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The Development of an In-situ Mud Floc Microscope Imaging
Device and In-situ Floc Observations from the Lowermost
Mississippi River
Ryan T. Osborn

(ABSTRACT)

Mud makes up a large fraction of sediment transported within rivers to the coasts.
Predicting where mud will settle is complicated by the cohesive nature of silts and clays,
which can combine to form larger aggregates known as flocs. The size and density, and
consequently, the settling velocity, of flocs is highly dynamic and depends on factors such as
turbulence levels within the flow and biogeochemical components of the water and sediment.
To better predict where mud will deposit, more observations of flocs while in their natural
environment is required to better understand the controls on when, where, and to what
degree mud is flocculated. However, the need for more field observations is complicated by
the dynamic and fragile nature of flocs. This necessitates the need for developing in-situ
observation methods to ensure that measured floc sizes are representative of their in-situ
size, and not a result of sampling methods. In this thesis, a new instrument for in-situ
observation of flocs is presented. In addition, two methods using the data collected from
the instrument allow the user to: (1) identify sand within the particle data using a machine
learning algorithm, and (2) estimate the mass suspended sediment concentration of the mud
and sand fractions of suspended sediment independently. Results from using the instrument
in the lowermost Mississippi River reveal differences in floc sizes over the water column,
and by season. In addition, a unique observation of flocs in the presence of a salt wedge is
presented. Overall, the instrument provided the first known observations of flocs within the
Mississippi River, and provides a start to better understanding controls on floc sizes within

the fluvial environment.



The Development of an In-situ Mud Floc Microscope Imaging
Device and In-situ Floc Observations from the Lowermost
Mississippi River

Ryan T. Osborn

(GENERAL AUDIENCE ABSTRACT)

Flowing water within large rivers carries sediments such as sand and mud to the coasts.
Some of the larger sediment carried by rivers can fall to the riverbed if the river does not
have enough energy to carry it in the flow. The remaining sediment can be carried to the
coasts where it will fall to the bed, providing the material necessary for estuaries or deltas
to form and grow. Understanding when and where sediment falls to the bed within rivers,
estuaries, and deltas, allows scientists and engineers to predict how these landforms will
change over time to better manage them under future climate conditions. Predicting where
mud will fall to the bed is particularly difficult because mud has the ability to stick together
to form larger aggregates. These aggregates, known as mud flocs, are constantly changing
in size depending on the energy in the river and water conditions. As the mud flocs change
in size, the speed at which they fall to the bed changes. As such, observing mud flocs while
they are in their natural environment is required to understand the conditions under which
they form and change in size. This thesis presents a new instrument that can be used to
collect images of mud flocs while they are in their natural environment. Results from using
the instrument to observe mud flocs in the lowermost Mississippi River are then presented.
This new instrument, and observations of mud flocs made with it, provides new insight into

mud floc size within the lowermost Mississippi River.
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Chapter 1

Introduction

1.1 Background and motivation

Around 10% of the world’s population lives in coastal areas that are below 10 meters above
sea level (McGranahan et al., 2007). As sea levels are predicted to continue to rise, these
coastal communities will be more susceptible to displacement as the sea encroaches along
the coast and increases the likelihood of flooding (Day et al., 2008). Coastal Louisiana is
one such area that is currently experiencing a significant amount of land loss due to sea
level rise, subsidence, and a cutoff of sediment supply as a result of levees built for flood
protection (Morton, 2003; Gonzalez and Tornqvist, 2006; Colten, 2018). In addition, with
the prediction of increases in frequency and intensity of storms, higher land loss rates could
be expected if the ecosystem is not allowed enough time to recover between storm events
(Emanuel, 2005). One component of the observed land loss along coastal Louisiana is a
lack of a sufficient sediment supplied to the existing wetlands to counteract erosion and
subsidence. However, the nearby Mississippi River carries a large amount of sediment that
is contained within the levee-lined channel. Sediment carried by the river could be passed
through targeted sediment diversion with the purpose of contributing to land building along
coastal Louisiana (Kim et al., 2009; Kenney et al., 2013). Though, the planning of sediment
diversions will require the ability to model and predict the fate of diverted sediment.
Sediment within the Mississippi River consists of both sand and mud (silt and clay par-

ticles smaller than 63 pym). While the sand fraction of sediment is relatively easy to model,
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2 CHAPTER 1. INTRODUCTION

modeling the mud fraction is complicated by the cohesive nature of mud that allows for ag-
gregation of the individual silt and clay particles into larger units known as flocs (Fig. 1.1b).
When modeling the transport of sediment, the parameter required for accurate modeling is
the sediment particle settling velocity. The relatively uniform density and shape of sand al-
lows for accurate modeling of the settling velocity of the sand fraction of sediment. However,
for flocs, floc size, shape, and compactness depends on many environmental parameters such
as turbulent shear rates, water ion and biological content and makeup, as well as the mineral
composition of the silt and clay particles (Eisma, 1986; Mietta et al., 2009). As a result, floc
density, and consequently, floc settling velocity, varies as these parameters change. There-
fore, modeling of mud requires the knowledge of when, where, and to what degree mud is
flocculated within the natural environment. Because these characteristics of flocs are linked
to the water conditions under which they form, separating them from their environment has
the potential of changing their size and shape due to of the sampling method used. This
fragile nature of flocs necessitates the need to develop new methods for in-situ observation

to obtain accurate size information of flocs within their natural environment.

Figure 1.1: (a) Image of the Mississippi River taken while on board the research boat. (b)
Zoomed in picture of flocculated mud imaged within the Mississippi River.

Studying flocs within the lowermost Mississippi River provides three unique zones to
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transformation in size take place?

Does interface mixing
impact flocculation?

AV

Zone 3

Is mud well Mouth Bar
mixed?
<— Laterally Confined Laterally Unconfined

Prodelta

] Decrease in turbulence (G ¥) > .
Fluvial Marine

Increase in salinity (S 4) >

Figure 1.2: Sketch of the fluvial to marine transition for a microtidal distributary channel,
where G represents turbulent shear rate, S represents salinity, and ¢ represents suspended
mud concentration.

observe floc evolution (Fig. 1.2). These zones include: Zone 1 - the laterally confined, high
energy, freshwater zone of the Mississippi River; Zone 2 - the laterally confined zone where
freshwater and saltwater meet and mix; and Zone 3 the laterally unconfined zone in the
sediment plume within the Gulf of Mexico. These three zones provide unique environmental

drivers that shape floc characteristics.

1.2 (Goals, hypotheses, and thesis organization
The two broad research goals of my thesis work were to:

1. develop an instrument that allows for in-situ observation and measurement of floccu-

lated sediment within freshwater and marine environments; and

2. to make vertical profile measurements of floc sizes in the lowermost Mississippi River
that would allow for testing of specific hypotheses associated with the flocculation

behavior and implications of mud in the system.
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Chapter 2 of this thesis focuses on the camera system developed to meet research goal
1. Chapter 2 has been submitted for review as a stand-alone manuscript to the Journal of
Geophysical Research: Earth Surface.

The floc camera system developed and described in Chapter 2 was also used to observe
flocs within zones 1-3 of the lowermost Mississippi River. In this thesis, I focus on analyzing
data from Zones 1 and 2 only. Flocs in Zone 1 are observed within the Mississippi River
near the Bonnet Carré Spillway and the Mississippi River near Venice, LA; both of which
are upriver from the major distributaries within the delta. Zone 2 measurements were taken
along Southwest Pass in the presence of a salt wedge. Two of the specific hypotheses
that the collected data are used to test are: (H1) that mud is flocculated in the freshwater
reaches of the river and contributes to vertical stratification of mud concentration; and (H2)
that floc sizes undergo growth in size in the mixing layer of a marine salt wedge. The work
associated with research goal 2 is presented in Chapter 3 of this thesis as a stand-alone draft
manuscript.

Taken together, the development of the camera system and the in-situ observations of
flocs in the field work to inform both modeling efforts as well as experimental efforts focused
on understanding and predicting how floc size and settling velocity changes between these

two zones.

1.3 Attribution of work in Chapters 2 and 3

For Chapter 2: Ryan Osborn contributed to study conception and design, data acquisition,
analysis and interpretation of data, writing of manuscript. Brandon Dillon contributed to
study conception and design, and revisions of manuscript. Ehsan Abolfazli contributed to
data acquisition, analysis of data, and revisions of manuscript. Kyle Strom contributed to

study concept and design, analysis of data, and revisions of manuscript. Kieran Dunne and
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Jeffrey Nittrouer contributed to acquisition of data.

For Chapter 3: Ryan Osborn contributed to study conception and design, data ac-
quisition, analysis and interpretation of results, and writing of manuscript. Kieran Dunne
contributed to acquisition and analysis of data associated with the P-63 water samples,
Shipek grab samples, and ADCP. Kyle Strom contributed to study conception and design,
acquisition of data, interpretation of data, and revisions to manuscript. Jeffrey Nittrouer
contributed to study conception and design, and acquisition of data. Ehsan Abolfazli con-

tributed to acquisition of data.
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2.1 Abstract

An inexpensive and compact underwater digital camera imaging system was developed to
collect high resolution images of flocculated suspended sediment at depths of up to 60 me-
ters. The camera has a field of view of 3.7 x 2.8 mm and can resolve particles down to 6 pum.
Depending on the degree of flocculation, the system is capable of accurately sizing particles
to concentrations up to 500 mg/L. By utilizing the 2D floc geometry and treating the imaged
flocs as fractal aggregates, a method is introduced for estimating the mass suspended sedi-
ment concentration (SSC) for a series of images. Using the output of the image processing
routine, an additional processing step is introduced for identifying sand grains within the
particle data, thereby allowing for the separate sizing of sand and flocculated mud in the

same set of images.

2.2 Plain language summary

Rivers carry large quantities of muddy sediment that finds its way into river beds, floodplains,
lakes, reservoirs, and coastal water bodies. Scientist and engineers rely on measurements of
sediment size to understand how sediment moves in a river and where it ultimately deposits.
Yet, measurement of muddy sediments (sediment made up of particles with a diameter less
than 63 microns) has proven difficult to accomplish. The reason for this has to do with
the small size of the sediment and the ability of the smaller particles to stick together to
form aggregates that change their size by growing or shrinking depending on the conditions
in the flow. This means that accurate measurement of their size cannot be achieved by
taking water samples to a laboratory for analysis. In this paper, we present an imaging
system we developed to allow for measurement of these sediment aggregates, or flocs, in the

water column. The system is relatively inexpensive, reproducible, and is capable of providing
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higher spatial and temporal resolution of the suspended particle sizes than any other imaging
system previously developed. In the paper we describe the system, test and validate it in the
laboratory and field, and show how the data can be processed to provide unique information

about the type and amount of sediment available in the water column.

2.3 Introduction

2.3.1 Overview

Mud (sediment mixtures of grain size less than 63 pm) can constitute a significant fraction
of sediment transported by rivers to deltaic zones. For this reason, the fate of mud has
many implications for the health of deltaic systems, maintenance of navigation channels,
and future planning of coastal restoration projects. Consequently, the ability to accurately
model the transport and fate of mud is necessary for understanding the historic and future
trajectory of many coastal systems. The sediment property most importance for accurate
modeling of mud transport is the settling velocity. While estimating settling velocities for
particles such as sand is relatively straight forward, estimating the settling velocity of mud is
complicated by the ability of constituent mud particles to aggregate into flocs under the right
hydrodynamic and biogeochemical conditions (Mietta et al., 2009; Eisma, 1986). Therefore,
understanding when, where, and to what degree mud is flocculated is vital to informing sed-
iment transport models. A range of methods have been employed to characterize flocs both
in and extracted from their natural environment. Such methods include in-situ and ex-situ
settling columns combined with imaging systems to measure floc size and settling velocity,
in-situ imaging devices for measuring floc size, and laser-based methods for measuring par-
ticle size and volume concentration such as the Sequoia Scientific Laser In-situ Scattering

and Transmissometry (LISST) 100x and 200x. In this paper we introduce a new low-cost,
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in-situ profiling floc imaging and image-processing system capable of providing separate size
populations of suspended mud (both flocs and solid particles) and sand in the size range of
5to 600 pum (in the current configuration) at a higher resolution and frequency than has

been accomplished in the past.

2.3.2 Background

A method that has been used to characterize mud flocs, or the potential of mud to flocculate,
is that of settling column tests. Traditional settling tests consist of placing a suspension
within a graduated cylinder and observing the rate at which different classes of particles
within the suspension settle (Galler and Allison, 2008). With this method, the rate of
settling observed for the different classes can be related to grain size through a settling
velocity relationship such as Stokes’ law. The grain size range observed from the settling
tests can then be compared to disaggregated grain sizes to estimate the degree of flocculation
present in the suspension. While such a method is simple to execute and an estimate of floc
sizes can be calculated, the full range of in-situ floc size and settling velocity is not captured
when the sediment is separated from the turbulent river environment and floc size is not
observed directly (Milligan and Hill, 1998). Further, extracting a sample for settling column
experiments on-shore or on-board a vessel involves multiple steps with possible disruption
to flocs and uncertainty that measurements reflect in-situ floc properties.

In-situ settling column and particle sizing systems aim to minimize the disruption to
flocs and provide information on their size and density, which is closely tied to the envi-
ronmental conditions in which they exist. The addition of imaging sediment within the
settling column provides the means for a direct measurement of floc sizes and settling veloc-
ity through particle tracking. Examples of settling column imaging systems include the IN

Situ SEttling Velocity instrument (INSSEV) (Fennessy et al., 1994), Remote In-situ Particle
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Settling Camera (RIPScam) (Cartwright et al., 2011), and the Particle Imaging Camera Sys-
tem (PICS) (Smith and Friedrichs, 2011). Images from the INSSEV system capture settling
velocity directly by tracking particle motion frame-by-frame. This method requires that dis-
turbances to the system be minimized to reduce external influence on the particles settling
within the settling column. Stability with the INSSEV system is maintained by locating
the system on a weighted tripod that is positioned on the bed during sampling (Manning
and Dyer, 2002). Consequently, the system is limited to measuring particle size and settling
velocity at the level of the tripod. Both the RIPScam and PICS are capable of estimating
settling velocity and particle size over the full range of the water column. These systems
can be lowered to a desired depth, where a water sample is collected within the settling
column and separated from the external flow by closing both ends of the settling column.
Images are then collected after the settling column is closed on both ends. Estimating floc
settling velocity with these systems is achieved by employing particle tracking velocimetry
(PTV) to measure the velocity of individual flocs, and particle image velocimetry (PIV) to
estimate the background fluid velocity by tracking particles smaller than 2 pixels (Smith
and Friedrichs, 2015). For a series of images, the settling velocity for a floc is estimated as
the vertical component of the average vector subtraction of the fluid velocity from the floc
velocity. Of the aforementioned imagine systems, the RIPScam has a similar resolution as
the other systems (down to 20 pm), but the widest observable particle size range (up to 20
millimeters). The resolution of the INSSEV and PICS is approximately 20 to 900 ym and 30
to 1000 pm, respectively. These systems were designed for and perform well for the purpose
of measuring floc size and settling velocity at targeted locations. However, the nature of
settling velocity measurements requires longer periods of time to collect measurements at
a particular field location compared to collecting particle size information alone, as can be
done with a device such as a LISST-100x. Further, settling column systems are limited to

collecting discrete samples separated from the flow, as opposed to continuous sampling over
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the water column.

In-situ particle sizing by means of laser diffraction was first introduced by Bale and
Morris (1987). The instrument was developed by transferring the components of a Malvern
Model 2200 particle sizer to a field-deployable waterproof housing. Depending on the focal
length of the receiving lens, the instrument could resolve particles in the range of 1.2 to 5.8 um
and up to 564 pm. Laser diffraction instruments rely on Mie’s theory to relate the angle and
intensity of light scattering to particle size (Mie, 1908). Two of the most widely known laser
diffraction in-situ particle sizing instruments include the LISST 100x and 200x manufactured
by Sequoia Scientific (Agrawal and Pottsmith, 2000). The output from measurements taken
with the LISST instruments is a volume-based distribution with 32 logarithmically spaced
bins in the range of 2.5-500 um for the LISST 100x and 36 bins in the range of 1-500 pm
for the LISST 200x. Both of these instruments rely on logarithmically spaced detector rings
to capture laser light scattered by particles passing through the measured control volume.
A major advantage of the LISST instruments is their ability to measure particles without
significant disruption to the particles or flow. Further, the compact size of the instrument
allows for easy handling and data collection when profiling over the water column from a
small research vessel. However, caution has been advised when using the LISST instruments
when concentration of small particles (< 58 pm) is of interest (Graham et al., 2012; Filippa
et al., 2011) and when particles larger than the 500 gum upper limit of detection are preset,
which can lead to an overestimate of particles within the larger size bins (Davies et al.,
2012). Questions still remain as to how laser diffraction particle sizers perform when dealing
with particles of complex shape and variable density (Graham et al., 2012; Karp-Boss et al.,
2007; Felix et al., 2013). Additionally, in areas of large density gradients such as pycnoclines,
both a Digital Floc Camera (DFC) (Mikkelsen et al., 2008) and a LISST-100x were observed
to falsely measure increases in particle size and concentration due to the schlieren effect

(Karageorgis et al., 2015). However, while data collected with the LISST-100x cannot be
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processed to exclude artifacts from the schlieren effect, the images collected with the DFC
were processed to exclude regions within the images where the schlieren effect was present.
Due to the possibility of inaccuracy with LISST devices under certain circumstances, LISST
instruments have been deployed in conjunction with image-based devices both to extend the
observable range of particle sizes and to provide verification that both devices are sizing
particles accurately (Fall et al., 2021; Mikkelsen et al., 2006; Davies and Nepstad, 2017;
Mikkelsen et al., 2005).

In addition to in-situ settling columns with imaging systems and laser diffraction particle
sizing instruments, in-situ imaging systems for imaging sediment continuously over the water
column have been developed. These systems have been developed both to extend the range
of other particle sizing instruments, for example, combining a LISST-100x with a DFC
(Mikkelsen et al., 2006; Hill et al., 2011), and as a verification of the output from instruments
such as the LISST-100x (Mikkelsen et al., 2005). The DFC can measure particles in the range
of 135 — 9900 pm, producing a combined range of 2.5 — 9900 pym when combined with the
LISST-100x particle size distribution. Others have constructed camera imaging systems as
a lower cost alternative to retail products (Benson and French, 2007). The In situ Particle
Imaging Device (InSiPID), developed by Benson and French (2007), combines two cameras
with differing magnification to produce a measurable range of 4 - 3000 pm.

Image-based particle sizing instruments suffer from two main problems, namely, an
adequate light source that is capable of producing enough light to illuminate particles at
high shutter speeds to minimize particle streaking, and long periods of time needed for
image processing. In the past, the problem of adequate lighting has been resolved by using
a strobe light source matched with image acquisition by means of a programmed micro-
controller (Benson and French, 2007; MacDonald and Mullarney, 2015). Though image
processing routines still require a significant amount of time to identify and size particles

compared to devices such as the LISST-100x, these routines can be automated, requiring little
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user intervention during processing (Keyvani and Strom, 2013; Smith and Friedrichs, 2015).
Compared to laser diffraction methods, in-situ imaging systems have the benefit of providing
users with the ability to visually observe and characterize the particles that are eventually
sized. This allows users to better understand influences on and explain possible discrepancies
between particles size information obtained from different instrument (Mikkelsen et al., 2005;

Davies et al., 2012; Mikkelsen et al., 2008).

2.3.3 Purpose

In this paper we introduce a new, low cost and compact suspended sediment imaging system
called the FlocARAZI (Floc AReA and siZing Instrument). The FlocARAZI is designed
to image flocculated sediment that is allowed to pass freely through a flow-through cell,
minimizing interaction of sediment with the device and allowing for continuous profiling of
suspended sediment over the water column. The cost of the system is reduced by using
off-the-shelf and 3D printed parts. Power and signal to the camera, and a continuously
illuminated light source, are controlled at the surface through two ethernet cables, allowing
for real-time monitoring of the camera feed during deployment. The design of the system is
simple to allow for ease of reproduction by others. In addition to introducing the camera in
this paper, we also present two methods that use the output of a previously developed image
processing routine to provide unique information about the suspension. First, a method
is introduced to estimate the mass suspended sediment concentration (SSC) of flocculated
sediment from the collected image data. The ability to estimate SSC from FlocARAZI
image data provides the means to collect higher resolution SSC information over the water
column than could be obtained with physical water samples alone. The second processing
method introduced utilizes floc and sand size and texture properties to train a support vector

machine (SVM) learning algorithm to classify suspended sediment particles as either sand or
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flocculated mud. The ability to distinguish between flocs and sand is a key benefit of in-situ
imaging devices, especially when properties of flocs, rather than the full range of particles
in suspension are of interest. Once trained, the learning algorithm provides an accurate way

to quickly identify sand within the particle data output from the image processing routine.

2.4 FlocARAZI

The FlocARAZI (Fig. 2.1) consists of a camera mounted to a stepper-motor-driven linear
slide rail stage, and an LED for illuminating the camera field of view. The camera, step-
per motor, and LED are powered and controlled from the surface by two 60-meter-long
weatherproof Cat6 ethernet cables. A direct connection to the surface allows for a real-time
camera feed and in-situ adjustment of the camera focus and LED brightness. The camera
is a monochrome 4000 x 3000 pixel FLIR Blackfly S GigE with a CMOS Sony IMX226 sen-
sor that has a pixel size of 1.85 pum, and is capable of collecting images at a rate of up to
10 frames per second. The camera lens assembly consists of a 5X Mitutoyo plan apochro-
mat, infinity corrected, long working distance objective mounted to a ring-actuated aperture
stopped down to f/21.4. The maximum f-number of the system is f/6.3. The objective is
positioned at the end of a 78 mm SM1 threaded tube containing an achromatic doublet
lens with a focal length of 75 mm. The combination of the 5X Mitutoyo objective with the
achromatic doublet lens produces an effective magnification of 2X, resulting in an image
pixel size of 0.925 ym and a nominal field of view of 3.7 x 2.8 mm. A stepper-motor-driven
150 mm linear slide rail allows for focusing of the camera during deployment. The LED is a
6 V CREE Mt-G2 Q0 on a Noctigon Mt-G20 MCPCP rated for a maximum nominal light
output of 1990 lumens at 18.5 watts.

The camera assembly and LED are housed in separate BlueRobotics 3-inch diameter

watertight acrylic tubes that are rated to 150 m depth. A flow-through cell consisting of
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Figure 2.1: The FlocARAZI both in its deployed state and a close up side view identifying
the (1) LED, (2) 1.17 mm flow-through cell, (3) Mitutoyo objective and lens assembly, (4)
camera. The black wires entering the camera tube control and send a live video feed to the
surface.



CHAPTER 2. FLOcCARAZI: AN IN-SITU IMAGE-BASED PARTICLE SIZING INSTRUMENT CAPABLE OF
16 ESTIMATING SSC AND DISTINGUISHING SAND FROM FLOCS

two acrylic end caps with a 1.17 mm gap, through which water and sediment are free to
flow, separates the camera and LED tubes (Fig. 2.1). The acrylic end caps are secured
together in concentric alignment with six tapered stainless-steel screws positioned within
six equally spaced through holes along the perimeter of the acrylic end caps. The gap
width can be adjusted for different applications by placing spacers of the desired thickness
between the acrylic end caps before tightening the screws. The camera is set to focus on
the center of the flow-through cell gap by means of adjusting the linear slide rail stage
position through controlling the stepper motor. One-inch aluminum T-Slotted framing rails
are uses to support the acrylic tubes and provide mounting points for a hoist connection and
additional equipment. To maintain a consistent orientation into the flow, a 36.5 x 31 cm,
1.5 mm thick aluminum plate is mounted to the framing to act as a rudder.

While the FlocARAZI is deployed, the camera is powered and transmits a live video feed
through one of the two 60-meter-long Cat6 ethernet cables, with power supplied by a power
over ethernet injector. The video feed is displayed and recorded through the FLIR SpinView
GUI. The second ethernet cable supplies a signal to the stepper motor, for controlling the
linear slide rail platform position, and power to the LED. Power is supplied to the LED by a
DC power supply through four of the 8 available ethernet wires, which allows for adjustment
of the brightness by changing the current supplied to the LED. Power to the stepper motor
is supplied by an onboard 7.4 V, 1500 mAh battery. The remaining 4 wires in the second

ethernet cable send direction and speed controls to the stepper motor for focusing the camera.
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2.5 Validation and test deployment

2.5.1 Sizing: image processing and validation

The ability of the camera system and processing routine to resolve and accurately size parti-
cles in suspension was tested by conducting controlled laboratory experiments in which PIV
seeding particles were imaged. The images were then processed to obtain a size distribution
that was compared to a particle size distribution obtained by sizing the seeding particles with
a HORIBA LA-300 laser scattering particle-size distribution analyzer. The image processing
routine was then updated to best match the camera-produced size distribution with that
from the HORIBA LA-300. Due to the relatively large size of the FlocARAZI compared to
available testing tanks, the modified setup shown in figure 2.2 had to be used. The setup
consists of a 13-liter acrylic mixing tank, and the same LED light source and camera assem-
bly described in the previous section. The spacing of the flow-through cell was maintained
by fixing the same 1.17 mm spacers between the LED light source and the wall of the mixing
tank, though the actual width was measured to be 1.55 mm due to added thickness from
adhesive material.

Images for these experiments and others are processed following the general method of
Keyvani and Strom (2013), which employs an automated script that identifies all particles
within an image, via an ImageJ (Rasband, 2012) macro, and removes out-of-focus particles
within MATLAB R2013B. The ImageJ macro provides individual particle information such
as area, perimeter, fit ellipse dimensions, shape descriptors, bounding box dimensions, and
particle location within the image, for each image. The MATLAB script then uses the
previously obtained particle location to obtain the pixel intensity matrix of the bounding
box for each particle within the image set, and determines the clarity and contrast of each
particle. The clarity of a particle is a measure of the steepness of the pixel grey scale values

near the edge of the particle. The contrast is a measure of the difference in pixel intensity
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Figure 2.2: Mixing tank setup used for validating FlocARAZI camera. The same 1.17 mm
flow-through cell spacers were used in an attempt to mimic the flow-through cell present on
the FlocARAZI.

for the pixels that make up the particle. Particles with a clarity value greater than 0.7
were assumed to be in focus and their information was retained. For those particles deemed
in focus, the equivalent circular diameter of each floc or solid particle (in pixels), dy, is

calculated within each image from the measured floc area, A, as:

dy = \/g (2.1)

A few minor changes were made to the process of Keyvani and Strom (2013) to account for
increased image resolution of the FlocARAZI camera compared to camera used in their study.
In the background subtraction step, the rolling ball radius was increased from 50 to 60 pixels
and the sliding paraboloid function was included. Additionally, the triangle thresholding
function was used instead of the Yen method (Zack et al., 1977). It was determined through
trial and error that this combination of rolling ball radius and the sliding paraboloid function
with the triangle thresholding was the most robust method for sizing particles in the range
of 5 — 600 um. The last change to the original processing routine was to include a binary

erode step after thresholding. The erode function removes one layer of pixels from the edges



2.5. VALIDATION AND TEST DEPLOYMENT 19

of objects within the thresholded image. This step was included so that the outline of the
particles identified by ImageJ better matched the expected outline based on the original
image.

We determined the lateral resolution of the microscope, as configured, to be 0.925
pum/pixel. This calibration was found by using a stage micrometer slide with ruled divisions
of 0.1 mm. On average, 1081.1 pixels were required to image 10 divisions (1 mm) on the
reticule.

Validation of the pixel to micrometer conversion and the image processing routine was
performed by comparing the camera produced size distribution of 10 and 20 pm PIV seeding
particles to the size distribution obtained by a HORIBA LA-300 (Fig. 2.3). The HORIBA
LA-300 is a laser scattering particle-size distribution analyzer that is capable of measuring
particle in the range of 0.1 to 600 um. The particles used for the tests were Dantec Dynamics
10 pm Silver Coated Hollow Glass Spheres (S-HGS) and 20 ym Polyamide Seeding Particles
(PSP). According to Dantec Dynamics, the S-HGS have a mean particle size of 10 pm
and a size distribution of 2-20 ym and the PSP have a mean particle size of 20 ym and a
distribution of 5-35 um. Preparation of each sample for sizing with the FlocARAZI camera
consisted of sonicating 30 mg of the seeding particles within a 30 mL vial of tap water.
The sample was then added to the 13-liter mixing tank. The paddle speed in the mixing
tank was set to a mixing rate of 50 rpms, corresponding to a turbulent shear rate, G, of
90 Hz, which is within the mixing rate range for previous floc studies (Kumar et al., 2010;
Mietta et al., 2009; Zhu et al., 2015). The camera collected one image every second for
20 minutes. A size distribution was created (Fig. 2.3) for the 20 minutes of image size
data following the aforementioned image processing routine. This process was carried out
for both the S-HGS and PSP suspensions. Preparation of the sample for sizing with the
HORIBA LA-300 followed a similar procedure, however, the sample was first diluted to a

concentration suitable to achieve the light transmission requirements of the system. The
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seeding particles in the suspension were measured with the HORIBA LA-300 three separate
times and the resulting distributions were averaged to obtain the particle size distributions
presented in figure 2.3. The size distribution produced by the FlocARAZI camera and the
HORIBA LA-300 are quite similar, with only a slight difference in the mean particle size

and standard deviation (Table 2.1).
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Figure 2.3: Size distribution comparison between (a) 10 ym and (b) 20 um seeding particles
sized with a HORIBA LA-300 and FlocARAZI.

The comparison outlined above shows that, with proper calibration of the conversion

from camera pixel length to physical length and the image processing routine, the FlocARAZI
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Table 2.1: Particle sizing with HORIBA LA-300 and FlocARAZI camera

Particle Size Sizer Mean Std.
[y [pm]  [pm]
HORIBA 10.9 3.7

FlocARAZI 11.8 3.8

HORIBA 23.6 6.3

FlocARAZI 235 7.2

10

20

can produced particle size distributions that compare favorably to those of the HORIBA
LA-300. Additional testing with the camera in the same lab setting has produced favorable
results for flocs in the size range of 50 - 85 um when compared to older lab cameras that
have previously been used and calibrated (Keyvani and Strom, 2013; Tran et al., 2018).
The upper limit of the particle size range that the camera system can accurately capture
is dependent on the width of the flow-through cell gap and the field of view of the camera.
Therefore, the width of the flow-through cell gap should be adjusted depending on the floc
size range expected to be imaged. With the current flow-through cell gap and good lighting,

the FlocARAZI camera system can accurately size particles in the range of 5 - 600 pm.

2.5.2 Field deployment example

Validation of the FlocARAZI’s operation in the field has been tested through deployments of
the system within the lowermost sections of the Mississippi River. The FlocARAZI has been
successfully deployed to depths of up to 36.5 meters. During these deployments, images
collected with the FlocARAZI (Fig. 2.4) have provided floc size information within the
main channel of the Mississippi River, its distributaries, and the plume within the Gulf of
Mexico at the exit of South and Southwest Pass. Images were collected at a rate of 2 images
per second, which by trial and error, was determined to be an adequate rate for allowing

sediment to flush through the camera field of view, reducing the likelihood of imaging the
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same particles in successive images. Images collected with the FlocARAZI can require a
large amount of data storage space. For example, during a 9 day long survey, around 59,000
images were collected with the FlocARAZI, requiring nearly 700 GB of drive storage space.
A typical image collected during the survey contained between 50 to 150 in focus particles.
Observations with the FlocARAZI revealed dsq floc sizes in the range of 70 - 130 pym within
the freshwater reaches of the Mississippi River Delta, with the largest flocs observed to be
in the range of 400 - 500 pm (Osborn et al., 2020).

Figure 2.4: Example images collected with the FlocARAZI while deployed in the Mississippi
River. Both sand and flocs are present.

2.6 Estimating suspended sediment mass concentra-

tion from images

2.6.1 Method overview

The mass concentration of suspended sediment both in the field and laboratory often needs
to be measured. In this section we present a method for extracting mass concentration

measurements from images collected with the FlocARAZI that can be used to supplement
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physical water column samples. Because flocs can be distinguished from sand in these
images, the method provides a means of estimating the mass of sand and mud separately
under certain assumptions, something that cannot be accomplished with traditional laser or
optical methods.

To measure SSC one must know both the dry mass of the sediment within a suspension
sample (or the dry volume and sediment density) and the total volume of the sample. To
obtain SSC measures from images we estimate the volume of sediment imaged per volume
of suspension sampled and then convert the sediment volume to a mass using a specified
sediment density. For example, the average mass concentration, C', from a set of n number

of images can be defined as,
n k
22 pai¥ii
i=1 j=1
n¥ru

C:

(2.2)

where k is the number of particles in each image, ¥/ ;; is the j-th imaged floc or particle
within the i-th image, p,;; is the apparent density of that particular floc or particle, and
¥ is the volume of the region imaged by the camera. Therefore, to estimate C', one must
know the volume of the individual particle, the density of the particles, and volume of fluid
being imaged.

The most straightforward of these three parameters to estimate is the particle or floc

volume, ¥:

%:%ﬁ (2.3)

These volume estimates are made for each identified particle in each image using the
projected area of the particle or flocs (Eq. 2.1). While equation 2.3 does not provide a true
measure of particle volume due to the 2D nature of the images, it is reasonable to expect

it to provide a non-biased estimate since particles are measured in suspension without any
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directional preference over thousands of particles.

Density estimates for each particle are more complicated to obtain. In each image, it
is possible that identified particles could be a solid mineral (sand or silt particle), a porous
to semi-porous mud aggregate or floc, or even organic and biological material such as fine
particulate organic matter (FPOM) or plankton. The method presented here for estimating
particle density does not account for organic or biological material. Though, if organic and
biological material represent a small fraction of imaged particles, their effect on the overall
SSC would be expected to be minimal. If solid mineral particles can be identified, then the
density of those particles can be set to the density of silica sand (p, = 2650 kg/m? irrespective
of particle size). However, estimating the density of the mud fraction is complicated by the
irregular structure of mud flocs. The irregular and porous structure of flocs means that floc
density can vary from floc to floc and for any individual floc with size. For example, the
overall floc density has been shown to be a non-unique power function of floc size (Dyer
and Manning, 1999). Due to the irregular and compounding packing structure of flocs, and
the measured power-law behavior of floc density with floc size, floc density is often modeled
assuming the flocs are 3D fractal aggregates (Li and Ganczarczyk, 1989; Flesch et al., 1999;
Maggi et al., 2007). As such, the apparent floc density, p, (defined as the floc’s dry mass
divided by its wet volume), depends on the characteristic floc size and the density, size, and

arrangement of the constituent primary particles that make up the floc:

d Nf373
b= o (—f) (2.4

In equation 2.4, py is the density of the primary particles that make up the floc, d; is
the equivalent spherical diameter of the floc, d, is the equivalent spherical diameter of the
primary particles (Bowers et al., 2017), and Nys is the 3D fractal dimension of the floc. The

3D fractal dimension is not a quantity that can be measured directly from two-dimensional
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(2D) images. Therefore, to obtain N3, and hence floc density, we used the model developed
by Maggi and Winterwerp (2004) for converting from a 2D perimeter-based fractal dimension
to a 3D fractal dimension. This model allows for using information of floc perimeter and
area, obtained from an image, to estimate floc three dimensional fractal dimensions.

Maggi and Winterwerp (2004) developed their model for 3D fractal dimension based on
2D perimeter-based fractal dimension using data they generated by projecting 3D objects
of specific 3D fractal dimension onto 2D coordinate planes. Included in their model is a
resolution factor, [, that accounts for the fact that the imaged flocs are composed of individual
pixels. A hyperbolic like equation was then fit to the data to produce a semiempirical relation
for mapping 2D fractal dimensions to 3D fractal dimensions.

To use the method, the perimeter-based 2D fractal dimension, Ny, is computed as:

log[p]

Npp =2
727 "log[4]

(2.5)

where the perimeter, p, and area, A, of the individual flocs are in pixels and pixels? as
obtained in the image processing output.

Next, the resolution factor, [, defined as the pixel length of one side of a square box
surrounding an individual floc, is computed. However, since most flocs are bound by a
rectangular box, [ is obtained by calculating the side length of a square of the equivalent

area of the rectangular box surrounding the floc. That is,

| = /Paby (2.6)

where p, and p, are the length and width in pixels of the bounding rectangular box
around an individual floc, both of which are outputs of the processing routine. In creating
the mapping function, boundary conditions, z(l) and k(l), are introduced to account for the

Nyo = (3,2(1)) and Ng3 = (k(1),2) boundaries, respectively. The boundary condition, z({),
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is defined as the 2D fractal dimension of the projection of a box that has a resolution of I:

log[4l — 4]
0= og

k(1) is defined simply as a function of z(I) by fitting data points at the boundary Ny, = 2:

(2.7)

k(D) =k(z() =z2(D)[z(l) = 1] + 1 (2.8)

A function of the form,
Npp = — 4 b 2.9
2= + (2.9)

was then solved, resulting in the coefficients a,

al) = <z(l) _2AROP — 92(”) (2.10)

and b,

b(l) = (2.11)

where N3 is the 3D fractal dimension. The 3D fractal dimension of an individual floc

can then be estimated by:

_ a(l)
Nfg = Nf2 — b(l) for Nfg <2 (212)

Once Nys is calculated for each floc, using equations 2.5-2.12, the density of each floc,
needed in equation 2.2, can be calculated from equation 2.4.
The last measure needed for the estimate of C' from equation 2.2 is the imaged volume,

Y. A simple estimate of ¥, can be obtained by multiplying the field of view by the
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sampling gap size or width created by the acrylic end caps of the camera and light housing
(Fig. 2.1). However, the gap size between the acrylic end caps is larger than the camera’s
depth of field. This means that the volume associated with in-focus particles would be equal
to or less than the physical gap size. Furthermore, the perceived imaged volume could be
a function of imaged particle size. For example, larger particles could be more likely to be
in focus within the depth of field of the camera compared to smaller particles that have a
narrower margin to be in focus. To account for this phenomena, we developed a variable
width for the imaged volume that is dependent on particle size. The variable width accounts
for the smaller particles that are assumed to be within the imaged volume, but not in focus
within the image. For our purposes, we took the variable sampling width, w, to be described
by a logistic function where the width increases with particle size within a defined range,

then asymptotically reaches a constant width:

w

= (2.13)

w(dy)

The constant width, W, should be taken to be the smaller of the either the width of
the gap or the depth of field of the camera, as either of these widths could limit the volume
observable by the camera. The logistic growth rate, k, and the sigmoid’s midpoint, dy, are
experimentally determined values that are dependent on the depth of field of the particular

camera and optics setup.

2.6.2 Experiments to test and calibrate the method

We ran a series of laboratory mixing tank experiments over a range of known SSC values and
turbulent mixing rates to calibrate and test the methodology outlined above for estimating
C from images.

The experiments were conducted in the same aforementioned 13-liter mixing tank (e.g.,
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Tran et al., 2018) (Fig. 2.2). For each run, a known mass of sonicated kaolinite clay was
added to the mixing tank to obtain a known SSC. The concentrations tested include 20,
100, 200, 300, 400 and 500 mg/L. An additional 5 mL of a 300 mg/L xanthan gum solution
was added to the mixing tank to encourage flocculation. The experiments were conducted
at two different turbulent shear rates of approximately 50 and 90 Hz. Before images were
collected for the experiment, the flocs formed from the sonicated sediment were allowed to
mix for three hours to ensure that an equilibrium size distribution had been reached. After
three hours, the camera was set to record one image per second for 15 minutes. The same
procedure was then repeated for the remaining mass concentrations and turbulent shear
mixing rates. An optical backscatter sensor (OBS) was also placed within the tank to check
for settling, though, no settling was observed for any of the test cases.

Images from the experiments were processed to provide floc size information for each
floc identified within the set of collected images. This size information was then used in
conjunction with the model developed by Maggi and Winterwerp (2004) to estimate a 3D
fractal dimension for each floc. Assuming a characteristic primary particle density and
size, the apparent density of each floc was estimated using equation 2.4. The mass of each
individual floc was then estimated by multiplying the apparent density by its equivalent
spherical volume. For the analysis, the primary particle density was set 2500 kg/m? and d,
was taken to be 6.6 pm, which is the mean particle size of the kaolinite clay mixture.

A summary of the experimental conditions and resulting floc size statistics at equilib-

rium is given in Table 2.2

2.6.3 Concentration estimation results

For all test scenarios, SSC was estimated for each minute of the collected image series, both

with and without the inclusion of the variable sampling volume width (Eq. 2.13). The SSC
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Table 2.2: Average floc sizes for each concentration and mixing rate

(mg/L] [Hz] [pm] [pm] [pm]
20 20 15 27 54
20 90 15 34 62
100 20 25 98 141
100 90 30 43 58

200 20 79 109 150
200 90 49 67 93

300 50 100 141 198
300 90 o4 77 108
400 50 116 171 245
400 90 64 94 132
500 o0 125 195 280
500 90 68 104 151

estimates without the inclusion of the variable width was used to inform the parameters of
the variable width logistics equation, namely, the growth rate, k, and the sigmoid’s midpoint,
dy. The average of the estimated uncorrected SSC for each scenario is plotted in Figure 2.5a
using a constant gap or sample volume width, w, against the known concentration. In all
cases except the lowest two concentrations (20 and 100 mg/L), the SSC estimates from the
images are greater than the known SSC by a factor of ~ 4.4. That is, the relationship
between C' estimated from the images and C' known through the addition of a known mass
to the mixing tank appears to be linear across the majority of the concentrations.

The variable sampling width, w(dy) (Eq. 2.13), parameters of k and dy were tuned to
bring the lower concentration experiments more in line with the linear trend of the higher
concentration experiments. The resulting sampling volume width equation that achieves this

end is:

1.55
w(dy) = 7 0%, (2.14)
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Figure 2.5: (a) SSC estimated using the camera particle data vs. known concentration in
the mixing tank. (b) A variable width curve, dependent on floc size, used to account for
particles outside of the cameras depth of field. (c¢) SSC estimated with the inclusion of the
variable width curve. The slope of the best fit line, shown here, will be used as an additional
correction factor to map the estimated SSC to a corrected SSC.

Equation 2.14 is plotted in Figure 2.5b. The result of defining the sampling volume
width using Equation 2.14 on the relationship between estimated SSC from the images and
the known SSC is shown in figure 2.5c. The line of best fit, with an intercept passing through
the origin, has a slope of 4.5047 and a R? = 0.9755. It is this fit equation that is used to map
originally estimated SSC to corrected SSC. Values of actual, original estimates, and corrected
SSC are given in Table 2.3 along with the percent difference between the actual and image-
based corrected SSC estimates. The standard deviations for the corrected SSC estimates
only deviate slightly from the corrected SSC, revealing that concentration estimates for each

minute only deviate slightly from the full 15 minute average.

2.6.4 SSC estimate dependence on d,

The two user-selected input parameters for the routine used to estimate SSC are the pri-
mary particle density, po, and the primary particle characteristic diameter, d,. The model’s
dependence on pq is linear. Consequently, changing the specified py will linearly scale the
estimated SSC. However, the estimated SSC is not linearly dependent on d, (Eq. 2.4). The

dependence of the uncorrected estimated SSC on d, was investigated for all test scenarios
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Table 2.3: SSC estimated from image data and linearly scaled corrected SSC estimate

Actual Mixing Estimated Corrected Corrected

SSC  rate 3SC 3SC SSC Std. % diff.
[mg/L]  [Hz] [mg/L] [mg/L] [mg/L]

20 50 83.4 18.5 0.8 7.4
20 90 91.6 20.3 0.6 1.7
100 50 450 99.8 2.1 0.2
100 90 530 118 2.0 17.6
200 50 831 184 3.8 7.8
200 90 987 219 2.2 9.6
300 50 1313 291 8.1 2.9
300 90 1562 347 1.9 15.6
400 50 1783 396 7.7 1.0
400 90 1744 387 4.1 3.2
500 50 2007 446 7.7 10.9
500 90 2433 540 3.4 8.0

by observing the shape and magnitude of estimated SSC after setting d, equal to 2.6 and
10.6 pm (Fig. 2.6). The general behavior of the model to a change in d, is a decrease in
the magnitude of estimated SSC with a decrease in d,, and an increase with increasing d,.
The linearity of the estimated SSC appears to hold for both choices of d,. The slope of the
line of best fit with an intercept passing through the origin is 2.58 (R? = 0.9464) and 6.0422
(R* = 0.9824) for d, = 2.6 and 10.6, respectively.

In the same way that the estimated SSC for the base scenario was scaled by the slope of
the line of best fit through the SSC estimates, the SSC estimates produced with the changed
d, were scaled by the slope of the line of best fit through the SSC estimates. The percent
difference between the corrected SSC and the known SSC is presented in table 2.4 along
with the base scenario with a d, of 6.6 um. Reducing the primary particle size by 61%
from 6.6 um to 2.6 pm causes an average percent difference in corrected SSC of 11.4%. The
largest observed percent difference is 28.4%, which occurred for a d,, of 2.6 ym for the 100

mg/L test at a mixing rate of 90 Hz. Increasing d, by 61% to 10.6 pm results in an average
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percent difference in uncorrected SSC of 7.8%. The average percent difference for the base
case where d, = 6.6 pm is 7.2%.

Table 2.4: Percent difference of linearly scaled corrected SSC estimates from the actual SSC
for different values of d,

Actual Mixing % difference

SSC rate d, [pm]
mg/L]  [Hz] 26 6.6 10.6
20 50 5.0 74 132
20 90 174 1.7 5.7
100 50 139 0.2 7.0
100 90 284 176 124
200 50 04 7.8 11.7
200 90 174 96 5.7
300 50 1.2 29 40
300 90 22.8 156 12.0
400 50 39 10 0.2
400 90 09 32 52
500 50 177 109 74
500 90 74 80 85

The model presented here for estimating SSC from particle data collected with the Flo-
cARAZI camera system was developed by taking the characteristic primary particle diameter
as the median particle size of the test sediment and assuming a density of 2500 kg/m?®. Since
the proposed model includes linearly scaling the uncorrected SSC by a known SSC measure-
ment, the input parameter p, has no consequence on the final corrected SSC output from
the routine. Specifying py simply provides a starting point for estimated SSC that will be
corrected by a physical measurement, or to provide relative concentration estimates between
a series of deployments with the FlocARAZI. The choice of d,, however, influences both the
magnitude and, to a lesser extent, the shape of estimated SSC as shown in figure 2.6. The
difference in magnitude will be accounted for when linearly scaling the uncorrected SSC.

Though, the difference in shape is not accounted for with the linear scaling. Therefore, the
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Figure 2.6: Estimated SSC and line of best fit for two different values of d,, while maintaining
po = 2500 kg/m?.

importance of the specified value for d, should be considered when a wide range of SSC and
floc sizes are observed. The tests presented here show that within a range of d, values that

could be reasonably observed in nature, the response of the model to changes in d, is close

to linear.

2.7 Identifying sand within particle data

When deploying the FlocARAZI in a high energy sand-bed river such as the Mississippi
River, sand grains are likely to be in suspension and imaged as part of the suspended load
along with flocs. Therefore, a method for identifying sand grains within the image data is
desired to allow for analysis of the mud data separated from the complete data set.

To achieve the separation of sand particles from mud aggregates of similar size, we used
an optimizable support vector machine (SVM) binary classifier within the MATLAB Classi-
fication Learner Toolbox. SVM is a supervised machine learning algorithm that attempts to
classify data by finding the hyperplane that best separates the two classes. The hyperplane

is a flat (n-1)-dimensional subspace within the n-dimensional space, where n is equal to the
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number of characteristics provided to the classifier to describe the data (Noble, 2006). For
example, the characteristics from the particle data could include area, perimeter, aspect ra-
tio, etc. In addition, SVM can separate nonlinear data by including a kernel function, where
the kernel function allows for transforming the data to a higher-dimension feature space
and fitting a hyperplane within the higher-dimensional feature space. The resulting higher-
dimensional hyperplane can then be mapped to the original n-dimensional space, resulting
in a non-linear curve or non-flat surface separating data classes within the n-dimensional
space, for n = 2 and n = 3 and greater, respectively. A trained SVM model can then classify

new data based on which side of the curve or surface the new data is located.

2.7.1 Data preparation

Particle data from images collected both in the field and in the lab were used for the training
and testing of the SVM. The field data is from images collected on the lower Mississippi River
near the Bonnet Carré Spillway (BCS) in December 2019. This area of river is characterized
by a subaqueous sand bar that runs adjacent to the BCS, which is positioned immediately
downstream on the inside of a bedrock bend (Nittrouer et al., 2012). Images for this analysis
were collected both over the thalweg within the bend and over the subaqueous sand bar.
Laboratory data was included to train the model with an extended range of floc and sand
data past what was observed in the field. The lab floc data came from the tests performed
for the concentration estimation experiments. Additional sand particle data was obtained
by sieving bed sediment, originating from the New River near Radford, VA, through seven
mesh sieves, ranging in size from 63 pym to 500 um. Sand from each sieve was imaged and
the processed data was included with the training data. Each particle from the lab and
field data was then identified as being either sand or not sand, represented by a one or zero,

respectively. For sand grains, any particle smaller than 63 pm was considered to not be
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sand. The resulting combined data set consisted of 852 sand particles and 13,372 non-sand
particles. The combined data set was then split with 80% into a training set and 20% into

a testing set.

2.7.2 Training and testing SVM classification model

Training the optimizable SVM model consisted of importing the training data set into the
MATLAB Classification Learner App, selecting a model validation method, selecting which
features to train the model with, and optionally performing a principal component analysis
on the selected features to reduce the feature space. In addition, optimizable components of
the model include the kernel function, box constraint level, kernel scale, and standardization
of the data. For the developed model, an initial Principal Component Analysis (PCA)
revealed that the majority of information is provided by the area, perimeter, major and
minor axis of an ellipse fit around the particles, and the contrast of the particle. Therefore,
these features were selected as the training features, with the remaining features excluded.
These five features were then passed through the PCA within the classification learner app,
and three of the principal components were retained. The reduced particle data, within the
principal component space is then used as the particle characteristic data that defines the
location of sand and non-sand particles within the hyperspace. A Gaussian kernel function
and the option to standardize the data were selected. The SVM box constraint level and
kernel scale were selected as optimized parameters. That is, the Classification Learner App
automatically selects and tests different combinations of values for the box constraint and
kernel scale, and updates the optimized parameters based on a selected optimizer, in this
case Bayesian optimization was selected. Finally, 5-fold cross-validation was implemented to
gauge the accuracy of the model.

The resulting classification model had a 99.67% accuracy with the training set. Applying
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Table 2.5: Results from testing the trained SVM model on unseen particle data

Particle # of # correctly True positive False discovery

type  particles identified (%] [%]
Floc 2692 2689 99.89 0.15
Sand 153 149 97.39 1.97

the model to the reserved test set produced an overall accuracy of 99.75% and a true positive
rate of 97.39% and 99.89% for the identification of sand and non-sand, respectively. The
hyperplane developed with the SVM model, within the principal component space, is shown
in figure 2.7. The separated floc and sand particle size distributions from the test data set

are presented in figure 2.8.
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Figure 2.7: SVM developed surface plot separating floc and sand training data within the
principal component space for the characteristic data of each particle. This surface will then
be used as the boundary to classify unseen data.
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Figure 2.8: Volume-based particle size distributions for the floc and sand fraction and com-
bined distribution. The distributions data is taken from the classification test data set.

2.8 Discussion

2.8.1 Comparison of FlocARAZI with other in-situ cameras

The relatively simple nature of the construction of the FlocARAZI allowed for development
of an in-situ particle sizing system that can be constructed with the cost of parts at less than
$4000 USD. The direct video stream to the surface provides the user the ability to know
the condition of suspended sediment and image quality in real time. If images are out of
focus, the stepper motor controlled platform, on which the camera is mounted, can be easily
re-positioned while the FlocARAZI is deployed. With improvements in digital camera sensor
technology over the past two decades, the FlocARAZI is able to collect high resolution 4000
x 3000 pixel images at a collection rate up to 10 frames per second with a compact and
easy to handle form factor. In contrast to other particle sizing devices with a flow-through
cell design, the DFC and InSiPID imaging devices have a resolution of 1024 x 1024 pixels
and 659 x 494 pixels, respectively. Additionally, compared to the DFC, InSiPID, and PICS,

which use a flashed light source that requires syncing with image acquisition, the FlocARAZI
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uses a continuously illuminated light source, reducing complexity and potential sources of
equipment malfunction. Due to the compact nature of the system, a second camera and lens
assembly could be added to the system with a different flow-through cell gap width, similar
to the InSiPID camera system, to increase the range of observable particle sizes, depending
on the intended application.

An additional benefit of the flow-through cell design utilized by the FlocARAZI is the
ability to collect a large number of independent floc observations in a short period of time
while profiling, when compared to imaging systems that rely on imaging flocs within a settling
tube at discrete locations over the water column. For example, profiles with the PICS system
have been reported to collect around 6,000 particle observations for a single profile consisting
of seven sampling depths at a station with a total depth of 13.6 meters. This profile took
approximately 22 minutes. In comparison, during a profile within the Mississippi River
that took 14 minutes at a station with a depth of 16 meters, the FlocARAZI captured 1162
images and 111,902 in focus particles, with 51,672 of those particles being larger than 30 pum.
However, while the FlocARAZI is capable of collecting a large number of independent floc
observations in a short amount of time, settling tube systems such as the PICS do provide
needed floc settling velocity and hence floc density information. Therefore, an ideal system
would combine both the FlocARAZI and a system like the PICS to obtaining both a large

number of independent floc size observations and floc settling velocity information.

2.8.2 SSC correction factor

A common method for estimating SSC within aquatic environments is to relate SSC from
physical samples to turbidity measured by an OBS. Others have estimated SSC with LISST
instruments by simply assuming that the measured sediment only consists of dispersed min-

erals with a particular density. However, Sequoia Scientific warns that this method is not
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accurate if flocculation, organic matter, or minerals of variable density are present in the
environment where measurements are obtained. Therefore, estimating SSC with an image-
based approach provides a unique opportunity to collect both particle size, type (flocculated
or unflocculated), and SSC with a single instrument. To the best of our knowledge, only one
other researcher has attempted to estimate SSC from a microscope-lens, image-based method
(Antonenkov, 2016). Antonenkov (2016) developed an algorithm for identifying sand grains
within images and related the pixel area of the sand grains to an equivalent circular diame-
ter. The volume of the sand was then assumed to be equal to the volume of a sphere of the
equivalent circular diameter and the mass was estimated by assuming a constant density for
all sand grains. The SSC was then estimated as the sum of the mass of observed sand divided
by the volume of the observable field field of view for the collected images. This method
corresponds exactly to the approach we take for estimating the contribution of sand to the
total SSC estimate. Though, the work presented here expands upon the work of Antonenkov
(2016) to include a method for estimating SSC when flocs are present in suspension and for
improving the accuracy of SSC estimates for particles in the smaller size ranges through the
use of a variable sample width that is dependent on particle size.

The utilization of a correction factor for estimating SSC accounts for a number of
model parameters that have inherent variability. Such parameters include the empirically
derived relation used to obtain Ny3 from Nyo, the use of a single characteristic d,,, estimating
floc volume as the equivalent spherical volume, and variability in primary particle density.
Consequently, SSC estimates from images collected with the FlocARAZI in the field will
need to be calibrated against a measured SSC by use of a linearly scaled correction factor.
An additional result of using a correction factor is a reduction in the influence of the specified
values for d, and py on the final corrected SSC values.

The method we introduced for estimating SSC with the FLocARAZI has been used

to estimate SSC from images collected in the Mississippi River. The method has produced
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reasonable estimates without the use of the correction factor for calibration, producing a
similar SSC profile to physical water samples collected with an isokinetic s