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ABSTRACT

Membrane Bioreactor-based Wastewater Treatment Plant Energy
Consumption: Environmental Data Science Modeling and Analysis

Tuoyuan Cheng

Wastewater Treatment Plants (WWTPs) are sophisticated systems that have to

sustain long-term qualified performance, regardless of temporally volatile volumes

or compositions of the incoming wastewater. Membrane filtration in the Membrane

Bioreactors (MBRs) reduces the WWTPs footprint and produces effluents of proper

quality. The energy or electric power consumption of the WWTPs, mainly from

aeration equipment and pumping, is directly linked to greenhouse gas emission and

economic input. Biological treatment requires oxygen from aeration to perform

aerobic decomposition of aquatic pollutants, while pumping consumes energy to

overcome friction in the channels, piping systems, and membrane filtration.

In this thesis, we researched full-scale WWTPs Influent Conditions (ICs) monitoring

and forecasting models to facilitate the energy consumption budgeting and raise early

alarms when facing latent abnormal events. Accurate and efficient forecasts of ICs

could avoid unexpected system disruption, maintain steady product quality, support

efficient downstream processes, improve reliability and save energy. We carried out a

numerical study of bioreactor microbial ecology for MBRs microbial communities

to identify indicator species and typical working conditions that would assist in

reactor status confirmation and support energy consumption budgeting. To quantify

membrane fouling and cleaning effects at various scales, we proposed quantitative

methods based on Matern covariances to analyze biofouling layer thickness and roughness
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obtained from Optical Coherence Tomography (OCT) images taken from gravity-

driven MBRs under various working conditions. Such methods would support practitioners

to design suitable data-driven process operation or replacement cycles and lead to

quantified WWTPs monitoring and energy saving.

For future research, we would investigate data from other full-scale water or

wastewater treatment process with higher sampling frequency and apply kernel machine

learning techniques for process global monitoring. The forecasting models would

be incorporated into optimization scenarios to support data-driven decision-making.

Samples from more MBRs would be considered to gather information of microbial

community structures and corresponding oxygen-energy consumption in various working

conditions. We would investigate the relationship between pressure drop and spatial

roughness measures. Anisotropic Matern covariance related metrics would be adopted

to quantify the directional effects under various operation and cleaning working

conditions.
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Chapter 1

Introduction

Modern WWTPs are crucial in minimizing aqueous pollution and maximizing reclaimed

water resources. WWTPs have been given vital importance and are seen as promising

solutions to water scarcity in water-stressed countries, such as the KSA. Challenged by

stringent discharge standards, power consumption budgets, and water reuse regulations,

WWTPs have to employ integrated physical, chemical and microbiological unit processes

to improve treatment performance. WWTPs are sophisticated systems that have to

sustain long-term qualified performance, regardless of temporally volatile volumes

or compositions of the incoming wastewater [2, 3]. Municipal WWTPs have to

manage rainfall and snowmelt, while industrial counterparts often treat wastewater

with frequent sudden shifts in unique composition and temperature due to changes in

production processes [4]. Nevertheless, WWTPs have limited storage for inflow, which

in turn cannot be rejected. Stringent discharge limits and rising operational costs,

as well as intrinsic process transience and non-linearity, pose challenges to WWTPs

operators [5].

MBRs employ membrane filtration to separate solids after biological treatment,

which brings several advantages over conventional wastewater treatment systems.

Membrane filtration reduces the footprint and offers effluent of proper quality. MBRs-

based WWTPs offer products that are conveniently reusable for irrigation purposes.

For decades, KSA has experienced a significant rise in both urbanization and

population levels [6]. The high living standards in KSA, a leading country in Middle
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East, have exerted considerable pressure on energy service, water supply, and wastewater

treatment [7]. The annual gap between water supply and demand in KSA, which was

around 11.5 billion m3, may not be eliminated with energy-intensive desalination

processes as the only source. Therefore, MBRs-based WWTPs that contribute to

water reclamation are given the utmost importance and are regarded as promising

sustainable solutions to water scarcity in KSA [8].

The energy or electric power consumption of the WWTPs is directly linked to

greenhouse gas emission and economic input. Recent literature reports that pretreatment

processes consumes 25.08% of total energy, while biological treatment and sludge

treatment consume 61.93%, and 12.69%, respectively [9]. In terms of functions,

the energy consumption was mainly from aeration equipment and pumping. The

biological treatment asks for oxygen from aeration to perform aerobic decomposition

of aquatic pollutants. Pumping as an indispensable role in WWTPs consumes energy

to offset friction in the channels, piping systems, and membrane filtration.

Energy consumption in the biological section depends on ICs including flow rates

and wastewater quality parameters, effluent discharge standards, aerator types, treatment

processes, and WWTPs size [10]. Influent flow rates define the volume to be treated,

while temperature, conductivity, Total Dissolved Solids (TDS), Total Suspended

Solids (TSS), hardness, and alkalinity are cross-correlated water quality factors that

affect biological processes. Nutrients including nitrogen and phosphate are the controlled

targets in wastewater polishing for their leading roles in eutrophication. Microbial

community structures in the bioreactors, either in the activated sludge or in the

biofilm, could reveal the oxygen and energy consumption on the microscale. Research

on ICs would facilitate the energy consumption budgeting and raise early alarms when

facing latent abnormal events. Accurate and efficient forecast of ICs could avoid

unexpected system disruption, maintain steady product quality, support efficient

downstream processes, improve reliability and save energy [11]. Numerical studies
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on bioreactor microbial ecology could further identify indicator species and typical

working conditions that would assist in reactor status confirmation and support

energy consumption budgeting.

Membrane filtration unit processes in MBR systems involve significant pumping

energy to overcome membrane resistances and produce permeates free of suspended

solids. Energy consumption in membrane filtration depends on system design or

layouts, flow rates, membrane module configurations, and operational strategies.

Energy consumption of membrane modules range between 0.5–0.7 kWh/m3, and

energy consumption for membrane aeration in flat sheet was 33–37% higher than in

a hollow fibre systems [12]. The accumulation of microbes-biopolymer amalgamates

or biofilm onto the surface of membranes [13], known as membrane fouling, is an

important phenomenon in MBRs operation and remains a topic of intensive research.

Indeed, though bio-fouling may partially improve the permeate quality, it can cause

significant rise in membrane filtration resistances and pressure drops, that results

in higher demand of pumping energy input [14]. A parameter that drives pumping

power consumption is the pressure drop between the feed side and the permeate side

of the membrane, which is directly affected by fouling-related factors, such as feed

quality, filtration operation modes, permeate flux, and cleaning methods [15]. OCT

as an in-situ non-destructive membrane imaging technique that allows for online

temporal-spatial monitoring of the membrane status, can further reveal details of

the membrane fouling and pressure drop evolution [16]. Quantitative research on

the fouling layer thickness and roughness under various working conditions could

support the attribution of energy consumption in the membrane filtration processes

and arrange suitable operational cycles.

Environmental systems are complex. Conventionally, mechanistic model-based

(i.e., analytical) methods are developed for WWTPs monitoring or forecast [17, 18].

Using first principles, such classical deterministic models could theoretically explain
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process mechanism, but they are based on ideal hypotheses, requiring prior knowledge

of parameters for calibration and would be challenged by ill-conditioned problems and

costly computation of high-dimensional systems in real applications [19]. On the other

hand, Environmental Data Science (EDS) is an emerging interdisciplinary field that

effectively addresses the intricacy inside environmental systems, and could provide

promising solutions for WWTPs monitoring [20]. Indeed, instrumentation, control,

and automation devices in WWTPs produce significant quantities of multivariate time

series data, which are often left unexploited [21]. This ”data-rich, information-poor”

dilemma is attributed to the lack of methodology to select the right algorithm for

a given case, the lack of standard prototypical data processing procedures, and the

lack of trained environmental data scientist or EDS expertise among environmental

scientists [20, 22]. Moreover, the nonlinear, non-Gaussian, non-stationary, auto-

correlated, cross-correlated, hetero-skedastic, and case-specific nature of multivariate

environmental time series data represent additional difficulties for researchers to

construct both suitable and flexible models [23].

Data-based methods can perform systematic and objective exploration, visualization,

and interpretation of environmental data [10], identify essential factors, features or

patterns, endorse then optimize data-supported decision-making [23, 24]. Validated

data-driven monitoring methods could be transferred and shared conveniently among

domain experts by virtue of the intrinsic versatile nature of data science models [25].

In this thesis, we would quantitatively research the MBRs-based WWTPs energy

consumption via data-driven modeling and analysis. To monitor ICs, we would build

anomaly detection models for the WWTPs influent. To predict energy consumption,

we would construct data-driven models to analyze and forecast related key features.

To show both oxygen and energy consuming biological reaction on a micro-scale,

we would investigate the microbial ecology in the biological treatment processes via

causal modeling between feed quality and community structure, and via identification
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of key species from activated sludge or biofilm samples. Regarding membrane filtration

part, we would advance our study based on real-time in-situ OCT images to quantify

the thickness and roughness measure of fouling layers under different working conditions

or after various cleaning strategies that directly affect pressure drop and power

consumption.

This thesis is presented in a project based manner, to keep structural coherence

without loss of contextual legibility. The ICs monitoring projects are presented in

chapter 2. The WWTPs related features forecasting projects are given in chapter

3. The numerical microbial ecology projects are given in chapter 4. The OCT-based

membrane biofouling modeling and monitoring project is given in chapter 5. The

final conclusions and future works are drawn in chapter 6.
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Chapter 2

ICs monitoring

2.1 Backgrounds

For decades, challenges are proposed to WWTPs operators from the energy consumption

perspective. Updated instrumentation, control, and automation are offering overwhelmingly

voluminous data, which are often unexploited, forming the “data-rich, information-

poor” dilemma. Timely analysis and modeling would extract valuable information to

support process understanding, online prediction, process monitoring and predictive

control. Water resource recovery has been given vital importance and seen as a

promising energy-saving solution to the water scarcity in water-stressed countries,

such as the KSA.

As initial conditions provided to WWTPs, ICs influence treatment systems, ongoing

processes and product characteristics, and accordingly are fundamental in operation

thus emphasized, recorded, and monitored in KSA. ICs are initial states of inflow fed

to WWTPs. ICs would affect system states, ongoing process mechanisms, and final

product (i.e treated effluent) quality. Monitoring, detection, isolation, and diagnosis

of potential anomalies or faults in ICs could, at an early stage, avoid unexpected

system crash, maintain steady product quality, support efficient downstream processes,

improve WWTPs reliability and reduce labor costs. Anomalies or faults in ICs need to

be detected and diagnosed promptly for decision making to avoid unexpected system

crash, maintain steady product quality, support efficient downstream processes, improve

reliability and reduce labor costs. Accordingly, the detection and identification of
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abnormal events in ICs of WWTPs are of primary importance to keep WWTPs

operating with the desired performance and optimized energy consumption.

Modern WWTPs need to improve process quality while guaranteeing efficient and

fault-free operations, though they are continuously subjected to unexpected influent

changes. Conventionally, only parameters from the process are monitored, offline and

univariately, which often ignored interaction between correlated variables and was not

providing satisfying results in practice. Since the process generally takes more than

one day, multivariate data-driven soft sensors targeting the influent (the upstream

compared to the process) would be promising. Operators can take timely responses

to detected anomalies from the ICs. Moreover, information from multiple variables

is utilized simultaneously, where cross-correlation among variables are considered in

the decision rules, and the total number of monitoring control charts are minimized.

This may serve as a better “best practice” to the current situation in WWTPs. In

the process industry, data-driven soft sensors are becoming more and more popular.

Applications include prediction, reconstruction, and sensor monitoring. All over the

years, methods are developed for prediction as well as fault detection and diagnosis,

including mechanistic model-based or analytical methods, and model-free or data-

derived methods. Analytical models, utilizing first principals, could theoretically

explain both linear and nonlinear behavior, reveal process mechanism, but request

prior parameters for calibration and would be challenged by costly high dimensional

computation and ill-conditioned problems. Data-derived methods, nowadays are more

common in the environmental field, even though not as widespread as, for example,

in petrochemical industry where soft-sensors are extensively utilized for billions of

dollars were once wasted annually due to abnormal events. Environmental data

have been utilized by data-derived methods for prediction of downstream pollutants

concentration in river networks, and sludge bulking monitoring in WWTPs. Data-

based methods can perform systematic and objective exploration, visualization, and
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interpretation of data, identify essential factors, features or patterns, and endorse then

optimize data-supported decision-making. Validated data-driven monitoring methods

could be transferred and shared conveniently among domain experts, in virtue of the

versatile nature of data science models.

Time series analysis approaches have widely been applied to model WWTPs.

Berthouex and Box proposed an exponentially weighted moving average model for

forecasting WWTPs performance [26]. Huo et al. applied time series techniques to

evaluate and predict ICs [27]. Escalas-Cañellas et al. proposed a time series model

estimating and evaluating influent water temperatures at WWTPs [28]. Stationarity

is usually assumed in time series models, while the wastewater treatment processes

are often non-stationary. Additionally, these approaches depend on the accuracy of

the model used.

Machine learning algorithms turn out to play a considerable role in the literature.

Artificial Neural Network (ANN) simulation for the monitoring and control of an

anaerobic WWTPs is presented by Wilcox et al [29]. The ANN procedure has been

trained over 80 hours with various monitoring data and exhibited suitable ability in

monitoring alkalinity level. Dias et al. investigated ANN and fuzzy neural models for

monitoring and prediction [30]. The approach showed good detection performance

when applied to data from the IWA/COST benchmark simulation model. ANN

models have also been used to monitor key parameters (turbidity, temperature, pH,

oxidation-reduction potential, and Ultraviolet (UV) light intensity) in WWTPs [31].

Zhu et al. introduced a hybrid approach based multiple linear regression, artificial

neural networks to predict influent biochemical oxygen demand, which is expensive

and difficult to measure with sensors [21]. Other methods examined for process

monitoring include fuzzy models, and support vector regression [32, 33]. Such machine

learning methods depend on the availability of input data, and their implementation

is no easy task, especially for real-time applications.
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Latent variables are employed for monitoring and prediction via Projection Latent

Structures (PLS) and PCA. Amaral and Ferreira applied PLS regression for activated

sludge process monitoring [34]. PLS methods have been utilized to predict deterioration

of sludge sedimentation properties [35]. An approach to predict the influent Chemical

Oxygen Demand (COD) using PLS models has been applied to a newsprint mill

WWTP [36]. Wang et al. proposed a statistical approach based on combined

PCA and multiple regression to model a WWTP [37]. Ebrahimi et al. suggested

a multivariate approach based on PCA to predict quality parameters such as BOD5

and total phosphorus to analyze WWTPs performance [38].

PCA as a popular multivariate statistical dimension reduction technique applied to

the visualizing of dataset variation and composition, can delineate Normal Operating

Conditions (NOCs) and detect faults with simplicity and interpretability. However,

it is well known that the conventional PCA-based SPE, Hotelling’s T2, and joint

univariate methods, assuming Gaussian distribution among process observations, does

not guarantee a satisfactory performance in anomaly detection, in particular when

detecting incipient changes [39].

To address the nonlinear nature of wastewater ICs data, kernel methods should be

emphasized, where projection onto higher dimensions enables good reencoding of the

data when it lies along a nonlinear manifold. KPCA has been introduced to detect

abrupt events in wastewater systems, including pollutions and sensor faults [40].

Kernel Independent Component Analysis (ICA) has been studied by to detect exterior

disturbance from rainfall, and has shown competitive accuracy, efficiency, and reliability [41].

SVM has been proposed by to improve oxygen uptake rate on-line measurement and

control. Kernel methods demanded comparably larger storage during computation,

where parallel computing could offer potential solutions [42]. For ICs data, improved

classification efficiency could be anticipated by adopting kernel techniques.

In this chapter, we would bring two studies on ICs monitoring. Accurate and
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efficient anomaly detection approaches would assist in the overview of WWTPs processes

and support data-driven operational decisions to minimize energy consumption.

2.2 ICs monitoring using principal component analysis (PCA)

and k-nearest neighbors (kNN) approach

In this section, we would introduce a new soft sensor-based monitoring strategy

with improved detectability compared to conventional PCA-based methods. Here,

a data-driven soft sensor approach merging the feature extraction capability of PCA

and the classification capacity of KNN is proposed to detect and identify abnormal

influent measurements of WWTPs. Our scheme alleviates the drawbacks of the

conventional PCA-based indices because it employs KNN-based detection scheme,

which demands no prior assumptions on the underlying data structure, and can

cope with nonlinearity and multimodality in data. These properties are favored in

practical situations where collected data are non-Gaussian distributed or linearly non-

separable, which implies KNN as a competitive alternative to traditional PCA-based

fault detection approach. In the proposed scheme, fault-free residuals obtained from

PCA model is fed to KNN for training. Then KNN classifier would discriminate

between NOCs and faults in testing data by computing their distances to neighbors.

Moreover, threshold selection methods by conventional parametric and Kernel Density

Estimation (KDE) based nonparametric approaches are also evaluated. Conventional

PCA-based SPE and T2 approaches are used as benchmarks for comparison. The

aim of this research is not only sensing abnormal events in influent measurements of

WWTPs but also identifying the type (source) of abnormalities, such that operators

can respond accordingly by making any necessary and take corrective actions to

protect the system. To assist fault diagnosis, anomalies are analyzed via the RadViz

plot, which is intuitive in high dimensional data interpretation. To evaluate the

proposed soft sensor-based monitoring schemes, data from a coastal municipal WWTP
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located in KSA is experimented with.

2.2.1 Methodology

This section introduces an overview of conventional PCA-based modeling and monitoring,

together with the KNN-based algorithm.

2.2.1.1 PCA

PCA has become a popular modeling technique to extract information from multivariate

process data by relating process variables [43, 44, 45, 46]. Let X =
[
xT1 , . . . ,xTn

]T
∈

Rn×m be a centered and scaled measurement matrix with n measurements and m

variables. The data matrix X is factorized into two orthogonal parts,

X = TWT =
k∑
i=1

tiwT
i +

m∑
i=k+1

tiwT
i = X̂ + E (2.1)

where X̂ is the approximation or prediction and E is the residual. T = [t1 t2 · · · tm] ∈

Rn×m and W ∈ Rm×m represent a matrix of the transformed uncorrelated variables

(i.e. PCs) and a corresponding loading matrix, respectively.

Generally speaking, PCA is a method for decoupling signals and noises where

collinearity often presents. Given certain correlation (redundancy) in data X, the

first k PCs (where k < m) can capture most of the variability in X. This part of the

variability commonly arises from the true underlying signals. The remaining m − k

PCs capture the variability that arises from noise. In other words, the information

unexplained by the first k PCs formed the residual data matrix.

When implementing the PCA algorithm, the singular value decomposition is

applied to the observed data to compute the loading vectors. The loading matrix

is calculated from the covariance matrix S of the input data X as:
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S = 1
n− 1XTX = WΛW T with WW T = W TW = In. (2.2)

which can be reformulated as:

S =
[
Ŵ W̃

]  Λ̂ 0

0 Λ̃


 ŴT

W̃T

 (2.3)

Here, Λ = diag(σ2
1, . . . , σ

2
m) is a diagonal matrix comprised of decreasingly ordered

eigenvalues of S [47]. The eigenvalues λi are equal to the variance of the PC ti, namely

σ2
i . Besides, Ŵ ∈ Rm×k is comprised of eigenvectors corresponding to the first k

largest eigenvalues in Λ ∈ Rk×k, while W̃ ∈ Rm×(m−k) represents the remaining m−k

eigenvectors associated to the rest of eigenvalues.

X = T̂ŴT + T̃W̃T = X̂ + E (2.4)

where T̂ = [t1, . . . , tk] is the principal component score matrix (n×k), which describes

the values of variables in the transformed n × k basis space spanned by Ŵ. Here

T̃ = [tk+1, . . . , tm] is obtained by choosing the last m − k PCs in T such that T̃

represents only the variability of random errors.

In this study, Cumulative Percent Variance (CPV) procedure is applied here to

properly select the number of retained PCs:

CPV =
∑k
i=1 λi∑m
i=1 λi

× 100. (2.5)

In this CPV procedure, k is determined by counting PCs until the cumulative

variance explains the desired percentage (i.e., 80%) of the total variance. In this way,

the true signal variation would be decoupled from the noise variation, and the two

types of variation shall be monitored separately.
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2.2.1.2 Parametric and non-parametric PCA-based anomaly

detection methods

After a reference PCA model is designed using anomaly-free data, it can be used for

monitoring new datasets via SPE and Hotelling’s T 2. The SPE statistic monitors

residual subspace, while the T 2 statistic monitors changes in the PCs subspace. The

residuals of a fitted model are defined by:

e = x− x̂, (2.6)

where x̂ is the predicted value of x by PCA. If the PCA model describes the observed

fault-free data adequately and the process is in NOCs, then residuals should be

approximately around zero due to noise and uncertainty, in a normal distribution.

The SPE scheme is a widely used criterion for measuring the goodness-of-fit of a

data sample to its PCA model. The SPE statistic is computed as [39]:

SPE = eTe. (2.7)

The SPE statistics gives a signal of an anomaly when:

SPE > SPEα, (2.8)

where SPEα is a threshold or Upper Control Limit (UCL), defined by:

SPEα = ϕ1

[
h0cα
√

2ϕ2

ϕ1
+ 1 + ϕ2h0(h0 − 1)

ϕ2
1

]
, (2.9)

where ϕi = ∑m
j=k+1 λ

i
j, for i = 1, 2, 3, h0 = 1− 2ϕ1ϕ3

3ϕ2
2

, and cα is the confidence limits

for the 1− α percentile in a normal distribution. The T 2 statistic is defined by [48]:
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T 2 =
k∑
i=1

t2i
σ2
i

, (2.10)

where σ2
i is the estimated variance of the corresponding PC ti. The T 2 quantifies

changes in PCs subspace. The T 2 statistics would give a signal of an anomaly when:

T 2 > T 2
α, (2.11)

where T 2
α is a threshold or UCL, defined by:

T 2
α = χ2

1−α,k (2.12)

The parametric UCL of SPE and T 2 requires the assumption that observed values

are temporally non-correlated and normally distributed, which are usually denied in

many cases. One alternative approach is to adopt the kernel density estimation

for nonparametric SPE and T 2 thresholds [49]. After the density of a statistic

generated in NOCs (anomaly-free) is calculated by KDE, the nonparametric UCL

or decision threshold is then set as the corresponding (1 − α)-th quantile of this

estimated distribution.

2.2.1.3 KNN

The k-nearest neighbor algorithm is a widely used nonparametric classification technique

that quantifies the similarity between test observations and their corresponding similar

training sets [50]. The technique does not make prior assumptions about the underlying

data structure, which is preferred when the collected data are non-Gaussian distributed

or not linearly separable [51, 52]. KNN-based approaches have widely used in the

literature [51, 52, 53, 54]. For instance, in [54], KNN-based forecasting approach

is introduced to predict the ICs of WWTPs. In [53], KNN is used for detecting

anomalies in meteorological data. In KNN, each training tuple delineates a point in
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a multidimensional feature space. For every test sample, the detector searches the

feature space for k training points that are closest to the new sample, which consists

the k-nearest neighbors of the tuple. Closeness is represented by distance measures,

such as Euclidean or Manhattan distance. In this paper, residuals from PCA are

employed to compute distances to their nearest neighbor, namely, k = 1, to minimize

computational cost. Significant distances may imply anomalies and therefore utilized

for fault detection. The flow of KNN distance based anomaly detection are given

below:

Step 1 For every residual of observation xi in the training dataset, find its Manhattan

and Euclidean distances to its nearest neighbor in the training set Di, based on

which we have sample distributions of distances;

Step 2 From the distribution of Di, parametric UCL of KNN distance is defined

as the mean value plus three times the sample standard deviation (Dα,p =

µD + 3σD, with α = 2pnorm(−3) ≈ 0.0013), where µD and σD are the mean

and standard deviation of KNN distances using anomaly-free training data, and

normality is assumed implicitly in this three-sigma methodology.

Setp 3 For every residual of new observation in the testing dataset, compute its

Manhattan and Euclidean distance D∗ to its nearest neighbor in the training

set. Anomaly is detected if D∗ exceeds the UCL, Dα,p.

The conventional parametric three-sigma control chart is appropriate only when

the normality assumption is valid. Otherwise, results would be unreliable or even

misleading. To overcome this drawback, kernel density estimation can be used to

estimate the distribution of KNN distances [49]. The KNN algorithm with a nonparametric

threshold is summarized next.

Step 1 For every residual of observation xi in the training dataset, find its Manhattan
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and Euclidean distances to its nearest neighbor in the training set Di, based on

which we have sample distributions of distances;

Step 2 From the distribution of Di, non-parametric UCL of KNN distance, Dα,np is

defined as the (1−α)-th quantile of the estimated distribution of KNN distances

obtained by KDE, where α = 2pnorm(−3) ≈ 0.0013 is the same false alarm

rate as in the parametric approaches.

Step 3 For every residual of new observation in the testing dataset, compute its

Manhattan and Euclidean distance D∗ to its nearest neighbor in the training

set. Anomaly is detected if D∗ exceeds the UCL, Dα,np.

2.2.1.4 Proposed PCA-KNN anomaly detection scheme

Firstly, PCA model is built under NOCs using fault-free training data and applied on

testing data (with faults) to generate residuals, which serve as the input to KNN

model for anomaly detection. Then the KNN-based scheme is used to quantify

distances between actual residuals from testing observations and residuals from fault-

free training samples. Data from NOCs should have KNN distances closer to zero,

whereas anomalies would display larger KNN distance values. To set UCL for decisions,

both parametric and nonparametric procedures are adopted. The parametric ones

are derived from the three-sigma rule, while the nonparametric ones involve quantiles

from KDE.

In summary, the proposed soft sensors-based monitoring approach consists of two

main phases: model construction based on the anomaly-free training dataset, and

online anomaly detection of the testing dataset using the KNN-based monitoring

methods. In model identification, the objective is to find a suitable PCA model for

estimating the PCs space or its complementary part, the residual space (for anomaly

detection, the latter is critical). The main steps of the proposed PCA-KNN algorithm
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are summarized next.

I Phase 1: Model building

Step 1 Collect the training dataset (fault-free data), representative of a normal

situation.

Step 2 Scale the data to zero mean and unit variance.

Step 3 Construct PCA model based on the training data:

◦ Select the number of PCs to be kept in the PCA model by using CPV

procedure.

◦ Decompose the scaled matrix X as two complementary parts, the predictions

and residuals.

Step 4 Compute the control limits (parametric and nonparametric)of the PCA-

KNN statistic, Dα,p and Dα,np.

II Phase 2: Anomaly detection

Step 1 Pretreat the testing dataset by scaling with the mean and standard

deviation of the training data.

Step 2 Compute residuals and KNN distances.

Step 3 Declare a fault when the KNN statistic exceeds the control limits

previously computed using the training data, Dα,p and Dα,np.

2.2.2 Results and discussion

2.2.2.1 Data description

To validate the proposed data-driven soft sensor method, experimental investigations

are conducted, using historical records from the WWTP based in King Abdullah

University of Science and Technology located in Thuwal, Saudi Arabia (Figure 2.1).
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This plant is an advanced facility with a daily treatment capacity of 9500 m3. Since

water is precious throughout the region, all wastewater (stormwater, gray water, and

black water), as well as condensate load from KAUST campus and community, are

delivered online to the WWTP for water resource recovery. Treated wastewater is

used for irrigation, thus greatly reducing potable water demand and desalination

energy consumption of the university. Operators maintained daily measurements of

twenty-one variables as listed in Table 2.1. The obtained dataset contains seven years

(from Sep. 1st, 2010 to Sep. 1st, 2017) of daily observation over twenty-one variables

with few not available data (within 1%, 132 out of 63950) imputed by R package

Amelia [55].

Figure 2.1: a) Headwork of the WWTP at KAUST, Thuwal, KSA, b) vortex flow
grit chamber, c) sampling sites.

In this study, influent measurements, such as flow, temperature, pH, conductivity,

TSS, COD, NH3N, NO3N, BOD5, and Cl are measured daily by on-line sensors (IQ

SensorNet, https://www.ysi.com/IQSN2020). The IQ SensorNet is installed inside

the headwork and next to the sampling sites. The whole sensor instrument monitors

the water quality continuously and it is connected to the display panel and controller

for storing and executing all system settings. To use it, the probe (Figure 2.2(a)) is

dipped into wastewater after which physicochemical reactions took place, and signals

are passed from the probe through the cable to the display panel (Figure 2.2(b)).

The sensors have sensitivities of 0.01 L/min for flow, of 0.01 Celsius for temperature,



33

and of 0.01 mg/L for water quality parameters. The installed sensors are reported

to be used twice per day, and the probes within are renewed per two years. Others

ICs including TDS, CaHardness, MgHardness, TotalAlkalinity, Fat, Oil and Grease

(FOG), Total Kjeldahl Nitrogen (TKN), PO4P, and Boron are measured daily by

off-line analysis.

Figure 2.2: Multiparameter sensor capable of measuring and recording multiple
parameters simultaneously. (a) Multiparameter water quality sensors and (b) Display
panel of IQ SensorNet.

IMs can be sketched by descriptive statistics as given in Table 2.2. The distribution

of each parameter is captured by its mean value or the first order moment, while the

spread in the dataset is delineated by standard deviations, extremes, and quartiles.

Skewness and kurtosis are computed to exhibit symmetry and shape of the investigated

time series distributions.

The hierarchically-clustered heatmap based on Pearson correlation coefficients

reveals linear relationship and hierarchically closeness among variables [56]. Figure 2.3

shows that ICs parameters were ranked and segmented into five blocks by cutting

branches and positive relationships are evident compared to negative ones. Since pH
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Table 2.1: Monitored influent Measurements in KAUST WRRF.

No. Variable name Measurement scopes limit
1 InFlow-LS1 Wastewater inflow, from the whole campus area, in m3/day -
2 InFlow-LS8 Wastewater inflow, from a desalination plant, in m3/day -
3 InFlow-DP Wastewater inflow, recycled from WRRF itself, in m3/day -
4 InFlow-Total Wastewater inflow, from the whole university, in m3/day 2500-6000
5 Temp Temperature, in Celsius -
6 pH potential of hydrogen, unitless 6-9
7 Conductivity Conductivity, in µS/cm < 2850
8 TDS Total dissolved solid, in mg/L < 2000
9 TSS Total suspended solid, in mg/L < 312
10 CaHardness Calcium hardness, in mg/L -
11 MgHardness Magnesium hardness, in mg/L -
12 TotalAlkalinity Total alkalinity, in mg/L < 200
13 BOD5 5-day Biochemical Oxygen Demand, in mg/L < 264
14 COD chemical oxygen demand, in mg/L < 527
15 FOG Fat, oils and grease, in mg/L -
16 TKN Total Kjeldahl Nitrogen, in mg/L < 40
17 NH3N Ammonia, in mg/L < 25
18 NO3N Nitrate, in mg/L < 10
19 PO4P Phosphate, in mg/L -
20 Cl Chloride, in mg/L -
21 Boron Boron, in mg/L < 2.5

Table 2.2: Descriptive statistics of the training dataset.
mean std min 0.25 0.5 0.75 max skewness kurtosis

InFlow-LS1 3021.61 535.45 2228.00 2660.00 2851.00 3244.00 5249.00 1.33 1.89
InFlow-LS8 279.31 156.08 64.00 156.00 228.00 366.00 867.00 1.13 0.92
InFlow-DP 47.43 95.79 0.00 9.00 10.00 36.00 749.00 3.80 18.67
InFlow-Total 3512.92 611.00 2558.00 3036.00 3389.00 3853.00 5642.00 0.86 0.34
Temp 29.31 1.59 25.99 28.10 29.20 30.60 32.50 0.27 -0.85
pH 7.40 0.25 6.59 7.25 7.36 7.52 8.56 0.91 3.20
Conductivity 669.37 284.69 264.00 537.00 625.00 719.00 2466.00 3.19 15.37
TDS 459.48 209.08 174.00 363.00 429.00 492.00 1809.00 3.37 16.69
TSS 68.66 27.29 12.00 49.00 64.00 82.00 187.00 1.14 2.10
CaHardness 72.75 30.78 20.00 52.00 72.00 94.00 176.00 0.49 0.17
MgHardness 41.91 27.46 6.00 24.00 36.00 48.00 156.00 1.81 3.59
TotalAlkalinity 120.88 24.98 68.00 100.00 120.00 136.00 196.00 0.22 -0.33
BOD5 99.03 36.95 27.00 71.00 92.00 123.00 224.00 0.58 0.10
COD 152.99 61.83 42.00 102.00 157.00 189.00 329.00 0.50 -0.25
FOG 54.36 53.05 2.90 14.30 37.10 77.10 351.40 1.86 5.25
TKN 17.91 6.18 2.10 13.80 17.30 21.90 37.90 0.30 0.45
NH3N 11.84 4.10 0.94 9.30 12.00 14.50 23.60 -0.06 0.47
NO3N 4.17 1.68 0.10 2.90 4.20 5.10 9.80 0.49 0.47
PO4P 8.25 2.86 1.30 6.40 8.10 10.00 23.50 1.41 6.59
Cl 126.09 75.62 45.00 91.00 107.00 137.00 654.00 4.29 23.37
Boron 1.15 0.33 0.50 0.90 1.10 1.30 2.50 1.40 2.63

is a logarithmic value, it is relatively independent of others and only showed a weak

connection with the second ”Flow” block. The inflow from the whole campus area

contributed the majority of the inflow from the whole university, and both of them

showed a positive relationship with temperature, indicating higher water consumption

during hot seasons. Boron concentration is generally provided by the flow from a

desalination plant, which is another component of the total inflow.
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Figure 2.3: Hierarchically-clustered heatmap based on Pearson correlation coefficients
of the ICs variables.

Central in the matrix lies the third ”CNP” block, where carbon and nutrient

contents are included. Interestingly, total suspended solids is also found within, and

displayed a positive correlation with BOD5 or COD, implying organic composition.

In the fourth ”TDS” block encompassing conductivity and TDS, it can be inferred

that the inorganic ionic content is principally controlled by chloride and magnesium.

The fifth block contains ”miscellaneous” characteristics, in which the recycled inflow

is statistically independent, whereas alkalinity, calcium hardness, and FOG formed

a closer cluster. Besides, alkalinity and FOG also featured positive correlation with

the third ”CNP” block, while calcium hardness disclosed positive correlation with the

fourth ”TDS” block.
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2.2.2.2 PCA Modeling

The training data is autoscaled before building the PCA model. Here, we used CPV

to determine the number of PCs that explains at least 80% of the total variability in

the data. Seven PCs (capturing 80.01% of variance) are selected to build the PCA

model (See Figure 2.4).

The transformation matrix between variables and PCs is shown in Figure 2.4

as a heatmap, with variables ordered identically to the clustered correlation heatmap

(Figure 2.3). The highest loading is given by the first PC which accounted for 32.54%

of total dataset variance. As the dominant data pattern provider, it is related to the

”Flow” and ”CNP” blocks. The second PC explaining 17.55% of total variance is

found linked to the ”TDS” block and the calcium hardness. The third component

incorporated the ”Flow” and ”CNP” blocks. The fourth component involved the

”pH” and ”miscellaneous” blocks while the fifth one is majorly comprised of the

”miscellaneous” block. The sixth PC is notably influenced by the recycled flow and

pH. The seventh PC, as a fine-tuning part in PCA modeling, is influenced by all

blocks except the ”TDS” block.

Time series of typical variables from each block together with their predictions

produced by PCA modeling are given in Figure 2.5. Generally, the PCA reconstruction

by seven components reproduced the trends of 21 variables well and therefore justified

dimension reduction in this case and further application in anomaly detection. It

can be seen that the influent is weakly alkaline as a whole, whereas its pH may

reach over 9, forming a skewness equal to 0.91 from Table 2.2. The inflow from the

whole university is fluctuating annually, whose local maximum values are recorded in

summer but extreme values seen in winter or the raining season. Boron concentration,

as well as conductivity, are both leptokurtic and positively skewed, and their extreme

values may signify anomalies caused by pollution of seawater origin. Although the
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Figure 2.4: HeatMap of ICs and retained PCs.

BOD5 content showed a rising trend over the years, it is usually below 150 mg/L,

and the upper limit of 264 mg/L is rarely reached. The nitrate content, however,

has flagged anomalies by crossing 10 mg/L for certain times. Total alkalinity is also

oscillating annually, with a local maximum located in winter. Moreover, the limit of

total alkalinity at 200 mg/L has been exceeded many times since the average sits on

120 mg/L already.

2.2.2.3 Detection results

The testing dataset covers the period from May 15th, 2011, to September 1st, 2017,

and contains several real abnormal events such as seawater intrusion, discharge from

construction area over the limit, and hypochlorite dosage (see Table 2.3). Faults are

identified and reported by operators from the WWTP, based on the combination

of both downstream process performances and their judgments in practice. Due

to several intensive rainfalls and saline water intrusion into the lift station, several
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Figure 2.5: Historical observations and PCA predictions of typical ICs, (a) boron, (b)
conductivity, (c) total inflow, (d) BOD5, (e) pH, and (f) total alkalinity.
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variables were reported to be strongly skewed, producing anomalies identified by the

operators.

Table 2.3: Summary of abnormal events in KAUST WWTP.

Fault types Counts
Discharge from construction area 3
InFlow-Total (Rainfall) 5
Internal circulation 3
Lift station maintenance/flushing 2
Lime dumping from RO plant 9
NaOCl dosage 26
Others 6
pH over limit 9
Seawater Intrusion 45
TDS over limit 11
Total alkalinity over limit 36
Water supply shutdown 2
Total 157

In this section, the proposed PCA-based KNN soft sensor is compared with the

conventional PCA-based SPE, T 2, and residuals-based univariate soft sensors. For

PCA-based KNN approach, both Euclidean and Manhattan distances, are used to

measure the difference between a new sample and the normal training data. For

each soft sensor-based monitoring scheme, detection results are provided via both

parametric (p) and nonparametric (np) control limit. Moreover, the performance

of detection procedures is quantitatively compared using the following metrics: the

probability of detection or the True Positive Rate (TPR), the probability of false

alarm or the False Positive Rate (FPR), precision or the positive predictive value,

and the Area Under the Receiver Operating Characteristic Curve (AUC).

Firstly, it is shown in this case study that, PCA is competent in providing

acceptable approximations of data in reduced subspace and in decoupling the signal

variability from the noise variability. Moreover, it is demonstrated that significant

enhancement in the detection of abnormal events in ICs can be reached by using PCA-

based nonparametric UCLs instead of the parametric counterparts. The control limits

of parametric PCA-based SPE and T 2 charts are determined with the assumption
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Table 2.4: Performances of anomaly detection schemes.

Algorithm TPR FPR Precision AUC
PCA-KNNManh

np 0.882 0.067 0.931 0.908
PCA-KNNEucl

np 0.873 0.072 0.925 0.901
PCA-SPEnp 0.853 0.057 0.939 0.898
PCA-KNNManh

p 0.971 0.235 0.774 0.868
PCA-KNNEucl

p 0.951 0.237 0.771 0.857
PCA-T 2

p 0.657 0.059 0.928 0.799
PCA-T 2

np 0.402 0.005 0.969 0.699
PCA-Residualsnp 0.765 0.533 0.480 0.616
PCA-SPEp 0.196 0.001 0.964 0.598

that residuals are normally distributed, which is unreliable when applied to ICs (see

Table 2.5). From the Table 2.4, it can be seen that the conventional PCA-based

SPE, T 2 with high FPRs are unsuitable for monitoring ICs.

It can be noticed that the PCA-Residualsnp scheme fails in accurately detecting

abnormal events in the monitored IM data (see Table 2.4). PCA-Residualsnp scheme

is based on a joint detection method comprised of several non-parametric univariate

schemes, where each scheme is inspecting a single process variable, and the joint

anomaly detection scheme provides a signal of potential anomalies when at least one

individual monitoring scheme detects an anomaly. When looking at multivariate

data, this approach ignores the interaction between correlated variables and therefore

results in a misleading analysis.

From Table 2.4, non-parametric T 2 exhibits poor anomaly detection performance

with high missed detection rate (i.e., TPR=0.402 and FPR=0.005). This result is

expected because T 2 scheme detects changes in the principal components space which

already possess the majority of total variance in contrast to residuals. In other words,

the control limit defined by T 2 is large and moderate anomalies cannot be detected.

As shown in Tables 2.4, the detection efficiency is greatly enhanced by using the

proposed PCA-KNN approach. This fact is due to the flexibility of PCA and the

sensitivity of KNN algorithm to small changes in the features. KNN is intuitive
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and straightforward in implementation and computation complexity and provides a

non-parametric approach without assumptions about data distribution or convexity.

Another advantage is that when KNN is applied for unsupervised learning, the

number of clusters is not required and it is robust to the sequence of input. Furthermore,

KNN can handle large dataset with high dimensionalities while keeping robustness to

noise. All of the above merits endorse the outperforming of PCA-KNN methods.

In summary, the conventional parametric PCA-based charts provide unsuitable

detection performance for the assumption that process variables follow a multivariate

normal distribution is not satisfied. This can be confirmed by both skewness and

kurtosis of data or statistics as shown in Table 2.2 and Table 2.5. Compared to

other statistics, KNN distances reserved stronger capacity to represent the dataset

and support efficient detectors when normality assumption is violated.

Table 2.5: Descriptive statistics of SPE, T 2, Manhattan and Euclidean KNN
distances.

2.2.2.4 Anomaly analysis, diagnosis and detector comparison

by RadViz

To assist fault diagnosis, anomalies are analyzed via RadViz plot, an intuitive tool in

high dimensional data exploration. Until recently, RadViz plot has not been utilized

in fault analysis or diagnosis. RadViz was developed to directly explore and interpret

complex high dimensional datasets such as stock exchange trends or microarray data

via 2D projection. RadViz combines the advantages of projection methods, reducing

the dimensionality, with that of scatterplots, where the value of each point can be

inferred from the distance to the axis. In RadViz, original attributes on ICs are set
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as ordered dimensional anchors around the circumference of a circle, and observed

points are plotted on the interior such that attributes with higher values obtain higher

weights, increased attraction, and shorter distances from corresponding anchors [57].

In this study, to enable visualization and interpretation of detected multidimensional

anomalies, R package RadViz with an optimized ordering of anchors is employed [57].

In Figure 2.6, datasets are shown by RadViz plot with their scores on principal

components set as anchors and categories marked by shapes and colors. Proximal

observations hinted similar pattern, and exterior records signified potential problems

of their nearby attributes [57]. The simplification derived from dimension reduction

by PCA and the visualization by radial scatterplot are combined here, which together

with prior knowledge of PCs composition from Figure 2.4, enabled faults interpretation.

Gray points of normal operating conditions are generally scattered in the central area,

while various anomalies surrounded them from the second to the sixth PCs in a ’V’

shape manner. Anomalies caused by ”discharge from construction area” and ”TDS

over the limit” were closer to the second and third anchors, exactly matching their

roles as ”TDS” and ”Inflow” block-indicators. Rainfall, internal circulation, and lift

station flushing let their records closer to the ”Inflow” and the fifth pillar, one that’s

related to FOG and recycled flow. Events including ”lime dumping from Reverse

Osmosis (RO) plant”, ”pH over limit”, ”total alkalinity over limit” and ”water supply

shutdown” were accumulated towards the sixth ”pH” PC, and affected by the second

”TDS” anchor as well as the fourth ”pH, alkalinity and calcium hardness” anchor.

Interestingly, ”seawater intrusion” points were diverged into two locations, either

joining ones with ”TDS over the limit” or ones with ”total alkalinity over the limit.”

The dosage of sodium hypochlorite seems to raise complex consequences along the

”V,” or they might be concurrently happening instead of being the causation.

The RadViz plot can also be adopted for the visualization of soft-sensor performances

and detailed illustration of Table 2.4, as implemented in Figure 2.7. The nonparametric
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Figure 2.6: RadViz of true anomalies.

KNN soft-sensor achieved the best balance between precision and sensitivity, perceiving

the most anomalies and the least false alarms, with some miss on the ambiguous

”sodium hypochlorite dosage” and ”seawater intrusion.” The nonparametric SPE

soft-sensor output worse results on events like ”sodium hypochlorite dosage,” ”alkalinity

over the limit,” ”rainfall” and ”alkalinity over the limit.” The parametric T 2 soft-

sensor, though performed better than its nonparametric counterpart as shown in

Table 2.4, played worst in comparison, showing unsatisfying outcome on ”sodium

hypochlorite dosage” and ”alkalinity over the limit” and triggering most false positives.

2.3 ICs monitoring using KPCA and OCSVM approach

To further address the non-linearity, we would propose an effective monitoring strategy

merging the desirable characteristics of KPCA modeling with an unsupervised OCSVM

scheme to distinguish normal from abnormal measurements in this section. In this

regards, KPCA was used to account for non-linearities in the multivariate ICs data.

KPCA may discover relevant patterns in the data by transforming problems into

higher dimensions via kernel functions, enabling non-linear relationships to be revealed

as approximately linear. OCSVM may quantify the dissimilarity between normal



44

Figure 2.7: RadViz of detector performances, including KNNManh
np , SPEnp, T 2

p , and
Residualsnp. TP, FP, FN, and TN are respectively true positive, false positive, false
negative and true negative metrics.

and abnormal nonlinear features for detection without making assumptions on the

underlying data distribution. Tests on real ICs data from a local coastal municipal

WWTP showed the effectiveness of the proposed approach. Exploratory data analysis

with data visualization were involved in uncovering and interpreting historical influent

behaviors.
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2.3.1 Methodology

2.3.1.1 Linear and kernel principal components analysis models

This section provided an overview of the linear PCA and the derived KPCA models.

2.3.1.1.1 Linear PCA model Principal Components Analysis, as a dimension

reduction approach, was a popular modeling framework to learn crucial features

from multivariate data. By projecting the process variables into lower-dimensional

subspace, PCA enabled revealing the inherent cross-correlation among process variables [45].

Let us consider X =
[
xT1 , . . . ,xTn

]T
∈ Rn×m be a scaled data matrix of recorded

inflow conditions with n observations and m variables. Based on the PCA model,

the data matrix X can be expressed as a sum of the approximated matrix, X̂, and

residual data, E.

X = TWT =
k∑
i=1

tiwT
i +

m∑
i=k+1

tiwT
i = X̂ + E (2.13)

where T ∈ Rn×m represented a matrix of the principal components (PCs) and

W ∈ Rm×m was the loading matrix. In the presence of cross-correlation, the original

multivariate data X could be sufficiently preserved and approximated by the first ’k’

PCs (where k < m). One necessary step here was to select the number of PCs. For

this purpose, the cumulative percentage variance procedure was adopted due to its

simplicity and accuracy.

The loading matrix was frequently calculated using singular value decomposition

of the covariance matrix S of the design matrix X:

S = 1
n− 1XTX = QΛQT with QQT = QTQ = Im (2.14)

where Λ = diag(λ1, . . . , λm) = diag(σ2
1, . . . , σ

2
m) was a diagonal matrix with eigenvalues
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of S filled in decreasing order. The eigenvalue λi was equal to σ2
i , the variance of the

corresponding i-th PC ti.

2.3.1.1.2 KPCA model Kernel PCA, as an extension of the linear PCA with

kernel tricks, allowed learning and revealing of nonlinear relationships among process

variables. This non-linear dimension reduction algorithm was applied to feed further

one-class SVM scheme, aiming at improved fault detection performance over traditional

linear PCA-based monitoring methods. Core principles were sketched in Figure 2.8.

By KPCA, firstly the input space was transformed via nonlinear mapping into a

high-dimensional feature space, in which data were more linear. Then for dimension

reduction, principal components were extracted by applying kernel tricks with inner

products of nonlinear functions. Hence, procedures from linear PCA could be largely

inherited, and nonlinear optimization with high computation cost was saved. Moreover,

hyper-parameters were less involved here compared to other nonlinear methods such

as artificial neuron networks where architecture designing could be empirical or metaphysical.

Figure 2.8: Space mapping in KPCA.

Let us consider the original training dataset x1,x2 . . . ,xn ∈ Rm, where n was

the sample number, m was the number of process variables. The feature space was

constructed by using a nonlinear mapping: Rm Φ(•)−−→ Fh, where Φ(•) was a nonlinear

mapping function and h, as a huge positive integer, was the dimension of the feature

space. Similar to PCA, the covariance matrix in the feature space F, ΣF could be
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calculated as:

ΣF = 1
n

n∑
i=1

[
Φ(xi)−mΦ

][
Φ(xi)−mΦ

]T
(2.15)

where mΦ = ∑n
i=1 Φ(xi)/n was the sample mean in the feature space. Let Φ(xi)

denote a mapped point after centering with the corresponding mean as Φ(xi) =

Φ(xi)−mΦ. To find the principal components, we solved the eigenvalue decomposition

problem in the feature space such that:

λv = ΣFv = 1
n

n∑
i=1

[
Φ(xi)Tv

]
Φ(xi) (2.16)

where λ and v denote eigenvalue and eigenvector of the covariance matrix ΣF, respectively.

By multiplying Φ(xj) from left in Eq.(2.16), and defining the kernel matrix K or

K ∈ Rn×n such that:

K(xi,xj) = Φ(xi)TΦ(xj) (2.17)

K(xi,xj) = Φ(xi)TΦ(xj) (2.18)

K = K−KE− EK + EKE (2.19)

together with α ∈ Rn to span the kernel PCs by feature space training samples,

satisfying:

v =
n∑
i=1

αiΦ(xi) (2.20)

Then the eigenvalue decomposition problem was reformed as [58]:

nλα = Kα (2.21)

The eigenvectors identified in the feature space F, namely nonlinear kernel PCs,
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would characterize nonlinear processes. Since the number of eigenvectors was the

same as the number of samples, it was multiple times more than the number of linear

PCs that could be offered by the conventional PCA.

Various kernel functions were available in literature [59], including polynomial

kernels:

K(xi,xj) = 〈xi,xj〉d, d ∈ Z+ (2.22)

cosine kernels:

K(xi,xj) = 〈xi,xj〉
‖xi‖ ‖xj‖

(2.23)

and RBF:

K(xi,xj) = e−
‖xi−xj‖

2

2δ2 = e−γ‖xi−xj‖2 , γ ∈ R+ (2.24)

where 2δ2 = 1
γ

was the width of the Gaussian kernel.

2.3.1.2 The proposed KPCA-based OCSVM models

2.3.1.2.1 OCSVM models One-class support vector machine was an unsupervised

machine learning classifier and a special case of multi-class SVM. OCSVM learned

decision rules from anomaly-free data, and then applied to classify new test data

as either comparable or different from the learned anomaly-free case [60]. OCSVM

would project the input data via kernel functions into a high dimensional space where

a hyper-plane could be built for classification. This transformation permitted the

projected data to be relatively linear, which made it easier to categorize. To infer

the properties or features of normal cases, the pre-defined hyperplane would help to

perform classification, where the decision function, f(x) would determine whether a
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new observation lies within the hyperplane side as inliers (normalcies, f(x) = +1) or

outliers (abnormalcies, f(x) = −1).

We let x1, . . . , xj ∈ D and j ∈ [1, k] be the training dataset. OCSVM mapped

input data into the high-dimensional feature space F via kernels such as the RBF

(Eq. 2.24). As illustrated in Figure 2.9(a), the decision rule f(x) aimed to maximize

the Euclidean distance between the origin and the separating hyperplane H, which

separated the training data in the features space F . Therefore we have the objective

function f(x) expressed as:

f(x) = sign(〈w, Ψ(x)〉 − ρ) (2.25)

where w, ρ and Ψ represented respectively a weight vector, an offset, and a feature

mapping D → F . Here, W and ρ could be determined by solving the following

quadratic optimization problem.

min
w∈F,ξ∈Rl,ρ∈R

1
2‖w‖

2 + 1
νl

l∑
i

ξi − ρ, (2.26)

s.t.〈w, Ψ(x)〉 ≥ ρ− ξi, ξi ≥ 0,

where ν ∈ [0, 1] represented the parameter that defined the solution.

For illustration purpose, a simplified SVM classification was plotted in Figure 2.9(b),

where an SVM was built based only on the first two PCs for ICs classification. The

diverging color reflected model prediction. Normal conditions as in triangles were

intensely centered around the bottom left red corner. Anomalies as in circles were

generally outside the red region and scattered among blue areas. The white band

around zero delineated decision boundaries formed in this model. The capability of

SVM to tackle nonlinearity by forming nonlinear hyperplanes via kernel functions

could be witnessed.
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Figure 2.9: (a) OCSVM. The hyperplane was formed amid two classes, with
maximized distance from the origin; (b) Simplified SVM for illustration, predicting
anomalies from only first two PC scores, trained by RBF kernels. Support vectors
functionally affecting the decision boundaries were marked solid while trivials were
hollow.

2.3.1.2.2 KPCA-OCSVM for enhanced nonlinear ICs monitoring The

proposed KPCA-based OCSVM approach for detecting abnormal changes in multivariate

IC time-series was briefly described in this section and illustrated in Figure 2.10.

KPCA possessed simplicity and capability to extract relevant features in multivariate

time series data appropriately, and therefore was considered as an efficient approach

for capturing important features in high-dimensional nonlinear processes. Features

(loadings on PCs) extracted from multivariate IC time series by KPCA could be

offered to train OCSVM in an unsupervised manner, which would further tackle

nonlinear and non-Gaussian properties flexibly, for not assuming any distribution of

the underlying data. By introducing radial basis kernel function in the projection of

OCSVM, we could access nonlinear hyperplanes as decision boundaries to differentiate

between normal observations and anomalies.

In the proposed approach, we expect the KPCA would sufficiently learn and

accurately describe the anomaly-free-only multivariate time series, the training IC

dataset, and produce scores enabling the training process of OCSVM. Then the
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OCSVM would sensitively and specifically capture the presence of anomalies in the

testing IC dataset. Several kernel functions were examined with different numbers of

PCs in the KPCA step, while OCSVM was trained using the most popular flexible

RBF kernel with fixed ν = 0.01 and γ = 0.1 in all scenarios. By connecting the

two models, we hypothesized the original non-Gaussian, linearly inseparable influent

conditions data could be treated well.

Figure 2.10: KPCA-OCSVM for improved nonlinear process monitoring.

2.3.2 Results and discussion

2.3.2.1 Explorative analysis and visualization of a historical

multivariate ICs dataset

To verify the hypothesis, one dataset from full-scale WWTP was engaged for training

and testing. In this dataframe, operators have kept seven-years records of twenty-one
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variables including various flow quantity and water quality values. Measurements

were performed on samples taken from the headwork of WWTP in order to maintain

compliance with local regulations and standards (Figure 2.11). The monitored plant

was receiving municipal wastewater, which was representative of cases in the literature.

Though maintained with laborious effort and duly examination by local technicians,

more than a hundred abnormal influent conditions were not detected. All those

anomalies have caused negative effects on the process due to various reasons as

reported by the practitioners, which let the classification and soft sensing research

feasible and necessary. R package Amelia was imported to impute a few missing data

(132 out of 63950, less than 1%) during the preprocessing step [55]. To explore the

dataset, descriptive analysis and visualization were conducted, during which RStudio

with R packages (kernlab, cluster, factoextra, ggplot2, ggTimeSeries, gplots) were

employed [61, 62, 63, 64, 65, 66, 67].

(a) (b)

Figure 2.11: (a) Overview of the wastewater treatment plant; (b) Fine screen inside
the headwork, where influent was filtered.

To facilitate visualization, anomaly-free-only dataset grouped by CLARA algorithm

was further played together with PCA, as shown in Figure 2.12(a) with unit aspect

ratio. Normal ICs were clustered to five typical classes by which similar ICs were

grouped within each category and hence could be represented by their corresponding
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(a) (b)

Figure 2.12: (a) Scatterplot of the dataset via PCA and clustering large applications
(CLARA) algorithm; (b) Calendar plot of temporal CLARA result.

medoid. ICs of each medoid and the average values of anomalies were shown in

Table 2.6. Clustered data were further submitted to PCA via which scores on the

first two PCs were plotted. It was shown in the axes of Figure 2.12(a) that the

first two PCs from linear PCA accounted for only around 40% variation, implying

the high dimensionality and complexity of the dataset. The envelope or outline of

all 2401 normal ICs as a whole was far from the elliptical shape, demonstrating the

non-Gaussian characteristic. Though not separated well in the PCA plot, the fifth

cluster was located distinctly from others, which could be attributed to their high

conductivity, TDS, magnesium hardness, chloride content but low FOG and nitrate

as listed in Table 2.6.

To investigate temporal behavior, the calendar plot in Figure 2.12(b) was employed,

where entries from the ICs were sequentially vertically aligned, circulated by weeks

and months, and colored according to their clusters. Interestingly, clusters showed
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temporal agglomerative behavior. The first cluster was popular from 2011 to 2013,

especially from June to October. Later on, the second cluster replaced the first

cluster from 2014 to 2016 - both of the above represented typical cases in summer.

The third cluster presented from 2012 to 2017, primarily from November to April,

could represent cases in winter. The fourth cluster was intensively concentrated in

2011 from February to June, and surrounded most of the anomalies, with least inflow

compared to others. At the beginning of 2012, there was a gathering of consecutive

anomalies that were recorded as ’total alkalinity over the limit’ by the operators. Such

agglomerative phenomenon (i.e., lack of complete randomness in different variables

on different dates) reflected the existence of non-Gaussian, non-stationary, auto-

correlated (seasonal recurrent), cross-correlated, and heteroskedastic characteristics

in environmental datasets.

Table 2.6: Descriptive statistics of medoids.

Cluster Anomaly Medoid 1 Medoid 2 Medoid 3 Medoid 4 Medoid 5 Explanation

WWQI 53.04 56.63 56.29 54.67 48.73 57.58 Wastewater quality index
InFlow-Total 4184.17 4207.00 4716.00 4385.00 3300.00 4403.00 Inflow, total, in m3/day

InFlow-LS1 3810.23 4048.00 4471.00 4153.00 3062.00 4180.00 Inflow, municipal, in m3/day
InFlow-LS8 227.55 148.00 212.00 185.00 227.00 145.00 Inflow, from a desalination plant, in m3/day
InFlow-DP 50.01 11.00 33.00 47.00 11.00 51.00 Inflow, recycled from WWTP itself, in m3/day

Temp 29.53 32.03 30.55 28.65 30.40 31.73 Temperature, in Celsius
pH 7.91 7.31 7.48 7.36 7.28 7.36 Potential of hydrogen, unitless

Conductivity 1574.20 568.00 852.00 808.00 568.00 1577.00 Conductivity, in µS/cm
TDS 1102.36 382.00 582.00 547.00 381.00 1104.00 Total dissolved solid, in mg/L
TSS 68.65 42.00 81.00 79.00 63.00 61.00 Total suspended solid, in mg/L

CaHardness 101.76 52.00 48.00 56.00 64.00 64.00 Calcium hardness, in mg/L
MgHardness 96.15 28.00 32.00 24.00 28.00 88.00 Magnesium hardness, in mg/L

TotalAlkalinity 187.79 92.00 108.00 136.00 120.00 128.00 Total alkalinity, in mg/L
BOD5 97.72 65.00 110.00 134.00 96.00 107.00 5-day biochemical oxygen demand, in mg/L
COD 153.39 93.00 155.00 194.00 173.00 164.00 Chemical oxygen demand, in mg/L
FOG 31.14 22.90 11.40 11.40 80.00 5.70 Fat, oils and grease, in mg/L
TKN 14.67 12.40 14.30 17.60 16.80 15.80 Total Kjeldahl nitrogen, in mg/L

NH3N 9.08 7.90 9.80 13.00 10.60 12.00 Ammonia nitrogen, in mg/L
NO3N 4.76 2.90 2.60 2.80 4.30 1.50 Nitrate nitrogen, in mg/L
PO4P 10.72 9.50 4.70 9.90 7.80 5.40 Phosphate phosphorus, in mg/L

Cl 369.88 94.00 157.00 130.00 82.00 353.00 Chloride, in mg/L
Boron 1.95 0.90 1.20 1.10 1.00 1.10 Boron, in mg/L

To summary ICs as univariates, Wastewater Quality Index (WWQI) given by [38]

was introduced, of which higher values represented better qualities. Calendar plot

of WWQI was displayed in Figure 2.13. WWQI of medoids and the averaged value

of anomalies were listed in Table 2.6. A significant low WWQI region was observed

in 2011, coinciding with the fourth cluster, whose medoid owned WWQI even lower

than anomalies. The fifth medoids showed highest WWQI. ICs in summer (first and
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Figure 2.13: Calendar plot of temporal wastewater quality index.

second cluster) possessed higher WWQI than ICs in winter (third cluster). Probably

higher usage of water in summer inflated the inflow and diluted its pollutant contents

to some extent. The methods above supported efficient analysis of ICs and yielded

concise information. Moreover, practitioners could gain experience by understanding

such visualizations. They would be vigilant during the winter or when the second

cluster appeared, since the conditional probability of anomaly was higher in those

cases.

By further examining Table 2.6, it was exhibited that anomalies averagely had

smaller WWQI and lower temperature as expected, since abnormal events were

observed more in winter and were related to worse influent qualities. Moreover, they
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were reported to exhibit high pH, conductivity, TDS, calcium hardness, magnesium

hardness, total alkalinity, nitrate, phosphate, chloride, and boron contents. Such

phenomena coincided with reports from local operators that, majority anomalous

events occurred in this western-coastal-desert municipal WWTP were brackish/saline

water intrusion, whether from groundwater surrounding lift pump station, from upstream

desalination plant emergent discharge, or from rare rainfall streamflow.
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Figure 2.14: Double hierarchical clustered heatmap with density plot.

To show relationships among measured variables and temporal records, double

hierarchical clustered heatmap with density plot based on quarterly averages were

delineated in Figure 2.14. Z scores were normalized values calculated by row averages

and summarized as probability density distribution via kernel density estimation, as

shown in the density plot. Though quarterly averages were taken for smoothing,

summary, and visualization, asymmetric unimodal distribution with positive skewness

and positive kurtosis was evidently observed. This point coincided with the previous
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PCA plot to imply extreme non-Gaussian property of this environmental dataset.

Temporal records were reordered in columns by clusters. Similar to the CLARA

results, the unique year 2011 was isolated from others.

Measured variables were reordered in rows by clusters. Similar palette composition

in rows signified positive correlations, while the reverse for negative ones. The inflow

from lift station one clearly contributed the majority of total inflow. The inflow from

lift station eight (connected to a desalination plant) was shown negative to chloride,

chemical oxygen demand, and biochemical oxygen demand, and alkalinity, but its

trend was similar to boron contents. This showed utterly different compositions of

industrial discharge and municipal wastewater in our case. The inflow from WWTP

inside (’Inflow DP’) was shown closer to hardness and suspended solids, probably

due to chemicals dosed for membrane cleaning and sludge processing events. The

temperature was displayed moving negatively to almost all water quality variables

but positively to major municipal water quantity variables, which confirmed previous

statements on seasonal wastewater qualities and flow quantities. The overall agglomerative

phenomenon demonstrated the non-linear, non-Gaussian, non-stationary, auto-correlated,

cross-correlated, and heteroskedastic characteristics. Those empirical historical observations

would challenge traditional regression techniques that were typically requiring linear,

independent (no autocorrelation or multicollinearity), homoskedastic, and Gaussian

distributions. Therefore, versatile preprocessing treatment of environmental data

such as kernel techniques could be promising.

2.3.2.2 Detection performance of the proposed KPCA-OCSVM

approach

To assess quantitatively the detection efficiency of the proposed procedures, the

following metrics were employed: TPR (or recall), FPR, AUC, accuracy, precision,

and F1Score. A confusion matrix with equations for frequently visited metrics in
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assessing classification algorithm performances was summarized in Figure 2.15. Detection

results were delineated in Figure 2.16 in time series. Derived performance metrics

were computed and listed in Table 2.7. Previous research on PCA-based methods

(Table 2.8) were revisited as comparison[7]. Since previously we defined normal/abnormal

as +1/− 1, consistently here they were taken as positive/negative classes.
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TPR	=	Recall	=	TP/(TP+FN)
FPR	=	FP/(FP+TN)
Accuracy	=	(TP+TN)/(TP+TN+FP+FN)
Precision	=	TP/(TP+FP)
F1Score	=	2TP/(2TP+FP+FN)

Figure 2.15: Confusion matrix and associated performance metrics in this study.

For series in Figure 2.16, true positives were in green circles, representing normal

ICs that were classified as normal, trivial cases. False negatives were in blue down

triangles, representing normal ICs that were classified as abnormal, raising false-

alarms, and would cause unnecessary operating costs. True negatives were in yellow

diamonds, representing successfully captured abnormalities. False positives were in

red squares, representing missed detection, were most dangerous and may lead to

system failures. Therefore, from model evaluation aspect, we were expecting no red

squares, less blue triangles, or as numerically in Table 2.7, minimized FPR, higher

TPR, AUC, accuracy, precision, and F1Score.

In Table 2.7, various kernels for KPCA were compared with increasing numbers

of PCs. With more PCs, the anomaly-free training dataset would be learned and

approximated more precisely. However, excessive PCs would over-express the original

dataset and lead to ill-structured classification problem for later OCSVM processing.

Thereby with rising counts of PCs, generally both TPR and FPR would rise, while

precision would fall. AUC, as a weighted combination of TPR and FPR, together
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(a)

(b)

(c)

Figure 2.16: Anomaly detection results of KPCA-OCSVM algorithms. KPCA kernels
were selected as (a) polynomial, with 5 PCs; (b) cosine, with 5 PCs; (c) RBF, with
40 PCs.

with F1Score as the harmonic mean of TPR and precision, showed optimal maximum

values when tuning. With polynomial KPCA, perfect detections were displayed with

around 10 PCs, showing stronger abilities to learn the training dataset. Cosine

KPCA showed comparable performance with 15 PCs. RBF KPCAs were similarly
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Table 2.7: Anomaly detection performance of KPCA-OCSVM algorithms with
various kernel functions and different numbers of selected PCs in the KPCA.

Kernel num.PCs TPR FPR AUC Accuracy Precision F1Score

Poly 5 0.9991 0.0000 0.9995 0.9991 1.0000 0.9995
Poly 10 1.0000 0.0000 1.0000 1.0000 1.0000 1.0000
Poly 15 1.0000 0.0000 1.0000 1.0000 1.0000 1.0000
Poly 20 1.0000 0.0097 0.9951 0.9996 0.9995 0.9998
Poly 25 1.0000 0.0467 0.9766 0.9978 0.9977 0.9989
Poly 30 1.0000 0.0727 0.9636 0.9965 0.9964 0.9982
Poly 40 1.0000 0.1570 0.9215 0.9917 0.9914 0.9957

Cosine 5 0.9717 0.0000 0.9859 0.9722 1.0000 0.9857
Cosine 10 0.9852 0.0000 0.9926 0.9857 1.0000 0.9926
Cosine 15 0.9955 0.0108 0.9924 0.9952 0.9995 0.9975
Cosine 20 0.9982 0.0200 0.9891 0.9974 0.9991 0.9986
Cosine 25 0.9982 0.0200 0.9891 0.9974 0.9991 0.9986
Cosine 30 0.9982 0.0200 0.9891 0.9974 0.9991 0.9986
Cosine 40 0.9982 0.0200 0.9891 0.9974 0.9991 0.9986

RBF 5 0.9565 0 0.9783 0.9566 1 0.9778
RBF 10 0.9826 0.0308 0.9759 0.9822 0.9991 0.9908
RBF 15 1 0.1639 0.9180 0.9913 0.9909 0.9954
RBF 20 0.9594 0.0000 0.9797 0.9596 1.0000 0.9793
RBF 25 0.9636 0.0000 0.9818 0.9639 1.0000 0.9815
RBF 30 0.9696 0.0000 0.9848 0.9700 1.0000 0.9846
RBF 40 0.9883 0.0130 0.9877 0.9883 0.9995 0.9939

poor with fewer PCs but functioned better with more, which would involve intensive

computation or potential overfitting and thus not suitable for online process monitoring

or knowledge sharing among different WWTP ICs.

By comparison between Table 2.7 and Table 2.8, we could conclude that the

nonlinear attribute of the dataset was generally better learned by the proposed kernel

approaches than directly applying traditional PCA-based methods. Though KNN was

applied as a local lazy learning algorithm in PCA-KNN to tackle nonlinear behavior

and outperformed other counterparts, outputs from PCA were not sufficiently revealing

data nature. Probably the data nature was nonlinear to some extent and could be

explained better by polynomial KPCA and summarized by RBF-based OCSVM than

linear PCA, but not ”too” nonlinear that undermined outcomes would arrive when

applying RBF in KPCA.
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Table 2.8: Anomaly detection performance of PCA-based algorithms, from prior
research. PCA reconstructions formed statistics including univariate residuals,
squared prediction error (SPE), T2, and K-nearest neighbor distances (Euclidean
or Manhattan), for which parametric/nonparametric thresholds were set to detect
anomalies.

Methods Thresholds TPR FPR AUC Accuracy Precision F1Score

PCA-KNN Eucl-np 0.9277 0.1275 0.9001 0.9253 0.9937 0.9596
PCA-KNN Eucl-p 0.7627 0.0490 0.8569 0.7711 0.9970 0.8643
PCA-KNN Manh-np 0.9332 0.1176 0.9078 0.9309 0.9942 0.9627
PCA-KNN Manh-p 0.7650 0.0294 0.8678 0.7741 0.9982 0.8662
PCA-Residual np 0.4673 0.2353 0.6160 0.4805 0.9772 0.6322
PCA-SPE np 0.9432 0.1471 0.8981 0.9392 0.9928 0.9674
PCA-SPE p 0.9991 0.8039 0.5976 0.9635 0.9640 0.9812
PCA-T2 np 0.9950 0.5980 0.6985 0.9687 0.9729 0.9838
PCA-T2 p 0.9409 0.3431 0.7989 0.9283 0.9834 0.9617

With proper training adopting local data, the proposed data-driven KPCA-OCSVM

models could sufficiently learn and approximate nonlinear, non-Gaussian, non-stationary,

auto-correlated, cross-correlated, and heteroskedastic features from anomaly-free local

WWTP ICs data by KPCA, then effectively identify real anomalies from the test

dataset with competitive performances by OCSVM, in contrast to previous linear

PCA-KNN algorithms. Kernel techniques successfully improved model outcomes

with limited increase in computation cost or model complexity. Without assuming

the underlying data structure, the investigated flexible environmental data science

approach could be transferred, rebuilt, and tuned for ICs from different WWTPs.
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Chapter 3

Forecasting of energy consumption and related factors

3.1 Backgrounds

The modern water sector is receiving its fourth revolution, which demands innovative

water conservation technologies and closed water loops [68]. One promising solution

is from the WWTP, where wastewater is not only minimizing aqueous pollution

by maximizing reclaimed water and nutrients but also offering voluminous data [69].

Concurrently, the introduction of artificial intelligence brings a digital transition to the

water sector, which will change the role and performance of infrastructure services [70,

71].

Membrane bioreactor is a promising solution to the water scarcity in water-

stressed regions such as the middle east. MBR effluent is of hygiene quality, which

allows for irrigation or potable reuse. Involving pretreatment, aeration, pumping,

and membrane filtration, WWTPs with MBR installed are energy-intensive, which

asks for adequate energy consumption monitoring as well as accurate forecasting soft-

sensors [11, 72]. However, until recently, limited information is reported on energy

consumption soft-sensors for plant-scale MBR in the middle east.

Previously, kinetic models together with simulated data are developed and proposed,

providing good solutions in constructing the complexity of the activated sludge processes

and in forecasting the biological treatment efficiencies. Though offering promising

results, they demand expert knowledge of various systems and subsystems. Besides,

they are case-specific and heavily conditional on the design of WWTPs, which restricted
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their generalization.

The modeling of energy consumption related soft-sensors is challenged by the

complex composition of incoming wastewater and the convoluted physical, biological,

physio-chemical mechanisms of treatment systems, as well as the non-linear, dynamic,

and periodic nature of environmental systems. It is reported in the literature that

around 25− 40% of operating costs are defrayed for energy consumption [73, 74, 75].

Several studies have been focused on analyzing wastewater energy consumption and

efficiency [74]. For instance, a multi-step approach has been introduced to evaluate

WWTP energy efficiency in Italy, together with suggestions on improving energy

efficiency [75]. A method based on non-radial data envelopment analysis is proposed

to compute energy efficiency metrics to several WWTPs in Spain [76]. A gray model

is introduced to forecast WWTP discharge and energy consumption in China [77].

To obtain more accurate information about the operational evolution of complex

processes, additional hardware sensors can be installed to the process components.

However, this will lead to additional costs, extra space for sensors installments, as

well as calibration and maintenance of installed sensors. As an alternative, soft

sensors (or virtual sensors) use analytical redundancy underlying relations between

the measured process observations to estimate unmeasured or expensive-to-measure

process variables. Nowadays, data-driven soft sensors-based methods are becoming

more popular. Among existing soft sensors, traditional soft sensors based on time-

series models are the most widely used ones [76]. Parametric models, such as the

auto-regressive model and its variants can achieve a reasonable performance when

time-series data shows regular variations, but they may provide unsatisfactory forecast

accuracy when the time series have irregular variations. To bypass this limitation,

researchers developed non-parametric models. Radial basis function neural networks

and multi-variable linear regression soft-sensors are applied to forecast energy consumption

in WWTP. In addition, fuzzy clustering algorithm is applied to categorize the data
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and analyze the correlation between energy consumption and impact factors [8].

Neural networks and random forest were combined to model energy cost in WWTP.

It has been shown that these flexible machine learning soft-sensors may outperform

the traditional linear regression models. Aside from theory-based science approaches

(i.e., applying mechanistic models or empirical knowledge), nowadays the modeling

methodologies using theory-free data-driven soft-sensors are gaining more attention [23].

In recent years, with the development of deep learning models, several methods

have been introduced to improve the forecasts of time-series data in different domain

applications [78]. Deep learning models can be obtained by concatenating multiple

layers into the neural network structures [79, 80], which enables them to automatically

extract relevant information from voluminous dataset with limited human instruction [81].

Until recently, few studies have explored the deep learning technologies in the prediction

of wastewater treatment characteristic parameters. Since the methodology has successfully

reshaped multiple research areas including smart city and urban computing, it should

be considered to advance the forecasting models in WWTPs. For instance, Dairi et

al. considered the one-class support vector machine, combined with deep learning

methods to detect influent measurements that affect treatment units states of WWTP [78].

They used Recurrent Neural Network (RNN) based model to learn time-dependent

and extract relevant features from multivariate time series, and applied a OCSVM

algorithm to detect abnormal events in influent measurements (e.g. seawater intrusion,

water supply shutdown, discharge from construction area, and lift station maintenance/

flushing). Bhattacharjee et al. used an RNN-based approach for predicting BOD and

nitrate [82]. This study is conducted based on a single source of inlet water and a

relatively stable inlet water quality. Chaabouni et al. constructed a method based on

a convolution network-based model to predict visual saliency in videos [83]. Results

highlight the satisfying prediction performance and the highly dynamic content of

the model. Wang et al. applied an integrated LSTM algorithm to identify water
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pollutants properties and to trace industrial point sources of pollutants [84].

In this chapter, we would bring a study on forecasting of WWTPs related features.

Accurate and efficient forecasting approaches would support operational mode optimization

and electric power budgeting.

3.2 Forecasting related key features in WWTPs

In this section, we would build deep learning forecasting models as soft-sensors for

wastewater treatment key features, including influent flow, influent temperature,

influent BOD5 concentration, effluent chloride concentration, effluent BOD5 concentration,

and power consumption during the treatment. Inflow shows the overall treatment

workload, together with aeration demands and costs [85]. Temperature as a hydrological

variable is a key factor in biological reactions with a close connection to the further

prediction of microbial water quality [86, 87], and is also an important input for

potential heat recovery models [88]. Influent and effluent BOD5 are classical measures

of organic compound contents in raw and treated wastewater. They are closely

monitored and controlled, which is contributing predominantly to energy consumption

and operational expenditures. Standard BOD5 measurement methods provide real

values but may take five days to evaluate via biochemical reactions, which is asking

for capable BOD5 forecasting models [21, 89]. Effluent chloride is controlled by

chlorine disinfection before discharge or reuse for hygiene reasons. This important

parameter is influenced by several factors, including pH, temperature, suspended

solids, which is adding randomness to its modeling [90]. Power consumption during

the treatment is an overall assessment of the WWTPs’ performances in reaching

multiple discharge standards given various influent conditions. This parameter, as

mainly attributed to pumping and aeration systems, is directly linked to maintenance

costs and greenhouse gases emissions [91]. The univariate forecasting soft-sensors

of the above variables can provide references to estimate treatment results, guide
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processes monitoring, support data-driven decision-making, and provide inputs for

further multivariate models [92]. In this time-series forecasting study, recurrent

neural networks derived deep learning models, including long short-term memory

and gated recurrent units, along with their modifications, are selected as data-driven

soft-sensors to forecast the time series of aforementioned variables. Specifically, to

eventually improve the forecasting performance of LSTM and GRU, their adaptive

versions are investigated. To decrease the forecasting error that may be produced by

outliers and noise measurements, the exponential smoothed LSTM and GRU models

are built. The performance of the above methods is compared with the BiLSTM and

the Seasonal Decomposition by Local Regression (SDL) as a traditional time series

model. The real data from a Saudi Arabia coastal municipal WWTP is used as a case

study in evaluating the proposed forecasting methods. We are seeking both accurate

and fast predictions in forecasting the typical non-linear, non-Gaussian, dynamic,

periodic, and hetero-skedastic univariates by virtue of the contemporary deep neural

networks.

3.2.1 Methodology

3.2.1.1 Wastewater treatment plant description

A coastal municipal WWTP located in KSA is investigated for this study, as in

Fig.3.1. Aiming at water reuse for irrigation, this WWTP employs the anoxic-

aerobic unit treatment processes followed by the membrane micro-filtration tank

and chlorination. To develop flexible ANN soft-sensors for diverse situations, we

take six univariate key WWTP features into consideration. Influent flow, influent

temperature, and influent BOD concentration are sampled from incoming municipal

wastewater, to represent initial working conditions that WWTPs are facing. Effluent

chloride concentration and effluent BOD concentration are sampled from the irrigation

water, to represent the quality of final products. Power consumption is the overall
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summary of energy input or greenhouse gas emissions to meet required standards

given initial conditions. We retrieved daily time series of seven years (from 2010

to 2017) for the mentioned six features. The univariate forecasting soft-sensors of

above variables can provide references to estimate treatment results, guide processes

monitoring, support data-driven decision-making, and provide inputs for further

multivariate models.

Figure 3.1: The coastal municipal WWTP. Biologcially purified wastewater are
filtered by membrane modules, after which permeates are chlorinated and collected
for irrigation.

The descriptive summary of the wastewater characteristic parameters is tabulated

in Tab 3.1. The WWTP receives 4332.38 m3/d wastewater on average, while the peak

value could reach 11122.00 m3/d during rainy seasons and the minimum could reach
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1978.00 m3/d during vacations. As a WWTP located in equatorial area, the water

temperature may fluctuate around 30.08 ◦C, while the BOD concentration of the

inflow is around 99.00 mg/L. The effluent BOD concentration is controlled around

3.75 mg/L. To reuse the permeate for irrigation, the effluent chloride concentration

is raised to 475.47 mg/L averagely. The overall power consumption is oscillating

between 1727 kWh/d to 21850 kWh/d. Such contrasting extreme values are showing

possibilities for finer control and are demanding better forecasting models.

Table 3.1: Summary of the six key features in a WWTP.
InFlow BOD InFlow Total InFlow Temp Irr BOD Irr Cl Power Treatment

mean 99.00 4332.38 30.08 3.75 475.47 10836.79
sd 34.71 684.48 1.55 1.32 139.95 1216.08
min 18.00 1978.00 24.75 1.00 41.00 1727.00
quartile.l 73.00 3911.00 28.80 2.80 412.00 10540.00
median 99.00 4415.00 30.33 3.70 489.00 11019.00
quartile.h 120.00 4798.00 31.40 4.50 558.00 11405.00
max 400.00 11122.00 33.20 13.80 1450.00 21850.00
skew 0.79 0.11 -0.39 0.94 0.16 -0.47
kurtosis 3.37 4.02 -0.93 3.91 3.99 9.71

3.2.1.2 LSTM neural networks

Over the last decades, recurrent neural networks have been applied exponentially in

machine learning and are considered to be one of the most efficient tools for solving

time-dependent forecasting tasks. Among RNN models, it is worth mentioning the

long short term memory which is the most popular and suitable for time series data

forecasting [93]. As primarily designed by Hochreiter and Schmidhuber, LSTM are

still being actively developed in a wide range of applications [94, 95, 96, 97]. LSTM

possesses a great capacity in describing long-term dependencies and can cope with the

two common problems facing traditional RNNs, namely the exploding and vanishing

gradient problems. Essentially, LSTM is convenient to understand and implement,

and less sensitive to gap length compared to ANN models, hidden Markov models or

other sequence learning methods in several forecasting application domains.

Basically, LSTM models are composed of cell blocks that contain the input gate,

the forget gate and the output gate. The role of the three gates is to control the
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movement of information into and out of the cell, while the cell memorizes values

over arbitrary time periods [95]. The basic structure of RNN-LSTM is depicted in

Figure 3.2.

Figure 3.2: Diagram illustration of an LSTM unit.

It is worth pointing out that the RNN-LSTM has two inputs working simultaneously,

namely the new arrival input, Xt, and the hidden state of the past time step, Ht−1,

(Figure 3.2). The available information is then used to compute the output via the

fully connected layer by using its activation function (e.g., tanh, sigmoid, softmax,

and Adam). Therefore, the output of each gate can be obtained through logical

operation and nonlinear transformation of inputs.

We let Xt denote the input vector, h refers to the number of hidden units, Ht−1

represents the hidden state at time point t − 1, and Ht be the output vector. The

mathematical formulas summarizing the connections between the inputs and outputs

of the RNN-LSTM model are:

where Wxi, Wxf , Wxo Wxc, Whc, and Whi, Whf , Who are the weight parameters and

bi, bf , bc, and bo are bias parameters, ◦ denotes the element-wise multiplication.
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Estimating Ct can be done by using information from memory cells Ct−1 and C̃t.

Of course, the LSTM model showed good performance for learning long-term

dependencies more easily than the conventional recurrent neural network [95]. Another

variant of RNN has been developed to address the challenge of long term dependencies

is discussed next.

3.2.1.3 GRU neural networks

Gated recurrent unit model is a gating mechanism in recurrent neural networks,

proposed by [98]. GRU is considered as a variant of LSTM, for it is similar to the

LSTM but has less parameters: it combines the forget gate and input gate into

an update gate. The GRU shows comparable performance to LSTM in sequence

modeling with less parameters and difficulties. Figure 3.3 presents the basic structure

of the GRU.

Figure 3.3: Diagram of a GRU.

The GRU introduces the reset gate and updates the gate to change the calculation

methods for hidden states in the RNNs. Figure 3.3 indicates that the input vector

Xt and the hidden state of previous time point Ht−1 are the inputs for the reset and

update gates. Essentially, the output is obtained through the fully connected layer

with a sigmoid activation function. Similarly, it is considered that there are h hidden

units, and, for a given time point t, the input is Xt, and the hidden state of the last

time step is Ht−1. Then, the reset gate Rt, the update gate Zt, and the hidden state
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Ht are being computed as:



Rt = σ (XtWxr +Ht−1Whr + br)

Zt = σ (XtWxz +Ht−1Whz + bz)

H̃t = tanh (XtWxh + (Rt ◦Ht−1)Whh + bh) .

Ht = Zt ◦Ht−1 + (1− Zt) ◦ H̃t

(2)

where Wxr,Wxz, Whr, Wxh, and Whh denotes weight parameters and br, bz, and bh

refer to bias parameters. At each time point t, the actual update gate Zt is utilized

for combining the past hidden state Ht−1 and actual candidate hidden state H̃t.

Overall, the attractive features of the GRU model are the shorter training time

compared to the LSTM and the fewer parameters that the GRU model possesses

compared to the LSTM.

3.2.1.4 BiLSTM model

The previously discussed deep learning models possess a causal structure, that is the

state at time point t catches solely information from past (x1, . . . , xt−1) and present

input data, xt. In the LSTM, the actual state is reconstructed via the backward

context, however, the forward context, which presents a relationship with the actual

state, is not ignored. Now, we present the idea of the bidirectional LSTM model [99,

100]. Compared to the LSTM model that passes the input data through the network

in one direction from past to future (forward), the BiLSTM processes the input also

in the backward direction from the future to the past. This approach employs both

future and past data while LSTM and the other neural networks use only historical

data. Accordingly, improved accuracy in state reconstruction is achieved by BiLSTM

that merges the desirable features of both bidirectional RNN [99] and LSTM [100].

The BiLSTM processes the input in two ways including normal time order (past to

future) and time-reversed (future to past) this technique makes it able to discover
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more complex time-dependent features. The forward and backward hidden states are

represented by −→Ht,
←−
Ht respectively in the following equations:

−→
Ht = A(XtWx

−→
H

+−→H t−1W−→H−→H + b−→
H

) (3.1)

←−
Ht = A(XtWx

←−
H

+←−H t−1W←−H←−H + b←−
H

) (3.2)

Ot = −→H tW−→HO +←−H tW←−HO + bO (3.3)

where W and b are respectively weights matrix and bias vector, the activation function

is expressed by A, which is usually the sigmoid denoted by σ, or hyperbolic tangent

denoted by tanh, or ReLU. The output represented by O is produced based on the

two directions backward ←−H and forward −→H .

Figure 3.4: Basic illustration of BiLSTM.

3.2.1.5 Data preprocessing: exponential smoothing

WWTP data collected using sensors can be easily contaminated by noise and outliers.

Accordingly, these data should be filtered or smoothed to reduce noise, to remove
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outliers and to enhance data quality. Numerous filters have been proposed and

developed in the literature for time series denoising. In this paper, an Exponentially

Weighted Moving Average (EWMA) filter is applied to the collected data to smooth

the data and remove outliers.

The EWMA filter takes the form of a first-order process, and can be expressed as


st = νxt + (1− ν)st−1

s0 = µ0

(3)

where xt is the observation at time t, St is the filter output at time t, and ν ∈ [0, 1]

is the smoothing parameter that defines the depth of the memory of EWMA.

3.2.1.6 The proposed forecasting Workflow

This study is about modeling, and forecasting of WWTP key features using deep

learning-based models. The schematic presentation of the proposed forecasting framework

is depicted in Figure 3.5. This forecasting framework is performed in two parts:

training and online forecasting. First, we smooth the WWTP key features using the

EWMA filter to reduce the effect of noise measurements and outliers. Then, we split

the smoothed time-series data into a training sub-data and a testing sub-data. We

use the training data to build the investigated deep learning models. In this study,

the parameters of the deep learning models are tuned by minimizing the loss function

via the Adam optimization algorithm based on training datasets. After fitting, the

trained models will be used to forecast the future trends of the WWTP key features

using the testing data. Overall, the deep learning-driven forecasting models learn

the temporal correlation hidden among the WWTP key features and are expected to

reveal and capture the future trend based on previous records.
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Figure 3.5: Workflow of the proposed deep learning-driven forecasting procedure.

3.2.2 Results and discussion

3.2.2.1 WWTP data analysis

The WWTP key features dataset contains daily measurements of influent flow, influent

temperature, influent BOD5 concentration, effluent chloride concentration, effluent

BOD5 concentration, and power consumption, from September 1st, 2010, to September

1st, 2017. Each series contains 2557 observations. We displayed the time series in

Fig 3.6.

The statistical summary of each variable is inherited here from the Table 3.1. The

skewness and kurtosis metrics are used for assessing the asymmetry and flatness of

the distribution of key features time series. Gaussian distribution is typified by its

kurtosis equal to 3. Distributions that are more peaked than the normal distribution

possess kurtosis larger than 3; distributions that are flatter than normal distribution

are characterized by kurtosis less than 3. On the other hand, skewness checks

the asymmetry of the measurements around the sample mean. Basically, negative

skewness indicates that the data is skewed to the left side, while positive skewness

indicates that the data spread out more to the right. The other metrics (i.e., mean,

standard deviation and quartiles) provide information related to the location and

spread of the dataset. We can infer from the Table 3.1 that the WWTP key features

data are non-Gaussian distributed and exhibit a wide range of standard deviations.

To further assess the time dependency in the training datasets, the ACF of each
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Figure 3.6: Time series plots of the training dataset from WWTP key features.
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variable is illustrated in Figure 3.7. ACF quantifies the correlation of a given process

variable with itself at differing time lags, which could anticipate the time period

length between two successive maxima. Figure 3.7 shows the significant presence

of a yearly cycle (seasonality) in inflow temperature, together with relatively high

autocorrelations in other process variables. This periodicity is a typical pattern

observed in environmental datasets [101, 102].

Figure 3.7: ACF of the training dataset from WWTP key features.

3.2.2.2 Forecating results

This section will compare the forecasting performances of different combinations

of RNN-based models and EWMA filters. Specifically, six RNN-based models are

presented and compared.

• LSTM and GRU-based EWMA models: These adopted models, at first, apply

the EWMA filter to smooth the raw datasets to remove outliers, and then fit the

LSTM or GRU model to the smoothed data for forecasting. It should be noted

that to assess forecasting performance of LSTM-EWMA and GRU-EWMA, the

forecasted data are compared to the original data, not with the smoothed data.

• LSTM-update: In this model, the parameters of the LSTM model are updated

recursively for new arriving observations. This permits dynamically adjusting
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the model to describe new testing data, and well-capturing features in the time

series, which enhances the forecasting quality.

• LSTM-EWMA-update: This strategy applies the LSTM-Update model to the

smoothed data based on the EWMA filter.

For performance comparisons, RMSE, Mean Absolute Error (MAE), and Mean

Absolute Percentage Error (MAPE) are adopted to quantify the forecasting performances

of key features measurements at the WWTP.

RMSE =
√√√√ 1
n

n∑
t=1

(yt − ŷt)2, (4)

MAE =
∑n
t=1 |yt − ŷt|

n
, (5)

MAPE = 100
n

n∑
t=1

∣∣∣∣∣yt − ŷtyt

∣∣∣∣∣%, (6)

where yt are the actual values, ŷt are the corresponding estimated values, and n is

the number of measurements. Lower RMSE, MAE or MAPE values represent more

accurate forecasting performances. Furthermore, we shall investigate the distribution

of forecasting errors via histograms.

First, each model is trained with the training measurements. Then, we forecast

key features using the fitted models for the incoming testing dataset. Here, testing

data consist of one year of daily data from Sep 1st, 2016 to Sep 1st, 2017. Parameters

of the constructed LSTM and GRU models based on training datasets are presented

in Table 3.2.

As illustrations of training processes, the evolutions of the RMSE as a function

of the number of iterations in LSTM and GRU are displayed in Figure 3.8. We

can observe the convergence of the RMSE when the number of epochs is reaching
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Table 3.2: Tuned parameters in the GRU and LSTM models.

100, while the GRU model converges much more efficiently than the LSTM model.

Therefore the GRU would require less amount of training data to fit and still work

well in cases when the size of training dataset is limited.

Figure 3.8: Evolution of the RMSE value at the training stage for (a) LSTM, (b)
GRU, and (c) BiLSTM.

The forecasting results are shown in Figure 3.9. Figure 3.10 illustrates the histograms

of the forecasting errors from each model for each variable (i.e., influent flow, influent

temperature, influent BOD5 concentration, effluent chloride concentration, effluent

BOD5 concentration, and power consumption.) The forecasting error is defined as

the difference between the measured value yt and the predicted value ŷt. The error
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Figure 3.9: Forecasting results of (a) influent flow, (b) influent temperature, (c)
influent BOD concentration, (d) effluent chloride concentration, (e) effluent BOD
concentration, and (f) power consumption. Predicted time series are colored per
different models, while the gray lines in the background are historical observations in
previous years.
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analysis highlights that the forecasting accuracy obtained by the considered deep

learning models can satisfy practical needs and can be useful for full-scale municipal

WWTPs.

The forecasting capabilities of the six deep learning models are assessed via RMSE,

MAE, and MAPE (see Table 3.3). To summarize the assessments, the averaged

metrics are tabulated and sorted by MAPE as per model in Table 3.4, and as per series

in Table 3.5. The barplot of MAPE values is shown in Figure 3.11 to visually assist

the comparison of obtained results by the six considered models. It can be observed

that no single model provides superior performance uniformly for all key features, in

terms of the three indicators (i.e., RMSE, MAE, and MAPE). The forecasting results

support that the GRU-EWMA forecasting model has higher accuracy overall than

the other models. This is mainly due to the fact of feeding smoothed data via the

EWMA filter, which removes outliers observations. In addition, this can be attributed

to the great capacity of the GRU in efficiently learning time-dependent times series

data. In terms of the series, as listed in Table 3.5, generally physical variables are

more predictable than chemical or biochemical variables. The temperature and total

inflow could be related to the more predictable hydrographic cycle, and the power

consumption is directly related to the total inflow. Though the effluent chloride is

following discharge standard, it is still hard to predict. BOD5 values are inherently

involving complicated biochemical processes and are thus hard to forecast.
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Table 3.3: Assessment of the model forecasting results.

Variable Method RMSE MAE MAPE
InFlow.Total GRU 408.29 255.68 0.06
InFlow.Total GRU.EWMA 414.16 265.11 0.06
InFlow.Total LSTM 314.41 174.79 0.04
InFlow.Total LSTM.EWMA 316.14 174.30 0.04
InFlow.Total LSTM.Update 1137.83 978.23 0.23
InFlow.Total LSTM.EWMA.Update 615.42 440.53 0.11
InFlow.Total BiLSTM 568.49 406.85 0.09
InFlow.Total SDL 427.21 232.16 0.05

InFlow.Temp GRU 0.31 0.20 0.01
InFlow.Temp GRU.EWMA 0.31 0.22 0.01
InFlow.Temp LSTM 0.30 0.19 0.01
InFlow.Temp LSTM.EWMA 0.22 0.12 0.00
InFlow.Temp LSTM.Update 0.90 0.74 0.03
InFlow.Temp LSTM.EWMA.Update 0.79 0.65 0.02
InFlow.Temp BiLSTM 1.87 1.68 0.06
InFlow.Temp SDL 0.28 0.20 0.01

InFlow.BOD GRU 32.64 24.34 0.18
InFlow.BOD GRU.EWMA 32.95 24.40 0.18
InFlow.BOD LSTM 71.26 52.35 0.38
InFlow.BOD LSTM.EWMA 68.94 53.70 0.38
InFlow.BOD LSTM.Update 47.48 35.45 0.23
InFlow.BOD LSTM.EWMA.Update 46.80 35.20 0.23
InFlow.BOD BiLSTM 46.55 36.47 0.36
InFlow.BOD SDL 30.78 23.19 0.18

Irr.Cl GRU 87.78 63.53 0.12
Irr.Cl GRU.EWMA 84.93 61.54 0.11
Irr.Cl LSTM 140.57 104.87 0.19
Irr.Cl LSTM.EWMA 111.64 86.42 0.16
Irr.Cl LSTM.Update 128.49 106.43 0.20
Irr.Cl LSTM.EWMA.Update 181.10 149.10 0.26
Irr.Cl BiLSTM 102.88 80.08 0.16
Irr.Cl SDL 67.57 49.49 0.10

Irr.BOD GRU 0.84 0.67 0.17
Irr.BOD GRU.EWMA 0.82 0.65 0.17
Irr.BOD LSTM 2.02 1.44 0.38
Irr.BOD LSTM.EWMA 1.50 1.16 0.29
Irr.BOD LSTM.Update 1.27 0.99 0.23
Irr.BOD LSTM.EWMA.Update 1.41 1.14 0.31
Irr.BOD BiLSTM 1.06 0.82 0.22
Irr.BOD SDL 0.87 0.69 0.18

Power.Treatment GRU 433.39 340.23 0.03
Power.Treatment GRU.EWMA 436.87 345.28 0.03
Power.Treatment LSTM 315.82 217.97 0.02
Power.Treatment LSTM.EWMA 400.32 254.48 0.02
Power.Treatment LSTM.Update 676.35 540.99 0.05
Power.Treatment LSTM.EWMA.Update 738.96 575.36 0.06
Power.Treatment BiLSTM 638.36 516.55 0.05
Power.Treatment SDL 439.55 322.75 0.03



82

GRU.EWMA LSTM.EWMA LSTM.EWMA.Update SDL

GRU LSTM LSTM.Update BiLSTM

−5000−2500 0 2500 −5000−2500 0 2500 −5000−2500 0 2500 −5000−2500 0 2500

0.0000

0.0005

0.0010

0.0015

0.0020

0.0000

0.0005

0.0010

0.0015

0.0020

Residual

D
en

si
ty

(a) Residuals of InFlow.Total (m3/day)

GRU.EWMA LSTM.EWMA LSTM.EWMA.Update SDL

GRU LSTM LSTM.Update BiLSTM

−2 0 2 4 −2 0 2 4 −2 0 2 4 −2 0 2 4

0

1

2

3

4

0

1

2

3

4

Residual

D
en

si
ty

(b) Residuals of InFlow.Temp (degree Celsius)

GRU.EWMA LSTM.EWMA LSTM.EWMA.Update SDL

GRU LSTM LSTM.Update BiLSTM

−200−100 0 100 200 −200−100 0 100 200 −200−100 0 100 200 −200−100 0 100 200

0.000

0.005

0.010

0.015

0.000

0.005

0.010

0.015

Residual

D
en

si
ty

(c) Residuals of InFlow.BOD (mg/L)

GRU.EWMA LSTM.EWMA LSTM.EWMA.Update SDL

GRU LSTM LSTM.Update BiLSTM

−500 −250 0 250 −500 −250 0 250 −500 −250 0 250 −500 −250 0 250

0.000

0.002

0.004

0.006

0.000

0.002

0.004

0.006

Residual

D
en

si
ty

(d) Residuals of Irr.Cl (mg/L)

GRU.EWMA LSTM.EWMA LSTM.EWMA.Update SDL

GRU LSTM LSTM.Update BiLSTM

−5 0 5 −5 0 5 −5 0 5 −5 0 5

0.0

0.1

0.2

0.3

0.4

0.5

0.0

0.1

0.2

0.3

0.4

0.5

Residual

D
en

si
ty

(e) Residuals of Irr.BOD (mg/L)

GRU.EWMA LSTM.EWMA LSTM.EWMA.Update SDL

GRU LSTM LSTM.Update BiLSTM

−2000−1000 0 10002000−2000−1000 0 10002000−2000−1000 0 10002000−2000−1000 0 10002000

0.0000

0.0005

0.0010

0.0015

0.0000

0.0005

0.0010

0.0015

Residual

D
en

si
ty

(f) Residuals of Power.Treatment (kWh/day)

Figure 3.10: Histograms of model forecast errors on (a) influent flow, (b) influent
temperature, (c) influent BOD concentration, (d) effluent chloride concentration, (e)
effluent BOD concentration, and (f) power consumption.
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Table 3.4: Averaged assessment metrics per model.

Method RMSE MAE MAPE
GRU.EWMA 160.67 114.20 0.07
GRU 161.54 115.11 0.09
SDL 161.04 104.75 0.09
LSTM.EWMA 149.79 95.03 0.15
BiLSTM 226.53 173.74 0.16
LSTM.EWMA.Update 264.08 200.33 0.16
LSTM.Update 332.05 277.14 0.16
LSTM 140.73 91.94 0.17

Table 3.5: Averaged assessment metrics per series.

Variable RMSE MAE MAPE
InFlow.Temp 0.62 0.50 0.02
Power.Treatment 509.95 389.20 0.04
InFlow.Total 525.24 365.96 0.08
Irr.Cl 113.12 87.68 0.16
Irr.BOD 1.22 0.95 0.24
InFlow.BOD 47.17 35.64 0.26
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Figure 3.11: Barplot of MAPE values obtained by each forecasting approach.
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Chapter 4

Microbial ecology modeling

4.1 Backgrounds

Microbial community structures in the bioreactors, either in the activated sludge or

in the biofilm, could reveal the oxygen and energy consumption on the microscale.

Numerical bioreactor microbial ecology studies could further figure out indicator

species and typical working conditions that assist in reactor status confirmation and

support energy consumption budgeting.

To show the biological reaction on a micro-scale, we would investigate the microbial

ecology in the biological treatment processes via causal modeling between feed quality

and community structure, and via identification of key species from activated sludge

or biofilm samples.

4.2 Microbial ecology analysis and modeling of an oxygen-rich

MBR

In order to investigate the enhancement in nutrients removal of membrane bioreactor

by introducing oxygen-rich membrane photo-bioreactor effluent, bench-scale experiments

were designed and operated in continuous mode with five synthetic influent conditions

involved. Various carbon to nitrogen ratios and substrates or dissolved oxygen levels

were examined, while organics and nutrients removals were monitored. To facilitate

data interpretation, delineate process features, and reveal potential causation, visualizations
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as well as data-driven modeling were performed, by which N/P/O synergetic effect

was observed significant in shaping nutrients and Dissolved Oxygen (DO) levels, but

not in COD. Interrelated multivariate time series displayed by data visualization

implied complexity of the system. Data-driven approaches would support in-depth

research with further enhanced sampling frequency.

In this study, we would employ a metadata sampled from an oxygen-rich MBR

that was operated under different working conditions. The composition of them at

different levels are given in Figure 4.3. The next step shall be based on the Phylum

level where the content of ’Others’ category is negligible.

For the data sampling purpose, bench-scale experiments were designed and operated

in continuous mode with five synthetic influent conditions. Process performance as

assessed by monitoring organics and nutrients removal by testing two carbon to

nitrogen ratios and two dissolved oxygen levels. To facilitate data interpretation,

delineate process features, and reveal potential causation, visualizations as well as

data-driven modeling were performed. A Bayesian multinomial model was further

applied to investigate the relationship and to perform causal attribution. By involving

visualization and models based on real data, the aim is to extend our research to

upscaled systems and enlarged datasets with higher resolution.

4.2.1 Methodology

To explore and analyze the measured multivariate time series dataset, the time

series data was visualized. This included investigating pairwise correlation among

parameters, clustering steady state statistics, and performing dimension reduction

via radial visualization [57, 103, 104].
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Figure 4.1: Bayesian multinomial directed acyclic graph.

4.2.1.1 Bayesian multinomial model for environment-microbes

attribution

In this section, we shall construct a Bayesian multinomial model to identify relationships

between environment factors and Microbial abundances (i.e., cell counts) at the

Phylum level. The interpretation of the model is illustrated in Figure 4.1. For

a given sample, we have its cell counts at phylum level, and corresponding water

quality measurements. In each case, we are estimating the parameter that reflect

the effect from each water quality variable to each phylum cell count. Since we

have four water quality variables (i.e., COD, DO, TN, TP) and six Phyla taken into

consideration (including the ’Other’ category representing the rest), we are trying

to estimate twenty-four parameters (β). Larger parameters shall contribute more to

the probability (λ) that the Phylum would present if the corresponding water quality

variable is increased. A common illustration is that, the total cell count is the number

of balls, the number of Phyla is the number of buckets, and the parameters represents

the contribution from a certain water quality variable to the probability of throwing

balls into a certain bucket. In brief, estimated parameters here are positively related

to the contribution from the corresponding factor to the possibility of the presence of
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Figure 4.2: Time series of the pollutants concentrations and removal efficiencies.

the specific phylum. Ten millions iterations were run to check convergence, and most

of them converged well. In this model, we are taking environmental factors as major

concerns and are ignoring interactions among microbes.

4.2.2 Results and discussion

The simulated coupled membrane photo-bioreactor-MBR was operated with five consecutive

conditions, during which different performances and removal efficiencies were observed.

The multivariate time series data of influent and effluent water quality (COD, TN,

and TP concentrations in mg/L), together with their corresponding removal efficiency

(in percentage), are sequentially plotted in Fig. 4.2.

For the community attribution plots in Figure 4.4, a distribution of estimated

parameters (β) around positive value would indicate enrichment effect from the

corresponding environmental factor (input water quality) to the specific phylum (or

positive correlation from this factor to this phylum); a distribution around negative

value would indicate inhibition effect from the corresponding environmental factor

to the specific phylum (or negative correlation from this factor to this phylum); a
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Figure 4.3: Community structure of samples at different levels.

distribution around zero would indicate neutral effect from the corresponding environmental

factor to the specific phylum (or neutral correlation from this factor to this phylum).

Typical clusters oscillating around certain levels would indicate good convergence.

Figure 4.4: Estimated effect of influent water quality on phylum abundance.
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Signs and value of coefficients listed in Fig 4.4 indicate the direction of contribution

from the feed to the bioreactor community. With signs and values of coefficients, we

are trying to make causal inference using our multivariate influent-microbes data.

The results demonstrate that the overall features of the dataset and the underlying

influent/effluent relationships were captured well by the model, with satisfying diagnostics,

permitting further interpretations. It is worth mentioning that, we build and diagnose

the proposed model only based on our data to explain our observations, but the

modeling tool could be further extended or transferred by researchers for similar

applications.

The attribution above was reliable in macro-scale, but micro-scale causation awaited

further research. As a data-driven model, this technique could be appropriately

transferred to other scenarios. With more data to be gathered in the future, micro

mechanisms would be captured and disclosed. Improved models on activated sludge

ecology would support quantification of microbial structure and reveal the oxygen

and energy consumption on the microscale.

4.3 Microbial Analysis of Biofilm and Sludge Samples

In this section, we shall consider the quantitative ecological dissimilarities among

several biofilm and sludge samples from a MBR, and identify the key or indicator

Genera via dimension reduction and clustering models. With environmental microbial

ecological data and EDS techniques, we may quantitatively understand the status of

community structure and investigate the environment-microorganisms cause-effect in

bio-reactors. The biofilm formed over the membranes may improve the permeate

quality though bringing an increase in the filtration resistances, and thus demands

higher energy consumption for the same flux.
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4.3.1 Methodology

To quantify the dissimilarity between the biofilm samples and the sludge samples,

we employed multiple distance measures as summarized in Table. 4.1, including

Manhattan, Euclidean, Canberra, Clark, Bray-Curtis, Kulczynski, Jaccard, Gower,

Alternative Gower, and Horn-Morisita distances. The ratios of various distances

between groups to various distances within groups are calculated, to verify the hypothesis

that samples from different categories (biofilm or sludge) should be significantly

dissimilar, while samples belong to the same categories (biofilm or sludge) should

be alike. In such cases, the derived ratios should all be larger than one.

We would further perform PCA as a dimension reduction technique as well as

DBSCAN as a clustering technique to visually select the indicator species.

4.3.2 Results and discussion

The distance measures are given in Table. 4.1, it is demonstrated that the differences

between groups are significantly greater than differences within groups, proving that

community structures are different in biofilm and sludge as measured by the listed

methods.

Table 4.1: Descriptive statistics on ratios of various distances between groups, to
various distances within groups.

Method Average Std..Dev Median Min Max

Manhattan 9.57 6.17 9.27 3.63 16.08
Euclidean 7.50 4.14 7.21 3.40 12.18
Canberra 13.84 9.63 13.71 4.76 23.18
Clark 12.10 8.34 12.07 4.28 20.00
Bray–Curtis 9.60 6.22 9.33 3.62 16.12
Kulczynski 9.61 6.22 9.33 3.63 16.12
Jaccard 6.47 3.95 6.36 2.70 10.46
Gower 8.74 6.13 8.53 2.90 14.97
Alternative Gower 6.38 3.45 6.21 3.01 10.07
Horn–Morisita 84.60 78.79 80.05 10.49 167.54
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Figure 4.5: The PCA-biplot of relative abundances at Genera level. The angles
between samples represent their difference, with the scattered Genera points
quantifying their contribution to the overall variation.

The PCA-biplot based on relative abundances is displayed in Figure 4.5. In this

plot, the angles between samples (B1/B2/S1/S2) quantify similarity via their cosine

values. The sharp angles between samples from the same groups, together with

the almost-right angles between samples from different groups indicate that the two

groups are different at community structure level via multivariate analysis. The key

Genera that contributed to their differences are identified and highlighted as those
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far from the origin.

We have further applied a machine learning clustering algorithm, DBSCAN, to

explore the community structure. Assuming that most Genera are shared among

samples and may be trivial to flag key differences between samples, we would expect

the majority of them would agglomerate into one cluster, leaving the rest as crucial

identifier of samples. Accordingly, we processed the numerical ecology data and

output the key different Genera as indicated in Figure 4.6 and tabulated in Table 4.2.

As shown above, their oscillation in relative abundances could signify the status of

microbiota as sludge or biofilm.
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Figure 4.6: The DBSCAN cluster plot. The Genera are clustered according to their
degree of agglomeration. The outliers are key contributors to the dissimilarity between
the biofilm and sludge samples.

This project investigated the microbial community structures in the activated

sludge and in the biofilm. Numerical modeling further figure out indicator species

and typical working conditions that may assist in reactor status confirmation and

support energy consumption budgeting.
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Table 4.2: Key Genera that classify Sludge samples and Biofilm samples, identified
by the PCA-biplot and DBSCAN.

Genera S1 S2 B1 B2
Aerolineales bacterium 4.60% 4.56% 3.70% 2.78%
Hassallia 0.84% 0.75% 7.03% 11.31%
Legionella 1.07% 1.14% 12.37% 17.46%
Nitrospira 19.87% 20.94% 3.52% 3.30%
Thauera 12.87% 10.96% 1.48% 1.45%
Zoogloea 5.54% 5.73% 0.46% 0.40%
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Chapter 5

Optical coherence tomography-based membrane bio-fouling

quantification and monitoring

5.1 Backgrounds

Over time, fouling of the membrane leads to flux decline, increase in energy consumption,

and the need for expensive cleaning procedures to restore the treatment capacity.

Furthermore, the chemicals used in membrane cleaning can negatively impact the

environment and reduce the membrane lifetime. Membrane treatment efficiency

coupled with mitigation and control of membrane fouling are the major challenges

encountered in membrane systems, and will continue to be the main research area in

the years to come. As stated by Meng et al., membrane fouling is one of the major

research topics related to the advancement of MBR technology, representing one fifth

of the total publications in this field [105].

Several approaches have been proposed and employed in order to gain a better

understanding of the complex fouling mechanisms in MBRs. A common approach has

been visualization of the cake layer formed on the membrane surface, where different

techniques have been tried, each with their series of benefits and limitations [106].

One of the first visualization approaches aimed at developing a system for direct

observation of membrane fouling using an on-line microscope to visualize particle

deposition and monitor the cake layer behavior over time [107].

Compared to the conventional imaging techniques such as scanning electron microscopy,

atomic force microscopy, and confocal laser scanning microscopy, the OCT provides
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the advantage of generating images over a defined area by non-invasive scanning

the fouling layer while the process is in operation and without requiring any sample

processing procedure. OCT as an imaging and analytical tool has been tested in

several membrane configurations. So far OCT imaging has mainly been used to

study biofilm development in systems using feeds with a low organic load and low

turbidity. Our research group has investigated OCT in gravity driven membrane

filtration systems to gain a better understanding of the fouling mechanisms, and in

the study of biofouling in spiral wound membranes, where OCT imaging allowed the

quantification of the biomass developed on the membrane surface and on the feed

spacer [108].

In this research, we are investigating membrane biofouling quantification and

monitoring methods based on OCT images taken from a gravity-driven MBR with

several working conditions. We shall retrieve the thickness and roughness of biofouling

layers quantitatively via image processing. With wide coverage and high resolution,

OCT images may disclose fouling layer thickness and roughness (or smoothness) on

the membrane and signify the fouling status at micro-, meso-, and macro- levels. By

combining the state-of-art OCT imaging tool and EDS algorithms, we are anticipating

an membrane process monitoring technology of the next generation.

5.2 Methodology

In this study, we involve OCT results from a gravity driven MBR under several

working conditions [109]. The MBR was operated under stable flux from day 1 to

day 21, under relaxation 1 from day 23 to day 32, under relaxation 2 from day 35 to

day 42, under air scouring from day 44 to day 49, under a combination of relaxation

and air scouring from day 52 to day 56. Here, an OCT image covers an area of

4.00mm×4.00mm×1.80mm with 666×666×932 pixels. We first denoise the image,

via median filters and wavelet filters, then binarize it, via thresholding, and finally
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perform morphology operations to identify the desired two layers or detect the two

edges, namely the membrane top surface and the biofouling dense upper layer. By

calculating the difference between them, we have the thickness matrices of biofouling

layer over the imaged membrane area. Codes written in MATLAB was used to analyse

OCT image [110, 111].

Using the fouling layer thickness matrices, we can further compute their roughness,

which is directly linked to the pressure drops and membrane filtration related pumping

energy consumption. Traditional roughness measures are quantified as [112]:

z̄ = 1
n

n∑
i−1

zi

Absolute Roughness = 1
n

n∑
i−1

(|zi − z̄|)

Relative Roughness = 1
n

n∑
i−1

(
|zi − z̄|
z̄

)

where n is the number of thickness measurements (in our case n = 443556 pixels

per OCT image), zi is the local biofilm thickness per pixel point (µm), and z̄ is the

mean biofilm thickness per OCT image(µm).

The literature proposed absolute roughness is the mean absolute deviation (MAD)

around the mean of the thickness, while the literature proposed relative roughness

is its corresponding normalized value. They are both generated from estimates

for the standard deviation of thickness values to quantify the overall variation of

thickness per sampled pixel. An underlying assumption is that spatial thickness

values are independent and identically distributed, such that thickness at pixel A

is not correlated with thickness at any nearby pixel B, which is usually not true.

Though simple to perceive and calculate, they are ambiguous and cannot differentiate

roughness of different scales.

Inspired by the variogram from spatial statistics, we would like to adopt the



97

Matern isotropic covariance function to develop the spatial roughness measures.

The sample variogram as a quantification of spatial value correlation is given by

equation:

γ̂(h̃j) = 1
2Nh

Nh∑
i=1

(Z(si)− Z(si + h))2 , ∀h ∈ h̃j

where the variogram is estimated from Nh sample data pairs z(si), z(si + h) for a

number of distances (or distance intervals) h̃j.

The Matern function is given as:

F (h) = 1
2ν−1Γ(ν)

(
2ν1/2h

r

)ν
Kν

(
2ν1/2h

r

)

where h is the separation distance, Kν is a modified Bessel function of the second

kind of order ν, Γ is the gamma function, r is the range or distance parameter (r > 0)

which shows how quickly the correlations decay with distance. ν is the smoothness

parameter (ν > 0)

Considering the covariance matrix C of spatial data has elements Cij, the covariance

and variogram between samples at locations xi and xj have:

Cij = c0δij + c1F (hij)

γij = c0 + c1 − Cij

where δij is the Kronecker delta: δij


0 for i 6= j

1 for i = j
. F (h) is the Matern model, c0 is

the nugget variance, c1 is the partial sill, and c0 + c1 is the sill variance. Therefore

the corresponding semivariance is:

γ(h) = c0 + c1

(
1− 1

2ν−1Γ(ν)

(
h

v

)ν
Kν

(
h

r

))
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Figure 5.1: A diagram of semi-variance and the fitted model[1].

Using thickness values per pixel from OCT images to fit the semivariance of

Matern kernel, we can estimate the parameters of each image to quantify the roughness

or smoothness measure of various scales. A diagram of parameters is given in Figure. 5.1.

ν is a proxy of the micro-scale smoothness. c1 as partial sill shows macro-scale

roughness or the maximum variation, and is also including the information contained

in the literature proposed absolute and relative roughness measures. r as range

shows how quickly the correlations decay with distance, and is a proxy of meso-

scale roughness. All images are assessed and modeled in R [65, 113, 114, 115, 116,

117, 118, 119].

Using serial OCT images from the gravity driven MBR under different working

conditions, we can assess the effect of different cleaning strategies quantitatively.
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5.3 Results and discussion

The raw OCT images are processed to fetch edges and compute thickness values per

pixel. Images from different stages are graphed in Fig 5.2. It is clear that have the

spatial distribution of thickness is far from homogeneously independently identical

distribution. Certain regions gathered higher thickness to form ridges, while others

gathered lower thickness to form valleys. Neighboring areas have similar thickness

levels, and particles deposited have different sizes.

Based on the thickness matrices at different time spots, we are able to perform

Matern covariance function fitting and estimate parameters at each time spot. The

estimated measures together with traditional roughness measure and thickness statistics

are listed in Tab. 5.1. We further displayed them in pairs panel as in Fig. 5.3.

Table 5.1: Roughness measures and thickness statistics of fouling layers based on
OCT images of a gravity-driven MBR under different working conditions.

Working.Condition Date c1 r ν r absolute r relative mean sd trimmed median skew kurtosis

Stable Flux 1 6.97 14.43 0.70 2.26 0.16 13.89 2.78 13.97 14.12 -0.20 -0.37
Stable Flux 6 8.67 17.15 0.90 2.40 0.07 36.54 3.10 36.75 36.92 -0.69 0.75
Stable Flux 11 10.41 26.01 0.70 2.59 0.06 46.59 3.26 46.75 46.90 -0.49 0.27
Stable Flux 16 13.65 41.17 0.50 2.99 0.05 64.31 3.80 64.24 64.14 0.25 0.29
Stable Flux 21 12.87 29.90 0.40 2.88 0.04 64.37 3.67 64.35 64.38 0.15 0.43
Relaxation 1 23 41.12 22.04 1.40 6.34 0.05 124.15 7.93 124.02 124.05 0.21 0.04
Relaxation 1 24 39.55 24.05 1.30 5.87 0.04 131.51 7.34 131.35 131.38 0.26 0.08
Relaxation 1 25 30.90 42.00 0.40 4.74 0.05 89.13 6.04 89.00 88.88 0.33 0.57
Relaxation 1 26 14.34 48.45 0.30 2.99 0.05 56.38 4.03 56.18 56.17 0.99 3.26
Relaxation 1 27 17.93 39.12 0.30 3.39 0.06 59.82 4.53 59.66 59.69 0.82 3.01
Relaxation 1 28 9.52 16.53 0.40 2.30 0.07 30.55 3.23 30.24 30.09 1.82 7.48
Relaxation 1 29 14.49 18.22 0.40 2.82 0.06 49.25 3.95 48.93 48.81 1.73 7.54
Relaxation 1 30 10.41 12.96 0.60 2.37 0.07 31.88 3.34 31.57 31.44 1.95 9.33
Relaxation 1 32 9.12 15.11 0.80 2.41 0.06 39.12 3.19 38.80 38.70 1.41 3.92
Relaxation 2 35 12.09 16.37 1.00 2.65 0.06 43.41 3.60 43.11 42.96 1.70 7.37
Relaxation 2 37 11.12 17.44 0.90 2.67 0.06 45.15 3.61 44.79 44.79 1.69 6.18
Relaxation 2 40 18.06 6.50 4.90 2.98 0.07 44.92 4.67 44.40 44.35 3.22 19.53
Relaxation 2 42 18.97 13.08 1.10 2.89 0.06 46.00 4.41 45.45 45.40 3.01 16.51
Air Scouring 44 6.93 65.77 0.70 2.13 0.05 41.51 2.66 41.35 41.29 0.58 0.17
Air Scouring 46 5.83 84.87 0.50 1.95 0.07 28.67 2.38 28.72 28.87 -0.17 -0.60
Air Scouring 49 12.70 43.21 1.20 2.87 0.12 23.66 3.87 24.12 24.24 -1.03 0.83
Relaxation Air Scouring 52 7.96 40.29 0.70 2.03 0.18 11.22 2.82 11.04 11.09 1.57 5.61
Relaxation Air Scouring 53 6.98 35.68 0.60 2.17 0.22 10.04 2.74 9.81 9.65 1.17 3.06
Relaxation Air Scouring 56 6.96 26.88 0.80 2.25 0.25 8.86 2.74 8.47 7.80 1.41 2.85

At the ’stable flux’ stage, the average thickness of the biofouling layer as depicted

by the ’mean’ variable gradually grows, bringing increases in partial sill c1, range

r, absolute roughness Ra, and standard deviation, as well as decreases in microscale
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(a) (b) (c)

(d) (e)

Figure 5.2: Biofilm thickness matrices processed from OCT images from a gravity-
driven MBR under working conditions of (a) stable flux, (b) relaxation 1, (c)
relaxation 2, (d) air scouring, (e) relaxation plus air scouring.

smoothness ν and relative roughness Rr. This indicates the initial growth of biofouling

layer on the clean membrane brings roughness at all scales. At the ’relaxation 1’ stage,

the average thickness soared at the beginning, but quickly decreased, together with

other measures except Rr. The relaxation 1 may have some expansion effect such that

biofilm is thicker and rougher at macro and meso scales, but smoother at micro scale.

At the ’relaxation 2’ stage, the average thickness keeps increasing, together with all

parameters except range r. This strategy controls average thickness well, and further
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Figure 5.3: Pairs panel of the investigated biofouling layer roughness measures,
including the partial sill c1, range r, smoothness ν, absolute roughness, relative
roughness, as well as the mean and standard devation of thickness. Different working
conditions are featured by the colors as ’stable flux’ in red, ’relaxation 1’ in blue,
’relaxation 2’ in green, ’air scouring’ in purple, and ’relaxation air scouring’ in orange.
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increases roughness at macro scale, but decreases roughness at meso and micro scale.

The ’air scouring’ and ’relaxation air scouring’ stages bring shift in range r and Rr

but decrease in other parameters. They have decreased the average thickness, macro

and micro scale roughness, but increased the meso scale roughness.

By comparison among investigated metrics, we see that Ra is a direct proxy of

standard deviation since the mean absolute deviation from mean is generally taken

as a estimator of robust standard deviation. Its information is contained in both

standard deviation and the partial sill c1. We also observe that Rr is a reverse

indicator for the average thickness. Its information is contained in the mean. The

proposed metrics, range r and smoothness ν have little correlation with others, and

are not covered by them.

The proposed methods are bringing innovative perspectives for MBR imaging-

based biofouling monitoring and are convenient to calculate. Its quantification of

roughness at various scales would further facilitate practitioners to quantify membrane

fouling and cleaning effects and design suitable data-driven process operation or

replacement cycles, which will leads to quantified MBR monitoring and energy saving.

Further research would involve anisotropic Matern covariance related measures to

quantify the directional effects under various operation and cleaning working conditions.
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Chapter 6

Concluding remarks and future research

6.1 Influent conditions monitoring

The monitoring of ICs is essential for WWTPs operations and is especially valued in

KSA. However, ICs following non-Gaussian distributions with high skewness and

kurtosis are not suitable for conventional parametric PCA based SPE approach.

Hotelling’s T 2 displayed insensitivity to small and moderate anomalies since retained

PCs captured the majority of variance in NOCs. Joint univariate methods monitor

single process variables and may overlook the interactions among correlated variables,

resulting in insufficient results. In this study, a multivariate data-driven soft-sensor

based on PCA-KNN is proposed and validated by historical ICs data from a WWTP

in KSA. PCA performed effective dimension reduction and revealed interrelationships

between ICs, while KNN distances demonstrated superior sensing capacity, robustness

to underlying data distribution, and efficiency in handling high-dimensional dataset.

Nonparametric thresholds derived from KDE further enhanced detection results when

compared with parametric ones. Moreover, RadViz is applied for fault analysis

and diagnosis in combination with PCA, and delineated innovative interpretable

visualization of anomalies and detector performance.

To operate wastewater treatment plants with optimized efficiency, influent conditions

as initial states of inflow fed to WWTPs were monitored to identify potential anomalies

that would trigger adverse events or system crash. To involve voluminous ICs data for

data-driven decisions, the non-linear, non-Gaussian, non-stationary, auto-correlated,
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cross-correlated, and heteroskedastic nature of environmental dataset must be considered.

This research introduced kernel machine learning models, KPCA-OCSVM with various

kernels, to learn anomaly-free training set then classify the testing set of ICs. Exploratory

analysis with data visualization was performed to reveal temporal behaviors and

statistical properties of multivariate ICs time series. KPCA sufficiently output representative

features, based on which OCSVM sensitively and specifically identified anomalies

in ICs that were previously omitted by operators. The proposed kernel algorithms

surpassed previous linear PCA-based KNN models, and improved outcomes with

limited increase in computation cost. Without requiring linear, Gaussian, stationary,

independent, and homoskedastic qualities from data, the proposed flexible environmental

data science approach could be transferred, rebuilt, and tuned conveniently for ICs

from different WWTPs.

For future work, more non-linear and temporal models would be investigated to

capture nonlinear and dynamic relationships among variables. Prior knowledge of

faults could be introduced to assist sensing techniques and achieve multi-class fault

diagnosis or classification. A higher sampling frequency of ICs may reveal diurnal

trends and enable fine-tuned soft-sensing in WWTPs. Future research would further

investigate data from other full-scale wastewater treatment process with higher sampling

frequencies and apply kernel machine learning techniques for effective whole process

monitoring.

6.2 Forecasting of WWTPs related key features

Forecasting of WWTP key features can comprehend and predict the plant behavior

to support process design and controls, improve system reliability, reduce operational

costs and endorse optimization of overall performances. Deep learning technologies

as proven data-driven soft-sensors should be developed for WWTP applications to

tackle the non-linear, dynamic, and periodic nature of environmental data. In this
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study we established RNN-based models including LSTM and GRU as soft-sensors

to forecast WWTP key features, such as influent flow, influent temperature, influent

BOD5, effluent chloride, effluent BOD5, and power consumption. We employed the

dataset from a coastal municipal WWTP. The exponential smoothing filter is further

involved to preprocess the noisy raw data prior to deep learning. Models are assessed

via RMSE, MAE, and MAPE. The proposed models provide suitable forecasting

results without assumptions on the data distributions. In terms of efficiency, GRU

converges much more rapidly than LSTM. In terms of accuracy, the GRU-EWMA

soft-sensor shows overall the optimal result for all key features.

Despite the promising forecasting results achieved, the work carried out in this

paper provides some directions for future works.

• The trained model can be further incorporated into optimization scenarios

to offer data-driven strategies for daily optimal WWTP operation, pollutant

removal, and cost reduction purposes.

• The environmental time series investigated contain significant temporal noises

that could be further researched by building multi-variate and multi-scale deep

learning models involving wavelet-based presentations.

• Though built on plant-wise daily records, the model training is still limited by

the deficiency of data. We would recommend future studies to consider sensor

network that can offer dataset with larger dimensions and higher frequency.

6.3 Microbial ecology modeling

Simulated oxygen-rich effluent was fed continuously to MBR, where significant N/P/O

synergetic effect was observed in shaping nutrients and DO levels, but not in COD.

Data-driven approaches from water quality results enabled a prediction model for
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the system. The interrelated multivariate time series displayed by data visualization

reflect the complexity of the system. The overall proof-of-concept coupled MBR

process was able to achieve nearly full COD removal as well as partial nutrient removal

with DO supply supported by the algal MBR. Different C/N ratio, an important

parameter of wastewater feed, as well as the recycle rates of the MBR effluent can

influence TN removal in the system. TP removal was fluctuating in many of the

conditions but were stable at the lower C/N ratios. The algal MBR will still need to

further polish the effluent for safe discharge.

Microbial community structures in the bioreactors, either in the activated sludge

or in the biofilm, could reveal the oxygen and energy consumption on the microscale.

Numerical studies of bioreactor microbial ecology could further identify indicator

species and typical working conditions that would assist in reactor status confirmation

and support energy consumption budgeting.

For future studies, samples from various MBR would be considered to gather more

information of possible microbial community structures and corresponding oxygen-

energy consumption in various working conditions.

6.4 Optical coherence tomography-based membrane bio-fouling

quantification, modeling and monitoring

The proposed methods are computationally convenient and bring innovative perspectives

for MBR imaging-based biofouling monitoring. Roughness monitoring at various

scales would further facilitate practitioners to quantify membrane fouling and cleaning

effects and design suitable data-driven process operation or replacement cycles, which

will lead to quantified MBR monitoring and energy saving. Further research would

involve anisotropic Matern covariance related measures to quantify the directional

effects under various operation and cleaning conditions.
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