement involves a
vehicle with a concentration measurement instrument (CMI) to park downwind of
the known source with the vehicle off. The CMI (such as Picarro or LGR UGGA)
collects data at roughly 2.5 m above ground at a known distance from the source.
The variations in the wind direction are measured using a sonic anemometer (e.g.,
R.M. Young). The PSG calculations are based off of enhanced emission levels and can
be calculated as the fifth percentile of the concentration time series signal. The PSG
estimate then becomes a simple 2-D Gaussian integration with no reflection term.
The source estimate is given as,

QE - 27"—0-1720-13Umyp7 (310)

where y, is the peak concentration from the Gaussian fit, U, is the mean wind speed,
0., and o,, are the vertical and lateral plume dispersion that can be determined
from the meteorological conditions, such as the Pasquill-Gifford stability classification
curves [177] (see Fig. 3.4). The accuracy of the OTM33A method is explored in [178;
179].

Conditionally Sampled PSG (PSG-CS)

To capture the ensemble mean of the downwind plume behavior, a dispersion model
is used in [6], where we denote x = |11, 2o, 237 is the downwind distance, crosswind
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distance (xo = 0 is the plume center) and vertical position, respectfully. The model is
a function of downwind distance and dispersion factors D,,(x1,z2) and D,,(x1, z3),
given as,

Ym(X) = gDm2(l’1,l‘2)D$3(fL‘1,$3). (3.11)

This method essentially aims to determine the source rate, (), using the condi-
tional mean concentration data, ¥,,, of the downwind plume. The lateral dispersion
downwind of a continuous point source can be shown to have a Gaussian distribution
such that it can be represented as,

1 1 Ty 2

Dy, (21, 72) = W[—i(z )]- (3.12)

However, the vertical dispersion (assuming vertical eddy diffusivity and wind speed
that scales vertically to a power law) can be formulated as a parameterized stretched
exponential (originally expressed in [180]),

A BZL’g

D9ﬂ3 = ng(l‘l,l’g) = x:3eXp [_( e

). (3.13)

The parameters T3, s, A, and B are functions of the atmospheric stability and
downwind distance, ;. A and B can be described using the usual Gamma function,
['() as,

A=sI(2/s)[(1/s))?, (3.14)
B =sI'(2/s)'(1/s). (3.15)
The conditional averaged concentration can be calculated using,

(ylo) = 711 Zn: y(0;), (3.16)

0,€0

where the set O(0) = {6, : |0 — 6;| < A0/2,Vi =1,2,....,n} and A = 2°. The basic
idea is to capture the plume geometry in the crosswind direction, which is further
used to derive the least squares source estimate,

Q- [y ZaPgia] /[ PPy (3.17)

As shown in [6], the lateral dispersion can be determined in two ways: classically,
using atmospheric stability (for constants a,, and p,,) [181],

Oy = gy ®3,1.9( Ly /3, )P2; (3.18)

and by reconstructing the lateral dispersion,
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1 N

where the N is the number of values in <y|d), and d are d values that are greater
than the minimum concentration (i.e., background) and +40° off the plume center
0,. The distance d is calculated as,

A

d(d) = L,sin (0 —6,), (3.20)
with 6, = arg maxy(y|6) (see Figure 3.5).
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Figure 3.5: (left) Polar plot with the wind direction, 6 as the radial axis, and the
conditionally averaged concentration, (y|6) as the distance from the center. 6, is the
peak wind direction located at the maximum conditionally averaged concentration.
(right) Hlustration of the wind direction geometry for conversion of 6 to crosswind
position d with the source plume represented by the dashed lines [6].

Recursive Bayesian Point Source Gaussian Method (PSG-RB)

In work from [182; 183], a moving sensor measured a point source concentration that
can be formulated as,

y(x) = gsz(xl,%)ng (21, 3). (3.21)

The source rate is given as @, the effective wind speed is U, and the lateral

and vertical dispersion is characterized by D,,(x1,22) and D,,(z1, x3), respectfully.

The equation is formulated such that the downwind distance, 1, is aligned with the

predominant wind direction. Since the measurement is taken at closer distances to
the source, the lateral dispersion is taken as a random function such that,

/OO Do, (21, w2)dars = 1. (3.22)

This can be advantageous for instantaneous plumes. The integrated lateral con-
centration can be written as,
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y"2 (1, 3) = gDm (21, 3). (3.23)

The choice of the vertical dispersion D,, (originally expressed in [180]) is that of
a parameterized stretched exponential function,

A Bz
Dyy = Dyy(w1,23) = = O [—(?;)5]7 (3.24)

where T3, s, A, and B are functions of atmospheric stability and downwind distance,
x1. The lateral dispersion is given as
1 )

e 57 (3.25)

Then, by numerically integrating (3.21) and incorporating the vehicle movement

v,

D,, =

> > AtV
= y(x;) AtV = QZ i D, (x1;,23,) Dy, (21, 2,). (3.26)
1=0 i

The recursive Bayesian approach described here is based on well pads and oil and
gas production, which are used to help inform the path planning of the mobile sensor.
For brevity, we will only cover the formulation of the quantification only. Starting
with the definition of the posterior distribution,

p(QIW)p(M|Q, A)
p(M|A) ’

where M is the concentration data, W is the ancillary information (e.g., well pad
characteristics), A is the meteorological conditions, p(Q|W) is the prior, p(M|Q, A) is
the likelihood, and p(M|A) is the evidence (which can be thought of as a normalization
constant for the likelihood [184]). The prior is given as

pQIW) = ;exp[ (1 +7Q5 S }(1 +7QB_“)_1_W, (3.28)

where the hyperparameters need to be fit to the application (for well-pad source,
v =1, u=10.19, 5 = 0.23 based on [185]). The likelihood function is chosen to be a
Gau851an,

p(QIM, W, A) = (3.27)

T2 _ ,x2,M
p(M1Q.4) = —s—exn | - 5 ()], (3:29)

where 2™ is the modeled concentration for a given source rate, and o, is the com-

bined model and measurement error (outlined in [186]). The recursive approach
involves replacing the prior with the previous posterior distribution found using the
likelihood function,
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p(Q|W)7 =1,

3.30
p(QIM, W, A);—q, > 1. ( )

p(QIW); = {
As the number of passes increases, the posterior distribution improves and can be
used to estimate the source rate,

A

Qmaz
Q= /Q " Qpl(@QIM, W A)dQ. (3.31)

Variations of this method were seen in [183], where the measurement noise was
assumed to be Gaussian and also included a UAV with sensor noise and utilized
the flux plane mass balance method to estimate the source rate, which was used in
the calculation of the posterior distribution. Further field tests of this method were
carried out in [187].

Point Source Gaussian Sequential Bayesian Markov Chain Monte Carlo
(PSG-SBM)

Utilizing the Gaussian plume model for the likelihood of a sequential Bayesian Markov
Chain Monte Carlo (MCMC) method, a UAV scans horizontally to update the esti-
mated posterior distribution in [188]. The parameters are given as ©; where O =
(xT Qs us, ¢s, (] T, the position is x,, source rate Q,, wind speed and direction u, and
¢, and the model diffusion coefficients ¢, = [(s1, (s2]7. The point source observations,
Yix = {v1, Y2, ..., yr } are used within Bayes rule to update the posterior,

© © .
POt |Y1gs1) = P(Yr+11Ok+1)P(Or1ly1s) ' (3.32)
PWr+1ly1r+1)

The likelihood model, M (xy, (x), in [188], based on observational data, 7, =
M(xy, (i) + Uy, was taken to be detection event, p(7,|Ok), if yr > Yins,

_ 1 (G — M, G))?
p<yk|@k’) - Uk\/%exp { 20_’% }a

and a non-detection event otherwise,

(3.33)

p(y,|Ok) = (%{1 +erf(yt:;;\;;b)b - (% {1 +erf(ythr - (Mbaj\//%/l(xm@)))])
(3.34)

The three terms in the non-detection event account for instrument noise, turbu-
lence, and observing concentrations above the threshold, where p, + pm + ps = 1,
and p, and o, are mean background noise and standard deviation, respectively. Us-
ing a particle filter, the posterior can be approximated by a set of n weighted random
samples {O}, wi'}),
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P(OkF1.x) ~ Zwk (O — Y, (3.35)
where ¢ is the Dirac delta function. The un-normalized weights are then updated using

o) = w - plypsa|OL)). (3.36)

Once the weights are determined they can be normalized by dividing by the sum-
mation of all the weights. Additionally, an effective sample size must be considered
to avoid the degeneracy problem. The new samples undergo a MCMC step that is ac-
cepted with the likelihood probability distribution described earlier (see more details
n [188]).

Near-Field Gaussian Plume Inversion (NGI)

The near-field Gaussian plume inversion (NGI) method [189; 190] is a mass continu-
ity model in principle, where the upwind and downwind concentration measurements,
combined with wind measurements, of an emission source are differenced to quantify
emission flux. The NGI method is typically sampled around 100 m from the source.
The sampling aims to capture the time-invariant behavior of the plume, which, un-
der turbulent conditions, may not map out the characteristic Gaussian plume shape.

This is because it is assumed that spatial variability in the time-averaged plume
is Gaussian. This method was initially carried out with a DJI S900 equipped with a
ultra portable greenhouse gas analyzer (UGGA) by Los Gatos Research Inc. (LGR).
The flux estimate is derived by fitting the experimentally measured flux values, g,
to the modeled flux values, ¢,,0 given as,

Gme = (y — yp)U(23)p, (3.37)

where the modeled flux is given by the Gaussian model,

Qe

270, (71) 04, (21

—($3 + h)2 ))
20 x3 (.CE 1 )2 ‘
(3.38)
The lateral and vertical dispersion relations are typically looked up in the PGT
stability tables, however, in this method, they are assumed to be linearly proportional
to downwind distance,

= oy (L) e

4mo = 200, (1) 20, (21)?

)exp(

Tuy = Ozy (1) /T1,  Tuy = 0y (21)/21. (3.39)

Trying to solve (3.38) is not always well constrained, and thus the method proposes
to separate (3.38) and fit the model along the z3-direction,

Tog L1V 2T

Gme,xzo = Qme —(za—h)2 P ACINNE
(xp () + exp )

(3.40)




Chapter 3. Leak Detection and Quantification with sUAS 77

The spatial variability in the zs-direction has to be sampled to determine 7,,.
The lateral spatial variability 7., and plume center xs. are determined simultaneously,

gy = i mesa2) (3.41)
¢ Zj(Qme,xz) ’
Z' Qme,m 3 % 2
Tay = lmes, () (3.42)

Zj (qme,xgj)

Once the unknowns, 7,,, 7.,, and xs. are determined, the source emission rate, Q,
can be estimated by minimizing the least square fit between ¢,,. and ¢,,,, parameter-
ized by . and 7,,. The uncertainty in () and the impact of limiting 7,, are given
in [189].

Modified NGI

To improve the optimization routine of the NGI method, the modified NGI (mod-
NGI) method looks at conditioning the parameter estimates by using the following
flux-based likelihood function, represented by,

P(QW) = sz(xlvmQ;UﬂfzvMx2)Dx3(x17x3;0-$3>M563)7 (343)

where 0 = [Q, flay, fay, Tuy, Ty’ and the dispersion functions are,

1 —(1'2 — Mz )2
D, (21,209,045, flp,) = —————€xp | —————2— |, 3.44
o i) = Lo (T (3.44)
(23— iz )? (x e )2

exp (2(053 (ng) ) + exp (2(03:(55’2) >
Dy (11,23, 005, flzy) = . 3.45
3( 1 3 3 ILL 3) \/%0_1‘3(1_1) ( )

When the source rate is multiplied we have the modelled flux equation,
Gmo = M<X7 9) = QD$2 (l’l, L2;5 Oz, sz)DﬂJ:% (xh T35 0z, Na:g)' (346)

Consider that experimental measurements do not give access to the above likelihood
function but can rather give an estimate of it and let’s assume an initial source rate
estimate () such that,

5 Ao @ L L.
P(qm€|9> ~ 5D$2(x17x2;O-$27N12)D$3<x17x3; 0-3737M:E3)' (347>

The likelihood of observing the entire dataset then becomes,

P(D|f) =11, P(¢...|0). (3.48)

qme
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Given that analytically solving for an optimizer using (3.45) can be complex, we
make the assumption that the plume is far from the ground only for the parameter
initialization steps. This allows for the approximation of (3.45) by,

1 _($3 B :U'ms)2

Dy (1,235 0y flag) B —m=—— 20, (1)2 )
o (X1, 033 Oays flay) Vom0 (1) eXp( 20,,(11)? >

Solving for the maximum log likelihood estimate (MLE) yields,

(3.49)

N N
Toy = Z — zy)?,  Tay = Z — fzy)? (3.50)

It can be readily apparent that the MLE is the definition of the standard devia-
tion conditioned only on the spatial coordinates. To make this MLE conditioned on
the flux measurements one can substitute for the weighted standard deviation. For
example, the horizontal scale factor is given by,

A N foi que(x% — Mz )2
T J V=08 tha. o0
1 1=1 qme

In order to estimate 7,, and 7,,, the plume centers need to be computed. This is
done using the measured flux as weights, and computing the center of mass,

. YN Qe SN G
froy = S ety i e (3.52)
i=1 qme =1 qme
Alternatively, the plume widths can be estimated directly without knowledge of plume

location,

~ N Zz 1 Qme('rQZ /‘LI2)2
Opo = , 3.53
’ J (N - ]') 'fvl Qme ( )

and similarly for o,,. Once the dispersion and plume center parameters are estimated
and a initial estimate of the source rate is established for @), the optimization of
parameters ¢ can be undertaken, such that,

A : 1 i \2
6= min J(X,0), J(X,0)= N zzl(M(Xi’ 0) — ) (3.54)
where X is the observation data set X = [x1,Xy,- - ,Xy]. This optimization can be

carried out using the MATLAB fminsearchbnd function [191].

3.2.3 Mass Balance Based

The mass balance approach aims to estimate an emission source by balancing the
mass flux leaving or entering a control volume. Generally, there are two path plan-
ning approaches to the mass balance method: (1) rectangular vertical flux plane (or
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curtain) downwind of the source and (2) a cylindrical flux plane enclosing the source.
For a well behaved plume under stable atmospheric conditions, the downwind plume
contains all the flux. The sampling distance from the source may vary based on each
submethod. The measured flux plane data can be sparse and is typically subject to
spatial interpolation.

Vertical Flux Plane (VFP)
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Figure 3.6: Demonstration of using sampled flux plane data and applying kriging to
it for spatial interpolation [7].

The flux plane method generally involves sampling within a plane, vertically or hori-
zontally, upwind and downwind, of an emission source. It has been applied in several
works [192; 32; 29; 193; 194; 1; 195; 196; 197; 198; 199; 200; 201; 202; 203]. The plane
is typically sampled using a raster-scanning approach, capturing the plume within
the width and height of the plane. The emission rate (in moles s71) can be estimated
as,

Q.= //Q N (y — yb)u . flfdl‘gdl’g, (355)

where n;; is the mole density of air (given standard temperature and pressure), (y—ys)
is the enhanced mole fraction (referenced to air), y, is the background mole fraction,
u is the wind speed vector, and fiy is the flux plane normal vector (see Fig. 3.6).
Since the measurements are sparse, the integral irregularly spaced. To combat this,
the sparsely sampled points are spatially interpolated using techniques, such as in-
verse distance weighting (IDW) [204] or kriging [205]. This is a common problem in
geostatistics to interpret unknown data, y(xo), from desired spatial locations xq in
domain © € R? (in our case is the domain of the plane €, € R?), only using N sparse
sampling points, y(x;), based on some optimal weights, \;,

J(x0) = Z/\zy(xz) (3.56)
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For example, in ordinary kriging [205], a semivariogram is used to model the
spatial variability and, given a spatial distance, h, is defined as,

N(h)
90 = s 2 W08~ G+ A (357)

This experimental semivariogram can be fitted to the model semivariogram with
one of several common functions: circular, spherical, exponential, Gaussian, or linear.
The weights are determined by solving

N
> NC(xi — x5) + p(x0) = C(x; — X0), for i =1,2,..N, (3.58)
=1

where C'(+), in this context, represents the point support covariance matrix. This
matrix is related to the semivariogram, vy(h) = C(0) — C(h) [205], and the mean
square prediction error is 02 = Var(y(xo) — §(xo)), which, for ordinary kriging, is
minimized to make the estimated values §j(x¢) optimal. Furthermore, the estimator
should be unbiased (e.g., E[§(x0)] = Fly(x0)]), which requires > \; = 1 and the
spatial mean to be stationary Ely(x)] = u, Vx € Q.

If the kriging process is not stationary, it is considered, at best, an approximate so-
lution to the spatial interpolation problem and incorrect at worst. A better approach
could be to apply a spectral method that takes into consideration non-stationarity and
higher frequencies, namely, the high frequency kriging method [206]. Consideration
of temporal observations could be included as well, see quantile kriging in [207].

An enhanced version of the IDW was proposed in [208] to include an adaptive
distance-decay parameter based on the density characteristics of the sampled points.
Available tools, such as Kriging Assistant (KA) [209], Golden Software Surfer, or ESRI
Geostatistical Analyst for ArcMap have been used in the literature before. For irreg-
ular geographical units with different sizes and shapes, the interested reader should
consult [210].

A variation of the VFP technique is illustrated in [211], where a path-averaged
long open path duel-comb spectroscopy is operated from a ground vehicle to a SUAS
with a retro-reflector. A vertical profile is flown downwind of the source to conduct
the VFP. This technique is also vary similar to VRPM.

Cylindrical Flux Plane (CFP)

A variation to the VFP is the Cylindrical Flux Plane (CFP). This method has been
used with manned aircraft as it is not as easy to raster-scan a rectangular flux plane.
The methodology is essentially vary similar to the VFP and can be found in the work
by [212], omitted here for brevity.
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Path Integrated Vertical Flux Plane (PI-VFP)

Internal Leak (flux>0) External Leak (flux=0)

outflux

Figure 3.7: Example of the VFP-PI strategy via a UAV sensing in circular trajectories
with (a) being an internal leak producing a net positive flux and (b) being an external
leak producing a net zero flux. The color of the arcs are indicative of methane flux
strength with green being more negative and red being more positive (see [3] for more
details).

A variation of the VFP is the path integrated vertical flux plane (PI-VFP). This
method utilizes a bs-TDLAS approach in that the instrument points straight down
and scans or circles the emission source (see Fig. 3.7). In [213], the AVIRIS-NG
manned aircraft used IMAP-DOAS technique to retrieve methane concentrations and
estimated fluxes using a PI-VFP type calculation. This approach was compared with
the GDT and Gaussian inverse approaches during a joint-flight campaign.

The emission rates were estimated by, Q ~ u-n)>; V;As;, were V; represents
the vertically integrated concentration, and As; is a path segment along the bound-
ary. The individual measurements are integrated together (referred to as integrated
methane enhancement (IME)) such that IME = k> X¢p, (7) - S(7). The value Xcp,
is the methane plumes that exceed the minimum threshold of 200 ppm/m and £ is a
conversion factor.

Using an RMLD sensor fitted to a small quadrotor UAV, a circular scanning ap-
proach can be applied to sample horizontally a site of interest. The sensor uses a
bsTDLAS to measure integrated methane emissions from a known height. The re-
sulting measurements are then combined with wind measurements to estimate the
flux [214; 3],

Q = %S‘u . ns(y - yb>d37 (359>

where n, is the normal with respect to the path of travel such that s € §, y is
the column measured concentration and y; is the column background concentration.
This calculation encompasses a single circular loop and if the source is encapsulated,
multiple passes can be used to estimate the source. For instance, given n passes,
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0=y (3.60)

In practice, the circular flight path is actually made up of line segments that are
box-like. The source location was also identified by course raster scanning over the
area of interest followed by a more fine flight pattern free approach combined with
triangular natural neighbor interpolation. The maximum observed concentration was
used for the source location.

Micrometeorological Mass Difference (MMD)

Utilizing the technique from [215], sampling the plume far enough downwind of the
source, the averaged MMD can be calculated as,

Q - // U(Z’Q,Z‘g,)(y(afg,m?,) - yb)dIdeZi = /X(x?))d'r:ﬁa (361>

where Uy, 2,) is the normal wind speed relative to the plane. The work in [216]
utilized the time-average of the line-integral of the instantaneous product of U and y
in the zo-direction. Alternatively, while using a laser fetch, an instantaneous product
of a single wind measurement U and line-averaged laser concentration was used,

X~ AIQU($3)(pL(x3) - yb). (362)

This method can also be used to calculate the turbulent fluxes,

Qtur o (QUQ o Q@)

_ , 3.63
QT on (363

where @ is calculated from the flux term in (3.62) and Qg in (3.64),
X~ ALU2Uv(w3)(yL(;r3) - yb> (364)

This prescription of the flux does not capture the turbulent component of the
horizontal flux (albeit wrong), is often necessary due to the short time-scale behavior
of the wind (e.g., limitations in wind measurement devices).

Gauss Divergence Theorem (GDT)
In the paper by [217], Conley et al. they focused on the continuity equation,

Q.= <8£;> + // V - yudV, (3.65)

where m is the mass of the aerosol, (-) is the expectation or average, y = Y + ¢/
is the concentration (comprised of an average term and a deviation term), u is the
wind speed, and V' is the volume of the area of interest. The flux divergence can be
expanded as,



Chapter 3. Leak Detection and Quantification with sUAS 83

V-yu=u-Vy+yV - u (3.66)

The surface integral is taken to be a cylinder, which can be broken into several
parts: the floor, the walls of the cylinder, and the top. The height of the cylinder
is taken such that the emission is encapsulated with the minimum and maximum
height. The resulting emission rate can be calculated as

0, = <am> + / e 7{ yu, - Dldas, (3.67)
ot 0

where x3 represents the altitude, and [ the flight path. The temporal trend of the total

mass (%—T) within the volume can be estimated from the measurements. The cylinder

passes can be vertically binned and discretely summed up,

Am T3=T3,mazx L
Qe=—+ > (Z(p Uy - As> - Az, (3.68)
At xr3=0 0

and p represents the scalar air density.

Vertical Flux Planes with GLM (GLM-VFP)

In [30], a 3D grid of airborne measurements are collected across multiple landfill
sites. The resulting downwind observational points are then spatially interpolated
with IDW and used to calculate the total mass flux. The multiple steady state
Gaussian dispersion models,

2 2
-3 1 —(x3— L)
- 3.69
y(x) 270 4,04, U eXPp (20%2 )(\/27mx3 Jexp | 202, ) ( )

are applied to a fixed grid (50 m by 50 m), where the mixing ratios found over each
individual landfill was used to calculate a model mass flux (for each site, integrated
along the z1, xq, and x3 directions). The experimental measurements are then used
with simulation measurements and a general linear model,

max
rrgn]MF—Z(MMFi-ai)L (3.70)
i=1
to approximate the emission coefficient, «;, from multiple landfill sources. The emis-
sion findings are further corroborated with a local eddy covariance tower measure-
ment.

Vertical Radial Plume Mapping (VRPM)

The vertical radial plume mapping approach (compared with other methods in [218]),
utilizes a long path TDLAS instrument from the ground. The laser is aimed at
retro-reflectors, situated perpendicular and downwind of the source. The height of
the retro-reflector constitutes the different radial angles where the path-integrated
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concentrations are combined with the normal wind component to estimate the flux
(similar to VEP or MMD). An illustration of this is seen in Fig. 3.2 (see [218] for
more details).

3.2.4 Imaging-Based

In this section, we overview the imaging-based methodology for quantifying methane
emissions. This typically includes techniques that sample images passively, such as
TIR, MWIR, or other OGI-based instrumentation. The methods mentioned here that
can quantify methane emissions are considered as quantitative optical gas imaging

(QOGI).

Mid-Wave Infrared (MWIR) and Hyperspectral

In the work by [219], the detection limits of MWIR band of a hyperspectral data
was explored using the Spatially-Enhanced Broadband Array Spectrograph System
(SEBASS) airborne instrument. They also provided a comparison between LWIR
and MWIR (see [219] for more details) using the radiative transfer model,

Ry + RY

R, = (R} + RL) + t{e.B(T.) + (1 — Es”m]}’

(3.71)
where Ry is the total radiance at the sensor, R; is the upwelling emitted atmospheric
path radiance, R% is the downwelling emitted atmospheric path radiance, Rg is the
scatter path radiance at the sensor, Rg total solar radiance that reaches the surface,
t is the atmospheric transmittance, €, is the surface emissivity, and B(7j) is the
blackbody radiation at the surface temperature.

Other works, such as [150], have used MWIR cameras combined with two Pergam
Methane Mini G lasers in pipeline leak detection. In [220], a FLIR GF320 and a
RMLD were used together to make volumetric flow rate calculations in the laboratory
using a data fusion approach. In [221], they utilized a thermal camera and steady
state energy balance approach to estimate methane emissions from thermal anomalies
in urban landfills.

Iterative Maximum a Posteriori Differential Optical Absorption Spectro-
scopy (IMAP-DOAS)

The IMAP-DOAS method was applied to the AVIRIS-NG [27; 26] aircraft and mea-
sures reflected solar radiation between 0.35 um and 2.5 ym with 5 nm spectral res-
olution and sampling. Using a nonlinear iterative minimization of the differences
between modeled and measured radiance. The measured concentrations can be ap-
plied to the PI-VFP method to calculate fluxes [213]. Variations in this approach
for retrieving methane concentrations has been seen in [222] for albedo correction
and [34] anomaly-based mass balance.
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3.2.5 Correlation-Based
Tracer Correlation (TCM)

The tracer correlation method, or isolated source tracer ratio method, initially pro-
posed and implemented in works by Lamb et al [223] and Czepiel et al [224], aims to
quantify the emission rate of an unknown gas species by releasing a tracer gas at a
known flow rate while measuring both the tracer and the unknown signals collocated
downwind. This method assumes that the location of the source is known and, at the
measurement location, the plume is well mixed. The elevated signal downwind also
needs to typically be greater than 50 ppb. The authors report uncertainty estimates
of £15%. The general equation is given as

Qum = Q2 (3.72)
Ye

where @, is the tracer release rate, and y,, and vy, are the elevated mixing ratios of the
unknown source gas and tracer gas, respectively. A comparison study between TCM
and other fugitive emission quantification methods are studied in [218]. The effect
of wind on accuracy of the TCM was explored for landfills using WRF model [225].
An in situ method was used to evaluate the collection efficiency of gas extraction wells
based on tracer gas [226].

Variations of the quantification of TCM were explored in [24], which quantified
emission rates based on the plume integration of a transect, peak height of the tran-
sect using a scatter plot to calculate the ratio (best fit line), and comparison with
fitted Gaussian plume model. A landfill field comparison of methane emission models
were compared to measured emissions using TCM [227]. The TCM method was also
applied to quantifying emissions from dairy farms in [172].

A dual tracer method was explored in [228]. The second tracer provides for closer
downwind measurements that can be refined by assessment of plume position as well
as in the far-field measurements the second tracer becomes an internal standard to
the measurement. A mobile version of the TCM approach was proposed in [229].

Eddy Covariance (EC)

The Eddy covariance method aims to estimate the emission flux from a footprint area
given the boundary layer meteorology. Historical developments and current imple-
mentations of this method are summarized in [230]. This method generally assumes
stationarity of the measured data and fully developed turbulent conditions [231]. One
way it can be expressed is,

1 ty
tf - ti t;

Q= (y(t) = y)(w(t) — w)dt, (3.73)

where the time-averaged concentration and vertical wind speed is 3 and w, re-
spectively. There are several assumptions required to make this flux calculation (for
more details see [232]).
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Table 3.1: Figures of merit for defining complexity of an estimation method

FOM (%) Low (2.5) Medium (5) Med-High (7.5) High (10)
Operator skill 30 Little Moderate Professional Expert
Number of operators 25 1 2 3 3+
Equipment cost 15 <$10,000  <$50,000 <$100,000 >$100,000
Setup Time 20 <lhr <4hr <8hrs 8-+hrs
Survey Time 10 <0.5hr <lhr <2hrs 2+hrs

3.3 Analysis of Methods

In an attempt to analyze the methods covered in the previous section we decided
to use the following Figure of Merit metrics,, such as: required assumptions, sample
distance, survey time, complexity, average precision, average accuracy, and average
cost. The required assumptions are meant to inform the practitioner so the best
method can be applied to a given problem. For example, if the source location is
unknown, the PSG method may not be directly applicable unless a source location
estimate is supplied. The sample distance is defined as the distance from the source
at which the required method is able to take measurements from. The survey time
consists of the time required to make a single flux estimate. Understandably, some
methods may require multiple flux estimates in order to approximate the emission
source to within an acceptable error. Complexity is the measure of how difficult it is to
implement any given method. In order to determine a value for complexity, a scheme
was developed using figures of merit (FOM) that assigns factors and weights to the
metrics (detailed in Table 3.1). Determining the values for these factors were based
on loose estimates, inferred from papers found in the literature. Ranges were assigned
to the metrics, as to capture variations in the factors due to either the operators or
the equipment being used, and are given in Table 3.2. For example, some setups may
use more expensive equipment or more people for the same method, and as a result
are reflected in the complexity metric.

Evaluating methane quantification techniques is important and much work has
already gone into this topic through controlled release experiments and evaluation
frameworks. Examples from controlled release facilities (CRF) consist of but are not
limited to the following: In the Joint Urban 2003 study [233; 234], static sensors were
distributed in an urban setting to measure the dispersion of tracer particulates; In
[235], area-averaged velocity and turbulent kinetic energy profiles are derived from
data collected at the Mock Urban Setting Test (MUST); Mock Urban Setting test
(MUST) was also evaluated with photo-ionization detectors (PID) [236; 237]; MUST
was further simulated using MISKAM 6 [238]; In [239], the WRF model was used to
model wind and turbulence inside the Quick Urban & Industrial Complex (QUIC)
model for comparing simulated and observed plume transport; A test plan for Jack
Rabbit II was developed in [240] which aimed to improve chemical hazard model-
ing, produce better planning for release incidents, improve emergency response, and
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improve mitigation measures.

More recently, single-blind tests at the Methane Emission Technology Evaluation
Center (METEC) in Fort Collins, Colorado evaluated several types of LDAQ sens-
ing modalities as apart of the Standford/EDF Mobile Monitoring Challenge (MMC)
and the Advanced Research Projects Agency-Energy (ARPA-E) MONITOR program
(such as by vehicle, plane, and drone - see [196; 241] for more details). In the Stand-
ford EDF MMC it was observed that the drone based technologies performed quite
well (e.g. SeekOps) with an R? = 0.42 [196]. While, the results in [196; 241] seem
quite promising, there is still exists some improvements in precision that can be done.
In the ARPA-E MONITOR program, 6 of the 11 participants tested their technolo-
gies at the METEC facility in [242] against 6 other industry-based participants. Due
to confidentiality agreements at the time of testing, the data gathered from the 12
participants were aggregated to compare the methodologies based on measurement
type (handheld, mobile and continuous monitoring). However, to the best of authors
knowledge only four of the MONITOR program participants have published data re-
garding the METEC tests (see [243; 244; 245; 241]). In the white paper by Bridger
Photonics [241], a sUAS-based approach using LiDAR-based sensor has also shown
promising results even though the uncertainty is not given. In [3], a RMLD is used
on a sUAS with the PI-VFP method. In contrast, [243] utilized a portable TDLAS-
based instrument and the PSG method to quantify emissions. Lastly, [244] uses a
dual frequency comb spectrometer (from over one kilometer away) with the non-zero
minimum bootstrap method (see [245]) and the Gaussian plume model to estimate
the source rate. Examples from active operations with comparison to conventional
OGI-based methods are conducted in the Alberta Methane Field Challenge (AMFC)
[200; 246; 13] which aim to answer the questions: Are Leak detection and repair
(LDAR) programs effective at reducing methane emissions and can new technologies
provide more cost-effective leak detection compared to existing approaches?

In order to compare the performances of the each of the methods to one another,
their performance metrics were garnered from different studies where the method
was utilized in either a field study or a controlled release scenarios and recorded
in Table 3.2. Performance values were gathered from the standard deviations of
consecutive flux estimates of a singular source leak scenario. Accuracy pertains to
error of the flux estimate to the known source rate. This information was limited
primarily to controlled release scenarios. For each method, performances and details
were separated into the broad types of sampling strategies: fixed/static, on foot,
mounted on a vehicle, mounted on an aircraft, and mounted on a SUAS. This prevents
convolution of performance values between, for example, long aircraft sampling flights
at far distances and short sampling flights near the source via sUAS.

3.3.1 Summary of Methods

After analyzing the quantification methods we can separate methods based on whether
they have used sUAS or not. In this manuscript we observed that the sUAS-based
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methods consist of: Near-field Gaussian plume inverse (NGI), vertical flux plane
(VFP), and the path-integrated vertical flux plane (PI-VEFP). The non-sUAS-based
methods consist of: backwards Lagragian Stochastic (bLS), point source Gaussian
(PSG), recursive Bayesian point source Gaussian (PSG-RB), conditionally sampled
point source Gaussian (PSG-CS), micrometeorological mass difference (MMD), Gauss
divergence theorem (GDT), VFP, PI-VFP, cylindrical flux plane (CFP), general linear
model verticl flux plane (GLM-VFP), vertical radial plume mapping (VRPM), quan-
titative optical gas imaging (QOGI), tracer correlation method (TCM), and Eddy
covariance (EC). When comparing their performances in Table 3.2, it can be seen
that, when categorizing by means of mobility (i.e. fixed, on-foot, etc.), methods us-
ing static sensors show a trend of having higher complexity values while UAV-based
methods display generally lower complexity values. For a subset of the methods, the
survey times, sample distances, and average accuracies can be seen in Fig. 3.8. This
subset was specifically displayed for these methods had both upper and lower bounds
for survey times and sample distances along with accuracy data which allowed for
the plotting of these quantities for each method in the form of ellipses on a log-log
plot. When analyzing this plot, it can be seen that the sUAS-based methods are
generally lower in sample distances and survey times as opposed to manned aircraft-
based methods (being the one of the highest in both). The bLS and TCM methods
are shown to have the best average accuracy with several sUAS and mobile methods
close in accuracy. The long sample times of bLLS method are due to the values re-
ported in [247], and it is possible that these values don’t reflect typical bLS sample
times. The advantages and disadvantages of each of the methods can be seen in Table
3.3 along with what typical application fields that they were applied in.

The final ranking of the methods depends heavily on the desired application, which
also depends on factors such as sample distance, sample time, and desired accuracy.
For that reason, it is difficult to rank the methods in general. Thus, we provide a
ranking of the methods in terms of complexity (outlined in Table 3.1) with highlights
from the precision and cost in Fig. 3.9. The results indicate that the simplest methods,
in terms of complexity, are the sUAS-based NGI° and VFP® as well as fixed QOGI!.
The most complex methods include bLS! and manned aircraft-based approaches. In
terms of precision, bLS', NGI°, GDT*, VFP®, QOGI!, TCM?, and EC' tend to be
the best. Thus, for sUAS-based methods, NGI® and VFP?, are the most promising
approaches. Additionally, the GDT#, TCM?, and EC! approaches can be treated as
candidate methods for future implementation using sUAS.

3.4 Case Studies: Leak Detection and Localization

In this section we overview leak detection and localization experiments carried out us-
ing sUAS, verifying detection capabilities and back trajectory heuristics. Additionally
we overview a simulation based approach at autonomous leak detection/localization
and test the algorithm’s localization capability using experimental data obtained us-
ing a hand-held sensor on foot.
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between typical survey time versus sample distance and there associated normalized
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Figure 3.9: Diagram of the complexity ranking of the methods (based on Table 3.1),
showing the relationship between the method complexity (red), precision (green), and
cost (blue). The precision is normalized on the source estimate multiplied by 10 and
the cost is ranked from 0 to 10. (measured using fixed, *foot, 3vehicle, manned
aircraft, or UAV)
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Table 3.3: Summary of method advantages and disadvantages along with fields of

application
Method Application Advantages Disadvantages
bLS General, Oil and Gas, able to quantify area source and point sensor is fixed, multiple measurements,
Agriculture source emissions negatively impacted by obstacles
PSG Biogas, Oil and Gas No tracer required Negatively impacted by obstacles and
low wind speeds due to plume advection,
mobile sensors limited to roads
PSG-RB Oil and Gas No tracer required, accurate source PSG limitations
quantification in open environments
PSG-CS Oil and Gas No tracer required PSG limitations
NGI General, Oil and Gas assumes near-field plume turbulence and near-field ( 100m), prop-wash interfer-
wind meandering ence if unaccounted for
MMD Agriculture able to give instantaneous flux estimates fixed sensors
GDT Regional capable of giving emission quantifica- Sample around closed volume typically
tions of large areas large areas, unable to capture instanta-
neous methane flux
VFP General, Oil and Gas, does not require exact source location, stable atmospheric conditions, unable to
Landfill ease of mobility capture instantaneous methane flux
PI-VFP General, Oil and Gas VFP advantages VFP limitations
CFP General, Urban capable of giving emission quantifica- GDT limitations
tions of large areas
GLM-VFP Landfill VFP advantages VFP limitations
VRPM Landfill able to give instantaneous flux estimates fixed sensors
QOGI Biogas able to give instantaneous flux estimates gas velocity determined via gas camera
- velocity component parallel to image
plane, can be difficult to process images
TCM General, Oil and Gas, does not rely on meteorological mea- mobile sensors limited to roads, appli-
Landfill, Urban surements cation difficulty due to outside methane
source interference
EC General, Oil and Gas can capture emission variations due to fixed sensor(s), stable atmospheric con-

long time series

ditions, sensitive to time of day, typi-

cally requires long sampling times

The methane sensor utilized by this project is the Open Path Laser Spectrometer
(OPLS) instrument. It is a tunable diode laser spectrometer entirely designed, built,
and tested at JPL. The diode laser, which only became commercially available in the
last few years, emits mid-infrared (IR) light near 3.27 ym (3057 cm™'). This allows
the OPLS sensor to probe the strongest available absorption signals of methane. Prior
tunable diode laser spectrometers utilized light in the near-IR at 1.6 pum for which
the methane signal is nearly 50x weaker as shown in Fig. 3.10.

In addition to the new type of laser, OPLS utilizes miniaturization of electronics
and mechanical structure developed by NASA for the Mars Curiosity Rover Tunable
Laser Spectrometer instrument currently measuring methane (and many other chem-
icals) on Mars. A key design implementation of OPLS is that it is open-path as shown
in Fig. 3.10. This is enables OPLS to be lightweight (no pump nor inlet controllers)
and make measurements nearly as quick as the time it takes air to flush out the optical
head. Under typical wind speeds and flight operations, this results in a 0.1 second in-
strument response time. This makes OPLS comparable to the LICOR 7700 but with
OPLS being 20x less mass with nearly identical sensitivity. The platform utilized for
these experiments was the 3DR Solo, as a part of work done with NYSEARCH. There
are several reasons for using this platform. It has proven to be a reliable platform
with easy-to-use, vetted software and little down time for maintenance. Second, the
platform and spare parts are inexpensive. Third, the platform is relatively small at
1.8 kg. Fourth, the 3DR Solo uses an open-source Pixhawk autopilot that enables the
research team to implement ancillary sensors like the ground-ranging LIDAR. The
LIDAR has proven invaluable for accurate height information from which to better
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Figure 3.10: Image showing the OPLS emission frequency (3057 cm-1 = 3.27 pum),
the OPLS sensor showing the open path optical head, and the integrated OPLS on
the 3DR Solo quadcopter hovering and oriented into the wind

understand the data. A key flight implementation aspect is that the OPLS sensor is
placed outside the propeller wash of the quadcopter (see [170]). Tests in 2015 with
smoke generators and wind tunnels demonstrated that placing the quadcopter just a
few centimeters in front of a line between the centers of the forward facing propellers
(with respect to the wind or flight direction) [170]. Typical flight orientations are as
shown in Fig. 3.10 where the OPLS sensor is pointed into the wind, if the platform
is not in motion, or in the direction of flight if the platform is in motion, such that
the wind data is modified by the 5-min moving average.

3.4.1 Merced Vernal Pools Grassland Reserve

During February 14-15, 2017, a field experiment with a controlled release was con-
ducted at the Merced Vernal pools and Grassland Reserve (MVPGR) in Merced, CA,
directly northeast of the UC Merced Campus (see Fig. 3.11). UC Merced has gained
special permission from the reserve director to perform test flights at this location,
and we are free to move about the 6,500 acre reserve to find suitable locations for test-
ing. The current test location chosen is south of an unused barn, and approximately
0.5 mi from the UC Merced campus.

Temperatures during testing ranged from 13 °C to 18 °C. Wind speeds ranged
from 0 to 3 m s, generally from all directions. The combination of fairly low wind
speeds and variable wind direction necessitated longer time in the field to adjust for
this variability. There was no precipitation. Cloud coverage was 20% during the
entire experiment. A cylinder of 100% methane was placed on location as shown
in Fig. 3.11. A regulator was used to bring the pressure down to 15 PSI and the
methane gas was flowed into a perforated Teflon tube embedded in coarse gravel as
shown in Fig. 3.11. Flow rates ranged from 0.1 to 25 SCFH. A sonic anemometer
(R.M. Young 81000) was placed near the methane source. It transmitted wind data
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Figure 3.11: The right shows a satellite view of MVPGR test site. The buildings to
the north are an abandoned farm house. The red line is 270 m long. On the left,
shows the gas diffuser setup and data from a 30 m downwind flight with a 5 SCFH
methane release.

(direction and speed) wirelessly to the ground computer control station. This wind
data was interpolated into the data acquired by the quadcopter and methane sniffer.

The controlled release campaign consisted of 27 flights at several different leak
rates (shown in Table. 3.4). Typically, flights were 30 meters away from the leak
source at altitudes ranging from 3 to 25 meters above ground. Two types of flight
profiles were flown. Downwind flights consisted of flying downwind of the leak source
at 30 meters distance along a 50-m long line whose center point was parallel to the
average wind direction for the preceding 5 min. For the downwind flights, several
altitudes were flown in order to understand the vertical extent of the methane plume.
For those cases where a discernable upper altitude could be determined, mass-balance
analysis can be performed. Flight speeds were between 2 and 4 m s~!. The sensor
was always oriented facing the emission source. Average flight times were 9 minutes.

The flights conducted here occurred with wind speeds 1.3 + 0.9 m s~! with wind
direction variance (o) of 65°. A typical flight pattern where different altitudes were
investigated as shown in Fig. 3.11.

It is helpful to contrast the Feb. 14-15, 2017 measurements with measurements
taken in August 2016 for another project under similar conditions except that the
wind was more stable (2.8 £ 0.4 m s-1, 06 = 25°). The August 2016 measurements
were taken at the same location, at the same methane flowrate but under more
laminar wind conditions. In the case of August 2016, the occurrence of methane
signal above 10 m altitude was nearly zero whereas in February 2017, 20% of the
passes downwind of the emission resulted in a measureable methane signal like that
observed in Fig. 3.11.

Data from both experiments were analyzed for the fraction of downwind passes
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Table 3.4: Testing matrix for February 14-15 Merced Vernal Pools controlled release
test experiments. The flow rate is given in standard cubic feet per hour (SCFH).

Flt # Date Type Description Flow Rate Mass Balance?
1 Feb 14 Downwind SE of leak 5 Yes
2 Feb 14 Downwind SE of leak 25 Yes
3 Feb 14 Downwind SE of leak 25 Yes
4 Feb 14 Downwind SE of leak 25 Yes
5 Feb 14 Downwind NW of leak 25 Yes
6 Feb 14 Downwind SE of leak 25 Yes
7 Feb 14 Downwind SW of leak 5 Yes
8 Feb 14 Downwind W of leak 5 Yes
9 Feb 14 Downwind SW of leak 5 Yes
10 Feb 14 Downwind NW of leak 5 Yes
11 Feb 14 Downwind NW of leak 1 Yes
12 Feb 14 Downwind NW of leak 1 Yes
13 Feb 14 Survey near leak 1 No
14 Feb 15 Flt survey near leak and cows 5 No
15 Feb 15 Flt survey near leak 5 No
16 Feb 15 Downwind NW of leak 0.2 No
17 Feb 15 Downwind NW of leak 0.2 No
18 Feb 15 Flt survey near leak 0.2 No
19 Feb 15 Downwind NW & SW of leak 5 Yes
20 Feb 15 Flt survey near leak 5 Yes
21 Feb 15 Flt survey near leak 5 No
22 Feb 15 Flt survey near leak 1 No
23 Feb 15 Flt survey near leak 7 No
24 Feb 15 Flt survey near leak 0.4 No
25 Feb 15 Flt survey near leak 12 No
26 Feb 15 Flt survey  near farm house NA No
27 Feb 15 Flt survey near farm house NA No
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Table 3.5: Number of passes needed at Pasquill-Gifford atmospheric stability class
and above ground level (AGL) altitude to gain 95% due diligence confidence that a
5 SCFH leak was discovered.

Date Class é:ljs‘;vmd Distance(m) AGL(m) g::::ctlon/ if;a;(;? S
Feb. 2017 B 1.3 30 5 0.55 4
Feb. 2017 B 1.3 30 10 0.32 8
Aug. 2016 C 2.8 30 5 0.85 2
Aug. 2016 C 2.8 30 10 0.08 36

that had clear leak indications. This meant that when flying 30 m downwind of the
5 SCFH leak, along a 50-m long line perpendicular to wind direction, we measured
how often the methane signal > 100 ppb was observed (above background). An
examination of these detection fractions as a function of altitude from both August
2016 and February 2017 are shown in Fig 4.4. During the laminar conditions of
August 2016, at 5 m altitude, nearly 85% of passes indicated the presence of a leak.
However, in the more turbulent, less atmospheric stable conditions of Feb. 2017, at 5
m altitude, only 55% of passes indicated a leak. Thus to obtain the number of passes
required to obtain 95% confidence that the upwind area was appropriately sampled
for leaks (N95), more passes are needed for the unstable conditions, which have lower
fraction of passes with detections (P), as shown in Table. 3.5.

However, while unstable atmospheric conditions are not conducive to direct down-
wind monitoring, such conditions greatly increase the chance of detection at higher
altitudes. The unstable atmospheric conditions also affected the efficacy of leak local-
ization. This is shown in Fig. 3.12 for 4 out of 15 downwind localization test flights.
These four examples exemplify the range of results for localization. The perpendicu-
lar (shortest) distance from the leak source to the average back-trajectory line varied
widely from 2 to 30 meters. In contrast, for the more laminar conditions of Aug.
2016, the average distances between the back-trajectory line and the leak location
varied between 0 and 5 m. In summary, there is a huge effect on the efficacy of
back-trajectory leak localization and due diligence leak detection between an average

wind speed of 1.3 m s~! versus 2.8 m s™.

3.4.2 PG&E Livemore Test Facility

During March 27-29, 2017, flights were conducted at a simulated neighborhood at the
Pacific Gas & Electric (PG&E) Livermore training facility. The Livermore training
facility allows for single and multiple controlled release points of natural gas from
specific locations inside the simulated neighborhood (see Fig. 3.13).

There are 16 houses, 4 in each row. Each house is within 5 meters, of the actual
leak location. They are numbered 1-16 for readability of the test matrix. Fig. 3.13
bottom show actual leak locations. On March 27 (Day One), tests were done where
the leak locations were shared between the test operators (NYSEARCH + PG&E)
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Figure 3.12: Localization back-trajectories from Feb. 2017 Merced Field test. Shown
are 4 examples. Small red lines are back-trajectories from individual methane signals.
Fat red lines are the averaged back-trajectories for that flight. The yellow is the
predicted plume where the leak location is at the sharp end of the yellow plume.

and the sUAS test team (JPL and UC Merced). One or two leak locations were
emitting simultaneously during these tests. On March 28 (Day Two), blind tests
were conducted in which the test operators opened up one or more leaks and the
sUAS test team had to identify the leak location and how many leaks were present.
One through four simultaneous leak locations were emitting during these blind tests.
On March 29 (Day Three), leak locations were shared between test operators and the
sUAS team. One through four leak locations were simultaneously emitting during
these tests.

The test matrix is shown in Table. 3.6. Large leaks refer to leaks estimated to be
> 10 SCFH. Medium leaks refer to leaks 5-10 SCFH. Small leaks are < 5 SCFH. It
should be noted that actual leak rates were not determined for these tests and leak
rates estimated from past experience by PG&E personnel.

For blind tests, the whole 16 house area was surveyed. Then, the areas where there
were methane signals were investigated. During tests, the issue of leak localization
versus leak pinpointing arose. On average, leaks were discovered and localized to £2.5
meters within 6 minutes, using a whole neighborhood scanning approach. However,
to pinpoint the leak location to < 1 m typically resulted in another 10+ minutes
of flight time. There were several instances during tests where the wind direction
shifted nearly 120° over the course of minutes. This turned out to be advantageous
for leak detection because it enables the leak surveyor to triangulate the position
of the leak. A good example of this is test #5 shown in Fig. 3.14. FEarly in the
test (Fig. 3.14a), back trajectories of high methane signal suggested a leak location
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Figure 3.13: The PG&E Livermore training center. Top: The numbers in red refer to
release points that map to the test matrix provided above. Bottom: Actual release
points where green are below-ground leaks and yellow are above-ground leaks.
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Table 3.6: Test Matrix for PG&E Livermore Testing Facility Field Experiments.
Test # Date # Leaks Leak Locations Leak size Blind

1 Mar 27 1 1 Large No
2 Mar 27 1 9 Large No
3 Mar 27 1 16 Large No
4 Mar 27 1 4 Med No
5 Mar 27 1 5 Med No
6 Mar 27 1 13 Med No
7 Mar 27 1 6 Small No
8 Mar 27 1 7 Large No
9 Mar 27 1 15 Medium No
10 Mar 27 2 1,8 Large No
11 Mar 27 2 9,16 Large No
12 Mar 27 2 4.8 Large No
13 Mar 27 1 1 Med No
14 Mar 28 1 6 Large Yes
15 Mar 28 1 11 Med Yes
16 Mar 28 2 4,16 Small Yes
17 Mar 28 3 6,8,11 Small Yes
18 Mar 28 3 5,10,13 Small Yes
19 Mar 28 2 3,9 Small Yes
20 Mar 28 4 4,6,10,15 Small Yes
21 Mar 29 1 ) Large No
22 Mar 29 4 5,6,7,8 Large No
23 Mar 29 3 4.8,12 Large No

Figure 3.14: (a) top: early back trajectories (red lines); (b) 2nd from top: mid-
flight back trajectories; (c) 3rd from top: late back trajectories; (d) averaged back
trajectories and predicted leak location (red square) vs. actual leak location (yellow
star).
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Table 3.7: Metrics of blind test leaks. The time represents the time to localize all the

leaks and the leak size is given in SCFH.
Test # Leak Size Time(min) # leaks # Leaks found

14 Large 16 1 1
15 Med 41 1 1
16 Small 28 2 2
17 Small 23 3 3
18 Small 24 3 2
19 Small 29 2 2
20 Small 31 4 3

somewhere along a line near houses 5, 6, 7. Midway through the test, the wind
shifted and the back trajectory indicated a leak location somewhere along the line
near houses 5, 9 (Fig. 3.14b). Where these lines intersect was the west side of house
5. Later during the test, back trajectories confirmed the intersection point near the
west side of house 5 (Fig. 3.14¢). Fig. 3.14d shows the average back trajectory vector
for all these cases and compares it with the true leak location (yellow star). The
predicted leak location is within 1 meter of the actual leak location.

Seven blind tests were conducted. The sUAS team was not told where or how
many leaks were induced. Surveys were usually conducted in the following manner
by flying in a grid pattern. Whenever a leak was encountered, about 10-30 seconds
were used to better determine where the leak may be coming from before moving on.
Metrics of the blind surveys are tabulated in Table. 3.7. In summary, 14 of 16 leaks
were found and the leaks that were not found, were masked by other leaks.

3.4.3 Autonomous Leak Detection and Localization

Following the work by Matthes et al (2005) [128], Carslaw (1959), and Roberts
(1923) [248] the solution to a single point source advection diffusion equation (ADE)
can be solved for a dynamic system approximately by making a quasi-steady state as-
sumption if the variance and transient behavior of the wind small. W is the Lambert
function.

2
9 _ Da—g + vgj = 2qo6(t — to)d(z; — wip)

qo0 exp(%)

73 Dd

y(Za, 0, q0)i =

2D @qO v, _
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x
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Figure 3.15: This diagram depicts the change in searching strategy from Browian
motion to Lévy following the work in [§]

In the foraging literature the Levy walk has been shown to be effective at searching
sparse environments. However, Brownian motion is more efficient in dense areas.
This adaptive search model [8] can switch dynamically from Levy to Brownian (see
Fig. 3.15) based on finding targets using tumble probability P(z(t)), z(t) is governed
by the stochastic differential equation (SDE) below,

F =1, found target

o = Coop_1 + ki F
g kot ! {F:O,otherwise

where k; > 0 is the gain, and U is the potential function. We extend [8] by adding,
fGn to the SDE, defined as Y; = By(j+1) — By (j) where fractional Brownian motion
By (j) is given below,

~ _ P+ 1—d2+lel) el
Ba(w) ~ 3 o(e—y)B(8y)  0(@) = 5o r o 11— a3 S T 1= a2

The adaptive search model has shown to adjust from Brownian motion to Levy
walks in a 2D random search. By reducing the problem to a 1D path problem (i.e.
survey route) adding decision trees and modeling fugitive gas with a small time scale
filament model [120] we have the opportunity to optimize random search for applica-
tion (see Fig. 3.16). To do this we need to gather enough information to form a set
of sample data sets to use in the inversion method for a zeroth order approximation
of source localization (xy9,y20) and quantification (gp).
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Figure 3.16: (top) Depicts the autonomous searching path where the searcher de-
tects the emission and switches the searching strategy to a Brownian-based random
walk, slowing transitioning to a Lévy walk before continuing on the path. (bottom)
Schematic of the switching algorithm.
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Figure 3.17: An experimental example applying the quadi-steady state inversion
method to localize a real-world leak. In this case, two sources are present but based
on the measured data (shown in the reduced image) only one of the sources can be
located.

Using the quasi-steady inversion method on experimental data we can see the
results from just two samples (blue) in the presence of two sources (red) in Fig. 3.17,
reveal only one solution. Only taking a small section of raw data from each longi-
tudinal pass we can approximate the source location (green) from our measurement
with the OPLS [9]. It should be noted, that in the presence of multiple leaks, this
methodology still has limitations and requires further investigation.

3.5 Case Studies: Controlled Release Testing and
Emission Quantification

The next step in leak detection and localization is quantification. In this section
three case studies are showcased and insight is given in a post-campaign fashion.
This includes early work doing controlled release experiments at the MVPGR (in
2017 and 2018) as well as some lessons learned at METEC (in 2021).

3.5.1 Feb 2017 MVPGR

During the flights in the MVPGR (outlined in 3.4), the mass balance vertical flux
plane method (see 3.2.3) was carried out to quantify a controlled point source emission
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Figure 3.18: An example curtain flight path for mass balance calculations.

released from ground level. The emission rate was varied from 1-25 SCFH. The total
number of flights quantified consisted of 14, of which, some of the flights contained
an ascending and descending fight path (counting as two individual estimations).
The results can be seen in Fig. 3.19, which show that for most of the estimates, as
turbulence intensity gets smaller, the estimates become better. This suggests that as
the atmosphere becomes more stable the estimates become more accurate. From a
theoretical perspective, this makes sense as the time averaged plume going through
the measurement plane, would be governed by the mass balance equation. However,
the atmospheric conditions tend to continuously change and provide disturbances to
the estimates.

It is worth noting that the sequence of releases (shown in Fig 3.6) goes from 5
SCFH all the way to 25 SCFH and eventually down to 1 SCFH. Therefore, it may
be plausible that residual emissions from previous higher emission rates, resulted in
over-estimations of the emission rate in the 1 SCFH case. In fact, from Fig. 3.19 it
can be seen that if the 1 SCFH case was processed at a 5 SCFH emission rate, three of
the estimates would be below 200% error - consistent with the rest of the estimates.

3.5.2 Aug 2018 MVPGR

In the same testing location as the Feburary 2017 flights (in the MVPGR), the source
setup included a pure methane bottle connected to a pressure regulator, followed by
several meters of PETE (Polytetrafluoroethylene) tubing, where a rotameter flowme-
ter gauge was placed for controlling the release rate. Additional PFTE tubing was
used to connect the output of the flowmeter to a 5 Gallon bucket filled with coarse
rocks (= 1 cm in diameter). The rocks served to slow the stack velocity down and
let the wind carry the methane, simulating a surface point source. The source rate
was initially set to 10 SCFH, whereas after laboratory testing the source rate was
calibrated to be ), = 12.9 SCFH. The landscape of the site was relatively flat with
little topology and no surface obstructions (see Fig. 3.20). A sUAS, namely the DJI
M210 (see Fig. 3.21), was equipped with the OPLS sensor . The atmospheric stability
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Figure 3.19: Emission quantification from controlled release tests in the MVPGR
February 2017.

during the experiment was determined to be C and B (slightly to moderately unsta-
ble) using the PG curves [177]. The wind speed and direction was measured with
a RMYoung 3D ultrasonic anemometer. The experiment consisted of 16 downwind
flight paths of horizontal transects ascending from ground level till a clean air fetch
was reached, referred to as a curtain (see Fig. 3.18).

The results can be seen in Fig. 3.22. It can be observed that as the turbulence
intensity (T1) is decreasing, the accuracy of the mass balance method improves, which
suggests that the atmospheric stability (more stable — smaller TT) is important for
accuracy in the emission estimate as well as for improving the estimate variability.
This result echos the result found in the previous Section.

3.5.3 Apr 2021 METEC

In April 2021, a series of controlled release experiments were undertaken with Aero-
metrix Services Inc. (Victoria BC, Canada) at the Methane Emission Technology
Evaluation Center (METEC) over a five day period. The controlled release tests
were conducted concurrently with other teams on site simultaneously at each of the
sub-divided regions within METEC (see Fig. 4.6). The testing configurations were
changed every hour (called rounds) and the teams rotated to another sub-division or
were given an hour rest. The 20 measurement rounds had mean measured methane
concentrations ranging from 2.4 to 5.6 ppm - all significantly above the natural back-
ground. The emission detections at the drone, resulted in maximum methane con-
centrations from 3.1 to 152.8 ppm.
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Source..

Figure 3.20: Experiment location at Merced Vernal Pools and Grassland Reserve.
The yellow star indicates the source, the green triangle is the RMYoung anemometer,
and the flight area is shown red dotted line.

Figure 3.21: DJI Matrice 210 (M210) equipped with a sensitive methane sniffer de-
veloped by [9] and attached to the DJI Skyport.
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Figure 3.22: Normalized controlled release estimation using the mass balance method
of the August 2018 MVPGR field test.

During this field campaign we came across two notable challenges for measuring
emissions in the open atmosphere with the OPLS-based sUAS approach. The first
challenge has to do with off-site emissions, meaning, the emissions from adjacent sub-
divisions of the METEC site that would meander into the area we are measuring.
This is a challenge when the task is to detect, localize, and quantify within the sub-
division itself. Therefore, the off-site emission needs to be tore out (or accounted for)
of the emission estimate of the sub-divided site. This problem adds to the difficulty
of measuring accurate emissions, due to the presence of higher emission rates, which
leads to higher variability in the magnitude of the measurement signal. For example,
given a large emission rate from an adjacent site and a relatively small emission from
the target site, the variability between the difference in the upwind and downwind
measurements (i.e. flux in and flux out of the control volume) could mask the presence
of the smaller leak (see Fig. 3.23). The other challenge we found with the sUAS was
with underground and surface based leaks. For example, in Fig. 3.24, the underground
leak is first detected from the initial survey but when trying to quantify the leak, the
detection became difficult when flying low to the ground as well as slow (< 1m/s).
One of the reasons for this is due to the propeller exhaust of the sSUAS interacting
with the ground, causing the emission to be advected in an outward fashion from
the aircraft (relative to the ground). Flying faster delays this affect, resulting in a
better detection rate. This ultimately makes quantification difficult as the farther
back we fly from the source, the more sensitive the measurement equipment requires
to detect the emission. One advantage to measuring farther from the source is with
the well mixed condition. This provides a smooth concentration signal that is easier
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Figure 3.23: Example of an off-site emission source affecting the survey and emission
quantification.

to estimate the source with (given the sensor is sensitive enough). Unfortunately, one
of the constraints for the experiment was to only measure the source from inside the
site fence line and sub-divided region. Which, this was done to mitigate the potential
flight safety risk from sUAS and other personnel operating in an adjacent region.

3.6 Case Studies: Real World Emission Quantifi-
cation

Once a quantification method has been developed the overarching goals would be to
subject them to real world applications. In this section we give examples of campaigns
undertaken in real world environment scenarios.

3.6.1 Aug 2018: Merced County Regional Waste Manage-
ment Landfill

The California Air Resources Board (CARB) introduced an implementation docu-
ment to help municipal solid waste landfills be in compliance with California Code
of Regulations title 17, subchapter 10, article 4, subarticle 6 sections 95460 to 95476,
Methane Emissions from Municipal Solid Waste Landfills. In short, this requires peri-
odical regulatory surface emissions testing that may vary depending on the historical
compliance of the site.

Surface emissions tests can take a considerable amount of time to complete (days
to weeks) depending on the spatial scale of a site and how in-compliance the site
has been previously. This is due to the fact that surveyors must traverse the site
on foot. This requires the site to be broken into grids, which, can pose a resolution
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Figure 3.24: Example of a survey with an underground source. The initial survey
detected a leak near the south-east corner of the site. The successive flights had
difficulty detecting the emission source when flying low and slow (&~ 1m/s or less),
whereas, when flying faster the rate of detection increases.

problem on how well the site is surveyed. This can potentially lead to emissions
going undetected as well. Using alternative methods that rely the plume dynamics
of the surface emissions can allow for measurements to be taken remotely, such as
measurements on-board sUAS equipped with an OPLS and using the mass balance
approach.

Since sUAS cost is relatively small and can be deployed rapidly and more frequent
than the traditional SEM surveys, leaves a potential to for sUAS-based surveying to
provide a faster alternative to leak detection as well as quantification.

In August of 2018, the Merced County Regional Waste Management (MCRWM)
site was flown (see Fig. 3.25) with a DJI M210 equipped with the OPLS [9]. Due
to the limited amount of surveys conducted and the variability in the wind, yielding
poor confidence in the accuracy of the estimates, the emission estimates are likely off.
The emission estimates for both flights shown here above 200 SCFH (see Fig. 3.26),
which is equivalent to the emissions of about 400 cows (given an average cow can
typically produce 0.3-0.5 SCFH). One major challenge behind the use of sUAS, in this
case, is that when measuring large areas using the mass balance approach requires
the atmosphere to be quite stable during the flight (which is on the order of the
endurance of the measurement systems &~ 20 minutes). Additionally, the size of the
curtain makes the flight time requirement substantially larger than point source type
measurements.

3.6.2 Jun 2019: Alberta Methane Field Challenge

In June of 2019, six teams with different technologies (drone-based, truck-based, hand-
held, and fixed) were subject to surveying around 50 active oil and gas sites. The sur-
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Figure 3.25: At the MCRWM site a new cell is being developed, such that, the bank
shown in the image has no membrane and only a dirt cover.
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Figure 3.26: Two surveys of an active landfill cell without a membrane are conducted
where measurements are taken from: (top) near the source; (bottom) further back.
The measurements near the source show the emission emanating from the ground
whereas when the measurement is taken from further back the emission is subject to
more turbulence.
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Table 3.8: Summary of the performance of the participating technologies in the first
phase of the Alberta Methane Field Challenge (AMFC)[13]. Days refers to the number
of participation days, rate refers to the number of sites per day, and time is the survey
in minutes per site.

Team Method Days Rate Time Sites ]()Sffj(itelj;, %)
Univ. of Calgary Truck 12 8 10 90 83
Altus Geomatics Truck 10 15 9 138 87
SeekOps Drone 11 5 36 54 92
Aerometrix Drone 10 5 20 42 80

. Truck +
Heath (hybrid) tandheld 12 5 41 53 91

vey would typically consist of three tasks: detection, localization, and quantification
(granted the technology supported that). The degree to which each technology was
able to achieve each task varied. The results for each of the technologies were show-
cased first in the American Geophysical Union in 2019 [246], and then in a preprint
in [13]. During the AMFC, the author was collaborating with Aerometrix Services
Inc. and showcased the results in a Geoscience Britsh Columbia report in [200], of
which, has not been publically available as of the completion date of this manuscript.

It is important to note that not all participants were able to produce quantification
of the emission sources and the survey times and effectiveness varied. A summary of
the first phase of the challenge can be seen in Table. 3.8.

The site level emissions by all the participating teams were compared and aver-
aged. It was mentioned that not all technologies were able to detect and/or quantify
all the emissions on the sites, and therefore is likely that the estimates represent
a lower-bound for the total emission estimates of the site. Another important as-
pect with the underestimation between QOGI and other technologies, was the wind.
The wind condition, both instantaneous and or time-averaged, provided direct im-
pact to the emission estimate accuracy. This is further compounded by the presence
of intermittent sources, making the estimation a difficult process using sUAS-based
approaches.

The AMFC project had a second phase later in the year, when the winter con-
ditions set in. Not all the participants from the first phase were willing and able
to be at phase two. It is interesting to note, that the total site-level emissions, on
average, were approximately 50% of those in phase one. This finding suggests that
the summer time (increased atmospheric temperature) leads to more emission leaks.

3.6.3 Nov 2019: Natural Emissions from Alaskan Permafrost
Bog

Methane plays an important role in determining the atmosphere’s climate and chem-
istry. Fluxes of methane from an ecosystem are often measured using eddy covariance
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Figure 3.27: The mobile sUAS measurement platform above an eddy covariance tower
in an Alaskan peatland bog.

Table 3.9: The quantification results are compared to tower estimates, which show
that the sUAS-based estimates are lower than the tower measurements during the time
of the flights. However, the estimates are within a reason considering the variability
of the wind and the difficulty in measuring small emission rates.

Avg Tower Avg UAV UAV UAV UAV

Flux Flux Flux-1 Flux-2 Flux-3

9/25 0.0338+0.0054 0.0220+0.0278 0.0610+0.0162 -0.0180£0.0116 -

9/27 0.0411£0.0063 0.0097+0.0254 0.0078+0.0094 0.0170+0.0035  0.0045+0.0126

Date

flux towers (see Fig. 3.27), however, there are disadvantages with this method. Flux
towers are expensive to purchase and have high demands with respect to maintenance
and cost of operation, especially in remote locations, making replication across the
landscape a challenge. In this case study we applied the mass balance method to
quantify the emissions from a permafrost bog using upwind and downwind quantifi-
cation measurements [7].

During a field campaign in September of 2019, the Alaskan Peatland Experiment
(APEX) site was conducted to explore the ability to measure natural ecosystem flux
from the Alaskan peatland bogs. This work looked at using bootstraping to under-
stand the uncertainty better and experimented with different spatial interpolation
methods (e.g. IDW, Kriging, see [1]) on the mass balance method. Additionally,
this work explored the comparison between sUAS-derived wind (using an on-board
anemometer) and the eddy covariance tower. An example of the flux plane measure-
ments can be seen in Fig. 3.28 and the emission estimates can be seen in Fig. 3.29
and Table. 3.9.
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Figure 3.28: A top down view of the Alaskan Peatland Experiment (APEX) site,
showing the upwind and downwind measurements for two different wind conditions.

3.7 Chapter Summary

In this chapter, we discussed leak detection and quantification (LDAQ) with sUAS by:
examining the different types of sensors and platforms, investigating sUAS and non-
sUAS based LDAQ methods (simulation-, optimization-, mass-balance-, correlation-,
and imaged-based), providing an analysis of the investigated methods along with a
method summary, and providing an overview of several case studies regarding leak
detection and localization experiments / simulations, controlled release quantification
experiments, and real world emission quantification.
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Figure 3.29: (top) Tower-based flux measurement of the APEX site for the days
and times of the 2019 September field campaign (bottom-left) Average flux given the
cosine angle between the apparent wind direction and the normal vector of the flux
plane (bottom-right) The emission quantification values are shown to be higher when
the turbulence intensity is small.



Chapter 4

Towards Smarter Environmental
Sensing with Digital Twins

Environmental sensing and monitoring includes a variety of applications such as mea-
suring local air quality, soil remediation, oil spills, ground water quality-tracing, etc.
These applications can include both fixed and mobile sensors. For example, sensing
ecosystem flux can be done with fixed sensors in the soil, above ground sensors, with
mobile sensors (e.g. ground vehicles or sUAS [249]) or remote sensing techniques
(such as with satellite imagery or manned aircraft [26]). Typically fixed sensor ap-
proaches work well to provide precise ecosystem flux measurements (e.g. chambers,
autochambers, and eddy covariance towers [250]). In terms of site level emissions,
fixed open path lasers have been used to evaluate and compare with accepted Envi-
ronmental Protection Agency (EPA) methods (e.g. dairy farms) [172]. Within the
past few years, several works in the area of environmental sensing with sUAS have
been done (see the comprehensive review by [142]). Typically the sensors consist of
low cost chemical sensors (e.g. amperometric, metal-oxide, non-dispersive infrared,
or photo-ionization detectors) or higher cost tunable diode laser absorption spec-
troscopy (traditional open/closed cell - TDLAS or backscatter based - sTDLAS).
Other techniques like optical gas imaging, which uses thermal camera based sensing
have been used with sUAS. For instance, the sSTDLAS (e.g. Pergam Methane mini-G
(SA3C50A)) has been used for determining spatial methane in permafrost [251]. In
the oil and gas industry, the TDLAS (e.g. open path laser spectrometer - OPLS [9],
or path integrated) has been used for detection [201; 202] and for quantification [252],
such as in quantifying the Alberta Methane Field Challenge (AMFC) site emissions
[200]. The use of fixed-wing sUAS have been used as well in both detection [253] and
quantification [254].

Due to the large variety of approaches and applications of environmental sensing,
the focus of this chapter will be on ground-to-air emissions with an application to gas
plumes (e.g. fugitive methane). The motivation of studying fugitive methane (C'Hy)
gas, stems from the fact that methane has a large green house gas (GHG) warming
potential relative to C'Oy and occurs from both natural and anthropogenic sources.

114
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Modeling gas plumes in general can be done using a variety of tools (e.g. deterministic
and stochastic approaches) which provide information about how the plume may
develop given a set of initial and boundary conditions. However, these visualization
require a certain degree of model fidelity to capture realistic behavior (i.e. plume
meandering and trapping). Computational fluid dynamics approaches can be applied
but suffer from high computational cost. Stochastic methods have shown better
computational efficiency but for a given initial condition the output is an ensemble
(due to the inherent randomness) and presents difficulty in implementing continuous
time. On the other hand, hybrid modeling (which encompasses a combination of
stochastic and deterministic methods) can provide computational efficiency while
maintaining highest possible fidelity. In practice, computational efficiency of these
models would need to be suitable for deployment on a laptop. Thus, there exists a
trade-off between model fidelity and run-time. This is important for applying concepts
such as Digital Twins (DT) to further improve on environmental sensing (ES) work.

What is a DT? Some of the earliest work of using physical twins (or hardware
twins) can be seen as early as National Aeronautics and Space Administration’s
(NASA) Apollo program [36]. In this case there existed at least two space vehi-
cles or rovers at once. This allowed for the continuous testing of code, maneuvers,
and conditions before sending them to the deployed version. Software can also be
introduced to the hardware twin, as in the ‘iron bird” which combined a physical
interface of a plane cockpit with an aerodynamics simulation for training purposes.
The simulation was used for a visual aide as well as to compute the meteorological
conditions and resulting forces on the plane [36]. Some of the early reports of the
current concept of digital twin (as digital equivalence of a physical product) showed
up in a product lifecycle management course at the University of Michigan in 2003
taught by Michael Grieves. Since then a white paper was written in reference to vir-
tual factory replication [37]. It is explained that the DT in this scenario contains three
parts: (1) physical products in real space (2) virtual products in virtual space and
(3) and connections that tie together the real and virtual products. The use cases for
DT are: (1) conceptualization - visualization of the physical and virtual products, (2)
comparison - compare physical product behavior with the virtual product to improve
results and (3) collaboration - solutions found can be applied immediately to other
factories (or systems). For environmental sensing, the environment can be full of
complexity and having a DT can provide a deeper understanding between the sensors
and physical parameters, such as source rate, location, and atmospheric conditions.
Additionally, DT’s have the ability to update the system parameters, over time, as
well as give insight on performance metrics.

This chapter proposes a DT framework for ES from a point source emission as
an extended version of the conference paper in [1]. A controlled release case study is
used to solve an optimization-based behavior matching problem of the DT framework,
using the estimated concentration signal, &, = f(x,v|f) (where x is the position of
the sUAS, v represents the wind field and @ is the DT parameters), and the measured
concentration signal, ¢,,, with a single sSUAS measurement system. The mass balance
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method is applied to experimentally quantify the source emission rate. This includes:
defining DT levels and capabilities; adding additional details and figures of the DT
model, approach, sensitivity of parameters, and how the observation problem is ef-
fected by sensor location (i.e. measurement operator); exploring additional spatial
and spatial-temporal interpolation methods to quantify the source and compare data
between the DT simulation and physical experiment; proposing the use of Mittag-
Leffler function into the spatial-temporal gas distribution modeling framework.

4.1 The Digital Twin Framework and POSIM Dig-
ital Twin Platform

In order to discuss a framework there needs to be some agreed upon definition of
DT. Over the years there have been several variants of the DT definition such as
those shown in Table 4.1. The Mechatronics Embedded Systems and Automation
Lab has since added a more general definition which is as follows, “A Digital Twin
is the combination of multiple, individual, and detailed simulation models (continu-
ous, discrete, hybrid), where its interconnection represents the dynamics of a complex
system, which is updated periodically (windowed or real time) with the system in-
formation in order to reflect the system current status as well as predict its future
behavior and possible faults”. For ES, the model needs to be selected such that there
is a trade off between fidelity and computational speed. Considering the quote from
statistician George Box, “all models are wrong, but some are useful”, we need the
desirables of the DT model to be capable of: (D1) exhibiting relevant digital artifacts
with suitable level of fidelity, (D2) short or long time-scale characteristics evolves
along with the real system given the same conditions, and (D3) can be used to solve
relevant problems for the system or improving methodology [1].

The DT concept can also be broken into four different stages or levels based
on their current implementation: (L1) Pre-Digital Twin, (L2) Digital Twin, (L3)
Adaptive Digital Twin, and (L4) Intelligent Digital Twin. Each stage has increasing
levels of model sophistication. Aside from L1, all of the levels have a physical twin. As
the DT levels go from L2 to L4 the data acquisition from the physical twin increases.
Different system health and performance parameters can be extracted for predictive
maintenance (from batch updates to real-time updates). Additionally, these stages
can start to incorporate machine learning (ML) in operator preferences as well as for
the system/environment [38].

The proposed DT framework for a point source first starts on L1 with a proposed
model for representing the complex system. In the case of gas concentration, the
system is governed by a partial differential equation such as the advection diffusion
equation,

0,C =V -(DVC) -V - (vC) + source, (4.1)

where the C represents the concentration of the gas, D is the diffusion coefficient, and
v = [u,v]T is the wind vector field. The source can be represented using Kronecker
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Table 4.1: (top) Definitions of Digital Twin [14] and (bottom) recent Digital Twin

platforms and applications.

Definition Authors Year
DT is a virtual, digital equivalent to a physical product Grieves [37] 2003
Up-to-date representation of an actual physical asset in operation Mathworks [255] 2019
Dynamic virtual representation of a physical object or system,

usually across multiple stages of its lifecycle. It uses real-world data,

. . . X . . . IBM [256] 2020
simulation or machine learning models, combined with data analysis,
to enable understanding, learning, and reasoning.

Software representations of assets and processes that are used to

understand, predict, and optimize performance in order to achieve GE Digital [257] 2019
improved business outcomes.

DT is a perfect digital copy of the physical world: a digital twin.
This twin would enable you to collaborate virtually, intake sensor
data and simulate conditions quickly, understand what-if scenarios Deloitte [258] 2020
clearly, predict results more accurately, and output instructions to
manipulate the physical world..
An integrated Multiphysics, multiscale, probabilistic simulation
of an as-built vehicle or system that uses the best available physical
models, sensor updates, fleet history, etc., to mirror the life of its NASA[259] 2012
corresponding flying twin
A digital twin is a multi-faceted dynamic set of smart digital
models of a system or a subsystem along with all its constituents,
which accurately represent the design of a product, production Dufour et al. [260] 2018
process or the performance of a product or production
system in operation.

DT are precise, virtual copies of machines or systems driven by
data collected from sensors in real time, these sophisticated computer Tao et al. [261] 2019
models mirror almost every facet of a product, process or service.

Platforms / Application Authors Year
Environmental sensing using sUAS with POSIM. Hollenbeck et el. [1] 2020
T\V%n Control approach for Mac'hine Tool Design, Process Armedia et el. [262] 2020
design, Process control and Maintenance.

Digital Twin in remote labs with Amazon Web Services (AWS). Wuttke et el. [263] 2019
Model-based Digital Twin of UAV in product lifecycle managment. Nikolaev et el. [264] 2018
Generic Digital Twin Architecture for packed-bed thermal storage .

(aligned with Reference Architecture Model Industry 4.0 (RAMI4.0)). Steindl et el. [265] 2020
Digital Twins in smart cities, engineering, and construction. Sepasgozar [266] 2021
Warehouse Inventory and Traceability with Blockchain-based system. Fernandez et al. [267] 2019
Automatic guided vehicles in smart manufacturing. Martinez-Gutierrez et 2021

al. [268]

Digital twin of robot Baxter for practicing spatial manipulation tasks. Verner et al. [41] 2019
Cooperation of UAV swarms for intelligent network reconstruction. Lei et al. [269] 2020
Helicopter dynamics using multibody systems. Guivarch et al. [270] 2019
Multisource model for robotic assembly systems. Li et al. [271] 2020
Digital twin enabled smart control engineering framework. Viola et al. [272] 2020
Inforn}ationfbas_ed model discrimination using digital twin Viola et al. [273] 2020
behavior matching.

Smart control engineering of multiple input multiple output Viola et al. [274] 2020

(MIMO) system using PHELP.
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Figure 4.1: Digital twin framework diagram.



Chapter 4. Towards Smarter Environmental Sensing with Digital Twins 118

delta function §, = §(x — 2,)0(y — y5)(2 — 25), where x, = [, ys, 25T is the location
of the point source. The wind field parameters can be solved generally by using the
something like the incompressible Navier-Stokes equation,

oOv+(v-V)v—uvViv=—-Vuw+tg. (4.2)

Here v is the kinematic viscosity, w is the thermodynamic work, and g is the gravi-
tational acceleration. Solving these systems consecutively can be expensive and thus,
some assumptions need to be applied to simplify the models. One such approach
to solve this problem was proposed by Farrell et al [120] and is summarized here
for completeness. The first assumption is to break the concentration dynamics into
discrete filaments (or packets of molecules) based on different length scales (i.e. large
scale advection (a), intermediate scale turbulent mixing and stirring (m), and local
small scale diffusion (d)). The transport of the k-th concentration molecule can then
be described by, X, = v(x) = v, + v, + v4. However, the small scale diffusion term
can be absorbed into the shape of the filament, such that the filament’s i-th location
can be described as,

X, =vV(X) =V, + Vi, (4.3)

Now the only thing left to resolve is the wind vector field. One approach is to look
at average wind vector such that v = v + v/, where the overbar () represents the
average and the prime (") denotes the deviation from the average. Substituting the
decomposition of the wind vector into (4.2) and using the following assumptions the
Navier-Stokes equation can be drastically simplified:

1. Coriolis forces, geostrophic winds, and molecular viscosity can be deemed small
and neglected;

2. Measurements are conducted close to the ground where winds are relatively
constant w.r.t. the altitude.

The wind field can then be represented by the following equations that resembles the
viscous Burgers equation,

ou ou ou 0%u 0%u

e e A+ Ky 4+ Ky
ot =~ “or Voy Theom T
v ov _0v 0?0 0?0
— = —U— 00—+ K,— + K,—. 4.4
ot =~ Yo Vo, Throm T g, (44)
This is realized by using the simplest K-closure method, which relates the diffu-
sivity (Kgy) to, W/ = —K, %% and v/v/ = v/ = —1(K, 5% + Ky%) and similarly

for the v’v/, and v//. For the simulation aspect, the wind field meandering can be
produced by perturbing the flow with colored noise using a second order transfer
function approach, H(s) = Ga/(s* + bs + a) driven by white noise [120] where G is
the gain, and a and b are parameters that affect the natural frequency and damping
ratio. This colored noise is updated on the corners of the finite grid and adjacent
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Figure 4.2: MATLAB example of the digital twin with meandering

boundary conditions are linearly interpolated (see Fig. 4.3). The meandering behav-
ior (see Fig. 4.2) can be adjusted by scaling a, b, G and K, ,. The interior nodes can
be solved implicitly [275] or explicitly by finite differences [276].

The large scale advective term, v,, can be calculated by using a bilinear interpo-
lation between the nearby wind vectors points or estimated using the nearest neigh-
boring point relative to the filament position, x;. The grid size used to calculate the
the wind field can remain course (large Az and Ay) as it reflects the larger length
scales of the model. Additionally the large spatial separation between points helps to
increase simulation runtime. To maintain efficiency we used the nearest neighboring
point for this work. To calculate the intermediate scale term, v,,, we use a random
process satisfying, © = A'w + B'n and v,, = C'w + D'n, where w € R™ and 7 is a
white noise random process with spectral density ag. The matrices A’, B’, C’, and
D’ are appropriately sized. The resulting standard deviation grows as Gan\/f. In the
simplest 2D case D' = 0, (B')T = C'" = [1,1], and A’ = I, where [ is the identity
matrix.

To calculate the small scale diffusion, v, the use of a growth term, R(t), is needed.
This growth term represents the standard deviation of the packet of molecules inside
the discrete filament,

dR; i 2 1/2
— (1) = (R )12,
Mok o RO = (R0
where r;(t) = ||x —x;|| is the Euclidean distance from the sensor and the i-th filament,

Rio = R;(0) and + is a positive scalar. This allows for the concentration of individual



Chapter 4. Towards Smarter Environmental Sensing with Digital Twins 120

O O

Figure 4.3: Scheme for updating the colored noise in the corners interpolating the
adjacent boundaries.

molecules in a filament to be calculated by,

QB
Gt = s m p( R?(t))’ (45)

where () is the filament source rate in molecules per filament. The total concentration
measured, C'(x,t), can be calculated given an effective sensor area, A., where N
represents the number of filaments inside A, = 7r?

e

N

C(x,t) =>_ Ci(x,1) (4.6)

i=1

The effective area can be approximated as a circle with radius r.. The sensor can be
modeled as a low pass filtered system with thresholding, ¢ = fpw (C(x,t) — ¢). The
sensor bandwidth is fpy and threshold is A. The measured concentration, ¢,, would
then be,

o (t) = {c(t), if ¢(t) > A wn

0, otherwise

This current model can represent the gas plume as 2D flow. However, in most
scenarios the gas needs to be represented as a 3D flow usually with building resolving
capabilities. To start we will examine just rural case with no buildings. Furthermore
solving the wind field for 3D case results in an increase in computation because the
number of discrete points grows as 1/A% if A = Az = Ay = Az.

In [1], the model was extended to 3D by utilizing a detection probability based on
experimental observations in [10; 277]. The experiments showed that the detection
probability varies as a function of altitude and wind speed. An example of this can be
seen in Fig. 4.4, where the sigmoid function can be fit to the probability of detection
given different wind conditions or atmospheric stability classes.
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Figure 4.4: Contrast in measurements of two different wind conditions stable (2016)

vs unstable (2017) under controlled methane release of 5 standard cubic feet per hour
(SCFH) at 30m downwind [10].

By using this knowledge one can essentially extend the 2D model to 3D. Given that
sensors do not always detect the target gas, we can introduce a conditional detection
probability P,;. Letting the P; be a function of downwind distance d, altitude z, and
wind velocity |v,|. Making the assumption that the lateral or cross wind position
does not affect the probability with respect to the simulation, the relation becomes,
Py(64|2) = f(d, z,|v4|). Given the nature of the mass balance method, the downwind
distance d does not readily change, and therefore can be approximated as

Py(84]2) = Fa()

S T M (4.8)

Here M is the slope at the half probability point, and 2z, is the altitude at
which half probability occurs. From the sigmoid curves in [10] (see Fig. 4.4), Py(0) =
[0.62,0.9], M = [0.42,1.5], and zps = [7.2,9], where the average can be chosen to
mirror the conditions of the experiment. However, if the gas is not in contact of the
ground the distribution does not capture the vertical behavior. By using a Gaussian
normal distribution,

Pa(b4|z) = Pa(d) exp <_(2_mes>2>, (4.9)

2
2072

we can alleviate this limitation. Although this only works if the source location and
downwind distance are known ahead of time. Additionally, there is a relationship
between the value of M, 2., and the atmospheric stability classes that needs to
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be further investigated. The atmospheric stability classes (A-F), first introduced
by Pasquill in 1961 and later reformulated by Gifford, are typically referred to as
the Pasquill-Gifford (PG) curves [177]. The PG curves relate wind speed and solar
irradiance to the dispersion coefficients that govern the spread of the plume. This is
represented in the Gaussian plume model, or sometimes referred to as the infamous
‘bell curve’,

Qp _dl2
C(d,dy,z, H) = ———exp (55X
wog0,U 203, (4.10)
(—(Z—H)2>+ (—(2+H)2)
exp 7203 exp 7202 ,

where d; is the lateral (or crosswind) distance from the plume centerline, H = h+AH
is the effective height of the plume, h is the stack height, @), is the source rate
in g/s and AH is the plume rise [278]. The plume rise term can be calculated
using models such as Holland’s formula which is dependant on temperature and wind
speed. However, Holland’s formula was designed for exhaust stacks and also takes
into consideration the pressure, stack diameter, and temperature of the ambient air
and stack. As a result if the stack velocity is small, such as with sub-surface leaks that
diffuse through the ground, the plume rise term tends toward zero. Therefore other
factors should be considered, such as lapse-rate, which takes into consideration how
the temperature changes as a function of altitude. Furthermore, for small leaks, even
surface temperature may come into effect by introducing vertical momentum through
natural convective forces. Holland found that there is a small correlation between
the plume rise and the temperature gradient near the ground. Briggs mentioned that
the plume rise is only dependent on the temperature gradient of the air to which
the plume is rising. It is also mentioned that the gradient near the ground is not a
good representation of the gradient at higher altitudes [279]. However, temperature
dependence within the DT framework will be reserved for future implementations
(see section 4.2).

The simulation source rate, @*, given in molecules per second, and is determined
by the number of filaments that are discretely released from the point source location.
The particular way the filaments are released depends on two parameters, the number
of filaments per puff ny and the number of puffs per filament n,. The filament
source rate can then be defined by Q = Q./(nsn,), which is used in (4.5). The
different combinations of these parameters can result in qualitative changes in the
measured signal from the sensor. This qualitative behavior can be matched to the
measured signal of the physical system and sensor (i.e. behavior matching). The
behavior matching can be undertaken given an observable data set that captures these
qualitative changes within the model. The key point here is observable data and thus
the question becomes, how to get it? The answer depends generally on two things:
sensing in the right place and sensing at the right time. Given a set of observations
s we want to infer the states or plume field, x;. This observation problem can be
formulated as a state estimation problem using orthogonal decomposition methods
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based on singular value decomposition (SVD) [280]. Essentially the problem can be
represented as a Lo minimization,

s = Hx ~ H®v, (4.11)
v € argmin ||s — H®||3, (4.12)

where ® represents the orthogonal modes and v the associated coefficients. This ap-
proach can yield solutions that are often ill-posed and not necessarily unique. How-
ever, it can be shown that the estimation error depends on the approximation basis
® (othrogonal modes) as well as the measurement operator, H,

|3 — %] = [|(T— ‘I’(H‘I’)JrH)Xz‘H- (4.13)

The symbol * represents the Moore-Penrose pseudo-inverse. The measurement opera-
tor depends entirely on the sensor location and not the orthogonal modes. Therefore,
the choice of sensor location is an important task. For the single sSUAS measurement
system, this comes in the form of path planning and is subject to disturbances from
changes in the stability of the wind. When applied to the mass balance method, path
planning involves scanning back and forth at different altitudes inside a region of
interest. The size of this region can incorporate twice the expected plume dispersion
(deviation from the plume centerline) o4 and o,, such as in [10] to ensure a likely
encapsulation of the plume (see Fig. 3.18). This approach aims to capture rich signal
data for conducting the mass balance method. However, this process takes time to
complete with a single sensor system, and thus can present spatial-temporal issues
when reconstructing the mass flux.

To advance the pre-Digital Twin model (L1) to a Digital Twin (L2) we need
to have the physical twin exist and have the virtual system model of the physical
twin. This step requires a system identification like optimization of the pre-Digital
Twin model, given a dataset with observable properties and tunable parameters to
minimize on. Once this minimization is complete the Digital Twin will allow for
testing different path planning strategies to improve mass balance method results.
The tunable parameters (see Fig. 4.5) in this DT model consist of: the effective
radius 7, the number of filaments per puff ny, the number of puffs per second n,,
the intermediate scale mixing and stirring dispersion o,,, and a correction factor cs
where the corrected simulation source rate is (Q*)c = cfQ*. The value of Q* is chosen
to be the same as the physical source rate, such that Q = (Q.)s/(nsn,), and ¢; is
determined through behavior matching optimization.

4.2 Methane Odor Abatement Simulator with Dig-
ital Twins (MOABS/DT)

In this section we outline a DT for use in reducing fugitive gas emissions by early
detection and quantification, namely, methane odor abatement simulator (MOAB-
S/DT), which, is an advancement to the POSIM-based DT in the previous Section.
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Figure 4.5: The timeseries behavior and sensitivity with tuning parameters 6 given
one pass through the plume.
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Figure 4.6: A satellite image of the Colorado State University methane emission
technology evaluation center (METEC), sub-divided into sites and equipment pads
are numbered for simplicity in topology modeling.

The real world site we choose to focus on is METEC (see Fig. 4.6), as it was designed
for testing and evaluating new technologies as well as provides a benchmark for future
research efforts.

The first step is the target system definition. We want the simulation requirements
to be: create a digital representation of METEC that can simulate short time-scale
behavior of emission dynamics and provide real-time or near real-time operation; cre-
ate a L2 DT for analyzing performance of detection and quantification strategies; and
conduct offline control of DT for studying how environmental variables impact behav-
ior of the DT (such as source location, atmospheric stability, and surface topology).
The overall purpose of the system is to connect a DT representation of a physical
asset (i.e. METEC) for running virtual controlled release experiments.

The second step is to gather all the system documentation and known problems.
Since direct feedback from the L2 DT is not applicable in this case study, control algo-
rithms seek to perform analysis, in an offline sense. For example, the source location
using measured data from sparse sensors throughout the field [281] and perform be-
havior matching using synthetic and real timeseries data [1]. The sensor used in this
application is a tunable diode laser absorption spectrometer (TDLAS). This sensor
makes point based measurements at 5Hz with sensitivities in the 10 ppb s™! [9]. It
is mounted out front of a multi-rotor aircraft (or drone) that actuates the location in
space and time. The full state of the drone can be realized using the vehicle dynamics
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and motor inputs or treated as a subsystem in guided control mode with single or
double integrator dynamics. One of the common problems with methane emissions
is detection itself. Having good measurements of the local wind field is not generally
possible, so in situ wind or static wind measurements are used to inform the opera-
tor of where to search (e.g. downwind and around equipment). Flying upwind and
downwind of the source can be used to isolate leaking equipment or sections of a site.
Multiple point source emissions are often difficult to distinguish using point based
measurements, which include sources from adjacent sites that may drift into the mea-
surement region through variable wind conditions. Utilizing on-board computers and
WiFi based communication systems, data can be streamed to a local computer for
feedback of the real system. Upon completion of physical data gathering process, the
DT can be used to behavior match the system and exploit new methods of detection
and quantification performance.

The third step in the construction is the multi-domain simulation. For this case
study, there is a need to model diffusion and transport of the methane gas, as well
as the model the dynamics of the wind field. Since these domains are governed by
partial differential equations, namely, the advection diffusion equation and viscous
Burger’s equation, the computational cost can be quite high depending on numerical
strategy. For these reasons, we adopted the 2D small time-scale filament model by
[120], which stochastically treats the chemical transport at different length scales. The
wind field is solved using an implicit finite differences approach [275]. The dynamics
of the chemical sensor can be modeled with an effective sensor area and a low pass
filter. The dynamics of the actuator (e.g. multi-rotor drone) can be modeled using
single or double integrator dynamics as well. To extend the model to 3D power
law scaling of the wind is applied [282]. The site topology can be modeled using
simple geometric shapes defined at locations specified by the equipment pads (see
Fig. 4.6). The interaction between topology and gas filaments can be implemented
with a filament collision model.

|ii\|774!5\"iiﬂ' W
T Z

“ L3

Figure 4.7: (a) Site level emission survey and quantification from METEC using
TDLAS equipped drone. (b) The survey begins with a perimeter flight to identify
leaking equipment. (¢) Once a leak is identified the quantification can be done using
downwind and upwind mass balance flights.

The fourth step is the DT assembly and behavior matching. The DT is assembled
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by first connecting wind field model with the chemical filament dynamics and the
collision model defined by the topology. Next, the interaction with the sensor and
actuator models for measuring observations in space and time. Omnce the DT is
assembled, the behavior matching to the physical system of interest can be done by
calibrating simulation leak rates with observed timeseries concentration signals [1] (see
Fig. 4.1). This is done with a training data set (a subset of the overall data gathered)
that captures rich measurement data and knowledge of meteorological conditions (e.g.
atmospheric stability [177]). These data sets have been gathered, in this example,
through a series of survey flights that include: initial perimeter sweeps for detection
of leaks, and mass balance flights for quantification of emissions (see Fig. 4.7).

3U

Figure 4.8: Running the DT in parallel with the physical system, the dynamics of the
gas filaments are being lofted into the air due to the cylinders on equipment pad 3
at site 1 (top). The physical observations seen from experiment and calculated with
the mass balance (bottom) reflect those in the DT.

The fifth and last step in the construction process, is the DT validation and
deployment. The validation can be done by comparing the quantification results
(previously unseen data) to the behavior matched DT (from step 4) in an offline
setting. A well defined/trained DT will produce results suitable for prediction defined
within the purpose of the DT. The DT can then be deployed to run in parallel with
the physical system (see Fig. 4.8) gathering system wide data in the process (from
static sensors or other mobile systems deployed). This opens up the possibility to
perform online behavior matching of parameters, ultimately, providing estimates to
key parameters (such as source location [281]) for smarter path planning as well as
improving quantification efforts [51].

As we continue to use energy sources such as natural gas in our homes and methane
emission reduction continues to be an focus in society, there will always be a need
to detect and quantify emissions for repair and validation. This work proposes the
use of D'T’s for improving and testing the limitations of advance leak detection and
quantification techniques. Improving accuracy and frequency of surveys that can
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Figure 4.9: Example mass balance measurement for one curtain flight.

lead to reductions in overall emissions. The DT provides a way to cost effectively test
techniques and optimize approaches. The DT can also provide an added layer of in-
telligence for site performance and smarter path planning. Additionally, if component
level DT’s are incorporated within the site equipment (valves, tanks, etc.), prognosis
features such as remaining useful life (RUL) can be achieved. Using analytics such
as RUL, the frequency of surveys can be prescriptively increased for areas near the
failure limit.

4.3 A Case Study: Single-sUAS-based Character-
ization of Ground-To-Air Emissions

The experimental data used to convert the L1 Digital Twin to L2 was based off
a controlled release single source field experiment in the Merced Vernal Pools and
Grassland Reserve just north of the University of California, Merced campus (See
experimental setup in Section 3.5.2).

4.3.1 Behavior Matching

Once the experimental data is collected, the most data information rich flights are to
be selected to perform behavior matching with the L1 digital twin. In this experiment,
some of the curtain flights (such as flights 13 and 14) resulted in no detected emissions
and cannot be used to behavior match the model (see Table 4.2). After analysing
the 16 flights using the mass balance method (see Fig. 4.3), flight 1 showed stable
wind conditions, consistent methane detection throughout the ascending transects,
and good estimation of the true source rate. Thus, flight 1 was chosen for behavior
matching the sensor signal of the L1 digital twin to the experimental sensor signal (see
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Figure 4.10: The concentration time series in ppm during flight curtain 1, where
n, = 40 puffs/sec and the symbols 7,;, 7,,;, and 7., represent the i-th gap length, i-th
pulse length, and the time lag between the simulation and experimental data [1].

Fig. 4.10). The simulation source rate Q, was set to (Q, = 2.4 x 10** molecules/s).
Using the PG curves given the current meteorological conditions (i.e. atmospheric
stability) the initial condition of o, was chosen to be 8 m. The wind speed and
direction measured from the experiment was used as a direct input into the L1 digital
twin, using the mean wind field approximation. Using the behavioral characteristics
of the hyperparameters shown in section 4.1 and in an attempt to reduce complexity,
let ny = 1, such that nyn, has units as filaments per second. Heuristically tuning
the hyperparameters, to give a best guess of § = [cs, 7., ny, 0,)], the following initial
conditions were chosen: ¢; = 0.2, 7. = 5 m, n, = 40 puffs/sec, and o, = 8 m. It can
be also seen that there is a lag present in the system (see Fig. 4.10) which can be
attributed to model inconsistencies as well as initial conditions of the plume. Since in
this case study there is currently no implementation of plume rise (see MOABS/DT
in Section 4.2), the average altitude where concentration detection occurred was used
to determine the 2, term and the vertical dispersion was set to o, = 5 m.
If we represent the L1 digital twin given hyperparameters 6 as a function at time
t,
{ém7xi}t - {f(vaw)}tv (414)

with the sUAS position (i.e. sensor position) x and v describes the wind speed and
direction measurement using a model 81000 3D ultrasonic anemometer from the R.
M. Young company, USA. The output consists of a concentration measurement ¢, (%)
and filament positions x;. In the physical experiment the locations of the plume
filaments are not observable given that methane gas is not visible to the human



Chapter 4. Towards Smarter Environmental Sensing with Digital Twins 130

eye. The plume can potentially be observed using a large number of high quality
sensors, of which, is expensive, difficult to set up, and only be inferred using spatial
interpolation techniques. Thus, the only output available to optimize over is the
concentration measurement, ¢,,(t), in the least squares sense. In order to compensate
for the stochastic behavior of the plume dynamics, the cost function was designed
to average ny = 20 trials. Unfortunately, this leads to multiple possible solutions
to the minimization. Therefore, additional constraints on the hyperparameter space,
), and regularization can be added to constrain the magnitude of the concentration
measurement such that,

0 = arg %réi(rll J(0), Q=A{00min <0 <0nau}, (4.15)
1 nrt nt nt R
() = — > [0.2(2{%}@- — > {em}i)*+
T k=1 i=1 j=1 (4.16)

0-8(Cmax - émaz)Q]a

where ¢4, = max(c,,). The cost function weights were chosen to balance the effects
of each term and were determined from trial and error.

The solution to (4.15) can be found using a variety of optimization methods and
techniques, such as Gradient Descent or Stochastic Gradient Descent. Faster con-
vergence can be achieved using Hessian based approaches but due to the cost of the
forward model calculation and considering complexity of implementation these meth-
ods were not considered. Other gradient free approaches are more desirable for this
problem such as Genetic Algorithm, Extremum Seeking Control, or Pattern (Direct)
Search can be applied. With simplicity in mind, the Pattern Search Optimization
was used here to behavior match the digital twin to the experimental data. After
65 iterations and over 390 cost function evaluations (7880 forward model runs) the
gradient of the cost function dJ/dt ~ 0 (see Fig. 4.11). The model parameters were
found to be: ¢; =0.11, r. = 7.5 m, n, = 78 puffs/s, and o, = 8 m.

4.3.2 Quantification Methods

To calculate and perform the mass balance method, sometimes called the box method,
requires a way to measure the flux entering or leaving a control volume (see Sec-
tion 3.2.3). Typically, upwind and downwind curtain flights are used to measure the
flux. However, in the case of a controlled release the downwind curtain flight is suffi-
cient to calculate the flux, granted the plume is encapsulated in the flight path (see
Fig. 3.18). Using the timeseries vector ¢,, = [cn(Atl), cpn(2A8), ..., cp(n:AL)]T with
the corresponding measurement locations, {x}1*, a concentration matrix, C,, can be
estimated on an n by m spatial grid through spatial interpolation methods. The flux
calculation can be then given as the integration over curtain area with the average
wind vector multiplied by the cosine angle of the normal vector to the curtain with
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Figure 4.11: Pattern search method convergence plot for behavior matching of flight
1 given the cost function, J(#). The algorithm converged as mesh size tolerance was
reached to ~ 5.813.

the enhanced concentration,
6 = /A - A[(Cp — Cy)]dA. (4.17)

Here (', represents the background concentration measurement. An example of a flux
plane calculation can be shown in Fig. 4.3. Several kinds of techniques can be applied
to the timeseries data to generate C,,, such as Ordinary Kriging, Inverse Distance
Weighting (IDW) or statistical gas distribution modeling (e.g. Kernel DM+V/ W).
For the case of Kriging, a linear unbiased estimator, can be solved using a variogram
(or semi-variogram),

[ N )
IN () ; (s(z) — s(z+ h))=. (4.18)

v(h) =

Generally, the redundancy and closeness covariance matrix are calculated from fitting
the experimental variogram to a function with respect to the spatial distance or lag,
such as the exponential or Gaussian, and knowing the covariance of the measured
points (referred to as the sill). This method requires second order stationarity in
the spatial observations [205]. Unfortunately this is only approximately the case
during stable atmospheric conditions. Methods such as IDW look at the inverse
distance when determining weights and does not consider other spatial statistics as
in Kriging. There has been some efforts to improve this by looking at minimum error
variance within IDW [283]. Wind information has been incorporated into Kernel
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DM+V/W approach in 3D [284]. Another adaptation to statistical gas distribution
mapping approach was implemented in [285] by using the Gaussian plume kernel,
which incorporates the wind information into the covariance function in determining
the weights. The downside to this approach is that it assumes the source location.
This is not ideal for determining the flux in this case. The spatial-temporal effects
on modeling have been looked at as a separation between the spatial covariance and
the exponential decay between temporal measurements [286; 287],

w® = N([{x}i = x|, 0)p(ts, 1), (4.19)

where N is a Gaussian weight function, (-)*) represents the k-th grid point, {x}; are
the sensor measurements at time ¢; and ¢ is given as,

O(t,, ;) = e~ webs=t), (4.20)

However, when dealing with complex systems such as in turbulent environments there
may be several factors that determine what value of a, is. If we look at the weight
summation of exponentials, with elements increasing towards infinity, it can be de-
scribed by fractional order dynamic behavior [288]. The Mittag-Leffler function [289]
can be used to describe this behavior,

Ea,p(t) = i F((ﬂz ot (4.21)

k=1

such that when o« = 8 =1, & 1(t) = e'. Given that § = 1 and letting o decrease
we can see in Fig. 4.12 that the tail behavior decays much more slowly than the
exponential function. By combining the approach in (4.19) with (4.21) we can apply
a new weighting scheme with tuning parameter, «,

w = N(J2; — 2P, 0) a1 (—aylt. — t:]). (4.22)
The value of t, can be chosen for each grid point based on the time ¢; of the closest
measured point that minimizes [{x}; — x®)|. For the single sensor mapping problem
we test the change in sensitivity for « = 1, 0.5, and 0.1.

4.3.3 Discussion

After optimization of the L2 digital twin, using the experimental position and wind
measurements, each flight was simulated 10 times. The spatial interpolation was car-
ried out using Kriging, IDW, and Kernel DM/ V to see a comparison in quantitative
results across the different approaches. It can be observed that all the spatial inter-
polation methods tend to perform similarly. Also, for the spatial-temporal method
using (4.22) does not show noticeable performance improvement. Future work can be
done to address the optimal configurations of these methods and their hyperparame-
ters. It can be observed that the source rate estimations fluctuate in value depending
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Behavior of Mittag-Leffler function
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Figure 4.12: Response of the single parameter Mittag-Leffler function for &,(—t%) as
a € [0,1].

on current weather conditions and turbulence (see Table 4.2). Given small deviations
in the wind, the sUAS curtain flight path can appropriately capture the spatial data
through the mass balance plane. When the wind deviates slightly, the data we cap-
ture can sometimes be spread out over the flux plane (i.e. like a blurred image). As a
result, this can lead to higher source rate estimations or to poor detection and char-
acterization of the plume. Since the wind direction fluctuations correlate to different
stability classes it makes sense that there should be some correlation with the turbu-
lence intensity as well (see Fig. 4.13). Thus, mindfulness of the current atmospheric
conditions are important when planning and conducting these flights. Furthermore,
the wind behavior, to some extent, is always changing in magnitude and shifting
in direction. It seems this behavior is very rarely calm and stable, which may put
physical limitations on the sensitivity of accurate spatial sampling with single mobile
sensor systems (at least in the case for air). Comparing the experimental data to that
of the digital twin one can observe qualitative similarities in the distribution of sen-
sor detections, as seen in Fig. 4.14. Additionally, larger less frequent spikes at lower

altitudes were observed that are consistent with what was experimentally observed
(see Fig. 4.15).
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Normalized flow rate vs Turbulence intensity
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Figure 4.13: Here the turbulence intensity, T; = o, /u, of the wind is plotted against
the normalized flow rate, which trends toward Q. /Q =1 as T; — 0. A boxplot of
the source estimation for each flight (set of 10 simulations), given a spatial interpola-
tion method, is shown for each T; condition observed from the experimental data. A
smaller boxplot (shown within each boxplot) contains tails that represent the uncer-
tainty. We can observe 1) several flights agree with experimental data 2) majority of
flights underestimate the flow rate in short due to increased T; and 3) the remaining
flights that disagree are likely not capturing vertical plume behavior.

Probability versus detection concentration
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Figure 4.14: The detection concentrations from the simulation and experimental sen-
sor are compared in a probabilistic histogram. While the distributions show that the
majority of indications are near background levels, they also agree with the less likely
larger concentrations detected in the experiment.
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Figure 4.15: The detection altitude versus measured concentrations from the sim-
ulation and experimental sensor are compared. The distributions match well with
experiment and the probability of detection declines rapidly as the altitude increases

from 10-15 m.

Table 4.2: Results from mass balance method for 16 curtain flights are shown below
along with the average experimental wind speed, %, and the cos . between the normal
vector of the flux plane. The flow rates (experimental @), and simulation Q*) are in
SCFH, the subscripts denote the spatial interpolation method, and the superscripts
are the associated parameters, where K is Kriging, I DW is inverse distance weighting,
and K DM is Kernel DM+V.

Flt Qs Qox QP53 (QIPLL,  (@Ixpm  (QO%Hy  (QOir e cos Be
1 14.2+3.9 13.0+2.8 12.1+2.6 12.4+2.6 12.0+3.2 12.2+3.2 12.2+3.2 1.824+0.43 0.83
2 11.3+3.7 7.0+2.3 6.51+2.2 6.94+2.3 7.0+£2.7 7.0+2.6 7.0£2.6 1.754+0.57 0.96
3 2.4+1.5 1.0+0.7 1.1£0.8 1.1+0.8 1.5+1.3 1.5+1.4 1.5+1.4 1.1840.50 0.67
4 9.6+4.3 6.6+3.0 7.84+3.5 7.3£3.3 8.24+4.2 8.1+4.1 8.1+4.1 1.304+0.51 0.87
5 6.84+3.4 6.24+3.1 6.943.4 6.7£3.3 7.6+4.2 7.6t4.1 7.6+4.1 1.25+0.58 0.91
6 7.5+1.8 12.8+3.1 13.31+3.2 13.243.2 13.8+4.5 13.8+4.2 13.8+4.3 2.2740.54 0.97
7 4.6+2.1 6.71+3.3 7.54+3.7 7.5+3.6 8.0+4.4 7.9+4.3 7.9+4.3 1.37+0.57 0.67
8 3.241.0 9.243.0 8.7+2.8 9.14+2.9 9.0+3.2 9.14+3.2 9.0+3.2 1.93+0.57 0.93
9 4.6+2.5 6.31+3.5 7.14+3.9 6.94+3.8 7.2+4.3 7.3+4.3 7.3+4.3 1.4940.63 0.83
10 3.542.2 4.14+2.7 3.942.5 3.942.6 4.243.3 4.443.3 4.34+3.3 1.45+0.81 0.86
11 2.6+1.0 8.44+2.2 9.54+2.5 9.3+2.4 9.843.3 9.843.2 9.84+3.2 1.2540.54 0.52
12 2.34+1.0 7.5£2.0 8.542.3 8.4+2.3 9.0+2.8 8.942.7 8.942.7 0.9040.47 0.43

13* 0.940.3 15.6+5.4 16.8+5.8 15.7+5.4 17.7+6.9 17.3+6.8 17.5+6.8 2.474+0.87 0.98

14* 1.5+0.4 22.5+6.0 23.3+6.2 22.946.1 24.4+7.8 24.6+7.6 24.6+7.6 2.52+40.66 0.94
15 9.042.0 13.2+2.9 12.1+2.7 13.24+2.9 11.4+3.4 11.7+3.2 11.8+3.3 2.07+0.46 0.96
16 7.6+2.6 5.4+1.9 5.1+1.7 5.3+1.8 4.7+3.1 4.4+3.2 4.5+3.2 0.5240.27 0.27
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Figure 4.16: Given an unknown source location (zs, ys) the DT is behavior matched to
minimize the error e4 in the source location estimation (Zs, §s) given a sensor distance

described by d;.

4.4 A Case Study: Behavior Matching and Local-
ization Using Fixed Sensor Mesh

Suppose that within an environment of domain €2, an unknown point source gas
release exists at (zg,ys). Other than doing manual surveys (e.g. mobile sensing), the
alternative solution is to use fixed sensors, spread throughout the landscape. The
placement of these sensors would then depend on the number of sensors considered
and where the emission source is likely to be. For a uniform landscape with uniform
likelihood of the source position and no obstructions, the sensors take the form of
a grid. The spacing of the grid would then depend on the number of sensors (see
Fig. 4.16). The goal of this method is to determine the source location based on
sparse sensor measurements.

By creating a DT of the system we can analyse the physical and simulated mea-
surements to estimate parameters such as source rate § and source location (Zs, Js).
However, the DT needs to first be behavior matched. Let the DT and physical sys-
tem be modeled using POSIM [120; 1]. For simplicity, lets consider only the source
location problem given N sensors fixed in space. At time k, the ¢-th sensor location
is at x; and measures p; ;. Since the measurements are sparse we can utilize spatial
interpolation (e.g. IDW) to improve some of the resolution, from N point source
measurement, vector pp to a n X m matrix pp € (). Since the wind field is changing
and the plume can meander, the observed measurements tend to be noisy. In order
to perform behavior matching we need the low frequency behavior of the system to
be slower than the control input. In this case, the control is the source location esti-
mate (Zs, Js). Utilizing DMD, the low frequency modes can be retrieved from M + 1
snapshots of the measurement data directly,



Chapter 4. Towards Smarter Environmental Sensing with Digital Twins 137

A

I
Yi=| pipepml, Yo= 1| D2 Ps- Prms1], (4.23)
I | |

I
U =Y, Vy Sy Wy = | by by, | (4.24)
I

The recovered reduced order DMD modes ¥ show the low frequency behavior of
the spatially interpolated estimates p (see Fig. 4.17) such that the r-th mode v, moves
slow compared to the control. By performing DMD on both the physical system and
the DT, the source location distance error can be defined,

eq = |xs — X, (4.25)
— s DT
X, = argmax ¢, |, X, = argmax |7, (4.26)

where 1PT is the DT’s r-th DMD mode. The DMD modes can be selected depending
on the frequency of behavior of interest. For this case the first mode is used. Given
the error, a controller can be designed to provide self optimizing control (such as
extremum seeking control [47; 290]) or something as simple as a proportional control
law. In this case we chose the latter,

Xy = ky(xs — Xy). (4.27)

The potential limitations to this method are with the persistent of excitation (PE) of
the input signal (e.g. the plume measurements) and the physical sensor’s properties.
Without PE the SVD of the time snapshots can result in the eigenvalues being zero
and the DMD modes cannot be computed. Additionally, the sensor’s response and
relaxation time can potentially limit the performance if they are too slow for the
environmental conditions (or meandering wind).

4.4.1 Simulation

To illustrate the behavior matching method, we set up a simulation experiment where
the source location is at x; = (80, 10), and the initial guess of the DT source location
to be x4(0) = (45,45). The simulation domain spans a 90 x 90 unit area. The initial
wind conditions are stable with no meandering (¢ = 0.01, b = 0.01, and G = 1)
and unstable with meandering (a = 0.04, b = 0.04, and G = 5). The average wind
direction is u = [—1, 1]. The DMD modes are computed using M + 1 = 201 snapshots
using (50 x 50) IDW point estimates from 100 sparse sensors. The source location
distance error is calculated and used to update the DT source location estimate in
(4.27). The evolution of this can be seen in Fig. 4.18. The results from the no
meandering case and from the meandering case are shown in Fig. 4.19. It can be seen
that the meandering wind, in slightly neutral /unstable atmospheric conditions, can
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Figure 4.17: The results from a single snapshot of data using IDW is shown on the left
and the first four spatially interpolated DMD modes are shown to the right (starting
with the top row). The low frequency behavior creates a hotspot that varies less with

time, allowing for behavior matching optimization.

Figure 4.18: The time evolution of the DT behavior matching is shown for various
time steps. The DT is shown in blue and the unknown physical system is shown in

red.
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Figure 4.19: Given both meandering and no meandering wind conditions, the behav-
ior matching method converges around the true source location. Even though the
additional turbulence from the meandering conditions makes the convergence noisy,
the estimation of the source location seems to improve.

push the plume to different locations in the space. For example, a source may be
placed within the sparse grid of sensors, in such a way that certain wind directions
may provide no observations to the sensors. However, if wind variability is introduced,
the plume may redirect onto other nearby sensors, where observations can be made.
Depending on the source location and sensor density this can be seen as favorable,
however, further investigation is required. Preliminary results on the impact of sensor
density and meandering can be seen in Fig. 4.20.

4.5 A Case Study: Multi-sUAS-based Emission
Quantification with DE-CVT

In this section we discuss the multi-sUAS continuous source rate estimation method
based on CVT coverage control, DMD, and the mass balance flux plane with spatial
interpolation (outlined in Section 3.2.3).

4.5.1 CVT Coverage Control

The coverage control problem can involve applications such as path planning, obsta-
cle avoidance or deployment of mobile sensors to name a few. Given a domain of
interest €2, the local positions of the sensors P = (py, pa, ...pn) can be divided into N
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Source location error vs sensor density

25 10
[ ]
) 9
[ )
20 \ 8
\
\ 7
15 +
£ \ 6
5 AR
wm e N N 5
10 ~
) ° ~ -~ 4
~
— - [
.} -t
H 3
5F ®
[ ] - o
. [
. - :
[
0 . ‘ . R . ]
0 0.005 0.01 0.015 0.02 0.025 0.03

Sensor density

Figure 4.20: Preliminary results in source localization error are shown as a function
of sensor density. A single source location, initial guess, and mean wind direction
are used to vary meandering amplitude 1 < G < 10 (where 10 represents larger
meandering) for a fixed natural frequency w, = 0.2 and damping ratio ( = 0.1
(a = w? and b = 2w, (). The dashed line is the distance between adjacent sensors and
shows the method provides some improvements in resolution.

polytopes V = (V1, Vs, ...Vx). The polytopes are determined using centroidal Voronoi
tesselations (CVT)[291]. The cost function that controls the CVT desired positions
is,

N
J(P) = Z/v p(q)lg — pil*dg, for g € Q. (4.28)
=1 i

The partial derivative can be used with the mass, m;, and center of mass, ¢;, to
identify the critical point,

1
0.7(P) .
S = 2milri =) (430)

This means that ¢; = p; for all © = 1,2, ..N is a minimizer of the CVT. Treating the
relation as a gradient, Llyod’s algorithm can be used,

pi = —k(pi — ). (4.31)

The general algorithm to compute the locations of actuators by computing the
CVT [292; 293; 294] using Lloyd’s method. The general approach is described in [281].
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Figure 4.21: This diagram depicts the simulation environment setup and framework
implementation flowchart.

4.5.2 Method

In this framework, we seek to make continuous source rate estimation by control-
ling the UAV positions inside a flux plane €2, using CVT coverage control, utilize
spatial interpolation with /N sparse measurements to build a concentration map es-
timation, and then apply the mass balance method [215] to quantify the source rate
(see Fig 4.21). However, due to the turbulent behavior the measurements made, they
tend to be noisy and intermittent. The severity of the disturbances can be attributed
to the current atmospheric stability, which is a function of wind speed and solar ir-
radiance [177]. During more stable conditions (e.g. turbulence intensity is near 0)
the data can be considered quasi-stationary (in the flux plane frame of reference). To
help smooth this incoming data, a Kalman filter [295; 296] can be applied to the i-th
UAV measurement at time & to obtain py ;.

Once the N UAV flux plane measurements p, are made, an estimation of the n xm
point spatial concentration map py, € Q, C Q € R? can be computed using ordinary
kriging, p, — pr in (3.58). The semivariogram used to find pjj is the exponential
205],

A —3|h|
A(h) = a+ (¢ — a)(1 — exp T) (4.32)

In (4.32), a is the nugget, o' is the sill, and r is the range. Other potential fits for

the semivariogram function include the Gaussian as well as a-stable distribution but
were not pursued in this work.

Since the concentration map is assumed to be quasi-stationary, the results from
ordinary kriging can be noisy. Therefore we chose to explore the slow moving spatial
temporal dynamics of the estimated concentration map inside the domain €2, using
DMD. Given M + 1 snapshots of p the DMD modes can be calculated from (4.23)-
(4.24) and used to represent the density in the CVT cost, J(P),
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IP) =3 [ ata) + o) la = P

for ¢ € Q,,.

(4.33)

In addition to computing the DMD modes, a byproduct of the ordinary kriging is the
estimation error variance, o2. This can in turn be used to calculate the entropy of the
error variance as a weight for the CVT algorithm. In adaptive sampling the entropy
of information has shown to be better performing in reconstruction efforts [297]. An
advantage of using CVT in this case is the automatic distribution of measurement
points (e.g. UAVs). This can prevent uncontrolled clustering, which was an issue
encountered in [297]. The entropy is defined in the information theory sense as,
H(o?) = —0?Ino?, (4.34)

e

where o2 is a normalized quantity. The introduction of the entropy produces a trade-
off between exploration (entropy) and exploitation (density). The density based CVT
on one hand, seems to exploit more often the high concentration regions depending on
how the UAVs are deployed. For instance, if deployed in a region with multiple con-
stant hotspots, the UAVs take time to expand and cover the total area (see Fig. 4.22).
When entropy is included, the UAVs recognize there are areas of uncertainty not ex-
plored and therefore add weight to the unexplored area. This entropy weight helps
the CVT algorithm explore in a much quicker way, which is ideal for plumes that
may meander back and forth. The estimation error as a result of including entropy
dropped significantly given this scenario (see Fig. 4.23). The UAV position update
law was a modification to Lloyds by adding entropy. The update is defined as,

Di = _kp(pi - Cl//,i) - ke(pi - CHJ)? (435)

where, k,, and k., are positive constants used to adjust the weights of density and
entropy. The centroids ¢, ; and ¢y ; for the i-th UAV are solved using,

1
Maypi = /v Yi(g, t)dg,  cyi= - /v a1 (g, t)dg, (4.36)
1
mas= [ Hoa.0da, cn= [ qH()(g.0dg. (437)

To get the continuous mass flux measurement, a n, point moving window average is
used on the calculated source rate with the first DMD mode as an input,

Eey

Ng

M, =

k
3 /Q @ iy dA. (4.38)

Jj=k-—na

The variable ks is the conversion factor that converts to desirable units (e.g. SCFH
or kg/s), u is the average wind vector, and fi is the normal vector of the flux plane.
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The moving average was implemented to help smooth out the spikey instantaneous
flux measurements (see Fig. 4.25).

In some cases the meandering can shift the plume outside of 2, resulting in loss of
plume data. To combat this, a simple adaptive algorithm is constructed that relates
to the size and position of the domain €2,. The domain is defined by the plane position
vector ry, the plane angle 6,, the maximum height 2, ... and maximum width ;..

Given the center of the domain cq and the center of mass of density ¢, the flux plane
location and domain size can be adjusted adaptively,

lyinl _ [—ky(Cw - %y)] , (4.39)

émax _kZ(CQyz - vaz)
- 0
[;p, 1 — k(¢ — cuy)Ro, [ 1] . (4.40)
Py

Under the assumption that the domain €2, encapsulates the plume, the perpendicular
direction of the flux plane (w.r.t. the mean wind direction) is then used to center the
flux plane in the plume.

4.5.3 Simulation

In this section we give two illustrative examples of using this multi-UAV method.
The first example looks at exploration versus exploitation behavior of the CVT cov-
erage control given a static map in 2D. The second, looks at implementing the CV'T
algorithm on a more complex 3D case with turbulence and meandering plumes using
an extension of the small time-scale plume odor simulation (POSIM) [120].

4.5.4 2D static case

The first example is in the form of a static concentration map,

Ty —(z —5)?) —(y—5)°
f(z,y) =sin 5 sin g (exp o + exp o )7 (4.41)
where the UAVs are deployed within a uniform ball of radius 2 located at the origin.
In Fig. 4.22, we show the exploration/exploitation behavior of the density based CVT
(D-CVT) and the density/entropy based CVT (DE-CVT), where the position update
gains are set to: k, = k. = 2 and k, = 1. The benefit of adding entropy also improves
estimation error over time (see Fig. 4.23).

4.5.5 3D flux plane case

The 3D flux plane case, represents a fugitive gas emission scenario. The scenario
consists of a single source rate and N = 10 UAVs. The wind speed is relatively
constant, such that u = [—1,1]7. The state of the plume, the wind field, and the
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Time: 2

Figure 4.22: These plots show the current position / density reconstruction (left),
the ground truth (middle), and the entropy (right) of the DE-CVT (top row) and
D-CVT (bottom row) strategies for flux reconstruction.
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Figure 4.23: Given the 2D static case, the estimation error is reduced faster with the

DE-CVT. This is desirable behavior since the field may change over time in practical
applications.
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Figure 4.24: (left) 3D fugitive gas emission with deployed UAVs performing DE-CVT
algorithm (middle-left) Ordinary kriging estimation given current concentration mea-
surements for the UAV’s at timestep k& (middle-right) The first DMD mode capturing
the low frequency behavior of the kriging results and (right) the entropy map com-
puted from the kriging estimation variance.

UAV sensor is computed using POSIM. In this case we extend the 2D simulation
POSIM DT to include a 3D windfield by powerlaw scaling [282] in the z-direction,

u = uy(—)°, (4.42)

where a = 0.7 for stable atmospheric conditions, and zj is the altitude the original 2D
wind field is calculated (see Fig. 4.21). The 3D method is shown in Fig. 4.24, where
the difference in the instantaneous emission estimate from kriging p and the DMD
mode 17 can be seen. The continuous source rate estimation performance shows good
accuracy when measurements are more consistent and varies with the observations.
This behavior can be seen in Fig. 4.25.

4.5.6 Conclusion

This case study introduced a new multi-UAV method to make continuous source
rate estimations using an optimal coverage control CVT based on DMD mode based
density and kriging variance entropy. The 2D simulation shows that adding entropy
can provide better exploration behavior. The 3D simulation shows that the continuous
source rate estimation using DE-CVT provides a good estimate of the source rate
given that the UAV’s are inside the plume making good measurements.

For future work, we will not only look at exploring DE-CVT’s limitations on
source rate estimation (as a function of meteorological conditions, number of UAV’s,
the source rate, location, etc.) but will seek to compare existing methodologies (single-
UAV /sensor approaches such as mass balance [215], tracer correlation method [223;
229], near-field Gaussian inverse [189], OTM 33A [6]) against DE-CVT. Additionally,
an evaluation metric for computing the efficiency of each method (on a per UAV
basis) will be developed. The efficiency should contain variables such as system cost,
survey speed, accuracy, precision, and overall complexity. The next following step is
to extend to physical experiments.
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Figure 4.25: A snapshot of the instantaneous source rate (red-dotted), the continuous
mass rate using 10 s moving average (blue), and true source rate (black).

4.6 A Case Study: Multi-sUAS-based Emission
Quantification Using Mod-NGI

To illustrate the usefulness of the proposed method, a series of simulations are con-
ducted comparing the NGI method and the mod-NGI method. It is assumed that
the domain of interest contains the plume and the task is solely for quantification. It
is also assumed that from the surface to 2 m is not accessible by the SUAS for safety
reasons (see Fig. 4.26). Furthermore, let’s consider that the sUAS is controllable at
a high level and spatial position can be represented with single or double integrator
dynamics.

Q Zmax

No Fly zone Zmin

ymm ymax

Ground

Figure 4.26: The simulation sample domain.
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There are two general types of path planning approaches explored here: simple
fixed path planning (no vehicle dynamics), and adaptive path planning (single in-
tegrator dynamics). In the fixed path planning approaches, a lawnmower pattern
(also referred to as raster scanning), and an Archimedes spiral was explored. For the
adaptive path planning we look at extremum seeking control (ESC) and centroidal
Voronoi tesselations (CVT) (see Fig. 4.27).

Fixed Path Adaptive Path Planning
Plannirl/(y~'-""’ \
fl —\ o °
? ,"J ('/ G \ ‘ ([ ]
f———b \ :\\ [\7,// ‘,"" [ ] R
- ‘ - ’ °
____1 \\x / o
Lawn mower Spiral ESC CVT

Figure 4.27: This image illustrates the different path planning strategies to sample
the plume.

4.6.1 Fixed Path Planning

Path Planning

To test the fixed path planning strategies a series of simulations were conducted,
varying sample time, spacing between transects (or spirals) and the plume width (o).
It was observed that sample time and sample spacing (between transects) played an
important role in reducing the variability of the estimations. For instance, as the
sample time increased (i.e. more sparse), the performance (accuracy and precision
of the 0 estimates) degraded. Likewise, the sample spacing reflected the ability to
capture the center of the plume, often leading to poor performance. The width of
the plume, in conjunction with sample time, reflected the ability to even detect the
plume. Thus, the performance given different plume widths, o, was explored for
lawnmower and spiral paths (see Fig. 4.28). Conversely, it can be observed that
larger plume widths will lead to better estimations and less of a dependence on which
path planning approach to choose. For fugitive and small emissions this is not often
the case, since at larger plume widths (further distances downwind) the concentration
becomes quite small and perhaps even unmeasurable.
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Figure 4.28: In these boxplots, the estimation performance results for static plumes
different plume widths are explored for (a) lawn mower & (b) spiral paths

Given a dynamic plume setting, where the plume location has an oscillation e.g.
meandering wind that can infringe on the measurement process. To test the effec-
tiveness, the amplitude of the plume meander is increased from 0 m (no meander)
to 10 m for several frequencies given the same lawnmower flight path (1m transect
spacing, 2 Hz sampling rate, 1m/s horizontal velocity and 10% relative noise). The
results are shown in Fig. 4.29, where in some cases the source rate is not as affected
and in other cases the source rate is under- and even over-estimated.

Comparison with experimental flight data

The mod-NGI method was compared with the results in [11] using their processed
survey data. There were two DJI Spreading Wings S1000+ octocopter sUAS. The
first was equipped with a perfluoroalkoxy tubing that tethers a local inlet on the
UAV to a ABB Micro-portable Greenhouse Gas Analyzer (MGGA) on the ground.
It was also equipped with a wind sensor. The second was equipped with a lighter
prototype MGGA (pMGGA). A two-dimensional stationary sonic anemometer was
deployed near the boundary of the site for all surveys. The total data consisted of
22 flight surveys (7 for the first, and 15 for the second sUAS) was used to compare
NGI and mod-NGI results (see Fig. 4.31). Though the mod-NGI method did not
‘outperform’ NGI, the results were still comparable.

4.6.2 Adaptive Path Planning
Single-sUAS Extremum Seeking Control (ESC)

In nonlinear control theory, adaptive control is a very desirable topic, particularly if
the model of the system is unknown or not accessible. Here we consider a model-
free strategy called extremum seeking control (ESC), which aims to optimize a set
of parameters using a perturbation signal and filtering. One of the first stability
analysis works on ESC came from [107]. The ESC has been used to solve many
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Figure 4.29: In these sets of plots, the performance of the NGI (red) and the mod-NGI
(blue) at different amplitudes of meandering are shown and the different frequency
responses of the algorithms are shown in each row. It can be observed that both
algorithms do not perform well given dynamic (e.g. meandering) conditions. The
most variability can be seen in the plume width estimates.

problems, such as electric railway [131], maximum power point tracking [298], and
plasma impedence matching [299]. The principle of ESC relies on the minimization of
a cost function given some dynamical system. Here we treat the cost function as the
concentration of the plume and seek to find the center (see Fig. 4.27). Given several
values around the center of the plume, a reasonable estimate of the source could be
made. However, the slope of the measurement field may not be smooth. This may
lead to slow convergence times and trapping in local minima. It can be observed in
Fig. 4.30d that given a dynamic plume and slow convergence, mod-NGI estimations
perform poorly with ESC given the frequency of meandering.

Multi-sUAS CVT

Taking into consideration all of the simulations thus far, they all utilize a single
mobile sensor for estimation of the parameters. In this section we further explore
adaptive path planning by introducing multi-sUAS coverage control strategy, namely,
the centroidal Voronoi tesselations (CVT). The CVT strategy is brought into the
mod-NGI approach to improve the robustness given a dynamic source (as seen in the
previous sections). The CVT strategy looks to optimize the following cost function,

N
HX) =Y [ pl©)l - Xifde, for ¢ € 2. (4.43)
i=1""

Given the local positions of the sensors X = (X3, Xs,...Xy), a domain of interest {2
can be divided into N polytopes V = (V1, Vs, ...Vy). The polytopes are determined
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Figure 4.30: Given a moving source these six plots show the effect of the multi-UAS
CVT-mod-NGI and single ESC-mod-NGI based algorithms. It can be observed in
plots (a)-(b) that as the movement frequency of the source increases the ability of the
CVT-mod-NGI algorithm to estimate and track the source diminishes. This behavior
is much like the response of a time series signal given a low pass filter. Conversely,
as the window of points used to compute the mod-NGI approach is reduced, much
like we would expect, the ability to track and estimate the parameters increases.
Although the performance in (c) is improved, the estimations become more noisy,
and thus there is a trade-off between tracking performance and stable estimations.
To illustrate why multi-sUAS systems may be better, an ESC-mod-NGI algorithm is
shown in (d), where the ability to estimate parameters is not as robust to meandering
and exhibits more difficulty with hyperparameter tuning.

using centroidal Voronoi tesselations [291]. The centroids, ¢;, are computed using the
density function p(§) and positions are updated with Llyods algorithm [292; 293; 294],
X, = —k(X; — ¢;), where k is a proportional gain to be tuned. In this work we
substitute the density function for, p(X) = gmo(X, ©). Here, © = [Q, o5, o8, 1, pg]”
and the control parameters are related to the mod-NGI parameter estimations by,

0¢= (14 A, sin(w,t))d, (4.44)

py = Ay cos(wut) + fly, ps = Aysin(w,t) + fi.. (4.45)

The results of this approach are shown in Fig. 4.30 given A, = w, = 1 and A, =
wy = 0.5. The control parameters are time varying to introduce a persistent exci-
tation signal into the sampling for improving exploration and parameter estimation
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Figure 4.31: Comparisons between the results from Shah et al’s NGI, our NGI, the
mod-NGI, and the true controlled release flux using the controlled release survey data
from [11].

convergence.

4.6.3 Conclusions

In this case study we introduced the mod-NGI method for estimating emissions from
mobile sensing data. The mod-NGI performance is compared with NGI in static
and dynamic plume settings. The methods utilize fixed (lawnmower and spiral) and
adaptive (ESC and CVT) path planning based measurements. For single mobile
sensor approaches, the proposed method shows improved estimation accuracy and
precision given static plume settings, however, when exposed to a dynamic plumes
the performance particularly degrades in the source rate, and plume width estima-
tions in both approaches. Regularization based optimization was also explored and
offered little improvements in certain instances and degradation in others. The mod-
NGI method seen comparable estimation results to previously published NGI data
using controlled release survey data. Lastly, the results of the multi-sUAS adaptive
path planning approach, CVT-mod-NGI, show good tracking and estimation perfor-
mance. Furthermore, the use of multi-sensor strategies in simulation, outperform
single sensor ones given a dynamic plume. This provides some motivation to utilize
multi-sensor strategies in physical experimentation. Future work will look utilizing
MOABS/DT [49] simulation (based on the ARPA-E METEC facility) to test the
short time-scale behavior of the mod-NGI and CVT-mod-NGI methods. Addition-
ally, comparison against controlled release mass balance based approaches in [1].
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4.7 A Case Study: Single and Multi-sUAS Emis-
sion Quantification Performance Assessment
using MOABS /DT

Understanding performance limitations of a new or existing method, typically, re-
quires many field experiments under different scenarios and weather conditions. The
methods are then validated through multiple trial runs (given each configuration),
ultimately, making it costly to pursue and difficult to compare against competing
methods. This is also true, going from an early method design stage to something
more practical and deployable. In this case study MOABS/DT is used to test sin-
gle and multi-sUAS emission quantification methods and there performance under
different meandering and terrain conditions.

15
ppm

measurement

sample path

Figure 4.32: To validate the model the sUAS samples along a fixed path downwind
of the source. The measured signal is shown in the top right.

Meandering
Conditions

Figure 4.33: Subsections of the METEC location used for the case studies: No Ob-
stacles (green), Small Obstacles (red), and Large Obstacles (Magenta). The colored
points correspond to the plume starting locations.
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4.7.1 Simulation Setup

To understand the performance assessment of the four quantification methods, the
simulation setup was broken down into three categories: No Obstacles, Small Ob-
stacles, and Large Obstacles. The emission locations were chosen from the METEC
site and surrounding area, which can be seen in Fig. 4.33. The terrain used for the
METEC site is derived from LiDAR data. The terrain data is coupled with the
MOABS/DT’s collision algorithm, which allows for the exploration of the effects of
plume-structure interaction with regard to methane source quantification. For each
category, the same methane plumes were simulated, ranging from no meandering,
small meandering, and large meandering. This determined how dynamic the plume
was through time laterally and each of these plumes were independently simulated 5
times due to the stochasticity of the wind field. The wind conditions were chosen to
be neutral with the mean wind speed near the ground being 1 m/s. The plumes were
modeled with a constant small leak rate of 0.05225 g/s (~ 10 SCFH).

After the plumes were fully simulated, the four methane quantification methods
were tested on plumes at multiple downwind distances for each meandering type.
Further details can be seen in Table 4.7 and in Fig. 4.33.

For the singe-sUAS case, the sUAS moved in a fixed path consisting of way-points
constrained to a flux plane that was 50 m wide and 10 m tall. An example of this
path can be seen in Fig. 4.32. The sUAS was modeled as a point mass with double
integrator dynamics. The position error between the sUAS and the target position
(or waypoint) was passed through a PD-controller. The sUAS was given a maximum
velocity of 2 m/s and maximum acceleration of 1 m/s? The sUAS took 225 s to collect
the methane data along its path across the fully developed plume.

For the multi-sUAS strategies, the swarms were given 120 seconds to sample the
fully developed plume where the swarms calculated the source rate in real time. The
last 96 seconds of the flux estimates were averaged to retrieve a single flux estimate
for the trial.

4.7.2 Results and Observations

From the plots shown in Fig. 4.34, both of the single sSUAS strategies performed
well. The NGI method was observed to have performed better than the MB method
overall but had larger variability 15 m from the source for the No Obstacles category.
A general trend that can be seen from Figs. 4.34, 4.35, and 4.36 is that, for the No
Obstacle and Small Obstacle categories, the estimates get worse closer to the source
and better downwind. The Single-sUAS methods are generally best in the ranges of
~ 100 m - 400 m. The Multi-sUAS strategies stay accurate past 400 m with the
exception of DE-CVT with 3 UAVs.

When comparing the all of the strategies, the NGI method performed better than
the MB method overall with both performing similarly in the 100 m - 400 m range.
DE-CVT performed well for only a swarm size of 9 past 200 m. The Mod-NGI method
performed well for both swarm sizes downwind but performed the best within 150



Chapter 4. Towards Smarter Environmental Sensing with Digital Twins 155

m of the source with a swarm size of 9. All methods displayed increased variability
progressing from the no obstacles to large obstacles within the ranges tested.

The observed effect of swarm sizes in the multi-sUAS strategies indicate that as
the number of sUAS increases, the accuracy of the emission estimate gets better. In
the DE-CVT method, the emission is marginally overestimated near the source with a
swarm size of 9, whereas, for a swarm size of 3, it performed poorly. In the mod-NGI
case, the swarm size of 3 shows increased variability in the estimate, which indicates
that there must exist an optimal swarm size for estimating the emission.

4.7.3 Conclusions

In this case study we utilize the MOABS/DT platform to assess the performance
of the MB, NGI, DE-CVT, and Mod-NGI methane source quantification methods.
The plume parameters were gauged via comparing methane signals in simulation to
methane signals seen in practice. Results from this study show that all of the methods
performed well with the single-UAS strategies and the DE-CVT method decreasing
in accuracy and increasing in variability close to the source. The mod-NGI method
performance had high variability near the source for a swarm size of 3 but performed
better than all of the other strategies with a swarm size of 9 at all ranges.

From this study, we can infer, as a rule of thumb, that the NGI and MB methods
work best ~ 100 m - 400 m from the source. The DE-CVT works best for all distances
beyond 200 m for higher swarm sizes. The variability of the quantification increased
for all methods (given obstacle categories) except the mod-NGI method with a swarm
size of nine.

An advantage of simulating these quantification methods is that it allows for the
performances to be compared under the exact same environmental conditions. This
eliminates any quantification variations due to changes in atmospheric conditions,
allowing for a more accurate means of comparison. Furthermore, utilizing D'T’s for
benchmarking methodology is a very low-cost and efficient way to explore performance
compared to field experimentation.

Based on the results observed in this study, future work will: explore further the
effects of swarm size on emission quantification, add more quantification methods to
compare, and test strategies over various simulation scenarios.

4.8 Chapter Summary

In this Chapter we introduced the Digital Twin framework in the context of environ-
mental sensing with sUAS. Two DT platforms were introduced, namely, the Plume
Odor Simulation (POSIM) and the Methane Odor Abatement Simulator with Digital
Twins (MOABS/DT). The case studies presented in this Chapter focued on: char-
acterized of a controlled release ground-to-air emission using POSIM under different
spatial interpolation strategies; investigating a localization method using behavior
matching between physical and DT plume simulations; development of a continuous
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Figure 4.34: Results for the Mass Balance and NGI methods averaged over all of the
meandering conditions and plume repetitions for each case study and distance. The
solid lines indicate the means at the points while the vertical distance from the solid
line to the edge of the shaded region represents the standard deviation at that point.

source rate estimation technique using a CVT-based multi-sUAS strategy with DMD
and estimation entropy; development of the modified NGI method (mod-NGI); and
a MOABS/DT-based method performance analysis between single-sUAS and multi-
sUAS-based quantification strategies.
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Figure 4.35: Results for the DE-CVT method for a swarm size of 3 UASs and 9 UASs
averaged over all of the meandering conditions and plume repetitions for each case
study and distance. The solid lines indicate the means at the points while the vertical
distance from the solid line to the edge of the shaded region represents the standard
deviation at that point.



Chapter 4. Towards Smarter Environmental Sensing with Digital Twins 158

a_
P i 3 UASs
ool 9 UASs
s 5[
B3
o3l
=] —
= 1
_?_ i i i i i 1 i i i i
50 100 150 200 250 300 350 400 450 500
5_
B 4
o =
-
g =,
= 8
g 2
o i,
E oL
m_::l 1 1 1 1 1 1 1 1 1 J
50 100 150 200 250 300 350 400 450 500
2_
m
@ _/\/
[}
& 1
w
o —
o
o O
s
-,1 1 1 1 1 1 1 1 1 1 i
50 100 150 200 250 300 350 400 450 500

distance (m)

Figure 4.36: Results for the Mod-NGI method for a swarm size of 3 UASs and 9
UASs averaged over all of the meandering conditions and plume repetitions for each
case study and distance. The solid lines indicate the means at the points while the
vertical distance from the solid line to the edge of the shaded region represents the
standard deviation at that point.



Chapter 5

Digital Twin Enabled Smart Sensor
Placement and Steering

In the previous chapters, we discussed random search, quantification of methane
emissions with sUAS and Digital Twins (DT). One of the major outstanding questions
is how to best deploy mobile sensing within the field to extract the most information?
i.e. increase the accuracy and precision of the emission estimates. Therefore the
purpose of this chapter is to explore the idea of smart sensor placement and steering
for improving emission quantification. Omne of the major challenges of estimating
emissions, (e.g. inverse dispersion methodology) using methods outlined in Chapter
3, are such that the problem is often ill-posed. Lets consider the system,

u=Az= /ab K(z,s)z(s)ds, (5.1)

where K (z,s) is a continuous kernel with partial derivative 0K /0x. According to
Hadamard, for a problem to be well-posed it must meet three conditions [300; 301]:
(1) A solution, u, must exist. (2) There exists a unique solution, u, for a given input
z. and (3) The inverse solution, z = A~'u, is stable under small perturbations.

For the inverse dispersion problem, inherently apart of emission quantification, this
is often not the case and requires optimization and regularization to solve. Therefore,
in this chapter we will focus on the sensor placement and steering problem, overview
empirical Gramians, and make the connection to Digital Twins in an optimization
sense.

5.1 Sensor Placement and Steering Problem

The sensor placement problem suggests that there is a coherent structure within the
data such that it can be represented with a sparse vector of measurement points.
This problem is very similar to the compressed sensing problem where a transform
basis ® € R"™*" (typically a Fourier or Wavelet basis), and a sparse vector s € R”

159
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that can reconstruct the states or signal x € R”,
x = Ps. (5.2)

This method is typically used for image and audio signal reconstruction where they
are compressible. Despite having considerable success in real-world applications it
still relies on access to the full high-dimensional measurements [302]. In practice,
a single mobile sensor system is deployed to make measurements of the system and
the field changes spatially and temporally. Thus, the question of where best to steer
the mobile sensor to achieve the best performance arises. In the work by Ucinski et
al. [303], optimal sensor placement was explored for estimation of distributed param-
eter systems. Given a possibly nonlinear system,

dy

%= Az, t,y) + f(x,1), (5.3)

where A is a spatial differential operator and f is the source term. The authors
utilize time intervals (called stages) where they compute the parameters via maxi-
mum likelihood estimator. The forward problem is then computed (using numerical
methods and the assumption the wind field is known). Given the forward problem
the optimal trajectory can be computed given the Fisher Information Matrix (FIM),
F, and D-optimality condition, U[F| = —log det(F),

P =3 [ s 0.00" @ 0.0 (5.4)

where
g(.ﬁE,t) = ng($,t;9)|9:90. (55)

The concept is that the D-optimality condition-based trajectory will lead to better
maximum likelihood estimates of the system parameters and thus reduce overall error.
Other works have looked into this FIM way of thinking before, such as with [304], or
even exploiting the gradient of the Cramer Rao Lower bound in [305].

In essence, the optimal trajectory depends on what the optimality metric or con-
dition is. For instance, there are several other metrics using the FIM. In particular,
there is the E-optimality W[F] = \,4.(F~!) (or smallest eigenvalue), A-optimality
U[F] = tr(F~1), or the sensitivity criterion W[F| = —tr(F). Other types of metrics
have been explored in an effort to find better performance. For example, entropy has
been used as a coverage control metric for deployment with the continuous source rate
estimation method [281] described in Chapter 4, or in source seeking context with
the Entrotaxis method [127]. Instead of looking for the observability of a system is
another promising deployment metric utilizing control-theoretic techniques[281]. An
example in the literature by Hinson et al. [306], where they used the empirical observ-
ability Gramian as a cost function to select the best sensor placement for gyroscopic
sensing in a hawkmoth wing. The results reflected quite well to what was seen in
nature.
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However, in order to update the sensor position or decide on a trajectory the
forward model needs to be computable, at least on a timescale that is relevant to the
application. To compute (5.5), the output needs to be generated for the derivative
with respect to each parameter. For high dimensional systems, this can be challenging.

Another method for solving such an issue, is the simultaneous perturbation and
stochastic approximation (SPSA) algorithm [307]. When given a p-dimensional sys-
tem, which requires 2p noisy measurements using finite differences with traditional
stochastic approximation algorithms, the SPSA algorithm only requires 2¢, such that
q < p. There have been some advancements using digital-twin-enabled smart control
engineering with parallel SPSA [308].

5.2 Empirical Observability Gramians

In control theory, the observability Gramian is an important concept for designing
state estimators, or performing model order reduction. However, this is typically
limited to linear systems theory and not applicable to nonlinear systems. An extension
to this concept is the empirical Gramian, which was developed for the use with
nonlinear and parametric systems. Given the nonlinear system,

&= f{t,2(t),u(t),0), y(t)=h(t,x(t),ut),0), (5.6)

the empirical observability Gramian can be defined as,

152] 4
o= (12 [, (57)

where Wl = (y!(t) — )T (y*(t) — 4"). The initial state configuration is given as, ¥ =

die + Z, u(t) = @, and § = 1/T [{ y(t)dt. The term S, = {d; € R: | = 1...L, d; # 0}.
There are existing tools in MATLAB to compute W,, such as emgr function (outlined
in [309)).

If the system has process noise the trajectories can be computed using the forward
Euler-Maruyama method for the It6 calculus, such that,

Xop1 = Xo + f(Xp, w) At + 0( Xy, u) 2,V AL,

where Z; ~ N (0, I) and Xy is sampled from the initial condition distribution [12]. The
expectation for the empirical observability gramian can be computed using Theorem
7 in [12],

BIW (b1, 20,)] = Wo+ W, 53)
(Vo) =13 | (Bly™] = Bly™ )" (Bly™) - Bly s 59)

(W5)is = 412 Ji Y (Covly*] — Covly™))dt. (5.10)
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The stochastic empirical gramian shows a connection with the condition num-
ber of the Fisher information matrix, F(¢), and the covariance matrix, R, of the
measurement system [12] (see Fig. 5.1). This relation is shown as,

d
hm Wo(t To, ), (5.11)

F(t) < a(R™)— or .

where o(R™!) represents the maximum singular value of R~

Figure 5.1: The minimum and maximum condition numbers of the Fisher information
matrix is bounded by the empirical observability Gramian scaled with the condition
number of the measurement noise covariance matrix (see [12] for more details).

Once the empirical observability gramian is obtained, the optimization can be un-
dergone. Optimizations such as those with the objective functions, J(-) using the mea-
sures of unobservability [310], or with the —tr(W =), logdet(W), and rank(W) [311].
Because the observability Gramian is closely related to the estimation uncertainty
and the FIM, the eigenvalues of the observability Gramian directly control the Fisher
information and inversely control the estimation covariance. The minimum eigen-
value, Apin (W), is a measure of the output energy for the least observable mode,
while the maximum eigenvalue, . (W), is the measure of the output energy for the
most observable mode. The potential cost functions and their significance are listed
in Table 5.1.

5.3 Empirical Identifiability Gramian

With the concept of observability and empirical observability gramians, the output
of the system is used to give information on how well the states can be recovered.
If we are interested in understanding how the system parameters can be estimated
from the output, then we would inquire about identifiability. This is constructed by
augmenting the parameter state dynamics into the general states of the system,

(‘z((g) _ (f(tx(ﬁﬁ(ﬂﬁ(ﬂ)) L oy(t) = glt,z(t),u(t), 6(1)), (5.12)
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Table 5.1: Observability metrics that can be used as a minimizing cost function for
evaluating a system.

Metric Significance
k(W) shape of estimation uncertainty ellipsoid [310]
Omin(W)™1 unobservability index [310]
tr(W=1) minimize average estimation uncertainty [312]

—log(det(W)) minimize estimation uncertainty volume [312]
—rank(WW)  max observable states [312]

Ain (W) ™1 maximum estimation uncertainty [311]
Amaz(W)™! minimum estimation uncertainty [311]
det(W—1) volume of estimation uncertainty [311]

where the parameter-states initial value is used for testing parameter perturbations.
The resulting augmented observability gramian has the block structure,

s (Wo Wiy

where the mixed state and parameter block is Wy, = W1,. The empirical Identifia-
bility Gramian is then defined using the Schur-complement,

Wi =Wp — WLW5 Wy (5.14)

In some cases, the indentifiability can be approximated as W; ~ Wp. However, similar
to the Fisher information and SPSA case, to compute the empirical identifiability
matrix the parameters need to be perturbed. Depending on how the forward model
is computed, this may lead to a higher computational cost compared to the empirical
observability Gramian.

5.4 Persistence of Excitation and Sufficient Rich-
ness

The term, persistence of excitation (PE), commonly refers to a exogenous signal
that excites the states of the system. This is important to consider in mobile sensor
actuator systems as sensor position is reflected in the output only, and is needed to
observe the excited states, where they are observable. The formal definition for PE

is given here [313],
t0+N
> z(t)z(t)” > al, (5.15)

t=t0+1
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Figure 5.2: A diagram depicting the interconnection between the three major tasks
of digital twin enabled smart sensor placement framework.

where x(t) € RY is a sequence and « > 0. The term, sufficient richness (SR), is used
to describe the PE of a control signal in the system that is order m, given N steps.

z(t+1)
t0+N T
¢ + ) [+ D)7zt +2)7, -zt +m)T] > al. (5.16)
- x(t+m)

In the work by [314], the definition is given in integral form,

/ 2t (t)dt > o, Vi, € R. (5.17)

to

The definition for persistently excitating of order [ of x is if z; is persistently exciting,
xy = [zOF ... V7T (5.18)

The importance of defining PE and SR can be shown in the works like [315], such
that, even a single sensor with motion can induce the PE condition and ensure the
convergence of the spatial field estimation. Therefore, given multiple mobile sensors,
the PE condition requirement should still hold, eventhough the spatial fields in [315]
are linearly expandable with respect to the parameter to be estimated.

5.5 A Case Study: DT-enabled Sensor Placement
and Steering with the Empirical Observability
Gramian

The introduction of DTs into the sensor placement and steering problem provides

a pathway for computing the forward problem efficiently and quite possibly in near
real-time. One way to approach the sensor placement problem would be to follow the
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work in [303], where the sensor deployment would be updated via one of the Fisher
information matrix based metrics (e.g. D-optimality). While this seems very enticing
to pursue, the Fisher information matrix requires the computation of the partial
derivative of the output with respect to the parameters, leading to more forward
model solves to achieve. In the context of DTs, this would require many active DT
assets simulating perturbations within the parameter space. However, as we seen in
previous sections the empirical observability Gramian can be computed with just the
output of the system.

One of the advantages of having an actively behavior matching DT of the system
is the ability to converge overtime, assuming the physical system is observable and the
information is sufficiently rich, the sensor placement would have need to have persis-
tence of excitation condition to promote parameter estimation convergence [315]. To
first expand on this concept, let us consider that the empirical observability Gramian
can be applied to find an optimal trajectory, reducing uncertainty and improving
parameter estimations.

5.5.1 Problem definition

Let us define a domain € C R? that contains a single concentration source and is
perturbed by an unknown wind field u. Let there be N point measurements using
mobile sensors (i.e. sUAS) deployed in €2, using CVT-based coverage control. The
CVT plane, Q, C Q is defined by the position vector r(t), the width w, the height A,
and the normal vector heading ¢, such that , L Q, where {2 is the floor of 2. The
position of the i-th sensor is given as z;(t) and is used to measure the concentration
and wind fields. Let the concentration field is described by,

Op=V-(DVp)— u-(Vp) +q¢d(x—xs), (5.19)
—_———
coupled disturbance control

where the advection component is thought of as the coupled disturbance and the
source component the control signal. Then, the concentration states can be written
as,

p = f(p,p,ulD), (5.20)

where 1 = go(x—x;). Let us assume that the wind field disturbance can be described
by the viscous Burgers equation,

oi; = —a - (V) + K - V3, (5.21)

where (u;) is the average wind it the i-th direction of u = [uy, us, u3]?, and K =
(K1, Ky, K3]" are the viscosity terms (see more details in Ch. 4).

Lets assume the mobile sensors can be modelled as single integrator systems and
have neglegible affect on the physical measurement (i.e. no sensor noise). If the do-
main () is spatially discretized to support a high dimensional number of states, the
individual persistence of excitation of any p;;x(t) states can be explored. Considering
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the definition in (5.18), it is easy to argue that the areas with persistence of exci-
tation are around areas with concentrations that change or are non-zero (relative to
background level). This because the control (i.e. source) is acting as the sufficiently
rich signal that interacts with its neighbors according to (5.19) and (5.21). Therefore,
sampling around areas where the states are excited (given the diffusive behavior of
the physical system), are of utmost importance for parameter estimation (i.e. the
sensor placement problem). Thus, the problem is (1) how to choose the best place
to measure, and (2) how to deploy the sUAS to measure, reduce uncertainty and
increase parameter estimation accuracy.

5.5.2 Framework

To solve the problems listed above, we have to define several smaller tasks. The
first task (T1), would be to find the general area where the plume is likely to be
(i.e. sufficiently rich). The approach taken here, is to control the location of the
domain €, with r(¢) and ¢, (referred to as a plane control task) using the empirical
observability Gramian and digital twins (MOABS/DT). By controlling the domain
2,, the sUAS can be controlled in a stable and bounded way. It is assumed that
the initial deployment of the sSUAS into the plane will be undergone before the task
is started. Additionally, the plane controller will actuate the plane at slower rate
than the dynamics of the sSUAS will allow. This is to ensure that the plane does not
outpace the sUAS and potentially result in a collision. It is further assumed that the
plane control will be subject to constraints, such as restricted areas (e.g. buildings
or equipment) within the domain £ C Q, which indicate the points on the floor of 2,
that are not restricted.

The second task (T2) would aim to solve the deployment of the sUAS inside the
control plane €2,. In previous works, the CVT method has been used to determine
the desired location of the sensors, this includes the DE-CVT and mod-NGI-CVT
methods. However, the sensor locations are relatively slow moving within the domain.
This slow moving (sometimes fixed) behavior may limit the sensor from reaching the
states that are excited (or have concentration at some time t). Therefore, there needs
to be continuous movement within the plane to increase the chances of measuring
an excited state. Furthermore, in [316], the reconstruction of spatial temporal field
was explored using radial basis functions (RBF). One of the major assumptions to
the Theorems proposed (leading to parameter convergence), is that the sensor passes
through the center of the RBFs used to estimate the spatial-temporal field (i.e. the
point of maximum concentration for Gaussian). As a result, the concept of phase
portraits is used to construct a velocity field with the stable points centered inside
the control plane 2, to induce the PE condition. The mod-NGI-CVT based desired
positions can be included in the computation to result in new objective function for
obtaining a continuously moving coverage control method.

The third task (T3) is estimate the parameters of the system. This comes in three
subtasks: parameter estimation, localization, and behavior matching. For parameter
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estimation the mod-NGI [317] algorithm proposed in task two can be used to extract
the source rate and local (in plane) dispersion information. Then, a localization algo-
rithm, such as the Lambert W function (see Section. 3.4), particle filter, or Bayesian
approach (see Section. 3.2.2) can be used to estimate the source position. The esti-
mated parameters are then mapped to the DT parameters as apart of the behavior
matching process.

When all three tasks are solved iteratively, the system parameters are expected
to converge to the correct values. The reasoning is that in T1, the DT is used to
understand the states of the system (increasing observability for T2), then the results
from T2 are used to inform T3, and ultimately, T3 improves the DT’s ability to
represent the physical system (which is used in T1). The interconnection for the
three tasks are shown in Fig. 5.2.

5.5.3 Simulation

CVT centroid
Applied Velocity Field
Combined RN

()

63‘6 .- --- - e
: 7o) Por(xt) Q

Figure 5.3: The domain (2 contains the source p, digital twin ppr, and the €2, plane
(functions of r(t) and ¢(t)). The projection from the Lagragian states to Eulerian
states onto ) are shown by ppr. Inside Q there may be regions that r(¢) cannot go,
illustrated in red shaded color. The CVT continuous coverage controller is shown on
the right. The combination of the two desired setpoints are used to dynamically steer
the centroids in a orbit around the stable point (located in the center of €2,,).

To test the performance of the DT-enabled sensor placement and steering given
different empirical observability Gramian metrics, the MOABS/DT platform was ex-
plored. To better understand the performance of each of the metrics in Table 5.1,
the scope of the simulation is reduced to just focus on the first task, T1. Therefore,
following the framework it is assumed that the DT has been sufficiently matched
with the physical system to meet the goals of tasks T2 and T3. This means that the
simulation (see Fig. 5.3) includes a DT representation for the wind field, and plume,
as well as a simulation of the physical wind field and plume (which is used to take
sensor measurements).
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2, Plane Controller

Given the current states and parameters of the digital twin, ppr and 0p7, a function
mapping hpr() is needed to map the Lagrangian states to that of an Eulerian ones
ppr — ppr € . This is achieved by uniformly discretizing the domain 2 and
integrating along the ez direction (see Fig. 5.3). The resulting map of ppr is then
used to compute the empirical observability Gramian, Wo. Given the nonlinear
system,

por = flppr, x, 11,0, 0),
y = hDT(pDTar)a
= —k(r—ry),

o= _kcpASOda

(5.22)

where ry and ¢4 are the desired plane location and heading, and k, > 0 and k, > 0
are proportional constants. To avoid computing Wo across the whole domain, only
points near the current plane location are considered. Furthermore, since ppr C 2
The empirical observability Gramian can be computed at some nominal point ry using
sample trajectories in the e; and ey directions, defined as,

118

O |S ‘ Z d2/ (523)

where W' = (y"(t) — §")"(y"(t) — ¥"). The initial state configuration is given as,
¥ = dye;+7, u(t) = u, and § = 1/T [l y(t)dt. Theterm S, = {d; € R: 1 = 1...L,d; #
0}. There are existing tools in MATLAB to compute W,, such as emgr function
(outlined in [309]). Given the estimate of the empirical observability Gramian in the
perturbation directions, an objective function J(W,) can be chosen to evaluate each
(see Table 5.1). For each direction and for each candidate objective function, the step
will be evaluated and used to compute a plane control vector.

CVT Continuous Coverage Controller

Given local coordinates of the domain €2, the positions of the sensors z = [z, 2, ...z ]
can be divided into N polytopes V = (V1, Vs, ...Vy). The polytopes are determined
using centroidal voronoi tesselations (CVT)[291]. The cost function that controls the
CVT desired positions is,

N
H(z,t) = Z/v M(q,t)|z; — ql*dq, for q € Q,, (5.24)
i=17Vi

where M(-) is a... The partial derivative can be used with the mass, m;, and center
of mass, ¢;, to identify the critical point,

1
:AMWM’%:WAWMW% (5.25)
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Figure 5.4: The phase portrait for different parameters (outlined in 5.28) can be seen
here, where the velocity field is shown to divergent /convergent, stretched, and shifted.

oM ’

oz, =2m;(z; — ;)" -

This means that ¢; = z; for all i = 1,2, ..N is a minimizer of the CVT. Treating the
relation as a gradient, Llyod’s algorithm can be used,

(5.26)

(Zz)c = —kC(Zi - Cmi)' (527)

The general algorithm to compute the locations of actuators by computing the
CVT [292; 293; 294] using Lloyd’s method. To make the coverage control algorithm
continuous, a velocity field can be applied using the following,

A

(2i)v = /\Wzi, A= lf H : (5.28)

where 3, v, and A are constants. When 5 > 0, the system is diverging, (z;), — oo,
when § < 0, the system is converging (z;), — 0, and when 5 = 0, the system is
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critically stable. When v < —1 the velocity field is stretched vertically, and when
0 < v < —1 the velocity field is stretched horizontally. Because the system is linear,
the dynamics can be easily shifted (see Fig. 5.4). Additionally, by normalizing the
matrix A and having a gain X\ the resulting velocity field can be scaled to appropriate
magnitudes. If the distance gets too far from the stable point, the magnitude of (z;),
can be limited, such that,

Zi)y = U (2i). if (z; v
(ZZ)U - mam|(zi)v|7 f( z)v > max- (529)

To combine the two forms, an time step approximation of the trajectory (in the
direction of the desired velocity field) is used as a desired location with weight k,,
resulting in a new dynamic law,

If we consider that k = k. = k,,
z; = —k(z; — ey, — c,), k>0, (5.31)

where ¢, = (%;),At. If we consider that the density function M(q,t) be a radial
basis function (such as the Gaussian Plume Model used in the NGI and mod-NGI)
centered at the stable point of (z), dynamics, the orbiting trajectory path would be
circular as well.

5.5.4 Simulation Setup

The simulation was initialized with the true source and DT located at x5 = [120, 140, 0].
The wind field was initialized with the mean wind vector as u = [—1,0]. Utilizing
the MATLAB random number generator to control the random seed, each simulation
was initialized over two stages. The first stage, lets the plumes develop past the €2,
control plane as well as stablize the sensor positions within €2,. Once this stage has
been past, the CVT continuous coverage controller is enabled. At the second stage,
the desired plane location is set to 40 meters above the current location, which is
designed to cross the path of the plume 30 meters downwind (see the diagram in
Fig. 5.5). When any of the sensors detects the presence of the plume (e.g. mea-
surements significantly above background), the observability-based sensor placement
and steering approach is enabled. For this experiment, the initial perturbation step
size d; = 1 was chosen based on the resolution of the projected DT plume ppr onto
Q. To keep the computational cost to a minimum, we only considered a one step
trajectory for each of the basis direction (ej,e5). For each cost function evaluation,
the simulation was run for 300 seconds. During the simulation, the emission is being
quantified using the mod-NGI method. In the event that the empirical observability
Gramian is singular, a chemotaxis-like approach is undertaken, such that, the plane
control vector r(t) is perturbated in the direction of the neighboring cell with the
highest concentration (with respect to ppr).
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Figure 5.5: The MOABS/DT simulation is first initialized in (Stage 1) by letting
the physical and DT plumes develop past the point of measurements, then (Stage 2)
initializes the continuous CVT and commands the 2, plane to cross the plume. Once
a detection is made the sensor placement and steering is activated and begins using
the DT projection onto £ for the empirical observability Gramian computation.
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5.5.5 Results

Given the first task of DT-enabled sensor placement and steering framework, the
empirical observability Gramian-based cost functions were utilized to create trajec-
tories for the €2, plane to estimate the emission rate. The individual trajectories
are shown in Fig. 5.6 and it can be observed that several pairs of cost functions
have almost identical trajectories. This is likely because each of the cost functions
are trying to reduce similar forms of the estimation uncertainty and there are only
two basis directions that the trajectory can take. Furthermore, there are only two
pairs of trajectories that turned out to be identical, which consist of o,,:,(WW)~! and
Amin(W)™L, and —log(det(W)) and det(W '), respectfully. It turns out that in this
case, det(W)™' = det(W™'), which means the only differ from a logarithmic scal-
ing. Furthermore, the minimum eigenvalues and minimum singular values turn out
to be identical. It can also be observed that the trajectory behavior of o, (W)™,
Amin(W) ™1, and ¢r(W 1) tend to travel in the cross wind direction, whereas, (V)
and Aqe (W)™ tend to travel in the direction of the wind. If we take a look at
the linear combination of the condition number and the minimum eigenvalue inverse,
K(W) + Anin(W) ™1, we can see both behaviors in the trajectory, which is unique to
the weighting chosen (here it is 25). Depending on the desired behavior (given the
task at hand) the weight on \,,;,(W) ™! can be increased or decreased to see an effect
in the trajectory behavior. This type of steering deserves some attention and will be
a topic of furture research.

Analyzing the continuous emission quantification estimates (see Fig. 5.7), shows
that the cost functions with the trajectory that yielded the best results were the un-
observability index c,,;,(W)™!, log(det(W)), Anin(W)~! and det(W ). Conversely,
we see that the worst trajectory was the rank(W) cost function. In fact, during the
simulation if there was no general direction that would lead to an increase in the rank
(i.e. the rank condition stayed the same, regardless of the trajectory direction) the
sensor placement and steering strategy would default to chemotaxis.

5.6 Chapter Summary

In this Chapter we introduced the concepts of the sensor placement and steering prob-
lem, the empirical observability / identifiability Gramians, and persistence of excita-
tion. We then outlined the DT-enabled sensor placement and steering problem frame-
work and proposed a simulation case study around the first task (e.g observability-
based sensor placement). Several different observability-based cost functions were ex-
plored in the simulation case study and it was found that given a sufficiently matched
DT (capable of representing the physical system well), the empirical observability
Gramian can be used to steer the €2, plane to reduce the estimation error. Addition-
ally, it was observed that some cost functions promoted crosswind trajectory behavior
while others promote trajectories along the direction of the wind. It was also observed
that the combination of these two different types of metrics can be used to generate a
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Figure 5.6: The sensor placement and steering trajectory for each cost function are

shown here.
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Figure 5.7: The emission quantification using the mod-NGI method is shown against
different cost functions. The best performing metrics have smaller uncertainty and
better accuracy, such as with det(W=1).

different trajectory. The estimation accuracy and variability was observed to be better
when utilizing the determinant-based and the inverse of the minimum eigenvalue (or
singular value - also referred to as the unobservability index). These metrics tend to
focus on reducing the volume of the ellipsoid and maximum estimation uncertainties,
respectfully.

Future shall look into testing task T2 and T3 within the DT-enabled sensor place-
ment and steering framework, through solving the behavior matching problem for
localization. Another interesting direction to exploring the identifiability Gramian,
which the plume location parameters can be augmented into the states of interest,
and may be applied as a behavior matching strategy (for parameters not obtained
through other methods, such as with mod-NGI).



Chapter 6

Conclusions and Future Work

In this dissertation, several chapters were presented to build the dissertation topic,
“DT-enabled Collective Sensing and Steering for Source Determination Problems”.
The chapters contributed key pieces and developments that make steps towards im-
proving emission quantification strategies and methane mitigation goals. In Chapter
2, the concepts of collective motion and the science of search were explored, which in-
cludes random search with single searcher undergoing Lévy flights, random search
with loose coupled multi-agent searchers (including human intervention), swarm-
based search using physics, as well as model-free optimization. We seen in the
collective foraging with human intervention case, how loose coupling impacts for-
aging performance. We shown that source seeking and model-free optimization can
be improved through fractional order derivatives and fractional Gaussian noise, re-
spectively. In Chapter 3, the leak detection and quantification (LDAQ) sensors and
methodology with sUAS was explored as well as several case studies focused on leak
detection and localization, controlled release tests and real world emission quantifica-
tion. In Chapter 4, environmental sensing with DTs were developed and explored with
several case studies utilizing POSIM and MOABS/DT. The case studies focused on
single-sUAS /multi-sUAS-based quantification, behavior matching localization with
mesh sensors, as well as method performance assessment. The developments and
studies are aimed towards making smarter environmental sensing possible. In Chap-
ter 5, the DT enabled smart sensor placement and steering framework was explored,
utilizing the empirical observability Gramian. The simulation explores the use of DTs
within the sensor placement problem with an application towards the source deter-
mination problem. The implications of developing smarter emission quantification
systems can help reduce overall emissions by early detection and repair as well as
reduce the global warming and climate changing effects of methane emissions in the
near-term.

The future challenges and opportunities for the DT-enabled collective sensing and
steering for source determination problems are multi-faceted. First and foremost the
behavior matching task T3 needs to be solved to fully realize the DT-enabled sensor
placement and steering framework. From a practical standpoint, multi-sUAS systems
are not readily available and have not been developed on a hardware and software
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level in the lab. Additionally, to deploy these systems in practice, a Federal Aviation
Administration (FAA) part 107 waiver is required. From a financial standpoint, the
cost of highly sensitive lightweight sensors that are capable of carrying out the emis-
sion quantification tasks are still rather expensive - making it difficult to experiment
with. Therefore the continued development of emission quantification methodology
with DTs are still desirable. From a DT standpoint, development of real-time data
acquisition and behavior matching systems are needed in order to deploy them in
practice. Following the results and findings of many of the case studies explored in
this body of work and in the literature, it seems imperative that concepts such as
localizability and quantifiability need to be defined and explored. This would mean
that for a system to be localizable, the set properties and constraints of the physical
system (e.g. weather, terrain, leak type, etc.) and measurement system (e.g. location,
sampling sequence, sensor type, etc.) would make it possible to localize the leak(s).
Similarly, for a system to be quantifiable, the physical and measurement systems
need to contain the properties necessary to quantify the leak(s). Probable candidates
could include metrics from Monin-Obukhov Similarity Theory (e.g. Monin-Obukhov
length, or friction velocity) regarding atmospheric stability, sensor characteristics (e.g.
sensitivity, rise time, relaxation time, selectivity, saturation limit, stability, etc.), sen-
sor placement (e.g. location or trajectory), or even the information about the terrain
(such as obstacles or potential leak locations) in conjunction with local wind infor-
mation. With these concepts emission measurements can become smarter and more
reliable, making it more useful for practical applications.



Appendices

List of sUAS-based Field Campaign Missions

Within this dissertation work, several field missions were carried out to improve un-
derstanding and sensor capabilities for detection, localization, and quantification of
a methane emission source. The field experiments consist of two general types: con-
trolled release tests, and real-world emission scenarios.

Controlled Release Tests

The controlled release tests conducted are outlined below in brief.

In February 2017, a two day single point source controlled release was conducted
in the MVPGR. This includes some detection probability / localization, and
quantification results are included in Section 3.4 & 3.5.

In March 2017, a three day campaign was conducted at the simulated neighbor-
hood in PG&E’s Livermore training facility. The facility has the capability of
single/multi sources at small, medium, and large leak rates. Some localization
results are included in section 3.2. (Further work on localization can be done
within this dataset, including Digital Twin representation - see Chapter 4).

July 2017, as a part of NYSEARCH funded work, a series of flights were con-
ducted at the SoCalGas facility located in Pico Rivera, CA, called Situation
City. Multiple leak sources were released at one time and the team was tasked
with locating all the leaks.

In August 2018, a full day of single point source controlled release tests were
conducted at the MVPGR. A total of 16 Mass balance flights were flown. (Re-
sults are shown in Section 3.5)

In April 2021, a week long series of tests (3 actual testing days due to weather)
were conducted at the Methane Emission Technology Evaluation Center
(METEC) as a part of a Shell Global Solutions study (working under Aerometrix
Inc.). (Results not yet shown)
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Real-world Emission Scenario

The real-world emissions measured using the above techniques are described in brief.

May 2017, as a part of NYSEARCH funded work, a series of flights were con-
ducted in conjunction with Baltimore Gas and Electric at an undisclosed neigh-
borhood in Baltimore, Maryland. The task was to detect and localize active
and known leak sources.

July 2017, as a part of NYSEARCH funded work, a series of flights were con-
ducted at an undisclosed SoCalGas compressor station. The task was to detect
and localized leak sources that may be on site, as well as quantify the total site
emissions.

In August 2018, Two landfills were surveyed (Merced County Landfill, and Yolo
County Landfill). The Merced County Landfill has preliminary results for an
active cell with 2ft dirt cap shown in Section 3.6. Results for Yolo are not shown
here).

In June 2019, close to 50 active oil and gas sites were visited and measured
as a part of the Alberta Methane Field Challenge (AMFC). The results were
published in Geoscience BC yearly report [200].

In Fall 2020, an Alaskan peatland bog was flown at the Alaskan Peatland Ex-
periment (APEX) in an attempt to quantify methane emissions from a natural
methane emitter. The results are compared with an on-site Eddie covariance
(EC) tower and presented in the American Geophysical Union [7].
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