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Abstract: Membrane fouling caused by many direct and indirect triggering factors has become an
obstacle to the application of membrane bioreactors (MBRs). The nonlinear relationship between
those factors is subject to complex causality or affiliation, which is difficult to clarify for the diagnosis
of membrane fouling. To solve this problem, this paper proposes a compressible diagnosis model
(CDM) based on transfer entropy to facilitate the fault diagnosis of the root cause for membrane
fouling. The novelty of this model includes the following points: Firstly, a framework of a CDM
between membrane fouling and causal variables is built based on a feature extraction algorithm and
mechanism analysis. The framework can identify fault transfer scenarios following the changes in
operating conditions. Secondly, the fault transfer topology of a CDM based on transfer entropy is
constructed to describe the causal relationship between variables dynamically. Thirdly, an information
compressible strategy is designed to simplify the fault transfer topology. This strategy can eliminate
the repetitious affiliation relationship, which contributes to diagnosing the root causal variables
speedily and accurately. Finally, the effectiveness of the proposed CDM is verified by the measured
data from an actual MBR. The results of experiments demonstrate that the proposed CDM fulfills the
diagnosis of membrane fouling.
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1. Introduction

Membrane fouling is an important factor affecting wastewater treatment processes
with membrane bioreactors (MBRs), which can lead to the loss of membrane flux, deteriora-
tion of effluent quality, etc. [1-3]. To prevent this phenomenon, it is necessary to accurately
diagnose future cases of membrane fouling before implementing efficient strategies [4,5].
However, in MBRs, the biochemical process that triggers membrane fouling is complicated
and involves many causal variables, such as aeration, reflux, and dosing. The relationship
between these variables is time-varying and nonlinear [6,7]. Therefore, it is challenging to
establish an accurate diagnosis model for membrane fouling.

To establish the causal relationship between the variables and membrane fouling,
some scholars have studied the mechanism of membrane fouling to diagnose its occurrence
directly [8-11]. Lewis et al. analyzed the growth of filter cake in the process of low-pressure
cross-flow microfiltration in MBR with fluid dynamics gauging [12]. Then, the diagnosis of
membrane fouling was realized by quantifying the significance of membrane pore-level
fouling phenomena at the early stage of filtration. In [13], a mechanism model was built for
diagnosing membrane fouling by combining adenosine triphosphate and total cell count.
The results displayed that this model was suitable for biological fouling diagnosis. In
addition, MBR is affected by the flow distribution and hydraulic conditions in the reactor. A
residence time distribution technique was developed to determine the impact of membrane
geometry, orientation, and mixing efficiency on MBR performance [14]. Azizighannad et al.
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employed Raman chemical images to identify the morphology of membrane fouling [15].
This strategy could diagnose different types of membrane fouling with its observed ap-
pearance under specific static conditions. However, the above mechanisms are difficult to
adapt to different working conditions. Since the correction of a large number of parameters
is complicated, they are time-consuming for maintaining model accuracy. To resolve this
problem, some data-driven diagnosis models, based on support vector regression (SVR),
kernel function (KF), and artificial neural network (ANN) with strong adaptability, were
established for membrane fouling [16-19]. For example, Liu et al. designed an SVR model
with a LibSVM package to diagnose cases of membrane fouling in MBRs by mapping the
relationship between extracellular polymer substances, organic loading rate, transmem-
brane pressure difference, and total membrane resistance [17]. The results showed that
the relevant influencing factors of membrane fouling could be uncovered effectively. Han
et al. proposed a multi-category diagnosis method based on KF for the detection and
early warning of membrane fouling [18]. This method combined multiple binary classifiers
to identify the causal variables of membrane fouling. Mittal et al. employed ANN to
identify membrane fouling to minimize the risk of its occurrence [19]. The parameters
of this model were updated based on the genetic algorithm, which was able to adapt
to different operating conditions. Data-driven diagnosis models have the capability to
sharpen the nonlinear relationship between input variables and output variables so that
causal variables of membrane fouling can be distinguished. However, the existing models
lack interpretability and struggle to determine interactions among different variables. Then,
abundant variables with overlap and collinearity increase the complexity and confusion
of diagnosis.

To achieve a diagnosis process with interpretability, Chen et al. simplified the causality
diagram through Granger causality and maximum spanning trees to diagnose the root
causal variables of process abnormalities [20]. However, Granger causality analysis is
only applicable to the causality analysis of linear processes, which cannot explain the
nonlinearity in membrane fouling. To conquer this challenge, Waghen et al. proposed
a multi-level interpretable logic tree to clarify the nonlinear relationship between root
causes, intermediate causes, and faults [21]. In addition, several intelligent tools are also
introduced to explain the nonlinear process of membrane fouling. For example, Duan et al.
developed an accident-relevance tree based on the analysis of the formation mechanism
of quality accidents [22]. The method located the root causes of quality accidents utilizing
the fuzzy mechanism and the vague nature of datasets. Velasquez et al. combined the
decision tree learner and ANN to diagnose power transformer faults of membrane foul-
ing, which reduced the calculation cost and improved the accuracy of fault classification
simultaneously [23]. Other similar nonlinear methods can be observed in [24,25]. However,
the methods mentioned in [21-25] only focus on the causality between local variables
by constructing a tree causality diagram, rather than the interaction between all relevant
variables. To provide the causal variables of faults comprehensively, Amin et al. synthe-
sized principal component analysis (PCA) and Bayesian network to capture the nonlinear
dependence of high-dimensional process data [26]. Then, the root causal variables of faults
were diagnosed with the discretization of continuous data. In [27], a Bayesian network was
developed to describe the relationship between alarm variables and root causal variables
in thermal power plants. The parameters of the network were updated in a recursive way,
which promoted the accurate detection of the root causal variables. Furthermore, Han et al.
proposed a recursive kernel PCA and Bayesian network to diagnose sludge bulking in the
wastewater treatment process [28]. This method effectively captured the nonlinear and
time-varying characteristics of sludge bulking to diagnose the root causal variables with
high accuracy. However, once the diagnosis models in [26-28] were constructed with given
datasets, they always held the invariant information transfer path due to their complexity.
When the operating conditions of MBR are changed frequently or drastically, it may be
difficult to maintain acceptable accuracy for those models. Additionally, the relationship
between those variables of membrane fouling exhibits both time-varying and nonlinear
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characteristics primarily because membrane fouling is a dynamic and complex process that
is influenced by multiple, interacting factors. These characteristics can make it challenging
to diagnose membrane fouling effectively.

Based on the above analysis, this paper proposes a compressible diagnosis model
(CDM) based on transfer entropy. This model is used to depict the fault transfer topology
(FTT) of membrane fouling and further explore the root cause following the operating
conditions. The novelties of this work are as follows.

(1) Based on the mechanism analysis associated with membrane fouling, the relationship
between causal variables and membrane fouling is clarified with the feature extraction
algorithm. Then, the related variables of membrane fouling are obtained under
different operating conditions. Different from the data-driven diagnosis models
in [15-19] with given causal variables, the feature extraction algorithm will enable the
proposed CDM to transform raw data into informative representations that can be
utilized for diagnosis.

(2) Instead of using a mapping relationship with simple input—output representation
such as decision trees [21,22] and the Bayesian network [24,25], a topology based
on transfer entropy is constructed. This approach not only provides a qualitative
evaluation of the causal relationships between variables by observing the dynamic
transfer path, but it also offers a quantitative description of those variables. It helps
uncover the path of fault occurrence and further obtain the fault cause priority that
may change over time as the operating conditions change.

(8) The information compressible strategy (ICS) is designed to delete redundant or repeti-
tious affiliation relationships between the causal variables. With this strategy, the sim-
plified FTT is obtained with low complexity during the update of fault transfer topol-
ogy, which can maintain the diagnosis of membrane fouling speedily and accurately.

The rest of this paper is organized as follows. Section 2 introduces the background
of membrane fouling. Section 3 introduces a methodology for the diagnosis of membrane
fouling in detail. Then, the results and discussion of diagnosing membrane fouling are
introduced in Section 4. Finally, Section 5 concludes this paper.

2. Background of Membrane Fouling
2.1. Membrane Fouling

Membrane fouling refers to the increase in water resistance and the decrease in per-
meation flux caused by the deposition of pollutants on the membrane surface or in its
pores. The mechanisms of membrane fouling mainly include (1) plugging of membrane
pores by colloid and SMP, fouling adhesion, and gel layer formation; (2) formation and
consolidation of a cake layer; (3) variation in pollutants due to long-term functioning of the
reactor; and (4) osmotic pressure effect. The membrane fouling has different characteristics,
which can be divided into three types: (1) removable fouling, which usually generates
in the filter cake layer and can be removed by physical means; (2) irremovable fouling,
which usually requires chemical cleaning to remove the pore blockage; and (3) irreversible
fouling, which cannot be removed by any cleaning operation. In addition, there are various
methods for studying membrane fouling, with the Hermia model being the most widely
used. This semiempirical parametric model assigns physical significance to its parameters,
which is effectively described by this model. The generalized Hermia model is a form of
a nonlinear differential equation. It displays the dynamic of membrane fouling and its
complex relationships between factors of membrane fouling. According to these character-
istics, it is difficult to design a diagnosis method to diagnose the root cause of membrane
fouling accurately.

2.2. Membrane Fouling Diagnosis System

The membrane fouling diagnosis system used for locating root causal variables in
the actual MBR wastewater treatment process online is shown in Figure 1. The system
consists of four modules: a data acquisition module, feature extraction module, online
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Membrane fouling detection based on Autoencoder

prediction module, and online diagnosis module. The data acquisition module retrieves
the value of process variables from sensors and transfers the acquired variables to the
database via a programmable logic controller. The feature extraction module is designed to
filter the collected process data. In this module, multiple related variables are selected as
the preselected variables. Then, the partial least squares (PLS) method is used to obtain
the feature variables. The online prediction module predicts the indicators to identify
membrane states. Finally, the online diagnosis module constructs an FTT to locate root
causal variables. It is crucial to take corresponding measures to control membrane fouling.

Compressible diagnosis of membrane fouling
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Figure 1. Membrane fouling diagnosis system.

3. Methodology

In this section, the CDM based on transfer entropy is proposed to diagnose membrane
fouling. First, this method extracts relevant features, which preliminarily simplifies the
complexity of the system and focuses on key factors influencing membrane fouling. Sec-
ond, the transfer entropy qualitative is calculated to quantify the causal transfer between
different variables, and dynamically analyze the transfer path to form FFT. Finally, the
root causal variable is found through the topology. With the design of the information
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compressible strategy, the causal relationship is further simplified between variables by
deleting redundant or repetitive dependencies between causal variables.

3.1. Feature Variable Selection

In this part, the advantages of the linear regression algorithm and the typical PLS

are integrated. Hence, the characteristic variables that have a great impact on membrane
fouling detection can be selected. To be specific, the PLS algorithm is adopted in this study
and the steps are as follows:

@ The data of the independent variable is given as P = [p1, p2, - - ., pj], pj= (plj, P2js -

pij)T, i=1,2,...,mj=1,2,...,n, and the dependent variable Q = [71, §2,- . ., g:]". The
standard treatment is as follows:
;PP
{ Pip= 5, (1)

I q9i—q
1= —

where the standardized P and Q are recorded as Ejy and F. pgj and g/ represent
the elements in Eg and Fy, respectively. p; and s; represent the average value and
standard deviation of the elements in column j of P, respectively. § and s represent the
average value and standard deviation of all elements in Q, respectively. P; and g can
be expressed by

” ” (2)
7= L o= 1oL (-7
q mz-; qirs 151 qi—q
The principal component of the variable is found via the following formula:
2

ay = E;_1Fo/ || E}_;Fol|

vy = Ep_qay ,

b, = E; v/ ||vy| : (3)

2
1, = E,_vi/ || v|
E, =E,_1 —vby

where /1 is the number of extracted principal components. Ej is the standardized
independent variable matrix when & components are extracted. Fj, is the standardized
dependent variable matrix when & components are extracted. vj, is the component
extracted from E;_;. aj, b, and 1y, represent the intermediate vectors.
The cross-validity Qﬁ is used to determine the number of final extracted components
with

Q?=1-L(h)/LL(h—1), (4)

where L(h) and LL(h) can be expressed by
_ = / Al 2 _ a / A~ 2
L(h) =Y (94— @h—a)) " LL(h) = Y (45 — Gha))” ®)
d=1 d=1

where g/, is the dth (0 <d < h + 1) element in Fy, and §’ represents the fitting quantity.
Sample point d is deleted when modeling with the linear regression model, and h
components are taken for regression modeling to obtain the coefficients a;. Then, the
fitting value of the dth sample point is calculated and recorded as 4;1(7 q) Additionally,

all sample points are used, and h components are taken for regression modeling to
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obtain coefficients g;. Finally, the fitting value of the dth sample point is calculated
and recorded as 4, (@)

In the process of extracting components, when Qi 41 <0.0975 and the model accuracy
reaches the expected requirements, the process of extracting components stops. The number
of extracted principal components is . And the feature variables are represented as X =
[x1, %2, -, Xm].

3.2. Membrane Fouling Detection Model

Autoencoder (AE) is a multi-layer neural network of unsupervised learning in the
deep learning technique, which includes an encoder and a decoder (as shown in Figure 2).
The encoder compresses the input data X = [x1, xp, ..., x;;] to obtain the outputs of the
hidden layer H = [h1, hy,. . ., hs]. And the decoder takes the outputs of the hidden layer as
the input and obtains the output X = [%1, X2, ..., Xiu]. H can be expressed as

H = f(WxX), (6)

where f(x) = 1/(1 + e™) is the activation function. Wy represents the weight between the
input layer and the hidden layer, and s < m. The output value X can be expressed as

X = f(WyH), )

where Wy, is the weight between the hidden layer and the output layer.

X Encoder Decoder X,
X, ;h . X,
X3 h, X,
X, h X,
% ©
Input layer Hidden layer Output layer

Figure 2. Autoencoder structure.

The back-propagation algorithm is used to adjust the parameters of AE in the training
process. For the input variable X = [x1, x3,.. ., X;], the objective function is defined as

m
J=5=Y lxi— 2> ®)
2m =

To judge the existence of membrane fouling, the collected data samples for the au-
toencoder are tested after training. Assuming that the AE captures the discipline of the
input-output accurately, the maximum root mean square error is considered as the thresh-
old that judges the incidents of membrane fouling. When the reconstruction error is greater
than the threshold of the maximum root mean square error, it means membrane fouling
exists in the wastewater treatment process.
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3.3. Construction of Fault Transfer Topology

Since transfer entropy can represent the direction of information transfer between
variables, it can represent the relationship between fault variables. The transfer entropy is
given as follows:

(k) D
0 p(xl»+1|xl. i)
TXiX V) = ¥ plainaly)logy "2
Xi+1,%0Yj p(xiz1 |xi )

©)

where p(- | -) is the conditional probability. x; and y; represent the measured values of X
and Y at time i and time j, respectively. X;, 1 represents the measured value of X at the next
time. k and / are the implantation dimensions of X and Y, respectively. The transfer entropy
represents the influence of the existence of y; on the state of x;,1.

By calculating the transfer entropy between preselected variables, the information
transfer relationship between all variables can be obtained. The transfer entropy of Y to X is
different from X to Y, which shows that there are differences in the amount of information
transferred in two directions. It reflects the difference in the degree of interaction between
variables. The direction of causality between variables can be determined by the difference
between two transfer entropies:

Ty x = T(Xit1|X, Y) — T(Yinr]Y, X). (10)

If Ty_,x is positive, it means that Y has a greater impact on the information entropy of X
than the impact X has on the information entropy of Y. At this time, Y is the causal variable of
X. On the contrary, if Ty_,x is negative, it means that X is the causal variable of Y.

The transfer entropy between all selected variables is calculated to determine the
causality, which can build an adjacency matrix A€R**K. Then, the position in the adjacency
matrix A is determined according to the direction of causality between variables. If Ty_,x
is positive, it means Y is the causal variable of X. The value of Ty_, x is placed in row Y and
column X of A:

0 0 oo T
A=|T,; - 0 0o |, (11)
0 coe Typ ... 0

where the diagonal value of A is 0. T,_,; means that the ath variable is the causal variable
of the first variable. In turn, the value of T;_,, is 0.

Thus, the adjacency matrix between variables can be obtained, and the related variables
can be connected by lines according to the values in the matrix to obtain the fault transfer
topology. After determining the causal relationship between all variables, FTT can be
obtained as shown in Figure 3.

3.4. Simplification of Fault Propagation Topology

FTT expresses the complex relationship between the variables, which will affect the
search for the root causal variables of membrane fouling. Therefore, it is necessary to
simplify this topology to identify the main impact relationships.

When X and Y are disrupted, a new sequence is constructed as follows:

{ X = [Xi/ Xi+l/'-'/ Xi+M71] (12)
Y* = [Y]l Yj+l/"'/ Y]+M71] ’

where M is the number of samples of the new sequence, and N is the total number of
samples of the original sequence. The value range of i and j is [1, N—M+1].
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Figure 3. Fault transfer topology.

The new sequence is a subset of the original sequence. The statistical characteristics
in the stationary sequence are the same as those in the original sequence. To ensure no
correlation between the two sequences, i and j need to meet | |i—jl | > e, where e is
a sufficiently large integer. Then, the new sequence formula has two variables with a
large time interval. It can be considered that the correlation between the two variables
is eliminated by a large time interval. Thus, two variable sequences without causality
are obtained. The transfer entropy tes of the multiple sets of such new sequences are
calculated and stored in NET with NET = [te;, tey,. . ., tes]. Then, the significance threshold
is calculated by

Sy—x = UNET + 30NET, (13)

where uner is the mean value of NET and ot is the standard deviation of NET. The
greater difference in transfer entropy than the threshold value represents that there is a
causal relationship between variables.

To further simplify the fault transfer topology, an ICS based on a BIC score function
is proposed. The designed ICS mainly includes two parts. First, the fitting degree is
considered. Then, the complexity of the structure is reduced to avoid the decline in
diagnosis accuracy caused by complex models and many other parameters.

For the dataset D = {D1, D, D3,. .., Dy}, m represents the size of the sample dataset.
The logarithmic likelihood function of the parameter 6 can be expressed as follows:

1(0|D) = Y )" log P(Dy|6) = Y, ?;1 Yo, mijlog B, (14)

where 6 :{Gi]-k li=1,2,..,n,j=1,2,..,q9,k=1,2,..., 1} 9ijk represents the probability
that the value of node X; is k when the parent node value of node X; is j. g; represents the
total number of parent node set values of node X;, and g; = 1 when node X; has no parent
node. r; represents the number of possible value types of node X;, and m;j represents the
number of samples that meet X; = k and the parent node is j in D.

The ICS based on the BIC score function can be expressed as

BIC(G|D) = 1(8|D) — Y, @ log m, (15)
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where BIC(G | D) represents the score for structure G. Through ICS, the indirect connection
of variables is scored to determine whether to delete. The presentation of the indirect
connection is shown in Figure 4. Then, the simplified FTT is obtained after using ICS.

Graph Graph
Structure Structure

Yo — — — —————— > Xy Xgp— — = ———— e — e — e — > Xy
Figure 4. Indirect connection.

The information relevance strategy is proposed to find the root causal variables. The
main idea of information relevance is to select a node as the starting node arbitrarily and
calculate the sum of the transfer entropy of the remaining paths. When the sum of transfer
entropy has the maximum value, the variable represented by this node is the root causal
variable. The sum of transfer entropy can be expressed as

K=Y To(Xit|X,Y), (16)
where K; represents the sum of the transfer entropy of all paths when the ith node is the
starting node. N is the number of paths of the current structure, and T, represents the
transfer entropy corresponding to the vth path. Therefore, the corresponding node variable
is selected as the root causal variable when K; takes the maximum value. The specific
steps of membrane fouling diagnosis are shown in Table 1. Additionally, the change in
operating conditions will lead to changes in the input distribution of the CDM. This means
that the potential relationship between process variables will change, the insignificant
variables that previously led to membrane fouling may become the root cause and effect
variables of the fault. The proposed CDM has two mechanisms to perceive this kind of
scenario: (1) The least squares method in the process of feature extraction will produce
new principal components, which may lead to changes in the composition and number of
filtered variables. (2) After recalculating the transfer entropy of the fault variable, FFT will
obtain a completely different causal relationship. When these scenarios happen, the steps
of membrane fouling diagnosis will be refreshed.

Table 1. Specific steps of membrane fouling diagnosis.

%Characteristic variable selection

1 Standardize the data to obtain Ej and F; % Equations (1) and (2)
2 Obtain the principal component of the variable % Equation (3)
3 Determine the number of final extracted components % Equations (4) and (5)

Obtain K variables that have a great influence on membrane fouling
%Membrane fouling detection model
1 Acquire normal data and train an autoencoder
2 Obtain the threshold of reconstruction error Jy of normal samples
3 Use the autoencoder to detect the data collected in real time, and the reconstruction error | is obtained
41f | > ]y, the membrane fouling exists
% Calculate the transfer entropy between variables
Obtain the influence relationship between variables Ty _,x % Equations (9) and (10)
% Generate adjacency matrix Agy
forj=1:kdo
fori=j+1:kdo
if T]*}l >0
Aji=Tji
else
Aj=Tji
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Table 1. Cont.

end for
end for

FTT is obtained because the relationship between variables is connected by lines according to the adjacency matrix Agy.
% Simplify fault transfer topology

Set threshold

1 Select two data segments with a long time distance from historical data of the two variables

2 Calculate of entropy transfer te; between the above two data segments % Equation (10)
3 Repeat steps 1 and 2, calculate multiple sets of such transfer entropy NET = [tey, tey,. . ., tes]

4 Calculate the average value and standard deviation of NET to obtain the threshold % Equation (13)

Information compressible strategy
1 Filter all direct and indirect transfer relationships between variables
2 Calculate the score of the structure for each transfer relationship % Equations (14) and (15)
3 Choose the transfer relationship corresponding to the highest score
The root causal variables are determined according to the simplified fault transfer topology

4. Results and Discussion

The effectiveness of the CDM is verified in an actual WWTP. The performance of this
method is evaluated by diagnosis accuracy (DA). All the simulation experiments were
programmed with MATLAB version 2018 and run on a PC with one clock speed of 3.0 GHz
and 8 GB of RAM in a Microsoft Windows 10 environment. All data were acquired in
real WWTPs from 1 January 2016 to 27 February 2016. In total, 2000 groups of data were
selected as samples.

4.1. The Feature Variables

In this experiment, 5000 normal data samples, collected in the actual WWTP, are used
to select the feature variables. By combining the insights gained from the existing data with
expert knowledge, chemical oxygen demand (COD), influent NH3-N, influent flow volume,
NOs-N in the anoxic zone, influent total phosphorus (TP), oxidation-reduction potential
(ORP) in the anaerobic zone, mixed dissolved oxygen (DO) in the aerobic zone, sludge
concentration in the aerobic zone, effluent flow volume, liquor suspended solid of the
aerobic zone, aeration, effluent turbidity, water temperature, pH, F/M of aerobic zone, and
transmembrane pressure (TMP) are selected as preselected fault variables in this experiment
and denoted with numbers 1 to 16. They can be used to capture the essential aspects of
the fouling process, which ensures that the diagnosis of membrane fouling is based on
a solid foundation of both empirical evidence and theoretical understanding, leading to
more accurate and effective strategies for its prevention. The regression coefficient in the
obtained regression equation was expressed as the correlation between independent and
dependent variables. The coefficients corresponding to all independent variables are shown
in Figure 5.

By sorting the coefficients, 12 variables with large regression coefficients are selected
as the inputs of the membrane fouling detection model and membrane fouling diagnosis
model, which are COD, influent NH3-N, influent TP, ORP in the anaerobic zone, DO in
the aerobic zone, sludge concentration in the aerobic zone, effluent flow, aeration, effluent
turbidity, water temperature, pH, and TMP.
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Figure 5. Characteristic variable selection.

4.2. Results of Membrane Fouling Detection Model

In this part, 2000 samples of selected variables are used in the training dataset, and
800 samples of selected variables are used in the test dataset. The number of nodes in the
input layer and output layer of the autoencoder is 12, and the number of nodes in the
hidden layer is 5. Assuming that the CDM has captured the discipline of the input-output
accurately with given samples, the maximum root mean square error can be regarded as
the threshold that judges the incidents of membrane fouling. The experimental results are
shown in Figures 6 and 7. In Figure 6, the trained RMSE is present with an interval of [0,
0.35]. It displays that the trained results of the CDM are promising. The maximum RMSE
of the normal training samples in Figure 6 is used as the threshold, which is shown as the
red line in Figure 7. It can be found from Figure 7 that the data samples from 0 to 650 are
under normal conditions, while membrane fouling happens in the data samples from 650
to 800. Therefore, it can prove the effectiveness of this method.
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4.3. Results of Membrane Fouling Diagnosis Model

According to the results of feature variable selection, COD, influent NH3-N, influent
TP, ORP in the anaerobic zone, DO in the aerobic zone, sludge concentration in the aerobic
zone, effluent flow, aeration, effluent turbidity, water temperature, pH, and TMP are
determined as the related variables for the diagnosis of membrane fouling and replaced by
numbers 1 to 12, respectively. Once a membrane fouling incident occurs, we can trace the
causal variables from them. They are used as the inputs of the CDM. In total, 2000 groups of
data are selected as samples to construct the initial FTT as shown in Figure 8. The adjacency
matrix between variables is shown in A;. It can be found from Figure 8 that the FTT has
high complexity, so it is necessary to extract stronger causality. The FIT can be simplified
by setting a threshold value. The adjacency matrix between variables is shown in A,. As
shown in Figure 9, the simplified FIT is obtained, which can represent the relationship
between fault variables.

As shown in Figure 10, the information compressible strategy is used to further
simplify the fault transfer topology. The adjacency matrix between the variables is shown
in Ajz. In this experiment, the root causal variables of membrane fouling are diagnosed
according to the simplified fault transfer topology, and the effectiveness of the CDM is
compared with other diagnosis methods.
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Figure 10. Fault transfer topology based on information compressible strategy.

To evaluate the diagnostic efficiency of the fault transfer topology (FTT) with an
information compressible strategy (ICS) and a threshold, the results were compared with
some other methods: FTT with threshold, initial FIT, Bayesian network (BN), ANN, and
fuzzy logic (FL). The comparison results of FTT with ICS and a threshold to other methods
are related to diagnosis time, number of connections, and accuracy. In Table 2, it can be seen
that the proposed FIT with ICS and a threshold achieves the lowest number of connections
compared to FTT without ICS or a threshold. It means that the designed ICS and threshold
can simplify the failover topology which also contributes to speeding the diagnosis of
membrane fouling. In addition, the accuracy of FTT with ICS and a threshold is also best
compared to other methods, which indicates that the proposed FFT in the CDM is in favor

of exploring the root causal variables of membrane fouling.
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Table 2. Performance of different methods.

Methods Time (s) Number of Connections Accuracy (%)
FTT with ICS and threshold 8.3 18 93.4%
FTT with threshold 9.5 23 91.0%
Initial FTT 14.9 66 86.7%
BN 12.1 - 85.1%
ANN 13.3 - 82.3%
FL 19.8 - 82.1%

4.4. Discussion of Results

Based on the above experimental results and analysis, the performance of the CDM
is significantly superior to other existing methods. The main merits of the CDM are
summarized as follows.

(1) Good detection. It is essential for the CDM to identify incidents of membrane fouling
with specific causal variables. The proposed autoencoder can summarize thresholds
by RMSE for any membrane fouling, assuming it covers the entire normal conditions
of the MBR. These thresholds can serve as a reference for operators to monitor the
occurrence of membrane fouling without the need for a physical or mathematical
model. The results in Figures 6 and 7 also illustrate the efficacy of this method.

(2) Intuitive diagnosis. By constructing a fault transfer topology with the CDM in Figure 8,
the dynamic observation of causal relationships between variables facilitates the de-
termination of causal factors leading to membrane fouling. Additionally, to eliminate
repetitive affiliation relationships, the fault transfer topology is simplified using
an information compressible strategy, as shown in Figures 9 and 10. Table 2 also
demonstrates that the proposed CDM significantly enhances the speed and accuracy
of diagnosis.

5. Conclusions

Membrane fouling is a bottleneck problem to the wide application of MBR. A CDM is
proposed, which can diagnose the root causal variables of membrane fouling and improve
the diagnosis accuracy. Primarily, the causal relationship between variables is judged based
on the transfer entropy to obtain the initial fault transfer topology. Then, the typical causal
relationship of variables is extracted based on the significance threshold to obtain the sim-
plified fault transfer topology. For each feasible structure, the fitting degree between data
structures and the complexity of the structure are comprehensively considered through the
information compressible strategy. The fault transfer topology can be simplified to improve
the diagnosis accuracy. The experimental results show that the proposed model not only
simplifies the diagnosis process but also improves the robustness and interpretability of the
results. This work represents an important step forward in the field of membrane fouling
diagnosis and has the potential to significantly impact decision-making in wastewater
treatment and filtration applications. However, the proposed method may not generalize
well to different types of membrane fouling or systems with significantly different char-
acteristics. The transfer entropy and information compressible strategies may need to be
adapted or re-tuned for specific applications. Future research will focus on investigating its
generalizability to different MBR systems and other membrane-based processes.

Author Contributions: All authors contributed to the study conception and design. Material prepara-
tion, data collection and analysis were performed by X.W., D.H., H.Y. and H.H. The first draft of the
manuscript was written by X.W. and all authors commented on previous versions of the manuscript.
All authors have read and agreed to the published version of the manuscript.



Appl. Sci. 2024, 14, 8176 16 of 17

Funding: This work was supported by the National Natural Science Foundation of China under
Grants 61890930-5 and 61622301, the National Key Research and Development Project under Grants
2018YFC1900800-5, and the Beijing Natural Science Foundation under Grant 4172005.

Institutional Review Board Statement: Not applicable.
Informed Consent Statement: Not applicable.

Data Availability Statement: The datasets generated during and/or analyzed during the current
study are not publicly available due to corporate privacy but are available from the corresponding
author on reasonable request.

Conflicts of Interest: The authors declare no conflict of interest.

References

1.

10.

11.

12.

13.

14.

15.
16.

17.

18.

19.

20.

21.

Lu, X;; Wang, J.; Han, Y.; Zhou, Y.; Song, Y.; Dong, K.; Zhen, G. Unrevealing the role of in-situ Fe(II)/ $,042~ oxidation in
sludge solid-liquid separation and membrane fouling behaviors of membrane bioreactor (MBR). Chem. Eng. ]. 2022, 434, 134666.
[CrossRef]

Tanis-Kanbur, M.B.; Tamilselvam, N.R.; Chew, ].W. Membrane fouling mechanisms by BSA in aqueous-organic solvent mixtures.
J. Ind. Eng. Chem. 2022, 108, 389-399. [CrossRef]

Cui, Z.; Wang, X.; Ngo, H.; Zhu, G. In-situ monitoring of membrane fouling migration and compression mechanism with
improved ultraviolet technique in membrane bioreactors. Bioresour. Technol. 2022, 347, 126684. [CrossRef] [PubMed]

Heo, S.; Nam, K.; Woo, T.; Yoo, C. Digitally-transformed early-warning protocol for membrane cleaning based on a fouling-
cumulative sum chart: Application to a full-scale MBR plant. ]. Membr. Sci. 2022, 643, 120080. [CrossRef]

Ruigomez, I.; Gonzalez, E.; Rodriguez-Gémez, L.; Vera, L. Fouling control strategies for direct membrane ultrafiltration: Physical
cleanings assisted by membrane rotational movement. Chem. Eng. J. 2022, 436, 135161. [CrossRef]

Sutrisna, P.D.; Kurnia, K.A.; Siagian, U.W.R,; Ismadji, S.; Wenten, I.G. Membrane fouling and fouling mitigation in oil-water
separation: A review. |. Environ. Chem. Eng. 2022, 10, 107532. [CrossRef]

Yao, J.; Wu, Z,; Liu, Y.; Zheng, X.; Zhang, H.; Dong, R.; Qiao, W. Predicting membrane fouling in a high solid AnMBR treating
OFMSW leachate through a genetic algorithm and the optimization of a BP neural network model. J. Environ. Manag. 2022, 307,
114585. [CrossRef]

Wu, X.H.; Gao, Y.T. Generalized Darboux transformation and solitons for the Ablowitz-Ladik equation in an electrical lattice.
Appl. Math. Lett. 2023, 137, 108476. [CrossRef]

Suo, Y.; Chen, S.; Ren, Y. Research on the influence of polyaluminum chloride and benzotriazole on membrane fouling and
membrane desalination performance. J. Environ. Chem. Eng. 2021, 9, 106676. [CrossRef]

Li, S.; Chen, P; Maddela, N.R.; Yang, X.; Chen, S.; Feng, ].; Zhang, S.; Zhang, L. Effects of filtration modes on fouling characteristic
and microbial community of bio-cake in a membrane bioreactor. J. Environ. Chem. Eng. 2022, 10, 107465. [CrossRef]

Zhang, C.; Bao, Q.; Wu, H.; Shao, M.; Wang, X.; Xu, Q. Impact of polysaccharide and protein interactions on membrane fouling:
Particle deposition and layer formation. Chemosphere 2022, 296, 134056. [CrossRef] [PubMed]

Lewis, W.J.T.; Mattsson, T.; Chew, Y.M.].; Bird, M.R. Investigation of cake fouling and pore blocking phenomena using fluid
dynamic gauging and critical flux models. ]. Membr. Sci. 2017, 533, 38—47. [CrossRef]

Vrouwenvelder, J.S.; Manolarakis, S.A.; van der Hoek, J.P; van Paassen, ].A.M.; van der Meer, W.G.].; van Agtmaal, JM.C,;
Prummel, H.D.M.; Kruithof, ].C.; van Loosdrecht, M.C.M. Quantitative biofouling diagnosis in full scale nanofiltration and
reverse osmosis installations. Water Res. 2008, 42, 4856—4868. [CrossRef] [PubMed]

Wang, Y.; Sanly; Brannock, M.; Leslie, G. Diagnosis of membrane bioreactor performance through residence time distribution
measurements-a preliminary study. Desalination 2009, 236, 120-126. [CrossRef]

Azizighannad, S. Raman imaging of membrane fouling. Sep. Purif. Technol. 2020, 242, 116763. [CrossRef]

Nam, K.; Heo, S.; Rhee, G.; Kim, M.; Yoo, C. Dual-objective optimization for energy-saving and fouling mitigation in MBR plants
using Al-based influent prediction and an integrated biological-physical model. J. Membr. Sci. 2021, 626, 119208. [CrossRef]
Liu, J.; Kang, X.; Luan, X.; Gao, L.; Tian, H.; Liu, X. Performance and membrane fouling behaviors analysis with SVR-LibSVM
model in a submerged anaerobic membrane bioreactor treating low-strength domestic sewage. Environ. Technol. Innov. 2020, 19,
100844. [CrossRef]

Han, H.G.; Zhang, H].; Liu, Z.; Qiao, ].F. Data-driven decision-making for wastewater treatment process. Control Eng. Pract. 2020,
96, 104305. [CrossRef]

Mittal, S.; Gupta, A,; Srivastava, S.; Jain, M. Artificial neural network based modeling of the vacuum membrane distillation
process: Effects of operating parameters on membrane fouling. Chem. Eng. Process.-Process Intensif. 2021, 164, 108403. [CrossRef]
Chen, H.-S; Yan, Z.; Zhang, X.; Liu, Y.; Yao, Y. Root cause diagnosis of process faults using conditional granger causality analysis
and maximum spanning tree. IFAC-PapersOnLine 2018, 51, 381-386. [CrossRef]

Waghen, K.; Ouali, M.-S. Multi-level interpretable logic tree analysis: A data-driven approach for hierarchical causality analysis.
Expert Syst. Appl. 2021, 178, 115035. [CrossRef]


https://doi.org/10.1016/j.cej.2022.134666
https://doi.org/10.1016/j.jiec.2022.01.017
https://doi.org/10.1016/j.biortech.2022.126684
https://www.ncbi.nlm.nih.gov/pubmed/35007735
https://doi.org/10.1016/j.memsci.2021.120080
https://doi.org/10.1016/j.cej.2022.135161
https://doi.org/10.1016/j.jece.2022.107532
https://doi.org/10.1016/j.jenvman.2022.114585
https://doi.org/10.1016/j.aml.2022.108476
https://doi.org/10.1016/j.jece.2021.106676
https://doi.org/10.1016/j.jece.2022.107465
https://doi.org/10.1016/j.chemosphere.2022.134056
https://www.ncbi.nlm.nih.gov/pubmed/35192853
https://doi.org/10.1016/j.memsci.2017.03.020
https://doi.org/10.1016/j.watres.2008.09.002
https://www.ncbi.nlm.nih.gov/pubmed/18929382
https://doi.org/10.1016/j.desal.2007.10.058
https://doi.org/10.1016/j.seppur.2020.116763
https://doi.org/10.1016/j.memsci.2021.119208
https://doi.org/10.1016/j.eti.2020.100844
https://doi.org/10.1016/j.conengprac.2020.104305
https://doi.org/10.1016/j.cep.2021.108403
https://doi.org/10.1016/j.ifacol.2018.09.330
https://doi.org/10.1016/j.eswa.2021.115035

Appl. Sci. 2024, 14, 8176 17 of 17

22.

23.

24.

25.

26.

27.

28.

Shen, Y,; Tian, B.; Zhou, T.Y.; Cheng, C.D. Multi-pole solitons in an inhomogeneous multi-component nonlinear optical medium,
Chaos. Solitons Fractals 2023, 171, 113497. [CrossRef]

Gao, X.T; Tian, B. Water-wave studies on a (2+1)-dimensional generalized variable-coefficient Boiti-Leon-Pempinelli system.
Appl. Math. Lett. 2022, 128, 107858. [CrossRef]

Duan, P; He, Z,; He, Y,; Liu, F.; Zhang, A.; Zhou, D. Root cause analysis approach based on reverse cascading decomposition in
QFD and fuzzy weight ARM for quality accidents. Comput. Ind. Eng. 2020, 147, 106643. [CrossRef]

Arias Velasquez, RM.; Mejia Lara, J.V. Root cause analysis improved with machine learning for failure analysis in power
transformers. Eng. Fail. Anal. 2020, 115, 104684. [CrossRef]

Amin, M.T,; Khan, F.; Ahmed, S.; Imtiaz, S. A data-driven Bayesian network learning method for process fault diagnosis. Process
Saf. Environ. Prot. 2021, 150, 110-122. [CrossRef]

Wang, J.; Yang, Z.; Su, J.; Zhao, Y.; Gao, S.; Pang, X.; Zhou, D. Root-cause analysis of occurring alarms in thermal power plants
based on Bayesian networks. Int. J. Electr. Power Energy Syst. 2018, 103, 67-74. [CrossRef]

Han, H.G.; Dong, L.X.; Qiao, ].F. Data-knowledge-driven diagnosis method for sludge bulking of wastewater treatment process. J.
Process Control 2021, 98, 106-115. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.


https://doi.org/10.1016/j.chaos.2023.113497
https://doi.org/10.1016/j.aml.2021.107858
https://doi.org/10.1016/j.cie.2020.106643
https://doi.org/10.1016/j.engfailanal.2020.104684
https://doi.org/10.1016/j.psep.2021.04.004
https://doi.org/10.1016/j.ijepes.2018.05.029
https://doi.org/10.1016/j.jprocont.2021.01.001

	Introduction 
	Background of Membrane Fouling 
	Membrane Fouling 
	Membrane Fouling Diagnosis System 

	Methodology 
	Feature Variable Selection 
	Membrane Fouling Detection Model 
	Construction of Fault Transfer Topology 
	Simplification of Fault Propagation Topology 

	Results and Discussion 
	The Feature Variables 
	Results of Membrane Fouling Detection Model 
	Results of Membrane Fouling Diagnosis Model 
	Discussion of Results 

	Conclusions 
	References

