
ABSTRACT 

WEAVER, JOSEPH EARL. From Floc to Reactor Scales: A Multi-Faceted Investigation 

Integrating Microbial Ecological Experiments and Computational Modeling to Understand 

Aerobic Wastewater Systems. (Under the direction of Dr. Francis L. de los Reyes III and Dr. Joel 

J. Ducoste). 

 

Wastewater treatment is governed by the microbial communities cultivated in the plant 

basins and the micro-environments of the flocs in which those microbes live. The ecological 

structure of the population and the physical structure of the flocs determine how well a plant 

operates under normal conditions and how resilient it is to excursions from those conditions. 

Treatment goals are increasingly stringent, and plants must not only meet those goals, but must 

do so reliably, predictably, and more efficiently. Unraveling the mechanisms governing 

population and floc structures and using those mechanisms to improve not only treatment 

systems but the manner in which they are designed is a major, but rewarding, challenge. Here, 

we present a body of work which is a small step towards addressing that challenge. 

An improved method of measuring activated sludge particle size and shape quickly, affordably, 

and efficiently was developed.  Measuring particle morphology is a misleadingly simple 

sounding task and rife with the dual pitfalls of subjective bias and poor data quality. We provide 

a protocol which not only standardizes many steps, reducing those errors, but also provides 

numerous examples of good and bad practice.  The software used by the protocol is open source 

and freely available, both to maximize availability and ensure future maintainability. The 

resulting tool was a vital component in exploring both shear-induced aggregation and corrections 

to biokinetic rates in a novel computational fluid dynamics (CFD)-biokinetics model which 

accounts for particle size. 

Hydrodynamic shear governs floc formation and we monitored the abiotic evolution of 

activated floc size distributions in reactors experiencing different levels of shear. The average 



shear rate was not the only experimental factor.  The shear distribution within the reactors was 

also experimentally varied by comparing results between commonly used aerated sequencing 

batch reactors (SBRs) and, rare for the field, Couette-Taylor bioreactors (CTBs).  Shear within 

SBRs is understood to be highly variable while shear within CTBs is more uniform. CFD models 

of the reactors confirmed that difference and illustrated the recognized inaccuracies associated 

with analytical estimates of average shear within those systems. The ultimate particle size 

distributions were affected by not only average shear, but also the variability of the shear in the 

system, illustrating the utility of a CTB reactor system as an experimental method of controlling 

aerobic particle size. 

CFD-biokinetic models are a desired complement to the standard tanks-in-series (TIS) 

models of aerobic wastewater treatment, and a novel proof-of-implementation was developed 

which incorporated the effect of the micro-floc environment on biokinetic rates. The model was 

calibrated and tested against a physical validation reactor operated under different organic 

loading rates and routes toward improved predictive capabilities were identified. A database of 

over 30000 diameter, bulk substrate, and biokinetic parameter variations was compiled to 

estimate the effective biokinetic rates of flocs within the modeled system. The database was used 

to estimate correction factors which improved the modelôs predictions for some substrate 

concentrations. 

The community structure of two full scale wastewater treatment plants with initially 

identical microbial communities was monitored over five months using a 16S rRNA survey. The 

basin communities drifted but remained more similar to each other than those in the influents. A 

null-community comparison suggested neutral community assembly dominated (~80%) and a 

differential abundance analysis suggests that most of the random turnover may be attributable to 



heterotrophs. Specialist functional communities, identified from a curated database of microbial 

function, may experience deterministic niche-based selective factors more strongly than in the 

overall population.  
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Chapter 1. Introduction and background 

Introduction 

Wastewater treatment bioreactors such as activated sludge are environments engineered 

to be attractive to the desired microbial communities. By understanding how those communities 

form, both in terms of population (whoôs there and how many) and physical structure (e.g., 

particle sizes and shapes), we can develop better ways to meet future treatment challenges and do 

so more efficiently. A deeper theoretical understanding of community assembly would inform 

operational decisions and design processes. Meanwhile, more fundamental understanding of the 

forces physically shaping flocs would enable better modeling not only of the settling behavior of 

flocs, but also of the effects of the micro-floc environment. All of those benefits work towards 

the goals of providing deeper insights into processes and better predictive tools. 

Microbial population structures arise from interacting community assembly processes1ï3 

based on the local environment, individual microbial traits, and random chance. Understanding 

which assembly processes are dominant within treatment plants can inform design and 

operational choices to drive the population towards a desirable community structure and 

function. 

Likewise, many factors determine the physical structure of the flocs and granules within 

treatment plants. Particle morphologies directly affect a reactorsô performance in at least two 

ways. First, large round particles settle quickly, improving clarification. Second, the 

microenvironment of these particles is determined by its morphology and it is the 

microenvironment, not bulk liquid conditions, with which the microbes interact,4 and thus 

determine which organisms can dominate. 
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Better understanding microbial community and physical structures is the theme which 

unifies the research comprising this dissertation. Specifically, I have: 

¶ developed and published a method for large scale, rapid, affordable particle size and shape 

measurement 

¶ demonstrated and published that abiotic particle size is influenced not only by the absolute 

shear, but by its distribution in a reactor; and specifically 

¶ demonstrated that rotating wall Couette bioreactors provide greater experimental control 

over floc and shear distributions 

¶ used 16S molecular methods to monitor microbial community assembly in full scale plants 

and determined not only the dominating community assembly process but also developed an 

analysis method to differentiate the dominant assembly process between microbial 

functional guilds 

¶ implemented a novel combined computational fluid dynamics (CFD) and biokinetic model 

which incorporates floc size and the resulting micro-floc environment 

Background 

Each of the four research activities listed in the introduction are discussed in individual 

chapters. Two of the chapters already have been published as peer reviewed articles and are 

reproduced as such. Because published articles necessarily gloss over the extant literature, this 

section has been developed to give additional, broader background. 
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Particle size and shape measurement in activated sludge 

When an analysis incorporates biological particles, identifying and classifying them is an 

initial and crucial first step. Despite its importance, this step often remains qualitative, employing 

the heuristic of ñIôll know it when I see it.ò When quantitative metrics are employed, they are 

often done arbitrarily and after the fact. Such ill-defined metrics not only hamper reproducibility 

but are also inherently subjective and prone to confirmation bias. 

As a specific example, consider differentiating mature granular sludge from conventional 

activated sludge. Fungal and bacterial aggregates have both been classified as granules,5 yet the 

fungal masses are often significantly larger, fuzzier, arise under different growth conditions, and 

are often unstable over time.6 It is now apparent that inconsistent criteria have led to different 

particles all being identified as ógranulesô in the literature (Figure 1). For that reason, attempts 

have been made to define granules, with the most official definition stating: 

ñGranules making up aerobic granular activated sludge are to be understood as 

aggregates of microbial origin which do not coagulate under reduced hydrodynamic shear, and 

which settle significantly faster than activated sludge flocs.ò7 

The above definition mentions neither size nor shape and instead specifies settling rates 

(directly influenced by morphology). 
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Figure 1: Varying particle morphologies all gathered under the blanket term ógranule.ô (a, b) 

Fungal and bacterial granules produced by pH differences. Scale bar 10 mm.8 (c-d) Smooth and 

fluffy purported bacterial granules driven by substrate differences. Scale not given.9 

Morphological metrics 

Although settling measurements directly quantify a desired sludge characteristic, there 

are a few drawbacks when compared to measuring particle sizes and shape. Crucially, settling 

data, unlike morphological measurements, provide little insight into the dynamic processes 

literally shaping the sludge. While settling data may describe how well a reactor works, it is less 

useful for determining why the reactor works as it does. 

Another drawback of settling measurements is that they are commonly performed on bulk 

sludge, producing little information about the particle size and shape distributions within the 
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reactor. Without resorting to complicated fractionation systems, it is difficult to use a settling 

measurement to explore such phenomena as hybrid reactors or reactors undergoing startup. 

One final disadvantage is that settling measurements require 1000 to 100 mL of sludge,10 

at least 50 times the volume needed for morphological measurements.11 The smaller sampling 

requirement for morphological measurements means that they are not only often easier to 

perform frequently and accurately, but that automating the measurement process is more feasible. 

Morphological metrics are based on the idealization that larger, smoother particles will 

settle more rapidly. However, the size threshold, the manner in which size is measured, and even 

the definition of ódiameterô vary between researchers. For example, one study12 used a circularity 

of at least 0.6 and an area at least equivalent to a 200 micron diameter circle as criteria for 

classifying granules.  

Measurement methods are generally based on either light scattering (e.g., a Mastersizer) 

or direct image analysis. Although light scattering methods generally provide greater throughput 

and potentially real-time measurement, they employ expensive equipment and may not provide 

shape data in addition to size. Direct image analysis needs minimal specialized equipment, 

provides shape data, and the data produced (micrographs) can be later reanalyzed if different 

criteria are required. One major drawback is that the image analysis itself can be daunting to 

researchers whose area of expertise is not in computer vision and image analysis. 

Chapter 2 of this dissertation presents a method by which low magnification micrographs 

of activated sludge particles immobilized in agar may be used to produce particle shape and size 

measurements for large number of particles rapidly and affordably. The method is supported by 

freely available software, includes example analysis code, and provides examples of good and 

poor practice in both generating and evaluating the micrographs. 
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Hydrodynamic shear distribution and particle size 

Hydrodynamic shear controls many factors affecting microorganisms in activated sludge 

reactors. It drives particle aggregation, erosion, and breakage,13,14 affects chemical transport in 

both the macro- and micro- environments,15 and can directly trigger microbial physiological 

responses.16,17 

Despite shearsô sometimes óessentialô18 role, experimental control is difficult. 

Specifically, accurately predicting the shear is difficult, whether via aeration19 or mechanical 

mixing.20 Further, the existing estimators only predict mean shear rates yet the shear rate spatial 

distribution in reactors can be extremely variable,10 and such variability may be as important as 

the mean value in predicting particle morphology and substrate distribution at the microscale.12,21 

The major challenges are threefold: 1) predictably controlling the hydrodynamic shear 

rate within reactors; 2) characterizing the shear rate distribution; and 3) determining the 

relationship between shear and biological particles. 

Experimentally controlling shear rates 

Experimental control of shear typically involves either aeration or mechanical mixing. 

Bubble column and airlift sequencing batch reactors (SBRs) commonly use aeration while most 

continuous stirred reactors (CSTRs) employ rotating paddles for mechanical mixing. One notable 

alternative mechanical method produces shear by inducing Couette-Taylor flow via rotating 

reactor wall(s). Each of these systems are described below. 
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Bubble column and airlift sequencing batch reactors 

Aeration rates are used to control hydrodynamic shear in these systems. The mean shear 

rate is related to the gas flow rate by a number of competing empirical and theoretically based 

equations.22 

Although used frequently to study shear rate effects, SBRs suffer from a critical flaw: the 

various shear rate estimators can differ by more than an order of magnitude, and this error is only 

compounded when these estimators are applied to reactors other than the bubble columns for 

which they were developed.19 

Stirred reactors 

Mechanical mixing can also be employed to control shear,23 generally through some form 

of rotating agitator and occasionally by using oscillating grids.24 

Although the equations used to estimate mean shear rates induced by impellers, 

propellers, and paddles appear more accurate than those used to estimate aeration-induced shear, 

they are still rough estimators and their accuracy highly depends on correctly characterizing the 

agitator.20,25 

The most important issue with agitator-based mixing is that very large shear forces are 

introduced at agitator edges and tips.20,26 The utility of a mean shear rate is questionable in such a 

situation, since it would be akin to assuming each of the distributions shown in Figure 2 affect 

particles identically. 
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Figure 2: Various distributions all with essentially the same mean. 

An alternative mechanical method employs Couette-Taylor Bioreactors (CTBs) that are 

composed of two usually concentric circular vertical walls, constraining the reactor volume into 

a long annulus (Figure 3). Hydrodynamic shear is produced by rotating either one or both walls, 

inducing fluid motion. 
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Figure 3: Side (a) and top-down (b) views of a generalized CTB. 

When rotating either the inner or outer wall (iCTBs and oCTBs, respectively) the rotation 

speed of the moving wall  ὶὥὨίϳ , as well as the wall radii (Ὑ and Ὑ), determine the 

hydrodynamic shear rate within the reactor27,28 as in Equation 1(1). 

Ὃ    (1) 

The flow within an oCTB tends to be more stable than within an identically operated 

iCTB.28 In both cases, the velocity gradient between the walls of the CTB is approximately 

linear, analogous to Couette flow between two infinite parallel plates, resulting in a relatively 

uniform shear rate throughout the reactor. Even when flow instabilities (Taylor vortices) form at 

higher rotation speeds29 the semi-structured nature of the flow is associated with a narrow 

distribution of shear rates than in similar SBRs.10 
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Measuring and estimating hydrodynamic shear 

Hydrodynamic shear rates can be quantified using methods which fall into three broad 

categories: theoretical, empirical, and numerical simulation. 

Theoretical estimates 

Theoretical shear rate estimates are either directly derived by solving the equations 

determining fluid motion or indirectly by solving a system of mechanically related equations. 

The direct case is employed when it is possible to analytically determine the fluid 

velocities in the system (i.e., solve Navier-Stokes and continuity equations). The fluid velocity 

gradients can then serve as an estimate of the shear rates. A simple illustrative case would be 

calculating the fluid shear rate between two moving infinite plates. 

The indirect case is employed when an analytical solution is not tractable, which is often 

true for reactor systems of interest. The general approach is to derive an equation incorporating 

the shear rate using other properties of the system. For example, the superficial gas velocity of a 

bubble column SBR can be related to the specific energy dissipation rate. The specific energy 

dissipation rate can, in turn, be related to the hydrodynamic shear rate. When combined, we 

arrive with the following triple equivalence: Ὣ”Ὗ ὖὠϳ †‎, where g is the acceleration due 

to gravity, ȍ is the fluid density, Ug is the superficial gas velocity (SVG), P/V is the specific 

energy dissipation rate, Ű is the shear stress, and Ὓ is the shear rate. That relation was used to 

derive an SVG-based estimated of hydrodynamic shear within bubble column SBRs.22,30 
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Empirical measurements 

Empirical models are based on analyzing actual reactors and can be created either 

through direct observation of fluid velocities or through indirect velocity estimates using related 

measurements. 

Directly observing the velocity of fluid elements generally relies on recording the 

positions of tracers over time and calculating fluid velocities from the displacement of the tracer. 

There are a number of variations of this method of which particle image velocimetry (PIV) is 

probably the most recognized. Other techniques such a laser Doppler velocimetry, molecular 

tagging velocimetry, and photon Doppler velocimetry also fall into this category. These can be 

considered to be a gold standard and have been used to estimate flow within many reactor 

systems, including SBRs containing granular sludge.31 However, the expense, expertise, and 

amount of labor required combined with the requirements upon reactors for tractable 

measurement limit their use. Note however that advances in solid state electronics, computing 

power, and image analysis algorithms are increasingly mitigating this limitation.32 

Indirect estimation employs observations of mechanical properties linked to shear rates 

through a system of equations. For example, the energy expended by an impeller or other 

mechanical mixing device can be used to infer the shear rate for a given operational condition. 

Other measurements, such as drops in pressure via manometry may also be taken. This approach 

was how G.I. Taylor estimated the effects of rotation speed, wall choice, and radial influence on 

shear rates within CTBs.27,28 
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Numerical simulation 

Computational fluid dynamics (CFD) has become popular due to increased computing 

power, the development of multiple physics models, and increasingly user-friendly software. 

CFD directly predicts velocities by incorporating models based upon both fundamental 

mechanics and previous observations. As such, numerical solutions lie somewhere between 

theory and empiricism. 

Numerical simulation has many advantages: solving otherwise intractable systems of 

equations, rapid iteration, decreased cost, and experimental scalability. However, there are also 

disadvantages: models may not converge, deep expertise may be needed to develop efficient 

models, solution times may take days to weeks, and the datasets produced can be extremely 

large. 

Perhaps the most important issue, however, is the ógarbage-in/garbage-outô problem. It is 

entirely possible that a poorly defined CFD model can produce a ósolutionô with no basis in 

reality. Following best practices33 is important and practitioners should evaluate their solutions 

for such pitfalls as mesh dependence and numerical diffusion, publicly release their models and 

results for review, and, when possible, validate their models against actual systems. 

Analyzing the effects of hydrodynamic shear 

Setting aside the numerous issues associated with controlling and estimating shear, the 

basic question is óHow does shear rate affect the particles in a system?ô 

By far, much of literature currently attempts to answer that question by relating only 

mean shear rates to particle sizes. While particle size distributions are sometimes evaluated, it is 

also common to see experimental designs in which particle categories are discrete. For example, 
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granulation studies may categorize particles as a granule or non-granule based on size and shape 

criteria, rather than viewing particles as existing along a spectrum of ógranule-nessô. 

Notably, both CFD and direct empirical methods can provide shear rate distribution data. 

Meanwhile, particle analysis methods such the one we have developed11 can easily describe 

particle size and shape distributions. Further, statistical tools for fitting, comparing, and relating 

distributions34 or their moments35 exist and are available to the average researcher using non-

extraordinary computing power. 

Chapter 3 of this dissertation compares particle size distributions taken from both SBRs 

and CTBs which were subjected multiple levels of shear. The analytically estimated mean shear 

rates for both systems were compared to the mean shear rates derived from CFD models which 

also provided shear rate distributions. As predicted, the shear rates within the CTBs varied less 

so than in the SBRs which had high spatial variability.  The less variable shear rates within the 

CTBS translated to less variable particle size distributions and illustrated the use of CTBs as a 

novel experimental method for controlling floc size. 

Microbial community assembly 

Biological particles in activated sludge contain diverse microbial communities which are 

shaped not only by the macroenvironment, but also by gradients in the microenvironment. For 

example, the communities within aerobic granules are generally differentiated by their radial 

depth into the granule due to diffusion limitations of oxygen and substrates.36ï38 

There are numerous metagenomic and other molecular studies of microbial communities 

within activated sludge. Even when constrained to a specific type of sludge, such as aerobic 

granular sludge, there is no dearth of observations.38ï42 Despite this bounty of data from well-
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performed studies, the forces driving community assembly are only beginning to be explored. 

Because wastewater treatment fundamentally depends upon microbial communities, unravelling 

the methods by which they assemble may allow us to determine not only how communities are 

shaped, but also how to more efficiently and reliably treat wastewater. 

Forces shaping community assembly 

Our fundamental understanding of community assembly has changed rapidly over the last 

decade. The traditional Darwinian niche-based selection model (e.g., deterministic) has been 

challenged by a different framework of neutral (or null) selection. The neutral theory claims that 

ófitnessô is not paramount in many community assembly processes. Instead, stochastic processes 

dominate, with members from a meta-population simply randomly filling in holes left as existing 

community members die off.43,44 

While originally viewed with skepticism, the neutral assembly model is now accepted as 

a complementary rather than competitive framework. The prevailing óunified theoryô accepts that 

both niche-based and neutral processes coexist and affect a communityôs trajectory.45,46 

The process which dominates assembly differs between systems and determining the 

extent to which one process is occurring can now be estimated. For example, initially fitting a 

purely neutral model and then incorporating environmental factors suggested that community 

assembly in a wastewater treatment basin was, in fact, a mix of niche and neutral effects.46 Other 

ecological models, such as those developed by Stegen1 allow us to even estimate the extent to 

which an assembly process dominates. 

Two associated developments support such analyses. First, it is now possible to 

rigorously correlate taxa with community changes by adapting differential expression methods 

originally used to detect changes in gene expression.47 Second, the development of the MiDAS 



 

15 

 

(Microbial Database for Activated Sludge)48 field guide provides a data source of curated 

microbial metabolic functions related to taxa within activated sludge basins, allowing us to 

analyze assembly patterns based on functional categories without resorting to error-prone 

metagenome predictions from 16S surveys.49 

Incorporating these advances in understanding microbial community assembly allows us 

to start answering some the following questions. 

¶ Do the microbial communities associated with activated sludge biological particles 

assemble in a stochastic or deterministic manner? 

¶ What taxa are driving compositional differences between reactors? 

¶ When split by function rather than phylogeny, do new patterns of assembly unfold? 

¶ To what extent does immigration via influent drive assembly? 

¶ How do the answers to all of those relate to actual plant design and operation? 

Ideally, we could make a statistically testable statement like: ñdeterministic processes 

dominate during early startup, but eventually over 80% of the community composition is 

determined stochastically, save in the case of methanogenic microorganisms which appear to be 

strongly tied to niche-based selection and are insensitive to immigrant populations.ò 

Chapter 4 of this dissertation compares the changes between two initially identical 

microbial communities of two full scale wastewater treatment plants. The communities, observed 

with 16S rRNA molecular methods, in both plants did not diverge and appeared mainly governed 

by stochastic assembly processes. When the observed taxa were assigned functional roles, it 

appeared that specialists may be more strongly influenced by deterministic processes than the 

overall community. 
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Coupled CFD-biokinetic models 

Computational fluid dynamics (CFD) encompasses the use of numerical approaches to 

solve a system of equations describing fluid motion. In addition to fluid flow, CFD models may 

incorporate other equations of state to model additional processes, such as mass transfer, 

biological growth, or electro-magnetic potentials. Increasingly fast, parallel, and affordable 

computing power combined with refined solution methods has naturally led to increased CFD 

use. 

In environmental engineering, it is believed that CFD models coupled to other processes  

(substrate removal, oxygen uptake, and floc size) enables better understanding of how real 

reactors behave and can lead to advances in the field.50 In particular, it is desirable to incorporate 

biokinetic equations, such as those from the activated sludge model family (ASM1, ASM2, and 

ASM3)51 in CFD-biokinetic simulations. 

Extending models beyond hydraulics quickly increases the number of state variables, 

leading to computationally prohibitive solutions, even in the context of high-performance 

parallel computing. Developing a óbetterô CFD-biokinetic model therefore is not simply a matter 

of producing accurate models but also ensuring they remain practically computable. 

The most common additional stated variables modeled are substrate removal and oxygen 

uptake, with a subset incorporating bubble size distributions and/or the effect of aeration on flow 

fields. Of the few that incorporate floc size development, almost all exclusively focus on 

flocculation, sedimentation, or sludge concentration gradients. Only a handful incorporate the 

evolution and effect of floc size on substrate removal.52ï56 

The remainder of this background section first describes methods for improving 

computation and then describes methods used to accomplish specific extensions.  
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Improved computation 

There are a number of approaches which attempt to circumvent the computing problem, 

beyond relying upon Mooreôs law. Although the approaches can vary greatly, they do employ 

combinations of two broad strategies: 

¶ Use computationally simpler models which eschew unnecessary detail for performance, 

especially decomposing the simulation into loosely coupled domains 

¶ Use computationally more efficient models which employ different algorithms which are 

either improved in efficiency or represent a different simulation paradigm 

To illustrate this difference, imagine the task of estimating the number of manholes in 

Manhattan, given a high-resolution aerial map and a suite of basic image analysis tools. A 

simplification might use the default software to analyze a few blocks to estimate the óaverageô 

manholes per block, and calculate the total based on the number of blocks. An efficiency 

improvement might instead analyze the entire map but use a neural network which specializes in 

identifying manholes and works orders of magnitude faster than the default tools. 

Simplifying models 

Spatially or temporally simplifying a model is referred to here as decomposition. The 

utility of decomposition lies in that it can eliminate inefficiencies arising from three common 

phenomena: 1) the relevant spatial scale of the hydraulics is often different from that of the other 

parameters 2) similarly, the temporal scales relevant may vary; 3) many of the interactions 

between components are essentially unidirectional. For example, mixing greatly affects COD 

removal, but COD concentrations do not directly affect hydrodynamics. 
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Le Moullec54 describes a useful set of categories for spatial decomposition methods used 

by many researchers. These categories, in order of increasing spatial decomposition, are termed: 

CFD, Compartmental, and Systemic. In a fully coupled CFD approach solving the Navier-Stokes 

equations, a suitable turbulence model, and a biokinetic model, there is no spatial decomposition. 

At the other end, a Systemic model incorporates a network of ideal reactors, such as the classic 

Tanks in Series (TIS) of continuously stirred tank reactors. In between, and a focus of Le 

Moullecôs work, is the Compartmental approach in which the reactor is broken into a set of 

spatially localized functional sections much larger than individual fluid elements. The major 

trade-off between these systems is that decomposition provides computational simplicity at the 

expense of model realism. This trade-off appears advantageous in compartmental models, 

wherein a modest reduction in realism can provide a significant reduction in computational 

complexity. 

The major challenge in spatial decomposition is in selecting the correct simplification - 

appropriate residence time distributions need to be created for systemic models while 

compartmental models require that spatially homogeneous areas are identified and the flux 

between shared compartment faces can be estimated. Empirical tracer tests, flow imaging, 

process knowledge, and purely hydraulic CFD simulations have all been used to help with those 

challenges. 

Approaches to temporal decoupling can be separated into two types depending on 

whether the solution is transient or static. 

Transient temporal decoupling takes advantage of the differing relevant time scales 

between phenomena. In the case of CFD-biokinetic models, this would incorporate solving the 

hydraulics at the appropriate fine time step, but only solving the equations relating to the 
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biokinetics every ὲ time steps, with the biokinetic solutions for timestep ὲ recorded and re-used 

until timestep ὲ ρ. The number of timesteps ὲ is often constant, but interesting work has been 

performed using an adaptive, variable ὲ based on the premise that ὲ can be allowed to be longer 

when reactant concentrations (and thus reaction rates) are lower.57 

Static temporal decoupling takes advantage of any unidirectional effects to avoid having 

to simultaneously solve equations. For example, flow strongly affects chemical concentration, 

but chemical concentration does not often affect flow. Although this form of decoupling may not 

appreciably alter solution times for any given case, it enables modularity; once a flow field is 

solved it can be computationally óbankedô and need not be recomputed when solving variants of 

initial boundary conditions which do not affect flow. 

While model decomposition methods are major divisions, there are numerous discrete 

details which can also be simplified, often on a model-to-model basis. As examples, assuming a 

constant dissolved oxygen level, oxygen transfer coefficient, bubble size, or bubble size 

distribution are all different levels of detail when simplifying aeration. Other examples include 

the thoroughly reviewed array of turbulence models58 and the decision to model the system as 

singe phase, multi-phase, or a mixture model. All such simplifications involve trade-offs and 

should be based on simulation objectives.59 

More efficient models 

In the world of mesh-based CFD, the other major variants are the methods by which 

problem domains are discretized and by which the discretized forms of the relevant differential 

equations are solved. This category involves things such as mesh type (structured, unstructured, 

cell shape), solver scheme (e.g., second order), and linear system preconditioning. In the case of 
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wastewater treatment, it appears that most practitioners essentially choose their method and 

solution scheme based upon the defaults provided by the software they use. 

CFD is not, however, limited to mesh-based methods. Of these, smoothed particle 

hydrodynamics (SPH) is the most common alternative. Essentially, it is a move from Eulerian 

modeling to Lagrangian based tracking of discrete hydraulic particles which approximate a 

continuum. Additional particle properties, such as a substrate concentration, can also be 

tracked.55 

Specific algorithmic improvements are also useful. For example, quantitative methods of 

moments (QMOM) is a method which attempts to simulate a distribution (such as particle size) 

by tracking its moments. While an improvement in itself, QMOM does have an expensive 

iterative step which was recently improved in the extended quantitative method of moments 

(EQMOM) model, with a reduced runtime of 65 to 90%.60 

Particle populations, biokinetics, and floc shape are all parameters which may be relevant 

to a simulation objective. Particle population balance models (PBMs), for example, have been 

subjected to improved efficiency. The introduction of QMOM has been credited with making 

them far more feasible and EQMOM is a promising development towards greater efficiency. 

Biokinetics has actually been subjected to decreased efficiency (albeit with the benefit of 

increased realism) as more detailed Activated Sludge Models (ASMs) are produced. There has 

been little effort towards improving the solution of the system of differential equations resulting 

from ASM (or other) biokinetic models in the context of WWTP. Advances such as pooled 

metabolic models have been used in chemical engineering, but generally are applied to a well-

studied and often single-organism. 
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Floc shape, while modelled in simulations of settling, has been largely ignored by 

simulations as a factor affecting biokinetic reactions. Ignoring floc shape and size necessarily 

entails also ignoring diffusion of substrates into the biological particle, leading to overpredicted 

reactor performance. A model which incorporates these factors would likely result in more 

realistic, or at least more bounded, predictions. 

The conference paper produced by Sobremisana52 is the focus of this work. It 

incorporated CFD, biokinetics, and (in a novel approach) floc size limited diffusion. The paper 

received some attention, with multiple citations. For the work to progress the model requires 

validation and reimplementation. 

Few other papers have incorporated flocs (vs. assumed uniformly distributed biomass) in 

CFD-biokinetic models of aerobic wastewater treatment. The approaches used are all different 

from that of Sobremisana and do not supersede it. Two papers53,54 use a multiphase approach, 

and are computationally expensive. In one case, a full three phase model of an oxidation ditch, it 

is unclear if floc size changed during simulation or if diffusion into the floc as a function of size 

was modelled.53 The other study treated flocs as a pseudo-liquid second phase,54 which is a more 

expensive and tightly coupled approach than the particle balance model used by Sobremisana. A 

completely alternative approach models the systems as discrete particles in a smoothed particle 

hydrodynamics (SPH) scheme55 in which each particle contains all inherent state variables. 

Using undifferentiated particles treated as both liquid and floc was recognized by the authors as a 

limiting issue. 

In the context of the extant work, the Sobremisanaôs approach remains unique and may 

be both more efficient and flexible. However, this approach was not experimentally validated. 
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With the exception of the SPH scheme, the model implementations are not openly 

available and encumbered by commercial software.  

Chapter 5 of this dissertation presents a combined CFD-biokinetic model that 

incorporates the micro-floc environment, that is experimentally validated, and that is 

implemented in publicly available open sourced software, and represents a novel and useful 

addition to the field. 

Summary 

This dissertation presents research in four areas related in that they are all aimed at better 

understanding how microbial systems treating wastewater come to be formed; both in the 

physical sense of floc morphology and the ecological sense of community population structure. 

By understanding those processes we can crack open the black box a little more. No more are 

they just óflocsô, they are óflocs with a size distributionô. No longer is the basin full of 

ówastewater degrading bacteriaô, it is a basin which contains órandomly assembly heterotrophs 

with specialist communities determined by environmental factorsô. By doing so we can increase 

our descriptive and predictive understanding of these systems, which can only serve to augment 

our ability to design and operate them effectively.  
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Chapter 2. Measuring the shape and size of 

activated sludge particles immobilized in 

agar with an open source software pipeline 

 

J. E. Weaver, J. C. Williams, J. J. Ducoste, F. L. de los Reyes III, ñMeasuring the shape and size 

of activated sludge particles immobilized in agar with an open source software pipeline.ò JoVE 

(Journal of Visualized Experiments), e58963 (2019). Doi:10.3791/58963 

Summary 

The size and shape of particles in activated sludge are important parameters that are 

measured using varying methods. Inaccuracies arise from non-representative sampling, 

suboptimal images, and subjective analysis parameters. To minimize these errors and ease 

measurement, we present a protocol specifying every step, including an open source software 

pipeline. 

Abstract 

Experimental bioreactors, such as those treating wastewater, contain particles whose size 

and shape are important parameters. For example, the size and shape of activated sludge flocs 

can indicate the conditions at the microscale, and also directly affect how well the sludge settles 

in a clarifier. 

Particle size and shape are both misleadingly ósimpleô measurements. Many subtle issues, 

often unaddressed in informal protocols, can arise when sampling, imaging, and analyzing 

particles. Sampling methods may be biased or not provide enough statistical power. The samples 
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themselves may be poorly preserved or undergo alteration during immobilization. Images may 

not be of sufficient quality; overlapping particles, depth of field, magnification level, and various 

noise can all produce poor results. Poorly specified analysis can introduce bias, such as that  

produced by manual image thresholding and segmentation. 

Affordability and throughput are desirable alongside reproducibility. An affordable, high 

throughput method can enable more frequent particle measurement, producing many images 

containing thousands of particles. A method which uses inexpensive reagents, a common 

dissecting microscope, and freely-available open source analysis software allows repeatable, 

accessible, reproducible, and partially-automated experimental results. 

Further, the product of such a method can be well-formatted, well-defined, and easily 

understood by data analysis software, easing both within-lab analyses and data sharing between 

labs. 

We present a protocol which details the steps needed to produce such a product, 

including: sampling, sample preparation and immobilization in agar, digital image acquisition, 

digital image analysis, and examples of experiment-specific figure generation from the analysis 

results. We have also included an open-source data analysis pipeline to support this protocol. 

Introduction 

The purpose of this method is to provide a well-defined, repeatable, and partially-

automated method for determining size and shape distributions of particles in bioreactors, 

particularly those containing activated sludge flocs and aerobic granules.61,62 The rationale 

behind this method were to enhance the affordability, simplicity, throughput, and repeatability of 
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our existing in-house protocols,12,63 ease particle measurement for others, and facilitate sharing 

and comparison of data. 

There are two broad categories of particle measurement analysis ï direct imaging and 

inferential methods using such qualities as light scattering.9 Although inferential methods can be 

automated and have large throughput, the equipment is expensive. In addition, while inferential 

methods can accurately determine the equivalent size of a particle,64 they do not provide detailed 

shape information.25 

Because of the need for shape data, we have based our method on direct imaging. While 

some high-throughput imaging methods exist, they have traditionally required either expensive 

commercial hardware or custom built solutions.65,66 Our method has been developed to employ 

common, affordable hardware and software that, although suffering from a reduction in 

throughput, produces far more particle images than the minimum needed for many analyses.67 

Existing protocols may not specify important sampling and image acquisition steps. 

Other protocols may specify manual steps that introduce subjective bias (such as ad hoc 

thresholding68). A well-defined method which specifies sampling, immobilization and image 

acquisition steps combined with freely available analysis software will enhance both within-lab 

image analysis and comparisons between labs. A major goal of this protocol is to provide a 

workflow and tools which should lead to reproducible results from different labs for the same 

sample. 

Apart from normalizing the image analysis process, the data produced by this pipeline is 

recorded in a well-defined, well-formatted file69 suitable for use by popular data analysis 

packages,70 easing experiment specific analyses (such as custom figure generation) and 

facilitating data sharing between labs. 
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This protocol is especially suggested for researchers who: require particle shape data; do 

not have access to inferential methods; do not wish to develop their own image analysis pipeline; 

and wish to share their data easily with others. 

Protocol 

1. Collect samples for particle analysis 

1. Determine the sample volume for specific reactors which will produce sufficient 

particles for statistical analysis10 (> 500) while avoiding particle overlap. 

1. Assume that a range of 0.5 to 2 mL per sample of mixed liquor is sufficient 

for activated sludge samples with a mixed liquor suspended solids (MLSS) 

between 250 and 5000 mg/L. 

2. Otherwise, prepare three test agar plates using 0.5, 2, and 5 mL of samples 

(steps 1.2 through 2.7). 

3. Visually estimate which (if any) sample volumes best meet the criteria listing 

in step 1.1. 

4. If particles still overlap for the 0.5 mL sample, repeat steps 1.1.2 and 1.1.3 

with three 0.5 mL samples diluted with an added 0.5, 1, and 2 mL of 

phosphate buffered saline to determine the degree to which a 0.5 mL sample 

must be diluted prior to step 2.1. 

NOTE: Steps 1.1 thru 1.1.4 need only be performed once per experiment, or if the reactor 

contents changes such that subsequent measurements no longer meet the criteria listed in 

step 1.1. 
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2. Acquire a representative sample from a well-mixed portion of the reactor by 

grabbing ~40 mL in a beaker or 50 mL centrifuge tube, gently mixing, and 

immediately pouring the determined sampled volume of the well-mixed grab into a 

15 mL centrifuge tube. Dilute the sample, if necessary, as determined by step 1.1.4. 

NOTE: The protocol may be paused here and the sample may be stored under 

refrigeration (4 C) for up to 48 hours. Do not freeze the sample. 

CAUTION: Common preservation media (e.g., formaldehyde/formamide) are not 

suitable. The large surface area of the plate, in combination with the open container, heat 

from the light source, and potentially poorly ventilated microscopy setup produce 

unnecessarily hazardous conditions for little gain in image quality. 

2. Prepare agar plates of stained, immobilized particles 

1. Add 5 ÕL of 1% (w/v) methylene blue to each sample, then cap and gentle invert at 

least 3 times to mix. Allow samples to stain for at least 5, but no more than 30, 

minutes at room temperatures.. 

2. Prepare approximately 10 mL per sample of 7.5% (w/v) agar in deionized water. 

NOTE: Agar may be produced ahead of time and stored indefinitely if sterilized. 1. 

Agarose may be substituted, but does not substantially improve images. 

3. Melt agar using a microwave or water bath and allow to cool slightly before use. 

Ensure the agar is completely melted and pours easily. Solid globules of agar will 

stain differently, producing poor quality images. 

4. Transfer sufficient melted 7.5% (w/v) agar to the centrifuge tube to bring the total 

tube volume to between 6.5 and 9 mL. 

5. Recap centrifuge tubes and gently invert at least 3 time to mix. 
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6. While pointing the cap away from oneself, or in a hood, open the cap. Pour the tube 

contents into a 100 mm plastic Petri dish while gently rocking the dish to achieve a 

full, smooth coating  

7. Allow the plates to cool at room temperature for at last 5 minutes, until the agar 

solidifies. 

  CAUTION: The heat from the agar may produce a slight overpressure in the tube. 

While this has not yet been a serious problem, an audible hiss may often be heard. 

Pointing the cap away from oneself (and others) is a safeguard. An alternative 

method is to open the tube within a ventilated hood. 

  NOTE: The protocol may be paused here. Plates should be inverted and sealed 

(e.g. in a sealing plastic bag or with paraffin film) for up to 48 hours under 

refrigeration (4 C). 

3. Acquire particle images using a stereomicroscope and digital camera 

1. Place the uncovered plate face up on the microscope stage of a stereomicroscope 

capable of 10x to 20x magnification. Illuminate the sample from below with even, 

diffuse light using equipment such as an LED illuminator stand or light plate. 

2. Open the image capture software, ensure the microscope light path is set to óphotoô, 

and click on the appropriate camera from the camera list. 

3. Adjust the microscope so that multiple particles appear in the focal plane with large, 

well-defined edges. Use a magnification of 10-20x to measure particles while 

maintain a relatively deep focal plane. 
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1. Temporarily remove the agar plate and place the micrometer on the stage. 

Adjust the fine focus until the graduations on the micrometer appear sharply 

focused in the image capture software. 

2. If not previously calibrated, record the pixel to micron ratio for the current 

magnification. 

1. Set the zoom to 100% by clicking óZoom -> Actual Sizeô and select 

óOptions -> Calibrateô. Then align the red calibration bar in the main 

viewport along the long axis of the micrometer, with the vertical bars 

centered on the 0 and 200 micron graduations. In the óCalibrateô 

dialog box, enter the current magnification level and actual length of 

200 microns. 

3. If already calibrated, select óMagnificationô from the menu bar, select the 

current magnification level, and confirm the calibration. 

1. Selected óMeasurements -> Line ->  Arbitrary Lineô. Click on the 

intersection of the 0 graduation and long axis of the micrometer. 

Click again on the intersection at 200 and the long axis. A correct 

calibration should display approximately 200 microns. Delete the line 

by clicking on it, pressing delete, and pressing yes on the 

confirmation box. 

NOTE: The instructions given for selecting the camera and calibration are 

specific to the software used for this hardware. Similar functions should be 

available in other imaging software. The goal is to determine the pixel to 

micron ratio of the image for accurate particle size measurement. 
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4. Replace the agar plate and, if necessary, adjust the fine focus to achieve maximum 

detail in the imaging software. 

5. Adjust the imaging software so that maximum image quality is achieved. 

1. Increase the bit depth to the maximum value allowed by selecting the radio 

button in the óBit depthô panel of the óCameraô sidebar. Set the software to 

acquire grayscale images by selecting the appropriate radio button in the 

óColor/Grayô panel of the óCameraô sidebar. 

2. Collapse an open sidebar panels between exposure and histogram. Reduce 

the gain to 1.0 and increase the exposure until a clear image appears in the 

viewport and until the histogram appears as a distribution that is not clipped 

by either end of the histogram box. 

3. Adjust the histogram to avoid over and underexposure. In the histogram 

panel of the camera side bar, slide the left boundary of the histogram to just 

outside the lowest values and the right boundary to just outside the highest 

values. 

6. Save the image as an uncompressed TIFF, including magnification information in 

the image metadata, using the óFile -> Save asô dialog box, selecting the TIFF 

format, and ensuring that the óSave with calibration informationô box is checked. 

  NOTE: Saving image metadata, including spatial calibration, may vary between 

acquisition programs. FIJI71, the underlying software used by the pipeline, 

understands most common variants. The important information to record are the 

pixel height, width, and associated unit(s). 
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7. Using either a mobile stage or manually moving the plate itself, select another area 

which does not overlap previous images, following a path which alternates between 

left-to-right and right-to-left as one moves down the plate; also known as a 

ólawnmower search patternô. Repeat step 3.6 until sufficient images are produced to 

capture at least 500 visually estimated particles, more are better. 

NOTE: Alternative patterns (e.g., circular or random) are acceptable but should be 

reported. Acquiring multiple overlapping images for combination into a mosaic via 

digital stitching produces a resulting file size which greatly hinders downstream 

processing and artifacts from stitching may be introduced. Stitching is not currently 

recommended. 

8. Retain plates until after image analysis for follow-up imaging or immediately 

discarded as appropriate for biological waste. 

4. Measure and analyze particle silhouettes 

1. Install the required image analysis software packages 

1. Install FIJI (an enhanced version of the National Institutes of Healthôs 

ImageJ v1.52e) following the instructions at: 

https://imagej.net/Fiji/Downloads 

2. Install git, if not already present, by following the instructions at: https://git-

scm.com/downloads 

3. Acquire the particle analysis code by cloning the git repository72 

1. At the command line, retrieve the latest version of the code by 

typing: git clone https://github.com/joeweaver/SParMorIA-Sludge-

Particle-Morphological-Image-Analysis.git 
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NOTE: Using git is preferred, as it will automatically retrieve the 

latest version of the code. If git is not available, it is also possible to 

download the code as a zip file on the release page at: 

https://github.com/joeweaver/SParMorIA-Sludge-Particle-

Morphological-Image-Analysis/releases 

2. Install the analysis code following the instructions in the 

óREADME.mdô text file found in the top level directory of the cloned 

repository. 

4. Edit a text file listing the directories to be processed, along with optional 

parameters. Refer to the óexamples/analysisô subdirectory for a list of 

parameters and examples. 

2. Run the analysis on the command line by typing: 

<FIJI - PATH>\ ImageJ- win64.exe -- console - macro SParMorIA -

SludgeParticle_Morphological_Image_Analysis <paramsfile>  

where <FIJI - path> is the directory in which ImageJ- win64.exe  is located and 

<paramsf ile>  the location of the text file describing the analysis setup 

NOTE: The name of the executable may differ, depending on which operating 

system FIJI is installed on. Depending on the number and size of images, the 

analysis may take a few minutes to hours and will run automatically 

3. Perform a quality control check. 

1. Examine the quality control files located in the óoverlaysô subdirectory of the 

specified output directory. Note images with spurious, missed, and poorly 

captured particles, all apparent as shaded outlines which do not match the 
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background. Refer to Figure 6 for examples of such. The particle data are 

now ready for experiment-specific analysis and figure generation. 

4. Reject either whole plates or individual particles by specifying in the analysis code 

the noted files and/or particle IDs to be ignored. Refer to óexamples/censoringô in the 

repository for relevant R and Python code. 

5. Generate experiment specific figures using the image analysis results, which for 

each image are stored in a TIDY73 comma separated text file in the results 

subdirectory of the specified output directory. Refer to the óexamples/figures/Rô and 

óexamples/figures/Pythonô subdirectories for examples of how to read the results 

files. 

Representative results 

Files generated 

The process illustrated in Figure 4 will produce two files per image analyzed. The first 

file is a comma separated value (CSV) text file where each row corresponds to an individual 

particle and the columns describe various particle metrics such as: area, circularity, and solidity 

and are defined in the ImageJ manual.74 Example CSV files are included as supplemental 

information and in the examples/data directory.  
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Figure 4: Graphical workflow describing the four major steps of the protocol. 

The second file is intended for use in quality control (QC) and is a GIF image file which 

overlays the original image with semi-opaque regions representing identified particles, as in 

Figure 5. The quality of particle identification and segmentation can then be quickly manually 

evaluated. Although no particle thresholding method is perfect75, Figure 5 is presented as an 
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example of an acceptable result. Poor quality images can either be retaken, or if sufficient data is 

available, simply removed from further processing.  

 

Figure 5: Example of a Quality Control (QC) gif generated by the image analysis pipeline. 

Magnification of main image 15x. Excerpt is digitally zoomed to show numbers identifying 

individual particles in the image. 

When evaluating QC images, there are three common errors found: 

1. failure to accurately conform to the particle boundaries 

2. failure to identify particles 

3. artifact inclusion due either to: non-particle components (e.g. bubbles), or errors in 

thresholding 

Examples of these errors are illustrated in Figure 6. Poor particle boundary identification 

and segmentation between particles often is a result of over-dying, as seen in (Figure 6)). Poor 

illumination can lead to both failure to identify particles (Figure 6b, blue solid circle) and 

artefact false particles (Figure 6b, red dashed circle). Non-particle matter, such as bubbles, 
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protozoa, fungi, and metazoans, such as the tardigrade in Figure 6c can also be spuriously 

identified as particles. 

 

Figure 6: Common errors detected during QC analysis. (a) Poor particle boundary detection. (b) 

spurious particles (red dashed ellipse) and unsegmented particles (blue solid ellipse). (c) Foreign 

non-particle object. Magnification 15x. 

It is easiest to reject the entire image. However, it is possible to use the particle identifier 

in the QC image (Figure 5, inset) to reject individual particles. This approach is particularly 

useful when there are a handful of issues in an otherwise useful image (such as the inclusion of 

non-particles, Figure 6c). Examples of doing so in a reproducible and reportable manner are 

included in the examples/censoring directory of the GitHub repository. 

When a small minimum diameter is specified (< ~10 pixels), image noise may be 

spuriously identified as a particle. In those cases the image may be still be accepted when further 

downstream analysis removes their presence. As a guideline, shape data should be treated with 

skepticism when particles are composed of less than ~ 200 pixels.76 

Figure generation 

The CSV files resulting from the image analysis are Tidy73 and may be easily combined 

and analyzed in the researcherôs preferred software package (such as pandas77 + seaborn78 in 
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Python or dplyr79 + ggplot80 in R). However, the exact figure type required will necessarily vary 

with research questions and result. An example of a possible figure is included below Figure 7 

and the corresponding code to generate it from the CSV files is available on github.72 

 

Figure 7: Example of experiment-specific figure generated from CSV data produced by the 

image pipeline. In this example, the particle distributions between two experimental reactors 

over time are displayed and combined with qualitative metadata noted by the rese researcher. See 

examples/figures/R for the generating code and data. 

Discussion 

Although the image analysis system is fairly robust and QC steps are taken to ensure poor 

images are removed, proper attention to specific issues in sampling, plate preparation, and image 

acquisition can improve both the accuracy of the data and the proportion of images passing QC. 

Sampling concentration 

Assuming a representative sample has been taken, the most important step is to ensure 

that sufficient particles are present for representative66 and efficient analysis while not so 

concentrated that particles overlap. 
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This has corresponded to approximately 0.5 to 2 mL of mixed liquor over a wide range of 

total suspended solids, but experiment-specific determination may be necessary. Examples of 

overly concentrated, overly -diluted, and appropriate particle concentrations are shown Figure 8 

as a reference. 

Staining is also affected by particle concentration. Over-dilution can result in overly 

stained, blurry particles while under-dilution may not produce particles with sufficient contrast 

for optimum thresholding. 

 

Figure 8: Reference images showing particle concentrations which are too concentrated, 

acceptable, and overly-diluted. Magnification 15x. 

Dye concentration 

The amount of stain added to the sample is crucial and the correct amount may vary 

between sludges. Approximately 5 ÕL of 1% (w/v) methylene blue per 0.5 to 2 mL of sample 

provides sufficient contrast for thresholding without causing óbleedingô and obscuring the 

particleôs shape. 

There is no single ideal concentration; a balance between contrast and clarity must be 

chosen. Figure 9 illustrates this tradeoff in three samples stained with 5, 25 and 50 ÕL of 1% 

methylene blue per 2 mL of sludge. When weighing this tradeoff, the occasional poorly 

contrasting particle (Figure 9a) is preferred over poorly resolvable blobs (Figure 9c). 
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Figure 9: Increased stain concentration improves particle contrast, but also distorts the observed 

boundary. Magnification 15x. 

Plate storage 

After immobilization, plates can be stored under refrigeration (4 C) for at least 3 days. 

This is a conservative period during which it is unlikely that contaminating growth and dye 

diffusion will occur. Plates not showing any of the issues described below may still be imaged 

after 3 days. 

When stored for too long, existing particles may continue to grow and will appear in the 

focal plane of other particles while retaining the hue of the stain, as can be seen Figure 10a. 

Surface contaminants, such as fungal spores, may also grow after long periods of storage. 

These generally will not take up the color of the stain and will appear in a different focal plane, 

as can be seen in Figure 10b. 

In some cases, it is unclear whether overgrowth or diffusion of the stain has occurred, 

such as in the bottom of Figure 10b and center of Figure 10c. Regardless of the cause, spots 

such as those indicate the plate has aged beyond its useful lifetime. 
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Figure 10: Reference images illustrating overgrowth signaling that a plate has been stored 

beyond its useful lifetime. Magnification 15x. 

Plate preparation 

There are two issues associated with physically preparing the agar plates ï overly thick 

agar and excessive swirling. In the first case (Figure 11) the particles become suspended at 

various depths, making it difficult to acquire images with the majority of particles in focus. 

 

Figure 11: Using excessive amounts of agar will produce a sample thicker than the focal plane, 

resulting in blurry particles. Magnification 15x. 
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In the second case, swirling produces a non-uniform distribution of particles (Figure 

12a), biasing results from different sections of the plate (Figure 12b,c). Generally, no more than 

7 mL of agar is required to cover a 100 mm Petri dish and only gentle hand motions are needed 

to evenly cover the dish. 

 

Figure 12: Overly-vigorous swirling during plate preparation will appear as non-uniform particle 

distributions (a), biasing sections of the plate towards larger (b) and smaller (c) particle 

distributions. Plate is 100 mm diameter, micrographs magnified 15x. 

Microscopic imaging 

There are two major image acquisition issues affecting quality. The first issue is ensuring 

that the majority of particles are in the focal plane. Even at low magnification, the size of many 

activated sludge particles is such that without minor adjustments to coarse focus, many particles 

will be slightly out of focus, introducing inaccurate particle measurement. No image will contain 

100% perfectly focused particles; Figure 8 and Figure 5b are respective examples of poor and 

acceptable focus. 
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Exposure levels constitute the second major issue. Poorly exposed images result in lost 

data and poor segmentation. Further, the high contrast of the dye can produce a narrow 

histogram, reducing the effective dynamic range of the data. The upper and lower bounds of the 

histogram may be adjusted prior to capturing an image to both prevent poor exposure and 

increase the dynamic range. Examples of over, under, and acceptable exposures are included 

below in Figure 13. 

 

Figure 13: Reference images showing poor and acceptable image exposures. 

This methodôs advantages are that it provides specific criteria encompassing the entire 

process. Further, we have provided a software pipeline easing within-lab analysis and promoting 

comparable between-lab data. The major limitation of this method is that the requirement to keep 

all particles focused prevents high magnifications, limiting its utility for particles with small 

minor dimensions ï notably filamentous structures. Future directions of this method could 

incorporate advanced image analysis techniques (specifically noise reduction,81,82 high dynamic 

range imaging, focus stacking,83,84 and machine-learning assisted thresholding, segmentation, 

and classification.85 The major image acquisition improvement would incorporate software to 

control mechanical stages8 and produce ówhole plateô mosaic archives. 
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Chapter 3. Controlling aerobic biological floc 

size using Couette-Taylor bioreactors 

 

J. E. Weaver, H. Hong, J. J. Ducoste, F. L. de los Reyes III, ñControlling aerobic biological floc 

size using Couette-Taylor bioreactors.ò Water Research (2018). 147: 177-183. 

https://doi.org/10.1016/j.watres.2018.09.060 

Abstract 

Biological floc size is an important reactor microenvironment parameter that is often not 

experimentally controlled due to a lack of suitable methods. Here, we introduce the Couette-

Taylor bioreactor (CTB) as an improved tool for controlling biological floc size, specifically as 

compared with bubble-column sequencing batch reactors (SBRs). A CTB consists of two 

concentric walls, either of which may be rotated to induce fluid motion. The induced flow 

produces hydrodynamic shear which is more uniform than that produced through aeration in 

SBRs. Because hydrodynamic shear is a major parameter controlling floc size, we hypothesized 

the ability to better control shear rates within a CTB would enable better-controlled floc sizes. To 

test this hypothesis, we measured the particle size distributions of activated sludge flocs from 

CTBs with either inner (iCTB) or outer (oCTB) rotating walls as well as SBRs with varying 

height to diameter ratios (0.5, 1.1, and 9.4). The rotation speed of the CTBs and aeration rate of 

the SBRs were varied to produce predicted mean shear rates from 25 to 250 s-1. Further, the shear 

rate distributions for each experiment were estimated using computational fluid dynamics (CFD). 

In all SBR experiments, the floc distributions did not significantly vary with shear rate or 

geometry, likely because shear rates (estimated by CFD) differed much less than originally 
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predicted by theory. In the CTB experiments, the mean particle size decreased proportionally 

with increased hydrodynamic shear, and iCTBs produced particle size distributions with smaller 

coefficients of variation than oCTBs (0.3 vs. 0.5-0.7, respectively). 

Introduction 

Activated sludge wastewater treatment systems convert organics and remove nutrients 

through microbial floc environments. The roles of these floc environments, including the ability 

to separate from the water effectively, are affected by floc size, a key parameter of the reactor 

microenvironment.4 Despite its importance, floc size is often left uncontrolled in experiments. 

When such control is desired, it is often attempted by controlling hydrodynamic shear, which is 

known to influence floc size.86 

However, precise control of the spatial distribution of hydrodynamic shear is difficult. 

The most common shear rate control methods (mechanical mixing and aeration flow control) are 

imprecise and introduce confounding factors. For example, the relationship between a mixing 

blade and mean shear rate is well established, but large instantaneous shear rates near the blade 

edge affect floc size.20,26 Large instantaneous shear rates can be avoided by altering the 

superficial gas velocity of the reactor. However, the average shear rate estimated from aeration 

rates can vary by an order of magnitude depending on which equation relating the two factors is 

chosen, and may not be appropriate for the actual reactor system used.19 

It is therefore desirable to develop other means of controlling the experimental shear rate, 

particularly if such a method results in predictable, relatively uniform floc sizes. One potential 

method is to use a Couette-Taylor bioreactor (CTB), which consists of two cylindrical walls 

enclosing the reactor contents in an annular gap.27,28 Rotating either the internal, external, or both 
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walls induces a circular flow within the reactor and directly influences the mean fluid shear rate 

(Ὃ). 

Equation 2 is frequently used to estimate the average characteristic velocity gradient or Ὃ 

for a CTB operated at a target rotational speed ( , RPM) and with outer and inner wall radii (R1 

and R2, respectively).27,28 

Ὃ    (2) 

Equation 2 is most accurate below a threshold rotation speed, determined by which wall 

is rotating and the scale of the reactor (Equations. 5-7, Supporting Information),87 during which 

flow is laminar and the shear rate is essentially uniform throughout the working fluid. When 

operated above that threshold, the flow transitions to the Taylor-Couette regime and is 

characterized by stable, stacked, rotating toroids known as Taylor vortices.29 Despite this, shear 

rates are often estimated using Equation 2 which does not account for these potential Taylor 

vortices. 

To achieve shear rates of 44 s-1, which are similar to those of wastewater treatment 

plants,88 a bench scale CTB (i.e. with a volume on the order of 2 to 12 liters) generally needs to 

be operated at speeds above the critical threshold, with the critical speeds for our specific 

reactors listed in Table 3. Further, Equation 2 provides only a mean shear rate and does not give 

any information regarding the shear distribution throughout the reactor volume. For example, 

flow within an oCTB (where the outer wall is rotated) tends to be much more uniform than 

within an equivalently operated iCTB (where the inner wall is rotated).27,28 While a CTB should 

produce more consistent shear, several questions still remain that have not been addressed in the 

literature. These include the following: 
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1. Can biological floc aggregation be predicted in real-world CTBs based on theoretical shear 

distributions? 

2. What impact do shear rates produced by the iCTB with Taylor vortices have on the resulting 

biological flocs compared to an equivalently operated oCTBs? 

To answer these questions, we measured the particle size distributions of flocs in CTBs 

loaded with disaggregated biosolids and operated by rotating either the outer or the inner wall at 

different speeds. We then estimated the shear rate distributions within the reactors using 

computational fluid dynamics (CFD). Both the particle size and shear rate distributions were 

compared to those produced by SBRs with varying height to diameter ratios operated over the 

same range of predicted average shear rates. Finally, we explored the relationship between the 

particle size and shear rate distributions, including a comparison with previous efforts89 to relate 

mean floc size with mean shear rate. 

We hypothesized that the particle size distributions of biological flocs in a CTB are 

closely correlated with rotational speed. Previous research has explored a similar hypothesis 

related to non-biological floc effects in an iCTB.90 However, factors such as a collision 

efficiency, initial particle size distributions, and aggregate strength all affect reaggregation.15  

Those factors are likely different for particles used in non-biological research, such as alum 

precipitates in water, compared to activated sludge flocs. It is important to determine if the 

hydrodynamic shear conditions within CTBs do, in fact, provide better control of the size of 

biological flocs before adopting these bioreactors as improved systems for biological research. 
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Materials and methods 

Experimental plan 

To determine the relationship between shear and particle distributions in CTBs, an oCTB 

and iCTB were loaded with sonicated sludge and operated at mean shear rates controlled by 

varying the rotational speed as shown in Table 1. 

Table 1: Experimental Parameters: Rotating wall speed and associated mean shear rates for 

Couette-Taylor Bioreactors (CTB) with outer and inner rotating walls (oCTB and iCTB). 

Reactor 

Rotation (RPM)  Mean shear rate (s-1) À 

Run 1 Run 2 Run 3  Run 1 Run 2 Run 3 

oCTB 50 100 200  25 50 100 

iCTB 45 120 240  45 118 237 

 À. Predicted from Equation 2 

                 

Additionally, three SBRs of equal volume (2.6 L) and varying height to diameter ratios 

(H/D = 0.5, 1.1, and 9.4) were each operated with aeration rates estimated to produce mean shear 

rates spanning those experienced by the CTBs (Table 2). The three H/D ratios, which are an 

experimental factor in SBR studies, were selected to discern if SBR geometry affected floc size 

and are similar to H/D ratios used in aerobic granulation experiments.91,92 

Table 2: Gas flow rates (L/min) used in SBR reactors. 

SBR H/D 

Desired mean shear rate (s-1) À 

25 50 100 200 250 

(Squat) 0.5 0.11 0.43 1.7 6.9 10.8 

(Med)   1.1 0.07 0.26 1.0 4.1 6.5 

(Tall)    9.4 0.02 0.06 0.2 1.0 1.5 

 À. Predicted from Equation 3; see below 
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After operating for 2 hours at 20ÁC, samples were taken from each reactor to determine 

the particle size distributions of the flocs. The shear distributions within the reactors were then 

estimated using CFD simulations. 

Reactor construction 

The CTBs were constructed with two concentric acrylic cylinders, where the outer 

cylinders were mounted on flat bases while the inner walls were supported by an internal shaft 

(Figure 14) using the configuration-specific dimensions in Table 3. 

Table 3: Summary of Couette-Taylor bioreactor dimensions (all units in cm, L, or RPM). 

Boldface indicates a parameter corresponding to Figure 14. 

Parameter iCTB  oCTB  

Outer Radius 

(Router) 
9.4 8.5 

Inner Radius 

(Rinner) 
8.5 6.9 

Annular gap 0.9 1.6 

Working Height (h) 33.6 38.8 

Annual gap 0.9 1.6 

Reactor volume 1.7 3.0 

Critical RPMÀ 1.2 0.8 

À. Predicted from Equations (5-7, 

Supporting Information).  
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Figure 14: Couette-Taylor Bioreactor (CTB) geometry. 

The iCTB inner wall was rotated using a laboratory mixer attached to the inner wallôs 

shaft. Rotation of the oCTB outer wall was accomplished by mounting it onto a variable speed 

potterôs wheel (Artista model, Speedball Art, Statesville, NC). The inner wall of the oCTB was 

kept stationary by attaching its shaft to a fixed clamp. Rotation speeds were measured using a 

handheld tachometer. 

In both cases, flat polytetrafluoroethylene (PTFE) plates were placed between the inner 

and outer base plates to reduce friction. Aluminum spacer discs with a central PTFE bushing 

were fit around the central shaft at the top of the reactors to maintain even spacing between 
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reactor walls. Water was added to the inner cylinder to counteract buoyancy; this water was 

solely ballast and did not mix with the active reactor volume. 

In the CTBs, influent, effluent, and aeration ports were installed on the static wall of each 

reactor. Aeration was provided by a coiled aquarium style bubble wand (Aquaneta model 

B01N1KQGBG, CLL Pet Supplies, Madison, WI) which fed air from the output of a vacuum 

pump at rates of 1.8 L and 0.75 L per min, resulting in superficial upflow gas velocities of 0.25 

and 0.39 cm s-1 within the oCTB and iCTB, respectively. Other fluids were pumped using 

peristaltic pumps. 

The SBRs were constructed from cast acrylic tubes mounted on flat bases, with an 

aeration port installed near the bottom wall. Aeration was provided by bubble stones (max pore 

size 80 microns) fed air from the output of a vacuum pump. Flow rates were adjusted to the 

values in Table 2 using calibrated rotameters to provide the superficial upflow gas velocities 

(0.16, 0.23, 0.32, 0.45, 0.50 cm s-1) estimated to produce mean shear rates of 25, 50, 100, 200, 

and 250 s-1, respectively. 

Sludge preparation and reactor media 

The oCTBs were tested using activated sludge (suspended solids concentration ~ 2,500 

mg L-1) from the aeration basin at the North Cary Wastewater Reclamation Facility (NCWRF 

Cary, NC), a BioDeniPho process designed to treat 45x103 L day-1. Five hundred milliliters of 

settled sludge were collected and sonicated for 9 minutes at 50 W to reduce activated sludge to 

its constituent microcolonies, providing similar starting particle distributions between 

experiments (Figure 34, Supporting Information), without disrupting cell walls.93 

The sonicated sludge was immediately added to the oCTB, which already contained 2.5 L 

of deionized water with a 10 mM potassium phosphate buffer at pH 7, and 5 meq each of both 
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calcium and magnesium ions (CaCl2 and MgSO4). The divalent ions were added to provide an 

improved flocculation environment.94,95 

The iCTBs and SBRs were also tested using settled activated sludge from the NCWRF. In 

both cases, sludges were sonicated as described for the oCTB, with sonication time reduced to 3 

minutes, and added to a buffer of the same composition. Sonication time was shortened 

compared to the CTB sonication times to reduce the chance of cell lysis while producing 

essentially the same median floc size.63 To accommodate the different volumes of the iCTB and 

SBRs, 100 mL of sludge was added to 1600 mL of buffer in the iCTB while 400 mL of sludge 

was added to 2200 mL of buffer in each SBR. 

Reaction time 

The two hour reaction time was estimated based on apparent stabilization times, 

determined by taking samples every 10 minutes over the course of 3 hours from oCTBs running 

at 50 and 100 RPM (Fig. S1). We assumed that physical-chemical reaggregation dominated over 

microbial growth over this timescale. 

Reactor shear rate distributions 

The mean shear rate (Ὃ) for each reactor was estimated using Equation 2 for the CTBs. 

Although the aeration shear rate contributes to the mean shear rate in a CTB, it was kept constant 

between different runs and the main difference in shear distributions between CTBs can be 

attributed to rotation. Further, the shear caused by aeration in most CTB experiments was a 

fraction of that attributable to rotation; especially given that Equation 3 may overpredict shear 

rates.19 Additional impacts of the rotating flow regime include changing the bubble paths from 

vertical to a rising spiral and altered bubble size due to changing rates of coalescence and 
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breakup. All of those effects are complex to model and were represented more simply in the 

mixture-submodel within the CFD. 

Shear within the SBR was solely due to aeration and was estimated using Equation 3,22 

where g is acceleration due to gravity, ɟ is density, Ug is superficial gas velocity, and, for 

Newtonian fluids, n =1 and Õ is dynamic viscosity. We have assumed Newtonian flow due to the 

dilution of the reactor contents. 

' ÇАʍὟ   (3) 

The spatial distribution of shear rates within all reactors was then estimated via CFD . 

The CFD data was exported and converted into a CSV file using Tidysol v0.0.296 then further 

analyzed in R using the ggplot2 and dplyr packages.97,98 We used Mendeley to make the CFD 

models and data publicly available.99 Github100 was used to store the analysis code.101 

Floc particle size distributions 

Floc particles were immobilized in agarose gel and imaged with a dissecting microscope. 

The CTB particles were imaged using a Photometrics Sensys 3.2 megapixel CCD camera (Roper 

Technologies, Sarasota, FL) and the SBR particles were imaged using an A35140U color 14 

megapixel CCD camera (OMAX, Bucheon, South Korea). In both cases, sufficient non-

overlapping images were taken to acquire at least 500 particles per sample. The particle sizes for 

the CTBs were then measured using Metamorph v6 (Spot Imaging Solutions, Sterling Heights, 

MI) as previously described63 and are given as the diameters of area-equivalent circles. Particles 

from the SBRs were analyzed using a similar pipeline implemented in FIJI v1.51d71 The 
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resulting particle data for the CTBs and SBRs were analyzed using R, with the analysis code and 

data available on github.101  

Numerical methods 

All CFD models were implemented in COMSOL Multiphysics v4.3a (COMSOL AB, 

Stockholm, Sweden). The CTBs were simulated using the turbulent flow mixture module with 

default settings (Table 7, Supporting Information). The rotating wall was modeled by applying a 

constant velocity boundary condition, calculated as the tangential velocity of the wall resulting 

from the run-specific angular velocity. 

The SBRs were simulated using the mixture model physics component and the gas flux 

was determined based on the desired superficial gas velocity. Aeration was set as a boundary 

condition on a circular section of the SBR floor set to 0.6 of the total diameter of the SBR. The 

auto-generated meshes were created with a setting of either ófinerô (CTBs) or ófineô (SBR) 

(approximately 500-800k elements and 150k elements, respectively) and are presented in Figs. 

S2-S8. 

For all simulations, a transient solution was obtained using the default solvers selected by 

COMSOL (Table 7, Supporting Information). All solutions were run to convergence (1e-6) and 

were taken from the 10s time point, which was well after quasi-steady flow developed 

(approximately 2-5s). 

Ὃ
ÄÖ

ÄØ

Ä×

ÄÙ

ÄÕ

ÄÚ
                            (4) 
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The shear rate, as well as other variables, was directly calculated by the COMSOL 

physics module for the CTB. Shear rate was estimated using the mean velocity gradient, 

calculated as the magnitude of the non-normal components of the stress tensor (Equation 4). The 

cell volume was calculated based on the cell size and geometry, and was used to determine the 

volume fraction of each cell. The fractional volumes were then used to construct the volumetric 

shear rate distributions for each simulation. 

Results and discussion 

Shear rate and particle size distributions 

Rotating either the oCTB or iCTB faster produced greater mean shear rates, resulting in 

lower mean particle sizes (Figure 15). It appears, however, that Equation 2 predicts mean shear 

rates greater than either the mean or mode shear rates resulting from the CFD simulations. For 

example, Equation 2 predicted the mean shear rate for the oCTB operated at 100 RPM to be 50 s-

1, but the CFD simulation showed the distribution peaked at 13 s-1 and had a mean of 22 s-1. The 

median, modal, and predicted mean shear rates for all the experimental conditions are included in 

Table 4 (Supporting Information) alongside the first four moments of each distribution. 
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Figure 15: Shear rate determined using CFD (a, c) and particle size distributions (b, d) in each 

CTB, by RPM. 

The coefficient of variation (C.V.) of shear rates increases with RPM (Figure 16), 

indicating that faster rotation óspreads outô the resulting shear distributions, relative to their 

means. As expected, this effect was less pronounced in the oCTB when compared to the iCTB 

(Figure 15a) which we attribute to the lack of multiple Taylor vortices in the oCTBs. Visually, 

the lower CV in an oCTB corresponds to the narrower shear rate peaks in Figure 15c when 

compared to Figure 15a. 

The C.V. of most particle distributions, unlike the shear rate distributions, was not greatly 

affected by RPM. The only exception corresponded to the lowest shear rate (11 s-1 in the oCTB 

at 50 RPM), suggesting a threshold shear rate above which the C.V. changes only slowly (Figure 

16b). Contrary to our initial prediction, the iCTB produced more tightly distributed particle sizes 

than the oCTB despite its wider shear distributions (Figure 15b and Figure 15d). 
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Figure 16: Coefficients of variation for both shear and particle distributions as a function of 

increasing RPM. 

These unexpected results may be due to the differences in flow patterns within the 

reactors (Figure 17). The iCTBs contained many tightly defined Taylor vortices which rotated 

much faster than the single circulation cell in the oCTBs. It is possible that as a particle moves 

upward through multiple vortices in the iCTB, the frequent exposure to both high and low shear 

homogenizes the particle sizes, resulting in the relatively low increase in C.V. with respect to 

RPM (Figure 16b). 
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Figure 17: Vortex flows in (a) oCTB and (b) iCTB. Note the differences in z-velocity ranges. 

Comparison with SBR shear rate and particle size distributions 

Unlike CTBs, SBRs are popularly employed as experimental systems for wastewater 

treatment. Consequently, we explored the shear and particle size distributions within SBRs to 

provide a basis for comparison. 

A mixture model simulating bubbling of air throughout the medium SBR (height-to-

diameter of 1.1:1) at a rate predicted to produce a mean shear rate of 100 s-1 produced 

unsurprising flow patterns. As expected, regions of high shear within the SBR were highly 

localized to reactor boundaries near recirculating flows (Figure 18). Other SBR geometries 

showed similar flow patterns and shear localization (Figure 30 - Figure 32, Supporting 

Information). 
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Figure 18: Flow patterns and shear within the medium SBR (H/D 1.1:1). Arrows show 

proportional velocity. Color scale indicates mean velocity gradient (s-1). 

A large portion of the SBR reactor volume experienced little to no shear, as can be seen 

from the distributions in Figure 19. Also notable is that while the peak shear rates were similar 

to those predicted by Equation 3, the mean shear rates predicted by CFD are apparently much 

lower (Table 5, Supporting Information), corresponding to the known difficulties predicting 

shear from superficial gas velocity.19 
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Figure 19: Shear distributions within three bubble column SBR geometries operated to produce 

a predicted mean shear rate of 100 s-1. X-axis is truncated to 15 s-1, the distributions have long 

tails with small amounts of shear up to 140 s-1. 
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The particle size distributions recovered from each SBR appeared to be independent of 

geometry, as can be seen in Figure 20 and Table 6 (Supporting Information). In contrast to either 

style of CTB, a bubble column SBR does not appear to be a useful method to control biological 

floc size. 

 

Figure 20: Particle size distributions within three bubble column SBR geometries operated to 

produce various predicted mean shear rates. Y-axis is truncated to 100 Õm, the distributions have 

long tails with very few particles of up to 120 Õm. Particles below 10 Õ Õm were excluded to 

avoid false positives detected by the thresholding algorithm and produced by random noise in 

background illumination. 

Relationships between rotation-induced shear and floc size 

Experimentally, floc size within a CTB should be controlled by selecting an appropriate 

RPM. Mechanically, the rotational speed alters the shear distribution which, in turn, alters the 

particle size distribution. Practically, this means a desired particle size distribution could be 

targeted by calculating an appropriate RPM (or, conversely, the particle size distribution could be 

predicted from a desired RPM). Ideally, the relationship should not only be predictable but also 

linear and produce a useful response over a range of practical rotation speeds while not being 

overly sensitive to small changes in RPM. 
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As can be seen in Figure 21, the mean particle size is related to the mean shear rate of 

both the iCTB and oCTB. We have also plotted particle size data from one other published 

dataset.89 Although the relationship between shear and particle size was not the main focus of the 

additional study, they did use an iCTB and the rate at which particle sizes changed with respect 

to shear appears similar. The difference in intercept between these two experiments is unclear 

and may be due to any combination of factors, including the initial particle distribution, the 

method of determining particle size, and the differences between floc strength for either sludge. 

 

Figure 21: Relationship between shear rate and particle size in various reactor systems. 

While the mean particle size and mean shear rate are related in the CTBs, relating the 

respective distributions is more involved. Developing this relationship requires two steps: 1) 

fitting the empirical distributions to a relevant distribution model, and 2) correlating the 

parameters from each distribution using some form of regression. Unfortunately, attempts to fit 

the data to either traditional distributions (e.g. lognormal) or more advanced generalized models 

(e.g. generalized lambda and extended generalized beta distributions34) failed to produce 

statistically ógoodô fits within the accepted range of parameters for these distributions. Further, 

attempts to correlate the parameters from even óbadô fits through multiple linear regression failed 
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to produce significant, parsimonious empirical models. The quality of the distribution fits and 

regressions was affected by the amount of data available. It is possible that an empirical 

relationship between shear rate and particle size distributions exists, but its determination 

requires a more extensive range of experiments. 

Conclusions 

It appears that the mean shear rates estimated using computational fluid dynamics (CFD) 

differ from what would be expected from equations estimating the mean shear rates. In both 

cases, the mean shear rates derived from the CFD distributions were lower than those predicted 

by Equations 2 and 3. In the case of rotation-induced shear, the peak shear rates observed in the 

simulation approached the mean values predicted by Equation 2. The discrepancy between 

simulation and estimation was much greater in the case of aeration-induced shear. This 

discrepancy may be because Equation 3, while popular and grounded in theory, tends to produce 

large estimates of hydrodynamic shear.19 Both Equations 2 and 3 are estimates with 

acknowledged limitations and we suggest that CFD modeling of reactor systems should be used 

instead. Direct experimental validation of the CFD shear distribution results, however, would be 

needed to confirm its accuracy. 

Within CTBs themselves, the choice of rotating wall affects Taylor vortex formation and 

while the appearance of Taylor vortices in the iCTB produces the expected increased variance in 

shear rate distribution, it appears to produce particle size distributions with decreased variances 

relative to their mean. Such narrow, predictable peaks are characteristic of the distribution we 

wished to produce. 
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Although we cannot yet empirically relate the distribution of shear rates within a reactor 

to the particle size distribution, we can make two general statements: 

1. The relatively more uniform shear rates within a CTB, as compared to a bubble column 

SBR, lead to particle size distributions which can be experimentally controlled. 

2. The mean particle size within a CTB is inversely related to mean shear rate. 

By virtue of providing a linear particle size response over the range of rotation speeds 

available and by minimizing the spreads in particle and shear distributions, a Couette-Taylor 

bioreactor with a rotating inner wall (iCTB) appears to be the best of the systems studied for 

experimental control of biological floc sizes. At present, the particle size distribution for a 

specific iCTB geometry and RPM must be determined experimentally. 

Further work should focus on: a) resolving the differences between shear rate estimation 

methods, particularly for aerated SBRs, b) producing a reliable predictor that correlates iCTB 

shear distributions with resulting particle size distributions, and c) estimating shear distribution 

parameters with variations in iCTB geometry and rotation speed. 
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Table 4: Descriptive statistics (volume weighted moments) of shear and particle size 

distributions in CTBs. 

  Reactor iCTB  oCTB 

  RPM 45 120 240  50 100 200 

Particle 

Size 

Distribution 

mean (ɛm) 96 76 61  140 62 43 

std. dev. 25 21 20  96 30 19 

mode (Õm)** 105 75 55  55 55 35 

median (Õm)** 95 75 65  85 65 45 

kurtosis -0.3 -0.7 -0.7  -1.2 -0.1 -0.9 

skew -0.5 0.1 0.4  0.5 0.7 0.4 

CV (ů/ɛ) 0.3 0.3 0.3  0.7 0.5 0.5 

Shear Rate 

Distribution 

Predicted 

mean    (s-1)* 

45 118 237  25 50 100 

mean    (s-1) 16 53 126  11 22 47 

mode    (s-1)** 9 18 37  7 14 28 

median (s-1)** 11 26 49  8 15 29 

std. dev. 10 52 148  5.6 15 44 

kurtosis 1.6 2.2 3.1  4.4 10 16 

skew 1.5 1.7 1.9  2.2 2.9 3.3 

CV (ɛ/ů) 0.6 1.0 1.2  0.5 0.7 0.9 

 * Using Equation 2 

 ** Generated from weighted histograms, values are bin midpoints 
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Determining critical rotation speed for laminar-flow transition in Couette-Taylor Bioreactors (CTBs) 

For a CTB with a rotating outer wall, the minimum critical rotation speed is achieved 

when the Taylor number reaches between 1695 and 245327, as determined by Equation 5. 

 

Ὕ
ὙЏ Ὑ Ὑ

‡
 (5) 

Where: Ta is the Taylor number, R1 and R2 are the radii (cm) of the outer and 

inner walls, and Ý is the angular velocity (rad/s), and ɜ is the kinematic viscosity 

(stokes). 

For a CTB with a rotating inner wall, the critical rotation speed is determined by 

Equation 6, which incorporates an empirically derived instability criterion, Pt.  

 

Џ
“‡

ςὙ Ὑ Ὑς

Ὑ Ὑ

ςὖ Ὑ Ὑ
 (6) 

Where: Pt is the criterion calculated via Equation 7 and the other variables are 

as defined for Equation 5. 
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Where: Pt is the criterion used in Equation 6 and the other 

variables are as defined for Equation 5. 
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Table 5: Descriptive statistics (volume weighted moments) of shear distributions in SBRs. 

  Reactor Squat Med Tall 

  H/D 0.5 1.1 9.4 

Shear Rate 

Distribution 

Predicted 

mean    (s-1)* 

100 100 100 

mean    (s-1) 5.1 2.9 5.0 

median (s-1) 3 2 4 

std. dev. 11 6 5 

kurtosis 63 111 12 

skew 7 9 3 

CV (ů/ɛ) 2 2 1 

* Using Equation 3 

Table 6: Descriptive statistics (volume weighted moments) of particle distributions in SBRs for 

various shears. 

Predicted 

Shear 

Rate 

 (s-1)* 

50  100  200  250 

H/D 0.5 1.1 9.4  0.5 1.1 9.4  0.5 1.1 9.4  0.5 1.1 9.4 

mean 

(ɛm) 
31 42 37  

32 30 39  32 41 29  33 25 25 

median 

(ɛm) 
14 14 14  

14 14 14  13 14 14  13 13 13 

std. dev. 18 36 27  21 14 27  21 31 15  22 12 12 

kurtosis -0.3 0.4 0.6  3.4 -0.2 0.4  -0.5 1.6 -0.1  2.4 -0.2 0.5 

skew 0.9 1.4 1.3  1.9 0.8 1.2  0.7 1.5 0.9  1.7 0.8 1.1 

CV (ɛ/ů) 0.6 0.8 0.7  0.7 0.5 0.7  0.5 0.8 0.5  0.7 0.5 0.5 

* Using Equation 3 
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Table 7: Parameters for COMSOL 4.3a CFD experiments. 

Parameter Type Parameter Name Parameter Value(s)* 

oCTB (3d sliding wall ï oCTB.mph) 

Global Definition RPM 50,100,200 

Study Full Annulus 

Turbulent Flow 

 

Mesh Selection óFinerô  

Times Range(0,0.1,10)  

Physics Turbulent flow (k-Ů)  

Solvers (Segregated) Iterative 1  Generalized Minimal Residual 

method (GMRES) 

 Iterative 2 GMRES 

iCTB (3d sliding wall ï iCTB.mph) 

Global Definition rotPM 45,120,240 

Mesh Selection óFinerô  

Times Range(0,0.1,10)  

Physics Turbulent flow (k-Ů)  

Solvers (Segregated) Iterative 1 GMRES 

 Direct1 PARallel sparse DIrect linear SOlver 

(PARDISO) 

SBR (Mixture laminar flor for SBRs.mph) 

Global Definition ID squat_id, med_id, tall,id 

Global Definition H squat_h, med_h, tall_h 
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Table 7: (continued). 

 

Global Definition Svg svg_25, svg_50, svg_100, svg200, 

svg_250 

Study Laminar SBR  

Mesh Selection óFineô  

Times Range(0,0.1,10)  

Physics Mixture model, 

Laminar Flow 

 

Solvers (Segregated) Iterative 1 GMRES 

 Iterative 2 PARDISO 

* For complete settings (e.g. GMRES preconditioning, list of variables solved for, etc.) 

please refer to the COMSOL models archived on Mendeley data (doi:10.17632/vn6tpgtzy6.1) 

 

Figure 22: Changes in particle diameters in oCTBs operated for 0 to 180 minutes at 50 and 100 

RPM. Used to determine sampling time for main experiment. 
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Figure 23:  Mesh for iCTB CFD simulation, 517999 elements. Scale in mm. 

 

Figure 24: Mesh for oCTB CFD simulation, 862501 elements. Scale in mm. 
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Figure 25: Cross section (x-y plane) of (a) oCTB and (b) iCTB meshes at equal scale. 

 

Figure 26: Detail view of óTallô SBR mesh. Diameter is 7.065 cm. 
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Figure 27: View of óMedô SBR mesh. Scale in mm. 

 

Figure 28: View of óSquatô SBR mesh. Scale in mm. 
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Figure 29: Mesh quality histograms for each COMSOL mode. 
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Figure 30: Flow patterns and shear within the squat SBR. Arrows show proportional velocity. 

Color scale indicates velocity gradient (s-1). 
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Figure 31: Flow patterns and shear within the tall SBR. Arrows show proportional velocity. 

Color scale indicates velocity gradient (s-1). 
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Figure 32: Detail view of flow patterns and shear within the tall SBR. Arrows show proportional 

velocity. Color scale indicates velocity gradient (s-1). 

 

Figure 33: Cross section (a) and top-down (b) views of CTB reactors. The annular gap is the 

distance between R1 and R2 and is filled with the working fluid. 
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Figure 34: Particle size distributions for sonicated sludge used to inoculate SBRs, showing the 

relatively identical starting populations induced by sonication. 
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Chapter 4. Comparing microbial community 

assembly between two full scale aerobic 

basins and determining dominant assembly 

processes 

Abstract 

The startup of a newly constructed wastewater treatment plant, inoculated with sludge 

from a nearby operational plant, provided an opportunity for a natural experiment in which the 

initially identical microbial communities were observed with 16S molecular methods over the 

course of half a year. Both communities changed over time, drifted apart and did not appear to be 

strongly influenced by the differing influent microbial communities. Based on a null-model 

comparison, the communities appeared to be mostly (>80%) stochastically assembled. When 

potential microbial drivers of community differences were identified using differential analysis, 

it was hypothesized that much of the random assembly was attributable to functionally redundant 

generalist heterotrophs. When the identifiable functional guilds of microbes within the basins 

were inferred, it became apparent that the relative abundances of heterotrophs and autotrophs 

were stable. The random turnover of heterotrophic taxa despite the functional stability may be 

masking deterministic effects in specialist communities; a comparison of the relative abundances 

of denitrifiers suggests deterministic assembly. 

Introduction 

Molecular methods have allowed us to describe communities associated with many 

environments, including those within wastewater treatment plants. Although it is difficult to 
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determine causation in the structure-function relationships,102ï105 the observed correlations have 

allowed us to understand how microbial communities associated with specific problems and 

processes may form.42,106ï110 

The unmet challenge is generalized prediction: given an arbitrary starting point, we are 

unable to drive the microbial population towards an arbitrary desired point (Figure 35). Indeed, 

it is difficult to even predict the resulting community, much less deliberately influence it. This 

challenge may be met by using approaches grounded in ecological theory,111 especially those 

concerned with community assembly. 

 

Figure 35: A general model for predicting the final community (right) composition in an aerobic 

basin given an arbitrary starting community (left) is not currently possible. 

Community assembly theoretical frameworks can be used to determine if basin 

communities follow classical niche-driven selection processes or are instead largely 

stochastically assembled by neutral processes. Niche-driven selection is the óselection of the 

fittestô model and which gave rise to the saying attributed to Beijerinck and Becking112 that 

óeverything is everywhere, the environment selects.ô Stochastic assembly instead assumes that 
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the pool of possible organisms (the metapopulation) are more or less evenly fit and replace dying 

members through an abundance weighted lottery.44 Decades after its initial controversial 

introduction, many ecologists now believe that stochastic assembly is a valid process and occurs 

in coexistence with deterministic selection.43 Determining which type of process drives basin 

community assembly is the first step in learning to deliberately drive the microbial community 

towards a specific composition, or determining if that goal is even realistic. 

There has been some work towards understanding which process dominates in aerobic 

wastewater, but there is no clear consensus. A neutral model to which various specific ecological 

processes have been added shows a good fit towards taxa turnover rates, suggesting that 

wastewater treatment basins are largely stochastically driven with a scattering of niche-specific 

effects.113 Meanwhile, another study using a similar null model analysis to that employed in the 

current work suggests that basins are largely deterministically driven.114 Given the wide 

biodiversity of treatment plants,115 high taxa turnover resulting in relatively small ócoreô 

communities,116 functional redundancy between taxa, phenotypic plasticity within single taxa, 

and the ability of external factors, such as environmental perturbation,117 to alter dominating 

processes,118 it is unsurprising that no clear answer has emerged. 

Our contribution towards resolving this conflict is centered on taking advantage of the 

opportunity to perform a natural experiment, a rare opportunity in our field, and subject the data 

to recently developed statistical methods1,3 from the perspective of not only taxa-based 

differences but also from the viewpoint of microbial function119,120 taking advantage of a curated 

microbial database focusing on wastewater ecology.48,121 

Natural experiments have long been a potent tool for ecologists, with one famous 

example being the recolonization of Krakatau.122,123 For us, such an opportunity arose 
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serendipitously when a nearby wastewater treatment plant, was constructed. Importantly, the 

plant was inoculated with sludge from another nearby well-established plant, and thus at the time 

of inoculation both plants had initially identical microbial communities. Both plants, however, 

differed in that they received wastewater from different sewersheds and used different aerobic 

processes. The donor is a 45 million liter per day (MLD) BioDeniPho plant, while the recipient is 

a 68 MLD VIP process, (Figure 36). During the first 180 days of startup, we assessed the 

microbial communities of both basins, as well as the influent, using a 16S rRNA approach. Our 

goal was to observed shifts within communities and divergence between them, determine which 

processes drove community changes, and attempt to relate the findings to practice. 

 

Figure 36: Simplified operational schematics of the wastewater treatment plants sampled in this 

study. 

Materials and methods 

Donor and recipient plants 

The receiver plant treats 68 MLD of wastewater. After mechanical screening and grit 

removal, secondary treatment is performed using the Virginia Initiative Process (VIP) to remove 
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biological oxygen demand, nitrogen, and phosphorus. Four trains are used during full capacity, 

but only the first train was used during startup.  The donor plant treats 45 MLD with primary 

treatment similar to the receiver. Secondary treatment uses a BioDeniPho124 process whose major 

characteristic is a pair of connected equal-volume oxidation ditch-style basins in which aeration 

is alternately turned on in one and off in the other. Beyond removing biological oxygen demand 

the goal is to enhance nitrogen and phosphorus removal. 

Sampling 

Triplicate grab samples of approximately 50 mL each of mixed liquor and raw influent 

were taken 3 times weekly from each plant, refrigerated for no more than 3 hours, frozen, and 

stored at -20 degrees Celsius. Raw influent was sampled at the headworks of each plant, with 

samples from the donor plant taken starting on the day the receiver plant started receiving 

wastewater. Mixed liquor was sampled consistently from the same basin at each plant. 

 

Figure 37: Average donor basin Nitrogen species during the first 100 days of startup. 

Subsamples from the donor basin were initially selected for sequencing based on changes 

in the startup plantôs average basin nitrogen (Figure 37 and Figure 38, other influent 
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concentrations are characterized in Appendix A, Figure 80). Additional samples have undergone 

DNA extraction and have been submitted to the Genomic Services Laboratory. Those additional 

samples have been selected for sequencing to provide wider windows of overlapping 

observations between each plant (e.g., more donor basin samples in the Aug-Sep span and more 

recipient basin samples as well as influents from both in the period from Oct-December). 

 

Figure 38: Timeline of samples sequenced from the donor and recipient basin and influents. 

DNA extraction and sequencing 

Biomass from raw 50 mL samples was concentrated by centrifugation at 3260xg for 4 

minutes. DNA was extracted from the resulting pellets using an aluminum sulfate precipitation 

method, which removes the prevalent PCR-inhibiting humic acids in activated sludge (Appendix 

A). Extracted DNA was prepared for MiSeq sequencing at the North Carolina State University 

Genomic Sciences Laboratory using the standard Illumina 16S workflow and universal 

prokaryotic 16S rRNA (V3-V4 region) primers (Table 8).125,126 
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Table 8: Forward and reverse primers used to amplify the 16S rRNA gene for this microbial 

community survey. 

Name Sequence (5'ï3') 

341F TCG TCG GCA GCG TCA GAT GTG TAT AAG AGA CAG CCT AYG 

GGR BGC ASC AG 

806R GTC TCG TGG GCT CGG AGA TGT GTA TAA GAG ACA GGG ACT 

ACN NGG GTA TCT AAT 

Bioinformatics and community analysis 

Raw sequences were processed into OTU tables and phylogenetic trees using QIIME 

1.9.1.127 A shell script containing the full pipeline is publicly available at 

https://github.com/joeweaver/proces_seqs_qiime). Briefly, open-reference frame OTU picking 

was used on paired-end reads, with chimera removal. The primary data were developed using the 

SILVA-derived128 MiDAS database version 2.1.3,121 which contains annotations specific to 

wastewater. Downstream analysis, such as ordination and differential abundances, of the data 

was performed using Phyloseq,47 Vegan129, and DESeq2130 on pooled replicates. 

Community assembly processes were analyzed using a null model approach1 which 

compares the observed distances ɓ meant nearest taxon distance (ɓMNTD) between all pairs of 

samples within an environment (e.g., the donor basin) to those between communities randomly 

assembled from the metapopulation (via tip shuffling of the phylogenetic tree), with 999 

iterations of random assemblies. The resulting comparisons produce a ɓ mean nearest taxon 

index (ɓMNTI) which, if within 2 standard deviations of 0 indicates that the observed 

communities assemble in a manner indistinguishable from random assembly.131 

Functional attribution in 16S surveys is limited and generally constrained to a literature 

search for each specific taxon or relies upon inferring the metagenome of the organism based on 

closely related taxa for which such data is available.  There is increasing concern about the 
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inaccuracies associated with metagenome prediction tools when used with environmental, rather 

than human, microbial samples49 and those published concerns are consistently echoed at 

metagenomics workshops and conferences within our field. The literature search, usually a 

laborious, error-prone process, was performed using the MiDAS field guide,48 a curated database 

associated microbes found in wastewater communities with verified functionality in peer-

reviewed literature. In contrast with a typical literature search, the use of the MiDAS database 

provided a pre-defined search scope and the R code used to search the database produced a 

documented, repeatable workflow. OTUs with identifiable affiliations from the survey were 

assigned to a functional group if, based on their genus, the MiDAS field guide data listed them as 

having a positive identification for that function. 

 By its nature, the database is unable to assign functions to every OTU observed in a 

survey. The initial hope was that the coverage would sufficiently overlap with abundant OTUs in 

general and also with rarer OTUs corresponding to important specialist functions, but the 

coverage  (5171 out of 33924 total OTUs (34%) was not sufficient to support statistical analysis 

All data and scripts will be made available in a public version controlled repository; the 

raw sequences and associated metadata will be deposited in GenBank. 

Results and discussion 

General patterns over time 

The locations of the 95% confidence interval ellipses in Figure 39 suggest that the basin 

communities, which were similar at first, did slowly diverge. The influents of both plants appear 

distinct from each other. If the influent has a strong effect on community composition, we would 

expect the relevant basin to drift towards the influent. This would be visible especially in the case 



 

86 

 

of the recipient basin, whose microbial community would presumably not yet be in equilibrium 

with the new influent community. Over 118 days of monitoring, the donor basin did drift towards 

its influent while the receiver basin did not. However, both basin communities appear more 

similar to each other than the influents. A possible explanation is that for the first 118 days, the 

inoculum, as a high abundance population source, appears to dominate over the influent which is 

a low abundance source, suggesting strong priority effects in the assembly process,132 similar to 

the strong influence of inocula shown in anaerobic digesters.133 

 

Figure 39: NMDS ordinations of sequenced communities from the donor and receiver basins for 

the (A) entire set of samples, (B) samples taken in the first 2 months (60 days), and (B) samples 

taken after 2 months (>61 days). Ellipses are 95% confidence limits. 
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Potential environmental effects 

A constrained correspondence analysis (CCA) was performed to analyze the effect of 

environmental drivers (treatment plant, sample date, and the influent COD, ammonia, and NOx 

concentrations) on the community (Figure 40). At the phylum level, only COD and treatment 

plant were significantly (p < 0.05) associated with taxa. The effect of the sampling date was 

marginal (p = 0.101). At more specific taxonomic ranks up to the genus level, sampling date 

becomes significant, but treatment plant is not. The sampling date, COD concentration, and plant 

type all become significant at the genus level. 
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Figure 40: Constrained correspondence analysis of treatment plant basins, phyla, and 

environmental factors (treatment plant, sample day, and influent chemistry). Red dots indicate 

observed organisms at the phylum level and those which lie greater than 0.75 CCA axis units 

away from the origin are highlighted. The arrow for the óPlant Typeô factor is removed for 

legibility but is perpendicular to the clear dividing line between donor and receiver samples. 

Of the eleven phyla most strongly correlated with either the CCA1 or CCA2 axis, only 

Woesearchaeota and Graciliabacteria are more than 1% abundant in more than one sample. 

Woesearchaeota, an archaeal phylum characterized by anaerobic heterotrophy and potentially 

obligate mutualism,134,135 was abundant in in the receiver basin in three sequential samples 

during September, with a maximum abundance of 4%. Gracilibacteria, a poorly understood 
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phylum which appears to consist of obligatory endosymbionts136 and has been found in the 

mammalian gut,137 was abundant (>0.9%) in the receiver basin in eight sequential samples 

during August, with a maximum abundance of 6%.  Based on the temporal clustering of both 

phyla, the relatively early time in the experiment during which they were present, and their 

location in the receiver basin, it may be that their transitory abundance is attributable to reactor 

startup. 

The other phyla with at least one day with greater than 1% abundance (Synergistetes, 

TM6, Armatimonadetes, Caldiserica, Euryarchaeota, and Lentispirarae) were all abundant in the 

same activated sludge sample, taken on the 11th day of operation from the receiver basin. Many 

of the associated phyla are associated with either anaerobic or extreme habitats,137ï140 which may 

explain their failure to persist in an aerobic, temperate basin. Because this was early in the 

experiment, one explanation for their presence may that they were flushed into the basin after 

aggregating in the sewer collection system, which was presumably quiescent until the receiver 

headworks were turned on. None of the listed phyla were abundant in the receiver influent 

samples, which were taken later. If the sample is removed from the analysis, the results remain 

largely the same, except that the sampling date becomes statistically significant (p = 0.022) at the 

phylum level. 

The remaining phyla (Defferibacteres, Parcubacteria, and OC31) were not appreciably 

abundant (<< 1%) in any sample. 

Assembly 

When subjected to a null-model analysis, the observed basin communities did not 

significantly differ from randomly assembled communities derived from the total observed 

metapopulation, suggesting both basins are mainly (approximately 80%, based on the ratio of 
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pairwise comparisons withing two standard deviations of the null distribution) influenced by 

stochastic processes (Figure 41).  

 

Figure 41: Per-basin ɓMNTI distributions from null-community comparisons. Distributions 

falling within 2 standard deviations (dashed lines) of the null case are considered stochastic. 

The distributions resulting from the above analysis are formed from pointwise 

comparisons of all samples within a particular basin. When the distributions are decomposed to 

show the community distance as a function of time between compared samples, we see that the 

overall stochastic trend still holds (Figure 42). Sample pairs which were temporally close to each 

other appeared just as randomly assembled as those which were temporally distant; short-time 

scale determinism was not masked by the longer time scales. 
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Figure 42: Temporal breakdown of the pairwise comparisons used in the null model analysis. All 

pairwise comparisons falling between +/- 2 standard deviations are considered indistinguishable 

from a comparison between randomly assembled null communities.  

A differential abundance analysis suggests why stochastic assembly may dominate the 

overall population. It appears that within-basin differences are subject to very large (log2 fold 

change > 10) turnover amongst a variety of taxa at the genus and class level (Figure 43). The 

large number of Pseudomonas spp., stood out and the fact that these are very successful 

generalist heterotrophs suggested heterotrophic turnover may be dominating the observed 

assembly processes. The functions of the other Proteobacteria listed were manually checked in 

the MiDAS field guide and all those found were also listed as heterotrophs. The Proteobacteria 

genera with no listed function within the database were individually searched and all either 

contain apparent heterotrophs (Sorangium spp.,141 Janthinobacterium spp.142) or obligate 

intracellular parasites (Peredibacter spp.,143 Candidatus Odysella spp.144). It is not surprising that 
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an environment full of generally biodegradable organics is rife with ever-shifting populations of 

heterotrophs. 

 

Figure 43: A differential abundance analysis (deseq2) attributes community differences between 

samples to large fold changes when viewed at both class and genus taxonomic ranks, notably 

among generalist heterotrophs such as Pseudomonas. 

Specialists 

Heterotroph turnover may be such a strong effect that it masks any non-stochastic 

assembly processes associated with more specialized processes, such as denitrification and 

phosphate accumulation, as studies show.145 To remove this effect, we need to identify and sort 

the microbes by functional ability rather than by phylogeny. The approach we have chosen is to 

infer the abundance of different functional guilds within the basins by using an explicitly curated 

database (MiDAS).  

Of the 33924 total OTUs, 5171 (34% ,10% std. deviation) were in genera assigned at 

least one function in the field guide, spanning 178 genera in 103 families. 28753 OTUs were not 

assigned a function and were associated with at least 31 genera spanning 28 families. An 

additional 13 families with no identified genus were also not attributed a function. The total 
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relative abundance, per sample, of functionally identifiable OTUs was 34% (10% std. deviation) 

of each sample. 

Identified heterotrophs composed only 16% (5% std. deviation) of the functional 

attributions, much lower than would be expected and suggesting that functional groups are not 

evenly represented. 

It is both tempting and possible to perform ordinations and null model analyses on the 

identified functional subsets. However, the low overall identification rate and uneven functional 

representation suggests those approaches would produce misleading results. Simpler analyses 

may still be useful so long as those limitations are considered. 

The proportions of identified heterotrophs and autotrophs vs total functional 

identifications remained fairly constant over time (Figure 44). There was some overlap between 

OTUs; 114 of the 2629 relevant OTUs  (accounting for at most 0.01 percent of total relative 

abundance in any sample) are identified as both a heterotroph and autotroph and the overlapping 

OTUs are composed of facultative genera such as Thiothrix spp.146 

The apparent functional stability is in contrast to the large fold-changes in taxa 

illuminated in the differential abundance analysis and, even with the limitations on functional 

identification, suggests that while the basins experienced large turnover from a taxon-based 

perspective, the functional composition was far more stable within each basin and similar 

between basins. Strong functional consistency despite large differences in taxa has been observed 

in other environments and may be attributable to functional redundancy.147ï149 
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Figure 44: Relative abundances (in proportion to all OTUs) of heterotrophs and autotrophs in 

both basins were relatively consistent over time. 

Nitrogen metabolisms also appeared relatively stable within the receiver basin, albeit 

more varied than with heterotrophs or autotrophs (Figure 45a). That pattern of stability did not 

hold for either nitrogen metabolism within with the donor basin nor for anaerobic processes 

within either basin (Figure 45b), although the absolute percent differences are small, they still 

represent 2-3x relative changes, which may be ecologically important for specialists.  
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Figure 45: Relative abundances (in proportion to all OTUs) of (A) ammonia oxidizing bacteria 

(AOBs), denitrifiers (N. reducers), nitrite oxidizing bacteria and (B) anaerobic methanogens and 

sulfate reducing bacteria (SRBs). 

Examining the relative abundances of denitrifying genera individually suggests that 

deterministic assembly processes do affect specialists (Figure 46). Note how the inoculum is 

enriched in Sulfuritalea spp. with respect to other denitrifiers, including Nitrospira spp. In an 

abundance-weighted stochastic assembly process, the most likely resulting communities would 

remain dominated by Sulfuritalea, and this is case with the donor basin. However, in the 

recipient basin, Nitrospira became dominant. This result is not impossible under pure stochastic 

assembly but is less likely. An alternative explanation is that these genera are not only limited to 

denitrification and their participation in other processes (such as nitrite oxidation) can affect their 

abundance. Although certainly not definitive, the above evidence all points to increased 
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deterministic assembly within at least one specialist functional group, supporting previously 

observed niche-based selection of nitrogen-converting consortia, including denitrifiers.150,151 

 

Figure 46: Relative abundances vs total OTUS over all samples of identified denitrifiers in both 

basins, the individual plant influents, and common inoculum. 

Operational implications 

It appears that the community assembly in both basins was largely (>80%) driven by 

stochastic processes and basin communities drifted slowly apart. However, much of the turnover, 

based on a differential abundance (DESeq2) analysis,152 is driven by heterotrophs. When 

organized by function rather than phylogeny, specialist denitrifiers appear more driven by niche-

selection than the population as a whole. Practically, these results suggest means that: inoculum 

matters, the focus should be on function, and treatment goals that rely on specialists are best 

affected by altering the environment. 
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We expect that basins seeded with a ógoodô population will succeed, and this could be 

attributable to óstuffing the ballot boxô of a random lottery. However, we also know that 

environmental selection (e.g., dissolved oxygen levels, retention times, seasonality) most 

certainly affects plant performance and the underlying community structure. We believe that this 

apparent contradiction is explained by the overall stochastic assembly of functionally redundant 

taxa, especially generalist heterotrophs, occurring alongside the more deterministic selection of 

specialists.  
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Chapter 5. An integrated ASM-

Computational Fluid Dynamics (CFD) model 

corrects for the effects of floc size on 

biokinetic rates in activated sludge 

bioreactors 

Introduction 

Computational models of biological wastewater treatment systems allow engineers to 

focus efforts on the most promising labor and time-intensive experiments. Such models have 

become an essential tool in the arsenal of approaches that engineers use to design systems to 

meet increasingly stringent discharge limits, enable removal of new contaminants, and meet 

greater demands for efficiency, resiliency, and adaptability. However, the most widely-used 

biological models primarily incorporate lumped biokinetics and simplified reactor fluid 

dynamics, an approach that while computationally tractable, eliminates other effects, such as 

fine-grained spatial variations and micro-floc scale diffusion effects.  

Computational fluid dynamics (CFD) models can represent phenomena at scales far more 

granular than the tanks-in-series or basin scale approximation often used to model biokinetics. 

Incorporating biological processes into CFD models has been recognized as a promising step 

forward50 and such integrations have already demonstrated their potential. For instance, CFD 

approaches which incorporate biological reactions have been used to model or optimize: UV-

LED disinfection reactors,153 algal growth,154 pollutant degradation within aquifers,155 and 

biofilms in a flat plate bioreactor.156 
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Important biokinetic processes in an activated sludge bioreactor include, microbial 

growth, death, soluble substrate uptake, particulate substrate hydrolysis, and the production of 

chemical species from both metabolism and biomass decay. The processes are commonly 

modelled using one of the suite of Activated Sludge Models (ASM1,ASM2,ASM2d, and 

ASM3).51 

Despite the ubiquity of biokinetic modelling using ASM and the utility of process-

informed CFD models, few authors have attempted to produce a fully integrated CFD-ASM 

model of suspended growth wastewater treatment, fewer have validated their implementations 

against experimental results, even fewer have employed widely ranging operational conditions, 

and only one52 has attempted to explicitly incorporate particle size and its effects on biokinetic 

rates. 

The earliest peer-reviewed study to our knowledge incorporated ASM1 into a commercial 

(Fluent, Ansys, Cannonsburg, Pennsylvania) CFD model157,158 of  multiple reactors, including a 

pilot closed loop oxidation ditch operated as an SBR for which real world experimental 

measurements were available.159 The experimental data was initially used to calibrate a process 

only model (WEST, DHI  Hßrsholm, Denmark). The CFD-ASM1 model was then evaluated 

based on the process model results and applied to a simulated fully mixed pilot scale reactor and 

a plant-scale closed loop SBR. The results of this CFD-ASM1 model were compared against 

WEST processes model simulated data for each system. 

Comparing CFD-ASM1 models against processes based models results instead of 

experimental data is common and has been used in multiple studies.160ï165 While that approach 

can highlight obvious defects in a novel solution technique, it is somewhat self-defeating in that 

the whole goal of a CFD-Biokinetic model is to capture sptatially-based phenomena which are 
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not adequately reproduced by a process model. Validation against experimental measurements 

from physical reactors remains the gold standard.166,167 

Three studies to our knowledge have relied upon experimental data to directly evaluate 

CFD-biokinetics models. First, a bench scale channel reactor, similar to our study, was used to 

evaluate a multiphase gas-liquid CFD-ASM1 model168, however the ASM1 parameters set to 

default values and both the biomass concentration and heterotroph to autotroph ratios were set to 

fixed values. Using default parameters is not uncommon due both inherent model issues (i.e., 

parameter identifiability) and practical issues (e.g., unavailable measurement equipment), but 

evaluating models without calibrated parameters is of limited utility. Moreover, the experimental 

reactor generated largely flat concentrations through its length, suggesting that the reactor used 

had significant mixing and limited spatial variations. In the second study, a full-scale 

experimental validation was performed to evaluate the reactor modifications to an anoxic basin 

to prevent hydraulic short circuiting.57 A CFD-ASM1 model of the basin before and after the 

modification, with some kinetic parameters determined by respirometry and with a constant 

influent concentration, was able to describe the effect of the modifications on the effluent 

biological oxygen demand (BOD) and nitrogen removal. Finally, in the third study, Lei and Ni169 

developed a biokinetic model of a pilot scale oxidation ditch169 and predicted the slight spatial 

variations of the experimental data. However, influent concentrations between experimental runs 

did not appreciably differ, except for ammonium. As a consequence, the model was validated 

against essentially the same conditions as it was trained, making it difficult to assess its 

predictive capabilities for different influent concentrations. 

In all but two studies, biomass was not treated as a separate solid phase and only the 

scalar transport of the biokinetic state variables and their reactions were included within the 
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continuous liquid phase. The pilot-scale oxidation ditch study by Lei and Ni modelled biomass 

as a pseudo-solid gelatinous third phase and used a parametrized model of substrate mass 

transfer between phases, with biokinetic reactions occurring within the pseudo-solid phases. 

However, the biokinetic portion of the three-phase approach did not incorporate the concept of 

particle size; the biomass was instead present as random, unstable óblobsô and thus there was no 

explicit linking between diffusion limitations and particles sizes. In the second study, 

Sobremisana52 incorporated diffusion limitations through explicit particle sizes as a proof of 

concept with no experimental validation. 

We hypothesize that explicitly correcting biokinetic rates to represent the micro-floc 

environment is needed to properly characterize process performance in suspended growth 

aerobic bioreactors treating wastewater. To test that hypothesis, weôve built upon Sobremisanaôs 

concept and provide a novel implementation of a CFD model which incorporates fluid dynamics, 

biokinetics, particle sizes, and effective biokinetic rates within the micro-floc environment 

(Figure 47). To our knowledge, this is the first such model that integrates these phenomena 

complemented with experimental data. Further differentiating this study is the range of 

experimental data; substrate concentrations within the reactor were varied spatially using a 

sequence of 7 well-mixed reactors (Figure 48) and temporally by using three distinct influent 

strengths (Organic Loading Rates (OLRs) of 0.7, 1.4, 2.0 kg m-3d-1). 
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Figure 47: Conceptual schematic of the proposed simulation framework. Each component is 

loosely coupled. Downstream components are independent of the upstream implementations, and 

only require that the immediate component produces a specified output. 
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Materials and methods 

Experiment overview 

A physical reactor was operated under three distinct organic loading rates and the reactor 

contents were characterized using common wastewater measurements (e.g., volatile solids, 

chemical oxygen demand, various nitrogen species). The measured values from the lowest and 

highest organic loading rates were used to calibrate a 2D CFD-ASM1 model. The reactorôs 

medium organic loading rate performance was then predicted with the calibrated model and 

those predictions were compared against the associated measurements. The model was run both 

with and without correction to biokinetic rates based on measured particle size. Correction 

factors to biokinetic rates were determined using a model fit to the results of 1D within-floc 

simulations. 

Physical reactor 

A 30L bench scale aerobic reactor (Figure 48) was operated for 6 months at a constant 

hydraulic retention time (HRT 26 hours) and solids retention time (SRT 12 days). The HRT was 

selected based on practical limits on synthetic influent storage and minimum pump flow rates 

while the final SRT was chosen because it provided stable operation under all experimental 

conditions. A Garrett-style wasting configuration88 was used with mixed liquor removed daily 

from the upstream side of the final chamber. 

Three distinct organic loading rates (OLRS) were used to vary the bulk substrate 

conditions within the reactors (Low 0.7, Medium 1.4, and High OLR 2.0 kg m-3d-1). These OLRs 

were selected because they all resulted in reasonable MLSS concentrations while retaining a 

fixed solids retention time. The COD concentration was controlled by diluting concentrated 
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synthetic wastewater. The synthetic wastewater was based on the Organisation for Economic Co-

operation and Development (OECD) formulation 170 and modified to contain 20g of glucose per 

liter to increase the proportion of readily biodegradable soluble COD (Appendix B). 

 

Figure 48: (A) 3D model of reactor, arrows represent general flow. Note the baffles creating a 

series of connected internal chambers. (B) Empty reactor, general flow in blue. Note the four 

ports connecting the pre-mix chamber to chamber 1. The two ports on the center of the left-hand 

wall were not hydraulically connected to the reactor volume. (C) Top-down view of reactor 

operated during Medium OLR regime. (D) Side-view of reactor operated during Low OLR 

regime with impeller mixers. 
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An oversize 132L conical bottom tank was used as a settler to provide essentially 100% 

separation (Figure 49), as confirmed by MLVSS measurements of the effluent which were 

essentially 0 mg/L. (Appendix B) 

  

Figure 49: The clarifier system used a 132L brewing induction tank (a) with an internal mid-tank 

feed, bottom return line, and effluent port (b). 

The Low OLR regime additionally incorporated impellers into the four chambers both to 

reduce mean floc sizes and enhance spatial variations in mean shear rates. The impeller 

geometries, estimated pumping numbers, rotation speeds, and estimated flows (Equation 8) are 

listed in Table 9. 
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Table 9: Impeller characterization for Low OLR reactor operation. 

Chamber Impeller Shape RPM Diameter (cm) Pumping Number171 U (m/s) 

1 3-blade, pitched 108 1 0.8 0.018 

3 2-blade, flat 172 2 0.8 0.058 

5 3-blade, pitched 93 1 0.8 0.016 

7 2-blade, flat 164 2 0.8 0.056 

 

                                                            Ὗȅ
ẗẗ

 (8) 

Where: ȉ = induced fluid velocity  

 Nq = assumed pumping number  

 N = impeller rotation per unit time  

 D, A = impeller diameter, area  

 

Fluid flow rates are given in Table 10. Aeration rates were controlled and estimated by 

in-line rotameters, except for the pre-mix chamber which was determined using displacement in 

an inverted 1000 mL graduated cylinder. The liquid flow rates were controlled by peristaltic 

pumps calibrated by measuring flow into graduated cylinders. 

Table 10: Flow rates for liquid and gas within the reactor. 

Flow Rate  Superficial Gas Velocity 

Synthetic Wastewater 1.15 L/h N/A 

Return Sludge 0.75 L/h N/A 

Aerator (Chambers 1-3) 110 mL/s (0.016 cm/s) 0.016 m/s 

Chamber 4 Aerators* 31 mL/s 0.017 m/s 

Aerator (Chambers 5-8) 110 mL/s 0.012 m/s 

Pre-mix chamber** 4.7 mL/s 0.037 m/s 

* Chamber 4 contained two aerators larger in surface area than the linear aerators in the 

other main chambers, hence the lower flow rate with similar gas velocity. 

** The prechamber was small and accommodated a single aquarium air stone. The small 

size and vigorous mixing required led to the higher gas velocity. 
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Sample measurements from the physical reactor 

Samples were collected over the course of 1.5 to 2 weeks every other day for a total of 4 

to 5 sample sets per operational regime. Samples were taken from the middle of every chamber, 

and at a depth of 2.5 cm from the surface (~15% of the chamber height). The sampling depth was 

selected based on the submersion limit of the dissolved oxygen sensor. Additional dissolved 

oxygen levels were measured at points halfway upstream and downstream of the center point for 

each reactor (Figure 50). In addition to the chambers, samples were taken from the return 

activated sludge (RAS) line, effluent line, and top of the clarifier near the effluent port.  

 

Figure 50: Sample locations within the reactor. Green points were taken for every sample. 

Additional DO sampling points are tan and purple. 

Dissolved COD, ammonia, and total nitrogen were measured using colorimetric kits 

(Hach, Loveland CO). All samples were vigorously vortexed for at least 5s immediately before 

transfer to the colorimetric reaction tubes. When COD concentrations were less than 

approximately 45 mg/L, there was apparent interference from nitrite. The interference was 
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eliminated by adding 10 mg/L of sulfamic acid per presumptive mg/L of nitrite, rapidly mixing, 

and allowing to react for at least 10 minutes. The measured COD concentrations were adjusted 

for the effects of dilution and additional COD introduced by the sulfamic acid.  

Nitrate and nitrite concentrations were determined using ion chromatography (Thermo 

Dionex ICS-5000+, AS19 column). Quality control checks were performed using replicate runs 

and sample spiking. Dissolved oxygen was measured using a benchtop Clark style electrode 

(YSI 5000, YSI/Xylem Inc, Yellow Springs OH). Mixed liquor suspended and volatile solids 

were measured according to Standard Methods.172 Particle sizes were measured using flocs 

embedded in agar as described previously.11 

The high OLR conditions exhibited relatively poor floc suspension compared to the other 

experimental conditions. Although most biomass remained suspended, the high OLR condition 

produced larger flocs and the largest tended to settle over time and accumulate in reactor corners. 

Those areas were manually resuspended daily at least three hours before any measurements or 

sludge wasting. 

Simulation environment 

The simulation uses solvers based in the OpenFOAM v7.0173 framework. The simulations 

were run on virtualized Ubuntu 18.04 (Windows 7 Host, Virtual Box) systems with 12-18 core 

Intel Xeon processors and 12-20 GB of RAM. Simulations were performed with one instance per 

core. 

CFD-ASM1 model  

The CFD model was based on a transient, incompressible single-phase code 

implementing the Pressure Implicit with Splitting of Operator-Semi-Implicit Method for 
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Pressure-Linked Equations (i.e., PIMPLE)174 hybrid PISO175-SIMPLE176 algorithm, known in 

OpenFOAM as the pimpleFoam solver. The biokinetic reactions described by the ASM1 Gujer-

Petersen matrix51 were added to the base solver and are described in subsequent sections.  

Meshing and geometry 

The reactor geometry was modelled as a 2D vertical transect through the systemôs 

centerline (Appendix C). The 2D mesh is a 4k cell grid largely composed of regular, identical 

hexahedral cells with a characteristic length of 1 cm.  

Solution scheme 

The per-variable tolerances, discretization schemes, and solution methods are fully 

defined in OpenFOAM using fvSolution and fvSchemes files which are reproduced here in 

Appendix C. Briefly, a standard Euler scheme was used for the temporal derivative while the 

commonly used family of 2nd order linear Gaussian integration schemes were used for other 

terms. Smooth or GAMG (Geometric Agglomerated Algebraic Multigrid) solvers and either DIC 

(Diagonal-based Incomplete Cholesky preconditioner) or symmetric Gauss-Seidel 

preconditioners were employed where appropriate. Convergence tolerances were on the order of 

10-5 to 10-7 and 3 outer correctors were used in the PIMPLE algorithm. The maximum time step 

was dynamically selected by the simulation to maintain a CourantïFriedrichsïLewy (CFL) 

condition of less than 1. Individual cases were terminated when the calculated ASM1 state 

variables reached steady state, as determined by diagnostic output graphs (e.g., Figure 57). 
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ASM1 incorporation 

The biokinetic reactions described by the Activated Sludge Model 1177 (ASM1) are 

incorporated into the single phase solver (named asmPimpleFoam) based on the multiphase 

approach used by DeGroot.178  

With the exceptions of inert organics, which are unreactive, and of alkalinity, which does 

not affect model process rates,51 the ASM1 state variables and an additional inert particle tracer 

(Table 11)  were tracked within OpenFOAM as spatial and temporally varying fields.  

Table 11: State variables used in the model. 

Variable Description  Variable Description 

SI Inert soluble organic matter  SO Dissolved oxygen 

SS Readily biodegradable 

substrate 

 SNO Nitrate and nitrite nitrogen 

XI Particulate inorganic matter  SNH Ammonia and ammonium 

nitrogen 

XS Slowly biodegradable 

substrate 

 SND Soluble biodegradable organic 

nitrogen. 

XB,H Active heterotrophic biomass  XND Insoluble biodegradable 

organic nitrogen. 

XB,A Active autotrophic biomass  XTR Insoluble non-reactive tracer. 

XP Product of biomass decay    

 

The associated kinetic and stoichiometric parameters (Table 12)  values were defined on 

a per-case basis within relevant configuration files.  
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Table 12: Stoichiometric and kinetic parameters of the model. 

STOICHIOMETRIC PARAMETERS 

Variable Units Description 

YH g-COD/g-COD Heterotrophic yield. Heterotrophic biomass produced per 

substrate consumed. 

YA g-COD/g-N Autotrophic yield. Autotrophic biomass produced per 

nitrogen oxidized. 

fp None Fraction of biomass producing inert particles after decay. 

iXB g-COD/g-COD Nitrogen mass fraction of active biomass. 

iXE g-COD/g-COD Nitrogen mass fraction of decayed biomass products. 

KINETIC PARAMETERS 

Variable Units Description 

‘Ƕ 1/day Maximum specific heterotrophic growth rate. 

‘Ƕ 1/day Maximum specific autotrophic growth rate. 

KS g-COD/m3 Half saturation coefficient for heterotrophic growth on COD. 

KO,H g-O2/m
3 Half-saturation coefficient for heterotrophic oxygen use. 

KO,A g-O2/m
3 Half-saturation coefficient for autotrophic oxygen use. 

KNO g-NO3-N/m3 Half-saturation coefficient for denitrifier nitrate use. 

KNH g-NH3-N/m3 Half-saturation coefficient for autotrophic ammonia use. 

KX g-COD/g-COD Half saturation coefficient for hydrolysis of the slowly 

biodegradable fraction of COD. 

bH 1/day Heterotrophic decay rate. 

bA 1/day Autotrophic decay rate. 

ka M3/g/day Ammonification rate. 

kh g-COD/g-biomass-

COD/day 

Specific hydrolysis rate of slowly degradable COD. 

ɖg None Anoxic correction factor to heterotrophic maximum specific 

growth rate. 

Kh None Anoxic correction factor to hydrolysis rate. 

  



 

112 

 

During each time step, the ASM1 process rates (Equations 9-16) were calculated for each 

fluid element based on the local state variable concentrations. 

Aerobic heterotroph 

growth: 
‘Ƕ

Ὓ

ὑ Ὓ

Ὓ

ὑȟ Ὓ
ὢȟ (9) 

Anoxic heterotroph 

growth: 
‘Ƕ

Ὓ

ὑ Ὓ

Ὓ

ὑȟ Ὓ
ὢȟ

Ὓ

ὑ Ὓ
–ὢȟ (10) 

Aerobic autotroph 

growth: 
‘Ƕ

Ὓ

ὑ Ὓ

Ὓ

ὑȟ Ὓ
ὢȟ (11) 

Heterotroph decay: ὦὢȟ (12) 

Autotroph decay: ὦὢȟ (13) 

Ammonification ὯὛ ὢȟ (14) 

COD hydrolysis 

(ɟhydro) 
Ὧ

ὢ ὢȟϳ

ὑ
ὢ
ὢȟ

Ὓ

ὑȟ Ὓ
–

ὑȟ
ὑȟ Ὓ

Ὓ

ὑ Ὓ
ὢȟ (15) 

Organic-N hydrolysis ”
ὢ

ὢ
 (16) 

 The relevant process rates were then used, along with the coefficients from relevant state 

variable column of the Gujer-Petersen matrix51 to calculate the reaction rate equations for each 

state variable. For example, the local autotrophic biomass rate (ὶ ) is calculated according to 

Equation 17.  

 
ὶ ‘Ƕ

Ὓ

ὑ Ὓ

Ὓ

ὑȟ Ὓ
ὢȟ ὦὢȟ (17) 
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The corresponding rate equations were then incorporated into mass transport equations 

for each state variable i in a flow field U and associated diffusion coefficient (Di),, with advective 

and diffusive terms located on the left hand side, as in Equation 18. The associated diffusion 

coefficients are defined per-case and a representative listing is included in Appendix C. All 

concentrations were limited to a minimum of 1x10-12 kg/m3 to avoid numerical instabilities. 

‏

Ὕ‏
​ὟẗÉ ​ ὈὭ ὶ (18) 

Relationship between ASM1 state variables and measured concentrations 

State variables and the measured concentrations were converted according to Equations 

19-25, with the label corresponding to each equation listed to the left. 

MLVSS: ὓὒὠὛὛ
ὢȟ ὢȟ
ρȢτς

 (19) 

DO: Ὀὕ Ὓ (20) 

Ammonia: ὃάάέὲὭὥὛ  (21) 

COD: ὅὕὈὛ ὢ (22) 

NOx: ὔὭὸὶὥὸὩὔὭὸὶὭὸὩὛ  (23) 

Org. N.: Ὕὔ ὃάάέὲὭὥὔὕ ὔὕ ὢ Ὓ  (24) 

Total N. Ὕὔ ὢ Ὓ Ὓ Ὓ  (25) 

Boundary and initial conditions 

The flow boundary conditions were described as fixed-mass flow inputs with a pressure-

based outflow, no-slip wall conditions, and a slip-based surface. Flows induced by aerators and 

mixers (Table 9 and Table 10) were implemented as momentum sources within the simulation as 

described within the fvOptions files (Appendix C). Influent flow rates and concentrations are 
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listed in Table 13. Mass flux magnitudes between the inlet and outlet were equivalent. The 

reactors were initialized at zero velocity with all concentrations at 0 kg/m3. Oxygen transfer was 

determined with a fixed, spatially uniform kLa of 0.01 d-1. The total influent biomass was set to 

the measured RAS biomass for each run, with the initial autotrophic fraction arbitrarily assumed 

and allowed to vary during the simulation. 

Table 13: Influent flow rate and concentration boundary conditions. 

Boundary Condition Organic Loading Rate 

 Low Medium High 

Inlet velocity (m/s) 0. 001038 0. 001038 0. 001038 

SS (kg/m
3) 0.196238 0.392 0.6868 

XS (kg/m
3) 0.289442 0.538 0.976247 

XP (kg/m
3) 10-12 10-12 10-12 

SO (kg/m
3) 0.009 0.009 0.009 

SNO (kg/m
3) 10-12 0.002 10-12 

SNH (kg/m
3) 0. 03717913 0.008 0.063131 

SND (kg/m
3) 0.07329878 0.1 0.115932 

XND (kg/m
3) 10-12 10-12 10-12 

XB,H (kg/m
3) 1.256 1.530 2.15121 

XB,A (kg/m
3) 0.538138 0.656 0.239023 

XTR (kg/m
3) 1 1 1 

 

Influent concentrations were based on the measured synthetic influent concentrations and 

dilution factors for each OLR regime and converted to ASM1 state variables using the 

relationships in Equations 19-25. The measured influent concentrations combined various ASM1 

state variables, for example, the influent contained both glucose (readily soluble) and small 

peptides (requiring hydrolysis).  The approaches and assumptions used to assign measured 

concentrations to specific fractions are listed in Table 14. 
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Table 14: Criteria used to fractionate measured influent concentrations between ASM1 state 

variables. 

Fraction Approach Assumption 

SS Glucose fraction of influent (calculated 

COD) 

Only component not requiring 

hydrolysis 

XS Measured median influent and RAS COD, 

less SS 

Any RAS COD is likely slowly 

degradable 

XB,H 70% of median RAS biomass (COD 

basis) 

Arbitrary fraction, the ratio was 

allowed to self-adjust during 

simulation. 

XB,A 30% of median RAS biomass (COD 

basis) 

As with XBH. 

SNH, SNO, 

SND 

Measured median influent and RAS 

concentrations applied to Eqns. 23-25 

N/A 

Sampling simulation results 

Vertical slices through each chamber (Figure 51), which included the location of the 

sampling point in the physical reactor, were designated as virtual sampling points covering 7% of 

each chamberôs area. The volume-weighted average concentrations of cells within those areas 

were used to determine the value for each response variable. This approach was used to emulate 

the additional mixing from the spatial sampling in the physical reactor due to the time required to 

collect a sample or for a probe to reach steady state. 

 

Figure 51: Detail view of premix chamber, chamber 1, and chamber 2 in the 2D model. Vertical 

sampling slices are in green (premix), blue (chamber 1), and yellow (chamber 2). 
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Biokinetic rate correction for particle size 

An additional 1D mesh of variable length (50 to 200 microns) was generated to model 

soluble substrate reaction-diffusion within flocs with an element size of 1 micron. The model 

solves rapidly (30s to <5 mins depending on particle size), allowing a broad parameter search. 

This model was used to solve the subproblem of determining correction factors to reaction rates 

based on particle sizes. 

A modified ASM1 solver, named asmFlocFoam, was used to produce rapid solutions 

under the assumptions of a steady-state gelatinous floc. In asmFlocFoam, the biomass 

concentrations were static, particulate substrates were prevented from diffusing into the floc (but 

are present at the floc surface), and only diffusive transport was present. The solver was able to 

estimate both substrate concentration gradients which were then used to determine the effective 

biokinetic rate and associated correction factors (i.e., the ratio of the effective rate to the 

expected bulk rate with no diffusion limitation) for each reaction under the specific simulation 

conditions. Over 30,000 simulation conditions were evaluated to produce a database of 

correction factors and was used to produce a model, added to asmPimpleFoam, which estimates 

correction factors as a function of floc size and the local substrate concentrations. (Appendix E).  

The 1D internal floc simulations used the ASM1 levels are listed in Table 15. Of the 

potential N combinations, over 30000 have been searched, with the search direction based on 

manual, subjective estimates of the most important parameters and ranges. 
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Table 15: Levels used for the Parameter, diameter, and bulk substrate variations in the 1D 

internal floc simulations. One level for each factor was selected to develop each specific input 

parameter combination. Not all combinations were evaluated. 

Factor  Levels 

Maximum heterotrophic growth rate (ʈ, 1/d) 1.7, 4.3, 8.6 

Maximum autotrophic growth rate (ʈ, 1/d) 0.26, 0.52, 0.86 

Half saturation coefficient, heterotrophs (KS, mg/L) 1.8, 18 

O2 half saturation coefficient, heterotrophs (KOH, mg/L) 0.02, 0.2 

Nitrate half saturation coefficient, denitrifiers (KNO, mg/L) 0.05, 0.5 

NH4 half saturation coefficient, autotrophs (KNH, mg/L) 0.1, 2, 2.1 

Maximum specific hydrolysis rate (kh, 1/s) 0.03 

Half saturation coefficient of slowly biodegraded COD (KX) 0.15 

Ammonification rate (ka, L/mg/d) 0.078 

ÕH anoxic correction factor (ɖg) 0.8 

Anoxic hydrolysis correction factor (ɖh) 0.4 

Heterotrophic Yield (YH) 0.69 

Autotrophic Yield (YA) 0.285 

Diameter (microns) 50, 100, 200* 

Bulk dissolved oxygen (SO mg/L) 1, 2, 3, 4, 5, 

6, 7, 8, 9 

Bulk COD (SS, mg/L) 5, 10, 18, 36,  

72, 144, 288, 

576, 1.152, 2.304 

Bulk nitrate + nitrite (SNO, mg/L) 1,2,4,8,16 

Bulk ammonia (SNH, mg/L) 10, 150* 

Bulk organic nitrogen (SND, mg/L) 1*, 20, 150* 

* Simulations have been run since the original compilation of the database and results 

from these values are not yet integrated into the results here. 
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Model calibration and validation 

Fitting metric 

Multiple goodness-of-fit metrics were evaluated and are calculated in the data analysis 

code (Appendix D). Root mean square error (RMSE) was selected due to its widespread use and 

utility. A disadvantage of RMSE is that it is not normalized, making comparisons between 

response variables with different scales difficult, as is the case between MLVSS and nitrite 

concentrations which generally differ by multiple orders of magnitude. Common normalizations 

were attempted, but the normalization process was hindered by the presence of zeros in some 

concentrations. Those values, even if adjusted to the likely minimum detection limits caused 

numeric issues in comparisons. 

As an alternative, each response variable was assigned an ordinal ranking based on the 

RMSEs for that variable across all relevant experimental conditions. For example, the lowest 

RMSE fit for SS would be ranked 1, the second lowest would be ranked 2, and so on. Thus, 

comparisons such as óare the top 5 COD predictions similar to the top 5 ammonia predictionsô 

were made possible. Further, a grand-ranking (Equation 26) was developed from the average 

rank ὶ, per experimental condition, of ὲ response variables with optional weighting ὥ (in this 

analysis, all weights are even) allowing emphasis on responses considered particularly important. 

   

This evaluation method appears to produce similar results between different evaluated 

goodness-of-fit metrics. (Appendix D) 

 

ὙὥὲὯ
В ὥ ὶz

ὲ
 (26) 
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Calibration and validation 

Random realizations of ASM1 parameter sets were generated from the largely lognormal 

distributions derived from the literature179 and each parameter set was run under both the High 

and Low OLR conditions. Each parameter goodness of fit was ranked as described on a per-OLR 

basis and the consensus best fits were those with the best average rank between OLR cases. For 

example, an individual parameter set which produced the fourth best High OLR fit and 8th best 

Low OLR fit would have a consensus rank of 6.  The parameters corresponding to the top five 

consensus fits were then run under the Medium OLR conditions and their goodness of fit scores 

were calculated per response variable. 

Results and discussion 

Physical reactor performance 

The three operational regimes (Low, Medium, and High OLR) produced differing 

dissolved substrate concentration profiles as well as different solids levels and particle sizes. 

As expected, the oxygen demand on the system increased with organic loading rate 

(Figure 52), However, the demand was not linearly proportional. It was expected that the 

medium OLR experimental condition, roughly in between the strength of the High and Low 

OLR conditions would produce a dissolved oxygen curve also roughly óin the middleô. Instead, 

the medium OLR curve is much closer to the low OLR curve than the high OLR curve. It is also 

notable that the high OLR dissolved oxygen never approached saturation, suggesting incomplete 

COD and nitrification. 
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Figure 52: Dissolved oxygen concentrations along the reactor for each OLR regime. Dashed 

lines represent best-fit (loess smoothing) and the surrounding shaded area represents the 95% 

confidence interval. 

Both COD and total nitrogen were removed at greater than 90% efficiency in all cases, 

with the removal level plateauing early in the system (Figure 53A,B,D,E). The high OLR 

experimental condition produced more variability between measurement days. One possible 

cause is the relatively poor mixing observed under the high OLR experimental condition. Despite 

the high removal efficiencies, the large absolute concentration of COD in the high OLR case 

relative to the others further suggests incomplete COD removal.  

Ammonia-N removal, unlike total nitrogen removal, was not universally high between 

experimental conditions (Figure 53C,F). These results do not conflict because the nitrogen 

content of the influent was largely from organic N (i.e., peptone). It is possible that ammonia was 

not completely removed in the high OLR case simply due to high nitrogen loading. It is not clear 

why the low OLR case had high ammonia levels. 
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Figure 53: Absolute concentrations of (A) COD, (B) total nitrogen, and (C) ammonia-N in each 

reactor chamber for all three OLR conditions. The concentrations are also expressed as the 

percent removal vs the influent concentrations (D-F). Dashed lines represent best-fit (loess 

smoothing) and the surrounding shaded area represents the 95% confidence interval. 

The high nitrite concentrations in the low OLR case suggest, but do not confirm, that 

perhaps the system was limited by nitrite oxidation (Figure 54). Similarly, the high nitrate and 

nitrite concentrations under the high OLR experimental condition suggest that nitrification was 

incomplete under that experimental condition. There was essentially no nitrate or nitrite in the 

synthetic influent, so percent removal is not presented. 
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Figure 54: Nitrite (A) and nitrate (B) concentrations throughout the reactors during each OLR 

regime. Dashed lines represent best-fit (loess smoothing) and the surrounding shaded area 

represents the 95% confidence interval. 

As expected, particle sizes in the reactor were larger with higher organic loading rates 

(Figure 55). The low, medium, and high OLR experimental conditions produced particles with 

mean diameters (d4,3) of 111Ñ23, 198Ñ53, and 755Ñ571 microns, respectively. As seen with 

substrate removal, this relationship was not linear, with the medium OLR particles much closer 

in size to the low OLR particles. 

 

Figure 55: Particles from chamber 7 taken under each OLR condition. Bar = 500 microns. 
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Simulation without biokinetic rate correction 

The simplest biokinetics model ignored particle sizes and the ASM1 parameters were 

fitted using 34 parameter sets (~2 weeks wall-clock computing) selected from their estimated 

lognormal parameter distributions (Figure 56).179 The number of realizations was limited by 

both the computational time and project schedule. 



 

124 

 

 

Figure 56: Parameter search space. Grey shaded areas represent the distributions of potential 

parameters and points denote realized values used in parameter sets. 
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When compared between different simulation parameter sets, substrates evolved over 

time in different, interesting ways which remained biologically and physically reasonable. For 

example, the estimated ammonia values for the high OLR conditions under parameter sets 1 and 

2 produce different endpoint values and the peak ammonia value was in different chambers 

(Figure 57). 

 

Figure 57: Differences in predicted ammonia (SNH) concentrations in each chamber over time 

for random parameter sets 1 and 2 under the high OLR conditions. 

Additionally, the results of all predictions, when shown together (Figure 58 and Figure 

59) suggest that some measured values (e.g. ammonia) are realizable by the model while other 

values (e.g. COD) may be predictable with further parameter variations due to being bracketed 

by current simulation results. Other values such as MLVSS, however, appear chronically under-

predicted, indicating factors outside of the parameter search limiting the modelôs performance. 
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Figure 58: Predictions of all parameter set variations for the high OLR experimental condition, 

with goodness of fit indicated by line intensity (black line indicates best fit). Red points are 

measured values with black bars representing the 95% confidence interval. 
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Figure 59: Predictions of all parameter set variations for the low OLR experimental condition, 

with goodness of fit indicated by line intensity (black line indicates best fit). Red points are 

measured values with black bars representing the 95% confidence interval. 

The parameters which best fit a single analyte did not always correlate to those which 

best fit other analytes, such as between MLVSS (Figure 60Figure 58) and COD (Figure 61). 
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Figure 60: Top 5 model fits (RMSE) against measured MLVSS in the low OLR case without 

particle size effects. ñSweepò uniquely identifies the parameter set and ñFit Rankò indicates the 

overall fit accounting for all response variables. Note how the same parameters do not always 

predict other concentrations well. Red points represent measured values with error bars covering 

95% confidence intervals. 
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Figure 61: Top 5 model fits (RMSE) against measured COD in the low OLR case without 

particle size effects. ñSweepò uniquely identifies the parameter set and ñFit Rankò indicates the 

overall fit accounting for all response variables. Note how the same parameters do not always 

predict other concentrations well. Red points represent measured values with error bars covering 

95% confidence intervals. 

In addition to discrepancies within OLR regimes, the best fit models also do not agree 

between OLR conditions (Table 16). In addition to the effect of particle size, discussed later, it 

may also suggest that the microbial community shifted over the course of the experiment. The 

observed color of the mixed liquor did change over time (Figure 48C,D), which is not diagnostic 

but may suggest a community shift during the experiments. Two diagnostic approaches being 
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considered are sequencing preserved samples of the mixed liquor and a close examination of the 

oxygen uptake rates originally intended for determining the ȉH and KS ASM1 parameters. 

Table 16: Best fitting parameter sets for high OLR, low OLR, and combined consensus. Overall 

fit was based on the mean of per-substrate fit rankings. The consensus fit is based on the mean 

per-OLR overall rankings. 

Overall 

Fit 

 

Parameter Set 

High OLR Low OLR Consensus 

1 32 12 8 

2 20 2 1 

3 8 1 11 

4 21 15 15 

5 11 14 2 

 

When the model was tested against the medium OLR results using the top 5 consensus 

parameter fits, we see that while still imperfect, the consensus fits do predict reactor 

concentrations with the greatest errors in early chamber COD and NOx. Additionally, the best 

parameter set severely underpredicts DO and either under or overpredicts MLSS depending on 

the chamber (Figure 62). 
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Figure 62: Predictions under the medium OLR experimental condition using the top 5 consensus 

fits (RMSE) under the high and low OLR experimental conditions. Red points represent 

measured values with error bars covering 95% confidence interval.  

Determining biokinetic rate correction factors  

These poor predictions maybe due in part to variations in particle sizes between 

experimental conditions and their impact on biokinetics rates (Figure 63 and Figure 64). The 

effective rates, defined as the ratio of rate at the floc surface vs the average rate throughout the 

floc, are sensitive to variations in bulk substrate concentrations and parameter values (Figure 66) 

and span a large range of values over the evaluated 30000 combinations. By correcting for floc 

size, we believe that incorporating a correction factor accounting for particle size can help 
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resolve the differences between OLR conditions, even if the microbial community shifted, and 

that the fitted parameters will be closer to the ótrueô biokinetics of the microbes. 

 

Figure 63: Normalized internal concentrations of COD (SSi) and dissolved oxygen (SOi) within 

a 100 micron diameter floc at varying bulk COD concentrations. 
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Figure 64: The actual biokinetic rates internal of a floc (100 microns) vary as a function of depth 

and are different from the bulk rates at the edge of the of the floc. 

1D models of the floc interior were combined with asmFlocFoam to estimate effective 

reaction rates (Figure 65 and Figure 66) across 30,000 variations in floc sizes, bulk substrate 

concentrations, and biokinetic values. Empirical models of effective rates were generated from 

these results and were used to correct for particle size effects. 
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Figure 65: Heterotrophic aerobic COD uptake rates within a 100 micron floc (50 micron radius 

shown) as a function of bulk COD concentrations. Effective rates are the ratio of the average rate 

throughout the floc to the rate at the floc edge. 

 

Figure 66: Effectiveness correction factors for aerobic heterotrophic growth vary widely for 

even a subset of potential parameters. 
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Simulation with biokinetic rate correction 

As a proof-of-concept, the model was updated to calculate effective rates as a function of 

particle size, kinetics, and bulk substrate concentrations derived from simple empirical fit against 

the results of the 1D calculations (Appendix E). 

Despite the improvements which could be made to the empirical model (discussed below) 

and the fact that a fixed particle diameter was used in the 2D simulations, the ranked best fits for 

both the high and low OLR conditions (Appendix E, Figure 85 and Figure 86) are more similar 

to each other and the overall consensus (Table 17). Notably, parameter set 2 is equally highly 

ranked and is the top consensus fit.  

Table 17: Best fitting parameter sets, after correction for particle size, for high OLR, low OLR, 

and combined consensus. Overall fit was based on the mean of per-substrate fit rankings. The 

consensus fit is based on the mean per-OLR overall rankings. Parameter sets ranked top 5 for 

both high and low OLR are highlighted in bold. 

Overall 

Fit 

Parameter Set 

High OLR Low OLR Consensus 

1 1 3 2 

2 2 2 3 

3 4 6 6 

4 6 8 4 

5 7 4 1 

  

When the top 3 consensus fits are applied to the medium OLR test case, there is little 

apparent improvement in fits within individual substrates and there is still little correlation 

between substrate fits (Figure 67). Because many of the ill-fitting areas correspond to anoxic 

conditions and/or nitrogen values, these poor fits may be due to the inability of the 2D model to 

accurately represent gas transfer and expect that the 3D geometry, combined with air fraction 
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modeling, will produce better fits. Nevertheless, this framework demonstrates the feasibility of a 

combined CFD-biokinetic model which incorporates floc size effects on effective biokinetics 

rates. 

 

Figure 67: Predictions under the medium OLR experimental condition using the top 3 consensus 

fits (RMSE) under the floc-size corrected high and low OLR experimental conditions. Red points 

represent measured values with error bars covering 95% confidence interval. Grey lines are the 

analogous fits under the non-rate corrected model and are presented for reference. 
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Fairly comparing the rate-corrected and uncorrected models would require even fitting 

efforts between them. Ideally, the comparison would be performed additional random parameter 

trials become unlikely to produce better fits (indicated by a flattening of the fit effort curves in 

Figure 68. However, a comparison between rate-corrected and uncorrected models is already 

informative, even though the rate-corrected model currently has ı of the fitting effort. As can be 

seen in Table 18, the rate-corrected model, which accounts for particle size, produces better fits 

for 3 of 7 of the response variables COD, MLVSS, and NOx. In fact, the top three COD fits are 

all better than the 2nd best fit for the non-corrected model.  

The model does perform worse in the cases of ammonia, DO, Total N, and Organic N, 

with all concentrations being overpredicted. The simplest explanation is that the correct 

parameters for the associated rates have not yet been found, but the low MLVSS levels also 

present another, potentially complementary explanation. Although MLVSS is better predicted 

with rate corrections, a key difference is that that rate-corrected model consistently underpredicts 

MLVSS while the uncorrected model underpredicts MLVSS in the early chambers and 

overpredicts it in the latter.  MLVSS concentrations all directly affect the consumption of 

oxygen, organic N, ammonia, and total Nitrogen, and it is possible that the uniformly low 

MLVSS leads to overpredicting oxygen and nitrogen concentrations. Both the low MLVSS and 

high dissolved oxygen concentrations may result from an overly-low estimated rate correction 

factor to heterotrophic growth. 
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Table 18: Best fit comparisons (RMSE) between the rate-corrected model which accounts for 

particle size and the uncorrected model. Bold values highlight the better performing model for 

each response variable. 

Response 

Variable 

With Rate Correction 

(RMSE) 

No Rate Correction 

(RMSE) 

Percent 

Improvement 

Ammonia 247 27 -815 

COD 94.4 95.7 1.4 

DO 8.8 5.1 -72 

MLVSS 1896 3640 48 

NOx 36 251 625 

Total N 553 261 53 

Org. N 340 28 -111 

 

The primary goal was to demonstrate that it is possible to implement a CFD model which 

incorporates fluid dynamics, biokinetics, particle sizes, and effective biokinetic rates within the 

micro-floc environment. Despite the identified limitations of the current implementation, this 

goal was achieved. Further work aimed at improving the limitations is described below. 

Limitations and further improvements 

Currently, the model appears limited by the fitting effort, simplistic estimation of 

effectiveness factors, and the inability of the 2D, single-phase model to accurately capture all 

physical phenomena in the system. Additionally, the performance of the model against other 

CFD-biokinetic implementations and simpler tanks-in-series representations should be 

compared. Each of these items shall be discussed in turn. 

Fitting effort, sensitivity analysis, additional parameters 

The parameter space appears to be broadly searched for simulations without size 

correction (Figure 56). however, comparing all fitted parameter sets against the measured values 
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shows some areas which are consistently ill-fitted. Major examples include the low and high 

predictions of COD in the earlier chambers and the over/under prediction of nitrification and 

denitrification. One possible explanation is that the fitting effort is not yet sufficient. Other 

explanations are not mutually exclusive and are discussed below. 

The fitting effort has not yet hit the point of diminishing returns. When simulations, 

ranked by goodness of fit, are plotted against the initial 34 parameter sets (Figure 68A) it is 

apparent that the fitting effort had not plateaued, likely due to the high dimensionality of the 

model. Further parameter fitting efforts have continued to produce improved fits (Figure 68B) 

and, based on the non-diminishing slopes for both experimental conditions, are likely to continue 

to do so. The apparent higher improvement vs. lower number of fits is due the random parameter 

selection process. Poor fits are also generated from random parameter sets, so the baseline for 

óworst fitô in panel B is much lower than in panel A. 

 

Figure 68: Goodness of fit improvement vs total fit effort. Measured as the number of parameter 

combinations searched vs the improvement over the worst-fitting parameter set. 
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The fitting effort for the reaction rate corrected models is lower, with only 8 simulations 

performed instead of 34 and additional simulations are warranted. Also notable is that the 

expected particle size of the high OLR run, based on initial microscopic analysis, (~250 microns) 

fell short of the particle size observed in the final analysis of the high OLR data (~755 microns) 

and the high OLR rate-correction runs should be redone using this new data.  

Although further fitting effort will be performed and is expected to improve the model, 

the parameter space could also be explored more efficiently than with the current random 

distributions. 

First, a realistic sensitivity analysis can be performed to focus the fitting effort on the 

most sensitive parameter combinations. It is unlikely that a local one-at-a-time analysis in which 

each parameter is varied by +/- 10% while keeping the others at a nominal most-likely value 

would be informative. This is due to interactions between terms as well shifting sensitivity 

rankings depending on the ónominal most-likelyô values. Nevertheless, a one-at-a-time analysis is 

planned with the most likely values based on the previously mentioned lognormal distributions. 

A global sensitivity analysis will probably be of more utility and while a large Monte-

Carlo style Sobol sensitivity analysis is planned, the first step will be to perform a non-local one-

at-a-time Morris style sensitivity analysis180 which requires far fewer parameter variations. 

Beyond producing more informative sensitivity estimates, these analyses can be employed using 

the data generated from the parameter searches already employed and those which are underway. 

A further complementary approach would be to use a Bayesian optimization181 method to 

iteratively remove unlikely parameter variations from the search space. 

Second, it may also be the case that some parameters, not part of the ASM1, used by the 

model and originally left constant may improve the model fit, even at the cost of further 
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expanding the parameter search space. Specifically, the poor performance in the early chambers 

and between nitrogen species suggests that local oxygen transfer rates and assumed ratios 

between soluble and particulate substrates may benefit the model by being fitted. 

Third, the parameter sets are generated from independent random samples from each 

parameterôs probability distribution. In reality, the ASM1 parameters are correlated182 and taking 

advantage of this fact alongside a more sophisticated Bayesian optimization approach183 may 

produce better fits more quickly. Additionally, the Bayesian fitting approach will produce not 

only point estimates of the parameters, but also posterior uncertainties for each estimate.184 

In short, the first goal is to increases not only the number of parameters searched, but also 

to focus the search on the most informative parameter combinations. 

Effectiveness factors 

The initial goal of generating the effectiveness factor equation was to demonstrate that it 

could be implemented within the solver and that accounting for particle size effects, even simply, 

would help to reduce the disparity against model fits for the two operating conditions. The 

existing regression equations (Appendix E) have poor predictive capacity, albeit better than a 

constant assumption of no particle size effect. In addition to expanding the range of parameter 

levels (e.g., soluble substrate and particle size), there are three possible improvements to the 

estimator are classic regression models, machine learning estimates, and lookup tables. 

Of those approaches, classical regression appears favorable. Despite the multiple 

parameters needed to calculate the effectiveness ratio it appears that the ratio generally can be 

modeled as an exponential function of the form ὧ Ὡ  for any single factor ὴ where ὧ is a 

constant and Ὧ is the associated fitting parameter when the other model parameters are kept 

static. For example, the correction to heterotrophic growth rates as a function of bulk COD is 
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easily fitted when all other factors are constant (Figure 69). The fitted exponential model can 

then be shifted or scaled based on other factors and fitting terms, as when adding varying bulk 

dissolved oxygen conditions (Figure 70). 

 

Figure 69: The correction factor to heterotrophic growth is easily modelled as an exponential 

function of bulk COD concentrations when other parameters are left constant. 
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Figure 70: Simultaneously varying bulk concentrations of dissolved oxygen and COD may be 

used to predict heterotrophic growth rate correction factors by adding linear adjustments to the 

original exponential fitting terms. 

Based on these initial explorations and large areas where a single substrate seems to 

determine the general shape of the rate curve (Figure 71) as a function of particle depth, it is 

likely that such a piecewise regression may be developed, although the exact form of the 

regression equation may be modified. The advantages are the straightforward nature of the 

resulting equations and the insights the piecewise decomposition may produce. The major 

disadvantage is the effort required to explore and evaluate all possible piecewise decompositions. 
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Figure 71: Then general shape of the heterotrophic growth rate curve appears dominated by a 

single parameter over large combinations of simultaneously varying COD and dissolved oxygen 

concentrations. 

The major advantage of a machine learning approach is that the 30000 calculated 

estimates should be sufficient to train a model which can accurately predict the effectiveness 

ratio without laborious custom fitting. However, incorporating such a model into the simulation 

is not so straightforward as including a regression equation. Instead, the model itself would have 

to either be exported and incorporated as a major code addition to OpenFOAM or run alongside 

OpenFOAM as an óoracle.ô In the first case, the implementation effort is neither insignificant nor 

guaranteed possible. The second case is likely to impose severe penalties to the simulation speed. 

A lookup table initially appears to solve both problems. It does not require laborious 

custom fitting nor is a simple lookup table difficult to implement. However, the lookup table for 

this problem would be highly dimensional, requiring intensive optimization for efficient 

operation. Further the memory footprint of the table would be discouragingly large. Finally, the 

table would rely upon interpolations, reducing the accuracy of the estimate. However, fast 
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implementations of n-D lookup tables based on HDF5 data structures do exist185 and may be 

directly implemented into the solver, and this option will be explored. 

It should also be noted that using classical regression techniques would also likely 

provide insights useful to further efforts to related to calculating appropriate Thiele moduli for 

the ASM1 equations186 and, potentially, arriving at an analytical estimate of the effectiveness 

ratio based directly upon the ASM1 equations. 

Physical limitations of the 2D model 

The 2D model is inherently limited by its geometry and it is impossible to represent some 

physical phenomena in the actual reactor, which may be limiting its predictive performance. As 

one example, the aerators in the physical reactor provide a longitudinal óswirlingô flow which 

cannot be accurately depicted in two dimensions. The solution is straightforward, but it is time 

consuming to implement the model in three dimensions. Such a 3D model exists and has been 

prototyped, however it takes significantly longer to produce results and the decision was made to 

focus on the 2D model to rapidly identify and, eventually, rectify the problems encountered with 

the fitting effort and effectiveness ratios. Once those problems are suitably addressed in two 

dimensions, then the 3D model may be used both to more finely tune parameters and produce 

predictions based on a more realistic physical representation. 

Two other limitations of the present 2D model are that it models single-phase flow and 

currently uses a constant particle size per OLR. The first issue may somewhat be addressed in 2D 

by allowing the current constant, global volumetric oxygen transfer coefficient (kLa) to be a 

fitted parameter and by adjusting the kLa locally within the reactor based on estimated gas 

fractions. An alternate approach would be to fully model multiphase flow, however applying 
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existing multiphase solvers proved problematic both in terms of solution stability and poor mass 

conservation.  

The particle size issue can be addressed by applying population balance equation (PBE) 

based estimates of the particle size to the 2D geometry. We have evaluated PBE fitting via 

OpenQBMM and it appears that we can reproduce the mean particle size (d4,3)of the first 

chamber under the low OLR experimental condition (Figure 72).   

 

Figure 72: A parameter fitting sweep of the OpenQBMM shows a wide range of turbulent 

Schmidt numbers and breakage coefficients which predict particle size distributions well within 

the measurement error of particles from the low OLR sweep. 
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One issues that although the ratio of the fourth and third moments of the particle 

distribution (i.e., the d4,3 particle size metric), the actual distribution of the particles produced by 

the PBE (Figure 73) does not match the observed distribution from the actual reactor. 

 

Figure 73: Histogram of particles based on estimated moments from a PBE-based 

(OpenQBMM) prediction on the first chamber using the low OLR experimental conditions. 

Ideally, the predicted particle size distribution should match the observed distribution. 

The PBE aggregation parameter (Ca) could be varied along with the breakage parameter (Cb) to 

attempt that match. Additionally, the effect of the exact aggregation and breakage processes (e.g., 

fracturing vs. erosion) could also be further explored to provide a better distribution match. The 

difference between the simulated and observed particle size distributions should rectified. 

Further, other distribution metrics (e.g., d10, d50, d90, and various moments) should be assessed to 

determine their effect. 
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Figure 74: Histogram of observed particle sizes from the first chamber over the course of the 

low OLR experimental condition. Equivalent diameter is the diameter of a circle equal in area to 

that of the observed particle. 

In all cases the improvements should map directly to 3D model which may also be 

further improved directly model two phase flow. As with the geometry limited physics, these 

improvements were set aside until getting a proof-of-implementation 2D model was achieved. 

Measurement and sampling limitations 

Sampling uncertainties from physical measurements arise from two assumptions. First, 

each chamber was assumed to be completely mixed and that the non-instantaneous, small 

physical samples taken from each chamber are representative of the whole chamber. The 

similarity between dissolved oxygen measurements, which were taken at three spots in each 

chamber, do suggest that this is a reasonable but imperfect assumption (Figure 52). Second, 

although the reactor was at a pseudo-steady state, there were daily fluctuations in concentrations, 
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and this is reflected in the variances of some measurements; one example is the COD 

concentration under the high OLR experimental condition (Figure 53). 

 The physical concentrations also have associated measurement uncertainties based on the 

method. The uncertainties, which were either listed by the vendor (colorimetric) or determined 

by the analytical lab (IC Analysis), were considered acceptable. Further, individual protocols 

were optimized to prevent additional error, such as nitrite interference in low COD samples and 

poor mixing in total nitrogen samples (Figure 75).  

 

Figure 75: The measured concentrations of total nitrogen in the sample were indifferent to the 

equipment used but highly sensitive to the amount of mixing prior to measurement. 

The virtual equivalent to sampling errors was the selection of the area over which values 

were averaged (Figure 51). The original sampling area was selected to represent the column of 

recirculation under a physical probe, but it may be more important that the sampling area 

represents the overall chamber average value. A high OLR simulation was run with new 

sampling areas to test the impact of sampling area selection the reported results. First, the óprobe 

columnô was shifted to the first and third quarter-length of the chamber (Figure 76A) to 

determine the effect of column placement. The slightly different widths of each zone are a result 
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of how the equal-sized sample areas fell across the discretized mesh. Second, the entire chamber 

volume was averaged to test how well the overall chamber concentrations differed from subset 

sampling (Figure 76B). 

 

Figure 76: Virtual sampling points from the simulated reactor include (A) columns 

approximately the same width of the sampling probe and (B) whole-chamber sampling. 

The different sampling strategies produced few practical differences in the final steady 

state concentrations, and the reported values for heterotrophic biomass are shown here as an 

illustration of one of the ôworst-caseô differences (Figure 77). Nevertheless, whole-chamber 
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sampling should be preferred in the future since, by definition, it describes the entire simulated 

chamber and does not appear to result in significant increased computation. 

 

Figure 77: Heterotrophic biomass measured in each simulated chamber over time, using various 

virtual sampling strategies. 

The virtual equivalent to measurement errors are numerical inaccuracies which may arise 

from either the numerical solution method or inadequate discretization. Because standard 

numerical methods are used (Appendix C), it is assumed that the main source of error will be due 

to discretization. Further, because the CFL condition was always less than 1 and the timestep 

(order of milliseconds) is much faster than the biological processes, we assume that spatial, 

rather than temporal, discretization is the main source of error. The amount of discretization error 

was estimated by re-running the simulation with coarser (~double cell size) and finer (~half cell 

size) meshes. There was little difference between the steady state concentrations predicted by the 

coarse mesh (Figure 78). Once exception is XP (Figure 79) which showed slight variations. The 

finer mesh produced similar predictions in the cases of biomass (Figure 78A) and analytes at 

low-to-zero concentrations (Figure 78B).  However, the finer mesh predicted different steady 
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state concentrations for some analytes, such as soluble COD (Figure 78C), suggesting the 

standard mesh did not produce a mesh independent solution to avoid all mesh related spatial 

discretization errors. However, the finer mesh took twelves times longer (3 days vs. eijght hours 

on an Intel Xeon E5-2630 v3 2.4GHz single-core) to approach steady state, so there is a tradeoff 

to be made between the time it would take to produce a full set of parameter fitting runs and 

solution accuracy. Because the results remain qualitatively similar, it may be possible to roughly 

tune the parameters using the much faster coarse and standard meshes and then use the finer 

mesh to perform a handful of final parameter adjustments. 
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Figure 78: Predicted concentrations of (A) heterotrophic biomass, (B) dissolved oxygen, and (C) 

soluble substrate in each chamber over time using the current mesh as well as coarser and finer 

versions. 
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Figure 79: Predicted concentrations of XP in each chamber over time using the current mesh as 

well as coarser and finer versions. 

Comparisons against other models 

Once the current limitations of our model have been addressed, its performance will be 

compared against the other identified CFD-biokinetics models which universally differ in that 

they do not directly account for particle size and individually differ in modelling, validation, and 

experimental range as described in this worksô background section. Additionally, the final model 

should also be compared against a baseline tanks-in-series model to illustrate the trade-off 

between solution speed and the potential benefits of increased spatial resolution and accounting 

for particle size. 

Chapter 6. Conclusions 

The research topics which form this dissertation are disparate and this is as much due to 

the various fortunes, dead-ends, and interesting distractions of any ambitious goals as it is due to 

my wide-ranging interests and diverse skillset. Despite their disparity, those topics are united by 


